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Chapter 1. Introduction

1.1 Biological age 101

Many of us want to grow old, few want to be old. Being old implies having aged, and
the aging process is a phenomenon that most of us do not particularly like: it entails
a gradual functional decline, the onset of age-related chronic diseases and eventually,
death [1]. As each individual is aging, so is the world as a whole: the global popu-
lation is growing old at an unprecedented rate. Current predictions are that by the
year 2100, the number of people aged 65 and up will have exceeded the number of
people aged under 20 by about half a billion [2]. An aging global population implies
an increasing percentage of those suffering from age-related health conditions, which
in turn puts a large burden on healthcare systems.

Given the challenges that come with aging, both on a personal as well as on a
societal level, obtaining a better insight into aging is highly relevant. Developing
models that can accurately and reliably predict how far someone has progressed in
the aging process is an important part of this. From an inference point of view, such
aging status predictors can help to elucidate underlying drivers of aging. From a
prediction point of view, they may contribute to identifying individuals that are most
at risk for developing age-related diseases, to make sure they get adequate and timely
care.

The most popular and straightforward approach to obtain an idea of one’s aging
status is to consider their chronological age, which is simply defined as time alive
since birth, generally given in number of full years. Chronological age, also known
as calendar age, is a major risk factor for functional impairments, chronic diseases
and mortality [3]. However, it is far from a perfect aging status predictor: individuals
of the same chronological age show considerable variation in their health outcomes
[4, 5].

Given the heterogeneity in aging outcomes of people of the same chronological
age, the idea has risen that individuals age at different rates, and that this variability
in aging rate is inadequately captured by chronological age. As a result, it has been
suggested that individuals possess a biological age in addition to their chronological
age. This biological age reflects someone’s true aging status and is hence a better pre-
dictor of aging-related outcomes (such as the onset of age-related diseases and death)
than chronological age. The difference between biological and chronological age, also
known as the ‘age gap’, is often denoted by the symbol A. If biological age exceeds
chronological age, the age gap A is positive, which is indicative of accelerated aging.
Individuals for which this holds are expected to have a lower remaining lifespan and
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Biological age

Chronological age

Figure 1.1: Illustration of biological age. If biological age exceeds chronological age, this is
indicative of accelerated aging. The age gap A will be positive. If biological age is lower than
chronological age, this is indicative of slower aging. The age gap A will be negative.

are at an increased risk of developing age-related diseases. In contrast, if biological
age is lower than chronological age, A is negative and individuals for which this is
the case are considered to be aging more slowly. Figure 1.1 contains a visual repre-
sentation of the relation between chronological age, biological age and the age gap
A.

Biological age is a latent concept: it cannot be directly measured. This compli-
cates the construction and evaluation of predictors of biological age. Without a clear
definition of what biological age is, different biological age predictors might capture
different aspects. This makes it difficult to compare predictors and decide which ones
are performing best. The concept of biological age should therefore be operational-
ized a priori. In addition, the statistical methods that are subsequently used should
be carefully chosen and their underlying assumptions well understood, to ensure that
they are in line with how the concept of biological age is regarded within the field of
aging. If currently existing statistical methods do not suffice, new ones have to be
developed.

These methodological challenges illustrate that statisticians have an important
role to play within the field of biological age prediction, making this topic inherently
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Chapter 1. Introduction

multi- and interdisciplinary. The accuracy, interpretability and reliability of biolog-
ical age predictors strongly hinges on the underlying statistical methods. This the-
sis therefore approaches aging from a statistical perspective. It starts by discussing
the assumptions behind commonly used biological age prediction approaches and
pointing out their flaws. In addition, it introduces two new prediction approaches:
a framework for biological age prediction based on a proper operationalization of

biological age and a statistical model for predicting age-related multi-morbidity.

1.2 A brief history

The limitations of chronological age as a measure for one’s underlying overall aging
status have long been acknowledged. One of the first to discuss aging beyond just the
passage of time, introducing the idea of biological age, was Harry Benjamin [6]. To
obtain a better measure of true aging status, he proposed a so-called “health inven-
tory for biologic age estimation”. This inventory had to be completed by a physician,
through the examination of various health factors of an individual. A certain devi-
ation from chronological age had to be manually assigned by the physician, based
on the perceived health status. As Benjamin himself admitted, “The importance of
the various factors is by necessity rather arbitrarily appraised”. Nevertheless, his
view on the concept of biological age was in many ways close to how the subject is
approached today: “It is the true age determined by heredity, state of health, and
functioning capacity. It can be higher one year and lower the next, if health has im-
proved”.

The next step in biological age prediction was taken almost two decades after Ben-
jamin. Hollingsworth et al. [7] presented a predictor of biological age based on nine
different physiological functions that change with chronological age (such as skin
elasticity or blood pressure). Data on approximately 450 Japanese Hiroshima sur-
vivors was used, as their aim was to check for evidence of accelerated aging among
these survivors. A standard linear regression model was fitted for each of the nine
predictor variables, using chronological age as the outcome of interest, after which
the nine model predictions were combined into one overarching biological age pre-
diction. This was one of the first attempts of using a statistical model to predict bi-
ological age and detecting aging gap differences between individuals of the same
chronological age.

This line of thought was continued by Alex Comfort, who is often considered to
be one of the founding fathers of the field of biological age, laying the methodologi-
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cal and scientific groundwork for the many predictors that were to follow [8]. In his
seminal paper on measuring the aging rate in men, he proposed a test battery (i.e. a
set of tests to obtain an assessment of a particular phenomenon) consisting of a wide
variety of potential predictors of biological age [9]. He also provided a detailed de-
scription of the test procedure. Comfort was one of the first to refer to biological age
predictors as ‘age clocks’, which has proven to be a strong and persistent metaphor:
the terms ‘(biological) age predictors’ and ‘aging clocks” have since then been used
practically interchangeably.

In the decades thereafter, more attempts were made to establish a set of variables
that could together predict biological age [10, 11, 12]. Such variables were called
‘(bio)markers of aging’. Biological age was calculated based on these (candidate)
markers of aging, by measuring the markers in an individual and comparing them
to age norms. These age norms were determined by conducting a multiple linear
regression with chronological age as the outcome, using the candidate markers as
predictors. Biological age was then defined as predicted chronological age.

In the 215t century, thanks to the advent of high throughput bio-molecular tech-
nologies, attention started to shift from low-dimensional clinical variables to high-
dimensional omics-based variables as potential biomarkers of aging. DNA methyla-
tion, which refers to the addition or removal of methyl groups to the DNA, thereby
causing changes that affect the way genes work, proved to be a particularly promis-
ing predictor of chronological age. Two famous DNA methylation-based age predic-
tors are the clocks by Hannum et al. [13] and Horvath [14]. The statistical methodol-
ogy used to build these clocks remained unchanged: chronological age was taken as
the outcome of interest, after which a (in this case penalized) multiple linear regres-
sion model was fitted using the DNA methylation data as the predictor variables.
The difference between predicted chronological age and true chronological age was
taken to be indicative of one’s biological age.

The publication of Hannum'’s and Horvath’s epigenetic clocks marked the begin-
ning of a new era in biological age prediction. Many more biological age predictors
were built, using different types of omics predictor variables, such as metabolomics
[15], proteomics [16], transcriptomics [17], glycomics [18] and microbiomics [19].
These clocks were all constructed using the same statistical approach of regressing
chronological age on the candidate markers of interest.

Validation of biological age clocks is not straightforward, as biological age can-
not be directly observed. Therefore, the common approach within the biological age

field is to evaluate whether the difference between predicted chronological age (=
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predicted biological age) and true chronological age, denoted by A, is associated with
time-to-mortality and other age-related outcomes. The premise is that those with a
positive predicted age gap A (i.e. where predicted biological age exceeds true chrono-
logical age) have aged more than what might be expected based on their chronologi-
cal age alone.

In the last five years, the most important development have not only been biological—
the popularity of omics-based predictors is still steadily growing—but methodologi-
cal as well. Instead of fitting regression models with chronological age as the outcome
(‘age-trained’), new models have been proposed that use time-to-mortality as the
outcome (‘mortality-trained’). This requires longitudinal data in which subjects are
followed over time, whereas cross-sectional data sufficed for the age-trained clocks.
Biological age predictors based on time-to-mortality are known as ‘second genera-
tion” predictors [20]. The most well-known second generation predictors are Grim-
Age [21, 22] and PhenoAge [23]. Both these mortality-trained predictors use DNA
methylation data as predictor variables in the model. They were found to outper-
form the first generation age-trained clocks: their associated A is more strongly and
persistently associated with various health conditions, physical and cognitive perfor-
mance, age-related clinical phenotypes and frailty measures [24, 25, 20, 26].

The third generation of biological age clocks does not yet exist, but has been spec-
ulated to involve repeated measures of candidate markers of interest [20]. This means
that changes in these markers can also be incorporated in the model, instead of only
considering a single value at a single time point. Research in this direction is still in
its early stages, which can probably partly be attributed to the fact that datasets with
many repeated measurements of relevant omics-predictors are still relatively scarce.
Instead, many of the recent developments seem to have occurred on the side of the
model outcome: instead of only considering time-to-mortality, some recent work fo-
cused on (also) considering time to various age-related diseases [27, 28]. Datasets
with multiple age-related outcomes are more abundant than rich repeated measures
datasets, thanks to the advent of large-scale long-term population cohort studies such
as the UK Biobank. Such studies often also use data from electronic health records
and hence contain information on various age-related events. However, most multi-
outcome models are either focusing on inference or do not (yet) predict on an age-
scale and are therefore strictly speaking not biological age predictors.
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1.3 Known methodological issues

Both first generation clocks, using cross-sectional data, and second generation clocks,
using time-to-event data, have been criticized for several methodological reasons.
This section briefly summarizes the most important concerns.

Most criticism pertains the first generation clocks. More than 25 years ago, Hochschild
[29] pointed out several statistical flaws of these chronological age-trained predic-
tors. Firstly, he discusses the so-called “biomarker paradox”: included candidate
biomarkers are weighted according to their strength of correlation with chronologi-
cal age, which is the regression’s outcome variable. Any hypothetical biomarker that
perfectly predicts chronological age would be useless in predicting biological age, as
first generation methods rely on the differences between true chronological age and
predicted chronological age to be informative of an individual’s rate of aging. It is un-
clear how well any model should predict chronological age in order to be informative
of biological age: it is not a matter of the more precise, the better.

Additionally, a biomarker that is associated with chronological age may not be
predictive of individual aging. This argument goes two ways: candidate markers
may be associated with chronological age but may not provide any information on
one’s age gap A. An example of this could be the degree of baldness in men: this
is undoubtedly associated with chronological age, but men who grow bald earlier in
life do not show other signs of accelerated aging, nor do they die sooner. Conversely,
candidate markers may not be associated with chronological age but may still be
informative of the individual age gap A. A simple regression of chronological age on
a set of candidate markers of aging will miss such markers.

Another well-known problem, also discussed by Hochschild, is the regression to
the mean phenomenon. In all regression models, predicted values tend towards the
mean of the outcome variable in the data set on which the model was fitted. This
occurs whenever outcome and predictor(s) are not perfectly correlated. Hence, due
to this phenomenon true low outcome values will be overestimated and true high
values will be underestimated. As the difference between predicted chronological
age and true chronological age, the predicted age gap A, is often taken to be indicative
of the difference between true biological age and chronological age, this means that
people younger than the training data sample will on average have a positive A, and
those older than the training data sample will on average have a negative A. This

pattern does not reflect a biological phenomenon but is purely a statistical artefact.

A final point of critique on the first-generation clocks concerns the way they are
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(over)interpreted. Many candidate biomarkers of interest tend to be strongly corre-
lated. This might result in the phenomenon that for a given biomarker, its coefficient
sign in a univariate regression has the opposite direction of its sign in a multiple
regression. Zooming out, this can be seen as an implicit warning against a causal
interpretation of model coefficients. The (impossibility of a) causal interpretation
of biological aging clocks remains an active field of research and discussion today
[30, 31].

Notwithstanding these fundamental points of criticism, cross-sectional clocks have
remained popular today [32, 33, 34, 35]. This can probably at least partly be attributed
to the fact that cross-sectional data is much easier to obtain than longitudinal data.
However, it is to be expected that the shift away from first generation age-trained
clocks towards second generation mortality-trained clocks will continue in the years
to come. These second-generation clocks overcome many of the issues inherent to
first-generation clocks (primarily those caused by using chronological age as the re-
gression outcome), although other concerns remain. Most importantly, the two most
popular second-generation clocks, GrimAge and PhenoAge, are not based on a for-
mal operationalization of biological age. Their prediction approaches hence remain
fairly ad hoc and a proper statistical estimand is missing. This makes it difficult
to properly evaluate whether predictors are capturing what they (cl)aim to capture
and to compare and contrast different methods. Another limitation of the second-
generation clocks is that they are trained on time-to-mortality only. This can be con-
sidered a too restricted view on what it means to age: lifespan is not all that matters,
healthspan is just as important.

1.4 Disentangling excess mortality risks in vulnerable

groups

Although this thesis primarily discusses methodological developments for biological
age prediction, one chapter has a different focus: it introduces a new methodological
framework for estimating excess mortality (e.g. a higher mortality risk than expected)
among vulnerable groups during a period of crisis.

While distinct from biological age estimation, the topics are connected: biological
age aims to capture vulnerability on the individual level, whereas excess mortality
aims to capture vulnerability on the population level. In addition, the excess mortal-
ity chapter is linked to the biological age chapters through its real data application,

15



1.4. Disentangling excess mortality risks in vulnerable groups

in which we focus on excess mortality among elderly care home residents. This is
closely connected to the study of vulnerability in aging.

To estimate excess mortality, a popular measure is relative survival. This captures
how much the specific condition or circumstance of the vulnerable group of interest
affects survival relative to the general population. Relative survival models assume
that the total observed mortality hazard (the instantaneous probability of death) at
time t, Aot (t), is the sum of some background hazard, Apsckground(t) plus the excess
hazard Aexcess(t). The background hazard is usually taken from existing population
lifetables, stratified by age, sex and birth year.

Relative survival models are typically used to model the excess risk of a specific
vulnerable subgroup of the general population: for example, to compare the overall
survival of breast cancer patients with that of the general population in a given period
of time. Hence, the observed mortality of two different populations (breast cancer
patients and non-breast cancer patients) is compared in the same period of time. In
addition, relative survival models can be used to model the excess hazard of the same
population in different time periods. This can for instance be useful when the entire
population experiences a period of crisis resulting in excess mortality, such as a war
or pandemic. The survival of the general population before and during the crisis
period can be compared to obtain an estimate of the excess mortality experienced by
the general population during the crisis.

A recent example of such a crisis is the Covid-19 pandemic, where excess mor-
tality was observed on the level of the entire population [36, 37]. It is reasonable
to expect that vulnerable subgroups suffered more during the Covid-19 pandemic
than the general population. A particularly vulnerable subgroup during the Covid-
19 pandemic were care home residents [38, 39]. To accurately model the Covid-19-
related excess mortality that can be attributed to being a care home resident, both
the pre-existing vulnerability of this group and the Covid-19-related excess mortality
experienced by the entire population should be accounted for.

To this end, this thesis introduces the novel concept of “excess excess mortality”
and presents a framework to estimate it. This concept is useful in scenarios where
there is more than one cause or indicator of excess mortality, where their might be an
interaction between these two causes, resulting in more or less excess mortality than
when considering the excess mortality sum of both individual causes. In this thesis,
we define this additional excess mortality resulting from the interaction as the “excess
excess” mortality. Concretely, this thesis illustrates how the concept of excess excess

mortality is useful when disentangling the different excess mortality components of
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Dutch care home residents during the Covid-19 pandemic.

1.5 Main contributions and outline of this thesis

This thesis has two aims. Its main aim is to advance the understanding and pre-
diction of (biological) aging, by incorporating statistical rigor and introducing inno-
vative methodologies to address current limitations in the field. Its second aim is
to extend existing relative survival methodology in order to properly estimate the
different excess mortality components experienced by vulnerable subgroups of the
general population during periods of crisis.

The assumptions behind cross-sectional first-generation biological age predictors
are discussed and critically assessed in Chapter 2. We show that these predictors all
rely on the same strong yet untestable assumption, namely namely that a candidate
marker of aging’s association with chronological age is directly informative of its as-
sociation with the age gap A. If this assumption does not hold, weights assigned to
candidate markers of aging are uninformative. Synthetic and real data are used to il-
lustrate the assumption and its consequences if it does not hold. Although limitations
of cross-sectional biological age prediction methods have been acknowledged before,
the issues with the underlying assumption have never been explicitly discussed. This
chapter serves as a warning against the use of cross-sectional clocks and encourages
caution in their use.

The link between biological age prediction and the regression to the mean phe-
nomenon, and how ignoring this phenomenon can lead to premature or even invalid
conclusions, is discussed in Chapter 3. This concise chapter explains regression to the
mean in simple terms and uses a synthetic data example to illustrate which biased
conclusions may arise when directly comparing the difference between true and pre-
dicted chronological age A, often taken to be indicative of accelerated or decelerated
biological aging, between groups with different ages.

Chapter 4 presents AccelerAge: a new methodological framework to predict bi-
ological age with time-to-event data using Accelerated Failure Time (AFT) models.
This is hence a second generation predictor, but one that is based on a formal oper-
ationalization of the concept biological age, as opposed to currently existing second
generation predictors. The AccelerAge framework directly models the effect of candi-
date predictors of aging on an individual’s survival time, aligning with the prevalent
metaphor of aging as a clock. In addition, underutilized evaluation measures for

assessing the performance of biological age predictors are introduced. We compare
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predictors based on the AccelerAge framework to a predictor based on a GrimAge-
type predictor, using simulated data as well as data from the UK Biobank and the
Leiden Longevity Study.

In Chapter 5 a step towards a third generation predictor of biological age is taken.
Second generation predictors use time-to-mortality as their outcome of interest, but
aging is a multifaceted process that entails more than lifespan alone. A new model is
hence introduced that can deal with multiple time-to-event outcomes and highly cor-
related or high-dimensional predictor variables, namely the penalized reduced rank
regression model for multi-outcome survival data. By imposing a rank constraint
on the coefficient matrix, the reduced rank regression model can identify shared la-
tent factors driving multiple outcomes. In this thesis a lasso-penalized reduced rank
regression model is fitted on UK Biobank participants, using over 200 metabolic vari-
ables as predictors and the onset of seven age-related diseases and mortality as the
outcomes of interest. This results in a metabolite-based score of age-related disease
susceptibility and mortality.

The final contribution of this thesis, contained in Chapter 6, has a slightly differ-
ent scope than the rest of this thesis. Here, the focus is not on biological age, but
on quantifying different components of excess mortality in vulnerable populations
during crises. The concept of excess excesss mortality is introduced to capture the
additional mortality risks faced by vulnerable subgroups of the general population,
beyond what can be explained by the background mortality, their excess mortality
due to being vulnerable and the general population’s excess mortality due to the cri-
sis. This offers a new perspective on how to model and interpret excess mortality in
vulnerable groups during crises. An additive hazards model is used to disentangle
the different components of (excess) mortality. Using individual-level whole popula-
tion data from Statistics Netherlands, the excess excess mortality of Dutch care home
residents aged 70+ during the Covid-19 pandemic is modelled.
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