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computer simulation approach to modeling stochasticity's contribution to the

uals across a 120 year period to examine the predictive value of birth frailty on
age-at-death when varying the likelihood of exposure to health insults.
Results: Birth frailty, when accounting for varying exposure likelihood scenar-
ios, was found to account for 18.7% of the observed variation in individual age-
at-death. Analysis stratified by exposure likelihood demonstrated that birth
frailty alone explains 10.2%-12.1% of the variation observed across exposure
likelihood scenarios, with the stochasticity associated with exposure to health
insults (i.e., severity of health insult) and mortality likelihood driving the
majority of variation observed.

Conclusions: Stochasticity of stressor exposure and intrinsic stressor severity
are underappreciated but powerful drivers of mortality in this simulation. This
study demonstrates the potential value of simulation modeling for bioarchaeo-
logical research.
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1 | INTRODUCTION

Understanding the health and well-being of past popula-
tions is a key concern for bioarchaeologists and is tradi-
tionally explored through the contextualized analysis of
skeletal indicators of stress and disease. More recently,
however, a more specific focus on the vulnerability or
resilience of individuals to health insults (“frailty”’) has
been favored in response to recognition of the complex-
ity, and ambiguity, of defining “health” even in modern
contexts (Reitsema & Mcilvaine, 2014; Temple &
Goodman, 2014). What constitutes frailty differs depend-
ing on the specific research question, with both accumu-
lation of morbidity as inferred by skeletal indicators
(Marklein et al.,, 2016; Steckel et al., 2002; Zedda
et al., 2021) and increased risk of mortality (DeWitte &
Wood, 2008, Yaussy et al., 2023, Wissler & Dewitte, 2023)
referred to as frailty or associated concepts (poor health,
lowered resilience, etc.) in bioarchaeological contexts.
The present study employs the latter meaning of
individual frailty—that is, frailer individuals face greater
likelihood of mortality and a subsequently reduced age-
at-death in relation to their peers, as conceptualized by
the work of Vaupel et al. (1979) and thus employs age-
at-death as a means of measuring frailty.

This relational definition of frailty underpins the use
of hazard analysis as a means of identifying frail individ-
uals or, more accurately, the personal characteristics
associated with greater mortality risks (Usher (2000),
DeWitte and Wood (2008), and Yaussy et al. (2016)).
Here, characteristics associated with greater frailty
(a greater likelihood of mortality compared to others of
the same age) is interpreted as indicators of greater
stressor exposure and/or poor resilience to health insults.

The demographic literature, however, emphasizes that
frailty is probabilistic, not deterministic that is, the differ-
ences in individual exposures to health insults, and the
varying nature of those health insults, complicates the
likelihood of mortality at both the individual and popula-
tion levels, even in a theoretical birth cohort with uniform
frailty (Caswell, 2014; Hartemink et al., 2017; Van
Daalen & Caswell, 2020). In light of this consideration,
even correlational relationships between a given skeletal
indicator and mortality risk must also account for the sto-
chastic nature of health insult exposure across the lifespan
and across the study population. It is important here to
note that this individual stochasticity is not the same as
heterogeneity in mortality risk across a cohort due to indi-
vidual frailty, but rather may be thought of as the “luck”
(or lack thereof) component in avoiding or being exposed
to a health insult and the nature of this specific insult if
exposed (Caswell, 2009; Snyder & Ellner, 2018; Van
Daalen & Caswell, 2020). In more concrete terms, it

reflects individual, nonfixed heterogeneity that appears as
chance, pending improved knowledge of causal drivers of
insult exposure likelihood and effect (e.g., the prevalence
and severity of a given viral strain).

Thus, there are two types of “hidden heterogeneity”
in frailty. The first is conceived of as variation in the
value of individual frailty among the members of a
cohort. This is a stable individual trait present from birth,
which encompasses all the ways in which individuals
may differ with respect to mortality risk and is indepen-
dent of other individual traits (Tuljapurkar et al., 2009).
For clarity, this article will henceforth refer to this indi-
vidual frailty at birth as heterogeneous frailty. The second
type is the aforementioned individual stochastic frailty,
hereafter referred to as stochastic frailty. Heterogeneous
frailty therefore remains a constant proportional multi-
plier of an individual's age-specific mortality hazards
throughout life. Stochastic frailty (or the likelihood and
severity of insult exposure), by contrast, varies across the
lifespan and appears to arise as a result of chance even
when all other factors are equal.

Labeling of heterogeneous and stochastic frailty may
seem little more than semantics—after all, they may both
be broadly conceptualized as hidden heterogeneity in
mortality risk—however, theoretical demographic model-
ing demonstrates the critical role that stochasticity
(“luck™) has on individual longevity (Caswell, 2009;
Hartemink et al., 2017). Hartemink et al. (2017) report
that “known” heterogeneity (here, birth frailty)
accounted for less than 10% of cohort longevity variance
in a cohort simulation, a result which challenges the view
of fixed heterogeneity across the lifespan, a key assump-
tion in the Gompertz or Gompertz-Makeham models of
frailty which are frequently used to explore mortality risk
in bioarchaeological research (Hartemink et al., 2017).

An additional factor to consider in modeling stochas-
tic frailty is the role of recovery from a physiological
insult. Although common in multistate models of health
employed by epidemiologists and health researchers
(Bijwaard, 2014), the adaption of such models to bioarch-
aeological data has generally treated transition to frailty
as a unidirectional process owing to the use of skeletal
indicators as a proxy of insult exposure, although Usher
has also presented a four-state model which allows for
recovery in the form of “healed” (nonactive) lesions
(Dewitte & Wood, 2008; Usher, 2000). The focus of these
models tends to be the exploration of enduring frailty
into adulthood resulting from health insults in early life,
which cause skeletal indicators of interest. Mortality haz-
ard analysis is largely constrained to adults due to the
complexity of accommodating developmental windows
for skeletal indicators that form in childhood, when the
presence or absence of these skeletal indicators is not yet
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a fixed characteristic of all individuals in the sample
(Dewitte & Hughes-Morey, 2012). However, incorporat-
ing the process of physiological recovery further increases
the potential stochasticity at play, as recovery from an
insult decreases an individual's accumulated frailty but is
also constrained by the individual's capacity to recover.

Thus, there is a clear need to examine the interaction
between individual heterogenic frailty and stochasticity
of insult exposure, severity, and recovery. The contribu-
tion of potential causal drivers of a given age-at- death
such as heterogenic frailty, however, remain difficult to
disambiguate as it is not possible to run such experiments
on populations of the past (or indeed, the present). An
alternative option is to run experiments on simulated
populations. Computer simulations enable flexible and
repeatable experiments that can test causal drivers of
complex population dynamics.

Agent-based modeling (ABM) is a specific method of
computer simulation which can be used to develop and
test hypotheses about complex systems that cannot be
readily understood or for which group-level outcomes are
emergent properties that cannot be predicted from
knowledge of the individual components (Romanowska
et al.,, 2021). An ABM is initiated by generating a set
number of individuals (agents) with assigned characteris-
tics (e.g., sex or health status). These agents are then
placed in a simulated scenario based upon a set of rules
to explore how they fare, and the results are analyzed for
the influence of assigned characteristics on individual
and group-level outcomes (Romanowska et al., 2021).

ABM has been widely adopted in the fields of demog-
raphy, epidemiology, and ecology, as well as growing use
in archeological modeling projects such as the exploration
of the 1918 flu epidemic in central Canada (Carpenter &
Sattenspiel, 2009; O'Neil & Sattenspiel, 2010), and popula-
tion decline and collapse in the American Southwest
(Axtell et al., 2002; Swedlund et al., 2016). The use of ABM
in bioarchaeology specifically, however, is presently in its
infancy despite the potential value it may hold in better
understanding population dynamics of the past (see Galeta
and Pankowska (2023)). The present study uses ABM to
explore the influence of stochasticity on individual age-
at-death (here a measurable representation of frailty), as
well as to demonstrate the utility of such an approach for
bioarchaeological research more broadly.

2 | METHODS
2.1 | Software

The ABMs described in this study were programmed
using the R Statistical Software (R Core Team, 2021). The
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FIGURE 1 Summary diagram of model components. Figure 1

shows a conceptual diagram of the simulated model developed in
the present study. The life course, and the acquisition of frailty due
to exposure to health insults is demonstrated through the gradient
bars with blue representing lower frailty and red indicating higher
frailty. The length of the gradient bars represents the survivorship
of individuals while the color of the circles to the left of the
gradient bars represents the frailty present from birth. The circles
with arrows represent the experience of health insults, with the
arrows representing the influence of an individual's frailty at time
of exposure to the severity of the health insult, as well as the
severity of the health insult due to the nature of the insult itself
(represented by the size of the circle).

simulation model was programmed using Base R, with
additional analysis using the following packages: “tidy-
verse” for tidying, and summarization of data (Wickham
et al., 2019), “broom” for converting statistical objects for
presentation (Robinson et al., 2023), “kableExtra” for pre-
sentation of results (Zhu, 2023), “ggplot2” for all figures
(Wickham, 2016) with colors for figures generated using
the “wesanderson” package (Ram & Wickham, 2018) and
regression lines added using “ggpmisc” (Aphalo, 2023).

2.2 | Overview of the model
Following the generation of an initial cohort of 15 100 peo-
ple, this model runs multiple iterations of a 120-year period
in which members of this cohort accumulate stochastic
frailty and eventually die. The frailty incurred differs based
on the exposure to a health insult, the variable severity of
the insult, and the multiplicative effect of individuals' pre-
existing frailty value at time of exposure (Figure 1).

The model is highly theoretical and is designed to
examine:

1. The individual variance in age-at-death occurring due
to stochasticity in health insult exposure and stressor
severity over five runs of the cohort
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2. The degree to which birth frailty (the assigned frailty
value at age 0) predicts age-at-death in this cohort,
and therefore the contribution of stochasticity to
determining age-at-death

The methodology used is an adaption of the approach
taken by Hartemink et al. (2017) who used a gamma-
Gompertz—-Makeham model in which a gamma distrib-
uted frailty modifies the baseline Gompertz-Makeham
mortality schedule. This study extends that previous
work by generating health insults occurring in a probabi-
listic manner with variable severity (as opposed to a con-
stant exposure with 5% frailty increase as in Hartemink
et al. (2017)), through incorporating a measure of recov-
ery in years without health insult exposure, and through
the inclusion of the juvenile exponential decay compo-
nent present in the Siler mortality model.

2.3 | Study cohort

The necessary population size (as determined by popula-
tion mean age-at-death) to have comparable runs was
examined through the comparison of the coefficient of
variation (i.e., the ratio of a population's standard devia-
tion to its mean also known as Epsilon or E) between
runs. The amount of variation in the coefficient of varia-
tion yields the minimum population size necessary to
overcome model stochasticity and produce replicable
results at the population level (Lee et al., 2015; Lorscheid
et al., 2012). The population size necessary to receive a
stable coefficient of variation, commonly designated as
a value of <0.01 variation between runs, was found to be
15100 individuals (see Figure 2 for distribution of
age-at-death and Table S1). The number of runs (5) was
chosen to identify and demonstrate stability
between runs.

Having established this necessary population size for
stable outcomes at the population level between runs, a
study cohort of 15 100 individuals aged 0 years are gener-
ated, with the initial frailty value (hereafter ‘“birth
frailty”) and health insult exposure assigned using proba-
bilistic distributions detailed below.

2.4 | Model design

241 | Mortality

The human age-predicted mortality risk is estimated in
this model using the five-parameter competing hazard
model described by Gage and Dyke (1986) based upon
the mammalian mortality curve developed by Siler

(1979). These demographic models of mortality in human
populations demonstrate a “bathtub” or U-shaped curve
in which the mortality rate is high in infancy (the imma-
ture component) before decreasing exponentially and sta-
bilizing through childhood (the residual component) and
the adolescent years, before increasing again in adult-
hood and increasing exponentially starting in middle age
(the senescent component).

This can be described
as h(t) = ae " 4-a, +aze®.

In which time (here age) is ¢, the hazard value is a,
the rate of change in hazard value is b, and thus the
immature component is described by a,e "', the residual
component a,, and the senescent component aze. The
age-predicted hazards are fitted to a lifespan of up to
120years through multiplication of the parameters by
120 (the duration of a single run of the simulation). This
fitting does not limit the lifespan to 120 years of age; how-
ever, the likelihood of mortality at 120 years is essentially
100% and therefore substantially decreases the likelihood
of surviving past this age. This lifespan is chosen to
reflect the approximate natural biological lifespan of
humans noting that not every individual will survive to
this age as a result of exposure to health insults. The
parameters used in the model were derived from life
tables from 1841 England and Wales, provided by the
Human Mortality Database as presented in Mitchell
(1994) in order to model human mortality prior to the
advent and widespread availability of modern medicine.

Although Siler models as applied to existing age-
at-death data assume homogenous frailty, the use in the
present study does not. Rather, the Siler mortality rate by
age in the present study acts as a baseline which is modi-
fied by the frailty of individuals (both their birth frailty
which remains a constant hazard throughout their life-
span, and their acquired frailty which arises from health
insult exposures, but which also may reduce where recov-
ery occurs) at each age as described in the following sec-
tion. This multidimensional approach to frailty is in line
with observations by Gage (1989) that individuals are
likely not frail in one dimension only, but rather frailty is
an emergent phenomenon of multiple interacting traits.

In the present study, the Siler model acts similarly to
the mixed-Makeham mortality model described by Wood
et al. (2002) but while retaining the juvenile exponential
decay component which allows for more accurate model-
ing of age-specific risk of mortality in very young individ-
uals. As simulation methods allow for very large sample
sizes, especially of these young individuals frequently
absent from archeological contexts, as well as accurate
age determination the Siler model of mortality in this
instance provides a more realistic mortality rate (Gage &
Dyke, 1986). Given the departure from wusual

mathematically
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FIGURE 2 Mean age-at-death across runs, per health insult exposure likelihood scenario. Figure 2 shows a density plot of age-at-death

for each run of the simulation, stratified by health insult exposure likelihood scenario. This figure demonstrates that there is good
consistency between each run of the model for all health insult exposure scenarios as indicated by the near identical overlap of each of the

5 colored lines which represent the five runs of the simulation.

paleodemographic approaches, comparison of age-
specific mortality risk for the Siler model and the mixed-
Makeham model are presented in the supporting infor-
mation (Figures S1 and S2).

An individual's frailty at a given point in time, as
described by Vaupel et al. (1979), is the degree of individ-
ual modification of the age-predicted force of mortality or
the likelihood of mortality in relation to one's peers. For
example, if an individual with a total frailty of one has an
age-predicted likelihood of mortality of 0.05, they have a
5% chance of dying at this age. In comparison, an individ-
ual with a frailty accumulation of two will have twice the
likelihood (10%), whereas an individual with an accumu-
lation of 0.5 has half the likelihood (2.5%).

The likelihood of death in this model is therefore sim-
ulated by randomly drawing a number from 0 to 100 in
each year of an agent's life; where this number is less
than the calculated value of the age-predicted mortality
hazard multiplied by the individual's total frailty, this
individual dies. For instance, an individual with a frailty
value of 1 and an age-specific mortality hazard of 2.5 will

need to draw a number less than 2.5 in order to die in
this year. An older adult with the same frailty will have
an age-specific mortality risk that is much higher and
thus the likelihood of drawing a number less than the
age-specific mortality hazard is greater, reflecting
the increasing likelihood of mortality with age.

242 | Frailty

Birth frailty

Birth frailty is a randomized value assigned to each indi-
vidual when the cohort is generated. Frailty values are
drawn from a gamma distribution, a distribution com-
monly used in the absence of a known distribution of
frailty at birth (Weiss, 1990). The present study draws
these birth frailty values from a gamma curve with a
mean of 1 as produced by a shape of 10 and a scale of 0.1.
These parameter values were chosen as they result in a
distribution without excessively low or high values. The
minimization of extreme outliers in the study cohort is
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essential as the presence of excessively robust individuals
(i.e., beyond the realm of biological possibility) may pro-
duce misleading results. This birth frailty value is
designed to replicate the heterogeneous frailty from birth
in a population arising from genetic, epigenetic, or con-
genital factors (Kuzawa & Quinn, 2009; McDade, 2005).

Frailty arising from experiencing health insults
(“acquired frailty”)

Beyond birth frailty, there are also the impacts of nonspe-
cific health insults encountered by individuals over the
course of their lives (hereafter “acquired frailty””). These
may be infections, temporary nutritional insufficiency,
chronic conditions, or any combination of these.

There are two necessary components to modeling
acquired frailty, the likelihood of being exposed to a
health insult each year, and the intrinsic severity of this
insult if exposed. The total impact of exposure to an
insult is then further moderated by the current frailty
load of the individual. For each set of runs, the likeli-
hood of exposure for each agent is determined sampling
a number from 0 to 100 in each year, and where this
number is less than the health insult threshold, expo-
sure to a health insult occurs. The thresholds for the
annual probability of a health insult varies across
model scenarios: 0 (i.e., a 0% chance per year),
10 (i.e., a 10% chance per year), 20 (i.e., 20% chance per
year), 50 (i.e., 50% chance per year), and 100 (guaran-
teed exposure every year).

In all scenarios, this exposure likelihood determines
whether an individual will incur an increase in frailty via
exposure to a health insult in the current year. Where
exposed, a randomized frailty value (between 0.01 and
0.5) is then multiplied by the total frailty of the individual
at this point in time. This adjusted frailty acquired frailty
value is then added to a running total of acquired
frailty experienced, thus far which informs the total
frailty of this individual at this point in time. This
approach is designed to reflect the amplified stress of
stressor exposure based upon the existing frailty of an
individual, and the accumulation of frailty over the
lifespan.

Resilience

In years without exposure to a stressor, a small degree of
recovery (5% reduction in the agent's acquired frailty total
for each year of nonexposure) is included to simulate the
dynamic nature of frailty throughout the lifespan. It is
important to note that only the accumulated frailty from
stressor exposure (acquired frailty) is reduced in
instances of recovery years, whereas birth frailty remains
unchanged, thus modeling the persistent influence of
birth frailty.

WYATT ET AL.
Health insult
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FIGURE 3 Overview of frailty and mortality determination per
year, per individual. Figure 3 shows a conceptual diagram of the
contributing factors to frailty and mortality likelihood, per year of
the simulation. In this diagram the current frailty of an individual
(the center circle) is influenced by the frailty present from birth
(the blue circle) and prior health insults (acquired frailty as
represented by the lower left mauve circle), and in turn influences
the severity of a health insult (the top circle), further contributing
the degree of frailty and thus the likelihood of mortality at a given
age (the red circle on the right).

Total frailty

The total frailty of an individual is the sum of the birth
frailty and the acquired frailty accumulated at a given
point in time. The total value therefore reflects the health
status of an individual and informs the additional frailty
incurred by subsequent health risk exposure, as well as
the likelihood of mortality as detailed in the preceding
section (Figure 3).

2.5 | Analysis methods

2.5.1 | Individual age-at-death variability

The variation in age-at-death per cohort size across five
runs is evaluated through the comparison of the average
range of age-at-death for individuals by set of runs.

2.5.2 | Predictive value of birth frailty

Having evaluated the individual variation in age-at-death
arising from stochasticity, the predictive value of birth
frailty on age-at-death is evaluated through linear
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TABLE 1 Variability in age-at-death across runs.
Health insult exposure Mean range of Mean minimum Mean maximum
risk per year Mean age-at-death age-at-death (years) age-at-death age-at-death
0% 37.7 52.5 12.4 64.9
10% 36.1 50.4 11.9 62.3
20% 341 47.7 114 59.1
50% 28.2 37.9 10.2 48.1
100% 20.5 24.5 8.4 32.9
0% chance scenario 10% chance scenario
120 120
90 90
60 60 ’7 |
0 0
<0.5 1.0—15 2.0+ <0.5 1.0—15 2.0+
20% chance scenario 50% chance scenario
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90 75
£
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FIGURE 4 Median age-at-death by birth frailty, by health insult exposure likelihood scenario. Figure 4 shows the median age-at-death
and variance of age-at-death by the level of frailty present from birth across the pooled output of five runs of the simulation, stratified by

health insult exposure likelihood scenario. A low birth frailty value means than an individual has a lower mortality risk compared to the

reference age-at-death mortality risk while a high birth frailty value has a greater mortality risk than this reference risk. In this diagram the

lowest birth frailties (dark blue) have the highest median age-at-death but also the widest range, with progressively younger median age-

at-death and narrower range as birth frailty is increased. This is observed across all health insult exposure scenarios.

regression of age-at-death, by birth frailty from the
pooled result of the five runs.
These models can be described mathematically as:

Y =fo+Buxr + Boxa+ Bixis

where Y is the predicted value of the dependent variable
(here mean age-at-death), f, is the intercept (i.e., the

value of Y when all independent variables are held at the
reference level), y; through y; are the independent vari-
ables (here birth frailty), and 8, through f; are the regres-
sion coefficients (i.e., the change in Y, with one unit
change in the independent variable, holding all other var-
iables constant).

The increase or decrease in age-at-death associated
with birth frailties below or above 1.0-1.1 (the reference
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FIGURE 5 Age at death distribution by birth frailty, by health insult exposure likelihood scenario. Figure 5 shows a density plot of the

distribution of age-at-death by the level of frailty present from birth across the pooled output of five runs of the simulation, stratified by
health insult exposure likelihood scenario. A low birth frailty value means than an individual has a lower mortality risk compared to the
reference age-at-death mortality risk while a high birth frailty value has a greater mortality risk than this reference risk. For all health insult

scenarios, the highest birth frailty (2.0+ in red) results in a greater proportion of deaths in younger ages, while the lowest birth frailty (<0.5,
in dark blue) demonstrates greater survivorship into older ages. As health insult likelihood is increased, the peak of younger deaths becomes
sharper, especially for the highest birth frailty category (in red) while the distribution of age-at-death for the least frail at birth cohort (dark

blue) becomes compressed toward younger ages.

category) will be assessed for significance. The predictive
value, that is, how well the birth frailty of an individual
predicts age-at-death is determined from the adjusted R*
value.

3 | RESULTS

3.1 | Individual age-at-death variability

Across the five runs, the mean age-at-death was oldest
(37.7 years) for the scenario with no health insult expo-
sure, and youngest (20.5years) where exposure was
guaranteed per year. The range of age-at-death for indi-
viduals was widest (i.e., highest variability) for the sce-
nario with no exposure (52.5years) and least in the
guaranteed exposure scenario (24.5years), with the

highest mean minimum and maximum age-at-death
also occurring in the 0% chance per year scenario
(12.4 years and 4.9 years, respectively) and the lowest in
the 100% chance scenario (8.4 and 32.9 years, respec-
tively) (Table 1).

When accounting for birth frailty, the oldest mean
age-at-death occurred in the lowest birth frailty cate-
gory (<0.5), with a trend toward mean younger age-
at-death with increasing birth frailty. The widest mean
range of age-at-death occurred in the lowest birth
frailty category (<0.5) for the 20%, 50%, and 100% sce-
narios. The widest mean range-of-death for the 0% and
10% scenarios was 0.5-0.6 birth frailty category. There
was a uniform trend toward a narrower mean range of
age-at-death and younger mean minimum and maxi-
mum age-at-death by increasing birth frailty (Table S2;
Figures 4 and 5).
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TABLE 2 Multivariable linear regression.
Estimate Standard error p

Intercept 353 0.110 <.001
<0.5 19.8 0.200 <.001
0.5-0.6 13.5 0.160 <.001
0.6-0.7 11.0 0.140 <.001
0.7-0.8 7.9 0.130 <.001
0.8-0.9 4.2 0.130 <.001
0.9-1.0 1.5 0.130 <.001
1.1-1.2 —1.5 0.140 <.001
1.2-1.3 —-3.0 0.140 <.001
1.3-14 —5.1 0.160 <.001
1.4-1.5 —6.1 0.180 <.001
1.5-1.6 —6.8 0.220 <.001
1.6-1.7 -79 0.260 <.001
1.7-1.8 —9.0 0.300 <.001
1.8-1.9 —10.1 0.420 <.001
1.9-2.0 —10.5 0.490 <.001
2.0+ —11.8 0.420 <.001
10% chance scenario —1.6 0.100 <.001
20% chance scenario —3.6 0.100 <.001
50% chance scenario -9.5 0.100 <.001
100% chance scenario  —17.2 0.100 <.001
R? Adjusted R? D
0.187 0.187 <.001

3.2 | Predictive value of birth frailty

The predictive value of birth frailty on age-at-death was
examined using a linear regression model on the pooled
output of the five runs. In comparison to the reference
birth frailty (1.0-1.1), lower birth frailty was associated
with older age-at-death while higher birth frailty was
associated with younger age-at-death. The lowest birth
frailty was associated with a 20-year increase in age-
at-death (p < .001), whereas the highest birth frailty was
associated with a 12-year decrease in age-at-death
(p < .001) (Table 2, Figure 6).

In comparison to the scenario with no health insult
exposure, increased likelihood of exposure significantly
decreased age-at-death with the greatest decrease
observed for the guaranteed exposure scenario
(a decrease of 17.0 years) (Table 2; Figure 7).

Despite these significant associations between birth
frailty on age-at-death, however, the model had relatively
low predictive value with birth frailty explaining 18.7% of
the variance observed (Table 2). Examination of individ-
ual scenarios found that birth frailty alone explained

between 10.2% and 12.1% of the variance observed for all
scenarios (Figure 8; Table S3-S7).

Additional examination of age-at-death data generated
through use of the mixed-Makeham mortality model finds
that birth frailty has a greater influence on age-at-death
than the Siler model with the combined birth frailty and
health insult exposure likelihood scenario model explain-
ing 35% of the variance observed. (Table S8).

4 | DISCUSSION

The findings of the present study demonstrate that the
frailty of an individual at birth has relatively low predic-
tive value (18.7%) on their age-at-death when also
accounting for exposure likelihood. The predictive value
per scenario (10.2%-12.1%) is similar to that of Harte-
mink et al. (2017) despite the inclusion of stochastic ele-
ments such as variable severity and recovery. Where
mortality was generated using a mixed-Makeham model
of mortality the predictive value of the full model was
greater (35%) due to the use of birth frailty as the con-
stant hazard component of this mortality model; however
this still only accounts for a little over a third of the total
variability observed. These findings suggest that, applied
to a real population, the greatest contributions to mortal-
ity likelihood likely derive from factors that increase the
likelihood of exposure to stressors, and to a larger extent
the nature and timing of the stressors themselves, rather
than “hidden heterogeneity” as traditionally conceptual-
ized in bioarcheological research (i.e., heterogeneity aris-
ing from intrinsic factors such as phenotypes or prenatal
environment). This is supportive of the findings by Tulja-
purkar et al. (2009) in the context of reproductive success
and survivorship in which stochasticity directly affects
these measures of fitness, whereas heterogeneity from
birth has far less influence on these outcomes, as well
discussion by Gage (1989) regarding the likely multidi-
mensionality of frailty and thus the low contribution of
an individual aspect of frailty (here birth frailty) on age-
at-death.

To be clear, intrinsic factors (as modeled by the birth
frailty attribute in the simulation) play a vital role in sur-
vivorship, and in a real population would be moderated
across generations and individual lifespans by extrinsic
factors, but these intrinsic factors alone are not sufficient
to reliably predict age-at-death as observed in this simula-
tion. Thus, the role of stochasticity (“luck™) in exposure
to, and severity of, health insults is likely underappreci-
ated in bioarcheological research and has implications
for the interpretation and conceptualization of frailty
when using age-at-death as a measure. We may under-
stand the findings of the present study as reflecting the
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FIGURE 6 Change in age-at-death associated with birth frailty. Figure 6 shows the difference in age-at-death by birth frailty in

comparison to a birth frailty value of 1.0-1.1 as determined by the linear regression model. A low birth frailty value means than an
individual has a lower mortality risk compared to the reference age-at-death mortality risk while a high birth frailty value has a greater
mortality risk than this reference risk. Low birth frailty (in blues) have increased survivorship over the reference group with just under
20 years of additional survivorship noted for the <0.5 birth frailty cohort. Higher birth frailty (in yellows through to reds), conversely,
decreased survivorship with a decrease in survivorship of just under 12 years noted for the 2.0+ birth frailty cohort.

greater potential lifespan for individuals of lower birth
frailty, however the exposure (or not) to health insults
and the impacts driven by this exposure ultimately deter-
mines an individual's age-at-death. Further, at given
points in the lifespan such as early infancy or older age
the “threshold” to mortality is much lower than at other
ages, and thus it is not only the amount of frailty accu-
mulated that is important but when this exposure occurs.
It is important to note here also that the mortality likeli-
hood, as determined by the five-parameter competing
hazard model derived from the life-table data used in the
present study, largely determines the population-level
mean age-at-death. The variability in individual age-
at-death is therefore additionally constrained by this “all
cause” mortality risk.

In addition, the per-year exposure likelihood also
influenced the individual variation in age-at-death, with
lower likelihood scenarios having wider mean range of
age-at-death than higher likelihood scenarios. This

results in the situation where an individual with high
birth frailty in the lowest likelihood scenario will have
similar variability in age-at-death as a low birth frailty
individual in a high likelihood scenario. This similarity
in range reflects the combined influence of individual
frailty and the circumstances they live in. Thus, explora-
tion of age-at-death as a measure of frailty must consider
(where possible) the broader landscape of risks in which
individuals lived, that is, the nature and frequency of
health insults.

These outcomes of these models—the pronounced
variability of individual age-at-death across iterative runs
of the same scenario; the limited predictive value of birth
frailty; and the influence of health insult exposure likeli-
hood and severity on age-at-death—may help to explain
the mixed bioarchaeological evidence for any association
between observable pathology in skeletal remains and
age-at-death. For instance, linear enamel hypoplasia
(LEH) has been associated with decreased survivorship
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Change in age-at-death associated with health insult exposure likelihood scenario. Figure 7 shows the difference in age-

at-death by health insult exposure scenario in comparison to the scenario with no health insult exposure as determined by the linear
regression model. Increasing the likelihood of health insult exposure decreases survivorship with the 10% chance per year scenario (in blue)
decreasing survivorship by 1.6 years while the guaranteed exposure scenario (in red) decreased survivorship by just over 17 years in

comparison the reference scenario (No exposure).

(see Boldsen (2007), and Ham et al. (2021)); however,
Amoroso et al. (2014) find this association disappears
when controlling for socio-economic status. They suggest
that it is socioeconomic status; which largely drives expo-
sure to both LEH-causing sources of stress and to subse-
quent health insults which ultimately reduce the lifespan
of these individuals. The use of age-at-death as a mea-
surement of frailty is subject to the influence of stochasti-
city in health insult exposure, and controlling for factors,
which likely alter exposure likelihood may help to mini-
mize the variance in age-at-death due to this
stochasticity.

The high variability of individual age-at-death associ-
ated with stochasticity also has implications for the use of
population sample subsets, especially where these subsets
are very small (e.g. less than 100 individuals). Small sam-
ple size is a perennial issue in bioarcheology, though the
emphasis has been largely on the likelihood of missing
small effects (Milner & Boldsen, 2017) or of misleading
results due to the influence of age structure (Klaus, 2014)

rather than the likelihood of misleading trends arising
due to stochasticity. Given the substantial variation in
age-at-death between runs for individuals for each expo-
sure scenario (ranges of 24.5 up to 52.5 years) in the pre-
sent study, which is driven solely by stochasticity in
exposure and severity of health insults, caution is advised
in the interpretation of associations observed between
visible skeletal pathology and age-at-death as skeletal
indicators likely represent the “tip of the iceberg” in
terms of health insults faced by individuals of past popu-
lations. The findings of the present study echo that of
Kozak and Diachenko (2023) in their exploration
of inter-site variation in skeletal indicators of scurvy and
rickets presence, with risk of misinterpretation of pathol-
ogy presence in small sample sizes noted by the
researchers. Further work is needed to understand what
sample size may be needed to accurately reflect the past
population from which skeletonized remains derive;
however, it is likely that this ideal minimum sample size
will differ based upon the context of the population
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FIGURE 8

Age-at-death by starting frailty for pooled runs, by health insult exposure likelihood scenario. Figure 8 shows the

distribution of age-at-death by birth frailty per exposure likelihood with smoothed regression line (generated using a generalized additive
model) to show trend. This figure shows increased variation in age-at-death for low birth frailty (in dark blue) and less variation for high
birth frailty (in red). The distribution of age-at-death is additionally influenced by the health insult exposure likelihood scenario with wider
distribution of age-at-death for all birth frailty cohorts in scenarios with no or low exposure risk per year, and compressed distribution of
age-at-death when health insult exposure is higher or guaranteed per year.

(i.e., the nature and frequency of health insults, and fac-
tors which may influence these).

5 | CONCLUSION
This study demonstrates the influence of stochasticity in
age-at-death (a measurement of frailty), at the individual
level through simulation modeling. The findings of this
simulation reinforce the need for caution when interpret-
ing age-at-death as a proxy for frailty, especially in small
samples. Further, the present study demonstrates the
utility of simulation-based modeling in exploring aspects
of frailty and mortality that are not observable from skel-
etal materials, thus providing complementary methods
for better understanding of the past.

In parting, it is important to emphasize that a model
is only as good as its parameters, and there remains
much to discover about the dynamics underlying human

longevity and frailty. The use of simulated population
modeling in bioarcheology is not, therefore, pitched to
replace the study of human skeletal remains but rather
to help bridge the gap between research and broader the-
ory building within the field. Further research using sim-
ulation to model factors associated with exposure
likelihood, as well as factors which influence the intrinsic
severity of a stressor (such as stressor type and develop-
mental windows), will improve the theoretical under-
standing of frailty as explored in bioarchaeology. The
outputs from increasingly sophisticated modeling, which
draws upon the findings and methodology across scien-
tific disciplines can then be incorporated into interpreta-
tive frameworks for bioarchaeologists working with
skeletal remains.
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