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INTRODUCTION

Natural populations live in complex environments in 
which they are exposed to many co- occurring stressors 
that can compound and interact in a variety of ways. 
Yet, we do not have a good understanding of how or 
when the number of stressors experienced affects the 
ecology of natural populations. Early- life experiences 
in particular are known to have lifelong consequences 
(Lindström, 1999), but little is known about the cumu-
lative impact of multiple early- life stressors on adult fit-
ness. In many ways, this gap in our knowledge has been 
defined by constraints in data analysis and availability 
(Pirotta et  al.,  2022). A better understanding requires 
more longitudinal studies and the shared application of 
feasible methods.

While the importance of cumulative effects has been 
gaining recognition across fields (Orr et  al.,  2020), esti-
mating them remains a challenge (Gunn et al., 2014; Jarvis 
et al., 2024; Mahon & Pelech, 2021; Orr et al., 2020; Pirotta 
et al., 2022; Tyack et al., 2022). Many of these effects, and 
especially their interactions, are context dependent, which 
makes it harder to generalize across populations (Côté 
et al., 2016; Kroeker et al., 2017; Orr et al., 2020) and over 
time (Darling & Côté, 2008; Debecker et al., 2017; Lange 
et al., 2018). While some frameworks have been highlight-
ing the importance of understanding stressor interactions 
(Hale et al., 2017), such variable effects are hard to capture 
at higher, more complex scales (Orr et al., 2022). We sug-
gest that a more general and widely applicable approach 
can yield novel insights even when the specific mecha-
nisms are unknown or uncertain.
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Abstract
Protecting populations contending with co- occurring stressors requires a better 
understanding of how multiple early- life stressors affect the fitness of natural 
systems. However, the complexity of such research has limited its advancement 
and prevented us from answering new questions. In human studies, cumulative 
risk models predict adult health risk based on early adversity exposure. We apply 
a similar framework in wild yellow- bellied marmots (Marmota flaviventer). We 
tested cumulative adversity indices (CAIs) across different adversity types and 
time windows. All CAIs were associated with decreased pup survival and were well 
supported. Moderate and acute, but not standardized CAIs were associated with 
decreased lifespan, supporting the cumulative stress hypothesis and the endurance 
of early adversity. Multivariate models showed that differences in lifespan were 
driven by weaning date, precipitation, and maternal loss, but they performed 
poorly compared with CAI models. We highlight the development, utility, and 
insights of CAI approaches for ecology and conservation.
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To quantify the impact of multiple adverse childhood 
experiences on adult health risks, human studies devel-
oped a cumulative risk model (Rutter, 1983). The model 
combines organismal traits with characteristics of the 
social and physical environment into a single, cumula-
tive adversity index (CAI). In these models, risk exposure 
becomes binary by either a statistical cut- off (e.g., upper 
quartile) or a conceptual categorization (e.g., below the 
poverty line). Each exposure is then summed into a sin-
gle cumulative risk score. By using a CAI as a single pre-
dictor, these models result in more amenable statistical 
analyses (Evans et al., 2013). CAIs have been effective in 
demonstrating that adverse childhood experiences are 
strongly associated with adult allostatic load (an indica-
tor of cumulative stress, Box 1) and related health risks 
(Berens et  al.,  2017; Evans,  2003; Seeman et  al.,  2010). 
Furthermore, CAIs were repeatedly found to be a better 
predictor of mortality and health decline than individ-
ual biomarkers alone (Beckie, 2012; Edes & Crews, 2017; 
Mauss et al., 2015). While effective in humans, few have 
attempted to apply these models to wild animals (Gicquel 
et al., 2022; Gonzalez et al., 2023; Morrison et al., 2023; 
Patterson et al., 2021; Tung et al., 2016).

In a dynamically changing Anthropocene, we need 
better ways to evaluate the impact of cumulative stress-
ors. CAIs can yield both ecological insights and aid 
conservation management (Pirotta et al., 2022) by high-
lighting important survival and demographic patterns. 
They can be a great tool to test the cumulative stress hy-
pothesis (Stewart,  2006; Box 1) in wild animals, evalu-
ate the importance of the number of early stressors, and 
identify at- risk individuals and populations. However, 
to be effective, CAIs must be applied using an accessi-
ble, reliable, and consistent framework that allows for 
better comparisons across systems. A clear framework 
is paramount because the few prior studies that used 
CAIs in wild animals have varied considerably in their 
development.

In this article, we aim to (1) determine the utility of 
using a CAI to predict survival in wild yellow- bellied 
marmots (Marmota flaviventer) and (2) provide a struc-
ture that others can follow to develop bespoke CAIs in 
their own study species (Figure S1).

We begin by describing our framework. We: (a) de-
fine adversity and how to identify it; (b) discuss best 
practices for quantifying adversity; (c) evaluate how 
well different methodologies predict early survival 
and adult longevity in yellow- bellied marmots (here-
after, marmots); and (d) discuss what inferences can be 
made and which types of studies would benefit from 
this kind of analysis. More specifically we ask: Does 
greater cumulative early adversity decrease early sur-
vival and adult longevity? Can the survival costs of 
cumulative early adversity be compensated by positive 
early experiences? Which CAI performs best? Do mod-
els using a single CAI perform better than multivariate 
‘full’ models?

BOX 1 The importance of cumulative adversity: 
cumulative stress, allostatic load, and developmen-
tal constraints

Within the field of developmental plasticity, the 
cumulative stress hypothesis (Stewart, 2006) has 
been underexplored. Based on the concept of 
allostatic load (McEwen,  1998), the cumulative 
stress hypothesis posits that stressful situations 
have accruing costs that become increasingly 
detrimental to fitness. As individuals interact 
with their environment, they overcome chal-
lenges by adjusting their physiology. This ability 
to ‘maintain stability through change’ has been 
termed allostasis (McEwen & Wingfield, 2007). 
Allostatic load occurs when excessive use of 
these regulatory systems results in ‘wear and 
tear’ rendering them less effective with use. 
Therefore, allostatic load refers to the cost of 
repeated exposure to environmental challenges 
through over- activation of the stress response 
(Guidi et al., 2021).

Allostatic load has been extensively investigated 
in human health, where it has been associated 
with increased risk for a range of diseases, from 
cardiovascular diseases to neurological disor-
ders (for a review, see Guidi et al., 2021). Several 
studies have identified allostatic load through 
biological markers (McEwen,  2015; Seeman 
et  al.,  1997, 2001), such as cortisol and resting 
systolic and diastolic blood pressure. While bio-
markers focus on the physiological evidence of 
allostatic load, clinical studies have focused on 
its underlying experiential factors (e.g., signifi-
cant hardship and distress). Identifying the ad-
verse environment allows us to not only identify 
at- risk individuals but also proactively address 
the root cause and reduce the load for future 
generations.

From a life- history theory perspective, the detri-
mental effects of cumulative stress arise not from 
a loss of efficiency but from developmental trade- 
offs (Monaghan, 2008). The more challenges in-
dividuals encounter, the more energy they must 
divest from growth into survival. This trade- off 
places them at a competitive disadvantage at 
maturity (developmental constraint), compared 
with individuals who were able to prioritize their 
growth. According to both hypotheses, exposure 
to multiple or repeated stressors leaves individu-
als in a suboptimal state that reduces relative 
fitness. If true, to better understand the fitness 
options available to individuals, we must focus 
specifically on the detrimental effect of multiple 
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M ATERI A LS A N D M ETHODS

Study system and field site

We capitalize on 62 years of studying a population of 
yellow- bellied marmots (Armitage, 2014; Blumstein, 2013) 
around the Rocky Mountain Biological Laboratory 
(RMBL, 38°57´ N, 106°59´ W) in Gunnison County, 
Colorado, U.S.A. These decades provided us with a 
deep understanding of the ecology and life history of its 
individuals, but in our study, we used only 17–18 years 
of data comprised of females born after 2001 (when we 
started quantifying physiological stress) and who re-
mained in one of our colonies until 2019, to guarantee 
an accurate record of their pedigree, age, and lifetime  
experiences.

The RMBL population of marmots is spread across 
a 300 m elevational gradient and is characterized by 
high annual and colony- level variation in environmen-
tal and demographic conditions (Armitage, 2014). Based 
on their elevational difference, colonies are subdivided 
into up-   and down- valley (respectively at higher and 
lower elevations), groupings with demonstrated envi-
ronmental, ecological, and demographic differences 
(Armitage,  2014). Data collection occurs during times 
of peak activity (0800–1200 h and 1600–1900 h) from 
mid- April to mid- September. Individuals in this popula-
tion have been trapped biweekly, uniquely marked, and 
systematically observed daily (Blumstein et  al.,  2016) 
by many trained students and volunteers (authors in-
cluded), who collected behavioural, morphological, and 
physiological data (details in S1).

Defining adversity

We define adversity as any external or internal environ-
mental condition that can have a detrimental effect on 
the fitness of  the individual who experiences it, often by 
directly or indirectly limiting their access to resources. 
In this well- studied system, we were able to reduce our 
assumptions about what marmots might experience as 
adverse by choosing to only consider factors known to 
affect a component of fitness (Table S1). To do so in a 
systematic manner, we proceeded using the following ap-
proach (Figure S1).

The cumulative adversity index framework

Time window

Adversity can occur at any life stage. Therefore, a CAI 
can be built annually or it can consider a discrete life 
period, such as sensitive periods—developmental peri-
ods during which certain experiences or stimuli have a 
particularly strong effect on the phenotype (Fawcett & 
Frankenhuis,  2015; Stamps & Luttbeg,  2022). Marmots 
reach sexual maturity at the age of 2, therefore we con-
sider these first two years as their early life. Given we have 
not determined sensitive periods in marmots, we chose to 
build three different indices to investigate the importance 
of the timing of early adversity. (1) The Pup CAI only in-
cludes adversity experienced during the first year of life, 
(2) the Yearling CAI only includes adversity experienced 
during the second year, and (3) the Total Early CAI sums 
the adversity experienced across both years.

Fitness measures

Given our definition of adversity (i.e., having a det-
rimental effect on fitness), we first considered which 
fitness measures were relevant for marmots. We identi-
fied the following: winter survival, body mass, summer 
survival, reproductive success, longevity, and dispersal 
(more details in Table S1). Therefore, to identify adver-
sity measures we then looked for factors that had been 
shown to affect said fitness measures in some way (see 
below).

Sources of adversity

We identified determinants of the above fitness meas-
ures (i.e., sources of adversity) by conducting an infor-
mal search of the marmot literature. We include the 
following ecological, demographic, and maternal meas-
ures: late start of season, summer drought, predation 
pressure, large litters, male- biased litters, late weaning, 
poor maternal mass, high maternal stress, and maternal 
loss (Table 1).

By adopting the term ‘adversity’, we emphasize risks 
that are detrimental to fitness. However, when deciding 
which factors to list as adversity measures, we considered 
any variable that had been shown to impact the fitness 
measures identified above, even if the reported effect was 
positive. For example, we found that summer precipita-
tion was reported as having a positive effect on fitness; 
we still considered summer precipitation as a source 
of adversity because of its opposite detrimental effect, 
summer drought, even though the effect of drought per 
se had not been reported. In such cases, to better inter-
pret the results the measure was reversed. For example, 

stressors on developing individuals. While it 
may appear like two sides of the same coin (e.g., 
‘silver spoon’ effect; Grafen, 1988), we assert the 
distinction is important.

BOX 1 (Continued)

 14610248, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14485, W

iley O
nline L

ibrary on [22/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



4 of 13 |   CUMULATIVE ADVERSITY AND SURVIVAL IN THE WILD

summer precipitation was multiplied by −1 such that 
larger values indicated a summer drought.

Composite indices often do not consider interac-
tions. We wanted to avoid omitting potentially im-
portant interactions and were mindful of how we 
could incorporate them. For example, predation 
pressure could be costly when population density is 
low but not when high (i.e., overcompensation; Neale 
& Juliano, 2019). In such a case, we were prepared to 
pair each term and include the interaction as its own 
measure (high predation + low density = adverse; high 
predation + low density = not adverse). However, our 
informal search of the marmot literature yielded no 
clear- cut, proven interactions and we decided not to 
make further assumptions. Perhaps this is a gap within 
the marmot literature and more potential interactions 
could be investigated, or perhaps the existing inter-
actions are too complex. Nevertheless, we made sure 
none of our adversity measures were correlated with 
each other before performing our analyses.

Weighing adversity across measures

We explored whether to treat measures equally or assign 
them weights (e.g., based on the standardized effect size 
of their impact on fitness). A review of the organiza-
tional sciences literature (Bobko et al., 2007) found that 
indices that use unweighted (or unit- weighted) measures 
gave similar results as those that use weighted meas-
ures, whereas weighted measures provided more accu-
rate results when based on accurate data, they otherwise 
tended to increase the margin of error and introduce 
false assumptions without increasing accuracy (Pirotta 
et al.,  2023). Based on this literature and our available 
data, we chose to weigh all adversity equally.

Quantifying adversity within measures

To create a composite index containing both categori-
cal and continuous data, it is recommended to turn them 

Adversity type and 
measure

Demonstrable effect on a relevant fitness 
measure References

Ecological

Late start of season 
(SOS)

Longer winters and shorter growing seasons 
are associated with lower body mass at 
hibernation which results in lower winter 
survival and lower reproductive success

Ozgul 
et al., 2006, 
2010; Cordes 
et al., 2020

Summer drought Summer drought is associated with lower 
food availability that results in lower body 
mass at hibernation, lower winter survival, 
and lower reproductive success

Cordes 
et al., 2020

Predation pressure Predation is a major determinant of summer 
mortality and has also been indirectly linked 
to lower reproductive success and higher rates 
of dispersal

Van Vuren, 2001; 
Monclús 
et al., 2011

Demographic

Large litter size Larger litters likely result in higher 
competition among littermates and have 
been associated with smaller weaning mass 
in pups, which results in a lower likelihood 
of survival

Armitage, 2014

Male- biased litters Females born in male- biased litters have 
lower overwinter survival, lower reproductive 
success, and increased probability of 
dispersal

Monclús & 
Blumstein, 2012

Parental

Late weaning Earlier weaning dates lead to offspring with 
higher body mass at hibernation which in 
turn increases pup winter survival

Ozgul et al., 2010

Poor maternal mass Maternal mass in June is associated with 
weaning mass in pups (body mass at weaning)

Armitage, 2013

Maternal stress High maternal stress during pregnancy and 
lactation has been linked to higher stress in 
pups, which is also associated with lower pup 
winter survival

Pinho et al., 2019

Maternal loss Offspring are nearly twice as likely to 
disperse if their mother is absent

Armitage, 2014

TA B L E  1  We describe how each 
adversity measure was selected based on 
its association with a fitness outcome (in 
bold). More detailed data collection in the 
Supporting Information (1).
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into a similar scale (Bobko et al., 2007). We chose to use 
binary levels (e.g., adverse or not). While we could have 
considered multiple levels of adversity (e.g., high, me-
dium, and low) we felt we did not have enough data to 
justify those decisions; furthermore, the literature sug-
gests binary measures yield similar results with fewer as-
sumptions (Bobko et al., 2007), and we were interested 
in the utility of its simplicity. Binary measures have also 
been used in other CAIs in humans and other animals 
(e.g., Tung et al., 2016).

In deciding how to determine when an experience 
was adverse, we aimed to be conservative and consistent. 
Thus, we explored two thresholds for determining when 
a continuous variable is adverse: the upper quartile and 
the upper decile. When converting a continuous measure 
into a binary one, we only considered an experience as ad-
verse when it fell above a threshold. We explored whether 
this threshold could be empirically obtained (e.g., critical 
maximum temperature), but we did not have this level of 
evidence in our system. Following human and wildlife ex-
amples (Evans, 2003; Tung et al., 2016), we chose an upper 
quartile threshold—an experience was considered adverse 
when it fell above the upper quartile of the population 
distribution. In other words, an experience that matched 
that of 75% of the population (below the upper quartile) 
was not considered adverse. However, we were concerned 
about how sensitive our results would be to the type of 
threshold chosen. We therefore explored a more extreme 
threshold, the upper decile, to represent acute adversity.

In this index, we assumed that adversity accrues and 
cannot be buffered by the benefits of a positive environ-
ment, which aligns with the concept of allostatic load and 
developmental constraints but may not be true under other 
paradigms (e.g., ‘silver spoon’ effect; Grafen, 1988; Box 1). 
Alternatively, it is possible to standardize measures, for 
instance by calculating z- scores. Literature advocating 
for the use of unit- weighted measures in composite index 
scores indicates that such measures are most appropriate 
when they are each standardized (the data are rescaled 
to have a mean of 0 and a standard deviation of 1; Bobko 
et  al.,  2007). However, when used in an adversity index, 
standardized measures imply that positive experiences can 
cancel (or buffer) the effects of negative experiences. To 
avoid creating an inappropriate buffering effect, adversity 
measures could be standardized following two alternative 
methods: (a) standardize only adverse experiences: in this 
method, only negative experiences are scaled, so anything 
above 0 (positive experiences) remains 0, whereas nega-
tive experiences are standardized. Or (b) normalize values 
from 0 to 1: instead of centering the values around 0, each 
value is normalized to a range from 0 to 1 (e.g., Patterson 
et al., 2021). Each method is associated with a slightly dif-
ferent interpretation of adversity and the mechanisms by 
which it can yield negative outcomes. It is also possible 
that different kinds of adversity follow different patterns 
(e.g., non- linear relationships), but specific data would 
be required to make that determination. To evaluate our 

hypothesis that positive experiences could not significantly 
buffer negative ones, we created an index that summed 
standardized scores (categorical variables were first made 
binary as 0 and 1 and then rescaled).

In summary, we created three CAI indices: one binary 
with an upper- quartile cut- off (hereafter moderate ad-
versity); one binary with an upper- decile threshold cut- 
off (hereafter acute adversity); and one continuous and 
standardized.

Evaluating the cumulative adversity indices

All data manipulation and analyses were carried out using 
R Statistical Software (version 4.3.1; R Core Team, 2023) 
and were freely available (see Data Availability). To 
evaluate whether any of the indices explained varia-
tion in marmot longevity, we fitted mixed- effects Cox 
proportional hazard models using the ‘coxme’ package 
(version 2.2.20; Therneau,  2024b) that included sur-
vival of adult individuals as the response variable and 
each CAI (in separate models) as the predictor variable. 
We used a total of nine indices representing three time 
windows—pup CAI, yearling CAI, and total CAI—and 
three different types of adversity—moderate, acute, and 
standardized adversity. Unlike most other studies, we 
decided to control for the present environment; we in-
cluded the fixed effects of valley position (up and down) 
and its interaction with the CAI, since the conditions up- 
valley tend to be consistently harsher than those down- 
valley, current predation pressure, a major determinant 
of summer survival, and August mass, a major determi-
nant of winter survival. Variables we initially considered 
as random effects were colony, dam ID, litter, and co-
hort year. However, after a structured exploration, we 
excluded litter, because 92% of litters in our dataset only 
had 1 remaining individual, and dam ID (nested within 
colony) because it showed a negligeable amount of vari-
ance (0.0097). Our final models included colony and co-
hort year as random effects.

To test whether CAIs were associated with survival to 
age 1 (hereafter pup survival) we fitted generalized lin-
ear mixed- effects models using the package ‘lme4’ (ver-
sion 1.1.35.1; Bates et al., 2015) with pup survival as the 
response variable, and the pup CAI and valley position 
as fixed effects. We investigated the suitability of ran-
dom effects in the pup survival models and found that 
colony had negligeable variance compared with dam ID. 
Our final model included litter ID nested within dam ID 
and cohort year as random effects. We did not explore 
survival to adulthood because differentiating between 
dispersal and death proved difficult.

To determine which index best explained marmot sur-
vival, we compared the corrected Akaike Information 
Criterion (AICc) scores of each model (following Burnham 
et al., 2011) using the package ‘performance’ (version 0.11.0; 
Lüdecke et  al.,  2021). The model with the lowest AICc 
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represents the estimated best model, every other model 
is evaluated as how different it is from the best model. To 
better evaluate the utility of a cumulative index, we also 
compared the cumulative models with mixed- effects Cox 

regression model that included each adversity measure as 
a separate fixed effect (hereafter the full models), both in 
their binary and raw structures (Figure 1; Tables S4–S7). 
Model diagnostics on survival models were performed 

F I G U R E  1  (a) Results of our pup survival models, the figure includes all three models (moderate CAI, acute CAI, and standardized CAI) 
and the fixed effect of valley (up and down). The pup survival odds ratio represents the odds of survival to year 1, therefore an increase in 
odds ratio represents increased survival probability. (b, c) show the results of the full pup survival models with moderate adversity and raw, 
untransformed values respectively. All pup survival models included 471 female pups from 2002 to 2018. (d) and (g) show the results of our adult 
longevity models for all three types of adversity (moderate, acute, standardized) experienced during the first year (pup adversity) and summed 
across both years of early life (total adversity) respectively. The figures omit the current variables of predation and August mass for ease of 
reading the figure and because they were not significant (Tables S5 and S6). As the hazard ratio increases, survival probability decreases. All 
adult longevity models included 229 observations of 79 adult females from 2004 to 2019. The models included random effects of colony (n = 11) 
and birth- year cohort (n = 15). Similarly to (b) and (c), we show the results of the full adult longevity models for pup moderate adversity (e), raw 
values of pup adversity (f), total moderate adversity (h), and raw values of total adversity (i). Asterisks represent significance values (*p < 0.05; 
**p < 0.01).

Moderate adversity Acute adversity Standardized adversity

0.72 **

1.70

0.64 **

1.54

0.90 *

1.67

       Pup Standardized

Pup Acute

Up Valley

Pup Moderate

0.01 0.1 1 10 100
Pup survival odds

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

2.35 *

0.63

0.55

1.73

0.23 **

1.07

0.36

4.14 *

0.70

0.36 *Maternal loss
Predation

Summer drought
Late start

Maternal stress
Poor mat. mass

Male−biased litter
Large litter

Late weaning
Up valley

0.01 0.1 1 10 100
Pup survival odds

2.79 *

0.67 *

0.92

1.10

0.88

0.83

0.82

1.53 *

1.06

0.40 *

0.01 0.1 1 10 100
Pup survival odds

2.18 *
3.99 *

0.64

2.74 *

3.92 **

0.48

1.07

2.11

1.07Pup Std x valley

Pup Standardized

Pup Acute x Valley

Pup Acute

Pup Moderate x Valley

Up Valley

Pup Moderate

0.01 0.1 1 10 100
Adult survival hazard

1.92
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   | 7 of 13ORTIZ- ROSS and BLUMSTEIN

using the ‘cox.zph()’ function from the ‘survival’ package 
(version 3.5.8; Therneau, 2024a), and the functions ‘check_
collinearity()’ from the ‘performance’ package; the func-
tion ‘check_model()’ from the ‘performance’ package was 
used for all other models.

RESU LTS

Pup survival

Data were collected between 2002 and 2018 and included 
471 females from 197 litters and 112 unique mothers. 
54% of pups survived their first year. All four models 
yielded similar results (Figure  1a; Table  S2); all CAIs 
were positively associated with reduced odds of survival. 
Moderate and acute CAIs decreased odds by 30 and 40% 
for each additional adversity respectively (p = 0.008), 
whereas standardized adversity decreased them only 
by 10% each (p = 0.047). Of the three, the moderate and 
acute adversity models were equally likely to be the best 

model (∆AICc<1) and both explained ca. 40% of the vari-
ation (Table S2).

The full models showed that pup survival odds were 
significantly higher up- valley for all models (OR = 1.85–
2.79; Table S4; Figure 2b,c). Maternal loss significantly 
decreased survival odds in all models (OR = 0.36–0.63), 
showing a 64% decrease in the moderate adversity 
model. Poor maternal mass decreased them by 77% only 
in the moderate adversity model, whereas late weaning 
decreased them by 33% only in the standardized and raw 
models. Surprisingly, drought increased the odds of sur-
vival across all but the acute adversity model (OR = 4.14–
1.52), with the greatest effect observed in the moderate 
adversity model. The standardized and raw models were 
virtually indistinguishable. When comparing AICc, the 
full model of moderate adversity was comparable to the 
moderate CAI model (∆AICc<2), whereas all other mod-
els had a larger AICc (Table 2). We conclude that a CAI 
effectively captures short- term survival risk in yellow- 
bellied marmots, but full models, when available, may 
be more informative.

F I G U R E  2  Survival probability under low predation up valley (a, b) and down valley (c, d) for each CAI moderate pup adversity (a, c) 
and each CAI moderate total adversity (b, d). Valley was included as a fixed effect to account for site differences due to elevation. Colonies 
up- valley tend to experience harsher weather conditions. All adult longevity models included 229 observations of 79 adult females from 2004 to 
2019. Survival plots were generated using a Cox proportional hazards model without random effects; all other elements remained the same. Full 
results of the mixed- effects models are found in Tables S5 and S6.
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8 of 13 |   CUMULATIVE ADVERSITY AND SURVIVAL IN THE WILD

Adult survival

The dataset included those pups who survived to adulthood 
(age 2) and remained in their natal colony: 79 adult females, 
56 of which died during the study period (2004–2019). The 
average adult lifespan was 3.8 years (range: 2–11 years). 
Moderate and acute CAIs significantly increased the haz-
ard across all three time windows (Table S3; Figures 1 and 
2). Increases ranged from a factor of 1.99–2.21 for each 
additional moderate CAI, with the lowest effect found 
looking across both years. Acute CAIs increased hazard 
even more, by a factor of 2.53–3.02, with the highest effect 
found under total adversity. In the absence of adversity, 

up valley marmots had an increased hazard of 3.92–7.36, 
increasing from pup to total adversity. A significant in-
teraction between adversity and valley was found in both 
moderate and acute CAI models, but not for pup adversity 
(Figure 1d,g). The interaction showed that increases in ad-
versity up- valley resulted in a lower hazard than increases 
in adversity down- valley (Figures 1g, 2b,d), with the dif-
ference becoming more pronounced under acute adversity 
(estimate = 0.34, CI = 0.16–0.74). None of our predictors 
explained significant variation in adult survival for the 
standardized CAI model.

Overall, there was a trend of lower AICc scores for 
moderate CAIs, followed by acute ones, and trailed by 

TA B L E  2  List of all the pup survival and adult longevity models we fit and their relative AICc values for model comparison.

Model Adversity Window AICc Weight Cum weight ∆AICc
Evidence 
ratio R2 (cond) R2 (marg)

Pup survival

Full Moderate Pup 604.3 0.464 0.464 best 
estimate

best estimate 0.414 0.139

CAI Moderate Pup 605.7 0.232 0.696 1.4 2.00 0.400 0.049

CAI Acute Pup 605.7 0.238 0.934 1.4 1.95 0.408 0.049

CAI Standardized Pup 609.3 0.040 0.974 5.0 11.6 0.379 0.027

Full Acute Pup 611.2 0.015 0.989 6.9 30.9 0.412 0.115

Full Raw Pup 611.7 0.012 1.001 7.4 38.7 0.405 0.120

Adult longevity

CAI Moderate Pup 376.7 0.430 0.430 best 
estimate

best estimate - - 

CAI Moderate Total 377.4 0.294 0.724 0.7 1.46 - - 

CAI Acute Total 378.9 0.143 0.867 2.2 3.01 - - 

CAI Moderate Yearling 381.0 0.050 0.917 4.3 8.60 - - 

CAI Acute Pup 381.1 0.046 0.963 4.4 9.35 - - 

CAI Acute Yearling 383.4 0.015 0.978 6.7 28.7 - - 

CAI Standardized Total 384.4 0.009 0.987 7.7 47.8 - - 

CAI Standardized Pup 384.7 0.008 0.995 8.0 53.8 - - 

CAI Standardized Yearling 386.4 0.003 0.998 9.7 143 - - 

Full Moderate Pup 387.4 0.002 1.000 10.7 215 - - 

Full Moderate Total 391.5 <0.001 1.000 14.8 >430 - - 

Full Acute Total 394.5 <0.001 1.000 17.8 >430 - - 

Full Raw Pup 394.6 <0.001 1.000 17.9 >430 - - 

Full Moderate Yearling 394.8 <0.001 1.000 18.1 >430 - - 

Full Acute Pup 395.5 <0.001 1.000 18.8 >430 - - 

Full Acute Yearling 395.9 <0.001 1.000 19.2 >430 - - 

Full Raw Total 396.7 <0.001 1.000 20.0 >430 - - 

Full Raw Yearling 399.3 <0.001 1.000 22.6 >430 - - 

Note: Model: CAI models are those that include an adversity index, while the Full models include each adversity measure as an independent variable. Adversity: 
Moderate adversity is quantified as binary with a threshold of 0.75; Acute adversity is quantified as binary with a threshold of 0.90; Standardized adversity is 
quantified using a z- score; Raw adversity uses the raw, untransformed data. Window: Time windows include pup as the first year, yearling as the second year, 
and total as the sum of the first 2 years. Weight: AICc weights represent the probability that the model represents reality based on the data. Cum weight: The 
cumulative weight from the best to worst model. The estimated best model represents the model with the lowest AICc and highest probability of being the best 
model to approximate reality. ∆AICc: Quantifies the difference in AICc from this estimated best and represents how different the models are from each other (or 
how much information is lost between them). Evidence ratio: Calculated as the ratio between the estimated best model and the current model; it represents how 
many times stronger the evidence for the estimated best model is compared with the current model (Burnham et al., 2011). All pup survival models included 471 
female pups from 2002 to 2018. All adult longevity models included 229 observations of 79 adult females from 2004 to 2019. The models included random effects of 
colony (11) and birth- year cohort (15).

 14610248, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14485, W

iley O
nline L

ibrary on [22/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



   | 9 of 13ORTIZ- ROSS and BLUMSTEIN

standardized CAIs (Table  2). Among the nine models, 
the moderate pup CAI had the lowest AICc, but only had 
a 43% probability of being the best model. It was closely 
followed by the moderate total CAI, with a 30% proba-
bility, and the acute total CAI with a 14% probability. It 
is likely that there is valuable information contained in 
each of these models that is not fully being captured by 
any one of them. Indeed, many of the CAI models were 
within a ∆AICc of 7–8 (Table 2).

Among full models, the moderate total and mod-
erate pup adversity full models were the most similar 
and had the lowest AICc values (Table 2). They showed 
that late weaning and maternal loss significantly in-
creased the adult survival hazard (Figure  1e,f,h,i; 
Tables S5 and S6). No effect was apparent in the year-
ling adversity full model, but late weaning was a sig-
nificant hazard when using the raw values for yearling 
and total adversity (Tables  S5 and S7). Residing up- 
valley was the only significant hazard in all acute ad-
versity full models (estimates = 2.72–3.04)—in strong 
contrast to acute CAIs, which had a strong effect on 
adult longevity—but was not a hazard in the other 
models. Lastly, all the AICc values of the full mod-
els were considerably higher (∆ > 10) than those of the 
models that used an index (except in pup survival mod-
els; Table 2). However, we were unable to test the in-
teraction between each adversity measure and valley 
in the full models of adult longevity because the mod-
els became too complex—this may help explain why 
no adversity measure was found hazardous in the full 
model of acute adversity. Together, our results support 
our hypothesis that a CAI is a useful tool in yellow- 
bellied marmots to evaluate the long- term survival im-
pact of multiple early life stressors; a CAI also allows 
the inclusion of interactions with other variables while 
avoiding unfeasible, over- fitted models.

DISCUSSION

Most species face various co- occurring stressors in their 
lives, with those experienced early in life being particu-
larly impactful. While developmental plasticity can in-
crease an individual's adaptability to adversity, life- history 
theory predicts it will require trade- offs. The greater the 
number of adverse experiences encountered, the greater 
the trade- offs, the higher the likelihood of long- term fit-
ness costs (Monaghan,  2008). Similarly, the cumulative 
stress hypothesis posits that increased stressors result in 
higher allostatic load, which reduces fitness. Research on 
cumulative impacts in global change ecology has indeed 
suggested that increases in the number of stressors expe-
rienced often lead to adaptive constraints and reduced 
population fitness (Orr et al., 2022). However, such stud-
ies have not incorporated more than three co- occurring 
stressors. In part, this is due to difficulties in determining 

the effect of complex interactions among stressors (Hale 
et al., 2017) and the requirement of large sample sizes.

To address these challenges, we described a framework 
for how we built and evaluated CAIs in yellow- bellied mar-
mots. While CAIs are well established in human studies 
(but note, Lanoue et al.,  2020), they are not widely used 
to study the health and ecology of wild populations, es-
pecially in terrestrial systems. Our results add support to 
the idea that a single CAI can be used to study cumulative 
impacts in wild animals, thereby opening such analyses to 
studies where sample sizes do not support many covari-
ates. Importantly, CAIs can capture accrued costs despite 
complex interactions and uncertainty among stressors. 
Indeed, the analyses of our full models showed that few 
of our chosen adversities had a significant effect on sur-
vival. Furthermore, contrary to expectation, we found a 
positive effect of summer drought on pup survival—one 
of our measures was a benefit rather than an adversity! 
Nevertheless, our CAIs still captured the survival conse-
quences of cumulative adversity.

While large datasets may allow more thorough evalu-
ation of CAIs (e.g., Gicquel et al., 2022), we suggest that 
CAIs will be especially useful to those with less data 
(who may be unable to fit full models) by using a single 
indicator of an individual's ‘state’ at the end of develop-
ment; this can then also be used to identify individuals 
who are at higher risk and/or are more likely to adopt 
‘reactive strategies’ (Grafen,  1988). Future work could 
help determine up to which CAI value an individual can 
recover and when it cannot, as well as compare such val-
ues among populations and taxa.

Index type

Standardized adversity represented a framework in 
which the costs of negative experiences could be ‘recov-
ered’ by positive experiences. Interestingly, we found 
that this relationship may be true for pup survival, but 
not for adult longevity. Nevertheless, within pup survival 
standardized adversity models still did not perform as 
well as the full raw or moderate CAI models. Perhaps 
this shows the short- term adaptability benefits of plas-
ticity compared with its long- term consequences. Thus, 
we conclude that standardized CAIs are not a good pre-
dictor of marmot longevity, although some early costs 
could be buffered. Importantly, we see that the long- 
term costs of early adversity cannot be fully recovered 
by positive experiences but rather result in persistent 
fitness costs. This exciting finding supports the cumula-
tive stress hypothesis and the developmental constraints 
paradigm (Monaghan, 2008; Stewart, 2006). Our results 
also support the importance of talking about ‘adversity’ 
in contrast to more general early- life effects or ‘silver 
spoon’ effects, since the impact of adverse experiences 
appears greater than that of positive ones. This suggests 

 14610248, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14485, W

iley O
nline L

ibrary on [22/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



10 of 13 |   CUMULATIVE ADVERSITY AND SURVIVAL IN THE WILD

that positive and adverse experiences should perhaps be 
analysed separately because there is a fundamental dif-
ference between good and bad effects.

Acute and moderate CAIs were similarly supported 
in pup survival models, while we found some support 
for moderate CAIs in longevity models, but only when 
considering pup adversity (Table 2). This is likely due 
to the stronger effect of acute adversity on pup sur-
vival. While results are similar, acute adversity tends 
to have moderately greater effect sizes (Tables S2–S5). 
We conclude that acute adversity is associated with 
higher immediate risks, but moderate adversity is a 
slightly better predictor of longevity. Overall, CAIs 
may not be as sensitive to the chosen threshold cut- off 
as we originally thought (although Gicquel et al., 2022 
used mean cut- offs and found indices less informative). 
More detailed investigations on threshold cut- offs can 
help us better understand how to choose an appro-
priate threshold. So far, the upper quartile seems to 
be an appropriate and meaningful cut- off for yellow- 
bellied marmots and some primates (e.g., Patterson 
et al., 2021; Tung et al., 2016).

Time window

All three of our time windows had a significant effect 
of adversity on survival, except when using standard-
ized indices. The pup moderate CAI performed the 
best but was very similar to the total moderate ad-
versity (∆AICc<1), followed by total acute adversity. 
Interestingly, the effects of pup adversity and yearling 
adversity do not appear to be additive. This suggests 
that while there is value in looking across the entirety 
of early life, moderate adversity experienced in the 
first year may have the strongest effect on longevity. 
Notably, the interaction between valley and adversity 
varies across time windows—the hazard associated 
with pup adversity does not change between valleys 
(Figure 1d), but that of total adversity is lower up valley 
(Figure 1g). This may indicate that harsher conditions 
up valley result in only the most resilient individuals 
surviving, therefore showing a decreased hazard as-
sociated with adversity later in life. A similar pattern 
in pup adversity may have instead indicated inherent 
local adaptation to harsher conditions.

Index vs. full model

Our full models provided novel evidence that mater-
nal loss is a significant contributor to both short and 
long- term marmot survival. This is an interesting find-
ing in a species with a relatively short dependence pe-
riod compared with similar studies in primates (Zipple 
et  al.,  2019). We also found that different adversity 
measures had an impact on early but not later survival 

(poor maternal mass) and vice- versa (late weaning). 
Nevertheless, most of our full models did not signifi-
cantly explain adult survival, while our CAI models 
did. This strongly supports our prediction that expo-
sure to multiple early life stressors can have cumula-
tive impacts on both adult and pup survival that would 
not be apparent when adversity measures are analysed 
separately. This is especially evident when considering 
long- term consequences of early adversity—all full lon-
gevity models performed considerably worse than those 
with a CAI.

Recommendations for future applications

We have shown the feasibility of using a CAI framework 
to study the long- term fitness impacts of multiple early 
life stressors. We suggest that a wider application of this 
approach within ecology can yield new and exciting in-
sights that will expand our understanding of develop-
mental plasticity, demography, and population viability, 
and by doing so, will also support concrete conservation 
strategies. By thoroughly describing our thought pro-
cess and steps, we hope our paper will be particularly 
beneficial to novel studies interested in adopting a CAI 
approach.

We recognize that this approach may not be well- 
suited to all studies. It certainly requires sufficient 
ecological knowledge to identify appropriate adversity 
measures, and multiple generations of data if one is to 
answer questions about long- term fitness. However, as 
previously discussed, using an index composed of binary 
measures may identify important fitness consequences 
of adversity that emerge specifically from adopting a 
cumulative approach. Furthermore, using an index re-
quires less data than a model with many covariates and 
we have shown its utility for answering both short-  and 
long- term survival questions.

While CAIs can only address broad questions about 
the impact of multiple early stressors, and not the spe-
cific impact of each stressor, we have demonstrated that 
such cumulative analyses can still yield novel insights 
and help focus areas of future research. A CAI approach 
is meant to complement, not replace studies that in-
vestigate the mechanisms by which key environmental 
features or experiences impact fitness. Nevertheless, 
we have shown that it may be important to account for 
multiple stressors across multiple traits. Furthermore, 
our framework explicitly calls for deeper reflection on 
what can be considered adversity, why, and how research 
questions and analyses will account for them. We pro-
pose this framework as a generative process that can 
highlight both broad trends and novel questions.

Cumulative, not simply specific, perturbations may 
influence population persistence which is both theo-
retically important as well as having substantial ap-
plied importance. When adopting a CAI approach, we 
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   | 11 of 13ORTIZ- ROSS and BLUMSTEIN

can evaluate resiliency thresholds by determining how 
many stressors are too many stressors or, at what point 
an environmental variable becomes adverse. While cur-
rent conservation management approaches require the 
identification of the highest threat, we emphasize the im-
portance of cumulative stressors. If our results hold for 
other systems, and from an applied perspective, it may 
be more important to reduce cumulative adversity than 
to try to reverse single stressors if we are trying to in-
crease population persistence. Only by broadening our 
understanding and applying comparable methodologies 
across taxa can we better understand how different pop-
ulations will cope with increasing stressors.

AU T HOR CON TR I BU T IONS
XOR and DTB discussed concepts and ideas together. 
XOR and past field teams collected the data. XOR ana-
lysed the data, created the figures, and wrote the first 
draft of the manuscript. DTB contributed substantially 
to revisions.

ACK NOW LEDGEM EN TS
We thank the editor, Dr. John Drake, and two anon-
ymous reviewers for their helpful comments. We 
would like to thank the many students and volunteers 
who helped collect this extensive dataset through-
out the years, Julien Martin for maintaining the 
marmot database, the staff at the Rocky Mountains 
Biological Laboratory (RMBL) for logistical sup-
port. XOR was supported by the National Science 
Foundation Graduate Research Fellowship Program 
(DGE- 2034835), the RMBL Returning Student and 
Graduate Research fellowships, the Animal Behaviour 
Society G.W. Barlow Award, the American Society 
of Mammologists Guy N. Cameron Rodent Research 
Award, the American Natural History Museum 
Theodore Roosevelt Memorial Research Grant, and 
UCLA Departmental Summer Research Award and 
Graduate Council Diversity Fellowship. D.T.B. was 
supported by the National Geographic Society, the 
University of California Los Angeles (Faculty Senate 
and Division of Life Sciences), an RMBL research fel-
lowship and the U.S. National Science Foundation 
(NSF IDBR- 0754247 and DEB- 1119660 and 1557130 to 
D.T.B., as well as DBI 0242960, 07211346, 1226713, and 
1755522 to RMBL).

PEER R EV I EW
The peer review history for this article is available at 
https:// www. webof scien ce. com/ api/ gatew ay/ wos/ peer-  re-
view/ 10. 1111/ ele. 14485 .

DATA AVA I LA BI LI T Y STAT EM EN T
The data and code for the analyses and figures that sup-
port the findings of this study are available on OSF at 
https:// osf. io/ 2tmdz/   (DOI: 10.17605/osf.io/2tmdz).

ORCI D
Xochitl Ortiz- Ross   https://orcid.
org/0000-0002-2598-8268 
Daniel T. Blumstein   https://orcid.
org/0000-0001-5793-9244 

R E F ER E NC E S
Armitage, K.B. (2013) Climate change and the conservation of mar-

mots. Natural Science, 05(5), 36–43.
Armitage, K.B. (2014) Marmot biology. Sociality, individual fitness, and 

population dynamics. Cambridge: Cambridge University Press.
Bates, D., Maechler, M., Bolker, B. & Walker, S. (2015) Fitting linear 

mixed- effects models using lme4. Journal of Statistical Software, 
67(1), 1–48.

Beckie, T.M. (2012) A systematic review of allostatic load, health, and 
health disparities. Biological Research for Nursing, 14, 311–346.

Berens, A.E., Jensen, S.K.G. & Nelson, C.A. (2017) Biological embed-
ding of childhood adversity: from physiological mechanisms to 
clinical implications. BMC Medicine, 15, 1–12.

Blumstein, D.T. (2013) Yellow- bellied marmots: insights from an 
emergent view of sociality. Philosophical Transactions of the 
Royal Society B, 368, 1–9.

Blumstein, D.T., Keeley, K.N. & Smith, J.E. (2016) Fitness and hor-
monal correlates of social and ecological stressors of female 
yellow- bellied marmots. Animal Behaviour, 112, 1–11.

Bobko, P., Roth, P.L. & Buster, M.A. (2007) The usefulness of unit 
weights in creating composite scores: a literature review, appli-
cation to content validity, and meta- analysis. Organizational 
Research Methods, 10, 689–709.

Burnham, K.P., Anderson, D.R. & Huyvaert, K.P. (2011) AIC model 
selection and multimodel inference in behavioral ecology: some 
background, observations, and comparisons. Behavioral Ecology 
and Sociobiology, 65(1), 23–35.

Cordes, L.S., Blumstein, D.T., Armitage, K.B., CaraDonna, P.J., 
Childs, D.Z., Gerber, B.D. et  al. (2020) Contrasting effects of 
climate change on seasonal survival of a hibernating mammal. 
Proceedings of the National Academy of Sciences of the United 
States of America, 117, 18119–18126.

Côté, I.M., Darling, E.S. & Brown, C.J. (2016) Interactions among 
ecosystem stressors and their importance in conservation. 
Proceedings of the Royal Society B, 283, 20152592.

Darling, E.S. & Côté, I.M. (2008) Quantifying the evidence for ecolog-
ical synergies. Ecology Letters, 11, 1278–1286.

Debecker, S., Dinh, K.V. & Stoks, R. (2017) Strong delayed interactive 
effects of metal exposure and warming: latitude- dependent syn-
ergisms persist across metamorphosis. Environmental Science & 
Technology, 51, 2409–2417.

Edes, A.N. & Crews, D.E. (2017) Allostatic load and biological anthro-
pology. American Journal of Physical Anthropology, 162(Suppl 
63), 44–70.

Evans, G.W. (2003) A multimethodological analysis of cumulative 
risk and allostatic load among rural children. Developmental 
Psychology, 39, 924–933.

Evans, G.W., Li, D. & Whipple, S.S. (2013) Cumulative risk and child 
development. Psychological Bulletin, 139, 1342–1396.

Fawcett, T.W. & Frankenhuis, W.E. (2015) Adaptive explanations for 
sensitive windows in development. Frontiers in Zoology, 12, S3.

Gicquel, M., East, M.L., Hofer, H. & Benhaiem, S. (2022) Early- life 
adversity predicts performance and fitness in a wild social carni-
vore. The Journal of Animal Ecology, 91, 2074–2086.

Gonzalez, S.J., Sherer, A.J. & Hernández- Pacheco, R. (2023) 
Differential effects of early life adversity on male and female 
rhesus macaque lifespan. Ecology and Evolution, 13, e10689.

Grafen, A.T.H. (1988) On the uses of data on lifetime reproductive suc-
cess. In: Clutton- Brock, T.H. (Ed.) Reproductive success: studies 

 14610248, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14485, W

iley O
nline L

ibrary on [22/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/ele.14485
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/ele.14485
https://osf.io/2tmdz/
https://doi.org/10.17605/osf.io/2tmdz
https://orcid.org/0000-0002-2598-8268
https://orcid.org/0000-0002-2598-8268
https://orcid.org/0000-0002-2598-8268
https://orcid.org/0000-0001-5793-9244
https://orcid.org/0000-0001-5793-9244
https://orcid.org/0000-0001-5793-9244


12 of 13 |   CUMULATIVE ADVERSITY AND SURVIVAL IN THE WILD

of individual variation in contrasting breeding systems. Chicago: 
University of Chicago Press.

Guidi, J., Lucente, M., Sonino, N. & Fava, G.A. (2021) Allostatic load 
and its impact on health: a systematic review. Psychotherapy and 
Psychosomatics, 90, 11–27.

Gunn, A., Russell, D. & Greig, L. (2014) Insights into integrating cumu-
lative effects and collaborative co- management for migratory tun-
dra caribou herds in the Northwest Territories. Ecol Soc: Canada, 
p. 19.

Hale, R., Piggott, J.J. & Swearer, S.E. (2017) Describing and under-
standing behavioral responses to multiple stressors and multiple 
stimuli. Ecology and Evolution, 7, 38–47.

Jarvis, L., Rosenfeld, J., Gonzalez- Espinosa, P.C. & Enders, E.C. 
(2024) A process framework for integrating stressor- response 
functions into cumulative effects models. Science of the Total 
Environment, 906, 167456.

Kroeker, K.J., Kordas, R.L. & Harley, C.D.G. (2017) Embracing in-
teractions in ocean acidification research: confronting multiple 
stressor scenarios and context dependence. Biology Letters, 13, 
20160802.

Lange, K., Bruder, A., Matthaei, C.D., Brodersen, J. & Paterson, 
R.A. (2018) Multiple- stressor effects on freshwater fish: im-
portance of taxonomy and life stage. Fish and Fisheries, 19, 
974–983.

Lanoue, M.D., George, B.J., Helitzer, D.L. & Keith, S.W. (2020) 
Contrasting cumulative risk and multiple individual risk mod-
els of the relationship between adverse childhood experiences 
(ACEs) and adult health outcomes. BMC Medical Research 
Methodology, 20, 239.

Lindström, J. (1999) Early development and fitness in birds and mam-
mals. Trends in Ecology & Evolution, 14, 343–348.

Lüdecke, D., Ben- Shachar, M., Patil, I., Waggoner, P. & Makowski, 
D. (2021) Performance: an R package for assessment, compar-
ison and testing of statistical models. J Open Source Softw, 
6(60), 3139.

Mahon, C.L. & Pelech, S. (2021) Guidance for analytical meth-
ods to cumulative effects assessment for terrestrial species. 
Environmental Reviews, 29, 201–224.

Mauss, D., Li, J., Schmidt, B., Angerer, P. & Jarczok, M.N. (2015) 
Measuring allostatic load in the workforce: a systematic review. 
Industrial Health, 53, 5–20.

McEwen, B.S. (1998) Stress, adaptation, and disease: allostasis and 
allostatic load. Annals of the New York Academy of Sciences, 840, 
33–44.

McEwen, B.S. (2015) Biomarkers for assessing population and in-
dividual health and disease related to stress and adaptation. 
Metabolism, 64, S2–S10.

McEwen, B.S. & Wingfield, J.C. (2007) Allostasis and allostatic load. 
Encyclopedia of Stress, 135–141.

Monaghan, P. (2008) Early growth conditions, phenotypic develop-
ment and environmental change. Philosophical Transactions of 
the Royal Society of London. Series B, Biological Sciences, 363, 
1635–1645.

Monclús, R. & Blumstein, D.T. (2012) Litter sex composition affects 
life- history traits in yellow- bellied marmots. The Journal of 
Animal Ecology, 81(1), 80–86.

Monclús, R., Tiulim, J. & Blumstein, D.T. (2011) Older mothers fol-
low conservative strategies under predator pressure: the adap-
tive role of maternal glucocorticoids in yellow- bellied marmots. 
Hormones and Behavior, 60, 660–665.

Morrison, R.E., Eckardt, W., Stoinski, T.S. & Rosenbaum, S. (2023) 
Cumulative early- life adversity does not predict reduced adult 
longevity in wild gorillas. In brief. Current Biology, 33, 2307–
2314 e4.

Neale, Z.R. & Juliano, S.A. (2019) Finding the sweet spot: what levels 
of larval mortality lead to compensation or overcompensation in 
adult production? Ecosphere, 10, 1–15.

Orr, J.A., Luijckx, P., Arnoldi, J.F., Jackson, A.L. & Piggott, J.J. 
(2022) Rapid evolution generates synergism between multiple 
stressors: linking theory and an evolution experiment. Global 
Change Biology, 28, 1740–1752.

Orr, J.A., Vinebrooke, R.D., Jackson, M.C., Kroeker, K.J., Kordas, 
R.L., Mantyka- Pringle, C. et  al. (2020) Towards a unified 
study of multiple stressors: divisions and common goals across 
research disciplines. Proceedings of the Royal Society B, 287, 
20200421.

Ozgul, A., Armitage, K.B., Blumstein, D.T. & Oli, M.K. (2006) 
Spatiotemporal variation in survival rates: implications for 
population dynamics of yellow- bellied marmots. Ecology, 87, 
1027–1037.

Ozgul, A., Childs, D.Z., Oli, M.K., Armitage, K.B., Blumstein, D.T., 
Olson, L.E. et  al. (2010) Coupled dynamics of body mass and 
population growth in response to environmental change. Nature, 
466, 482–485.

Patterson, S.K., Hinde, K., Bond, A.B., Trumble, B.C., Strum, S.C. & 
Silk, J.B. (2021) Effects of early life adversity on maternal effort 
and glucocorticoids in wild olive baboons. Behavioral Ecology 
and Sociobiology, 75, 114.

Pinho, G.M., Ortiz- Ross, X., Reese, A.N. & Blumstein, D.T. (2019) 
Correlates of maternal glucocorticoid levels in a socially flexible 
rodent. Hormones and Behavior, 116, 104577.

Pirotta, E., Schick, R.S., Hamilton, P.K., Harris, C.M., Hewitt, J., 
Knowlton, A.R. et al. (2023) Estimating the effects of stressors 
on the health, survival and reproduction of a critically endan-
gered, long- lived species. Oikos, 2023, e09801.

Pirotta, E., Thomas, L., Costa, D.P., Hall, A.J., Harris, C.M., 
Harwood, J. et  al. (2022) Understanding the combined effects 
of multiple stressors: a new perspective on a longstanding chal-
lenge. Sci Tot Environ, 821, 153322.

R Core Team. (2023) R: A language and environment for statistical 
computing.

Rutter, M. (1983) Statistical and personal interactions: facets and 
perspectives. In: Magnusson, D. & Vernon, L.A. (Eds.) Human 
development: an interactional perspective. New York: Academic 
Press, pp. 295–319.

Seeman, T., Epel, E., Gruenewald, T., Karlamangla, A. & Mcewen, 
B.S. (2010) Socio- economic differentials in peripheral biology: 
cumulative allostatic load. Annals of the New York Academy of 
Sciences, 1186, 223–239.

Seeman, T.E., McEwen, B.S., Rowe, J.W. & Singer, B.H. (2001) 
Allostatic load as a marker of cumulative biological risk: 
MacArthur studies of successful aging. Proceedings of the 
National Academy of Sciences of the United States of America, 
98, 4770–4775.

Seeman, T.E., Singer, B.H., Rowe, J.W., Horwitz, R.I. & McEwen, B.S. 
(1997) Price of adaptation—allostatic load and its health conse-
quences. Archives of Internal Medicine, 157, 2259–2268.

Stamps, J.A. & Luttbeg, B. (2022) Sensitive period diversity: insights 
from evolutionary models. The Quarterly Review of Biology, 97, 
243–295.

Stewart, J.A. (2006) The detrimental effects of allostasis: allostatic 
load as a measure of cumulative stress. Journal of Physiological 
Anthropology, 25, 133–145.

Therneau, T. (2024a) A package for survival analysis in R. R Package 
Version, 3, 5–8.

Therneau, T.M. (2024b) Coxme: mixed effects cox models. CRAN R 
package.

Tung, J., Archie, E.A., Altmann, J. & Alberts, S.C. (2016) Cumulative 
early life adversity predicts longevity in wild baboons. Nature 
Communications, 7, 1–7.

Tyack, P.L., Thomas, L., Costa, D.P., Hall, A.J., Harris, C.M., Harwood, 
J. et al. (2022) Managing the effects of multiple stressors on wildlife 
populations in their ecosystems: developing a cumulative risk ap-
proach. Proceedings of the Royal Society B, 289, 2–15.

 14610248, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14485, W

iley O
nline L

ibrary on [22/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



   | 13 of 13ORTIZ- ROSS and BLUMSTEIN

Van Vuren, D.H. (2001) Predation on yellow- bellied marmots 
(Marmota flaviventris). The American Midland Naturalist, 145, 
94–100.

Zipple, M.N., Archie, E.A., Tung, J., Altmann, J. & Alberts, S.C. 
(2019) Intergenerational effects of early adversity on survival in 
wild baboons. eLife, 8, 591248.

SU PPORT I NG I N FOR M AT ION
Additional supporting information can be found online 
in the Supporting Information section at the end of this 
article.

How to cite this article: Ortiz- Ross, X. & 
Blumstein, D.T. (2024) Cumulative adversity and 
survival in the wild. Ecology Letters, 27, e14485. 
Available from: https://doi.org/10.1111/ele.14485

 14610248, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14485, W

iley O
nline L

ibrary on [22/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1111/ele.14485

	Cumulative adversity and survival in the wild
	Abstract
	INTRODUCTION
	MATERIALS AND METHODS
	Study system and field site
	Defining adversity
	The cumulative adversity index framework
	Time window
	Fitness measures
	Sources of adversity
	Weighing adversity across measures
	Quantifying adversity within measures
	Evaluating the cumulative adversity indices


	RESULTS
	Pup survival
	Adult survival

	DISCUSSION
	Index type
	Time window
	Index vs. full model
	Recommendations for future applications

	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGEMENTS
	PEER REVIEW
	DATA AVAILABILITY STATEMENT

	REFERENCES


