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Abstract

Aging in biological organisms is a complex process, involgirthanges at all levels of
functioning. No single pathway or mechanism is responsiblerfaging, leading to the
current understanding that aging is due to a number of inter@ing biological factors.
To understand this interconnected complex process, thisékis develops complex com-
putational models of aging. Using human data | develop netwoninodels of aging,
which model the aging process as a network of interacting cponents. These models
are used to understand the network structure of di erent aspas of health, as well as
make quantitative predictions of aging health outcomes and ontality. Using worm
data | develop an aging trajectory clustering model, which deribes the dynamics of
worm aging with a low-dimensional latent space that exhib# simple dynamics and
clear clustering. This model is used to infer distinct wormging phenotypes. Using
mice and human data, | develop a method to extract damage andpa&r processes
in aging. This approach is used to study the e ects of age andterventions on the
processes of damage and repair.

This work is an attempt to build computational models of agig, and demonstrates
the potential of these types models in the study of aging in thiture.
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Chapter 1

Introduction

1.1 Motivation

Aging is the age-dependent functional decline of an organisand is the leading risk
factor for almost all severe chronic diseases and disabdi [1]. Some of the most
common of these diseases are cardiovascular disease, caaoer dementia. Even if it
was possible to fully treat or prevent some of these diseasas individuals continue
to age it is overwhelmingly likely that they will eventually acquire another. This
suggests that instead of a \whack-a-mole" type of approaclo tireating these diseases
one-by-one, tackling the root cause through aging must be g¢hultimate long-term
strategy for achieving long and healthy lives [2,3]. To achie this goal, we must rst

understand aging.

Aging is a high-dimensional complex stochastic process, aiving changes at all
physical scales of organism functioning. No single pathway mechanism is respon-
sible for aging, leading to the current understanding that ging is due to a number
of interacting biological factors involving damage and repr mechanisms at the fun-
damental level [4,5]. Computational models are essentiab tmake predictions or
understand mechanisms within complex non-linear, stocha&s and interconnected
systems | such as aging [6{8]. This thesis focuses on the dewgiment of complex
computational models of aging.

Few complex models of aging have been developed to date, deghe understand-
ing of aging as a complex system. There have been descriptmedels developed to
theoretically model and understand mortality [9{13], but hese often do not include
health, and do not make quantitative predictions. Additiondly, many current ap-
proaches to analyzing multi-dimensional aging data only sumarize the health state
into one-dimension, such as the Frailty Index [14, 15], Frit&y Phenotype [16], Bio-
logical Age [17,18], Physiological Dysregulation [19,20facrecent machine learning

1
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approaches [21]. These approaches are useful to develogtheaeasures and quan-
tify the progression of aging, but they are not dynamical magls that can simulate
or predict the future health trajectories of individuals, no do they capture the full

multi-dimensionality of aging health outcomes.

This work represents an attempt to build complex computatinal models of aging
that can be used to confront, describe, and learn from agin@th. This thesis involves
both descriptive models to describe and understand aging @momena, and develops
predictive machine learning models to make quantitative gdictions and understand
mechanisms of aging. One key challenge to developing maehiearning models for
application in aging, and science more generally, is integdability [22,23]. Inter-
pretability is concerned with understandingwhy a model makes certain predictions,
which is key to a scienti ¢ understanding of aging.

In this thesis, the philosophy of \Scienti c Machine Learnng" or \Theory guided
data science" [24{26] is taken. In this approach, models useachine learning tech-
niques to learn unknown components of a complex model, whilecorporating ideas
and concepts from the theory of aging to constrain the modelsThis incorporates
interpretable components into exible machine learning maels.

To paraphrase Box [27], all models are at least partially wng but some can
nevertheless be useful. We cannot hope to build comprehemsmodels of aging, but
we can build models to aid in our understanding of aging. Theogl of this thesis is to
develop models that can contribute towards answering thrédendamental questions in
aging: how can we better understand the mechanisms or causeslentying observed
aging phenomena, how can we better predict outcomes at an imdual or population
level, and, nally, how can we better intervene to decrease artality and to improve
health during aging?

1.2 Dynamical Models of aging

In the review and perspective paper \The potential for comjgix computational models
of aging" [23], we introduced the concept dbynamical models of aging, where the
dynamics of the health state is modelled as an individual agentil death. These are
the type of models developed in this thesis. Here | give an ovaaw of the current

literature on dynamical models of aging.



1.2.1 Network and redundancy models of mortality

One of the rst computational models of aging developed was ¢hReliability Theory
of Aging" developed by Gavrilov and Gavrilova [9]. The goal othis model was to
explain the exponential increase in mortality rate with ageknown as Gompertz' law
of mortality [28, 29].

This model attempts to explain Gompertz' law in terms of the edundancy in
physiological systems. This model describes aging with a & of \cells" containing
many redundant components. Each component has a constanteaf failure, and a
cell fails when all of its components fail. When all cells in # system fail, mortality
occurs. Simulations of the model result in mortality rates vage that are nearly
exponential [9], similar to Gompertz' law.

The work of Vural et al. [30] builds o of this work, but instead considers a
network of redundant components that can fail (damage) or repair. Whe the model
of Gavrilov and Gavrilova considered independent componenthat can fail, this
network model introduces interactions. In this model, compwnts can randomly
damage, or damage when the majority of their connected neighlrs damage. This
model is used to t the mortality rate vs age curves of various wdel organisms,
including C. elegans (worms), Drosophilia (fruit ies), medes, beetles, mice, and
tahr. This model has been used for the theoretical study of pair in aging [31] and
used to theoretically explain e ect of aging interventionon C. elegans [32].

Figure 1.1a) shows the basic structure of redundancy and neivk models of ag-
ing. Components of the network fail or damage (red), leadintp the accumulation
of damage, until death. Nodes can interact as indicated by theonnections in the
network, propagating damage throughout the network. Althouly health can be mea-
sured with the number of damaged components in these moddlsgse models instead
focused on mortality. We consider a similar style of networknodel in Chapters 3 and
4, but considering both health and mortality.

The Stochastic Process Model (SPM) of Yashiet al. [33{36] is a di erent type of
network model of aging. This model describes aging in terms @dntinuous stochas-
tic dynamics of the health state, coupled in a pairwise netwk. The current state of
health then is used to compute the mortality rate. In this moel the state of health
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is not a set of components that can damage or fail, but a real-valued vector evolv-
ing with age according to stochastic differential equations. While the mathematical
form of these models include pair-wise network interactions, the model has not been
interpreted as such because only small datasets with one or two health variables have
been used with this model. We return to this model and greatly expand upon it in

Chapter 5.

a) Redundancy and network models b) Latent dynamics models

O

O Latent dynamics
Observed Predicted

health stateo* —> W —> —> health state

c) Transition models

Figure 1.1: Dynamical models of aging. a) Models of redundancy with damage-
able components. Undamaged components (white) can damage (red), with potential
interactions (arrows) propagating the damage. b) Latent variable dynamics models.
The observed health state is mapped to a latent state z with an encoder (blue trape-
zoid). Dynamics are run on these latent variables. Latent variables are then mapped
back to the predicted health state with a decoder (orange trapezoid). c¢) Transition
models describe transitions between discrete health states. Eventually transition to
death occurs.

O O

O O

1.2.2 Dynamical latent variable models of aging

Machine learning models of aging are flexible models that learn from data. Generally,
these approaches focus on learning latent variables to describe the dynamics of aging.
The latent state is typically of a lower dimension than the observed health state,
and so can compress and simplify the relevant information. Figure 1.1b) shows the
basic form of these models. The observed health state is transformed to a latent
health state, which evolves with age. This latent state is then transformed back into
predicted health states at a later age.

Pierson et al. [37] infer a set of rates of aging, which describe the deterministic
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linear evolution of latent variables with age. Avchaciowet al. [21] describe aging
with stochastic one-dimensional latent variable dynamicsThese models simplify the
dynamics of aging, reducing the dynamics to just the key coropents.

One of the di culties with latent variable models is that in general, they will be
di cult to interpret since the latent variables will often b e a complex combination
of the relevant information from all of the observed health ariables. To solve this
problem, we can includestructure in the latent variables, encouraging them to extract
desired features of the dynamics of aging. In Chapter 7, | ddop a latent variable
clustering approach. This model clusters the latent dynaros of aging, inferring
distinct trajectories of aging.

1.2.3 Transition models

Transition models describe aging in terms of a set of discesstates representing dis-
tinct health states, and transitions between them, until a nal transition to death.
These approaches simplify the dynamics of aging in terms of @ite set of states.
Figure 1.1c) shows an example of these models. Both forwarddamackground transi-
tions between the states can occur. The redundancy and netilkkanodels from Figure
1.1a) can also be thought of as transition models, since conmgaits transition from
healthy to damaged states.

Mitnitski et al. [38{41] model transitions between discrete health statesd mor-
tality. This is done by modelling the transitions between dierent numbers of binary
health de cits (i.e. damageable health components). Howewehis approach was
simplistic, and only parameterized the mean number of bingrhealth de cits af-
ter a period of time, rather than explicit transition rates. Oswal et al. [42] model
transitions between movement states of C. elegans | where ladthy worms exhibit
vigourous movement. This model is used to separately des@imovement speed and
lifespan and the e ects of interventions.

In Chapter 8 we directly infer the rates of damage and repair &nsitions from
longitudinal data. This approach is used to probe the procses of damage and repair
in aging.



1.2.4 Biological models

Other approaches model specic aspects of aging biology. a et al. [43] model
the dynamics of the accumulation of senescent cells. Semggccells cease dividing
and accumulate with age, and can cause chronic in ammationpareasing the risk
of aging-related diseases. They use this model to provide arplanation for the
exponential increase of the mortality rate in Gompertz' law

Podolskiy et al. [13] model the critical dynamics of gene regulatory netwks.
Gene regulatory networks govern the expression of genestedmining cell function.
Their work studies the link between the instability of thesaegulatory networks and
mortality rate, and how this can give rise to Gompertz' law.

This thesis does not involve such speci ¢ biological modetsat focus on a single
system, and instead focuses on more general models that mpayate multiple aspects
of aging health.

1.3 Outline and contributions

This thesis is in publication format with ve related papersin separate chapters.
Two of these papers are published, one is under review, andotare in preparation
for submission. Each chapter is preceded by background infmaition to thematically

link the chapters within the thesis.

Chapter 2 provides background to understand the contents die thesis. It covers
concepts in aging research and an introduction to the modely techniques used
throughout the rest of the thesis.

Chapters 3, 4, and 5 form a sequence of papers about the sturet of physiologi-
cal interaction networks in aging. In Chapter 3 we use a premisly developed [11,44]
descriptive network model of aging and indirectly probe tha@etwork structure, to
describe the hierarchical organization of damage propagat in aging. This work
is published as \Probing the network structure of health decits in human aging",
authored by Spencer Farrell (myself), Arnold Mitnitski, Olga Theou, Kenneth Rock-
wood, and Andrew Rutenberg inPhysical Review E98 032302 (2018) [45]. Two
review articles were also written involving previous work1[L, 44] with this model,
where | was a co-author [46,47].
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In Chapter 4 we build from the descriptive network model in Chater 3 by making
it predictive of individual health and mortality. Using cross-sectional aging data, we
infer small networks of binary health variables. This works published as \Gener-
ating individual aging trajectories with a network model usig cross-sectional data",
authored by Spencer Farrell, Arnold Mitnitski, Kenneth Rockvood, and Andrew
Rutenberg in Scienti ¢ Reports 10 19833 (2020) [48]. A review article was written
about the potential of computational models of aging, inclding the work of Chapter
4 and foreshadowing the work of Chapter 5, published as \Theogential for complex
computational models of aging ", authored by Spencer FarrelGarrett Stubbings,
Kenneth Rockwood, Arnold Mitnitski, and Andrew Rutenberg in Mechanisms of
Ageing and Developmenfi93 111403 (2021) [23].

In Chapter 5 we develop a new kind of network model, involving larger network
of continuous health variables. This model is t using a largdongitudinal aging
dataset. This model is predictive of individual aging trajetories, and infers a network
describing the interactions between the health variablesThis work is accepted for
publication as \Interpretable machine learning for high-dinensional trajectories of
aging health”, authored by Spencer Farrell, Arnold Mitnitskj Kenneth Rockwood
and Andrew Rutenberg inPLoS Compuational Biology

Chapters 3, 4, and 5 form a large portion of the work in the thesiwith the
central theme of modelling aging in terms of interaction netorks of health variables.

A summary of this work is in Chapter 6.

Chapter 7 is a follow-up to Chapter 5, building o of this work This work is not yet
ready for submission, but is an extension of the types of modealiscussed in Chapter
5. We explore an alternative to the models involving netwoskof interactions between
the health variables developed in the preceding chapterssing latent variables. This
model infersclusters of distinct aging trajectories.

In Chapter 8, we study the processes of damage and repair inragi We use
mouse and human data and develop a new method to extract dangagnd repair
from longitudinal data. This work explores the e ects of ageand interventions on
these processes. This work is in preparation for submissicathored by Spencer
Farrell, Alice Kane, Elise Bisset, Susan Howlett, and Andrew Reanberg.

Chapter 9 returns to the three fundamental questions discusd above: how can
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we better understand the mechanisms or causes underlying wheg observe, how can
we better predict outcomes at an individual or population ledgand, nally, how can
we better intervene to decrease mortality and to improve hethl during aging? This
chapter discusses the progress this thesis has made on thesestions, and potential
future work.

Other publications | authored or co-authored during my PhD a& not included in
this thesis: work on understanding de cit binarization in theFrailty Index, where |
was a co-author [49], and two rst author publications on the tatistical physics of
Single- le di usion of particles in narrow channels and poes [50, 51].



Chapter 2

Background

This chapter provides useful background for the rest of the &sis. | do not attempt
to survey all aspects of aging research, data analysis, or chane learning, just some
key aspects and concepts.

2.1 Measures of aging

Aging involves the accumulation of damage that leads to everdudeath [4,52]. This
process is stochastic and multi-dimensional, involving chges at all physical scales
of an organism [53,54]. At the fundamental biological levekey hallmarks or pillars
of aging have been identi ed [4,5]. However, how these intetaand contribute to
observed functional decline is largely unknown [54{56].

The di erent aspects of aging are studied with biomarkers degbing the relevant
features [54,56,57]. At the lowest biological level, theseankers consists of ‘omics
data such as genomics, epigenomics, proteomics, and othfg8{60]. These mea-
sures are used to study aging at the biological level and haleen used to identify
molecular pathways involved in aging, but large longitudinisstudies containing these
measurements are rare. Many blood and urine biomarkers ofiag have been iden-
ti ed including in ammatory markers, immune markers, markers of oxidative stress,
and other common blood test markers [57]. Clinical health dgts that measure
physical functioning and disability are also used as markeiof aging [14,16]. These
measures are the more readily apparent aspects of aging, sashdi culty walking,

di culty performing daily activities, and organ dysfuncti on or disease.

2.2 Summary measures of aging

Since aging involves many changes in organism functioninigs useful to have \overall
health" measures that can measure the progression of agir@l]. Since humans

9
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have long life-spans, this is especially important for evaluating the impact of aging
interventions without waiting the entire duration of an individuals life [61]. Many
methods to measure the progression of aging have been developed. These methods
differ by both the method of estimation, and the aspects of health measured. In
this thesis these methods are referred to as “summary measures” of aging, since
they summarize aging health into a single dimension. However, these have also been
called “composite biomarkers”, since they integrate many biomarkers together [57].

Summary measures can be interpreted as one-dimensional latent variables describing
aging.

a) b) c)

Aging biomarkers

&) ' '
. o, .
Faster aging e o
e 7
e Summary o ° T, e
measure ® ] o
z B Lo
® @ i
=2 ° ,/’
g gl . ST
[ X °
® PN
. e e < Slower agin
oo e® o6 ging
L] L]
) — :
Summary measure Chronological age

Figure 2.1: Summary measures of aging. a) The creation of a summary measure
of aging. Various biomarkers are combined into a single summary. For the Frailty
Index, the input x biomarkers are binary-valued health deficits. For biological age,
these are typically continuous-valued molecular biomarkers. b) Summary measuring
of aging aim to summarize the progression of aging. As the progression of aging
proceeds as measured by the summary measure, the mortality rate increases. c)
Biological age is a particular summary measure that has a clear interpretation when
compared with chronological age. When biological age is above chronological age, the
individual is said to have faster aging. When biological age is below chronological
age, the individual is said to have slower aging.

One method that is of particular interest in this thesis is the Frailty Index (FI),
developed by Arnold Mitnitski and Kenneth Rockwood at Dalhousie University [62].
The FI was developed to measure physical frailty, a state of increased vulnerability
to adverse health outcomes [63]. The FI is measured as the fraction of binary health
deficits d; € {0,1} an individual has out of a set of total potential N deficits, f =
SN, d;/N. These health deficits are usually binary-valued health variables that

increase in prevalence as individuals age [15]. However in some cases multi-valued
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health de cits are used, where there are multiple intermedie values of the de cit
representing partial damage, e.gd, 2 f 0;0:5; 1g or d; 2 f 0; 0:25;0:5; 0:75;1g. In all

cases, the FI has a lower bound of 0 and an upper bound 1, althbutihe observed
maximum in observed data is typically around 0.6-0.8 [15, §38].

Di erent versions of the Frailty Index have been developeda measure di erent
aspects of health. This is achieved by choosing health de sithat capture the desired
features of health. Versions of the FI have been developed farysical or functional
health (called Fl-clin) [14, 15, 69], for blood and urine testibmarkers (called FI-
lab) [49,70{72], and for mice [73]. For example, Fl-clin typally contains de cits such
as \Di culty walking”, \Require help bathing”, and \High blo od pressure”, while
Fl-lab typically contains blood markers variables such as \Gicose", \Cholesterol",
and \Hemoglobin" with cut-points to binarize based on healthyranges [49]. Other
related measures of frailty exist such as the Fraily Phengbe [16] and Clinical Frailty
Scale [74], although this thesis uses the FI as a measure ofltiya

A common summary measure is \biological age" (BA). Estimatesf@A are con-
structed by building a model to predict chronological age, wht aging biomarkers as
covariates [17]. The predicted age is called biological agend represents a mapping
between the observed biomarkers, and the expected value gkeagiven the value of
these observed biomarkers. Positive di erences between B#d chronological age
indicate accelerated aging, and negative di erences bete BA and chronological
age indicate slowed aging. BA can be estimated with any typd biomarker data,
but has had recent success with epigenetic data and other 'asi[18, 58{60, 75{77].
The advantage of biological age over other summary measuree #@s ease of inter-
pretation, as it has units of age, and it can be constructeddm di erent types of
biological data to create distinct summary measures, summaing di erent aspects
of health [78].

2.3 Model organisms in aging

Since humans live long lives and it is di cult to do controlled studies, aging is often
studied with model organisms [79]. The advantages of animaldels of aging include
more closely controlled experiments, genetic manipulatip and easier to perform
interventions. The majority of this thesis uses human agindata, however Chapter
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7 uses data from C. elegans, and Chapter 8 uses data from mice.

C. elegans is a species of roundworm often used as a model asyardue to its
short lifespan, ease of study, ease of manipulation, and Wwehderstood biology [80].
In aging research, techniques have been developed to perfdamge high-throughput
experiments to track time-series of health and lifespan adiige numbers of worms by
automated imaging [32,81{83]. This feature of C. eleganseégploited in Chapter 7,
where we make use of C. elegans time-series data.

While C. elegans enables high-throughput experiments, dattranslation between
C. elegans and humans can be di cult [84]. It is more dicult to do large studies
with mice than C. elegans, however mice are used in aging r@s# due to their
similarly to humans in comparison to other model organismsThis makes mice a
useful organism for the study of aging interventions [85, B6In Chapter 8, we use
mice data that includes interventions that have previouslppeen shown to slow down
functional decline during aging [87,88].

Many other organisms are utilized in aging research, eachtlitheir own bene ts
and downsides [89], however this thesis only uses data fromntans, worms, and

mice.

2.4 Resilience and robustness in aging

In aging, the quantities of resilience and robustness can beéstihguished. Broadly,
resilience corresponds to the ability to recover after deation from a healthy physi-
ological state, and robustness corresponds to the ability tresist a deviation from a
healthy physiological state [90{94]. Resilience has beehserved by measuring the
health state as a function of time following an acute stress@5{97]. Measurement
of resilience can be of the length of time it takes to recovert the deviation from the
original baseline physiological state after a less than fuktcovery. There has been less
work on the observation of robustness, although proxies suels the ability to resist
onset of disease have been used [20].

Figure 2.2 demonstrates these concepts. a) shows the pertatibn of a physiolog-
ical state variable after a stressor, followed by recoveridigher resilience results in a
faster recovery to baseline or a nal recovered health stat@at is closer to the original
baseline. b) shows the perturbation of a physiological statvariable after a stressor,
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Figure 2.2: Resilience and robustness. a) Example of resilience. A stressor causes
the physiological state to deviate from the health baseline, and resilience measures
the ability to return to the baseline. b) Example of robustness. A stressor causes the
physiological state to deviate from the health baseline, and robustness measures the
ability to resist this deviation. c¢) Binary resilience is measured by time to transition
back to an undamaged or healthy state. d) Binary robustness is measured by time
to transition to a damaged state.

with robustness reducing the magnitude of the stressors effect on the physiological

state. A higher robustness would result in a smaller deviation from baseline.

In this thesis, measures of resilience and robustness are developed for binary health
deficits. Figure 2.2c¢) shows how resilience for a binary health deficit is interpreted.
Higher resilience results in a faster repair transition from a damaged to an undamaged
state. Figure 2.2d) shows how robustness for a binary health deficit is interpreted.
Higher robustness results in a slower transition to a damaged state, or remaining

undamaged altogether.

With longitudinal data, robustness and resilience can be observed in binary health
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de cits through damage 0! 1 and repair 1! O transitions. The evolution of
resilience and robustness is explored with age in Chapterr8hoth mice and humans,
and with interventions using longitudinal binary health decits.

2.5 Complex networks

Since aging involves interconnected physiological systenit is natural to model this
process with complex networks. A complex network is a set obdes connected
together by edgesor connections In this work, nodes represent health variables
and connections between the nodes represent causal interac between the health
variables.

The entire N node network can be described by aadjacency matrix f a; g,’\} -1 -
The elements of this matrix indicate the presence of connémis between the nodes.
Matrix elements a; take value 1 if there is connection from nodg to nodei, and is
0 otherwise. Undirected networks have a symmetric adjacency matrix with two-way
connectionsg; = a&;, directed networks have an asymmetric adjacency matrix, with
connections potentially only going in one direction, e.g. to i but not i to j.

The degree of a node is the number of edges connected to it, itke number of
neighboursk; = P ; & - Note that for a directelgl network, this is thein-degree and
alternatively the out-degreecan be de ned by ;a;. Another important quantity
is the average nearest nei%hbour degree, which is the averatggree of the nodes
connected to a nod&;.,, = i & &y =k (de ned for a symmetric network).

Instead of specifying the fullN N adjacency matrix, a simple way to charac-
terize large complex networks is by their degree distribuwin p(k), representing the
probability that a randomly selected node has a degrée Additionally, networks can
be characterized by their nearest neighbour degree distution p(kjk), which is the
probability that a randomly selected node that is connectetb a node of degred has
degreek® The average degree of the network and average nearest nbigir degree
of a node of degreé& follow from these distributions,

hKi

kp(k); (2.1)

Knn (K) kP(k9k): (2.2)

kO
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A common complex network structure, and used in this thesis i€hapter 3, is
the Baralasi-Albert preferential attachment network structure [98]. This network
structure has a power-law degree distributionp(k) k , with many low degree
nodes and few high degree nodes. An algorithm is available tongeate these networks
with arbitrary exponent and average degre&ki [99,100]. This network is called a
\preferential attachment” network due to the iterative gereration process; a node is
added at each iteration by connecting to existing nodes withrobability proportional
to the degree of the existing node. This process leads to netks with a few high
degree nodes and many low degree nodes

An important characteristic of complex networks discussed inhts thesis is the
assortativity of a network. Assortativity is the extent to which nodes in the ne
work are connected to nodes of a similar degree. Assortative network has many
nodes connected to other nodes of a similar degree. disassortative network has
many low degree nodes connected to high degree nodes, leadmdew big \hub"
nodes connected to many low degree nodes. The assortativitia network can be
measured by observing the average degree of the neighbours mode of degree,
knn(K). For assortative networks,k,, (k) increases withk, while it decreases withk
for disassortative networks. This is demonstrated in Figurg.3.

The assortativity of networks generated by preferential ahchment depends on
their exponent , with < 3 being disassortative, and > 3 being assortative in
the large N limit [101]. However, we can arbitrarily modify the assortatrity while
preserving the degree distribution by rewiring connectian[102].

These network structures are explored in the context of a cqiex network model
of aging in Chapter 3.

2.6 Information entropy and mutual information

Shannon entropy orinformation entropy, represents the amount of uncertainty in
the possible outcomes in a random variable. Given a randomrniable Y and its

probability distribution p(y), the information entropy of this variable is computed in
the same way as the Gibbs entropy in statistical physicsg = 1),

X
HIY]= p(y) log p(y): (2.3)
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Figure 2.3: Scale free networks and network assortativity. Left, a Barabasi-
Albert scale-free network with average degree 2 and exponent 3. There are a few
“hub” nodes with many connections, and many low-degree nodes. Right, charac-
terizing the assortativity of complex networks. Networks with increasing average
nearest neighbour degree vs degree are assortative. Networks with decreasing nearest
neighbour degree vs degree are disassortative.

When Y is continuous, the sum becomes an integral over y.

The entropy can be interpreted as a measure of the width or “dispersion” of the
distribution p(y). For example, the entropy of a normally distributed variable is
monotonic with the variance, H ~ log o2.

With a second variable X, the conditional entropy of Y given X is,

HY|X] = =) p(x))_ plylz)logp(y|x), (24)

Y

= ) p@)H[Y|X = a]. (2.5)

The specific conditional entropy H[Y|X = z] is the entropy of Y conditioned on a
specific value  of X. The conditional entropy H[Y|X] is the average of this specific
conditional entropy over all possible values of X. Note that H[Y]| > H[Y|X], since
knowledge of X can only reduce our uncertainty in Y. If X provides no information
about Y, H[Y] = H[Y|X].

With the conditional entropy, we can define the mutual information between X
and Y,

I(X;Y)=H[Y] - H]Y|X]. (2.6)

The mutual information is the reduction in uncertainty in Y when knowing X. This

can be used as a measure of non-linear association between variables. If two variables
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are strongly related, the mutual information between thems large. Note, the mutual
information is symmetric, | (X;Y) = 1(Y;X).

Care needs to be taken when computing entropy from noisy dat&or a continuous-
valued variableY, estimating H[Y] by binning to estimate p(y) then applying Equa-
tion 2.3 is known to be a poor estimate of the entropy [103]. $tead, an approach
based on ordered sample-spacings is used in this thesis {104].

Mutual information is used to characterize the amount of irdrmation in the Frailty
Index in Chapter 3.

2.7 Feed-forward neural networks

In many areas of data-based modelling, there are unknown fttions that need to
be t or learned In some cases we have knowledge of the particular problem tha
restricts functions to a specic form, for example in physicoften the form of a
function is known up to the value of physical constants, whitcan be then t from
data. However in many problems, no speci ¢ form of the functiis known, and so the
unknown function to be t needs to be exible enough to captue the desired behavior.
Neural networks are one such method of building arbitrarily &ible functions, with
parameters that are t or learned from the data. The eld of \Deep Learning"” builds
models with neural networks, and has become the standard appch to building
complex machine learning models [108].

Neural networks consist of a series of linear transformationsach followed by a
non-linear activation function. For an input vector x 2 RN, a feed-forward neural
network produces an outputy 2 RM by transforming the input with a linear transfor-
mation and non-linear activation function between each imrmediatelayer h; 2 N'.
Applying all layers, this produces an output in the following \ay,

ho = X; (2.7)
hy = g(Wh 1+b); W 2RY N g2 RV 1 =1L (2.8)
y = h.: (2.9)

The functions g, are the non-linear activation functions, W, are the weight matrices,
andb, are the bias vectors. These weight matrices and bias vectare free parameters
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Hidden

Figure 2.4: Feed-forward neural network. Feed-forward neural network with
input x € R3. This neural network has a single hidden layer of size 4, h € R*. The
weight matrices for the layers are W; and Wy, and the bias vectors are b; and bs.
The output is y € R2.
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to be learned from data. Typically activation functions of tke form g(z) = max (0; z)
or similar are used for the hidden layers (called ReLU, or Re@d Linear Units).
For the output layer, the activation function is used to map he output to a desired
speci ¢ domain, for example a sigmoi¢y = 1=(1 + e ?) can be used fory 2 [0; 1]V,
a soft-plusy =log (1 + €?) can be used for positive outputsy 2 (0;1 )M, or a linear
activation y = z for real-valued outputsy 2 (1 ;1 )M. A diagram of a feed-forward
neural network is shown in Figure 2.4.

Increasingly exible functions can be represented in this ay by increasing the
depth of the networkL, or increasing the width of the layerd N g, . With this form,
arbitrary functions can be learned, given a large enough nali network [109]. In this
thesis, neural networks are used to parameterize unknownnfttions within larger
models of aging. For an example of this application in othergpts of science, neural
networks have been used to represent unknown terms in paitjgknown di erential
equations, and the neural network parameters are then t fnm data [24]. This
approach allows scienti ¢ knowledge to be included withinexible models with neural
networks.

Neural networks are trained with variations of stochastic gidient descent, which
requires derivatives of the output with respect to the paramters of the layers. The
analytic derivatives of neural network layers are computedith the back-propagation
algorithm, which uses the chain rule to recursively computeéerivatives of every layer
[110]. Modern computational frameworks compute these degitives automatically,
and so sophisticated di erentiable models that combine neal networks with other
model components can be easily implemented and trained.

For gradient-based optimization, this thesis uses the Adam amizer [111], which
is a variant of stochastic gradient descent. This method cqeates an adaptive learning
rate from estimates of moments of the gradient, which allowisto improve gradient
estimates from noisy samples.

2.8 Recurrent Neural Networks

Section 2.7 discussed feed-forward neural networks, whiplass a vector inputx
through a series of linear transformation layers and nonakar activation functions
to arrive at the output. Recurrent neural networks (RNN) dier by possessing an
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Figure 2.5: Recurrent neural network. A time-series or sequence {x;}7_, is
recursively used as input in the RNN. A hidden “memory” state h, allows features
from past time-points to influence the output at current time-points.

internal state h, (i.e. memory) that is updated for each vector x; in a sequence {x;},.
This allows unknown functions to be parameterized that depend not only on a single

input, but a variable-length sequence, f({x;}).

Such RNNs consist of a unit cell that is applied recurrently over all elements of a

length sequence {x;}~ |,

ht = RNN(ht_l,Xt), t= ]_, ...,T, (210)

given an initial internal state hy. The internal state h, is taken as the output, and then
transformed as desired with additional neural network layers and activation functions.
A diagram of this process is shown in Figure 2.5. Since the same unit cell is applied

recursively, an RNN can be used for datasets with variable-length sequences.

The particular structure of the unit cell depends on the type of RNN. In this
thesis the Gated Recurrent Unit (GRU) is used [112], since it has a simpler structure
and fewer parameters than other common forms of RNNs. The GRU uses linear
transformations and non-linear activation functions to update the internal state with
two different processes: selectively retaining information from the previous internal

state h;_1, and including the relevant information from the current input x;.
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2.9 Maximum likelihood tting

The likelihood p(Y jX; ) is the probability of observing datay = fy(MgM andX =
fxMgM, from a model with parameters . Maximum likelihood tting regards the
log-likelihood as a function of the parameterd, ( ) =log p(Y jX; ), then maximizes
this function to nd the optimal parameters. These optimal @rameters result in
the highest likelihood for the data for the speci ¢ model. Typally, data-points are
assumed independent in the likelihood)(Y jX; )= =, p(y®jx®; ).

The form of the likelihood is assumed as part of the model. Foxample, a
Gaussian likelihood can be assumed for a model with a mean guted with a neural
network and constant variance,

piyDjx®; Y= Ny xD; ); 3 (2.11)

The maximum log-likelihood for this model reduces to the mimum squared deviation
between the observed value and the mean,
X _ :
argmax L( ) = argmin jy® o (xO; )% (2.12)
i
leading to least-squares tting. For neural network modelghe negative log-likelihood
can be minimized by stochastic gradient descent.

2.10 Bayesian modelling

A Bayesian approach is used to formulate the probabilistic adels discussed in Chap-

ters 5, 7, and 8. Given a dataselY and X and a model with parameters , this

approach makes use of Bayes' Theorem,

pCY X5 )p( ).
p(YjxX)

which formulates theposterior distribution of the parametersp( jY ; X) in terms of

p( jY;X) = (2.13)

the likelihood p(Y jX; ) (as in Seth{ion 2.9),prior distribution of parameters p( ),
and normalization factorp(Y jX) = p(YjX; )p( )d known as themodel evidence
The posterior distribution is the main quantity of interest, representing the most
probable values of the model parameters given the observeatal The Bayesian ap-
proach is appealing because the posterior distribution natally includes uncertainty
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for the model parameters with a distribution of possible vales, rather than just a
single estimate of parameters that maximize the likelihoodAdditionally, uncertainty
for model predictionsy® at a new data pointx° given the observed datay and X
can be also estimated by integrating the likelihood of thisrediction p(y3x% ) over

the posterior distribution of parametersp( jY ; X),
Z

p(yIx%Y;X) = ply3x% )p( jY;X)d : (2.14)

Similar to the con dence interval in frequentist statistics, posterior distributions
are generally summarized by computing the median and the imi&l of the posterior
containing % of the mass of the distribution, calledcredible intervals. The %
credible interval of a parameter contains the true value ofhie unknown parameter
at probability %. Note that this is distinct and more intuitive than a frequertist
con dence interval, where % of the con dence intervals computed from repeated
samples would include the true value of the parameter.

The prior distribution p( ) incorporates prior knowledge of the value of the model
parameters. If speci c knowledge of the value of the paramatis known, priors can
be placed around that value. Otherwise, priors can be used abtain well-behaved
models. Typically, this is done by placing narrow priors ongrameters around zero,
e.g. we may not know where the exact value of a parameter wik| but we know it
is extremely unlikely its value will be> 10°. This can enforce sparsity in the model,
limit extreme values of parameters, and prevent over ttingoy regularizing.

The Bayesian approach is also a natural approach for learginatent variable
models. These approaches are discussed below.

2.11 Markov-chain Monte-Carlo sampling

The calculation of the normalization factor in Bayes' Theam,
z

p(YjX)= p(YjX; )p( )d ; (2.15)

can only be done analytically for the simplest of models, ar@hn be seen as analogous
to computing the partition function in statistical physics. Markov-chain Monte-Carlo
(MCMC) is a method of sampling the posterior distribution wihout requiring the
computation of this normalization factor. This allows the omputation of integrals of
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the posterior distribution by Monte-Carlo integration in cases where the normalization
factor is unknown,

z _ 1 X .
f()p(jy;X)d N fCi), i pCJY;X); (2.16)

wheref gL, are MCMC samples from the posteriop( jY ;X), and f (:) is an arbi-
trary function of which we want to integrate over the posterio, e.g. Equation 2.14
wheref () = p(y§xS% ).

MCMC methods are stochastic processes that generate sampfesuch a way that
the equilibrium distribution of the process is the desired g@sterior distribution. In
this thesis the No U-Turn Sampler (NUTS) from the Stan probabiligt programming
language [113] is used for MCMC sampling in Chapter 8. NUTS makase of deriva-
tives of the likelihood to speed up sampling, unlike much slewrandom-walk based
Monte-Carlo methods such as the Metropolis-Hastings algadnitn [114], and so is well
suited for continuous valued parameters.

2.12 Variational Bayesian Inference

In high-dimensional scenarios with models containing margarameters and/or large
datasets, even MCMC is computationally intractable. In parcular when models
include neural networks, MCMC will not be a viable option. A computationally
faster approach is to use a parametric approximation to thegsterior distribution
instead of sampling it with MCMC.

A parametric approximation to the posterior is made by assumg a particu-
lar form of the approximate posteriorq( ; ) parameterized by the newvariational
parameters . The goal is to optimize the variational parameters so thatltis ap-
proximation is close to the true posteriorg( ; ) p( jY;X).

A common way to do this is to minimize the KL-divergence betven the two
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distributions,
Z

. e o _ at ;) .
min KL(q( 5 Djjp( jY;X))=min o ; )logmd : (2.17)
=min Egllogg( ; ) logp( jY;X)I; (2.18)

=min Eglloga( ; )] Egllogp( ;Y ;X)]+log p(YjX) :
(2.19)

To simplify the notation, expectations over the distributong( ; ) have been written
asEgy[:]. The last term logp(Y jX) is the di cult to calculate posterior normalization
factor or model evidencdrom Equation 2.15. This term does not involve , and so
can be dropped from the optimization. The ability to drop ths di cult to calculate
term is key to the variational approach. Thus, the variatiomal approximation is found
by maximizing the following function with respect to the varational parameters

ELBO( )= Egllogp( ;Y;X)] Egllogqa( ; )I: (2.20)

This is known as theEvidence Lower Bound(ELBO), since it bounds the model
evidence, logp(Y jX) ELBO( ). This approach is equivalent to variational free-
energy minimization in statistical physics, with ELBO( ) representing the negative
variational free-energy and log(Y jX) representing the exact negative free-energy.

To see this, note that the last term in 2.20 is the entropy of( ; ), as de ned
in Equation 2.3, and the rst term is the expectation of the ngative energy from a
Boltzmann distribution p(YjX; )= e BY:X:)=Z( ) upto a constantin ,logZ( )
(setting = kp = 1). This approach can easily be applied to the Ising model by
assuming an independent distribution of sping to compute the mean- eld theory
solution [115].

Another way to interpret the ELBO is to write it in terms of an expectation of
the model likelihood and a KL-divergence between the posteriand prior for

ELBO( ) = Eqllogp(YjX; ) KL(a( ; )iip( )): (2.21)

This way, the variational inference approach can be seen asximizing the expec-
tation of the likelihood with samples from the posteriorg( ; ), while including a
penalty term to enforce the posterior to be close to the priop( ) with the KL-
divergence.
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The simplest way to construct a variational approximation iswith a mean- eld

approximation { where all parameters are assumed to be indepdent in the posterior,

Y
at s )= a(i; ): (2.22)

i
For real-valued , a simple mean- eld approach is to use one-dimensional Gaten
distributions for eachq( i; ), where is the set of means and standard deviations of
these Gaussian$ ;; igi. The inference then proceeds by maximizing the ELBO for
these means and standard deviations. Mean- eld approximans can be progressively
improved by incorporating structure into the factorization of g( ), but how this is
done depends greatly on the structure of the model.

The variational approach is computationally much faster tan MCMC because
the approximate posterior is found by just optimizing the vaational parameters
rather than adequately sampling a high-dimensional parartes space.

Variational Bayesian inference is used in Chapters 5 and 7.

2.13 Latent variable modelling and variational auto-encoders

One key application of variational Bayesian inference used this thesis is the Vari-
ational auto-encoder (VAE) [116,117]. The variational aut@ncoder forms the basis
of the models developed in Chapters 5 and 7, and forms the basfisa useful generic
framework for Bayesian latent-variational modelling callé deep latent variable mod-
elling.

Latent variable models aim simplify a problem by introducig a latent variable z.

For observed variables, latent variables decompose the likelihood,
Z

p(xj )= p(xjz; )p(z)dz: (2.23)

Rather than directly modellingp(xj ), a latent variable model allows the development
of a simpler model forp(xjz; ). For example, if x(t) exhibits complex dynamics in
time, it can be simpler to model dynamics of a latent variable(t), and then transform
this latent variable to the observed variableg(t) ! x(t).

To t a latent variable model, we need to infer the latent varables from the data
p(zjx), which can be recognized as the posterior distribution of. So we can use
Bayesian inference for these latent variable models.
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of the joint distribution in Equation 2.27.

In this model, we want to infer the unobserved latent variald z(™ for each ob-
served inputx(™. To do this, we need to perform Bayesian inference by compugin
the posterior p(z(™; jx(M). We build a variational approximation that follows the
factorization shown in Figure 2.6(right). This has the form

Assuming a real-valuedz, the simplest approach is to assume independent Gaussian
distributions (mean- eld approximation as above) forz. Since this distribution de-
pends on the inputx, the means and standard deviations of this distribution nekto
depend onx. These can be estimated with neural networks for and ,

qzix)= N(C 6 ) (6 )%): (2.30)

The neural network weights and biases along with the paramats ofq( ; ) are
the variational parameters to be optimized by maximizing the ELBO as above in

Equation 2.20,

X n o)
ELBO( ) = Eq[|ng(X(m)jZ(m); )]+ Eq[|ogp(z(m))] Eq['OQC](Z(m)jX(m); )]

m

+Eqllogp( )] Eqla( j )I: (2.31)

The sum goes over all individuals (assuming independent ingduals in the likeli-
hood). This model is known as aariational auto-encoder Generically, this model
can be used as a framework for many di erent types of latentaviable models.
Note, often the variational posterior distribution of the gbbal parametersg( ; )

is implicitly set to be a delta function for some or all of the prameters,q( ; ) =

( ). Together with a uniform prior p( ), this has the e ect of including some of
the parameters directly as variational parameters to be optimized (rather than
parameterizing a distribution of ), simplifying the posterior [118]. This step is often
done implicitly without indication.

2.14 Stochastic di erential equations

A stochastic di erential equation (SDE) describes the contiuous-time evolution of
a random variable, which takes the form of a di erential equigon that includes a
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stochastic term. An SDE is written,
dx(t) = f(x;t)dt+ (x;t)dB(t); (2.32)

where f represents thedrift term, and represents the strength of the di usive
noise. The stochastic componer (t) is a standard Brownian motion with Gaussian
increments with variancedt, dB(t) = B(t+ dt) B(t) N (0;dt). Solutions of an
SDE are realizations of the stochastic process describedthg SDE.

2.15 Survival Analysis

Survival analysis is the analysis of time-to-event data. Tkinaturally applies to the
eld of aging, where we have time-to-death or age-of-deathath. The main quantity
in survival analysis is the Survival function or Survival probability The survival
function S(t) is the probability that an individual is alive at time t (e.g. has yet to
have the event in question). The typical goal in survival arlgsis is to build models
to estimate the survival function, or estimate the relativedi erence in the survival of
distinct groups (e.g. the e ect of treatment vs control for a dug).

Survival models are often best described blgazard rates When the event in
question is death, hazard rates can be calledortality rates. The hazard rateh(t) is
the instantaneous rate of the event occurring, and is relaleto the survival function
in the following way,

Z t
S(t) = exp ( h(t9dt9: (2.33)

to

With time-to-event data, the goal is to t the hazard rate of a survival model
h(t; ) with parameters . However, it is common that many of the observations are
censored | the period of observation for a subject concludebefore the event (i.e.
death) occurs, which is known asight censoring Fitting a survival model requires
modifying the likelihood to take this into account.

Consider a set of observation times foM di erent individuals ft;gM, and cen-
soring indicatorsf ¢ g¥, , where the death either occursq = 0) or the individual is
censored ¢ = 1). This means that t; represents a time of death whei, = 0, and is
the time that the individual was last known to be alive ifg = 1. Assuming a survival
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model with parameters , the likelihood takes the form,
W

[pCtii % “lp(t>tij ) (2.34)

=1

p(ftigl; ;fagdyj )

h(tij )* @s(tij ): (2.35)
i=1

Additionally, interval censored data is possible. In this cse, observations are
made at discrete time points, and it is known that the event awrs between two
observation times,t 2 (t-;tV). For interval censored data, the likelihood becomes,

\d

pt <t<t V) ); (2.36)

i=1

p(f tiLgiwzll ;ftiugi’v:llj )

[S(tHi ) St I: (2.37)
i=1
Interval censored data is encountered in Chapter 8.

One of the most common survival models seen in the medicakliaiture is the Cox
Proportional hazards model. In this model, covariateg are linearly related to the

log hazard rate,
h(t; x; )= ho(t)exp( x): (2.38)

ho(t) is the baseline hazard rate, and can be any arbitrary funan. To t the Cox
Proportional hazards model by maximum likelihood, the the &seline hazard is not
required to be speci ed [119]. After the parameters are t, the baseline hazard can
be determined non-parametrically with the Breslow estimair [120]. For a Bayesian
proportional hazards model, the baseline hazard needs to bpecied in terms of
parametershg(t; ). This is typically done with splines [121], and this approdtis
taken in Chapter 8.

In the proportional hazards model, a unitincrease in a coviate X; is multiplicative
with respect to the hazard rate. This allows for the indepereht e ects of covariates
to be easily interpreted. For example, if there is a unit in@ase in covariate; and all
others are held constant, the proportional increase of theahard rate only depends

eBL2552 = exp( ;). This is known as thehazard ratio for

on the parameter ;,
covariate X;.
The Cox model is used to compare with the models developed inighthesis in

Chapters 4 and 5.



Chapter 3

Probing the network structure of health de cits in human

aging

3.1 Background

Aging is widely considered to be the accumulation of damagetiwiage [4, 122{124].
This suggests a model of propagating damage, where damage tdwgsological system
spreads to other interacting systems within the organism. Imprevious work, we
developed a complex network model to describe this procesglamage accumulation
[11,44]. Other network models of aging have also been develdoy other researchers
[30{32]. While these other models focus on mortality, in our odel we also focus on
health, as measured by the Frailty Index.

In our model, nodes in a complex network represent damageabtomponents
of health. Nodes stochastically damage, which increases ttlamage rates of their
neighbouring nodes. This results in the propagation of darga through the network,
leading to eventual mortality when the two speci ¢ \mortality nodes" are damaged.
In previous work, we demonstrated that this model capturesqgpulation mortality
rates and Frailty Index scores, and we used the model to quayt the information
gained about mortality when knowing the Frailty Index [125] This model can be
used to generate a large simulated aging population, whicliavs the exploration of
the relationships between aging, physical frailty, and mdtality, which was discussed
in two of our review papers [46,47].

The nodes in this model are generic binary health attributesThese nodes are
generic in the sense that they do not correspond to any speciphysiological health
variable, but are the abstract representation of a health coponent that is damaged
during aging. This leads to the name of this model used in thikesis, the \generic
network model" (GNM). These nodes are binary in the sense thahéy can either
be in an undamaged state, or a damaged state. Since the nodeshie network are

30
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generic, this is a descriptive model of aging, which does not keapredictions for
individuals.

The model requires the speci cation of the network structug. Previous work with
this model used the Baralasi-Albert preferential-attachnent network structure [98],
which contains few \hub" nodes with high degree, and many lowedjree nodes, forming
a power-law degree distributiorp(k) k . With this network structure, the model
is able to simulate populations with mortality and Frailty index scores that agree
with population-level data. The only tuning of the network stucture done was the
adjustment of the degree distribution exponent and the average degre&ki. This
motivates the questions of how important the speci c struaire of the network is, what
are the important features of the network structure, and ulimately which network
structures best capture population aging phenomena.

Distinct Frailty Indexes can be constructed for clinical mekers (Fl-clin) and for
blood-test lab biomarkers (Fl-lab). These show distinct bedviour vs age, with FI-
lab having higher scores at younger ages, which suggests didwomarker de cits
precede clinical measures of frailty [71,126,127]. Assumithat di erent types of
health de cits correspond to di erent types of nodes in the atwork, these two distinct
Frailty Indexes allow us to probe the network. This motivats the questions of which
nodes in the network correspond to Fl-clin and Fl-lab, and how ds the network
structure control the relation between these types of heditde cits? This can o er
an explanation of the di erences between FI-clin and Fl-lab inerms of the network

structure.

In this chapter, we indirectly probe the network by examininghe behaviour of the
simulated aging population from the model for a variety of derent network struc-
tures. Additionally, we develop a mean- eld theory of the dyamics to speci cally
isolate the key structural features of the network.

This chapter presents the paper \Probing the network struatre of health de cits
in human aging" published in 2018 [128]. Note that the notatim, gure numbers,
and reference numbers have been modi ed from the publishedrsion for consistency
within this thesis.
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3.2 Introduction

Accumulation of damage is widely accepted as the mechanismhbe organismal
aging [52]. Even in model organisms, with controlled envinment and genotype, there
are large individual variations in lifespan and in the phertgpes of aging [53, 129].
While many mechanisms cause specic cellular damage],[ no single factor fully
controls the process of aging. This suggests that the agingopess is stochastic and
results from a variety of damage mechanisms.

The variability of individual damage accumulation resultsn di ering trajectories
of individual health and in di ering individual life-spans, and is a fundamental aspect
of individual aging. A simple method of quantifying this indvidual damage is the
Frailty Index (FI) [14, 15]. The FI is the proportion of age-reated health issues
(\de cits") that a person has out of a collection of health atributes. The Fl is used
as a quantitative tool in understanding the health of individals as they age. There
have been hundreds of papers using an Fl based on self-repartinical data, both
for humans [130] and for animals [131]. Individuals typiclgl accumulate de cits as
they age, and so the Fl increases with age across a populatidrhe Fl captures the
heterogeneity in individual health and is predictive of bdt mortality and other health
outcomes [69, 132{134].

In previous work we developed a stochastic network model ajiag with damage
accumulation [11,44]. Each individual is modeled as a netvkoof interacting nodes
that represent health attributes. Both the nodes and their annections are idealized
and do not specify particular health aspects or mechanismsConnections (links)
between neighboring nodes in the network can be interpretess in uence between
separate physiological systems. In our model, damage faatles subsequent damage
of connected nodes. We do not specify the biological mechems that cause damage,
only that damage rates depend on the proportion of damaged igebors. Damage
promotes more damage and lack of damage facilitates repair.atRer than model
the speci ¢ biological mechanisms of aging, we model how dageato components of
generic physiological systems can accumulate and propagé#troughout an organism
| ending with death.

Even though our model includes no explicit age-dependencedamage rates or
mortality, it captures Gompertz's law of mortality [28, 135, the average rate of FlI
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accumulation [14, 66], and the broadening of FI distributios with age [64, 65]. By
including a false-negative attribution error (i.e. a nite sensitivity) [44], we can also
explain an empirical maximum of observed FI values { typicall between 06 0:8

[15, 64{68]. This shows that age-dependent \programming"fceither mortality or

damage rates are not necessary to explain these featureq.[52

We had chosen the Baralasi-Albert (BA) preferential attachnent algorithm [98]
to generate our scale-free network, both due to the simpligiof the BA algorithm
and due to the numerous examples of these scale-free netwgork biological systems
[136]. While we had constrained the scale-free network paratees with the available
phenomenology, we did not examine whether other common neik structures could
also recover the same phenomenology. More speci cally, wil ¢hot identify which
observable behavior sensitively depends on the network stture.

Ideally, we could directly reconstruct the network from avédable data. However,
the direct assessment of node connectivity from observatimindata is a challenging
and generally unsolved problem. Nevertheless, we show hehattwe can reliably
reconstruct the relative connectivity (i.e. the rank-orde) of high degree nodes in
both model and in large-cohort observational data by measag mutual dependence
between pairs of nodes. This reconstruction allows us to ditatively con rm the
relationship between the connectivity of nodes and how infmative they are about
mortality [44]. Speci cally, we demonstrate that a networkwith a wide range of node
connectivities (such as a scale-free network) is needed tocsdebe the observational
data.

Recently, the FI approach has been extended to laboratory [[f&nd biomarker
data [71] and used in clinical [137,138] and population settys [72]. Two di erent
Fls have been constructed to measure di erent types of damadé.;i,, with clinically
evaluated or self-reported data, andr,,, with lab or biomarker data. Clinical de cits
are typically based on disabilities, loss of function, or dgnosis of disease, and they
measure clinically observable damage that typically occsiate in life. Lab de cits
or biomarkers use the results of lab tests (e.g. blood tests wital signs) that are
binarized using standard reference ranges [139]. Sincelfyandices based on labora-
tory tests measure pre-clinical damage, they are distinctdm those based on clinical
and/or self-report data [70, 72].
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Even though they measure very di erent types of damage, bothls are similarly
associated with mortality [70,140]. Earlier observationiatudies have found (average)
hFapi larger thanhFni [70,71,140]. However, a study of older long-term care patien
has foundhF i less thanhFq,i [141]. While di erences between studies could be
attributed to classi cation di erences, a large single stdy including ages from 20-85
from the National Health and Nutrition Examination Survey (NHANES) [72] also
found that hF i was higher thanhFg,i at earlier ages, but below at later ages.

The observed age-dependent relationship (or \age-structl’) between F,, and
Fqin challenges us to examine whether network properties can deténe similar age-
structure in model data. We aim to determine what qualitatie network features are
necessary to explain age-structure. Our working hypothesis that low-degree nodes
should correspond tdF, just as high-degree nodes correspond i, [11,44].

Complex networks have structural features beyond the degralistribution. For
example, nearest-neighbor degree correlations describ@vhconnections are made
between speci c nodes of di erent degree [142]. Accordinglwe consider networks
with three types of degree correlations: assortative, dissortative, and neutral [142,
143]. Networks with assortative correlations tend to coniee like-degree nodes, those
with disassortative correlations tend to connect unlike-egrees, and those with neutral
correlations are random. We probe and understand the inteah structure of these
networks by examiningFnhgn and Fioy, i.€. damage to high degree nodes and damage
to low degree nodes.

Since networks have many properties other than degree diswition and nearest-
neighbor degree correlations, we have also constructed aameeld theory that only
has these properties. With it we can better connect speci ¢ hgork properties with
gualitatively observed phenomenon, within the context of @r network model.

We show how network properties of degree distribution and dege correlations
are essential for our model to recover results from obserntal data. Doing so, we
can explain how damage propagates through our network and athmakes nodes
informative of mortality. This allows us to understand the derences betweenFy,
and Fpigh, or between pre-clinical and clinical damage in observatial health data.
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3.3 Methods

3.3.1 Stochastic model

Our model was previously presented [44]. Individuals are mgsented as a network
consisting ofN nodes, where each node2 f 1;2;:::;Ng can take on binary values
d 2 f 0; 1g for healthy or damaged, respectively. Connections are umected and all

nodes are undamaged at timé= 0.

A stochastic process transitions between healthy and damag@t = 0 and d; = 1)

states. Healthy nodes damage with rate, = oexp(f; +) and damaged nodes
repair with rate =( o=R)exp( f; ). These rates depend on the local frailty
fi = jan gy di=ki, which is the proportion of damaged neighbors of node This

local frailty f;i quanti es local damage within the network. Transitions betveen the
damaged and healthy states of nodes are implemented exactlging a stochastic
simulation algorithm [144,145]. For each step, the algohin samples the time until
the next transition from an exponential waiting-time distibution with rate equal to

the sum of all transition rates. The particular transition (.e. which node) performed
is sampled from the set of all possible transitions. The prability of choosing a
particular transition is determined by its transition rate. Individual mortality occurs

when the two highest degree nodes are both damaged.

We generate our default network \topology" using a linearlyshifted preferential
attachment algorithm [99, 100], which is a generalizationfdhe original Baralasi-
Albert algorithm [98]. This generates a scale-free netwolR(k) k , where the
exponent and average degreé&ki can be tuned. (The minimum degree varies as
kmin = Hki=2.) This network is highly heterogeneous in both degrde and nearest-
neighbor degree (nn-degred;. ,, = P i2N () ki=ki = P T =k;.

Since we are concerned with the properties of individual ned and groups of
nodes, we use the same randomly generated network for allividuals. As a result,
connections between any two nodes are the same for every uidizal. To ensure that
our randomly generated network is generic, we then redo alf our analysis for 10
di erent randomly generated networks. All of these networkbehave qualitatively the
same, and so we present results averaged over them. Previp(i44], we generated a
distinct network realization for each individual.
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We have used observational data for mortality rate and Fl vs agto ne-tune
the network parameters [11,44]. A systematic explorationf parameters was done
in previous work [11,44]. Most of our parameterizationN = 10000, = 2:27,
ki =4, =6:5)is the same as reported previously [44]. However, three pareters
( o = 0:00183yr, . = 7:5, R = 3) have been adjusted because we now disallow
multiple connections between pairs of nodes during our neiwk generation. This
simpli es analysis and adjustment of the network topologybut would also a ect
mortality rates (see e.g. Fig. 3.15 below) without the paranter adjustment. Other
network topologies, see Sect. 3.4.4, also use this \defduttarameterization unless
otherwise noted.

Typically, binary de cits have a nite sensitivity [146], while our model gives us
exact knowledge of when a node damages. We have modeled tmge sensitivity
by applying non-zero false-negative attribution errors t@ur raw model FI [44]. This
has no e ect on the dynamics or on mortality, but does a ect tle observed FI scores.
For any raw FI fo = P ; di=n from n nodes, there areny = fon damaged nodes.
With a false-negative rate ofg, nq of these are overturned, wherey is individually-
sampled from a binomial distributionp(ng;no;1 Q) = 23 (A g"eg' "e. We use
f = ng=n as the corrected individual FI. Since our modef, tends to reach the
arithmetic maximum of 1 at old ages, this e ectively gives a mximum observed FI
of fnaxi =1  q[44]. We useq = 0:4 throughout.

3.3.2 Observational Data analysis

Observational data is typically \censored", meaning that he study ended or an indi-
vidual dropped out before their death occurred, leaving nanown death age. To avoid
this problem, we use a binary mortality outcome e.gM = 0 if an individual is alive
within 5 years of follow-up, orM = 1 otherwise. We use 5 year outcomes through-
out for observational data unless otherwise speci ed. We agt this approach in our
analysis of mutual information [147,148]. Our entropy caldations will use binary
entropy, H(Mjt) = p(0jt)logp(0jt) H (1jt) logp(1jt), which we use to calculate
information | (M ; Dijt) = H(Mjt) H(M|D;;t). See also Blokh and Stambler [149],
for other varieties of information analysis for observatizal data.

We compare our information theory results to a more standardurvival analysis
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with hazard ratios [150]. The hazard ratio is the ratio of inentaneous event rates for
two values of an explanatory variable | e.g. with/without a d e cit. A larger hazard
ratio means a lower likelihood of surviving with the de cit than without. Hazard
ratios are \semi-parametric”, since they extract the e ec$ of variables on mortality
rate from a phenomenological mortality model. We use the Cgxoportional hazards
model [119]. We show below that these survival analysis teggoes are consistent
with our non-parametric mutual information measures.

3.3.3 High- k network reconstruction

To reconstruct network connections from observed states nbdes, we use the state
of each de cit (node) at a given agé (or narrow range of ages in observational data)
for each individual in the sample, and calculate the mutual fiormation between
individual de cits, | (D;; Djjt) [151,152]. Connections in the model create correlations
between nodes, so a larggD;; D;jt) could indicate a connection. We use data where
individuals are the same age (or 5 years in observational data), so that time is
not a confounding variable. Nevertheless, determining wheth a given connection
exists or not requires a threshold oh(D;; Djjt). If we took this route, we would only
assign a connection between nodes if the mutual informatias above this threshold.
However, we have no practical way of determining such a thresld, though attempts
have been made in the past [153].

In preliminary tests with our model we have found that matchig the reconstructed
average degree with the exact average degree is a reliable whgletermining a thresh-
old (data not shown), but we still have no way of determining tk average degree from
observational data. Instead, we use a simple parameter-freeethod adapted from
work on gene co-expression networks [154]. We construct gieed networks, with
the mutual information between pairs of nodes as the strengtor weight of the con-
nections. We then calculate a \reconstructed" degree by addy the information for
each possible connection to the node in the network; jei 1 (Di; Djjt) [155].
For nodes that aren't connected] (D;; D;jt) 0, while I (D;; Djjt) is expected to be
large for connected nodes. While we cannot reconstruct thetaal network, we can
reconstruct the rank-order degree of higk-nodes { since we nd thatk is roughly
monotonic with the actual degreek for high-k nodes.
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3.3.4 Mean- eld theory of network dynamics

Here, we present a mean- eld theory of our network model to urdstand the mecha-
nisms underlying our model results. Our mean- eld theory (MT) is based on work
on epidemic processes in complex networks by Pastor-Satwet al. [156] together
with ideas from Gleeson [157] that we use to incorporate matity dynamics.

By MFT we mean a set of deterministic dynamical equations foraiage proba-
bilities of network nodes, including mortality nodes. Herewe retain the full degree
distribution P (k) and degree correlationd (kjk) of our stochastic network model,
but drop higher-order network correlations. This allows ugo identify what model
behavior is controlled by the degree distribution and degeecorrelations. (A simpler
MFT, with all nodes having the same degree, has been published]4 With a de-
gree distribution we then solve (see below) thousands of gded ordinary di erential
equations (ODEs) with standard numerical integrators.

Instead of treating each node individually, we assume node$ the same degree
behave the same. To do this, we average the damaged probalabtp(d, = 1;t) and
the undamaged probabilitie(d; = 0;t), conditioned on the damage of the mortality
nodes, over all nodes of the same degriee

X
Pi;dn 1 dm , (1) P(di = 1;dm,; dm,; )=(NP (k));
degéi)= k
Okidm s, (1) p(di = 0;dm, ; dm,; )=(NP (k));
deg(i)=k

where the mortality states are indicated bydy,;dm, 2 f0;1g, N is the number of
nodes, andP (k) is the degree distribution. The resulting joint probabilties are
Pk:dm ,:dm, @Nd Gcdrn,:dm,» fOr damaged and undamaged nodes respectively. These joint
probabilities satisfy

X
(Pkidm, idm, + Oy sdm,) = 15 (3.1)
dml;dmz
Pdn,idm, = Pkdm,idm, T Gkdm,idm,s aNd (3.2)
pkjdml?dmz = pk;dml;dmzzpjml;dmz; (33)

where the rst equation is a normalization condition, the seond completeness, and
the third Bayes' theorem for conditional probabilities. Fran our mortality rule of
dm,; dm, =1, the probability of mortality iS Pgead = Px:1:1 + G121, fOr any k.
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The probability of a neighbor of a node of degreke being damaged (which is its
local frailty f) given a particular mortality state is

X
Frjgmyiom, ) = P(KFK)PSidn i, 5 (3.4)
KO

where P (kJk) is the conditional degree distribution, or \nearest-neighor" degree
distribution. P (kJk) describes the structure of connections in the network, ancho
be varied independently of the degree distributio® (k).

Writing exact master equations forN nodes is impractical since there would be
2N distinct states to track, with even more distinct transition rates. As an enor-
mous simpli cation, we use averaged damage and repair rates modes of a given
connectivity k. This is our key mean- eld simpli cation. To do this we approxmate
hdid;i = hdiihd;i for all nodes, and approximate the number of damaged neighisdy
a binomial distribution ng B (Ng; fkjdn, dm,: K) = n"d f,?jgml;dmz(l fkjdml;dmz)" Nd
where the average proportion of damaged neighbors will bgq,, .q,,. Using Eq. 3.4,
we can then calculate our MFT damage and repair rates,

D E
h (fkjdn,:dm,)1 = o €Xp  Ng=k

k
- =k .
= o fidn,dn,© +1 fudn,idm, - (3.5)

The node degree is explicit in Eq. 3.5, while the degree cdaton is included through
the average local damage in Eq. 3.4.

Using these averaged damage/repair rates as transition pialities, we can write
a master equation for nodes with connectivitk = Knmin; :::; Kn, 1 and given the global
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state of the mortality nodes:

Proo(t) = Gcooh + (Fi)i pk;o;ohh +(fm)i +h +(fm2)iI (3.6)
Pooh  (Fi)i + pk;l;OR (fm)i + Peoah (fTZ)i
Goo(t) = Geooh +(F)i  Goo N+ (Fmy )i + h 4 (Fm))i (3.7)
+Pcooh ()i + Ggroh (Fmy)i + Geoh (Fmy)i
Piio(t) = Geroh «+(F)l Poroh + (Fmo)i + Pooh + (Fmy)i (3.8)
Poh (F)i peroh (Fmy)i
Gco(t) = Gooh +(F)i Gezoh + (Fm,)i + Geooh + (Fmy)i (3.9)
+toouoh (F)i Genoh (Fmy)i
Peo1(t) = Oeoah «+(F)i Peoah « (Fmy)i + Prooh + (Fmy)i (3.10)
Poih  (F)i peoah (Fm,)i
Goa(t) = Go1h «+ (F)i Georh + (Fmy)i + Geooh + (Fm,)i (3.11)
tpcoth (F)i Geoh  (Fmy)i
Piua(t) = Poroh + (Fm )i + Peoah + (Fm,)i (3.12)
Ge11(t) = Geroh + (Fmy)i + Geoah + (Fmy)i: (3.13)

In these equations we have not shown the mortality state indés off , for readability,
but they are the same as the associatepl or g factors. We have also de ned ,
and f,,, as the local frailties of the rst and second mortality nodeyespectively. We
have 8 equations for each distinct degree The last two equations determine the
mortality rate, px.11 + Ge1a-

The mean- eld model couples the dynamics of the lowest degrée= 2) with all
degrees up to the two highest (mortality nodes). Solving thequations requires us to
explicitly determine the two mortality node degrees. While aproximate calculations
of the maximum degree of scale-free networks are availablb8], we need théwo
highest degrees. We usk,, = 885 and k,, = 768, based on the averages from
simulations of the network. Similarly, we usé&y,, = 14 and kn,, = 13 for ER random
networks andky,, =7 and ky, = 6 for WS small-world networks. Qualitatively, our
gualitative MFT results do not depend on these mortality nodedegrees, as long as
they are su ciently large. The minimum degreek, is determined by the network

topology.
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Our default model uses a linearly-shifted preferential-eichment model, which has
explicit functional forms for the degree distributionP (k) and the nearest-neighbor
degree distributionP (kjk) asN !' 1 [100].

We numerically solve Eq. 3.13 for the probabilitie®x.d,, ., (t) and gy, , :dm, (1)-
These then allow us to calculate the average Fl,

KFyh
i P (K) Pyjaiive
FOi = T ; (3.14)

P (k)
k= Kjow

Pk;0;0 P01 T Py;1,0 .
)
Pk;:0.0 T Pr;or T Pr;z0 + oo T Gor + Ge1i0

Pxkjalive

so that the average is over the surviving individuals. Our avaged damage-rates
overestimate the true values, so for the same parameterizati mortality occurs on a
shorter timescale in the MFT. This is because rapidly damaggnodes drop out of the
full model once they are damaged, but continue to contributeotthe average damage
rates in the mean- eld model through Eq. 3.5. Because of thisvhen plotting MFT
results we scale time by, the time at which every node is damagedp( = 1).

3.4 Results

We will focus on measures that can be compared between modetlabservational
data, or that provide insight into the network structure of aganismal aging. We
start with observational data, to expand the observed aginghenomenology. Then
we explore how our network model behaves, with a focus on hoetwork properties
determine the qualitative behavior of the model.

3.4.1 Observational Data

Dauntingly, we have three challenges for assessing netwqgrtoperties from obser-
vational data: human studies are small (typically with. 10* individuals) so that

results will be noisy, di erent studies will have quantitaive di erences due to cohort
di erences and choices of measured health attributes, andevhave no robust way of
reconstructing networks from observed de cits so that the lzsolute connectivity of
health-attributes is unknown. We face these challenges bgdusing on qualitatively
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robust behavior from larger observational studies; this Wialso help us to confront
our results with the behavior of our generic network model.

From the American National Health and Nutrition Examination Suwvey (NHANES,
see [159]), the 2003-2004 and 2005-2006 cohorts were coeahiwith up to 5 years
of mortality reporting. This cross-sectional data includesme observation of age and
health de cits, with either age of death or last age known to & still alive. Laboratory
data were available for 9052 individuals and clinical dataro10004, aged 20+ years.
Thresholds used to binarize lab de cits are found in [72]. Bm the Canadian Study
of Health and Aging (CSHA, see [160]), 5 year mortality reportingre obtained from
1996/1997. This data is also cross-sectional, with one obgsion of age and health
de cits, and age of death or last known age alive. Laboratorgata were available
for 1013 individuals and clinical data for 8547, aged 65+ yea Thresholds used to
binarize lab de cits are found in [70]. By approaching bothiie NHANES and CSHA
studies with the same approaches, we can identify qualitagly robust features of
both.

Fig. 3.1 shows the average FI vs age fdt,, in red and Fgi, in blue for the
NHANES in the main plot and CSHA in the inset. In both studies lab decits
accumulate earlier than clinical de cits. A crossover ap@s in the NHANES data
around age 55 after which clinical de cits are more damagedhan lab de cits. A
similar crossover does not appear to happen in the CSHA data.

Figs. 3.2 and 3.3 show de cits rank-ordered in informatiori (M ; Djjt) for the
NHANES and CSHA studies, respectively. These are information \ gerprints".
Red points correspond to lab de cits and blue to clinical de s, as indicated. Both
types of de cits have similar magnitudes of information, alhough clinical de cits are
typically more informative. The comparable magnitudes of mual information for the
majority of individual de cits between lab and clinical Fls is consistent with earlier
analysis that found similar association between lab and nical FIs with mortality
using survival analysis [70, 72, 140].

Insets in Figs. 3.2 and 3.3 show the corresponding hazard m{HR) for the de cit
found from a Cox proportional hazards model regression, \withe de cit value and
age used as covariates. This semi-parametric analysis ieeafdone with medical data
[161]. The HR tends to increase as the rank-ordered informati increases, indicating
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that our mutual-information approach is capturing similar eects. Nevertheless, we
prefer mutual-information because it is non-parametric (@t model-dependent) and
so relies on fewer assumptions.

Our de cit-level analysis highlights the great variability of mutual information
(and HR ratios) between individual de cits. We have shown tht lab and clinical
de cits have a range of mutual information. We further note hat the top 5 - 7
most informative clinical de cits in both the NHANES and CSHA datasets measure
functional disabilities or dysfunction [162]. We nd that these high level de cits are
the most informative of mortality, and more informative thanany of the lab de cits.
From this, we hypothesize that highly informative clinicalde cits will also be highly
connected.

We have been able to partially reconstruct the network struare of clinical mea-
sures, as detailed in Sec. 3.3.3. In Fig. 3.4, we have validhtéis approach with
the top 32 most-connected model nodes. We use 10000 individu@ar our validation,
approximately the same number of people we have available imet observational stud-
ies. We know that our model information tends to increase witdegree for the high
degree nodes (see [44], and also Fig. 3.10 below). Fig. 3.4 shtvat information
also increases with the reconstructed degr&eas expected for a good reconstruction.
The inset showingk vsK indeed shows that the reconstructed degree is approximatel
monotonic with the exact degree | especially at higherk.

This means the reconstructed degree should provide a reasble rank-order in
connectivity for observational data. Nevertheless, low-geee nodes are not reliably
rank-ordered. Accordingly we only attempt to reconstruct chical R with this ap-
proach.

In Fig. 3.5, we plot information with respect to mortality | (M ; D;jt 2 [75; 85])
for each de cit, where de cits are rank-ordered in terms ofe@constructed degreeﬁ.
Information increases with reconstructed degree for botthé NHANES and CSHA
clinical data. This shows that high information de cits corespond to high connectiv-
ity in the observational data. Also, nearly all of the functimal disabilities intuitively
hypothesized to have a high connectivity are also found to @ a large reconstructed
degree.
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3.4.2 Model Age-structure

We saw, in Fig. 3.1, that pre-clinical (lab) damage accumulas before clinical dam-
age in observational data. This is a qualitatively robust ofervation, seen in both
NHANES and CSHA observational data. We also observed, in Fig. 3.5hat (in
terms of rank order) highly connected clinical de cits were mre informative than
less connected de cits. We expect that health-attributes ssessed by laboratory tests
are less connected than the high level functional attributeassessed clinically. We
hypothesize thatF, and Fgi, should behavequalitatively like collections of low or
high degree nodes, respectively, within our network modef aging.

We construct two distinct Fls to capture the di erence betweenwell-connected
hub nodes and poorly connected peripheral nodes. We measung-ttegree damage
by constructing Fiow = ; di=n from a random selection oih = 32 nodes all with
kK = kmin = 2. Similarly, we measure high-degree damage withyg, from the top
32 most connected nodes (excluding the two most connected nsdehich are the
mortality nodes).

Fig. 3.6 shows the cumulative average degree of damaged nodkg,i =
h iN:o Ki di:P iN:O dii vs aget. Error bars represent the standard deviation between
10 di erent randomly generated networks. They are each corapable to or smaller
than the point size, indicating that the age-structure repesents the network topology
rather than a single network realization.

For a uniform network or for damage rates independent of theegree of a node,
we would expecthkgami = ki for all agest. However, we see the average degree of
damaged de cits start at hki, with an initial decrease until around age 25 and then
an increase back tdki | implying damage does not uniformly propagate through
the network.

Initially damage is purely random, sdkgy,m(0)i = hki. Nodes with degredk; < hki
are being damaged whehky,nmi =ki decreases from 1, and nodes of degilge> HKi
are being damaged whetky,mi =HKi increases towards 1.

The inset of Fig. 3.6 shows the average Fl vs age B, and Fnign. We seelF i
initially larger than hFngni. Eventually with age, hFnhgni increases to matchhF gy i
and even slightly exceed at very old ages. Thus, ldwnodes behave similarly to lab
de cits, and high-k nodes behave similarly to clinical de cits in observationahealth
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3.4.3 Model Node Information

Fig. 3.9 shows the mutual information between death age and imtual nodes
| (A;D;) for our model. Red points are a random selection of 100 lowrtcectivity
nodes all withk = kn,j, = 2, the blue points are the top 100 most connected nodes
(excluding the 2 mortality nodes). For each selection, we i@ rank-ordered the nodes
in terms of mutual-information. The mutual-information for both high and low con-
nectivity nodes are comparable. This is surprising since grious work showed a
monotonic increase of the average information with conne¢ity [44]. However that
work used a di erent network for each individual, so that netwrk properties other
than the average degree were lost by pooling nodes of the sategree.

Without parameter tuning, we obtain striking qualitative agreement of the mag-
nitude of the mutual-information with mortality for both mod el and observational
data (see Figs. 3.2 and 3.3). We also obtain an overlap of maimiies of the mutual-
information of low-degree and high-degree nodes that is sian to that seen between
pre-clinical and clinical de cits. Since we know the modeletwork connectivity, we
can now examine what network properties cause this behavifmr our model.

In Fig. 3.10, we show the \spectrum” of mutual information betveen death age
and individual nodes| (A;Djjt = 80). We use individuals at aget = 80 years,
where the mutual information is close to maximal [44]. We usihe same network
for every individual, so that we do not lose the properties ofhe network between
individuals. For the most connected nodes, in blue, we plot nwal information vs.
the connectivity of the nodes. Here we see the monotonic trenfimutual information
vs connectivity, though there is signi cant variation for individual nodes. For the
least connected nodes, in red, all of the nodes hawe 2. Instead of connectivity, we
considered the nearest neighbor degré&g,, = P P2N (i) ki=k | i.e. the connectivity
of the neighbors of a node. With respect t&,,, we see a similar monotonic increase
of the mutual information for k = 2 nodes.

Neighbor-connectivity k., is predictive of mortality for minimally connected
nodes. We hypothesize that this is because the neighbor-cewctivity a ects when
peripheral (k = 2) nodes are damaged, i.e. that peripheral nodes with loky;, are
damaged earlier than those with largé,,.

In the inset of Fig. 3.11 we con rm that highk,, k = 2 nodes damage later. This
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allows highk,, nodes to be informative of mortality because they are diagsatic of a
more highly damaged network. From Fig. 3.11 we see that there a large range of
times for which lowerk nodes damage. Nevertheless, on average the high-nodes
at k = 2 damage before highk nodes even though (see Fig. 3.10) they can be similarly
informative.

3.4.4 Model Network Structure

We have seen that our network model of aging is able to captudetailed behavior
of lab and clinical Fls such as the the larger damage rates faww-k nodes at the
same time as the surprising informativeness of some léwiodes. The network is an
important aspect of our model, and so far we have assumed thatis a preferential
attachment scale-free network [98{100]. In this section, evexplore the qualitative
behavior of di erent network topologies.

Our network model has predominantly disassortative correfians (due to the
scale-free exponent < 3 [101]) | meaning that low- k nodes tend to connect to
high-k nodes, and that the average nn-degree decreases with dedfe3]. We see
this in Figure 3.12, where we plot the average nn-degrée,, (k)i as a function of de-
gree for our network. The purple points indicate our prefergial attachment model
network, and we see that the average nn-degree is inversedyated to the degree.

The green curve shows a rewired assortative network [143] aeaby preserving the
degrees of the original network but swapping links. To do teiwe use the method
of Brunet et al, using N? rewiring iterations with a parameterp = 0:99 [102]. By
modifying the nn-degrees of low degree nodes, we can invgete whetherk,, causes
or is just correlated with informative lowk nodes. Note that we use only the largest
connected component of the rewired network, withNi = 9989 nodes over 10 network
realizations.

The yellow triangles in Figure 3.12 show an Erdys-Renyi ratlom network (ER).
A random network is created by starting withN nodes, and randomly connecting
each pair of nodes with probability patach = Hki=(N 1) [142]. This results in
a (peaked) binomial degree distribution, and completely umcrelated connections
wherek,, = hk? =rki which is independent of individual node degree. As before, we
only use the largest connected component, withNi = 9805 nodes over 10 network
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realizations. The ER network also allows us to explore wheth the heavy tail of the
scale-free degree distribution is required to recover oubgervational results.

The light blue triangles in Figure 3.12 show a Watts-StrogatfWs) small-world
network [163]. This network starts with a uniform ring netwok with k; = hki for all
nodes, and randomly rewires each link with probabilityenire to another randomly
selected node. We uspwire = 0:05 to get the e ects of both high clustering (i.e.
links between neighbors of nodes) and short average pathgéms between arbitrary
pairs of nodes [142]. This network has a narrowly peaked degréistribution, with
a rapidly decaying exponential tail. ER and WS networks are iilar, as both have
short average path lengths between arbitrary nodes and ndreavy-tailed degree dis-
tributions, but the WS small-world network also has high cluring for small prewire -

To examine network e ects on our network aging model, we havept the same
model parameters for the (default) preferential attachmentisassortative network,
the assortative network, the ER random network, and the WS sntlaworld network.
(The scale-free exponent is only used in the disassortative and assortative networls
We examine 10 random realizations of each network. We have algaried model
parameters independently for each of these networks (datathshown) and obtain
the same qualitative results.

In Fig. 3.13 we show rank ordered information ngerprints forndividual de cits
| (A;Djjt), for the dierent network topologies as indicated. We obsee striking
di erences in the scale and range of the mutual information ith respect to mortality,
and in the di erences between the most and least connected resl The random and
small-world network both have a signi cantly smaller scaleof mutual information,
together with a much smaller range of variation.

The scale-free disassortative (default) and assortativeetworks both have signi -
cantly higher scale of information for the most connected wes, as well as consider-
able variation (approximately 10-fold) among them. Howevewhile the disassortative
network exhibits similar scales of information between theost and least connected
nodes the assortative network does not. Furthermore, the smtative network shows
only minimal variation of information among its least conneted nodes.

Only the disassortative (default) network exhibits the ngerprint of mutual in-
formation of the NHANES and CSHA observational studies, in Figs. 3.and 3.3
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remove zero degree nodes from the ER random degree distribatiso that Pygo (k) =
P(k)=P 160 P (1).) Using variousP (kk) we can then put di erent degree correlations
into our MFT network. We include three types of degree correlmns, uncorrelated
(neutral), assortative, and disassortative [142].

For a network with uncorrelated (neutral) connections,P (kdk) = k%P (k9=hki.
We then havekp, (k) = i kP (kJk) = hk2i=tki, so that all nodes have the same
nn-degree. These correlations are used for ER random and WSadlmwvorld networks,
and recover the approximately constank,, that we observed in Fig. 3.12.

In a network with assortative correlations, nodes tend to beonnected to other
nodes of similar degree. Assortative correlations that apgximate those used in
our computational model in Sec. 3.4.4 are [16B])(kJk) =  a+(1 kP (kY=rki.
These lead tokn, (k) = P kP (kJk) = k +(1  )HZi=hki, which increases linearly
with k (see Fig. 3.12). Changing modi es the amount of assortative correlation; we
use =0:8.

In a network with disassortative connections, nodes tend toe connected to other
nodes of diering degree. The (disassortative) correlatis for our default shifted-
linear preferential attachment network are [100],

(k+ + )(K+ )
k(m+ )(k+Kk+2 + )

X (i+m+2 + 1) k+k® m i
(i+ + 1) kO m

P (kJk) =

(3.16)

i=m+1
+X<° (i+m+2 + 1) k+k® m i
(i+ + 1) k m ’

#

i=m+1

wherem = Hki=2 = ki, and = m( 3). Thisis exactinthe limit N !'1 [100],
and gives disassortative correlations whetg,,(k) decreases witk.

In Fig. 3.17 we show the average low-FI vs the average highk FI, hF,(t)i vs
HFhign (1)1 from our MFT. In purple we use the (default) preferential attatiment dis-
assortative correlations, in green we use assortative cglations, and in light blue we
use a WS small-world network. We see qualitative agreementttvithe age-structure
shown in Fig. 3.14 { con rming that nn-degree correlations (icluded in our MFT) are
important for the observed age-structure. [We have not shewMFT results for the
ER random network sincehF,,i behaves poorly when it includes nodes witk 2,
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due to their great variability of local frailty f;.]

3.4.5 Mutual information of FI with mortality

We have seen thatF,, damages earlier thanFn, (Fig. 3.6) and that the mutual
information of poorly connected kK = 2) nodes with large nearest-neighbor degree
signi cantly overlaps with the informativeness of the most annected nodes (Fig. 3.10)
in our (disassortative) scale free network model. Becausetbése informative earlier
damaged nodes, we were interested in whethEy,, could be more informative of
mortality than Fnign, particularly at younger ages. In Fig. 3.18 we show the di erece
in information for F,, and Fyg, for di erent mortality outcomes vs age. We nd
that F, is slightly more informative at ages less than 65 and is increasingly more
informative than Fgn at these younger ages for longer mortality outcomes. Thistise
result of F,,, nodes damaging early but having a delayed e ect on mortalitygo that
they are an early predictor of later mortality, but not so mut immediate mortality.
The relatively large standard deviations for di erent randanly generated networks
shows that this result is a ected by the particular randomlygenerated network.

While the observational NHANES and CSHA sample-sizes are much siteal a
similar calculation shows a slightly lowefF,, information 0:002 0:013 compared
to Fqin in the NHANES data for younger people (65 75 years) and a slightly higher
mutual Fiz, information +0:033 0:027 compared to¢i, in the CSHA data. While
we do not have su cient data to vary our mortality outcome to determine if Fy, IS
more predictive of later mortality outcomes as we did in the miel, we can see in the
CSHA data that F5, is more informative for younger people.

Since we found that the most informative low-connectivity ndes were those with
large knn, We also considered an FI constructed from = 32 randomly chosen nodes

of lowest degreeK = 2) from those that have above-averagé,,. The information

high- knn

o is indicated in Fig.3.18 with down and up triangles for 10 and

advantage ofF,
5 year mortality, as indicated. The advantage oveFq, is large and signi cant for
ages below = 80 years, with a stronger advantage at earlier ages for latenortality.

This will be an attractive avenue to pursue.
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3.5 Summary and Discussion

The observationalF g, or Fi5, respectively measure clinically observable damage that
tends to occur late in life or pre-clinical damage that is tyjgally observable in lab tests
or biomarkers before clinical damage is seen. However, theg aimilarly informative
of human mortality [70, 72,140]. Our analysis indicates thandividual laboratory
and clinical de cits have broad and overlapping ranges of mual information.

Our working hypothesis is that clinical de cits correspondto high connectivity
nodes of a complex network, while laboratory de cits corr@®nd to lower connectivity
nodes. With our network model of individual aging and mortaty, we have con rmed
that Fpign and Fiow, formed from high and low connectivity nodes respectivelpehave
similarly to the observational F¢i, and F.

Within the context of our aging model, we uncover the mechaniss of this ob-
served behavior. In our model lovk nodes tend to damage before higk-nodes. This
is because of the larger average damage rates of lowedes compared to highk nodes
(as calculated with our network mean eld theory, and illustated in Fig. 3.7). At
the same time, our information spectrum shows that informadn | (A; Djjt) increases
with k. Roughly speaking, highk nodes need a larger local frailty to have compa-
rable damage rates as low-nodes. Thus, damage of higk-nodes is informative of
high network damage, which also leads to mortality. This is y high-k nodes both
damage later and are informative of mortality (Fig. 3.10b).

However, some lovk nodes also damage later and are highly informative of mortal
ity. Information | (A;D;jt) increases withk,, for the low-k nodes, and lowk high-k;,
nodes damage later. This can also be explained using the netiwstructure. Low-k
nodes are protected from damage when they are connected tghik nodes. Rapidly
damaging lowk nodes without this protection tend to damage early for most uhivid-
uals, giving these nodes a low information value of mortajit Conversely, protected
nodes tend to damage only when their high degree neighborarstto damage, which
only occurs when the network is heavily damaged and close tmrtality. As a result,
only the low-k nodes with highk,, are highly informative (Fig. 3.10a). Interestingly
these nodes still tend to damage before highnodes, leading to an early predictor of
mortality.

Degree correlations control the average degree of neighbgrnodes and hence
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control the amount of protection in lowk nodes. By modifying the degree correlations
in the network in our computational model we have shown thattis protection can be
caused by disassortative correlations | where lowk nodes tend to attach to highk
nodes. Conversely, eliminating lovi high-k,, nodes by modifying the network to
introduce assortative correlations removes this protecn, and we then nd all lowk
nodes have low information (Fig. 3.13b).

Our mean- eld model allows us to explicitly modify the degredistribution and
the degree correlations with the nearest-neighbor degreistdibution P (kjk), and to
include no other network features. In our mean- eld model wesee similar results to
our computational model where, e.g., adding assortativercelations increases the rate
at which F increases with respect td-,g,. This con rms that degree distribution
and degree correlations largely determine the early damagélow-k nodes that we
observe in scale-free networks.

Degree distributions and correlations only weakly contrahe behavior of ER ran-
dom and WS-small world networks. The low variation irk and k,,, in those networks
results in a lack of contrast between the damage rates of na@derhis leads to node
information that is nearly constant throughout the networkand to only small di er-
ences in the damage structure of lok-and highk nodes (Fig. 3.13c and d). This also
leads to low magnitude of the mutual information per node, sce nodes behave much
more uniformly and \randomly" than in a scale-free network.However, we can still
see some protection in low-nodes. This is particularly apparent in the ER random
network whenFpign surpassediq, (Fig. 3.14d).

The behavior of observational de cits seems to best reseralthe behavior of the
computational model with a scale-free network and disassative correlations. Node
information seen in the (default) scale-free disassorta& network is a much better
gualitative match of observational data, as compared with ste-free assortative, WS
small-world, or ER random networks.

Our analogy between observational de cits and model nodesl@aks us to make
predictions about the underlying network structure of obswational health de cits,
even though we cannot directly measure this network. Assungnthe mechanisms
studied here k and k., based) are dominant, the observational network should have
a heavy-tail degree distribution, so that a large range of psible information values
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can be obtained. The network should also include disassdit@ correlations so that
there are connections between higk-and lowk nodes, allowing lowk nodes to be
informative of mortality.

We remain open to the possibility that other network topologes not considered
here, perhaps with di erent dynamical models, would provid a better phenomenolog-
ical description of the observational data. Nevertheless, weve demonstrated that
the phenomenology we have studied does discriminate among thetwork topolo-
gies we have considered. In particular, we have found thatresidering both the age
structure and the information ngerprint of both low and high-connectivity de cits
is useful in probing the network structure within human agig.

From observational data we nd that clinical de cits that int egrate many sys-
tems into their performance (e.g. functional disabilitiesor social engagement) are
very informative (Figs. 3.2 and 3.3). In contrast, single dignoses, even ones strongly
associated with age such as osteoporosis, on their own o es$ value. The model
interpretation of this is that these high information disallity de cits have a higher
connectivity than lower information clinical de cits. It i ntuitively makes sense for
de cits that integrate many systems to have a large connedfity. In support of this,
our partial network reconstruction (Fig. 3.5) shows that hitp information clinical
de cits in both the NHANES and CSHA correspond to nodes with a highacon-
structed degree.

We have shown that the age-structure of network damage is ad¢d to the network
structure. Highly informative low-degree nodes (pre-clinat de cits) damaged early
in life promote the damage of their high-degree neighbors, tothe damage to their
high-degree neighbors takes time and is not seen in the higbgree (clinical) FI until
later ages. Indeed, we have shown that kg, is slightly more informative at earlier
ages, and is increasingly informative for longer mortalityuicomes (5 year vs 10 year)
(see Fig. 3.18). Choosing more higky, nodes inF 4, signi cantly enhances this e ect.
Low-k nodes are informative of long-term mortality rather than shd-term. Similar
results are seen in the observational CSHA data, which indies that F;, could be

used as an early measure of risk of future poor health.

Our network model is generic, without a speci ¢ mapping betaen model nodes
and observed human de cits. This is because we have no relalwvay of extracting



67

a speci c network from observational data, though we have shm that a partial
reconstruction of the rank-ordering of high-connectivitynodes can be done using a
method of reconstruction similar to that of WGCNA [154], seelao [167]. Distinct
parameterization of every node of a network model would reme enormous amounts
of observational data, if it could be done at all. For examplewe have fewer than
70 observational nodes in NHANES data, but our network model usés = 10000
nodes, so observational data under-samples a large networl/e similarly expect
many more unobserved than observed de cits in any observatial study. Instead,
we rely on signatures of the network structure that we can callate from our partial
reconstruction. We can then use our generic model to identifyobust qualitative
phenotypes | to uncover generic mechanisms, to predict behavig and to improve
the utility of the Frailty Index in human aging and mortality.

In this paper we have kept our model parameterization unchged from the default
parameters, though we have checked (data not shown) that ovesults are qualita-
tively robust to parameter variation. This has allowed us toexplore the impact of
network topology on mortality statistics (a small e ect) and on mutual information
between health de cits (a strong and distinctive e ect). The Fpign and Fi,, model
phenomenology are also a ected by changes in network topglo This indicates that
both Fnigh and Fy,,, are usefully distinct characteristics of health in our netwd model.
Our results provide insight into the mechanisms of the simitly useful and distinct
observationalF;, and F, [70,71, 140].



Chapter 4

Generating synthetic aging trajectories with a weighted

network model using cross-sectional data

4.1 Background

In Chapter 3 we indirectly probed the network by varying the sucture and studying
\ ngerprints" of dynamical behaviour. We observed the incease in Frailty Index and
mortality rate with age and the structure of information cortent within the de cits to
determine that networks within the generic network model rguire a structure with
few high degree \hub" nodes, and many low degree nodes. Thésa dissasortative
scale-free structure, which also o ered an explanation fohe di erences between FI-
clin and Fl-lab. This was done by comparing pre-de ned netwdr structures to the
observed data, and did not involve inferring the network fnon data. Additionally, this
also did not involve tting damage rates or other model parareters. In this chapter,
we build a model where the network and damage rates are parasrezed and t
from data by maximum likelihood. This allows the model to be lale to represent a
network of speci ¢ health variables, and generate realistisimulated populations with
individual binary health variables and mortality that correspond to the observed data.

To do this, we build from the generic network model by represéng a subset
of the nodes N = 10 compared toN = 10%) with specic health variables from
observational aging data. In the generic network model, danode had the same rate
parameters, and damage rates only di ered due to the impact ofeighbours. In this
new approach, the rate parameters for each node are sepalate We parameterize
the rates in terms of a network of connection weightd/ , and other rate parameters.
We also simplify mortality by using a single mortality node.

Since only a small subset of the nodes are represented by spduealth de cits
from observational data (10 de cits), we perform a mean- & approximation for the
unobserved nodes by representing the contribution to the dal frailty of each node
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by a deterministic function. Starting from the GNM with N = 10 we can see this in
the following way,

b\
fi(t) = a; di =k (4.1)
j=1
){\l l\)< 10
= a; di =k + a; di =k (4.2)
j=N  10+1 j=1
Xy
a; di=k + (t); (4.3)
j=N  10+1

where (t) is the average contribution of the nodes outside of the top0lmost con-
nected nodes to the local frailty. Performing this approxim@on signi cantly speeds
up the model, since only 10 nodes need to be simulated stodicly, and the average
contribution of the unobserved nodes are computed deternmgtically with (t). In
Figure 4.1 we measure this average contribution for each ofetliop 10 nodes in the
GNM. We see the a cubic t for this contribution calgtures the béaviour, and so in
the weighted network model we t functions i(t) = ., nt" for each nods.

We further modify the GNM by generalizing the rates from expoentials with con-
stant rate parameters for each node, to quartic power seriegth separate parameters
for each node ; (t) = (P ﬁzo - fi(t)"), and replace the binary adjacency matrix
a;j with a continuous-valued weight matrixw; allowing more exible connections of
varying strengths. The function (x) = max(0;x) allows rates to instantly \turn on"
at f > 0 when [, < 0. This is a key component of the model, since many of the
de cits only occur late in life.

We use cross-sectional aging data to infer the parametershieh includes the
network weight parameters. Cross-sectional data only inik@s one measurement of
the health state per individual as well as follow-up mortaty information, and does
not include time-course health states. We use small netwarlof 10 binary health
variables as nodes, representing potential health de citd @ Frailty Index.

This chapter presents the paper \Generating synthetic agingrajectories with a
weighted network model using cross-sectional data" pubisd in 2020 [48].
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4.2 Introduction

Human aging is a complex process of stochastic accumulatiohdamage [52] that
occurs at many organismal scales ranging from the cellulaf] [to the functional.
Individual health trajectories are heterogeneous, but tyipally worsen with age as
damage accumulates. Heterogeneity of aging trajectoriesisas even in studies of
clonal organisms in controlled laboratory conditions [5329], and is an intrinsic part
of aging. Heterogeneity in health as individuals age has besmasured with a variety
of methods, although here we focus on binary \health de citsdetermined from
routine clinical assessment and self-reported surveys {16, 69, 168]. Health de cits
are indicators of an aging phenotype, indicating diseasegbloratory abnormalities,
cognitive impairment, disability, or di culty performing everyday tasks.

While any single de cit may not be a good measure of overall higla, or a very
informative predictor of mortality, averaging many binary de cits to evaluate over-
all health provides measures that are strongly associatedtlw both adverse health
outcomes and mortality [14{16, 46, 69, 168]. Furthermoreush frailty indices (FIs)
are robust to missing or heterogeneous data [15]. Using \higavel" health-de cits
provides a measure of health that is both conveniently assedsand re ecting the
functional aspects of healthy living that are important to he individual [169]. Such
an Fl also contains information about health that is not found m recent epigenetic
measures based on DNA-methylation [170].

While the FI has been shown to be broadly predictive of both maatity [171]
and of the accumulation of individual de cits [168,172], it des not distinguish the
health trajectories of two individuals with the same FI evenfithey have distinct sets
of accumulated de cits. Capturing the heterogeneity in hdéh trajectories requires
modelling the full high-dimensional set of health variabke We develop a model to
generate populations of synthetic health trajectories, wbin capture this heterogene-
ity.

However, the development of models of aging is complicated tye data currently
available. Large observational studies (@ individuals) with linked mortality are
often cross-sectional (measuring most variables only wherdividuals enter a study),
have short censored survival outcomes, and have a lot of nigs data. This has
made developing realistic models of human aging di cult. Newtheless, such models
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would be useful to generate model individual health trajeoties during aging from
birth, or from baseline data of actual individuals. Encourgingly, a model capable
of generating general health trajectories during aging usingoss-sectional data has
recently been developed [173] { though it did not consider inddual survival.

Here, we develop an intuitive model that can be t with cross-sgional data with
censored survival information to generate individual agm trajectories that include
both health and survival. Our model is adapted from previous work modelinguman
aging with stochastic dynamics on a complex network [11,44], which was shown to
capture population level aging phenomena, such as Gompeitav of mortality [135].
This model was based on the intuitive assumption that havingne health de cit
increases the risk of acquiring another one, and so de citarc be thought of as
interacting in a network, in which connections establish pewise associations [47].
Nodes in this older model represented generic/abstract detsiand corresponded to
no speci c physiological systems in particular. Nevertheds, their collective behaviour
captured key aspects of aging. This \generic" network modeGNM) used many nodes
(N =10%) to abstractly represent the many interacting physiologial systems in the
human body, had simple interactions between nodes, and needno age-dependent
programming of damage.

Our new \weighted" network model (WNM) is parameterized so thaeach node
represents an actual health attribute (potential health desit) corresponding to ob-
servational aging data. We recognize that we will never be Ebto incorporate all
possible health attributes as nodes in our network or to dedise exact biological
mechanisms. For this reason, we use more complex weighted iatgions between
observed nodes that can capture the e ective behaviour of derlying and/or unob-
served biological mechanisms. This new WNM can be considerexddaacoarse-grained
adaptation of our previous GNM, with far fewer nodes.

We separately t our WNM with cross-sectional observational d@ from the Cana-
dian Study of Health and Aging (CSHA) [160] and the National Health ad Nutrition
Examination Survey (NHANES) [159]. These human aging studies rsist of 8547
and 9504 individuals, age ranges of 6599 and 20 85 years, in which mortality
data are available for at most 6 or 10 years past study entryespectively. De cits in
these datasets are binary indicators of health issues andagrate information across
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physiological systems, such as di culty performing activiies of daily living (ADLS)

or more complex instrumental activities of daily living (IADLs). We estimate pa-
rameters for each study by maximizing the log-likelihood foour model to recover
the observations, where the likelihood is estimated fromrsulations of the stochastic
model. By validating our model on a separate test set, we demsirate that our

model represents real aspects of aging, and is not over ttirtg the training data.

We nd that our synthetic individuals generated with our model capture the
health outcomes and survival of observed data with a numbef di erent measures.
Indeed, rather than focusing on achieving optimal predicte performance on any one
particular task, our goal was to obtain a robust model that ca generate realistic
trajectories for multiple health attributes at once for mary individuals from either
actual or synthetic baseline health status. Nevertheless, omodel cannot overcome
the intrinsic limitations of cross-sectional data {{ for exanple, the accuracy of health
trajectories will only be assessed by comparing simulatedlorts of individuals to
longitudinal data of the observed cohort.

4.3 Results

4.3.1 Health trajectories

Starting from an individual with a set of N potential binary de cits at a baseline age
to, fdi(to)gY,, our model (see Model section below, trained on the CSHA dat®
generates de cit trajectoriesf d;(t)g describing health for synthetic individuals for
each aget > t o until mortality. (Here d; = 1 indicates a de cit for the ith aspect
of individual health, while d, = O indicates no de cit. We generally refer to a set of
potential health de cits fd;g as health attributes). We want to test whether these
synthetic individuals age with the same properties as do readividuals in the ob-
served data. Without longitudinal data, we cannot test thesendividual trajectories
directly. However, we can use the population average of thessrved cross-sectional
data and compare with the average population trajectory paicted from our model.
If the study population was randomly sampled with no biases, wexpect these average
trajectories to agree.

Given baseline age antll = 10 selected de cits for individuals from the test data
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de cits. Using synthetic populations, we can also generatedjectories starting from
any age with partially observed sets of de cits with missingalues.

Figure 4.4 shows FI trajectories starting from the known basek data (red circle)
for 6 synthetic individuals with speci ¢ de cits. Horizontally, we vary baseline age
with 65, 75, and 85 along the columns. Vertically, we vary balne de cits, with
bottom individuals having a higher initial FI by having two additional de cits. In-
dividual trajectories are conditioned on dying at their methn survival probability
(dashed black lines), seen from the individual black sunaV¥ curves. Shaded regions
show a distribution of FI trajectories. The trajectories behve reasonably. Individ-
uals with more baseline de cits accumulate additional de its faster and die sooner.
Individuals starting at older ages also have a more rapid ingase in number of de cits
and have a shorter time to death. Note that these trajectoriesxhibit FIs larger than
the typically observed maximum of 07 [68,168,174], which is due to the small num-
ber of potential de cits used here (only 10) compared to tygial studies (with 30 - 40
potential de cits).

4.3.2 Individual de cit predictions

Since our training and test data sets have similar distribubn of health states (e.g.
de cit prevalence), the good test performances in Figure 4.&nd Figure 4.3 do not
rule out over tting to the training set, because the model wa only assessed against
the distribution of health states for the training and test data. To assess over tting,
we need to consider predictions of individual health statdsi.e. observed de cits for
speci ¢ individuals. We rst verify that there is only a  20% overlap between the
observed health states of individuals in the training and téslata sets, see Appendix
Figure A.8. (We also con rm that using only one or two attributes leads to a& 90%
overlap. Note that this overlap is not due to the same individua being present in
the training and test sets, but due to the discrete nature offte binary de cits.)

We test the model's ability to capture the age-dependent jot distribution of
de cits p(fd;gjt) by evaluating its performance in predicting \left out" de cits from
individuals in the test set at the same age, i.e. performing nsg data imputation
by estimating p(f dj Omissingif ti Jobserved; t). Given a known aget™ and known health
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Since our model includes potentially complex time-dependea ects, where sur-
vival curves can potentially cross, we use a more general atgpendent C-index. [177]
We obtain this by comparing the rank ordering between surval probability and
known survival age while including censoring, s6' = Pr( $(a™jt(Mv); f d;gmv) <
S(amjt(ma): f g;gm2))jalm) < g(m2): m1) = Q) [177].

Figure 4.6B shows this age-dependent C-index for both on thellftest set (solid
blue line) and strati ed by age (blue circles). The C-index Isows that the model
discriminates well on the full test when the di erence in agebetween individuals can
be used in the discrimination. When we stratify by age to elimiate this e ect, we
nevertheless see that the model still discriminates well ad on just these 10 de cits
alone, indicating that the model captures an increased risk mortality from speci c
de cits. In particular, our model performs better than a standard Cox-proportional
hazards [119] model using the Frailty Index and age (green sgas and line). We
note that strati ed values are noisy due to the small number ofndividuals per age
bin, especially at higher ages.

In Appendix Figure A.9A we show similar results for the C-Indexdr both train-
ing and test sets, which also indicates a lack of over tting. Similarly, Appendix
Figure A.9B shows anR? measure constructed from Brier Scores [178]. a measure
of how well predicted and observed survival curves match, dhbehaves similarly for
training and test data. Furthermore, Appendix Figure A.9C show the ROC AUC
for predicting binary dead/alive on the train/test sets within a speci ¢ window of
time, nding a similar AUC of approximately for 1-5 year mortdity windows. For
all of these, we nd similar behavior between the training at test sets, indicating
a lack of over tting. This is also seen for survival predictins for the alternative set
of de cits used in Appendix Figure A.3, as shown in Appendix Figuré.10 and for
survival predictions for the NHANES dataset, as shown in Appendikigure A.11.

4.3.4 Inferred network structure

In the Appendix A section on Parameter Robustness, we explotiee \robustness" of
both our network parameters and predictions by sampling amsemble of parameters
around the maximum likelihood estimate [179]. Appendix Fige A.1 shows that
signi cant deviations from the maximum likelihood parameers still leads to relatively
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accurate ts of the data { i.e. we obtain robust predictions. Haever, when we
optimized the model several times with di erent random seedse show in Appendix
Figure A.2 that we nd signi cantly di erent network paramete rizations each time.
Appendix Figure A.12D shows that even the sign of individual carections is not
robust. We conclude that while the model behavior is robusthe network structures
themselves are not robustly predicted by the available data

Nevertheless, we show in Figure 4.7 that how damage propagaftesm node to
node of the network does have some degree of robustness. Wanshverage pair-
wise damage rates; j(t) = h [ (t;di = 0;d; = 1;fdi9)ip(rdgitdi=0:0,=1) Of the ith
node conditional on prior damage of th¢th node. This robustness shows that the
behavior of our weighted network model (WNM) is robust despitsome sloppiness of

individual parameters.

4.4 Discussion

Our weighted network model (WNM) is trained with cross-sectioal data, generates
cohorts of synthetic individuals that resemble the observainal data, and can forecast
the future survival of real individuals from their baselinehealth and age. We have
validated the WNM model through a variety of measures. Synthet individuals
age with trajectories that have approximately the same prel@nce of de cits and
comorbidities as in the observed data. The average trajectes predicted by the
model agree very well for nearly 30 years. Given a set of knowa cits, the model
can predict the probability of having a missing or unknown deit at the same age,
demonstrating the models ability to capture the age-depeedt joint distribution of
the de cits. Estimated survival curves also agree with obseed population survival,
are predictive of mortality, and discriminate between indiiduals.

Our model has a large number (188) parameters while our hdaltata has only
N = 10 binary attributes. One concern with having at most 2 = 1024 discrete
health states is that there could be signi cant overlap beteen the test and training
sets. Nevertheless, we showed in Appendix Figure A.8, that a sigant fraction
of the health states from the test set are not in the training et. Using this (non-
overlapping) test set we have shown that our model does nottsiantially over t and
can make predictions on unseen test individuals.
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We emphasize that our model is not just tting the prevalence bthe N = 10
de cits, but is t to the full 10-dimensional age-dependentoint distribution p(f d;gjt)
which has 1024 distinct states. A full model of this distribtion would require many
more than 1024 parameters. Our network model substantiallgduces the number of
parameters required, by only directly tting pairwise interactions and getting e ective
higher order interactions through the local damage term inuw model (f;). While a
minimal model using our network approach using linear or sipte exponential forms
for the functions describing rates in our model would have 44parameters, we have
increased this to 188 by using 3rd order power series. Thissha ered increased
exibility to the model and also improves performance.

Our model generates accurate projections of the average hlearajectories of
groups of individuals. Taking a group of individuals and simiating them to their
deaths, we nd the average trajectory generally agrees withthé average population
data, which shows that model averaged trajectories are quitccurate and are con-
sistent with the assumption that the study population is a radom (representative)
sample. Note that this does not mean that we can overcome th#rinsic limitations of
cross-sectional data, and to validate the accuracy of inddual predicted trajectories
we would need longitudinal data.

Our model works when separately trained and tested on CSHA ardHANES
cross-sectional datasets. This success indicates that @pproach should work more
broadly with comparable cross-sectional data from other tlsets. Nevertheless, we
nd that performance is somewhat worse on the NHANES dataset. Thimay be due
to the presence of many missing values in the NHANES dataset, thecieased age
range of the NHANES dataset (20 85 years for NHANES vs 65 99 for CSHA), or
perhaps di ering biases in the cohorts studied.

When we predict health trajectories until very old ages (80 -®years old), our
model tends to estimate slightly higher prevalence than ardserved in cross-sectional
data (see Figure 4.2, and Appendix Figures A.3 and A.4), particulprin the NHANES
data where baseline measurements are taken further away rfrahe actual age of
death than in the CSHA data. One possible explanation for thiss that there is
a compromise in the model between tting these trajectorieand tting survival,
and the model is attempting to amend this compromise by ttingtrajectories well for
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early ages, then rapidly damaging de cits to induce mortaty in individuals to obtain
the correct survival predictions. Another possibility is tha the damage rates need
to rapidly increase from ages 60 to 90, but then slowly taper of this increase for
these older individuals. Fixing this would require more exile damage rate functions
capable of tapering o for very old individuals.

Alternatively, our model could be describing a real acceldran of health decline
before death that is not captured in the observational crossectional data due the
lack of health measurements near death. In other words, theesross-sectional studies
could be biased by excluding subjects near death, and our modetorrectly including
a large increase in the rate of damage near death. Indeed, imditudinal studies a
rapidly rising FI has been shown to identify individuals with ahigh risk of death
within 1 year [180] { this is called \terminal decline" [181] Using such longitudinal
data (see below) would allow us to better predict and to bettetest generated health
trajectories for speci ¢ individuals, including health nea death.

Individual survival is assessed with the C-index [176]. The-{Ddex evaluates the
model's ability to predict the relative risk of death for paiss of individuals. A C-index
of 1 represents perfect predictions, but in practice intrinsivariability of individual
mortality will limit the C-index below that in an age and heakh-dependent way. The
availability of individual data will further limit the C-in dex below that { but generally
above 05, for an uninformed random guess. We observe C-index valugsaround Q6
when stratifying by age, which means that just by using 10 bary de cits, we can
predict which of two individuals of the same age lives longeritl 60% accuracy. Our
model achieves better results than a simple Cox-proportion&lazards model [119]
using the Frailty Index, but a larger number of health de cits and more data would
further improve our model's predictions.

Our previous generic network model (GNM) captured populatio level aging be-
haviour like Gompertz' law of mortality and the average increse in the Frailty In-
dex (health decline) vs age [44, 45], however the nodes did ramtrrespond to any
particular health attribute (i.e. they were generic). Addirg more complexity to
damage/mortality rates with more exible functional forms, node-dependent tting
parameters, and a weighted interaction network, we have tebeen able to repre-
sent individual health attributes from observational agingdata with speci ¢ nodes
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in our WNM. This has allowed us to model individual health trajetories, including

individual survival.

The choice of which de cits to use with our model is arbitrarythe only assump-
tions we require are that they are binary and not reversible We do not need the
de cits to have strong correlations between them or be goodedictors of mortality
to capture the sample trends in health trajectories (Figure 2.and Figure 4.3) or
overall survival function (Figure 4.6A), since these do not slw individual predic-
tions but instead captures how well the model overall captes the trends seen in the
data. However, the quality of individual predictions for I&-out de cits and survival
(Figure 4.5 and Figure 4.6B) do depend on the de cits chosen, ke these are
predictions for speci c individuals. For independent de d@s that are absolutely un-
informative of mortality, we would expect AUCs of @5 for left-out de cit prediction
and a C-index of 05 for the mortality prediction.

The only health variables we have included are health de gtthat accumulate
through damage. Other static or non damage-accumulation viables are often con-
sidered in aging studies as well, such as sex [182{184], angdi®nmental variables
like socioeconomic status [185], or lifestyle. Variablesahdon't change by damage
accumulation but still interact with health de cits can be easily added to the model
as network nodes with static values. In this way they could narally interact with
the damage-accumulation health attributes. Similarly, idividual non-damage vari-
ables that could be deliberately modi ed { such as physicalaivity levels [186, 187]
{ could be added as nodes with explicit time-dependent valaghat depend on the
individual.

There has been signi cant work inferring biological netwdss, using a variety of
approaches [151,152,154,188] and at di erent scales [188] the context of human
frailty, previous work has created a network representatioof health attributes with
measures of association or correlation [45,190,191]. Deat methods result in dif-
ferent networks, and thus it has not been clear what underlygnassociation between
the de cits a given network represents. Equivalently, it hasot been clear how to
test a given network representation. In this work we conclathat while the model
behavior is robust, the network structures themselves infed by the model are not
robustly predicted by the available data.
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This lack of robustness of the network is not surprising. Dué& the complex
interactions between many parameters in our model, we expdtiat many network
parameters are \sloppy" [192]. This results in robust coltgive behavior of the system
for many di erent combinations of parameters { i.e. many dierent networks that
are consistent with the observed data. Indeed, this robustehavior seems necessary

to perform well in predicting de cit prevalence and mortalty.

Our network model imposes casual mechanisms within the sitation { it assumes
that there is a direction to the network weights, and attemptgo infer those weights
within the assumptions of the model. Since we do not have adexje data to be
able to infer true casual relations, these directed links am@mply chosen for accurate
prediction. A directed link in our model is just de ned in terms of prediction: a par-
ticular directed connection between two variables is inctled if it improves prediction
accuracy. Similarly, our network connections are not simplgorrelations between the
variables (for those, see Appendix Figure A.12), but are chosemimprove prediction.

In recent models of disease progression or aging either thertality is not con-
sidered [173], or the models require longitudinal data [1R®r both [194{196]. Struc-
turally, our model di ers from others by using an explicit néwork describing pairwise
interactions, and it uses this network to generate stochastchanges to their health
state as they age until death { rather than capturing the dynanics with unobserved
latent variables that are harder to interpret. Using discre¢ health states within our
model allows us to simply compare with observed health stat@ising maximum like-
lihood methods, and allows our success while using only crggestional data. That
said, our approach could be extended to use longitudinal dafor training { and we
would expect this to further improve model behavior.

The interpretability of our model structure makes it straightforward to adapt
our model to new applications. We can easily generate syntleetracked health
trajectories, or forecast the future trajectories of indivduals from speci ed health
states. This means that our model can generate many di erentachastic realizations
for the same individual after baseline, and can show how drences in possible health
trajectories lead to di erences in mortality. Another application of our computational
approach that would be facilitated by our model structure igo manipulate model
individuals to perform \health interventions" on speci c observed nodes or sets of
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nodes. We could then observe the a ect of general interventis on health trajectories
and mortality. These predictions could then be tested withdngitudinal data. This
is left for future work.

45 Methods

45.1 Model structure

In previous work, we developed a generic network model (GNM}4, 45] to study
how damage propagation in a network can lead to similar behawur as observed in
aging, in terms of population health and mortality. In this wak we expand upon and
generalize the GNM to be able to t the model to individuals with speci ¢ observed
de cits with a maximum likelihood approach. This allows us to gnerate synthetic
individuals from the model, which age with similar proper&s as the cohort used to
t the model.

We consider a network ofN nodes representing binary health attributes. Each
nodei = 1;:::;;N can be in stated, = 0 for undamaged (healthy) ord, = 1 damaged
(de cit). Nodes in the network undergo stochastic damage trasitions (0! 1) as an
individual ages. These transitions occur with rates that deend on the local damage
of neighbouring nodes. We call this local damage the \locafailty”, f;.

In the GNM, we measured the local damage around a specic node #we
proportion of damaged neighboursf; = ki szl aj di, where g; is the binary-
valued adjacency matrix of an undirected network andki = ; a; is the node
degree. Damage transitions (0 1) between states occurred with rates that de-
pend exponentially on the proportion of damaged neighboyrdescribed by a function

*(fi)= ¢ exp( *f;) with tunable parameters * and ;. Here we use superscript
\+" to denote that this is a damage rate, and correspondinglyuse \-" to denote repair
rates. The baseline rate ; controls the damage rate wheri; =0, and * controls
how strongly the rate increases with increasing;. Similar repair transitions were
also included (with separate parameters and ), but were found to be negligible.
The parameters * and ; were identical for each node and chosen to t population
mortality rates (Gompertz' law) and overall health decline(average Frailty Index).

For the GNM studies we usedN = 10 nodes [44, 45].
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In this work, we generalize the GNM to allow the model to represe specic
health attributes measured in observed health data as nod&s the network. We
generalize the original binary and undirected network to a eighted and directed
network, described by a continuous-valued adjacency matrof weights, w; . These
weights represent the strength of connections between paiof nodes. We call this
a weighted network model (WNM). We use far fewer than Onodes in this WNM
network, but account for the contribution of these missing ades by introducing a
time-dependent function (t) to the local damage of each nodd,. This function

i(t) represents the average contribution to the local damage ltlge dynamics of the
unobserved nodes. This average local damage contributiof(t) for each nodei is

. . . . . i=N;n=
implemented as a power series in terms biwith coe cients f i, g::l;nnzonf , Wheren;

is a hyperparameter for the number of terms used in the poweerses. This means
our new measure of local damage for théh node is a weighted sum over all of the
nodes of the network, with the additional contribution from the (t) term,

X
fi(,fdg = wid + i(t) ; (4.4)
j=1
)Qf
where (t) = int":
n=0
Powers in power series are indexed by, individual de cits or rates are indexed by
i, and sums over nodes in the network are indexed lpy We use this convention of
indexing throughout the methods. The function (x) = max(x; 0) is a \recti er" or
\hinge" function [197] that clips negative values to zero,esulting in a continuous non-
negative function. This can allow strong non-linear behawur by allowing the function

to be able to e ectively \turn on" at older ages. The network weights f w; glNJ -, and

. . i= N:n= . .
power series coe cientd i, 9:=1 ;nnzonf are included as tting parameters of the model.

The coe cients f j, g are constrained so that (t) increases monotonically with age,
details are in Appendix A.

The exponential damage rates of the GNM have been replaced bym general
power-series in terms of;, with node-dependent coe cients to allow each node to
have a di erent damage rate. This way, specic nodes in the mwork are able to
represent the distinct behaviour for speci ¢ de cits in theobserved data (in contrast
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to the generic network model). This more general damage raterfnodei is given by,

F(tfdg) = g mfi(tfdg)" (4.5)
n=0
This function describes the damage transition rate from 0 td for nodei. The
power series coe cientsf [ g:ilN;;n”::o”* are tting parameters of the model andn. is a
hyperparameter that determines the highest-order in the peer series. The coe cients
f [ g are constrained so that the rate increases monotonically tif ;.
Mortality occurs as a separate process with a rate of deathahfollows the same

form with a power series,

%01

p(t;fdg) = nX(tfdig)" (4.6)
n=0
X %02

x(tfdg) = id+ b (4.7)
j=1 n=0

This mortality rate is equivalent to having a single node thatorresponds to mortality,
and death occurs when it damages (in contrast to the two nodésat were used in the
GNM [11,44]). The measure of local damage that controls mortality is analogous
to the local damagef; for damage rates, and depends on each de cit linearly in a
weighted sum. Additionally, it includes an age-dependent deit-independent func-
tion represented as a power series (analogous t@t)). This mortality rate uses tting
parametersf ,gnod , f gL, , andf "0n22 as well asnp,; Np, as hyperparameters
determining the number of terms in the power series. The coeients in both  and
X are constrained so that they increase monotonically ix and t, respectively.

In total the model has Ny = N(N + ny + n, +1)+ np, + np, + 2 tting
parameters. We restrict parameter values to ensure thdt, [, p, and x are all
monotonically increasing functions of age. Details of the gaisite parameter bounds
are in Appendix A. Despite the large number of parameters, we h@awmany more
individual observations. We also carefully test predictias for a test population that
has small overlap of observed states with our training popation (see Appendix
Figure A.8). We nd no evidence of over tting.

The model is stochastically simulated by assuming the trait®n rates describe
exponentially distributed waiting times between transitons, and then using an exact
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event-driven stochastic simulation algorithm (SSA/Kinetc Monte Carlo) [144]. De-
tails of the stochastic simulation are in the SI. For one runfahe model until death,
i.e. for each synthetic individual, the model outputs deatlagetp and all node tra-
jectories, fdi(t)gzN for all t between the initial age and mortality. Fully synthetic
individuals are started att = 0 with all d;(t = 0) = 0, while predicted trajectories for
observed individuals are initialized at some, with the completely observed health
state at top. Due to the exact nature of the SSA, all transition times are prasely
resolved in our model data.

45.2 Likelihood

We calculate our likelihood using cross-sectional data. Fthe mth of M individuals,
we have measurements of health attributeld;g™ at aget(™. Instead of death age,
we have an observed survival ag&™ due to right censoring. This is the oldest age
that an individual is known to be alive, which can be writtenal™  min (t(Dm);t(cm))
: wheret(Dm) is actual death age and!™ is the censoring age i.e., the age of the
individual when they are known to be still alive due to obserd health state(s) but
after which their mortality is not recorded. We indicate cesoring with a binary
variable ™ =1, and uncensored withc™ = 0. In summary, we consider observed
cross-sectional data of the form t(™); f d;g™; a(™m); ¢(m mzl.
By simulating synthetic individuals from the model, we samige and estimate the
probability p(fdig™;ti™jt(™; ) for each individual m in the data. We denote all
parameters by the vector . For simplicity we split this probability into two separate
parts, representing mortality and health respectively:

logp(f i g™ ; tiMjt™: ) = log p(tTjf dig™;t™; ) +log p(fdig™jt™; ): (4.8)

For uncensored individuals, we can calculate their likeldod by using their known
death age using Equation 4.8. For censored individuals, wks@a need to integrate the

mortality term over all possible death ages above the censay age,
YA 1
S@Mjt™; fdg™; )= p(ajt™;fd,g™; )da’ (4.9)

a(m)

which is the probability of surviving to at least agea. Then we can calculate the full
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log-likelihood,
L() = Ligraiy -+ Lneatn + Ligrany (4.10)
3 logp(a™jf dig™; t™; )
g&jc(m)=0
+  logp(fdig™ijt™; )
X
+ logS(a™jt™; fdig™; );

mjc(m) =1

where the last term is added for censored individuals.

For an individual with missing data that does not have the fulN health attributes
measured, we marginalize over the missing values implicithy sampling all possible
combinations of the missing (binary) values. This is done umg a synthetic population
that has been initialized att = 0 with no damage. Additional details of the likelihood
estimation from simulations are in the SI.

45.3 Observed data

We use data from the Canadian Study of Health and Aging (CSHA) [166) develop
and test our model. The CSHA study used strati ed sampling to ba representative
sample of the older Canadian population. We use the rst wavefdhe sample with
8547 individuals that range from ages 6599 and death ages that are available within
a 6 year censoring window. The mean age is 76 years with a stardideviation of 7
years, the individuals are 60% female, and 78% of individisahave a censored death
age. The 10 binary de cits used in the main plots are \Walking dculty", \Showering
di culty", \Phone di culty", \Going out di culty”, \Shopp ing di culty”, \Prepar-
ing meal di culty", \House work di culty", \Take medicine di  culty", \Managing
money di culty”, and \Issues prevent normal activity". These were chosen by select-
ing de cits that had large hazard ratios in a Cox proportionalhazards analysis [119],
although any alternate sets of de cits can work, and an alterative set are shown in
Appendix A.

We split the data into a training set of 1020 individuals and aest set of 7527
individuals. We do this such that dividing the training set nto 5 year age bins has an
approximately uniform age distribution, and the remainingindividuals are put into
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the test set. This balances the training set and ensures noet \prioritized" in the
model training by having a much larger number of individuals

We validate our conclusions on the National Health And NutritionExamination
Survey (NHANES) [159]. The NHANES dataset used strati ed sampling tde a
representative sample of the US population. We use a combinedmple from the
2003-2004 and 2005-2006 cohorts. The sample has 9504 iddais that range from
ages 20 85 with death ages that are available within a 10 year censng window.
The mean age is 51 years, with a standard deviation of 20 yeatise individuals are
52% female, and 88% of individuals have a censored death age.the same way
as the CSHA data, this data is split into 2352 training individals and 7151 test
individuals.

4.5.4 Parameter optimization

For each data-set (and choice of health attributes), we maxiae the log-likelihood
in Equation 4.10 using particle swarm optimization [198] inrder to train the model
and estimate the parameters'. Details of the parameter optimization procedure are
in Appendix A. We use parameter bounds shown in the Sl to impose matonic de-
pendence of damage rates on existing damage. We regularize ttting as detailed
in Appendix A. We choose hyperparameters, =4 and n = np, = np, = 3. These
are the number of terms in our power-series expansions useadlamage and mortality
functions. The hyperparameters are hand chosen for simptici These hyperparame-
ters result in a model withN (N +8) +8 parameters, where N is the number of binary
health attributed modelled for each individual. Due to comptational demands, this
practically limits the size of N { here we takeN = 10 and so have 188 parameters.



Chapter 5

Interpretable machine learning for high-dimensional

trajectories of aging health

5.1 Background

Our previous work on the Weighted Network Model in Chapter 4 el an interaction
network with 10 binary health variables. The model was t wit cross-sectional data
that only had one measurement for each individual, along witmortality information.
This approach was limited by computational power availablesince the model involved
discrete transitions we had to use slower non-gradient baseptimization methods
to t the model. Additionally, the model required many simulations to approximate
the likelihood function (known as simulation based inferare [199, 200]).

In this chapter, | develop the Dynamic, Joint, Interpretable Néwvork (DJIN) model
of aging. Instead of building from the Generic Network Modelsawas done with the
Weighted Network Model, we take a new approach. The main distitions between
the WNM and the DJIN model is the use of continuous-valued healthaviables as
nodes in the network, and the use of a large longitudinal dadat to train the model.

In this model, the network consists of 29 continuous-valudakalth variables from
the English Longitudinal Study of Aging (ELSA) [201], a largedngitudinal study of
aging with up to 8 follow-up measurements per individual. Adtionally, the model
is much more e cient allowing us to t this model with more variables and many
more individuals when compared to the WNM. The continuous dymaics used in
the DJIN model let us use the stochastic gradient optimizatio techniques used in
machine learning to greatly increase the speed of trainingp¢ model, allowing us to

train with large networks for a large number of individuals.

This model is similar to the Stochastic Process Model of Agingreviously de-
veloped by Yashinet al. [33{36]. In this model, the observed health statg(t) is

93
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described by a stochastic di erential equation,
dy(t)= W(t) y(t) f(t) dt+ (t) dB(t); (5.1)

where f(t) describes the baseline evolution of the health statdyV (t) is a matrix
describing the interactions between health variables, and(t) is the strength of the
di usive noise in the evolution of the health state.

Additionally, the hazard rate of mortality is described by \quadratic hazards",

h(t) = ho(t) + (y()  9())"Q)(Y(t) g(1)); (5.2)

wherehg(t) is the baseline hazardg(t) is the baseline evolution, andQ(t) is a matrix
describing the interactions for mortality.

This joint model of both health and mortality can theoretically be usetio model
any number of health variables, however it has only used to rdel 1 or 2 variables.
Additionally, only simple forms of the functionsW (t); f(t); (t);g(t); Q(t) were con-
sidered, being either set constant or as linear functions tifne.

The DJIN model represents an extension and advancement of shapproach to
modelling aging, using techniques from modern machine learg. This is done by
scaling the approach up to incorporating many interacting héthn variables and large
datasets, Bayesian inference to include uncertainty in pameters and predictions, and
using exible neural networks to learn the unknown functionsnvolved in the model,
except the interaction networkW . Instead we use a constant interaction networkV ,
which allows us to interpret the interactions between the fadth variables in terms
of this network. Note, we do not attempt to interpret all aspets of the model, but
rather use \black-box" neural networks for all components fothe model except the
interaction network.

This chapter presents the paper \Interpretable machine leaing for high-
dimensional trajectories of aging health" submitted for phlication in 2021.

5.2 Introduction

Aging is a high-dimensional process due to the enormous numbéaspects of healthy
functioning that can change with age across a multitude of giical scales [4,52]. This
complexity is compounded by the heterogeneity and stochasty of individual aging



95

outcomes [53,129]. Strategies to simplify the complexityf aging include identifying
key biomarkers that quantitatively assess the aging proceg57, 61] or integrating
many variables into simple and interpretable one-dimensial summary measures of
the progression of aging, as with \Biological Age" [18,153)2], clinical measures such
as frailty [14,16], or recent machine learning models of agi[173,203]. Nevertheless,
one-dimensional measures only summarize the progressidéraging, and so can miss
signi cant aspects of high-dimensional aging trajectorieand of heterogeneous aging
outcomes. We introduce a machine learning approach to modeigh-dimensional
trajectories directly, while still learning interpretable aspects of our model through
an explicit network of interactions between variables. Welso compare this model
with lower-dimensional modelling approaches, explorindhé¢ dimensionality required
to model aging health outcomes.

The increasing availability of large longitudinal aging sidies is beginning to pro-
vide the rich data-sets necessary for the development of éme machine learning
models of aging [23]. Methods for predictive modelling of inddual health trajecto-
ries of disease progression have already been develope@{[l95, 204, 205], but they
generally are not joint models that include both mortality aad the progression of
aging [193]. There has also been progress on learning intetpble summaries of ag-
ing progression [173,203], generalizing biological-aggpeoaches but still producing
low-dimensional summaries of aging.

Less progress has been made on the more general problem of etiog high-
dimensional aging trajectories. Stochastic-process joimodels that simultaneously
model longitudinal and survival data have been proposed [ 35, 36], but have only
been implemented for one or two health variables at a time. Faall et al. [48] used
cross-sectional data to build a network model that generaderajectories of 10 health
variables and predicted survival, but it was limited to binay health measures.

In this work we use the English Longitudinal Study of Aging (EISA, [201]),
which is a large observational population study including avide variety of vari-
ables with follow-up measurements for up to 20 years includj mortality. Like other
large observational studies, for most individuals it has nmy missing measurements,
few irregularly-timed follow-ups, and censored mortality Any practical approach to
model such data must confront the challenges provided by reiag and irregularly
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timed data and by mortality censoring.

While machine learning (ML) approaches can help us navigate éke challenges
with available data, they face additional challenges of ietrpretability [23,206]. \Sci-
enti c Machine Learning" [24] or \Theory guided data sciene" [25] suggests that
domain knowledge be used to constrain and add interpretaityl to ML models. For
example, we can require that aging is modelled as a network iaferacting health
components [46,47], and that stochastic di erential equains (SDEs) model the dy-
namical evolution of high-dimensional health states [33]On the other hand we can
use general ML approaches to model survival or to impute missingtd for baseline
(initial) health states, where we may not be interested in iterpretation.

The result (see Fig. 5.1) is a powerful and exible, but interpetable, approach
to modelling aging and mortality from high-dimensional logitudinal data { one that
preserves but is not crippled by the complexity of aging. Wevaluate the resulting
model with test data and compare with simpler linear modellig approaches. We use
a Bayesian approach to infer the posterior distribution oftie both interaction network
and individual health trajectories to estimate con dence bunds. We demonstrate our
model's ability to robustly predict health trajectories usng an interpretable network
of interactions. Additionally, we demonstrate that low-dinensional latent variable
models of a similar structure cannot predict aging health doomes as well as this
high-dimensional network model.

5.3 Results

5.3.1 ELSA dataset

We combine waves 0 to 8 in the English Longitudinal Study of Agg (ELSA, [201])
to build a dataset of M = 25290 individuals, with longitudinal follow-up of up to
20 years. In this study, self-reported health informationsi obtained approximately
every 2 years and nurse-evaluated health with physical asse®nt and blood tests
approximately every 4 years. Considering all waves togetheith 2 year increments,
27% of values are missing for self-reported variables, 78%values are missing for
nurse-evaluated variables, and 96% of individual mortalitis censored. Training and
test trajectories (see below) are sampled starting with bakne times starting at each
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Figure 5.1: DJIN model of aging. a) Baseline imputation is performed using the
baseline health measuremeny;,, missing maskoy,, background health information
ui,, and baseline agé, as input to an encoder neural network (green) that parameter
izes a latent distribution. Sampling from this latent distrbution and using a decoder
neural network (orange) gives an imputed complete baselihealth-statex,. b) Base-
line generation conditional on background health informatn uy,, and baseline agé,
can be used instead of imputation. The population latent disbution is sampled and
used with the same decoder neural network (orange) to produaesynthetic baseline
health state xo. ¢) Network dynamics stochastically evolve the health stat(t) in
time starting from the baseline statex,. The stochastic dynamics are modeled with a
stochastic di erential equation which includes the pairnse network interactions with
connection weight matrixW , general diagonal termd;(x;(t); u¢,; t) parameterized as
neural networks, and a diagonal covariance matrix for the e ,(x) also param-
eterized with a neural network. d) The survival function evolves in time based on
the state and history of the health statex using a recurrent neural network (RNN).
The initial state of the RNN, hy,, is set using the background health informatiom,,
baseline ageg, and xo. Details are provided in the Methods. The code for our model
is available athttps://github.com/Spencerfar/djin-aging

of the waves; though at least one followup wave is required feest trajectories.

For a given starting wave, an individual's health state is okerved atK + 1 times
fteogk, with a set of health variablesfyy, gk.,. The vectorsy;, describe theN -
dimensional health state of an individual, where each of tH¢ dimensions represents
a separate health measurement. We seldgt= 29 continuous-valued or discrete ordi-
nal variables that were measured for at least two of the wavekdividuals also have
background (demographic, diagnostic, or lifestyle) infonation observed at baseline,
which is described by & -dimensional vectoru;,. We selectB = 19 of these contin-
uous or discrete valued background variables. These are diges auxiliary variables
at baseline; they aide the subsequent prediction of the helalvariablesy, vs time.

Variables used from the data-set were selected only by awbility, not by
predictive quality. All chosen variables and the number of olesved individuals
for each is shown in Appendix Figure B.1, the details of the vables are given in
Appendix Table B.1 and B.2.
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5.3.2 DJIN model of aging

We build a model to forecast an individual's future healthfy:, g0 and survival
probability f S(tk)gk- 0 given their baseline agey, baseline healthy;, and background
health variablesuy,. It is a dynamic, joint, interpretable network (DJIN) model of
aging. A schematic of our model is shown in Fig. 5.1, while magmatical details are
provided in the Methods.

E ective imputation is essential because none of the 2529fdividuals in the data-
set have a fully observed baseline health state. Fig. 5.1aigtrates our method of im-
putation for the baseline health state. Variational auto-acoders have shown promis-
ing results for imputation [207,208]. We impute with a normlizing- ow variational
auto-encoder [209], where a neural network (green trapezpencodes the known in-
formation about the individual into an individual-speci ¢ latent distribution, and a
second neural network (orange trapezoid) is used to decodates sampled from the
latent distribution into imputed values. This is a multiple imputation process that
outputs samples from a distribution of imputed values rathethan a single estimate.

We have chosen this imputation approach because we can alse it to generate
totally synthetic baseline health states given backgrouidemographic health infor-
mation and baseline age. Fig. 5.1b illustrates this method. Wandomly sample the
prior population distribution of the same latent space useth imputation, and then
combine this with arbitrary background information and use tle same decoder as in
imputation to transform the latent state into a synthetic baseline health state. With
repeated random samples of the latent space, we generate stribution of synthetic
baseline health states.

Fig. 5.1c illustrates the temporal dynamics of the health staten the model. Dy-
namics start with the imputed or synthetic baseline statexy. The health state is then
evolved in time with a set of stochastic di erential equatios, similar to the Stochas-
tic Process Model of Yashiret al. [33{35, 210]. The stochastic dynamics capture the
inherent stochasticity of the aging process. We assume lareinteractions between
the variables, with an interpretable interaction networkW . This interaction network
describes the direction and strength of interactions betwa pairs of health variables.

Fig. 5.1d illustrates the mortality component of the model. Tle temporal dynam-
ics of the health state is input into a recurrent neural netwmk (RNN) to estimate the
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individual hazard rate for mortality, which is used to compué an individual survival
function. Recent work shows that this approach can work weih joint models [193].
The RNN architecture uses the history of previous health stas in mortality, other-
wise mortality could only depend on the current health staterad could not capture
the e ects of a history of poor health. We have chosen this RNN @poach to mortality
because it performs better than either feed-forward (no hay) or Cox proportional
hazards models (as shown in Appendix Figure B.11).

We use a Bayesian approach to model uncertainty by estimatinthe posterior
distribution of parameters, of health trajectories and of swival curves { as illus-
trated by the shaded blue con dence intervals in Fig. 5.1C. Tdnandle our large and
high-dimensional datasets, we use a variational approxirtian to the posterior [211]
instead of slower MCMC methods. The variational approximabn reduces the sam-
pling problem to an optimization problem, which we can e cienly approach using
stochastic gradient descent. Mathematical details are praled in the Methods. The
code for our model is available ahttps://github.com/Spencerfar/djin-aging

5.3.3 Validation of model survival trajectories

We evaluate our model with test individuals withheld from taining. Given baseline
age ty, baseline health variablesy,, and background informationu;, for each of
these test individuals, we impute missing baseline variadd and predict future health
trajectories and mortality with the model. These predictims are compared with their
observed values.

The C-index measures the model's ability to discriminate ween individuals at
high or low risk of death. We use a time-dependent C-index [1]7Avhich is the
proportion of distinct pairs of individuals where the model arrectly predicts that in-
dividuals who died earlier had a lower survival probability Higher scores are better;
random predictions give 0.5. In Fig. 5.2a we see that our modeéd circles) performs
substantially better than a standard Cox proportional hazeds model (green squares)
with elastic net regularization and random forest MICE imptation [212,213]. The
horizontal lines show the C-index scores for the entire tesets and the points show
predictions strati ed by baseline age. Strati cation allovs us to remove age-e ects
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Figure 5.2: Model predictions and validation. Errorbars for all plots represent
standard errors of the mean for 10 ts of the DJIN model (oftenrsaller than point
size). a) Time-dependent C-index strati ed vs age (points) and for &lages (line).
Results are shown for our model (red) and a Elastic net Cox mel(green). (Higher
scores are better).b) Brier scores for the survival function vs death age. Integrat
Brier scores (IBS) over the full range of death ages are alsalicated. The Breslow
estimator for the baseline hazard is used for the Cox model. dver scores are better).
c) D-calibration of survival predictions. Error bars show thestandard deviation.
Estimated survival probabilities are expected to be unifonly distributed (dashed
black line). We use Pearson's? test to assess the distribution of survival probabilities
for our network model ( 2 = 0:0, p = 1:0) and an elastic net Cox model (> = 2:1,
p = 1:0). (Higher p-values and smaller 2 statistics are better). d) RMSE scores when
the baseline value is observed for each health variable foregictions between 1 and 6
years from baseline, scaled by the RMSE score from the age aed dependent sample
mean (relative RMSE scores). We show the predictions from oumodel starting
the baseline value (red circles), predictions assuming aast baseline value (blue
squares), and 29 distinct elastic-net linear models traideseparately for each of the
variables (green squares). The DJIN predictions here come rftcthe same model
as for mortality and the elastic net Cox model is also a distet model. (Lower
RMSE is better). e) Relative RMSE scores when the baseline value for each health
variable is imputed for predictions between 1 and 6 years frolmaseline. We show
the predictions from our model starting from the imputed badae value (red circles),
predictions assuming a static imputed value (blue squaregnd predictions assuming
an elastic-net linear model (green squares). (Lower RMSEhetter). f) RMSE score
distributions over all health variables for increasing yaa of prediction from baseline.
The median RMSE score is shown as a black dotted line betwedretboxes showing
upper and lower quartiles. Whiskers show 1.5x the interquahké range from the box.
(Lower RMSE is better). Self-report and nurse-evaluated was have distinct patterns
of missing variables; nurse-evaluated waves have highersesihgness overall.

in the predictions; we determine how well the model uses ht#alariables to discrim-

inate between pairs of individuals at the same age. Our modpfedictions do not
substantially degrade when controlling for age, indicato that it is learning directly

from health variables, rather than from age. Predictions degde at older baseline
ages due to the limited sample size.

We evaluate the detailed accuracy of survival curve predicins with the Brier
score [178]. Individual Brier scores calculate squared erbetween the full predicted
survival distribution S(t) and the exact survival \distribution" for that individual ,
which is a step-function equal to 1 when the individual is ale and 0 when they are
dead. Lower Brier scores are better, though the intrinsic vebility of mortality will



103

provide some non-zero lower bound to the Brier scores. In Fi§.2b we show the
average Brier score for di erent death ages for our model () and a Cox model
with a Breslow baseline hazard (green), indicating our motleas a substantially lower
error between the predicted and exact survival distributios for older ages (note the
log-scale). The Integrated Brier Score (IBS) is computed bytegrating these curves
over the range of observed death ages, and highlights the irapement of predictive
accuracy of our model as compared to Cox.

We evaluate the calibration of survival predictions with tle D-calibration score
[214]. For a well-calibrated survival curve prediction, hé of the test individuals
should die before their predicted median death age and halauld live longer. Cal-
ibrated survival probabilities can be interpreted as estiates of absolute risk rather
than just relative risk. The D-calibration score generalizethis to more quantiles of
the survival curve, where the proportion observed in each @dicted quantile should
be uniformly distributed. In Fig. 5.2c, we show deciles of thsurvival probability for
our model (red bins), compared with the expected uniform btk straight line. We
compute 2 statistics and p-values for the predictions of our model véhe uniform
ideal, as well as for a Cox proportional hazards model (higitam in Appendix Figure
B.12). Our model is consistent with a uniform distribution under this test (p = 1:0,

2 = 0:0) as desired for calibrated probabilities. The Cox model ialso calibrated
(p=1:0, 2=2:1), but with a slightly worse ? statistic.

These results demonstrate that our DJIN model accurately pdects the rela-
tive risk of mortality of individuals (assessed by the C-index predicts accurate
survival probabilities (assessed by the Brier score), andqgperly calibrates these sur-
vival probabilities so that they can be directly interpretal as an absolute risk of death.

5.3.4 Validation of model health trajectories

Model predictions of individual health trajectories are ao evaluated on the test
set. We compute the Root-Mean-Square Error (RMSE) for eactehlth variable, and
create a relative RMSE score by dividing by the RMSE obtainesvhen using the
age and sex matched training-set sample mean as the prediatioln Fig. 5.2d, we
show that the model (red circles) performs better than the agand sex dependent
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sample mean (black dashed line) when the baseline value of featicular variable is

observed. The RMSE here is computed for all predictions bed&n 1 and 6 years from
baseline. In Fig. 5.2e we show that the model is predictive ofttue health values
even when the initial value of the particular variable is impued.

As measured by the relative RMSE, our model is better than a nuinodel (blue
squares) that carries forward the observed baselind)(or imputed baseline value €)
for all ages. For comparison purposes, we also trained lingaodels with elastic net
regularization and random-forest MICE imputation [212, 213that have been trained
separately to predict each health variable. We are therefercomparing our single
DJIN model that predicts all 29 variables, to 29 independentttrained linear models.
While the linear models perform better than the null model foobserved baselines,
our model performs better than both. For imputed baselineshe linear models with
random-forest MICE imputation performs poorly even comparkto the imputed null
model, while our model continues to outperform both.

In Fig. 5.2f, we show boxplots of RMSE scores over the healthnables for 1-14
years past baseline, when the variable was initially obsexd at baseline. The model
is predictive for long term predictions, and remains bettethan linear elastic net
predictions for at least 14 years past baseline for the se#fport waves (blue) and 12
years past baseline for the nurse-evaluated waves inclugiblood biomarkers (pink).

In Appendix Figure B.3 we show example DJIN trajectories for 3 indiduals
in the test set for the 6 best predicted health variables. Wehsw both the mean
predicted model trajectory and a visualization of the unceainty in the trajectory. For
comparison, the sample mean and elastic net linear model atgown. The predicted
trajectories visually agree well with the data, and is oftersubstantially better than
either the elastic net linear predictions or the sample mearfer the corresponding
variables.

These results demonstrate that our DJIN model predicts the Yaes of future
health variables from baseline better than standard lineamodels, and also better
than sample-mean or constant baseline models.
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latent variable models are over tting survival, and can impove with hyperparameter
tuning.

These results suggests that work on low-dimensional summaneasures of aging
such as biological age can capture the progression of agibgt can not predict the
speci ¢ heterogeneous health outcomes during aging [2152216]. In Appendix Figure
B.9, we show in greater detail the one-dimensional summary o and in Appendix
Figure B.10 the 30-dimensional latent variable model.

Our network model that only includes pair-wise linear interetions performs sim-
ilarly to high-dimensional latent variable models that usenon-linear dynamics. This
suggests that our network approximation is su cient for desribing the dynamics
of these variables. One reason this linear pair-wise netkoapproximation may
work well is because we are interested in long term prediatis, rather than short-
time scale dynamics where the variables are likely more strgly non-linearly coupled.

5.3.6 Validation of generated synthetic populations

Given baseline age,, and background informationu,, for test individuals, we gen-
erate synthetic baseline health states and simulate a corpesding synthetic aging
population. We evaluate these aging trajectories by compag with the observed
test sample. We train a logistic regression classi er to ekate if the synthetic and

observed populations can be distinguished [196, 205,2118R We nd that this clas-

si er has below a 57% accuracy for the rst 14 years past bags in Figure 5.4 { only
slightly better than random. Additionally, we show that this approach is equivalent
or better than the non-linear latent variable models.

In Appendix Figures B.5 and B.6 we show the population and synétic baseline
distributions and population summary statistics for the tiajectories vs age for ages
65 to 90. We nd that our model captures the mean of the populadn, but slightly
underestimates the standard deviation of the population (agxpected due to our
variational approximation of the posterior [211]). In Appenix Figure B.4 we show the
population synthetic survival function agrees with the obasrved population survival
below age 90, where the majority of data lies.

The agreement of the synthetic and test populations demonsties the DJIN
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in grip strength.

Hierarchical clustering on the connection weights is inditad in Fig. 5.5, and the
ordering of the variables in the heatmap represents this hichy. Many of these in-
ferred clusters of nodes plausibly t with known physiologyFor example, most blood
biomarker measurements (bottom half) are separated from ¢hphysical/functional
measurements (top half, purple cluster). Other inferred akters include blood pres-
sure and pulse (orange) and lipids (green).

5.4 Discussion

We have developed a machine learning aging model, DJIN, to pretdboth multidi-
mensional health trajectories and survival given baselineformation, and to generate
realistic synthetic aging populations { while also learningnterpretable network inter-
actions that characterize the dynamics in terms of realistiphysiological interactions.
The DJIN model uses continuous-valued health variables fronhé¢ ELSA dataset,
including physical, functional, and molecular variables. & have shown that the
comprehensive DJIN model performs better than 30 independergularized linear
models that were trained speci cally for each separate hellvariable or survival
prediction task.

Using a latent-variable model approach, we analyzed the muldimensionality of
aging. While summary measures of aging such as the frailty inder biological age
are easily interpretable, they are only one-dimensional. &/nd that the changes
that occur due to aging are multidimensional. This is due tohte heterogeneity in
individual aging trajectories { individuals with the same failty index or biological
age can have distinct health states.

Previously, we had built a weighted network model (WNM) using ross-sectional
data with only binary health de cits [48]. That WNM did not incor porate contin-
uous health variables and could not be e ciently trained wih longitudinal data.
As a result, the networks inferred by that model were not robug and resulted in
many qualitatively distinct networks that were all consisent with the observed cross-
sectional binary data. In contrast, the DJIN model uses many atinuous valued
health variables and can be e ciently trained with large lorgitudinal datasets. As a
result, the DJIN model produces a robust and interpretable teraction network of
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multidimensional aging (Appendix Figure B.13 shows robustse between separate

ts of the model).

Recently, other machine learning models of aging or aginglated disease progres-
sion have been emerging [173,193,196,205,218]. Since thel di er signi cantly in
terms of both the datasets, types of data used, and scientigoals, it is still too early
to see which approaches are best { and for which data and whatajs. We use ELSA
data since it is longitudinal (to facilitate modelling trajectories), has many continuous
variables (to allow modelling of continuous trajectories andonstructing an interac-
tion network that is at the core of our model), and includes nmtality (to develop our
joint mortality model). The ELSA data is representative of nany large-scale aging

data sets.

Our scienti ¢ goals were to obtain good predictive accuraclyom baseline for both
health trajectories and mortality, while at the same time olaining an interpretable
network of interactions between health variables [23]. Tochieve these goals with the
ELSA data, we had to do signi cant imputation to complete thebaseline states. We
include stochastic dynamics within a Bayesian model framewk to obtain uncertain-
ties for both our predictions and the interaction network. The Bayesian approach is
computationally intensive and necessitated a variationalgproximation to the pos-
terior that tends to underestimate uncertainty [211]. From tle analysis of synthetic
populations (see Appendix Figures B.4, B.5, and B.6), this umiestimate appears to
be modest.

The DJIN model is not computationally demanding, needing onlgpproximately
12 hours to run with 1 GPU forM = 25290 individuals,B = 19 background variables,
N = 29 health-variables, and up toK = 20 years of longitudinal data. We expect
better performance and generalizability with more individus M. Because of the
interactions between health variables we also expect bettperformance with more
health variablesN. We note that binary health variables, or mixtures of binary ad
continuous variables, could be used with only small adjustmts. Since computational
demands for a forward pass of the model scale approximatelgdarly with M and
K, and quadratically with B + N, our existing DJIN model is already practical for
signi cantly larger datasets.

In this work we only consider predictions from the baselingae at a single age.
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We anticipate that individual prediction could be signi cantly improved by utilizing
more than one input time to impute the baseline health state or by conditioning
the predictions on multiple input ages. This conditioning an be done using a recur-
rent neural network [219,220]. Observed time-points aftéraseline can also be used to
update the dynamics [221] for predictions of continually aerved individuals in per-
sonalized medicine applications. However, both of these @éépments would either
require data with more follow-up times than we had available,rdimiting predictions
to very short time intervals. For these reasons, we chose tooatel trajectories using
only a single baseline health state.

We developed an imputation method that is trained along withtthe longitudinal
dynamics to impute missing baseline data. This imputation ethod can also be used
to generate synthetic individuals conditioned on baselindemographic information.
Large synthetic datasets can facilitate the development dtiture models and tech-
nigues by providing high-quality training data [222], and a& especially needed given
the lack of large longitudinal studies of aging [23]. In Figur&.4 and Appendix Fig-
ures B.4, B.5, and B.6 we show that our synthetic populatiorsicomparable to the
available individuals in the ELSA dataset. We have also praded a synthetic popu-
lation of nearly 10 individuals with annually sampled trajectories from baséte for
20 years [223].

At the heart of our dynamical model is a directed and signed ne&brk that is
directly interpretable. The DJIN model does not just make \back-box" predictions,
but is learning a plausible physiological model for the dymaics of the health vari-
ables. The network is not a correlation/association netwér(see comparison in Ap-
pendix Figure B.7) [153,154, 191], but instead determineswdhe current value of
the health variables in uence future changes to connectedehlth variables, leading
to coupled dynamics of the health variables. This establisls a predictive link be-
tween variables [224]. Similar directed linear networks arinferred in neuroscience
with Dynamic Causal Modelling [225,226]. While previous wkron learning networks
for discrete stochastic dynamics has been done in the past 7§229], we have used
continuous dynamics here. When interpreting the magnitude afeights, links func-
tion as in standard regression models: weight magnitudeslmbe dependent on the
variables included in the model, and can decrease if strongaedictor variables are
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added. Given the e ciency of our computational approach, inluding more health or
background variables is recommended if they are available.

The directed nature of the network connections lend themsals to clinical inter-
pretation { for example that ADL impairment has an e ect on indrumental ADL
(IADL) impairment and not vice versa, and that both have an e ecton general func-
tion score and vice versa. The directed network of interactis suggests avenues to
explore for interventions. For a given intervention (for eample drug, exercise, or
diet) we can ascertain which e ects of the intervention are éne cial and which are
deleterious. In principle, we could also predict the outcoenof multiple interventions
such as in polypharmacy [230]. A similar approach could bek@an for chronic dis-
eases or disorders. While static interventions could simphe included as background
variables, our DJIN model could also easily be adapted to allofer time-dependent
interventions. These avenues will be increasingly feagbhnd desirable with longitu-
dinal 'omics data-sets, where the interactions are not alrdg largely determined by

previous work.

We caution that our model does not currently take into accourhow interventions
may change relationships over time, or any higher order int&ctions than the pair-
wise interactions considered here. For example, the intetéon between sodium levels,
mobility, and diuretics appears to be strong [231], but wodlnot be captured in our
current model. Extending our approach to include such e estin the interactions
would be desirable.

The accuracy of our model can be slightly improved if a netwkrinterpretation
of the dynamics is not desired { for instance if the goal is oplprediction. High-
dimensional non-linear latent variable models that using meural network for the drift
function instead of pair-wise network interactions somevett improve health variable
prediction accuracy. However, our goal was to demonstrate thogood predictions
and interpretability. The network form of our dynamics is not the only type of
dynamics that can be used, and can be replaced with any altetive model of the
aging dynamics for bespoke interpretability.

The advantage of more interpretable models will be more cléyarseen when mul-
tiple data-sets are compared { since interpretability faditates comparisons between
cohorts, groups, or even between model organisms. Every espof our DIJN model
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can be made more structured, explicit and \interpretable". For example, propor-
tional hazards [119] or quadratic hazards [33] could be ustt mortality. While this

would reduce performance compared to our more general ndunatwork, it would

add interpretability to the survival predictions.

Our work opens the door to many possible follow-up studies. ud DJIN model
can be applied to any organism or set of variables that has amgh individual longitu-
dinal measurements. With genomic characterization of popations, the background
health information u;, can be greatly expanded to examine how the intrinsic vari-
ability of aging [53,129] and mortality are a ected by genet variation. By including
genomic, lab-test, and functional data we could use the interetable interactions
to determine how di erent organismal scales of health datanieract in determining
human aging trajectories. By including drug and behavioralgxercise, diet) interven-
tions as background variables, we can better determine hoWey a ect health during
aging. Finally, large longitudinal multi-omics datasets [8, 60] could be used to build
integrative models of human health.

We have demonstrated a viable interpretable machine leang (ML) approach
to build a model of human aging with a large longitudinal stugl that can predict
health trajectories, generate synthetic individual trajetories, and learn a network of
interactions describing the dynamics. The future of theseparoaches is bright [23],
since we are only starting to embrace the complexity of agingith large longitudinal
datasets. While ML models can nd immediate application in uderstanding patterns
of aging health in populations, we foresee that similar technigs will eventually reach
into clinical practice to guide personalized medicine of agy health.

5.5 Methods

5.5.1 ELSA dataset

We use waves 0-8 of the English Longitudinal study of Aging (ELf§ dataset [201],
with 25290 total individuals. We include both original and r&reshment samples that
joined the study after the start at wave 0. In Appendix Table B1 we list all variables
used. In Appendix Figure B.1, we show the number of individualfor which the
variable is available at di erent times from their entrance vave. Each available wave
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is used as a baseline state for each individual, see sectiob.5 for details.

We extract 29 longitudinally observed continuous or discretordinal health vari-
ables (treated as continuous) and 19 background health vables (taken as constant
with age). We set the gait speed of individuals with values @lve 4 meters per second
to missing, due to a likely data error. Sporadic missing ageseaimputed by assuming
the age di erence between waves is 2 years { the time di ereaan the design of the
study.

Individuals above age 90 in the ELSA dataset have their ageipatized. By as-
suming the time di erence between waves is 2 years, we \deyatize" these ages
within our analysis pipeline. For example, an individual mayhave recorded ages
87,89 hprivatizedi; hprivatizedi, which we deprivatize as 8789;91;93. When indi-
viduals are known to die at an age above 90 at a speci ¢c wave glsame approach is
done to deprivatize the death age. We have examined the acaay of reported ages
compared to this xed two-year wave interval deprivatizatim method, and we nd
that the majority of deviations range from 0-1 years (with 78 at O years, and an
average deviation of (23 years) { we expect similar variability for deprivatized ges
above 90.

Height is imputed with the last observation carried forward if it is missing, the
rst value is carried backwards from the rst available measrement). Individuals
with no recorded death age are considered censored at theistl observed age.

The data is randomly split into separate train (16689 individals), validation (4173
individuals), and test sets (5216 individuals). The traimig set is used to train the
model, the validation set is used for control of the optimiz&éon procedure during
training (through a learning rate schedule, see Section 565below), and the test set
is used to evaluate the model after training. Individuals wih fewer than 6 variables
measured at the baseline agi are dropped from the training and validation data.
Individuals with fewer than 10 variables measured at the basne aget, are dropped
from the test data for predictions, while all individuals in he test data are used for
population comparisons.

All variables are standardized to mean 0 and standard deviatidl (computed from
the training set); however variables with a skewed age-aggated distribution p(y)
covering multiple orders of magnitude are rst log-transfamed. Log-scaled variables
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are indicated in Appendix Table B.1.

5.5.2 Data augmentation

Since some health variables are measured only at speci citds using the entrance
wave as the only baseline of every individual forces some iednles to be rarely ob-
served at baseline, hindering imputation of variables thaére only observed at later
waves. To mitigate this and to augment the dataset, we replita individuals to use
all possible starting points,t(km);k 2 0 :::;argma)q((t(km))g. Since individuals have
di erent numbers of observed times we weight individuals inhe likelihood who have
multiple times available by s(™ = 1=(argmax,(t{™) + 1). This helps to prevent the
over-weighting of individuals with many possible startingimes. Nevertheless, we still
assume that replicated individuals are independent in thekklihood.

To further augment the available data, we arti cially corrupt the input data for
training by masking each observed health variable at based with probability 0:9.
This allows more distinct \individuals" for imputation of th e baseline state, and
allows us to use self-supervision for these arti cially méng values by training to
reconstruct the arti cially corrupted states.

5.5.3 DJIN model

We model the temporal dynamics of an individual's health sta with continuous-time

stochastic dynamics described with stochastic di erentlaequations (SDEs). These
SDEs include linear pair-wise interactions between the vabées to form a network
with a weight matrix W. We assume the observed health variables are noisy
observations of the underlying latent state variableg(t), which evolves according to
these network SDEs. This allows us to separate measurememtise from the noise
intrinsic to the stochastic dynamics of these variables.

These SDEs forx(t) start from each baseline statex,, which is imputed from
the available observed health statey,. This imputation process is done using a
normalizing- ow variational auto-encoder (VAE) [209]. In this approach, we en-
code the available baseline information into a latent distbution for each individ-
ual, and decode samples from this distribution to perform nitiple imputation. The
normalizing- ow VAE allows us to exibly model this latent di stribution. The details
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are described in Section 5.5.4 below.

Our model is described by the following equations:

= W5 y; x5t (5.3)
z; p(2)p( ); (5.4)
Xo= 0, Yo +(1 0y) Xo X0 N (Xoj x(ZiUiite; p)i 0); (5.5)

X
dxi(t) = Wi X (1) + Fi(Xi(t);u,s t; 1) dt+  (x(1))dB(t); X(to) = Xo; (5.6)
j=1
yi N ( 1(><(£));diag( y2); (5.7)
S(t) = exp t (fx()g o Ug;t% Hdt®; (5.8)
a (fx()g auyg:a )S(a); (5.9)
P(Z; T X (1) Jf Ve O Uos TOy Ok tos@;0) /1 p( )P(Z)P(XajZ; Uty) (5.10)
¥
P(f X (t)GkjXo; Utes to; IP(a; Gf X ()G Utgsto; ) P(Yedf X (1) Ok; Oys );
k=0

Model parameters () include the explicit network of interactions between healt
variables (V), measurement noise (,) and dynamical SDE noise (x), and network
weights for mortality RNN (), imputation VAE decoder ( ), and dynamical SDE
( ). Equation (5.4) represents priors on the model parameteend latent state z.
We use Laplacef|0; 0:05) priors for the network weights and Gammayyj1; 25000)
priors for the measurement noise scale parameters. We usecamal (Gaussian) prior
distribution for the latent spacez. We assume uniform priors for all other parameters.

In Equation (5.5) we sample the baseline state. The distriliion for xo given z
is modeled as Gaussian with mean computed from the decoder ra@wetwork and
the same standard deviation as the measurement noi$e( (z;Uy,;to; p); ). The
missing value imputation and the dynamics model are trainetbgether simultaneously
(see details below). This allows us to utilize the additioridongitudinal information
for training the imputation method, and helps to avoid an impted baseline state
that leads to poor trajectory or survival predictions.

Equation (5.6) describes the SDE network dynamics, startingrom the im-
puted baseline state. We capture single-variable trends \itthe non-linear
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fi(xi(t);uyt; ¢,), and couple the components ok(t) linearly by the directed in-
teraction matrix W , which represents the strength of interactions between theealth
variables. In this way, f; can be thought of as a non-linear function for the diag-
onal components of this matrix, whileW gives linear pair-wise interactions for the
o -diagonal components. The intrinsic di usive noise in the lealth trajectories is
modeled with Brownian motion with Gaussian incrementsiB (t) and strength .
The functionsf; and , are parameterized with neural networks.

Equation (Health observation) describes the Gaussian obsation model for the
observed health state. Measurement noise here is separat@rfrdi usive noise dB (t)
in the SDE from Equation (5.6). The component-wise transformi@mn  applies a
log-scaling to skewed variables (indicated in Appendix TablB.1) and z-scores all
variables.

Equation (5.8) describes the survival probability as comped with a recurrent
neural network (RNN) for the mortality hazard rate . The RNN allows us to use the
stochastic trajectory for the computation of the hazard rag (i.e. it has some memory
of health at previous ages), rather than imposing a memoryefe process where the
hazard rate only depends on the health state at the current ag We use a 2-layer
Gated Recurrent Unit (GRU [112]) for the RNN, with hidden stateh;. The initial
hidden statehy is inferred from the initial health variablesx(tg), background health
information u;,, and baseline age,, with a neural network hg = H (Xx(to); Uy,; to).
Equation (5.9) describes the observation model for survivalith age of death or last
age known alivea = max(tg4;tc), and censoring indicatorc.

Instead of just a maximum likelihood point estimate of the navork and other
parameters of the model, we use a Bayesian approach. This isaural approach
for this model, since the stochastic dynamics of(t) are separate from the noisy
observationsy;. This also allows us to infer the posterior distribution of tle health
trajectories and interaction network, and so lets us estinta the robustness of the
inferred network and the distribution of possible predicted rajectories, given the
observed data. In Equation (5.10) we show the form of the unrmoalized posterior
distribution.
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5.5.4 Variational approximation for scalable Bayesian inference

While sampling based methods of inference for SDE models dase}232,233], these
are generally not scalable to large datasets or to models Wwitmnany parameters. In-
stead, we use an approximate variational inference apprdaf234,235]. We assume
a parametric form of the posterior that is optimized to be clas to the true poste-
rior. While variational approximations tend to underestimae the width of posterior
distributions and simplify correlations, they typically cgture the mean [211].

Our factorized variational approximation to the posteriorin Equation (5.10) is

a(z;X(t); Yo Uty Otesto; ) = A(ZJYo; Uto; Oto: to;  2) (5.11)
a(x(t)jXo; Uees t; 5)a( 1 );
fx(t)g  ax(®)jXo Ut x) =) (5.12)

dx(t) = Wx + f(X;U:t; ¢)+ g(X Uty ) dt+ (x(1))dB (t);

with variational parameters = f ; ,; ¢. Instead of assuming an explicit para-
metric form for g(x(t)j «), we instead assume the trajectoriebx(t)g; are described
by samples from a posterior SDE with drift modi ed by includng a small fully con-
nected neural networkg [236]. This approach allows an e cient and exible form of
the variational posterior in Equation 5.12. W is the posterior mean of the network
weights. The functional form of the posterior drift is both moe general and more
easily trainable than the network SDE in Equation 5.6, but uimately is forced to be
close to the network dynamics in Equation (5.6) by the loss fiction. The loss func-
tion for this approach has been previously derived [234, 335The imputed baseline
statesxo are averaged over.

For the latent state z, the approximate posterior takes the form

zv zv z = Encoder(y,; 0y Utosto; 2); (5.13)
Yo = Ot VYot (1 Oto) Ysit o;POP) (5.14)
A(ZjYto; Uto: Otos to;  2) A(z"j¥o; Uto; Ot to; 2); (5.15)

. ¥ @ .,
N@OJ i D deaEEr

=1

1
. (5.16)

where the functionsa’)’ are RealNVP normalizing ows [237] used to transform the
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Gaussian base distribution foz© to the non-Gaussian posterior approximation, con-
ditioned on the specic individual with ,. These are invertible neural networks
that transform probability distributions while maintainin g normalization. In Equa-

tion 5.14 we |l in missing values in the observed health statsinceo is a mask of

observed variables andy, :pop is sampled from a Gaussian distribution with the sex
and age-dependent sample mean and standard deviation.is element-wise multipli-

cation. These lled in values are temporarily input to the egoder neural network,

and replaced after imputation.

The variational parameters of the approximate posterior are optimized to min-
imize the KL divergence between the approximation and the we posterior. This
minimized KL divergence provides a lower bound to the modeViglence that can be

maximized,
|Og p(f ytk gkjuto; Oto;tO) E 1 Z; Xojz; fx(t)otjXo (517)
Y
logp( )p(z)p(f X (t)0tjXo; Uty; )p(a; gf X(t)Gt; Uty to) P(Y1, JX(tk); Ot )
# K

loga(zjyo; Ute; Otos to)a( )a(f x(t)atjXo; Uy,)

where in the expectation , z, and f x(t)g; are sampled from their respective posterior
distributions. The imputed baseline state is sampled as,

x = Decoder(z;u,;to) (5.18)
xo N (.« D) (5.19)
Xo = 0O VYi+t(@1 0f) X0 (5.20)

Note that we keep the observed valug,, when available.

The nal objective function to be maximized isL, where the derivation is provided
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in Appendix 5. We obtain

X
L( ) = E 0y, 10gN (y¢ jx(ty); )
k=0
+ (Zl c) log (ajx(t);uy,;to) +Zlog S(ajx(t); u,; to)
v clogS(tix():ugito)dt+ (1 Jlog(l  SEX(L): uy,:to))dt
tOZ a #
1% a 2
- LW Wx g(Xugt)  dt
2 4, 2
KL (9 )iip( )) KL (a(zDjyo; Uto; Ot to)iip(2@))
X Y(7(D- -
+ " log det@¥@: 2 o) (5.21)

@O ’

=1

as the loss function for each individual. This is for all indiduals in the data mul-
tiplied by the sample weightss(™ for each individual m.We penalize the survival
probability by integrating the probability of being dead from the death agea to anax,
which better estimates survival probabilities [238]. We $&.x = 5 years. Otherwise,
it is di cult for the model to learn S! O for larget. The last 3 lines are the KL-
divergence terms for variational inference. The very lasinke is for the normalizing
ow portion of the variational auto-encoder.

To simplify the evaluation of L and decrease the number of parameters, we as-
sume independent Gamma posteriors for each measuremenbeparameter  with
separate shape ; and rate ;. We also assume independent Laplace posteriors for
each of the network weightsW; with separate meansW; and scalesh;. For the
approximate distribution of all other parameters we use de functions, and together
with uniform priors this leads to simplifying the approach o just optimizing these
parameters instead of optimizing variational parametersfdhe posterior.

5.5.5 Summarized training procedure

1. Pre-process data. AssigiN dynamical health variables andB static health
variables. Reserve validation and test data from training ata.

2. Sample batch and apply masking corruption and temporarilyil in missing
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values with samples from the population distribution,

Yo = C Ot Yto + (1 C Oto) + ys;to;pop; (522)
¢ Bernoulli(0:9): (5.23)

3. Impute initial state xo with the VAE and compute the initial memory state of
the mortality rate GRU,

z A(Zj¥to5 Utes © - Ogo5 to); (5.24)
xo N (X x(ziUiito); ) (5.25)
Xo = 0Oy VYio+t(1 0y) X*o (5.26)
hy, = H(Xo;Uy,;to): (5.27)

4. Sample trajectory from the SDE solver for the posterior SDEnal compute

mortality rate from GRU,

SDESolver(Xo; Uty ; to); (5.28)
GRU(fx(t)gjh,): (5.29)

fx(t)a
fS(t)a

5. Compute the gradient of the objective function (Equation Bl) and update

parameters, returning to step 2 until training is complete.

6. Evaluate model performance on test data.

5.5.6 Network architecture and Hyperparameters

The dierent neural networks used are summarized in Appendix dble B.4. We
use ELU activation functions for most hidden layer non-linarities, unless speci ed
otherwise. We haveN = 29 dynamical health variables, andB = 19 static health
variables. Additionally, we append a mask to the static health ariables indicating
which are missing, of size 17 (sex and ethnicity are never sirgg).

The functions f; in Equation (5.6) are feed-forward neural networks with inpt
size 2 +B + 17, hidden layer size 12, and output size 1. Each;i 2 f 1;:::;Ng has
its own weights. The noise function y has input sizeN, hidden layer sizeN, and
output size N. The posterior drift g is a fully-connected feed-forward neural network
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with input size N + B + 1+ 17, hidden layer size 8, and output size\. The VAE
encoder has input sizel? + B +1+17, hidden layer sizes 95 and 70, and output size
40, with batch normalization applied before the activatiorfunctions for each hidden
layer. The VAE decoder has input size 20 B + 17, hidden layer size 65, and output
sizeN with batch normalization applied before the activation for he hidden layer.
The size of the latent statez is 20. The mortality rate is a 2-layer GRU [112] with
a hidden layer sizes of 25 and 10.

We use 3 normalizing ow networks to transform the latent digibution from the
Gaussianz©@ to z. We use RealNVP normalizing ow networks [237] with layer size
30, 24, and 10 with batch normalization before a Tanh activain function for the
hidden layer. The size of , is 10.

We use batchsize of 1000 and learning rate F0with the ADAM optimizer [111].
We decay the learning rate by a factor of @ at loss plateaus lasting for 40 or more
epochs. We use KL-annealing with increasing linearly from 0 to 1 during the rst
300 epochs for the KL loss terms fag(x(t)) and q(z(t)), and increase linearly from 0
to 1 from 300 to 500 epochs for the KL terms for the prior oV . SDEs are solved
with the strong order 1.0 stochastic Runge-Kutta method [23%vith a constant time-
step of Q5 years. Integrals in the likelihood are computed with the &ipezoid method
using the same discretization as the dynamics.

5.5.7 Evaluation metrics
RMSE scores

Longitudinal health trajectory predictions are assessedith the Root-Mean-Square
Error (RMSE) of the predictions with respect to the observedalues. The RMSE is
evaluated for each health variable and is weighted by the satepweightss(™. We
compute these RMSE values for predictions for a speci c age
U
RMSE (t) = © 1% X s tx™ )y,
(=1 GG IVAOE (5.30)

m=1 kit t

where the inverse transform ; * reverse any log-scaling and the z-scoring performed
on the variables. The index i) indicates the individual, for M total individuals.
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Time-dependent C-index

The C-index measures the probability that the model corrett identi es which of a
pair of individuals live longer. Our model contains complexime-dependent e ects
where survival curves can potentially intersect, so we usetiane-dependent C-index
[177],

Cu

Pr( é(ml)(a(ml)) < é(mZ)(a(ml))ja(ml) < a(mZ); C(ml) = O) (531)
P S(ml)s(r;Z) [S(M1) (a(MD)) < §(M2) (g(MD)] [a(M) < a(M2)] [c(™) = Q]
' , smi)g(mz) [a(M) < a(M2)] [¢(m1) = Q] '

mai;mpo

ma;m

wheres(™ are individual sample weights. We denote death ages hyand censoring
ages byt., and de ne a™ = min(tém);tﬁ,m)) as the last observed age for censored
individuals (™ = 1) or the death age for uncensored individualsd™ = 0). The
indexes (M) and (m,) indicate the pair of individuals that are being compared. Dé&h

functions [] have value 1 if the argument is true, otherwise have value 0.

Brier score

The Brier score compares predicted individual survival prabilities to the exact

survival curves, i.e. a step function wher& = 1 while the individual is alive, and

S = 0 when the individual is dead. The censoring survival functin G(t) is computed

from the Kaplan-Meier estimate of the censoring distributio (using censoring as
events rather than the death [178]), which is used to weighhé individuals to account
for censoring. Then the Brier score is computed for all pobte death ages,

1 X am g™ =0) SM@)? (@M >t) 1 SMmt
ss= L° sm ¢ ) sSM L @™ >t (1
M G(am) G(t)
(5.32)
D-calibration

For well-calibrated survival probability predictions, weexpect p% of individuals to
have survived past thepth quantile of the survival distribution. This can be eval-
uated using D-calibration, and we follow the previously deloped procedure [214]
for computing the D-calibration statistic. The result is a dscrete distribution that
should match a uniform distribution if the calibration is pefect.
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We use a 2 test to compare to the uniform distribution. Using 10 bins, weuse
a 2 test with 9 degrees of freedom. Larger p-values (and smallerscores) indicate
that the survival probabilities are more uniformly distributed, as desired.

2-sample classi cation tests

To assess the quality of our synthetic population, we train Bogistic regression classi-
er and evaluate its ability to di erentiate between the obseved and synthetic popu-
lations [196, 205,217,218]. Ideally, a synthetic populath would be indistinguishable
from the observed population, giving a classi cation accacy of 50%.

Our classi er takes the current agd, the synthetic or observed health variableg,,
and the background health information variablesi;,, and then outputs the probability
of being a synthetic individual or a real observed individugrom the data-set. Miss-
ing values in the observed population are imputed with the seand age-dependent
sample mean, and these same values are applied to the synibhdtealth trajectories
by masking the predicted values.

Hierarchical clustering

We perform hierarchical clustering on the network weight8V . This is done by con-
structing a dissimilarity matrix,

(WT +W)=2; (5.33)

D max(!) !; (5.34)

and then using this dissimilarity matrix D to perform agglomerative clustering with
the average linkage [240]. We use the Scikit-learn [241] gage with the \Agglomer-
ativeClustering” routine.

5.5.8 Comparison with linear models

Imputation for comparison models

For the linear survival and longitudinal models, we use MICHor imputation [212]
with a random forest model [213]. We impute with the mean of thestimated values.
We use 40 trees and do a hyperparameter search over the maximtree depth. We
use the Scikit-learn [241] package.



125

Proportional hazards survival model

To compare with a suitable baseline model for survival prections, we use a propor-
tional hazards model [119] with the Breslow baseline hazaestimator [120]:

(tth;yto;uto) = exp( 0t0+ y yto+ u uto); (535)
S(tjto; Yio; Ut) exp( "5(t) (tito;yio; Us,)): (5.36)

We include elastic net regularization [242] for the coe ciets of the covariates.

Linear trajectory model

We use a simple linear model for health trajectories given kame data,

Yai = Yi ¥ (Yier Ues to)(tk  to); (5.37)
i(Yio;Utosto) = aitot 10 Yot 20 Uk (5.38)

trained independently for each variable. The parameters o, 1, and ,; are

trained with elastic net regularization.

Linear models' hyperparameters

We perform a random search over thé; and L, elastic net regularization param-
eters and the MICE random forest maximum depth using the valation set. The
regularization term in the elastic net models isl 1.aio jj Jj1 + % (L lyraio )i i3,
the common form of elastic net regularization used in Scikiearn [241], the package
we use to implement the elastic net linear model. We do the rdom search over
09, 2 [ 4,0], loggliraio 2 [ 2;0], and maximum tree depth in [$10] for 25
iterations.

We nd the parameters = 0:40423, 1140 = 0:55942, and a maximum tree
depth of 10 for the longitudinal model hyperparameters. Wend the parameters

= 0:00016,l1.ra0 = 0:15613, and a maximum tree depth of 10 for the survival
model hyperparameters.

5.5.9 Latent variable models

We compare our pair-wise interactions network model with tdrnate latent-varaible
models, where we directly incorporate dynamics for the late state z(t) and apply
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the decoder to estimate the health variables(t) at speci c ages. With this approach
we do not need to impute the baseline state of health varialseor to directly include
dynamics for the observed health state. Rather an encoder ngthe baseline health
state y, to the baseline latent statez,, dynamics are run on this latent space for
z(t), and a decoder directly maps the latent statez(t) to the predicted output of the
health variablesy;. In this model, we also can choose the size of the latent state
and so we use this approach to explore how many dimensions aequired for good
predictions of health outcomes and survival.
These models have the form,

Zo;  P(zo)p( ) (Prior)
dz(t) = f(z(t);%tot;t; 1)+ 2(z())dB(t); z(to) = zo; (Dynamics)
S(t) = exp (fz( )9 Ut )dt®; (Survival)
y¢ N Y (tzo(t);uto;oto; 0)); diag( y?) ; (Health observation)
a (fz()g aug;a )S(); (Survival observation)

p(f z(t)ar; ijtkgk;Uto;to;a;C)¢ p( )p(zo)p(f z(t)ajzo; Ui t; ) (Inference)
p(a;gf z( g Uity ) Pl Jf 2(t) gk );

k

= W: oyl et (Parameters)

where instead of the variable-wise neural networks in the pavise network model,
the function f is now a full feed-forward neural network including the intexctions
between all variables. The function is a decoder neural network which outputs the
mean of a Gaussian distribution for the health variableg,, from the latent state at
that age. Other than the size of the latent statez, all other hyperparameters and the
training procedure remain the same.

5.5.10 Code and Data availability

The English Longitudinal Study of Aging waves 0-8, 1998-201with iden-
tier UKDA-SN-5050-17 is available at https://www.elsa-project.ac.uk/
accessing-elsa-data . This requires registering with the UK Data Service.
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Our code is available athttps://github.com/Spencerfar/djin-aging



Chapter 6

Network inference discussion

6.1 Summary of results from chapters 3, 4, and 5

Three di erent models of aging were used or developed in Cheps 3, 4, and 5. The
main connecting theme of this work is the exploration or infence of the network
structure in these models. These networks represent paisgiinteractions between the
health variables, and allow interpretation of the models. fiese models serve di erent
purposes, and do not necessarily represent a strict replatent of the previous model.

Table 6.1 summarizes the aspects of these models. Detailshi$ table are elab-
orated on in the sub-sections below.

6.1.1 Generic network model

Chapter 3 used the Generic Network Model of aging (GNM) [125,2} This model was
developed to describe the process of damage accumulation@gma, within a complex
system described by a network of interacting components. i model involves only
a few parameters that are manually tuned to agree with populain-level mortality
and Frailty Index scores. Nodes in this model do not represeaty particular health
variable, but are generic, representing abstract binary daageable components of
health. We probed the network by observing the populationelel behaviour with
di erent pre-de ned network structures, rather than diredly inferring the network
structure or predicting individual health trajectories.

We identi ed that a scale-free and disassortative structu best captures the be-
haviour seen in the observational data. This was the only stcture to capture both
the mortality and Frailty Index behaviour, as well as the hiearchical information
structure within the nodes. Additionally, we o ered an explanation for the dier-
ence between FI-clin and Fl-lab. Based on the observed data for-€lin and FI-
lab [71, 126, 127], FI-clin de cits best correspond to highefjree nodes and Fl-lab
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Table 6.1: Summary of network models.  This table highlights the features or uses
of the models discussed in the preceding chapters. * binargrables are possible in
the DJIN model, but they haven't been used in this thesis.

Model
WNM DJIN

pre
<

Fitting with population average data
Fitting with longitudinal data
Fitting with cross-sectional data
Binary variables

Continuous variables

Fast training

Infers robust network

High dimensional

Network inferred from data
Conceptual/theoretical
Predictive

Generates synthetic populations

WNWNWNNNWNNWE
WwNWwN~N~NN® W
PwgWwwww N w~

de cits best correspond to low-degree nodes in a disassdita scale-free network.
The temporal order of damage in the network results in the cagsponding behaviour
of these types of nodes.

This model enables the simulation of millions of aging indiguals, with mortality
rates and Frailty Index scores corresponding to observed pdation means. These
simulated individuals can be used to theoretically study agg, without required de-
tailed observational aging data. Members of the Rutenbergraup have used this
model as a basis for several distinct research directions. shknple theoretical model
of disease has been developed by inducing increased damaggesrin a particular re-
gion of the network, and then studying the resulting aging &jectories and mortality
(work by Rebecca Tobin, unpublished). Similarly a model ohterventions have been
developed by enhancing repair of specic nodes for speci arte-periods (work by
Esha Sawant, unpublished). Work has also been done on undarsiing the optimal
network structures for healthy aging and lifespan (work by @rrett Stubbings [244]).

While this model lets us explore the associations between drent types of nodes
in the network and their relation to categories of health vaables in observed data,
we do not have a direct mapping between a node in the network and specic
health variable, or even to a speci ¢ physiological systeniThis prevents the model
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from being able to make predictions for individuals. To do tls mapping and make
predictions, the Weighted Network Model (WNM) was developed i€hapter 4 [48].

6.1.2 Weighted network model

The WNM used a much smaller network of 10 nodes, and used crosst®nal ob-
servational aging data to t the network weights and damageate parameters. This
data allows us to map the model nodes to speci ¢ health variggs, moving away from
the generic nature of the nodes in the GNM. The model is t with lnary health vari-
ables, allowing the model to describe the evolution of the a#s in a Frailty Index
with age. However, this model had to drop the simplicity of the GIM by introduc-
ing variable-weight connections, node-speci c rate paragters, and replaced simple
exponential functions with power-series relationships bveeen the amount of damage
to neighbouring nodes and damage rate.

The trained model is able to generate synthetic aging popuians with realistic
de cit accumulation and mortality. Given the state of currert health de cits, the
model was able to simulate the individuals health state untifleath. While this model
is able to generate realistic synthetic aging populationap one network was consistent
with the data, resulting in a network structure that was not mobust { tting the model
with a di erent random seed resulted in di erent networks. Havever, average pair-
wise rates were robust, suggesting that while the model betaur is robust the actual
network parameters were not. This is not uncommon in complewrodels, and is known
as parameter sloppiness [245].

This model has a similar use as the GNM, but can simulate popuaians with
speci ¢ health variables. However, this requires data withhese health variables to
t model parameters.

While this model is well-suited to model the binary de cits of aFrailty Index,
the model was very slow to train and slow to simulate populatits. Attempting to
train it with longitudinal data or a larger number of health de cits would be severely
limited by computational power. Additionally, only being alde to use binary health
de cits limits the type of data that can be modelled. In Chapte 5 we developed the
DJIN model of aging which addresses these concerns.
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6.1.3 Dynamic Joint Interpretable Network model

The DJIN model makes substantial changes from the WNM. The modakes a much
larger network of continuous-valued health variables, ant computationally much
faster so that it can be trained on large longitudinal datage. This model also makes
use of demographic or background health information used asxiliary variables to
further improve predictions.

The DJIN model is able to make detailed longitudinal predictins for individuals.
We show that the single comprehensive model achieves betperformance than 30
regularized linear models separately trained for each h#alvariable and survival.
Survival predictions are calibrated to predict both relatve and absolute risk.

This model also included an imputation method to impute the badine state,
so that predictions can be made even when the baseline heafitate is not fully
observed. This imputation method was trained together witlthe model, which gives
the model additional information about the quality of trajectory predictions to train
the imputation component. This is in contrast to other imputation approaches such
as MICE [212]. Additionally, this imputation method can be usd to generate a fully
synthetic population conditional on the background health ariables and baseline age.

In the DJIN model we found robust network connections, in conast to the WNM.
Examining these network connections, we found that thesemeections show realistic
physiological interactions. Hierarchical clustering on tse connections shows clusters
that make sense physiologically.

We compared the DJIN model similar latent-variable models. Theslatent-
variable models considered non-linear dynamics on a latengdith state, rather than
the observed variables. We found that the DJIN model performsimilarly to latent
variable models with the latent state as a similar size to the maber of observed
health variables. This indicates that the linear pairwise etwork interactions are a
good assumption, and that good predictions of health outcomes aging require a
high-dimensional model, although relative mortality riskpredictions or the \progres-
sion of aging" can be reduced to a lower dimensional state.



Chapter 7

Discovering latent aging phenotypes in C. elegans with

machine learning

7.1 Background

The DJIN model developed in Chapter 5 involved dynamics on thgpeci ¢ health
variables from observed data, and inferred a network of intactions between these
variables. The network of interactions for the observed hehl variables allows us to
interpret the model by examining the causal interactions uskeby the model to make
predictions. However, more exible models can be built by ceidering dynamics on
unobserved latent variables instead of the observed varials [219, 220, 246, 247].

In the machine learning literature, this style of latent varable model is known
as an auto-encoder [110], and was discussed in the Backgrouadtisn of Chapter
2. In this model, anencoder embeds the observed state into a latent space, and a
decoderdecodes this latent state back into the observed state. Fldsteé dynamics can
then be included on the latent space. To perform predictionghe observed early time
health state is embedded into the latent space, then the latedynamics are used to
estimate the latent state at a later time, which is then be deaded into predictions of
the observed state for these later times. This process takié® form,

Zo  d(zojXo); (Encoder)
dz(t) = f(z(t)) + (z(t)) dB(t); z(to) = Zo; (Dynamics)
Xgz(t)  p(x¢z(t)): (Decoder)

We also explored such latent variable alternatives to the DB model in Chapter 5,
showing that similar performance can be achieved with a dhty lower number of
dimensions, particularly for predictions of relative riskof death (with the C-index) {

at the cost of the interaction network. Although high-dimensonal latent variables are
still required for predictions of health outcomes. While thegoal of the DJIN model
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was to infer this interaction network, these latent varialbd alternatives are likely a
more attractive approach when the network is not desired.

While the latent variables can be di cult to interpret, these models can be made
more interpretable by incorporating structure in the latem variables [248{251]. In
previous latent variable approaches to modelling aging dat the structure of the
model enforced latent variables to be multi-dimensional ostant rates of aging [173]
or one dimensional summary measures such as a dynamicalltyaindex [203] or a
biological age [75{77, 215, 252{254]. The dynamics of exjtiy constructed latent
variables such as Physiological Dysregulation have also hemnsidered [20, 255].

In this chapter, | demonstrate one way to interpret such a lant variable model of
aging. This approach includes structure by allowing the iefence of distinct clusters
of latent variables and their aging trajectories. This letshe model identify distinct
aging phenotypes, without providing guidance on what thegghenotypes may be (i.e.
the process is unsupervised). Additionally, we assume linedynamics for the latent
variables leading to simpler dynamics on this latent space.

In this Chapter, the model uses data from the model organis@. elegans(open
source data from [256]). We use this data here instead of huméata as in previous
chapters for multiple reasons. First, the ELSA human data in Gapter 5 contained
short time-series for individuals, and so we could not use matime-points in the
encoder of our model, which limits the ability of the model tanfer clusters for unseen
test individuals. This C. elegansdata with long time-series allows the development of
a model that uses many time-points as input to the encoder. &mnd, there has been
previous work on understanding distinct aging phenotypes i@. elegans[83,256,257].
Third, this demonstrates the ability of these computationhaging models to apply to
other organisms with their own distinct characteristics ofging.

The work of this Chapter is not yet ready for publication, but & a follow-up to
Chapter 5.

7.2 Introduction

The hallmarks of aging [4] and the pillars of aging [5] iderti key physiological pro-
cesses that underlie aging. While these identi ed processe=present a low dimen-
sional description of aging, the number of observed changeshealthy functioning
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during aging are enormous [54]. Latent variable models can lised to identify a
low-dimensional set of key underlying attributes in a compk system.

One example of a latent variable model in aging is biologicafje [17], where the un-
derlying progression of aging is inferred from biologicahxiables, however it is limited
to one-dimension. Other approaches in aging explicitly cetruct the latent variables
describing the progression of aging e.g. the FI [14] or phyigical dysregulation [19].
There has also been work on machine learning based one-disienal latent variable
models [21]. Few approaches have looked into higher dimemsil latent descriptions
of aging [173].

Previous work with C. eleganshas used dimensional reduction techniques to iden-
tify latent trajectories of aging [83, 257]. In worms with dierent genotypes, this
technique has revealed divergent aging trajectories [257Additionally, there has
been the discussion of accelerated aging phenotype<nelegans[256], although in
this work distinct clusters were not identi ed.

In this work we build a machine learning model to identify distict aging phe-
notypes by unsupervised learning. This model describes tdgnamics of aging on a
simple latent space, where distinct phenotypes are more aty identi able.

7.3 Results

7.3.1 Bayesian latent-variable model for C. elegans

We useC. elegansdata from Zhanget al., [256]. In this dataset worms are tracked un-
til death (350 hours), with physiological measurements from image @dataken every
3 hours. The observed variables measure movement ability 5auto- uorescence
of material build-up in the intestine [259], tissue integrig [260], body size [256], and
reproductive capability [256]. All of these variables haveden shown to be associated
with lifespan, and form a set of health variables that can beudomatically measured
with high-throughput image analysis. Further details of tle speci c variables in this
dataset are in the Methods section. We denote the observed grseries measures as
fxig,, wherex, is a 11-dimensional vector of the health state at timeand a is the
death age.

We build a Bayesian latent-variable model, illustrated in Fgure 7.1. In this model,






136

the dynamics of latent variables describe the underlying dymics of aging, and are
transformed to observed health variables and hazard rates fprediction. These latent
variables are hierarchical, and dynamics are described by antiauous latent state z
that depends on a discrete cluster label A simpli ed version of this model is,

cmj Categorical( ); (7.1)
28 gMjc™  pziMjd™)p(g™jc™) (7.2)
dz™@) = g™dt + 0B (1); 2™ (to) = z{™; (7.3)
t
S@™();t)™ = exp L hE™C))d (7.4)
ty"
xMjizm@)y N (™) @™ (): (7.5)

for m=1;:::;M individuals

The full detailed form of the model is shown in the Methods, whh includes the full
set of priors on the parameters. We perform inference with isimodel by variational
Bayesian inference described in the Methods section. To somarize, for each indi-
vidual m, we infer the posterior distribution of the individual specc cluster label,
baseline latent state, and latent drift,g(c™; z{™; g(jf x{™ g;) with a recurrent neu-
ral network (RNN) that takes the rst 50 time steps as input (Figure 7.1a). Then,
latent trajectories z(t) are predicted using an SDE with baseline statg, and constant
drift g (Figure 7.1b, Equation 7.18). These latent states are decodedo predicted
health states with a decoder neural network (Figure 7.1c, Eqtion 7.5) and pre-
dicted survival probabilities (Figure 7.1c, Equation 7.4).In Appendix C, we show
that this model can accurately cluster data from a simulatediataset where we know
the ground truth cluster labels.

This model requires choosing the dimension of the latent s@ak. In Figure 7.2,
model prediction accuracy on the test set is shown vs latenirdension for a) root-
mean squared error (RMSE) for health predictions, b) C-indefor survival predic-
tions, and c) Integrated Brier Score for survival predictins. Since health predictions
plateau at a dimension of 7 and survival predictions are simail for all dimensions,
we have a latent state of size 7. Additionally in e), we show thahe model infers 2
clusters on average regardless of the dimension, and thaktdistribution of clusters
is distinct from the prior.
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7.3.2 Distinct aging trajectories

In Figure 7.3a), we show our 7-dimensional latent space modet C. elegans Each
plot shows a di erent observed variable vs age, with red andlue colors indicating
the two inferred clusters. Primarily, the blue cluster reprsents larger worms that
lay more eggs, and the red cluster represents smaller wornfsat lay fewer eggs.
Additionally we can see di erences in the auto- uorescencentensity texture, and
movement speed, where the smaller red cluster worms have dovintestinal auto-
uorescence, move slower and appear brighter.

These clusters also exhibit distinct short-lived and lontjved aging phenotypes.
Figure 7.3b) shows the di erence in lifespan for these worm3he red cluster worms
cluster worms live longer, and a log-rank test (a standard atistical test to compare
survival distributions) [261] is shown to highlight the di erence in survival between
these clusters.

A t-SNE dimensional reduction [262] is shown in Figure 7.3c)learly showing
these clusters on this lower dimensional space (note, thisid-dimensional t-SNE
reduction is not the same latent space as the 7-dimensionahsgs inferred by the
model). The average age-trajectory for these two groups thugh this space is shown
with the bold lines. The color of the points corresponds to lative age t=a (age
divided by death age), with lighter colors indicating earlyages, and darker colors
later ages. These trajectories are distinct, occupying sepge regions of the space for
the entire lifespan of the worms. This means that even in earljfe, these clusters
have distinct health states, and continue to have distinct hath states throughout
their life.

These clusters are consistent with current the understamty of C. elegansaging
biology. The nding of small worms with poor reproductive otput being long-lived
has been observed in other studies [256]. Similarly, there a clear relationship be-
tween intestinal auto- uorescence and lifespan [256, 25%}jth low auto- uorescence
worms living longer as seen here, as low auto- uorescence merare quickly clear-
ing material from their intestines. The clustering is most lear in for these three
variables. The relationship between movement speed and $pan is more complex,
and in the data we use very low speeds are associated with shidfigspans, but the
survival curves for medium to fast speeds overlap [256]. Waue found that worms in
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7.3.3 Aging dynamics are described by a simple low-dimensional
dynamics with identi able clusters

The complex dynamics of the observed variables are descdbby simple low-
dimensional latent dynamics in this model. Given an individals position and veloc-
ity in latent space, aging proceeds by simply moving in thisicection. The observed
health state and mortality rate are just complex transformaibns of this underlying
latent state.

The dynamics of this 7-dimensional latent state are shown iRigure 7.4a). On
this latent space, clusters are clearly identi able. The ditributions of the baseline
state and linear drift are shown in Figures 7.4b) and c), shong that these clusters
follow distinct aging trajectories. Additionally, in Figure 7.4d) we show that mortality
in this model is determined by di erent points in latent spae at death, because the
only contribution to mortality is the latent state, rather th an cluster-speci ¢ mortality
rates. This puts all of the mortality information into the latent space.

7.4 Discussion

Flexible latent variable models can be hard to interpret. Inhis work, we developed an
approach to interpret these latent variables by allowing th baseline latent states and
dynamics to cluster. Doing so, the model can infer distinct dergent aging trajectory
phenotypes. These clusters are inferred in an unsupervisedy, and incorporate both
the dynamics of the observed health state and survival.

Our approach is a probabilistic model based on a warped Gaias mixture [263].
The advantage of this approach over simpler non-probabilis clustering techniques
such as k-means, agglomerative clustering, spectral cleshg, or other traditional
approaches [264] is that the criteria for clustering is setupy our generative model for
the data (Figure 7.1), rather than constructing a distance osimilarity metric. The
data involves multivariate noisy irregularly-sampled tine series of di erent lengths
for health variables as well as observations of lifespan,dso it is not clear how to
construct a good distance or similarity metric for which to aister with. However, with
our approach we need only to specify a exible generative mdder the dynamics and
survival, and then clusters are naturally chosen by tting he model. The use of SDEs
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naturally allow irregularly-sampled time series of di erat lengths, and mortality is
included by building a joint model of both health and survivd This approach also
includes a metric for the quality of the clustering and chog of hyperparameters such
as the size of the latent dimension { the quality of the modelredictions on a test
set.

Our model for the dynamics of aging is related to that of Pieos et al. [37], where
multi-dimensional constant rates of aging are inferred. Tlemodel deterministic
latent dynamics z(t) = rt, wherer is a set of constant rates of aging inferred for
each individual, while we model aging dynamics by constantrit SDEs for each
individual. Our approach is distinct in that it includes clustering of the individual
aging trajectories, stochasticity in the evolution of the ging trajectories, and includes
mortality. Additionally, this approach only used a single basline time-point to infer
the rates of aging, similar to the DJIN model (Chapter 5), where dre we include
time-series input with a recurrent neural network.

Other approaches to analyzing aging data have shown that awedimensional
latent state, such as biological age and similar approachesn describe the progres-
sion of aging [18, 77,203, 216, 265], although we have showis fls not su cient to
predict individual heterogeneous aging outcomes (Chapt&). Here, we chose the
dimensionality of the latent state by the quality of the modé predictions.

It has been previously seen that genetic variants dE. elegansfollow distinct
trajectories in a 2-dimensional space reduced by t-SNE [257However, to do this
they did not perform the dimensionality reduction on the ful set of variables, but
extracted a subset of the variables that showed the most sigrant variation between
the two groups. Instead of this ad-hoc approach, our model dictly clusters from the
observed data.

In future work, our approach can be applied to such genetic nants of organisms
or to groups having undergone interventions. This can be uséd answer questions
such as: are genetic mutants or aging interventions merelganging the rate at which
aging occurs, or inducing a healthier divergent aging trajeary? Can we identify and
understand why individuals within an intervention group that are outliers do not
respond well to the intervention? We see a promising futureif approaches such as
this to answer these questions.
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7.5 Methods

7.5.1 C. elegans data

We useC. elegansdata from [256]. We use data from 672 isolated worms on bagsdr
food pads that are monitored with automated image acquistn and processing. Data
for individuals are collected at 3 hour intervals (although the start time for each
individual can vary by 3 hours). The data taken consists of locomotary ability
(Bulk movement [pixel displacement over 3 hours], unstimulad movement rate [pix-
els/second], stimulated movement rate immediately afterlbe-light stimulus (a) [pix-
els/second], stimulated movement rate 1.5 seconds afteubtlight stimulus (b) [pix-
els/second)), tissue integrity (average brightness of wor pixels), homeostatic ability
to clear material from the intestine (80th percentile of wan pixel auto- uorescence),
body size and shape (total cross-sectional body size [pitedsd aspect ratio [area
of rectangle bounding worm]), and reproductive output (Averge egg size [pixels],
cumulative eggs laid [count]). Worms are tracked until de&t We drop the rst
25 time-points for each worm, corresponding to the point in timevhen the average
number of eggs laid by the worms goes above zero, i.e. we onde wata for adult

worms.

We split the data into a training set of 472 worms, a validatiorset of 100 worms
and a test set of 100 worms. Training data is used to train the nael, validation data
is used to monitor training and decrease the learning rate dag training, and test
data is used to test model predictions.

7.5.2 Latent cluster trajectory model

We build a Bayesian latent cluster trajectory model. In thismodel, the dynamics of
worm aging are described by an underlying latent health statevolving stochastically
according to stochastic di erential equations. For healthpredictions, this latent state
is mapped to the observed variables with a decoder neural neirk, and for survival
predictions the latent state is mapped to the hazard rate wit another neural network.
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This model is written,

GEM(1); (Cluster probabilities)

C Categorical( ); (Individual cluster label)

f 0 N (0;25) (Cluster baseline latent state)
Zzgjc N ( ¢ ) (Individual baseline latent state)
ff.ge N (O; 25); (Cluster latent drift)
gic N (fe; +#c); (Individual latent drift)
dz(t) = gdt+ ,..dB(t); z(to) = zo; (Latent dynamics)

Xgz(t);t N ( (zg)); 2(z(b); (Health observations)
S(t; z(t)) = exp ( h(t® z(t9)dt9; (Survival)

For the cluster probabilities we use a GEM stick-breaking prior [266] truncated to
8 clusters, this is a method of constructing a Dirichlet pragss which is typically used
for clustering with an unknown number of clusters. We use brdanormal priors for
the cluster means and drifts,f .g. and ff.g.. Individual baseline latent statesz,
and drifts g are assumed to follow a Gaussian mixture with the correspoing cluster
means for the latent statef  .g. and drift ff.g.. Latent dynamics are modelled with an
SDE with drift g and initial latent state zy. Since the drift, baseline latent state and
di usive noise strength .. are all cluster dependent, these dynamics are clustered. A
graphical representation of this model is shown in Figure @h All other parameters
not discussed have uniform priors.

The latent state is mapped to the observed health state with &aussian observa-
tion model with mean (z(t) and standard deviation (z(t)), where these functions
are neural networks. We impose that the mean (z(t) be non-negative, preventing
the prediction of negative movement speeds. Additionally, wienpose that the stan-
dard deviation (z(t)) of the movement speed variables goes to zero as the mean of

the movement speed variables go to zero,

i(z(t) =max ~(z(t)) i(z(1); O ; (7.6)

where ~(z(t)) is a neural network.
The stick-breaking process is an iterative process de ningpé cluster probabilities
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as,

% Beta(1, =1); (7.7)

1 = Vi, (78)
1

i = Vv, (A w),i=1;unT, (7.9)
k=1
\8

g = Q@ w): (7.10)
k=1

This is used to de ne the posterior in terms o instead of .

7.5.3 Inference

We perform variational Bayesian inference with a postericaipproximation

a(z(t); 2o 9;C; o fe; Vif xe@r) = a(z(t)jzo; 9)A(Zoif X1 9)A(QIf X:0t) (7.11)
a(gf x¢g)d( o)a(fo)a(v):

For simplicity, we leave out the parameters of these distridions  from the notation.
The speci c distributions are de ned as,

d(zoif xe9) = N( 2(fxcq); 2(FXi@)); (7.12)
q9if xeG) = N ( o(fxe@);  o(fFXeQ)); (7.13)
q(cf x¢g:) = Categorical( (fxg)); (7.14)
)= N(m,;s%); (7.15)

a(fe) = N (Mre; ) (7.16)

g(v) =Beta( ; ): (7.17)

Functions of fx;g; use a recurrent neural network for on the rst 50 time points.
Valuesm .. ;msc;Sc;Sc; ; are the variational parameters of the corresponding
distributions. Figure 7.5(left) shows the construction of lhe encoder network for
d(zo; 9; C;jf X¢g:). The structure of this encoder is called a Variational Lader Auto-
Encoder (VLAE) [267]. This structure places more abstract feares deeper in the
hierarchy, and prevents the model from ignoring these deeplewels of the hierarchy.
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To sample the latent trajectories from the posterio(z(t)jzo; g), we follow previ-
ous work [234{236] and solve the auxillary SDE,

dz(t) = gdt+ gu(z(t);t)dt+ ,cdB(t); z(to) = Zo; (7.18)

where the drift consists of the posterior mean of the individal drift g = g.c(f X:0)
plus an additional feed-forward neural networlg,(z(t);t).
The loss (negative ELBO) for this model is,

X . h v _
L( ) = A(cif X¢Gt)Ezgig: cifeizty q 109 p(Xy, jz(t)) +
Zc k
a
+ logS(t; z(t))dt + log h(a;z(a)) + log S(a;z(a))
Ztoa+amax
+ log (1 S(t;z(t)))dt

a

p(zojc; c)p(gjc:fe))p( jop(fiop(g )p( )

I
"0 Azl x el xi@)a(d g dafa(v)
2 i+ ) 9)= L (7.19)

Note that sincec is a discrete variable, we cannot compute gradients with sghes
of c g Thus, we need to sum over all cluster labels, weighted by thgrobability
q(gf x¢g;). The derivation of this loss is similar to the derivation of he loss for the
DJIN model in Chapter 5, which is shown in Appendix B. The rst 3 Ines of this loss
are the likelihood for the data, including both health and stvival. We penalize the
survival probability by integrating the probability of being dead from the death aga
to amax, Which better estimates survival probabilities [238] (thentegral on the third
line). We setanax = 45 hours. Otherwise, it is di cult for the model to learn S! 0
for larget. The last 2 lines are the KL-divergence terms for variatiorianference.

To compute the term involving the cluster labels and the stickreaking prior

logp(cj ), we follow Bleiet al., [268]

X8 h
Eflogp(d )] = ac>kifxig)(( «)  ( «t+ «) (7.20)

k=1 .
|

+o(c= Kifxeg)(( ) ( «+ «);

where is the digamma function, and and are the variational parameters of the

posterior distribution of v in Equation 7.17.
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7.5.4 Summary of training procedure

1. Sample batch of data. Run RNN backwards through the rst 50 the-points to
output cluster labels, individual baseline state states,ral drifts

fxig- 5! RNN! ¢ zo; g 0(C;zo; 0if X¢Q% &) (7.21)

2. Set baseline statez(tg) = zo and solve latent SDE dynamics with the SDE in
Equation 7.18,

dz(t) = gdt + g.(z(t);t)dt+ ,..dB(t): (7.22)

3. Compute mean (z(t)) and standard deviation (z(t)) of observed health state
from latent state.

4. Compute hazard rated(t; z(t)). Compute survival functions from hazard rates,
Z
S(t; z(t)) = exp ( h(t% z(t9)dt9: (7.23)

5. Compute gradient of loss in Equation 7.19 and update variathal parameters.
Return to step 1.

7.5.5 Hyperparameters and network architectures

We use a latent state of size 7. The encoder uses a GRU RNN [11d{h an internal
hidden state size of 30 followed by a Batch-Normh¢ in Figure 7.5). The hidden
state h, has size 15 and follows from an ELU activition, linear layerand Batch-
Norm applied to h;.

Linear transformations ofh; are used to compute the mean and covariance zf
and the mean and covariance of. A linear transformation of h, and a soft-max
activation is used to compute probabilities of each clustdabel c.

The hazard rate is estimated from the latent statez and aget with a feed-word
neural network that has input size 8 (latent state plus age)hidden layer size 7, an
ELU activation, and output layer size 1. The mean for the obseed health variables

(z(t)) has an input layer of size 5, a hidden layer of size 8, an ELUtaation, and
an output layer of size 11.
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Covariance matrices are parameterized with a low-rank appriomation of rank 3
(compared to the full rank size of 7). This is done by tting a m&ix C 2 R® 7 and
a vectord 2 R” and computing the covariance = d?+ CTC.

We use the ADAM optimizer to update the parameters [111], with &arning rate
of 10 2. A learning rate schedule is used to halve the learning rate wiéoss plateaus
last for longer than 10 epochs. We use KL annealing and increabe weight of the
KL-divergence terms in the loss function from 0 to 1 linearlywer the rst 100 epochs.
All models are run to 300 epochs | all training set and validation set ELBOs are
plateaued at this point.

7.5.6 Non-constant drift models

To validate our simpli cation of the dynamics with a constan drift, we compare the
constant drift dynamics with linear and non-linear drift dynamics. The form of these
two approaches are,

dz(t) = gdt + W jip.cz(t)dt + ,..dB(t); (linear drift)
dz(t) = gdt + Qnon iinc(z(t))dt+ ,..dB(t); (non-linear drift)

whereW ji,.c IS a matrix linear coupling the latent variables, andgnon iin:c iS a feed-
forward neural network with one hidden layer of size 5.

Note that while the constant drift g is inferred for each individual (i.e. the
drift is individual-specic), W in.c and gnon iin:c are only cluster-specic. Including
individual-speci ¢ versions of these would greatly increse the parameters of the
model.

While a full test of the the non-linear approach would requiresubstantial hyper-
parameter tuning, we show that the constant drift dynamics wrk well in comparison
to these two models, representing an enormous simpli catioof the dynamics.

7.5.7 Evaluation metrics

RMSE scores

Health predictions are assessed with the Root-Mean-Squarerdr (RMSE) of the
predictions with respect to the observed values. We computkese RMSE values for
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predictions for a variablei and a speci ¢ agety,

\
u

X
RMSEi(tk)=PMi &M () xM)2: (7.24)

Itk

m=1

The observed variables are denotexf;?, and the predicted variables<®™ (t,).

Time-dependent C-index

The C-index measures the probability that the model correbt identi es which of a
pair of individuals live longer. Our model contains complexime-dependent e ects
where survival curves can potentially intersect, so we usetime-dependent C-index
[177],

o pr( S(ml)(a(ml)) < S(mZ)(a(ml))ja(ml) < a(mz)) (7.25)
[S(ml)éa(ml)) < S(M2)(g(m))] [alm) < a(m2)]

iy [0 <a (] ’

mai;mp

m

We denote death ages by. Note, there is no censoring for the worm data, in con-
trast to the data in other chapters. The indexesrf;) and (m,) indicate the pair of
individuals that are being compared. Delta functions[] have value 1 if the argument
is true, otherwise have value 0.

Brier score

The Brier score compares predicted individual survival prabilities to the exact
survival curves, i.e. a step function wher& = 1 while the individual is alive, and
S = 0 when the individual is dead. Then the Brier score is competl for all possible
death ages,

1 X h X i
BS(t) = o @™ ] M) “+ [@™ >t]1 SM™(t) : (7.26)

m

Note there is no censoring, in contrast to the data in other clpers.



Chapter 8

Resilience and robustness decrease with age, are dynamic
over broad timescales, and can be attenuated with

interventions in aging mice and humans

8.1 Background

Chapter 3 (generic network model) and Chapter 4 (weighted tveork model) both
considered discrete transitions between health states @isting of binary de cits,
with damage and repair rates describing these transitiongn the weighted network
model, we t rate parameters from cross-sectional data anchithe generic network
model the rate parameters were tuned so that simulated potions agree with the
population mortality rate and average Frailty Index scorews age. In both of these
cases the primary focus was not on the actual repair and damageocesses, but on
the mortality and FI scores, and the parameters of the rates werinferred indirectly
from the observed data as part of the overall tting of the moél.

However, with longitudinal data for binary de cits we can direstly extract damage
and repair rates from the data to study the processes of dameagnd repair in aging.
Additionally since the damage rate is the rate of acquiring me damage and the
repair rate is the rate of recovering damage, we can interpréhese damage and
repair processes as (inverse) robustness and resilienche3e are important concepts
in aging research, though there has been little attempt to déctly observe these
processes, despite the popularity of theories of aging andview articles based on
these processes [8,90, 93, 94].

Here repair and damage are extracted directly from the data, ith no induced
stressor or intervention targeted at the speci c damage, peesenting a measurement
of natural robustness and resilience from a stochastic dageand repair. We use 3
di erent mouse datasets and 1 human dataset. In two of these ouse datasets we
have interventions { mice treated with the Angiotensin-Conerting Enzyme (ACE)
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inhibitor enalapril, and voluntary exercise. Both of thesenterventions have shown to
slow the increase of the Frailty Index in mice [87,88]. In humanwe stratify by net

household wealth, representing a measure of socioeconostatus, which is associated
with lower degrees of frailty [269]. The net household wehltserves as a proxy for
medical or behavioral interventions that are not observedhithe data, and do not exist
in the mice data. These distinct datasets strengthen the colusions by replicating

our ndings.

This work is the rst time this type of study has been done, opging up a new
method of approaching resilience and robustness. This cli@ppresents the paper
\Resilience and robustness decrease with age, are dynamiemobroad timescales,
and can be attenuated with interventions in aging mice and hmans", in preparation
for submission.

8.2 Introduction

As organisms age, they can be described by a health state thatokses according
to dynamical processes of damage and repair. The health ®tat the net result of
accumulated damage and repair, and studies of aging have nigdiocused on the
health state rather than the underlying dynamic processeslue to the di culty of
their measurement. Two common approaches to measuring hbastates, the Frailty
Index (FI) [14] and the Frailty Phenotype [16], are constructd from cross-sectional
data and so cannot assess damage and repair processes dyreldevertheless, strong
associations between frailty measures and adverse healtitammes [3, 270] indicate
that frailty has a strong e ect on these underlying dynamich processes. This is
supported by the increasing net accumulation of health deits with worsening health
[162,271].

Reduced resilience, or the decreasing ability to recovepin stressors, is increas-
ingly seen as a key manifestation of organismal aging [8,90,93,94,272]. Resilience
is often assessed by the ability to recover from an acute sés®r, such as a heat/cold
shock, viral infection, or anesthesia, within a short expanentally-accessible time-
frame [93, 95, 96, 273]. Robustness, or an organism's resis@to damage, has not
been as well studied { but there is also evidence for its dedinvith age [20,274]. Both
resilience and robustness sustain organismal health dugimging, but their relative
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8.3 Results

8.3.1 Measuring resilience and robustness

A well-established approach to quantify health in both humas and in animal models
is to count binarized de cits in a Frailty Index (FI) [14,73]. In longitudinal studies,
the health state of individuals can be assessed at each fellap. Shown in the Figure
8.1 schematic, the change in of number of de cits from one folv-up to the next is
determined by the number of new de cits (e.g. damage, de civalue transitioning
from O to 1, pink arrow) minus the number of repaired de cits hat were previously
damaged (de cit value transitioning from 1 to O, green arrojv These counts of
damaged and repaired de cits between follow-ups represesummary measures of the
underlying damage and repair processes. We use a Poisson ot age-dependent
rates to model the age-dependent damage and repair ratesngsthese longitudinal
counts. This is a joint model coupling the damage and repaifates together with
mortality.

In Figure 8.2, the quality of the model ts are shown with postdor predictive
distributions of the repair counts, damage counts, total deit counts, and survival
probability, as well as summary statistics of an analysis @ésiduals. This shows that
the model ts the data well, and posterior credible intervas (Crl) accurately re ect
the uncertainty in the data, shown by the correct proportionof residuals containing
zero within 95% Crl. While we can compute binned-averages d&pair and damage
rates from the raw data, this model is used to compute additi@hinformation, such as
the posterior distribution of correlation coe cients to determine the increase/decrease
of the rates with age, slopes of the rates vs age, and hazardesaof morality. Since
our model is Bayesian, we can compute posterior credibleénvals of these quantities,
representing the probability that the true value falls within the interval.

In our approach, damage rates are the probability of acquirg a new de cit per
unit of time, and repair rates are the probability of repaimg a de cit per unit time.
These are measures of susceptibility to damage (lack of rauess), and ability to
repair (resilience). Since the Fl is a whole organism-levelmmmary measure of health,
these measures are also whole organism-level measures lmisimess and resilience.
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8.3.2 Natural resilience and robustness in control aging populations

We rst establish the trends of repair and damage rates in agg. In Figure 8.3,
we plot the age-dependence of the repair and damage processasnice and humans
along with the Frailty Index for mouse datasets from a) from I¢ller et al., 2019 [87],
b) Bisset et al,, 2021 [88], and c¢) Schultzt al., 2020 [253], and humans from the
ELSA study [277]. Humans are separately plotted by decade cdiseline age at entry
to the study, to separate out recruitment e ects. Points arebinned averages from the
data, and lines are posterior samples from the model of thetes. Both a decrease
in repair rates and an increase in damage rates result in anchneasing Frailty Index
with age.

In both humans and mice, as individuals grow older, there isstrong decrease in
repair rates and increase in damage rates (except in mouseup 2 for damage rates).
These e ects are replicated in three separate mouse grou@s)d an observational
human study for older individuals. Spearman rank correlatits for each plot are also
shown, highlighting the increase or decrease of the rateslwage. The Bayesian model
of the rates is used to compute 95% posterior credible integ of these correlations
(in brackets).

The observed damage occurs due to natural stochastic traneits, rather than an
experimentally induced or observed stressor [90,95]. Thbserved resilience occurs
after no interventions, representing natural resilience tthe stochastic damage. This
natural resilience can be thought of as resilience to the natl stressors of life, which
continually occur during aging. While errors in de cit assesment could contribute to
the damage or repair assessment, we would expect these error be constant with
age. In contrast, we observe decreasing repair rates andregsing damage rates with
age. Therefore these age-dependent rates signify decnegsesilience and robustness
with age, in both mice and humans.

One caveat with this approach is that we may miss fast damage angpair dynam-
ics that occur on time-scales shorter than the observed tinpoints. For example, we
cannot observe daily or weekly uctuations in de cit states.Therefore, our measure-
ments of damage and repair are only looking at the net damagedanet repair between
time-points. Ultimately, our approach results insummary measures of damage and
repair.
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In Appendix D Figure D.1, we highlight the sex di erences in themouse cohorts.
We observe higher Frailty Index in female mice [57] and humar278], with corre-
sponding di erences in repair and damage rates.

8.3.3 Interventions modify damage and repair rates in mice

Mouse datasets 1 (Kelleret al., 2019) and 2 (Bissetet al., 2021) additionally have
corresponding intervention cohorts treated with either tke ACE inhibitor enalapril,
or voluntary exercise. In Figure 8.4a and b, we show that theseterventions target
both repair and damage processes, resulting in lower FI damagsamulation for the
treated groups. This shows that these interventions are ngaist reducing the suscep-
tibility to damage (increasing robustness) or increasingesilience, but are impacting
both processes in tandem.

The e ect of these interventions is clearer seen when lookimat how the rates
change with time, shown with the age-slopes of the rates in kige 8.4c and d. These
slopes are computed with our Bayesian model for the rates, atite 95% posterior
credible interval for the slopes are shown. These slopes whine rate of increase
or decrease of the repair and damage rates as age increasdse ifiterventions are
strongly acting on the rate of decrease of repair rates andteaof decrease of damage
rates with time, resulting in less cumulative damage over tim

We see similar e ects between male and female mice treatedthvenalapril, the
rate of decrease of repair rates and the rate of increase ofirege rates are both
attenuated, resulting in rates closer to zero. We see a seesiCc e ect on mice
treated with voluntary exercise, such that repair and damag rates appear to be
e ected di erently by exercise in each sex. There is a compke stoppage or reversal
of the decrease in repair rate for female mice, and a reducti@of the increase in
damage rate with age. For male mice, there is a reduction inelrate of decrease of
repair rates (but not a stoppage or reversal), and a complettoppage of the increase
in damage rates. This suggests that, in mice, exercise actsma to increase repair in
females, and to decrease damage in males. Appendix Figure Dighlights these sex
di erences.
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rather than age-slopes (as was done for mice), shown in Figurél®. We see that re-
pair rates are positively correlated with net household wéh for younger ages, while
damage rates are negatively correlated for younger ages.

These results replicate the ndings in mice, where intervéions impact both dam-
age and repair rates. However, in humans we see that the e ect wet household
wealth is strongly age-dependent, having the largest e ectt younger ages.

8.3.5 Damage and repair have broad time-scales

In the results above, we considered the average repair andnukEge rates vs age.
Since individual de cits undergo stochastic transitions bigveen damaged and repaired
states (e.g. Figure 8.6a) we can also measure the time-scdlthese individual states.
However, observations are only taken at speci ¢ time-pointand not all subjects were
followed to death. This represents a mixture of interval-gesored and right-censored
time-to-event data, where the \event" is a damage or repairrainsition, rather than
death in typical survival analysis. We estimate survival ces using an interval
censored-analogue to the standard Kaplan-Meier estimatdor right censored data
(details in methods). These survival curves represent thergbability of a de cit
remaining undamaged after a repair event, which measures tgness, or remaining
damaged after a damage event, which measures resilience.

The corresponding survival curves for the repaired or damed states or shown
in Figure 5, combining all de cits. Generally there is a largedrop in probability
at early times, indicating the states are rapidly switching ior below the interval
between the measurements. However all of the curves also extéo very long times,
indicating that both robustness and resilience have a broagnge of time-scales, up
to the remaining life of the organism.

Small e ects due to enalapril and exercise are seen in mice threse time-scales,
despite the e ects seen on the average damage and repair sats age. This only small
e ect may be because we do not have su cient data to stratify tlese curves by the
time of initial damage or repair. For humans the e ects due tdwousehold wealth are
strong for females, and females with higher household wealthve a longer time-scale
of damage and a shorter time-scale of repair.
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the contributions of damage rate and repair rate to survival With our model, we

can evaluate the hazard ratio for damage rates and repair 8. Log hazard ratios
represent the di erence between the log hazard rate when dawge or repair rates are
increased by 1 standard deviation from the mean. For zero logtard ratios, there
is no e ect of the variable on survival, and for positive or negfive log hazard ratios
there is a decrease or an increase in survival respectively.

In Figure 8.8, we nd that the damage rate has signi cant (with 95% credible
intervals around the median log hazard ratio above zero) anidrger magnitude of
log hazard ratios than repair rate, adjusted for Frailty Inex score held constant.
This shows that an increasing susceptibility to damage leado larger decreases in
survival than decline in resilience. This means that individals survive longer when
damage is avoided altogether, rather than repairing the damagfter it occurs. This
is an intuitive result, and a preliminary suggestion that iterventions that focus on
robustness should be favoured, rather than resilience.

In Figure 8.7 we had also shown that the decline in robustnesasithe strongest
e ect on the acceleration of damage accumulation for oldegas. Both of these results
demonstrate the importance of robustness for acceleratiaf damage at older ages,
resulting in death [181].

While enalapril and exercise have been shown to slow the inase in the FI (Figure
8.4, [87,88]), no e ects on survival have been found, altholighis may be due to the
short period of time the mice were given these interventior§87,88]. Additionally, no
survival information is available for the ELSA humans useadhi this work.

8.4 Discussion

Both humans and mice exhibit increasing accumulation of hia related de cits with
age [14,41,66,130,183]. Underlying this, we have demontchthat both organisms
have increasing damage rates and decreasing repair rateshwage. Furthermore,
the timescales of both repair and damage were broadly diditited from the earliest
measurement interval to lifetime scales, and both damage émepair rates were able
to be manipulated with interventions. We present a new appexh for the assessment
of damage (robustness) and repair (resilience) rates in gitudinal aging studies,
and highlight fundamental similarities between mouse anduman aging. Overall
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these results imply that health in aging can be improved by lib decreasing the
accumulation of damage (or increasing robustness) and ieassing the ability to repair
(or increasing resilience), and that these factors may be arged and manipulated
over longer time frames than previously expected.

Previous work has modeled the transitions between counts of dés [38{41],
however this work only modelled the mean number of de cits {Hey did not separate
the damage and repair processes. These transition models dalso been used for
changes in indexes of cognition, again without separatingpair and damage [281].

Our approach has similarities with some recent approachesreeasuring resilience
or robustness. In Pyrkovet al., 2021 [96], resilience is measured by the ability of the
organism to recover from stochastic uctuations by computig the characteristic time-
scale of the auto-correlation of physiological state vaiies. Other studies have also
used auto-correlation as measures of resilience [273, 282]Arbeev et al., 2019 [20],
onset of disease is used to indicate a lack of robustness. bittbof these approaches,
there are continuous uctuations or discrete transitions aay from the healthy state,
as in our approach. Other approaches such as Colon-Emegical., 2021 [95] measure
the di erence between the recovered state after a speci c aie stressor (hip fracture
or viral respiratory infection) and the baseline state befarthe stressor, which is unlike
our approach where we measure the tendency to recover afteochastic natural
damage. An additional advantage to our approach in comparisoto these other
approaches is that we can observe both resilience and romess together.

Summary measures of health such as the FI exhibit an accelerat accumulation
of health de cits with age [280]. This universal behavior nst be re ected in either in-
creasing damage rates with age, or decreasing repair rat@8][ or { as we nd { both.
Both increasing damage and decreasing repair rates with agee qualitatively con-
sistent with common theories of aging [8,52, 124]. However gtlquestion of whether,
and by what mechanisms, damage and repair processes are tedipluring aging re-
mains unanswered. Both damage and repair rates have beenitglly modelled as
functions of the health state in descriptive models of aging 1, 44,45], but without a
mechanistic relationship between them apart from that impged statistically by the
observed accumulated damage. Here, we con rm that both mice@ humans exhibit
accelerating damage accumulation with age, but that damagend repair processes
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are separately dynamic and targeted by interventions. Thisp@ns signi cant room
for developing targeted or systematic interventions for ib damage and repair.

Resilience characterizes organismal recovery from damagelsequilibrium, and
can be measured as the rate of repair. We have shown that timeates of repair appear
broadly distributed - up to lifespan-scales. This was obserd both in mice, where
medical/lifestyle interventions are minimal, and humans Wwere there are medical,
dietary, exercise and other interventions over the lifespathat may be implicitly
captured in our data. This implies that we may be able to targethe increase of
repair with interventions over a longer timeframe than justcutely when the damage
occurs. The time scales we have studied are not easily act@esn challenge-response
studies of resilience that typically occur over a much shotimeframe [90]. As we have
shown (Appendix Figures D.3, D.5, and D.7), di erent health atributes can have
quite di erent recovery times, and future resilience studis across a range of health
attributes should focus on timescales between our resultadastudies of controlled
challenges. It is also possible that dichotomized de citsyhich we have used, probe
qualitatively di erent timescales than continuous measugs studied in other studies
of resilience. Nevertheless, we highlight that repair for mg health attributes occurs
at long timescales for both mice and humans.

Damage rates are much less directly studied, despite earlg ditions of frailty as
susceptibility to damage. Robustness, or resistance to dage, is complementary to
damage rate. As assessed in mice, damage rates appear to hasganger e ect on
mortality than repair rates, indicating that reducing damage will have greater impact
on mortality than systemically increasing repair however wéther this is generally so,
and the mechanisms behind this observation remain open gtiess. In humans, the
e ect of wealth is also stronger on damage rates than repairtes, indicating that the
known strong e ect of wealth on health and mortality, may be riated to increased
robustness due to environmental factors of higher socio@omic status, rather than
increased resilience. We have shown that, like repair pr@ses, damage processes oc-
cur over a broad range of timescales from the shortest assesseorganismal lifespan
scales, indicating a broad range of time for possible intemtion. Further studies of
damage rates are indicated in other model organisms over ihkfe-course.

The e ects of age on both damage and repair, in both mice and hans, are
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gualitatively similar in male and female populations. Sine is somewhat surprising,
given the known sex e ects in aging where, at the populatioreVel, females have
poorer health than males, but are at lower risk of mortality 183]. At rst thought,

this paradox might imply that females have less robustnesfidat males, but greater
resilience. Instead in humans we nd that males have both ineased repair rates and
decreased damage rates. Our ndings imply, however, that it frailty-mortality sex

paradox is not related to sex speci c di erences in resiliare and robustness and that
both sexes are equally vulnerable to increasing damage aretceasing repair in aging.
Nevertheless, we have found that systemic interventions caave qualitatively distinct

sex e ects. The ACE inhibitor enalapril has a strong e ect orreducing the timescales
of repair in female, but not male mice. Previous work demonsiting that enalapril

slows the increase of the FlI in mice also found sex-speci ¢ etemn in ammation,

possibly contributing to this di erence between male and f@ale mice [87]. Similarly,
exercise prevents the decline of repair rates with age in fala mice, but not in male
mice. This preliminary evidence suggests that perhaps taeting resilience in females,
and robustness in males will provide the most bene t in aginglthough more studies
are needed to support this claim. We show that assessing batamage and repair
rates, and not just the health-state, in interventional agig studies can provide a
clearer assessment of sex di erences and suggest futuredgtas adopt this approach.

The increasing availability of longitudinal health data oer the lifespan of model
aging organisms facilitates the analysis of damage and repaites, and how they ex-
tend and change over the organismal lifespan. These damage aepair rates underlie
the accumulation of damage that describes aging. While they V& been studied as
frailty or as acute resilience, they are seldom studied ovélne organismal lifespan.
Here we have shown the value of considering both resiliencedanbustness over the
lifespan. Further studies will be able to determine how widgread organismal and sex
di erences in these e ects are, or how universal they may yeqirove to be. It remains
to be seen whether our results in mice and humans generaliredther portfolios of
health attributes and whether the same universality is exbited in damage and repair
rates that has been observed with de cit accumulation. The Brhanisms underlying
di ering age e ects in di erent organisms, and behind the diering timescales of re-
covery in di erent health attributes will be important to st udy in detail. Studies on
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the e ects on damage and repair rates of both targeted and ggsnic interventions
will also be crucial. We have studied only three (enalapril ahexercise in mice, and
wealth in humans), but there are many more.

8.5 Methods

8.5.1 Mouse data

For the mouse portion of this manuscript, published data on ftggitudinal health-
related de cits in C57BL/6 mice from three papers was used (&ler et al., 2019 [87];
Bissetet al., 2021 [88]; Schultzt al., 2020 [253]). A brief summary of the methods
of each paper is below:

Mouse group 1

Keller et al., 2019: Male and female C57BL/6 mice were assessed for dis @pprox-
imately every 4 weeks from 16 to either 21 months of age (fereg) or 25 months of
age (males). Mice were fed either a diet containing enalab(280 mg/kg) or control
diet for the duration of the experiment.

After pre-processing (below), this data contains 21 femal@wtrol mice, 25 female
enalapril mice, 13 male control mice, and 25 male enalaprilice.

Mouse group 2

Bissetet al., 2021: Male and female C57BL/6 mice were assessed for dis @pprox-
imately every 2 weeks from 21 to 25 months of age. Mice were sifigly housed, and
half were provided a running wheel for voluntary exercise.

After pre-processing (below), this data contains 11 femalemwtrol mice, 11 female
exercise mice, 6 male control mice, and 6 male exercise mice.

Mouse group 3

Schultz et al., 2020: Male C57BL/6Nia mice were assessed for de cits appmmately
every 6 weeks from 21 months of age until their natural deaths
After pre-processing (below), this data contains 44 male cwal mice.
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Mouse clinical frailty index assessment

Each of the papers above assessed health de cits using theus® clinical frailty index
as described previously [283]. Brie y, this assessment olves scoring 31 non-invasive
health-related measures in mice. Most measures are scored dor a severe de cit, 0.5
for a moderate de cit and a 0 for no de cit. De cits in body weight and temperature
were scored based on deviation from reference values in yowtylt animals, such
that a di erence of less than 1 SD was scored 0, a di erence @afl SD was scored
0.25, a dierence of+2 SD was scored 0.5, a di erence af3 SD was scored 0.75,
and a di erence of more than 3 SD received the maximal de citalue of 1 [283]. The
de cits of malocclusions and body temperature were not assed in mouse group
3 [253], leaving only 29 de cits for this group.

Mouse data pre-processing

For mouse dataset 1, we impute missing de cit values by propating the last observed
value forward. If the rst observed de cit is missing, it is imputed by propagating
the rst observed value backward. Less than 1% of all total deit values are missing
in this dataset. No values in the other datasets are missing.

De cits are scored on a fractional scale, with deciti having valuesd, 2
f0;0:25 0:5;0:75,19. To treat these as binary, we represent each fractional defci
d; by 4 ordered binary de cits, ™ ; d®; d®; d®]. Fractional de cits are then repre-
sented by setting 4 d; of these ordered binary de cits to 1. For example ifl, = 0:75,
this is represented as [1, 1, O].

A new Frailty Index is then created by taking all of these new Imary de cits,
representing a 4 31 = 124 item Frailty Index (4 29 = 116 for mouse dataset
3). This process preserves the Fl scores, and a single repaidamage event can be
interpreted as taking a step of size:@5 on the fractional de cit scale.

Measurement times with abnormally short or long intervalst@ removed. In mouse
dataset 2, measurement times less than 0.1 months from the pi@us time are re-
moved. In mouse dataset 3, measurement times more than 2 masifrom the previous
time are removed.

In each dataset, mice with less than 2 observed time-pointsearemoved.
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8.5.2 Human data and pre-processing

We use human data from the English Longitudinal Study of Aging277]. We select
individuals that have full data for net household wealth andactivities of daily living
(ADL) and instrumental activities of daily living (IADL). A Fr ailty Index is created
from the count of 10 possible ADLs and 13 possible IADLs, givirg fraction out of
23. We restrict individuals to those that were recruited to he study between the ages
of 50 and 89 years. We drop individuals with follow-up time iervals above 4 years
and individuals with fewer than 6 follow-ups.

We use net household wealth, as determined in the nancial ssssment in wave
5 of the ELSA data. We drop individuals that have parts of thisassessment im-
puted. The raw value of net household wealth spans severalders of magni-
tude (and includes negatives for individuals in debt), andcsis transformed by
W =10g Wy + mean(wWay) -

After pre-processing, this data contains 1074 males and 14Zales with time-
intervals of approximately 2 years between observations.h€&re are 1211 individuals
from baseline ages in [5@0), 833 with baseline ages in [600), 280 with baseline
ages in [7080), and 21 with baseline ages in [800).

8.5.3 Extracting raw damage and repair counts from datasets

In each dataset, we observe the state & binary health de cits fdy gy-, for each
subject at a set of observation timest; gle. Summing up the number of de cits at
each time, we get de cit counts for each observation timé,n; gle, which is used to
compute the Frailty Index f; = n;=N.

We compute the number of de cits damaged (Q 1 transitions) and repaired
(1! O transitions) between two time pointst; and t;.;, denoted asnd(t;) or n'(t;).
These counts satisfyn(tj.1) = n(t;)+ nd(t;) n'(t;), linking these damage and repair
processes with the Frailty Index.

8.5.4 Modelling

We model de cit repair and damage as Poisson point processeth time-dependent
rates, "(t) and 9(t). The count of de cits repaired or damaged in an intervaltf; t,]
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is assumed to follow a Poisson distribution, with mean equab the instantaneous
rate '(t) or 9(t) integrated over this interval times the number of possible elcits
available to be repaired "(t) =  (t)'n.dt, or damaged 9(t) =  4(t)(N n)dt.
We assume these time intervals are small so that we use coms$teates within each
time-interval to approximate these integrals, "(t) "(t)n, tor 9(t) d(t)(N
ng) t.

Joint longitudinal-survival model for mice datasets

We use a joint modelling framework to model repair and damagates, while assessing
their e ect on survival. We decompose the multivariate jointdistribution of the
observed longitudinal damage and repair counts and survivautcome by coupling
survival with the repair and damage rates [ (t) and 9(t) [121, 284],

p(Ti;c:fnf (g fnl(tgi [ (t); (1) =
p(Tiici [(1); dO)p(fnl (g fnd(t)gj [(t); A(1): (8.2)

A graphical version of this model is shown in Figure 8.9.

Longitudinal component

We use a linear Poisson model for the longitudinal damage anmdpair rates. A
Softplus function, log (1 +€), is used to enforce positive rates. This function is
chosen because it is approximately linear for larger values x, in contrast to €
which is often used for Poisson models. The form of this mods|

[(t) = Softplus " x;(t) + b+ K4t ; (8.3)
d(t) = Softplus @ x;(t) + Ko+ it ; (8.4)
ni(4)j i (G);ni(t)  Poisson ni(t) {(t) (L tj) (8.5)
n(t)i 1();mi(t)  Poisson (N ni(t)) f(t) (G t) (8.6)
ni(ti+) = ni(t) + i) ni(y): (8.7)

The rst two equations describe the time-dependent repairrad damage rates, "(t)
and 9(t). These rates represent the probability of repair or damag@er de cit per
unit time. These rates are multiplied by the number of de cis that can repairn(t;)
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or the number that can damageN  n(t;) and the time-interval t;;,, t; to compute
the mean count of repaired or damaged de cits for Poisson tlikutions. The last
Equation 8.7 shows how we can compute the total count of detsifrom this model;
allowing this model to be used for the Frailty Index as well.

The full-cohort parameters are denoted and the subject-speci c intercept and
time-slopesh.o; b.1. The variablesx;(t) include the covariates and their interactions,

Xi(t) = (1;t; sex treatment; f; ap; sex treatment; (8.8)

sex t; treatment t;sex treatment t):

The \treatment" variable is a 0/1 indicator for enalapril in mouse group 1 or exercise
in mouse group 2. The other variables are the time from bassdit, the frailty index
f, baseline agea,, and sex (M/F). These interactions allow sex and treatment gnap
speci c age slopes.

The repair and damage processes are linked by including cdateon between the
subject-speci ¢ parametersiy;b] N (0; ).

Survival component

We jointly model these repair and damage processes with swad, with proportional
hazards and a baseline hazard parameterized with M-splin@&85p] (which are always
non-negative). The damage and repair processes are linkeithvgurvival by including
damage rate and repair rate in the hazard rate,

hi(t) = ho(t;sex)exp  ui(t)+ 'Softplus * [(t)+ 9Softplus * (t) ;(8.9)
X_ -
ho(t) = (male) &;matleM 1;3(tjK) (8.10)
1=1
x X
+ (female) a&;femateM1;3(tjK); a=1 & G0
=1 =1
Zt
Si(t) = exp hi(s)ds : (8.11)

to
The rst equation describes the hazard ratdn; (t) in terms of the covariatesu; and the
repair and damage rates. The baseline hazalg(t; sex) is modeled with sex-specic
splines in Equation 8.10, due to the large disparity in surval by sex. The covariates
areu; = (1; sex treatment; f; ao).
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Priors and hyperparameters

We use weakly informative priors to regularize parameters,

o8 o N (03) (8.12)
o4 s 9 N (01, (8.13)
HalfCauchy(G; 1); (8.14)

LKJI(2): (8.15)

- : (8.16)

[bi; bf1T N (0; ); (8.17)

a Dirichlet(1:0;L = 17); (8.18)

= fmin(fTig)); Qoos(f TiG); 55 (8.19)

Qo:o5(f Tigi); max(f Tigi)o:

Broad N (0; 3) priors are used on intercept parameters and narroiN (0; 1) priors on
covariate coe cients. The covariance matrix for the coupling of the subject-speci c
parametersb; is decomposed in terms of a correlation matrix with a LKJ prior
and standard deviations with half-Cauchy distributions. Spline coe cients a use
a Dirichlet distribution with concentration 1, representng a uniform prior on the
simplexp IL:1 a=1; a 0. WeuseL =17 spline knots with knots at the minimum
last follow-up age, the maximum, and 15 uniformly spaced goales from G:05 to 095
of the last follow-up age.

Integrals of the hazard rate are computed with 5-point Gaussn Quadrature be-
tween each observed time interval.

Non-linear modeling for human data

There is much more human data than mice and the data is more coregl where
linear e ects are not su cient to capture the combined in uence of wealth, baseline
age, and time. We use a non-linear Poisson model with non-stant coe cients to
include addition degrees of freedom. We parameterize thesan-constant coe cients
with B-splines. Additionally, the individuals selected fromELSA with wealth data
do not have mortality data available, simplifying the modefrom the joint model used
above for mice.
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Our model has the form,
[(t) =Softplus  § xi(t)+ j(w;a)+ 5(w;a) sex+ L(w;a) t (8.20)
+ s(w;a) sex t+H,;
‘(t) = Softplus  § Xi(t)+ f(w;a)+ $(w;a) sex+ §(w;a) t  (8.21)

+ d(w;a) sex t+ tﬁo;

ni(t)j [ (t):ni(t;) Poisson ni(ty) {(t)(tj+«x tj) ; (8.22)
n(t)i f()imity)  Poisson N ni(t) Mt (G ) (8.23)
where

Xi(t) =(1; t; sex w; f; apg; sex t,w ta, t sex fw f;ag f): (8.24)

The non-constant coe cientsf (w; ag)gk are implemented as 2D B-splines for wealth
and baseline age with 5 wealth knots and 5 baseline age knotstlae minimum,
maximum and terciles of these variables. We use smoothing 2Bndom-walk priors
on the spline coe cients,

S115 wi b N (0;1); (8.25)
Pw; Phy Dirichlet(1:5); (8.26)
Si PN (Si 155 w)+ PuN(Sij 15 b); (8.27)
xo
k(W; &) = Sij Bi.a(W; w)Bjs(ao; a): (8.28)

i =1
All other priors are the same as in the mouse modelling.

Note, in the human data we do not include subject-speci ¢ timslopesh.; and
bf, as we did in the mouse data, since we have much shorter timeiss. When
these slopes are included, we see evidence of the model dtieg to the data by
the proportion of residuals with zero within 95% credible irgrvals being much higher
than 0:95, and nearing @9 to 1.

Derivatives

We can compute the derivative of the Frailty Index accordingo the modelled repair

and damage rates,

Shm=a f)fm 1o (8.29)
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To understand the e ect of interventions, we compute the dévative with respect
to time for the repair and damage rates,

d oy = @O, @mdi,
t @t @f dt

_od(t) o dx(t) L dzi(t)  ei®

B at § "0 T4 co.p (830

ap = @0, @OO.

dt @t @f dt

_ dx; (t) dxi(t) dzi(t) ef®

- d i d e + b¢ i oL (8.31)

This is the slope of these rates vs time, with the increase it Frailty Index f (t)
included. While we only include explicit linear e ects of tine in the model, the
increase in Frailty Index with time can in uence the derivative to change.

We can compute the curvature as the second derivative of thedhlty Index with
age, written in terms of rst derivatives of the rates,
n # n #

Tro= @ i@ TO a0, 3O ) g

The rst group of terms are those involving damage rate (robstness) and the second
group of terms are those involving repair (resilience). Tise terms are plotted in
Figure 8.7.

Repair and damage timescale mice and human data

We observe the amount of time that has passed between damagel aepair events,

and vice versa. This can be used to determine the time-scalgsthese damage and
repair processes. However, since a de cit might damage ancetimdividual dies before
the de cit is ever repaired, there is right censoring. Additbnally, observations are
only made at speci ¢ time-points and so we cannot determinda¢ exact time at which

a de cit damaged or repaired, there is interval censoring. dlestimate the distribution

of repair and damage times, we treat repair and damage events £ach de cit as a

mixture of interval and right censored events.
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We use a Bayesian survival model with M-splines for the base hazard,

I
D
o

h(t) M 3(tjk); a=1; (8.33)

S(t)

1
D
X

©

h(s)ds : (8.34)

to
This is t separately for sex and control/intervention groups.
We include both interval censoring and right-censoring in th likelihood,

P T Tscif &g o) = [S(TI®IS(TH) ST ©; (8.35)

where Tt is the lower interval bound, TV is the upper interval bound, andT is a
time of right censoring. We use 32 knots set at 30 evenly spdcguantiles of the
event times from 01 to 0:9 together with the minimum and maximum event time.
Dirichlet(1:0; 32) prior is used for the spline coe cients and &\ (0; 10) prior for .

8.5.5 Sampling

We use the STAN no U-turn sampler (NUTS) [113]. We use 4000 warm-itgrations
and 6000 sampling iterations on 4 separate chains for the micant models. For
the human model we use 2 separate chains with 1000 warm-uprékons and 3000
sampling iterations. For the interval-censored Bayesiarusvival models we use 2000
warm-up iterations and 3000 sampling iterations for 4 sepaie chains.

Model diagnostics

In the Appendix Figures D.9, D.10, and D.11 we perform a posteri predictive checks
for the mice joint models by plotting the residuals of simuleed data compared to the
observed data, and comput®&? statistics [286{288]. In Appendix Figures D.12, D.13,
and D.14 show residuals for the human model.



Chapter 9

Conclusions and future outlook

The work of this thesis is an attempt at building computatioml models of aging.
These models are not merely predictive models, but can be dde understand aging
phenomena. In the introduction to this thesis in Chapter 1, introduced three fun-
damental questions that this thesis aims to answer: how canevbetter understand
the mechanisms or causes underlying observed aging phenoaéow can we better
predict outcomes at an individual or population level, and,nally, how can we better
intervene to decrease mortality and to improve health durig aging? | have demon-
strated the use of complex computational models to answer egtions such as these
in aging.

To facilitate the understanding of aging mechanisms, | usatie Generic Network
Model (GNM) to understand the structure of the di erent levelk of health included
in the Frailty Index with complex networks (Chapter 3). | deweloped the Weighted
Network Model to describe the accumulation of binary de citsn aging with a network
of average pairwise rates that is inferred from cross-semtal aging data (Chapter 4). |
developed the Dynamic Joint Interaction Network (DJIN) model tomake quantitative
predictions of aging trajectories and infer physiologicahteraction networks governing
the dynamics, and explore the dimensionality of aging (Chagx 5). | developed a
latent variable clustering model to infer distinct aging pheatypes (Chapter 7). |
developed a novel analysis technique to better understante processes of damage
and repair (robustness and resilience) in aging (Chapter 8).

The WNM model from Chapter 4, the DJIN model from 5, and the clusteng
model from Chapter 7 are also predictive models, capable ofedicting individual
health trajectories and mortality. While we were able to useohg time-series of aging
data in the clustering model forC. elegans this was not available for humans and
limited the DJIN model. With C. elegans we are able to condition predictions on
long input time-series (50 time points). In contrast, in theDJIN model we only used
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a single baseline time-point for predictions. This limitabn re ects the availability of
longitudinal data of aging.

Figure 9.1 shows examples of the ways in which the DJIN model cha extended
in future work. In the DJIN model, we needed to impute the baskle health state.
However, we only used data at the baseline age to do this imptitan. Figure 9.1a)
shows an approach to imputation using multiple time-pointsusing a recurrent neural
network instead of a feed-forward neural network. This appach would require longer
time-series than are available in the ELSA data that was usemh this thesis. By
using multiple input points for imputation, we can utilize the trends in variables for
imputation, not just the correlations between values at thsame time-point. A similar
approach can be used to update the current health state, in @diction scenarios with
tracked health data [221].

The DJIN model assumes constant pair-wise interactions betem all variables.
However, in reality these interactions are likely modulatedy other variables. In-
stead of inferring a set of constant network weight6W; g; , we can t a complex
function (e.g. a neural network) mapping auxiliary variabls u to an inferred network
f W (u)g; , allowing the network interactions to be modi ed by these iput variables,

shown in Figure 9.1b).

The DJIN model infers interactions that are useful for preditons, this is not true
causality, but \predictive causality" [224{226]. While we d not know if there are
unobserved variables confounding the interactions, thesennections suggest possible
avenues of intervention. The network suggests the e ects ofcreasing or decreasing
a variable on a second variable, based on the the sign and diren of interactions.
For example in Figure 9.1c), if we intervene to decreasg, the model predicts thatxs
would decrease. This suggests possible interventions to nfgdks, and is a method
of verifying inferred connections.

Additionally, while our approach interprets the model in tems of interactions
between the health variables, we do not attempt to interpretnortality predictions.
Such an interpretation would indicate which variables in uace mortality rates most
strongly. The simplest way to do this would be to replace theamplex RNN-based
mortality rate with simple proportional hazards [119] or gadratic hazards [289],
which describe the mortality rate in terms of simple functios. However, this would
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in this area. In the long term when we are able to gather largenmaunts of data
per individual (e.g. individual health tracking with wearalde devices), \personalized
medicine" or \precision medicine" to individualize treatrrent will involve predictive

machine learning approaches.

Chapter 8 studied the e ects of aging interventions on resénce and robustness
in aging. This work only looked at summary measures of repaind damage, and
highlighted the importance of studying both of these process. A further under-
standing of the underlying microscopic mechanisms of repand damage requires
detailed biological data.

One of the current limitations to modelling aging is the laclof large longitudinal
studies combining data from multiple levels of functioningfrom low-level omics data
to high-level physical functioning data [48]. This thesis &l data on high-level phys-
ical functioning such as walking speed, grip strength, or o#n physical disabilities,
phenotypic markers such as blood pressure and pulse, and llldwomarker measures
such as blood glucose and hemoglobin. However, this thesis did nge any genetics,
epigenetics or other omics data that have recently become partant tools in aging
biology. This is due to the availability of this data, and lomitudinal studies with this
data are just starting to emerge [60,292{295].

This data could be used to develop models integrating multi@ physiological sys-
tems to understand how observable aging phenotypes resutirh the underlying bio-
logical processes [54{56]. For example in Figure 9.2a), wex@mbine latent variable
summary models with the DJIN interacting network model (Chager 5). In this ap-
proach high-dimensional data for distinct physiologicaludsystems could be used to
form summary measures for these systems, which then interaca network as in the
DJIN model. This approach could have the advantages of latenariable summary
models, which compress high-dimensional information, arige advantages of network
models, which describe interactions.

Alternatively, this data can be used to develop hierarchicahodels of aging. Fig-
ure 9.2b) shows a method of building such a model. A set of haechical latent
variables describe the dynamics of aging at di erent levelsyith high-level dynam-
ics describing the high-level observed features, and logwl dynamics describing the
low-level observed features. Unobserved aspects of aging b& incorporated by a
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Chapter 4 supplemental information

A.1 Simulation details

A.1.1 Stochastic simulation

We exactly simulate the model for each individual using a stalard stochastic sim-
ulation algorithm [144]. Two separate rate processes aremsilated for damage and
mortality. The rst process for damage uses the rate in Equain 4.5 in the main
text. The second process uses the mortality rate in Equatiofh.6.

Since our rates are time-dependent we use an exact rejectsampling method,
called the \attempt time algorithm” [297]. We set the windowfor possible events as
T = 5 years, and re-update this maximum horizon as it is passedSince we have
constrained all rates to be monotonic in time (see below forethils), we can easily
determine an upper bound on the rates, necessary to implenhighe attempt time
algorithm: .. = (1 d) {(t+ T;fdyg) bounds the total damage rate of all
undamaged nodes, while?., = p(t+ T;fd;g) bounds the mortality rate.

At each step of the algorithm, the event is chosen from the pcess with the
smallest time-to-event, i.e., damage occurs until the timé death is smaller than
the time to next damage event. Within the damage process, wease which event
using a computationally e cient tree-based approach [145]When the mortality event
occurs, the algorithm terminates for that individual.

A.1.2 Estimating likelihood

To calculate the likelihood in Equation 4.8, we rurS simulations with the same set
of parameters (withS > 1 individuals). We use a discrete kernel density estimate
of the health term of the likelihood,

1 XY
Sy

p(f dig™jt™; ) = K (fdig®;fdg™; (M); (A.1)
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whereS(t(M) is the number of simulated individuals alive at agé(™. The superscript
(s) indicates a simulated individual and () an observed individual from the data.
We use the Racine and Li kerngl [298],

P
$ntms  dd¥ dMj=0; 19 =™

1+ (m)»
K (f dig(s);fdig(m); (m)) = E 1"'(%, P ijdi(s) di(m)j — 1’ t(s) — t(m) (AZ)
0 otherwise

This allows individuals that di er in damage by 1 de cit to contribute to the likeli-
hood, as determined by an individual bandwidth (™).
The bandwidth (M is selected by minimizing the mean-squared error [299],

# 1
m = g XEMPM?ZHA P
2pm(1 pm) ’

(A.3)

where pi™ is the empirical frequency estimate of the distribution (obtmed using
bandwidth = 0). The bandwidth (™ is individual-dependent, so that the well
sampled individuals will have a small bandwidth, and poorly aanpled individuals
have a larger bandwidth to reduce noise.

Both the censored and uncensored mortality terms of the likkood are calculated
by binning the death ages of simulated individuals that matclthe observed data
¢ ,jd®  d™j=0; t© = t(m) with 1 year bins.

A.1.3 Regularization

To have an increase in mortality rate with decreasing healththe de cit mortality
contributions ; in Equation 4.7 should all be positive. Without such a bound, &
have observed that the optimization sometimes converges positive and negative ;
values scattered around zero, which leads to the de cit carlbution to the mortality
rate being negligible, and gives uniform mortality for all idividuals. However in con-
trast, setting a strict bound ; O causes the optimization to converge to parameters
which perform poorly with respect to the health trajectoris. Instead, we have found
that a soft penalty behaves well when added to the log-likblood to penalize negative

values,

X
+C min(0; ;): (A.4)

i
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Values of ; 1 give a signi cant mortality contribution, and log-likelihood values
are estimated with a stochastic noise of 10, so we choos€ = 100 by hand to achieve
a moderate regularizing e ect { and we nd that the optimization performs well with
this choice.

A.1.4 Parameter bounds

To ensure Equations 4.4, 4.5, 4.6, and 4.7 are monotonicatygreasing for allt 0, we
bound the parameters so that their time-derivatives have oplhegative real or complex
roots with respect tot or f;. For hyperparametersn, =4, and n; = np, = np, =3,
the required bounds are shown in Table A.1.

Table A.1: Parameter bounds during optimization.

Equation Parameter bounds
Equation 4.4: f;(t;fdig) | i+ 0, iz O, i» "3 i1 i3
Equation 4.5: " (t;fdg) | i1 0, iz 0, i "3 i1 i3 i4a O
Equation 4.6: p(tfdg) | 1+ 0 s 0, » 313
Equation 4.7: x(t; f d;g) 1 0, 3 0,2 3 13

A.1.5 Parameter optimization

Optimization is done with particle swarm optimization (PSO) [198]. PSO is
derivative-free and highly parallelizable. We use the staard version:

Vigsr = Vi + GUp(TR Ti) + qoUg(T i) (A.5)

Tit+l = it t Viger: (AG)

The parameter values for thath particle at an iteration t are represented as;; and
the velocity for this particle asvi;. The current best set of parameters found by
particle i is ,pt and the current global best set of parameters is’. We randomly
sample up; ug uniformly from [0;1]. We set! = 0:7, ¢ = ¢g = 2 and use 100
200 particles, depending on compute resources availableneToptimization typically
converges in 100-200 iterations.
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Parameter bounds from section A.1.4 are implemented by rediog the velocity
componentsvixt with a hyperbolic method so that parameters never exceed the
upper boundsUy and lower boundsL [300],

— Vikt+1 | .
Vi;k;t +1 — 1+ Vi;k:t +1 ’Vi;k;t +1 > 01 (A.?)
Uk ikt
Vi;k;t +1 . <0

Vikt+1 = 1 Ve 3 Vikit +1
ikt Lk

Our objective function is stochastic, so to avoid optimizig to the noise, every
10 PSO iterations we recalculate the global maximum likeldod for the global best
set of parameters ¢, and the individual particle maximum likelihood values for ach

particle's best set of parametersf;’t.

A.2 Parameter robustness

To examine parameter robustness, we select new parametdsd®y randomly selecting
25% of parameters to randomly perturb from their maximum likéhood values "y
within the range 4 2 [0:1"; 10"].

Broadly following the approach of [179], we weight these perbed parameters by
calculating an approximate log-likelihood by using only ta 2 of rst and second order
joint distributions of health and population survival. This amounts to a Gaussian

approximation to the log-likelihood,

)(\l Z Tmax - =1it: L= 1j 2
L) 1 p(di =1jt; ) p(di =1jt) dt (A.8)
N(Tmax Tmin) i=1  Tmin p(t)
5 X Z Tmax p(dl = :]_,dJ = 1Jt, ) p(d, =1; dj = 1Jt) Zdt
N (N 1)(Tmax Tmin) ij §i_ Tmin p(t)
1 X Z Trmax p(dI = :|_’dJ = Ojt, ) p(d, = 11dJ = OJt) Zdt
N(N l)(Tmax Tmin) i Thmin p(t)
1 “e r@fdgt )i St n
Tmax ~ Tmin Tmin é(t) |
We use this estimate oL to e ciently estimate any f ( ):
P
o O ()
()i = =0 (A.9)
2= H()% hf()iZ (A.10)
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In Figure A.1 we show de cit prevalence and survival averagedver likelihood-
weighted parameterizations via Equations A.9 and A.10. Theseserage predictions
are quite close to the maximum likelihood estimates, whicimdicate that prevalences
and mortality are robust predictions of our modelling apprach.

In contrast, simple measures of the network structure do n@ppear to be robust.
In Figure A.2 we perform the optimization 13 times, and the comgre network degrees
for the 10 nodes of our network. We nd a broad ranges of degeeéor each node,
with signi cant overlap of these ranges between nodes. Thirdicates that though
the behavior of the networks is similar (see e.g. Figure 4.7),émetwork structures

themselves are not robustly predicted by the available data
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A.3 Supplemental gures




































Appendix B
Chapter 5 supplemental information

B.1 Deriving the variational loss

We denote health variables observed at adg by y;,, the background information at
baseline byu;,, the model health variable predictions by(ty), the latent variables for
imputation/generation by z, the age of death or last censoring age lay the censoring
indicator by c, parameters by , and variational parameters by .

To t the model, we minimize the KL-divergence between the gpgroximate pos-
terior and the true posterior. This is equivalent to maximizirg a lower bound to the
model evidence. Starting with the model evidence,

logp(f yt, Gkjuto; f O, Ok; @5 Q) (B.1)
log d dzdxodtp( )p(z)p(XojZ; Ute; to) P(X (1)jXo; Ut,; t)P(a; GX(1); Ugy; t)
¥

P(Y1, JX(tk); O,)
kP z z
d dzp( )p(z) dXoP(Xojz;Utysto)  dtp(X(t)jXo; Ut,; t)P(@; GX(1); Ugy; t)

I
<}
Q

% .
P(Y ¢ jX(tk); Ot )
kP Z
A(ZjY1e; Uty; Oty to)d( )
lo d dz z :
g POIP) iy e 0 to) )
(X (£)jXo; Uo; t) ¥

q(X (1)jXo; Uy, 1) p(a; gx(t); ug,; t) B p(ytij;tk); o)
h

S
T A(ZY1e; Uty O to) 07 PX(WIxe @
K I
P(Y1, JX(tk); 0t,)
k=0

z
dXo P(X0jZ; Utg; to)  dtp(X(t)jXo; Uys t)

% p(x(t)jXo; Uy, t)
to A(X(t)jXo; Uty t)

= log E;; p(a; gx(t); ug,; t)dt

where we have introduced the approximate posteriog Using Jensen's Inequality
we move the logarithm into the expectations, and de ne this ler bound as the
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objective function,

L( )=E, a; Xojz p; x(t)jxo ¢ (B.2)
- - - #
2 P )P(Z)p(X(t)jXo; Uty s D)P(Y X (1); Or ) p(a; X (1); Uty to)
log ——— e — dt
to q(ZJyTw ut01 Oto ) to)(]( )Q(X(t)jXO, utO’ t)
X -
= E logp(yt, jx(tk); Ot )
k #
Zan 0
+ logp(a; gx(t); ut,; t) +1og p(x(t)jXo; Uty;t)  loga(X(t)jXo; Ug,;t) dt
to

KL (9 )iip( ) KL (a(zjyt; Ute; Ot L)l P(2))

X

= E

2

oy, logN (y¢jx(tk); )

€) log (ax(t);uy,;to) +log S(ajx(t); uy,;to)

clog S(tjx(t); uy,; to)dt

to

amax

to

(I ©9log(1 S(tjx(t);us,;to))dt
#

WX+ F(X(E); U ) g(xX(); U t) 2dt

KL (a( )jip( )) KL (a(z}Y1o: Uto: Otos o) P(2)):

Plugging in the normalizing ows for the posterior ofz,

L()

X
E Oy logN (ye jx(te); y) (B.3)
k

E(l c) log (ajx(t);uto;to)z+ log S(ajx(t); ut,; to)
a Amax
clog S(tjx(t); uy,; to)dt + (1 ©log(l S(tjx(t);ut,;to))dt
1'[0Za a , #
5 L WX (X ()i Ui t)  g(x(t);ug;t)  dt
to
KL (a( )iip( ) KL (a(Z?jy1o; Uty; Ot t)ii p(z@))

X (70 -
log det@ﬁ(z@(’l) i 2) ;

=1

Here we do not show the variational parameters in the notation for the approximate

posteriors q and the parameters from the conditional distributions for simplicity.
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Additionally, we have averaged over the imputed or generateg. This is the objective
function used in the methods.

B.2 Alternate models

B.2.1 Full neural network drift function and one-dimensional summary
models

We compare our pair-wise interactions network model with ta alternate models,
where we directly incorporate dynamics for the latent state(t) and apply the decoder
to estimate the health variablesx(t) at speci c ages. With this approach we do not
need to impute the baseline state of health variables, or toréictly include dynamics
for the baseline health. Rather a decoder directly maps thatent statesz(t) to the
predicted output of the health variablesy;. This approach has the form,

Zo;  P(zo)p( ) (Prior)
dz(t) = f(Z(t):%tot;t; 1)+ 2(z(1)dB(1); z(to) = Zo; (Dynamics)
S(t) = exp (fz( )9 wU,;tS )dt®; (Survival)
y¢ N Y (tzo(t);uto;oto; 0)); diag( y?) ; (Health observation)
a (fz( )g au;d )S(a); (Survival observation)

p(fz(t)g; Jf Yi, Ok; Utos to; @; 0 \/( p( )p(zo)p(f z(t)gtjzo; Utys t; ) (Inference)

p(a; gf z(t)g; Uies ;) P(Ye Jf Z(tk)Ok; );
k

= W; il et (Parameters)

where instead of the variable-wise neural networks in the paivise network model,
the function f is now a full neural network including the interactions of dlvariables.
The function is a decoder neural network which outputs the mean of a Gauasi
distribution for the health variablesy;, from the latent state at that age.

For the full neural network model, we set the dimension of to be N + 1. For a
second alternative model we use a dimension of 1 { which leagdsone-dimensional
dynamics for a summary health-variable. For the one-dimeimmal model, we only use
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the sex, ethnicity, and country of birth components ofi;, for the drift functions f and

g and the mortality rate . This is because the other components contain additional
health information that should be included in the one-dimesional summary health
measure.

All hyperparameters remain the same from these alternate mddeand the pair-
wise network model. In particular, the form of the loss functin remains the same,
except that the priors for W are removed, and the form of the drift function in the
SDE is adjusted. The neural network parameters for these alnative models are
trained with the loss function using the same approach as ourimary DJIN model.

B.2.2 Non-recurrent neural network mortality rate

In our network model presented in the main results, we modehé mortality rate
with a recurrent neural network (RNN). This allows the use of a istory of health
to compute the mortality rate. We have also tested a model whe we instead use
a feed-forward neural network takingx(t); ut,;t as input { this allows no memory of
previous states to determine mortality. We use the same laysizes as the recurrent
neural network model, and use ELU activations.

B.3 Generated synthetic population

We have made a synthetic population available ahttps://zenodo.org/record/
4733386 This population includes 3 million individuals for each baaline age of 65, 75,
and 85 years old, for a total of 9 million individuals. The baground health state has
been generated by sampling based on the age and sex-depen8&$A population.
For binary variables we sample a 0 or 1 based on the observed aad age-dependent
prevalence, for continuous variables we sample from a Gauassidistribution with
mean and standard deviation from the observed sex and agepdadent population
mean and standard deviation. We set all individuals with no mdications.

Using this input, we sample a baseline state for each synthetindividual and
simulate their health trajectories for 20 years.
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Table B.1: Health variables used from the ELSA dataset. Backgund variables are
only used at the rst time-step, asu;,. Longitudinal variables are predicted iny;.
All variables are z-scored; additional transformations befe z-scoring are indicated.

Health variable Category Wave type Transformation
Gait speed Longitudinal | Self-report

(average of 3 measurements,

speed over 8 feet, age 60+)

Dominant hand grip strength Longitudinal Nurse

(average of 3 measurements)

Non-dominant hand grip strength Longitudinal Nurse

(average of 3 measurements)

ADL score (count from 0-10, see Table B.3) | Longitudinal | Self-report

IADL score (count from 0-13, see Table B.3) | Longitudinal Self-report

Time to rise from a chair 5x Longitudinal Nurse

Time held leg raise Longitudinal Nurse Log-scaled
(eyes open, maximum 30 secs)

Time held full tandem stance Longitudinal Nurse Log-scaled
(maximum 30 secs)

Self-rated health Longitudinal | Self-report

(scored O=excellent to 1=poor, 5 levels)

Eyesight (with aids) Longitudinal | Self-report

(scored O=excellent 1=legally blind, levels=6)

Hearing (with aids) Longitudinal | Self-report

(scored O=excellent to 1=poor, 5 levels)

Walking ability score Longitudinal | Self-report

(unaided ability to walk 1/4 mile)

(scored 0=no di culty to

1=unable to do this, 4 levels)

Diastolic blood pressure Longitudinal Nurse

(average of 3 measurements)

Systolic blood pressure Longitudinal Nurse

(average of 3 measurements)

Pulse (average of 3 measurements) Longitudinal Nurse

Triglycerides Longitudinal Nurse Log-scaled
C-reactive protein Longitudinal Nurse Log-scaled
HDL cholesterol Longitudinal Nurse

LDL cholesterol Longitudinal Nurse

Glucose (fasting) Longitudinal Nurse

Insulin-like growth factor 1 Longitudinal Nurse

Hemoglobin Longitudinal Nurse

Fibrinogen Longitudinal Nurse

Ferritin Longitudinal Nurse Log-scaled
Total cholesterol Longitudinal Nurse

White blood cell count Longitudinal Nurse Log-scaled
Mean corpuscular haemoglobin Longitudinal Nurse Log-scaled
Glycated hemoglobin (HgbAlc) (%) Longitudinal Nurse

Vitamin-D Longitudinal Nurse Log-scaled
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Table B.2: Background variables used from the ELSA dataseBackground variables
are only used at the rst time-step, asu;,. Longitudinal variables are predicted iny;.
All variables are z-scored; additional transformations befe z-scoring are indicated.

Background variable Category Wave type
Long-standing illness (yes/no) Background | Self-report
Long-standing illness limits activities (yes/no) Background | Self-report
Everything is an e ort lately (yes/no) Background | Self-report
Ever smoked (yes/no) Background | Self-report
Currently smoke (yes/no) Background | Self-report
Height Background Nurse
Body mass index (weight/height?) Background Nurse
Mobility status Background Nurse
(1=walking without help/support,

O=walking requires help/support,

bed bound, wheelchair, uncertain impairment)

Country of birth (UK/outside UK) Background | Self-report
Drink alcohol Background | Self-report
(last 12 months, scored 1=almost every day

to 6=every couple of months)

Ever had a joint replacement (yes/no) Background | Self-report
Ever had bone fractures (yes/no) Background | Self-report
Sex Background | Self-report
Ethnicity (white/non-white) Background | Self-report
Hypertension medication (yes/no) Background | Self-report
Anticoagulant medication (yes/no) Background | Self-report
Cholesterol medication (yes/no) Background | Self-report
Hip/knee treatment (medication or exercise, yes/no) | Background | Self-report
Lung/asthma medication (yes/no) Background | Self-report
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Table B.3: Activities of daily living (ADL) and Instrumental activities of daily living
(IADL) from the ELSA dataset, for a total of 10 ADL and 13 IADL.

Activities of daily living (ADL)

Walking 100 yards

Sitting for about two hours

Getting up from a chair after sitting for long periods
Climbing several ights of stairs without resting
Climbing one ight of stairs without resting

Stooping, kneeling, or crouching

Reaching or extending arms above shoulder level
Pulling/pushing large objects like a living room chair
Lifting/carrying over 10 Ibs, like a heavy bag of groceries
Picking up a 5p coin from a table

U

Instrumental activities of daily living (IADL)
Dressing, including putting on shoes and socks
Walking across a room

Bathing or showering

Eating, such as cutting up your food

Getting in or out of bed

Using the toilet, including getting up or down
Using a map to get around a strange place

Preparing a hot meal

Shopping for groceries

Making telephone calls

Taking medications

Doing work around the house or garden

Managing money, eg paying bills and keeping track of expesse
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B.4 Supplemental gures

In Figure B.1 we show the variables used in the ELSA data set, drthe number of
individuals for which each variable is observed at each yeiom the time of entrance
to the study. The shaded lls indicate the proportion of obsered variables (with
respect to the maximum of that variable), with the darkest Il indicating almost
100%. Most variables are unobserved at any given time { whiainforces the need
for e ective baseline imputation. The full names of these vables are provided in
Table B.1.

In Fig. B.2, we show the relative RMSE of our model predictionand the elastic
net linear model predictions for each health variable betwa 1 and 6 years { plotted
against the proportion of observations for which the varide is missing in the full
dataset. Our model predictions are generally worse for thenables with a higher
proportion missing, with observable degradation for proptions of missing around
0:95 where accuracy goes above the population mean predictioalshough our model
is always better than the elastic net linear model.

In Fig. B.3 we show 3 di erent example individuals from the tesset and the model
predicted trajectories. We choose the 6 of the best predict®ariables to show. These
predictions show the estimated uncertainty for these indidual trajectories, and the
variety in behaviour in the data for di erent individuals. T he relative RMSE for these
individuals averaged over each time point is shown, for compson with Fig. 2 in the
main results.

In Fig. B.4 we show the generated synthetic population KaplaMeier survival
curve (red line and shading) and the observed population K&m-Meier survival curve
(blue line and shading) with 95% con dence intervals indidad by the shading. The
same censoring distribution seen in the observed populaties applied to the synthetic
population by sampling censoring ages above the baselineedgom the test data
with replacement. Agreement is good until 90 years, after which the number of
individuals observed in the dataset is very low.

In Fig. B.5 we show the one-dimensional marginal distributionfor each health
variable for the generated synthetic population and obsergigpopulation at baseline.
We see the synthetic population agrees with the observed pdation, but often has
a slightly lower variance. In Fig. B.6 we show the mean and stdard deviation of
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generated synthetic population trajectories (red lines ahshading) and the observed
population trajectories (blue lines and shading). The syn#tic trajectories have
somewhat lower variance but reasonable agreement with theeans.

In Fig. B.7, we contrast our network model's weight matrix wih a pair-wise Pear-
son correlation network, where weights have been pruned Wit p-value above @1
to match the 99% credible intervals used in our approach. Weesenany di erences.
Our weight matrix is much more sparse, including only the link useful for prediction.
Our network is also directed and asymmetric, and one-way KB between variables
are observed, as well as distinct strengths of links in the drent directions. However,
the sign of the links in the weight matrix is typically the sameas in the correlation
network.

In Fig. B.8 we show, for each network weight, the posterior maaof the weight
vs. the proportion of the approximate posterior distributon that is above zero for
posterior weights, or below zero for negative weights. We @xde weights when the
probability of the weight being in the opposite direction ofthe mean is above 1%.
This approach only accepts connections with a large probaibyl of having a de nite
sign. We see that large weights only have a small proportiori the posterior with the
opposite sign; showing that the strong connections inferrdry the model are robust.

Several alternative models were explored. In Fig. B.9 we sumnmg predictions
for the one-dimensional summary model, in which dynamics almiilt on one latent
summary health variable. This model performs worse than oi»JIN model for both
health and survival, and is often even worse than a static baline prediction model
(blue squares) for health. In Fig. B.10 we show model resultsittv a full neural
network drift function that includes all interactions, in contrast to the linear pair-
wise network in our main results with the DJIN model. This show that the full NN
model only does slightly better than the pair-wise network wwdel for health, and is
slightly worse for survival. This indicates that the pair-wse network assumptions
made by our DJIN model do not sacrice much accuracy. In Fig. B.1ve show
the model results with a feed-forward neural network for thenortality rate instead
of a recurrent neural network (GRU). Our recurrent neural newvork (RNN) model
achieves slightly better C-index and Brier scores, partitarly for older ages. The
models are nearly equivalent for longitudinal prediction.
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Table B.4: Neural network architectures used in the DJIN modelThe health vari-
ablesy;, are sizeN = 29, the health variable observed mask, is of sizeN = 29,
and the background health variablesu;, with appended missing mask are of size

B +17 = 36.
Encoder (VAE)
Layer # Description
1 Input ( Yto;Otg; Ute; to)
2 (2N+B+17+1)x95 Fully connected layer
3 Batchnorm
4 ELU
5 95x70 Fully connected layer
6 Batchnorm
7 ELU
8 70x50 Fully connected layer

Decoder (VAE)

Layer # Description

1 Input ( z;ut,;to)

2 (20+B+17+1)x65 Fully connected layer
3 Batchnorm

4 ELU

5 65xN Fully connected layer

. - Mortality rate
Diagonal dynamics fi —
—— Layer # Layer description
Layer # Layer description -
— 1 Input ( x(t);t)
1 Input ( X (t);t; ut,)
2 (N+1)x25 GRU
2 (2+B+17)x12 Fully connected layer
3 25x10 GRU
3 ELU
4 12x1 Fully connected layer 4 ELY
y y 5 10x1 Linear layer
Posterior drift function g Inferring h
Layer # Layer description Layer # Layer description
1 Input ( x(t); uty;t) 1 Input ( X (to); Uty;to)
2 (N+B+17+1)x8 Fully connected layer 2 (N+B+17+1)x75 Fully connected layer
3 ELU 3 ELU
4 8xN Fully connected layer 4 75x40 Fully connected layer
Normalizing ow a Dynamical noise strength X
Layer # Layer description Layer # Layer description
1 Input (z@; ) 1 Input ( x(t))
2 30x24 Fully connected layer 2 NxN Fully connected layer
3 BatchNorm 3 ELU
4 Tanh 4 NxN Fully connected layer
5 24x20 Fully connected layer 5 Sigmoid





































Appendix C

Chapter 7 supplemental information

C.1 Clustering with simulated data

Data is simulated from a toy model where the exact clusters@known to verify that
the clustering model works.

In this model, a latent space of size 4 is considered, with 3usters. Data is
simulated according to the following generative model,

f g N (01) (C.1)
fA.g N (0:0:1%); (C.2)

f g = FAIAD (C.3)
r Bernoulli(0:6); (C.4)

fW Qe N (W 0:2;0:12)+ (1 1) (Wo); (C.5)
c Categorical(1=3; 1=3; 1=3); (C.6)

zojc N (¢ o) (C.7)
dz(t) = W zdt+0:1dB(t); z(0) = zo; (C.8)

N (0;1); (C.9

h(z(t);t) = 0:03e°:4tzexp((19 z()); (C.10)
S(z(t);t) = exp( th(z(to);t()dtfﬁ (C.11)
Wi N (O;O:ltzo); (C.12)

w, N (0;0:1%); (C.13)

b, N ( 0:251); (C.14)

b, N (0;0:1%); (C.15)

«(2) = wyReLU(w;.z+ by)+ by; (C.16)
Xijz(t) N ( x(2);0:01%): (C.17)
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Figure D.9: Mouse group 1 residuals.  This plot shows the quality of the model t.

Each point shows the median of the di erence between the cauof de cits sampled

from the model (either repaired count, damaged count, or tat count) and the count
from the observed data, for each individual mouse at each texpoint. Random scatter
about zero suggests unbiased model ts. Error-bars show 95¢tedible intervals.
Credible intervals which do not overlap zero are coloured de and the proportion
of these intervals that overlap zero is shown. The proportienare close to ®5, as
expected for a model accurately representing the uncert&nin the data. R? scores
are also shown, with values between®and Q6.
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Figure D.10: Mouse group 2 residuals.  This plot shows the quality of the model
t. Each point shows the median of the di erence between theaunt of de cits sam-
pled from the model (either repaired count, damaged county @otal count) and the
count from the observed data, for each individual mouse at ea time-point. Ran-
dom scatter about zero suggests unbiased model ts. Erroals show 95% credible
intervals. Credible intervals which do not overlap zero areotoured red, and the pro-
portion of these intervals that overlap zero is shown. The pportions are close to
0:95, as expected for a model accurately representing the urtaety in the data. R?
scores are also shown, with values betweer @nd Q6.
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Figure D.11: Mouse group 3 residuals.  This plot shows the quality of the model
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the count from the observed data, for each individual at eactime-point. A random
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zero suggests unbiased model ts. Error-bars show 95% ctadiintervals. Credible
intervals which do not overlap zero are coloured red, and thergportion of these
intervals that overlap zero is shown. The proportions are ate to 095, as expected
for a model accurately representing the uncertainty in the ata. R? scores are also
shown, with values between:@ and Q6.
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Figure D.12: Human repair residuals. This plot shows the quality of the model
t. Each point shows the median of the di erence between theaunt repaired de cits
sampled from the model and the count from the observed data,rfeach individual
at each time-point. A random selection of 100 individuals fra the ELSA data are
shown. Random scatter about zero suggests unbiased model. tError-bars show
95% credible intervals. Credible intervals which do not ovip zero are coloured red,
and the proportion of these intervals that overlap zero is slwn. The proportions are
close to 095, as expected for a model accurately representing the urtaety in the
data. R? scores are also shown, with values betweer Gind Q6.
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Figure D.13: Human damage residuals.  This plot shows the quality of the model
t. Each point shows the median of the di erence between theaunt damaged de cits
sampled from the model and the count from the observed data,rfeach individual
mouse at each time-point. Random scatter about zero suggestsbiased model ts.
Error-bars show 95% credible intervals. Credible intervalwhich do not overlap zero
are coloured red, and the proportion of these intervals thaiverlap zero is shown.The
proportions are close to @5, as expected for a model accurately representing the
uncertainty in the data. R? scores are also shown, with values betweer Gind Q6.
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Figure D.14: Human FI residuals. This plot shows the quality of the model t.
Each point shows the median of the di erence between the cauof de cits sampled
from the model and the count from the observed data, for eachdividual mouse at
each time-point. Random scatter about zero suggests unbeasmodel ts. Error-bars
show 95% credible intervals. Credible intervals which do natverlap zero are coloured
red, and the proportion of these intervals that overlap zers shown. The proportions
are close to M5, as expected for a model accurately representing the urtaety in
the data. R? scores are also shown, with values betweer Gnd Q6.
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