
Frontiers in Ecology and Evolution 01 frontiersin.org

Gene expression and wildlife 
health: varied interpretations 
based on perspective
Lizabeth Bowen 1*, Julie Yee 1, James Bodkin 2, Shannon Waters 1, 
Michael Murray 3, Heather Coletti 4, Brenda Ballachey 2, 
Daniel Monson 2 and A. Keith Miles 1

1 U.S. Geological Survey, Western Ecological Research Center, Davis, CA, United States, 2 U.S. Geological 
Survey, Alaska Science Center, Anchorage, AK, United States, 3 Monterey Bay Aquarium, Monterey, CA, 
United States, 4 National Park Service, Anchorage, AK, United States

We evaluated wildlife population health from the perspective of statistical means 
vs. variances. We outlined the choices necessary to provide the framework for 
our study. These consisted of spatial and temporal boundaries (e.g., choice of 
sentinel species, populations, time frame), measurement techniques (molecular 
to population level), and appropriate statistical analyses. We  chose to assess 
the health of 19 sea otter populations, located in the north Pacific from the 
Aleutian Islands, AK, to Santa Barbara, CA, and varying in population growth rates 
and length of occupancy. Our focal metric was gene expression (i.e., mRNA 
transcripts) data that we had previously generated across sea otter populations 
as a measure of population health. We  used statistical methods with different 
approaches (i.e., means vs. variances) and examined the subsequent interpretive 
outcomes and how these influence our assessment of “health.” Interpretations 
based on analyses using variances versus means overlapped to some degree. In 
general, sea otter populations with low variation in gene expression were limited 
by food resources and at or near carrying capacity. In populations where the 
variation in gene expression was moderate or high, four out of five populations 
were increasing in abundance, or had been recently increasing. Where we had 
additional information on sources of stressors at the level of the population, 
we were able to draw inferences from those stressors to specific gene expression 
results. For example, gene expression patterns of sea otters from Western 
Prince William Sound were consistent with long term exposure to petroleum 
hydrocarbons, whereas in Kachemak Bay, patterns were consistent with exposure 
to algal toxins. Ultimately, determination of population or ecosystem health will 
be most informative when multiple metrics are examined across disciplines in the 
context of specific scenarios and goals.
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1. Introduction

Marine habitats worldwide are facing unprecedented challenges due to expanded industrial 
development and associated contaminants (Álvarez-Muñoz et al., 2016), resource extraction 
(Pauly et al., 1998; Herbert-Read et al., 2022), and climate change (IPCC, 2022), all of which 
have the potential to substantially degrade and alter biological resources in coastal ecosystems. 
Additional consequences of climate change include modifications of hydrological processes that 
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can transport pathogens, pollutants, nutrients, and sediments across 
watersheds that ultimately deposit into estuarine and nearshore 
marine environments with potentially adverse biological effects. 
While our understanding of physical processes resulting from climate 
change, such as sea level rise and ocean acidification, is advancing due 
to accumulating data and refined models, the implications for 
biological systems are only beginning to be  explored. In recent 
decades, much effort has been expended on monitoring the health and 
productivity of nearshore ecosystems, with focused studies targeting 
species of economic, social, and ecologic importance (Harley et al., 
2006; Halpern et al., 2015; Bowen et al., 2020a). As such, there is 
increased understanding of the interdependence of health across 
wildlife, ecosystems, and humans.

A definition of health specific to wildlife and ecosystems is 
provided by Hanisch et  al. (2012): “Wildlife health is a 
multidisciplinary concept and is concerned with multiple stressors 
that affect wildlife. Wildlife health can be  applied to individuals, 
populations, and ecosystems, but its most important defining 
characteristics are whether a population can respond appropriately to 
stresses and sustain itself.” As such, the term “health” may be used to 
indicate resilience that reflects the capacity of a population or 
ecosystem to cope with and respond to natural and anthropogenic 
challenges. This definition of health includes and embraces the 
dynamic nature of wildlife populations and allows for assessment of 
change within the boundaries of resilience and outside those 
boundaries in the realm of catastrophic failure.

How does wildlife population health translate into ecosystem 
health? Ecosystems are certainly affected if physiological or ecological 
functions of a significant number of individuals, or species, are altered 
(Khalid et  al., 2021). According to Rapport (2007), the focus of 
ecosystem health practice is twofold: (1) to “diagnose,” through 
indicators, situations in which ecosystem function (and structure) 
have become compromised, owing to anthropogenic stress or other 
causes; and (2) to devise diagnostic protocols to assess the causes of 
dysfunction and propose interventions that may restore ecosystem 
health. Improved knowledge of the health status of a population or 
ecosystem considered vulnerable or at-risk provides valuable 
information for wildlife management, conservation assessments, and 
decision making (Blanchong et  al., 2016; Campbell et  al., 2018; 
DeCandia et al., 2018).

The concept of sentinel species used as proxies for the 
measurement of ecosystem health has widely been accepted (Fossi 
and Panti, 2017), with different sentinels perhaps providing distinct 
measurements and interpretations of ecosystem health. Using 
“keystone species,” i.e., those that have a disproportionate effect on 
the organization and function of ecosystems (Paine, 1966; Power 
et al., 1996), as sentinels provides another approach to translating 
individual or population health to ecosystem health. A well-known 
example of a keystone species is the sea otter (Enhydra lutris), which 
was extirpated across most of its range in the north Pacific due to 
intensive hunting. Following protection, sea otters rebounded in 
many areas, allowing for studies comparing nearshore communities 
in coastal ecosystems in the presence and absence of sea otters. A 
common finding was that in the presence of sea otters, the relative 
abundance of kelp increased, and herbivorous sea urchins, on which 
the otters preyed, declined (Kenyon, 1969; Estes and Palmisano, 
1974; Estes and Duggins, 1995). Worldwide, kelp forest 
communities support higher biodiversity and biomass than urchin 

barrens and are indicative of a healthy coastal ecosystem (Mann, 
1973; Harold and Reed, 1985).

Wildlife health currently may be measured using a variety of tools, 
from the cellular and molecular to the population levels. Traditional 
evaluation of the health status of wildlife generally has been based on 
a combination of population history (e.g., trends in abundance, 
movement, diet, reproductive and survival rates), physical 
examinations of individuals, and clinical pathology data. Many studies 
focusing on sensitive populations are disease-centric; however, 
infectious diseases occur in all ecosystems, both healthy and 
unhealthy, and play an important role in structuring biological 
communities (Tracy et  al., 2019). Although the exact cause(s) of 
species declines frequently is unknown, declines are often associated 
with multiple and potentially synergistic environmental stressors 
(Tinker et al., 2021; Tyack et al., 2022).

Health assessments of individuals and populations at the 
molecular level are rapidly increasing (Snape et al., 2004; Trego et al., 
2019). Gene-based health diagnostics provide an opportunity for an 
alternate, whole-system or holistic assessment of health not only in 
individuals or populations but potentially in ecosystems (Bowen et al., 
2012). Gene expression is physiologically driven by intrinsic and 
extrinsic stimuli including toxins, pathogens, contaminants, trauma, 
or nutrition. As key indicators of pathophysiologic status, the earliest 
observable signs of health impairment are altered levels of gene 
transcripts, evident prior to clinical manifestation (McLoughlin et al., 
2006), thus providing an early warning of potentially compromised 
health of individuals, populations, and ecosystems (Bowen et  al., 
2020b). Broad-scale identification of gene expression patterns can 
provide mechanistic understanding as a proxy for health (Pedersen 
and Babayan, 2011; Portnoy et al., 2020) that can then be extrapolated 
to populations. Identifying causal links between exposure to stressors 
and gene transcript patterns, and then from individual responses to 
change in population abundance, provides a link between perturbation 
at the individual level to shifts in structure at the population level and 
possibly function at the ecosystem level.

We now have a working definition of health (Hanisch et al. 2012), 
a technique for measurement of health at the individual and 
population levels, and a conceptual link for extension of the concept 
of health to the ecosystem level. Essentially, we have the picture but 
not the perspective. The perspective can dramatically influence our 
interpretation, and consequently, the management decisions and 
actions that may be recommended. When we are assigning a level of 
health to a population or an ecosystem, we must ask the question - in 
relation to what? Often in ecology, comparisons are made to a 
standard or baseline from which a relative identifier can be assigned 
(e.g., this population is unhealthy relative to our baseline population). 
Especially in wildlife biology and ecology, absence of reliable baseline 
data presents a challenge when trying to quantify health, and changes 
in health, in an era of rapid global change (Tracy et  al., 2019). 
Additionally, acceptance of presumed baseline conditions can 
be problematic, given that nearly all systems are non-stationary and 
baselines can be variable or shift over time (Klein and Thurstan, 2016). 
Other aspects of perspective that could be considered are: temporal 
(do we have a time series of data on a single population or ecosystem 
in the absence of a known baseline?); spatial (what are the levels of 
separation or interactions between the populations we are comparing?) 
and inclusivity (can we  identify all factors that define separate 
populations, and can we sample those in ways to justify inferences?). 
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As we  are discussing stressors and organisms’ transcriptional 
responses to these stressors, we must also consider how the response 
that we are using for our determination of health may vary over time. 
For example, when exposed to a stressor, an animal may have a 
non-linear transcriptional response (Androulakis et al., 2007; Jo et al., 
2021), and therefore, we need to understand at which point in the 
curve have we sampled, as it may greatly influence our interpretation. 
Finally, is the response “healthy” in that it allows continued normal 
existence, or does it indicate a shift from equilibrium that may 
be deleterious for the population?

1.1. Objectives

This represents a case study on populations of sea otters 
throughout their range. We have utilized gene expression as a tool to 
enhance our understanding of how environmental conditions and 
stressors may be  linked to the health of sea otters in studies on 
populations ranging from Southern California to the Aleutian Islands 
in Alaska (Table 1; Miles et al., 2012; Bowen et al., 2015, 2016; Tinker 
et  al., 2021). Notable stressors suggested by our findings include 
nutritional stress at Adak and Western Prince William Sound (2010–
2012), hydrocarbons in Western Prince William Sound (2006–2008), 
hydrocarbons or dioxin-like substances in Kodiak, wildfire 
contaminants in Big Sur, and algal toxins in Kachemak Bay (Bowen 
et al., 2015, 2016, 2022). In this study, our objective was to compare 
the interpretive outcomes of statistical approaches (i.e., means vs. 
variances) to analyze gene expression data previously generated across 
sea otter populations that vary in several metrics such as population 
abundance and energy intake rates. These data (19 populations) have 
not been previously analyzed together.

2. Materials and methods

2.1. Study area

The 19 sea otter populations we have chosen to include in this 
study are located from near Santa Barbara, California, north to Prince 
William Sound (WPWS), Alaska and west to Adak, Alaska (ADAK) 
(Figure 1; Table 1). Our “reference” (REF) group of sea otters were 
under permanent human care and were sampled from aquaria within 
the United States and Canada (Bowen et al., 2012). Each reference sea 
otter was classified as “clinically normal” by associated veterinarians. 
Although stress is inherent in life under permanent human care for 
wildlife species, environmental stressors are thought to be minimized 
in an aquarium setting. Additionally, gene expression levels in 
reference sea otters were not statistically different from gene 
expression levels in free-ranging sea otters inhabiting an area with 
minimal environmental stressors (Alaska Peninsula) (Bowen et al., 
2016). In CA, the current range of the sea otter extends from near Los 
Angeles in the south to near San Francisco in the north, areas of 
relatively high human impacts. However, the range includes some 
coastline along the Big Sur coast, in Central CA, where human 
densities are low, and the watersheds are protected to some extent by 
governmental resource agencies. The sea otter populations occurring 
in Washington state (WASH1 & 2), British Columbia (CLAY, NUCH), 
and Southeast Alaska (ELFI, WHAL) resulted from reintroductions 

in the 1960’s and 1970’s to restore the species (Jameson et al., 1982). 
Sea otters in south-central and south-west Alaska (WPWS1 & 2, 
KBAY, KATM, KOD, APEN, ADAK) are the descendants of remnant 
populations that survived near those locations. Human densities along 
the north Pacific coastline generally decline from south to north, and 
given the areas in which our study animals were sampled, we expect 
that human degradation of watersheds likely diminish along this 
gradient. Within each distinct sea otter population, the full range of 
nearshore habitats are occupied, including sandy shorelines, protected 
soft sediment bays and estuaries, and exposed rocky shorelines.

Sea otters were captured using Wilson traps (Wendell et al., 1996) 
or tangle nets and brought immediately to a shipboard or shore station 
for processing. All sea otters were anesthetized with fentanyl citrate 
and midazolam hydrochloride (Monson et al., 2001; Murray, 2015) 
prior to processing. Nearly all the animals (exception AK Pen) were 
captured with the Wilson trap that targeted resting groups of animals 
without knowledge of age or sex. At the Alaska Peninsula site, sea 
otters were captured using tangle nets that targeted active animals, 
also without regard to age or sex. Because the true age and sex 
composition could not be determined for each population, we were 
unable to evaluate the composition of the sampled population relative 
to the entire population. However, as the capture methods were not 
known to be biased toward age or sex, we concluded that the captured 
individuals were representative of the population being sampled.

2.2. Blood collection and RNA extraction

A 2.5 ml sample from each sea otter was drawn directly into a 
PAXgene blood RNA collection tube (PreAnalytiX, Zurich, 
Switzerland) from either the jugular or popliteal veins and then frozen 
at −80°C until extraction of RNA (Bowen et al., 2012). The RNA from 
blood in PAXgene tubes was isolated according to manufacturer’s 
standard protocols, which included an on-column DNase treatment 
to remove contaminating gDNA (silica-based microspin technology), 
and the extracted RNA stored at −80°C until analysis. We measured 
the concentration and clarity on a Qubit 3.0 Fluorometer using the 
RNA, DNA and RNA IQ Assay Kits (Life Technologies, Carlsbad, 
CA, USA).

2.3. cDNA synthesis

A standard cDNA synthesis was performed on 2 ug of RNA 
template from each animal. Reaction conditions included 4 units 
reverse transcriptase (Omniscript®, Qiagen, Valencia, CA), 1 μM 
random hexamers, 0.5 mM each dNTP, and 10 units RNase inhibitor, 
in RT buffer (Qiagen, Valencia, CA). Reactions were incubated for 
60 min at 37°C, followed by an enzyme inactivation step of 5 min at 
93°C, and then stored at −20°C until further analysis.

2.4. Real-time PCR

The 13 genes chosen for the expression profile analysis represent 
multiple physiological systems that play roles in immuno-modulation, 
inflammation, cell protection, tumor suppression, cellular stress-
response, xenobiotic metabolizing enzymes and antioxidant enzymes 
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TABLE 1 Population locations, number of samples, sex, age class, and sampling year.

Sex Age class

Location 
code

Location Region Ocean 
current

N M F Pup Juvenile Adult Aged 
adult

Year(s) 
sampled

1 WPWS1 Western Prince 

William 

Sound1

Gulf of AK Alaska 

Coastal 

Current

80 20 60 3 13 49 15 2006–8

2 WPWS2 Western Prince 

William 

Sound2

Gulf of AK Alaska 

Coastal 

Current

88 19 69 9 6 53 20 2008–10

3 KBAY Kachemak Bay Gulf of AK Alaska 

Coastal 

Current

20 0 20 0 0 10 10 2019

4 KATM Katmai Aleutian/AK 

Peninsula

Alaska 

Coastal 

Current

30 12 18 2 4 24 0 2009

5 KOD Kodiak Gulf of AK Alaska 

Coastal 

Current

25 9 16 0 2 23 0 2005

6 APEN Alaska 

Peninsula

Aleutian/AK 

Peninsula

Alaska 

Coastal 

Current

27 14 13 0 8 19 0 2009

7 ELFI Elfin Cove SE Alaska Alaska 

Coastal 

Current

30 6 24 3 3 21 3 2011

8 WHAL Whale Bay SE Alaska Alaska 

Coastal 

Current

29 6 23 1 1 22 5 2011

9 ADAK Adak Island/

Clam Lagoon

Aleutian/AK 

Peninsula

Alaska 

Coastal 

Current

24 12 12 0 17 4 3 2012

10 NUCH Nuchatlitz BC/WA Bifurcation 29 12 17 0 1 21 7 2010

11 CLAY Clayoquot 

Sound

BC/WA Bifurcation 25 9 16 0 4 18 3 2010–11

12 WASH1 Washington1 BC/WA Bifurcation 16 10 6 0 0 11 5 2011

13 WASH2 Washington2 BC/WA Bifurcation 14 1 13 0 0 12 2 2011

14 ES Elkhorn 

Slough

CA California 

Current

23 8 15 2 2 19 0 2013

15 MONT Monterey CA California 

Current

27 6 21 0 2 17 8 2009/10/13

16 BIGS Big Sur CA California 

Current

50 13 37 0 5 34 11 2008–10

17 DC Diablo Canyon CA California 

Current

55 10 45 0 10 42 3 2012

18 SB Santa Barbara CA California 

Current

41 21 20 2 3 36 0 2012/13

19 REF Reference Under 

Permanent 

Human 

Care

Under 

Permanent 

Human Care

17 7 10 0 3 6 8 2008–10

https://doi.org/10.3389/fevo.2023.1157700
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org


Bowen et al. 10.3389/fevo.2023.1157700

Frontiers in Ecology and Evolution 05 frontiersin.org

(Table 2). These genes can be modified by biological, physical, or 
anthropogenic impacts and consequently can provide information on 
the general type of stressors present in a given environment.

Real-time PCR systems for the individual, sea otter-specific 
reference or housekeeping gene (S9) and genes of interest were run in 
separate wells (see Supplementary Table S1 for primer sequences). 
Briefly, 1 μL of cDNA was added to a mix containing 12.5 μL of 
Quanti-Tect SYBR Green Master Mix [5 mM Mg2+] (Qiagen, 
Valencia, CA), 0.5 μL each of forward and reverse sequence specific 
primers, and 10.0 μL of RNase-free water; total reaction mixture was 
25 μL. The reaction mixture cDNA samples for each gene of interest 
and the S9 gene were loaded into 96 well plates in duplicate and sealed 
with optical sealing tape (Applied Biosystems, Foster City, CA). 
Reaction mixtures containing water, but no cDNA, were used as 
negative controls; thus approximately 3–4 individual sea otter samples 
were run per plate.

Amplifications were conducted on a Step-One Plus Real-time 
Thermal Cycler (Applied Biosystems, Foster City, CA). Reaction 
conditions were as follows: 50°C for 2 min, 95°C for 15 min, 40 cycles 
of 94°C for 30 s, 60°C for 30 s, 72°C for 31 s, and an extended 
elongation phase at 72°C for 10 min. Reaction specificity was 
monitored by melting curve analysis using a final data acquisition 
phase of 60 cycles of 65°C for 30 s and verified by direct sequencing of 
randomly selected amplicons. Cycle threshold crossing values (CT) for 
each of the genes of interest were normalized to the S9 
housekeeping gene.

2.5. Statistical analysis

We used statistical methods with different approaches to examine 
the interpretive outcomes of different statistical perspectives and how 
these influence our assessment of “health.” Traditionally, gene 
expression data are presented as CT (Threshold crossing) values. 
According to the ΔCT method (Livak and Schmittgen, 2001), 
we normalized values (internal reference gene CT subtracted from the 
gene of interest CT). Often, ΔΔCT (Livak and Schmittgen, 2001) is 
used; in that case the normalized value of the target gene is compared 
with the CT of a calibrator sample (reference population). In some 
instances, ΔΔCT values are then transformed. Real-time PCR data are 
represented as normalized CT values; the lower the CT, the higher the 
quantity of transcripts. We  used generalized linear multivariate 
models (GLMV) to visually describe gene transcript profiles by 
location (Figure 2) [Note: KOD was included in the GLMV analysis 
but not in further analyses, because at the time of sampling and 
analysis for KOD, three genes were yet to be included in the expression 
panel (CCR3, HTT5, CaM)].We then evaluated the association 
between gene transcription levels and location with redundancy 
analysis (RDA) (Figure 3; Legendre and Legendre, 2012). Redundancy 
analysis allows the analysis of multiple response variables (in this case 
the 13 genes in our transcript panel) by combining multiple regression 
and principal components analysis (PCA). Two types of ordination 
scores are derived in an RDA (Legendre and Legendre, 2012): (1) 
those quantifying relationships between response and predictor 
variables (linear combinations of predictor variables, i.e., the multiple 
regression component); and (2) those that quantify the associations 
between response variables and sampling units (weighted sampling 
unit scores, i.e., the PCA component). Our sampling units comprised 
625 sea otters separated into 18 groups based on location (Table 1). 
We evaluated significance of the overall ordination with Monte Carlo 
tests (N = 999; Legendre and Legendre, 2012). We conditioned the 
Monte Carlo simulations on location, which we specified as a random 
effect in the RDA.

Subsequent to RDA, and in order to illustrate within population 
differences, we used gene profiling based on per gene and per otter 
response correlation for the Kachemak Bay (KBAY) otters, using 
normalized qPCR data obtained from each individual otter, which 
were subjected to hierarchical clustering using Genesis software 
(Genesis, Graz, Switzerland). Average dot product metric, with 
complete linkage clustering, was used to generate a heatmap profile of 
gene expression (Figure 4; Connon et al., 2012).

We used a generalized linear latent variable analysis (GLLVA), a 
key approach for modeling multivariate abundance data, to identify 
associations between population/location and transcript level 
(Figure 5; Skrondal and Rabe-Hesketh, 2004). The generalized linear 
latent variable model (GLLVM) extends the basic generalized linear 
model to multivariate data using a factor analytic approach, 
incorporating a small number of latent variables (interpreted as 
ordination axes) for each site accompanied by factor loadings to 
model correlations between responses (Niku et al., 2019).

We evaluated homogeneity of the variance–covariance matrices 
among the groups with a distance-based test (beta dispersion test; 
Anderson et al., 2006; Figure 6).

All analyses (except the heatmap analysis, Genesis, Graz, 
Switzerland, Figure 4) were conducted in Program R (R Development 

FIGURE 1

Population locations of sea otters included in the analysis. Locations 
numbered from North to South (Table 1). Captive otters (N = 17) not 
shown (see Bowen et al., 2012 for details).
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TABLE 2 Thirteen genes selected for sea otter-specific qPCR analytical panel and their functions.

Gene Gene function

HDC The HDCMB21P gene codes for a translationally controlled tumor protein (TCTP) implicated in cell growth, cell cycle progression, malignant 

transformation, tumor progression, and in the protection of cells against various stress conditions and apoptosis (Bommer and Thiele, 2004; Tuynder et al., 

2004; Ma et al., 2010). Up-regulation of HDC is indicative of the development or existence of cancer. Environmental triggers may be responsible for 

population-based, up-regulation of HDC. HDC transcription is known to increase with exposure to carcinogenic compounds such as polycyclic aromatic 

hydrocarbons (Bowen et al., 2007; Raisuddin et al., 2007; Zheng et al., 2008).

COX2 Cyclooxygenase-2 catalyzes the production of prostaglandins that are responsible for promoting inflammation (Goldsby et al., 2003). Cox2 is responsible for 

the conversion of arachidonic acid to prostaglandin H2, a lipoprotein critical to the promotion of inflammation (Harris et al., 2002). Up-regulation of Cox2 is 

indicative of cellular or tissue damage and an associated inflammatory response.

CYT The complement cytolysis inhibitor protects against cell death (Jenne and Tschopp, 1989). The upregulation of CYT is indicative of cell or tissue death. It is 

now believed that domoic acid-induced altered Ca2+ homeostasis is key in excitotoxic apoptosis, which is consistent with our finding of significantly higher 

levels of CYT in KBay otters (Portnoy et al., 2020); increased levels of CYT have also been associated with cardiomyopathy (Oksjoki et al., 2007; Ehrlenbach 

et al., 2013).

AHR The arylhydrocarbon receptor responds to classes of environmental toxicants including polycyclic aromatic hydrocarbons, polyhalogenated hydrocarbons, 

dibenzofurans, and dioxin (Oesch-Bartlomowicz and Oesch, 2005). Depending upon the ligand, AHR signaling can modulate T-regulatory (TREG) 

(immune-suppressive) or T-helper type 17 (TH17) (pro-inflammatory) immunologic activity (Quintana et al., 2008; Veldhoen et al., 2008. Wang et al., 2009) 

were the first to identify substantial activation of AHR by domoic acid exposure in fish, a transcriptional response of phase I XME through ligand-activated 

AHR and ARNT to domoic acid exposure. AHR binds to toxins, initiating a detoxification cascade and an altered immune response. Activation of the AHR 

pathway also contributes to cardiac malformation (Incardona, 2017).

THRb The thyroid hormone receptor beta can be used as a mechanistically based means of characterizing the thyroid-toxic potential of complex contaminant 

mixtures (Tabuchi et al., 2006). Thus, increases in THR transcription may indicate exposure to organic compounds including PCBs and associated potential 

health effects such as developmental abnormalities and neurotoxicity (Tabuchi et al., 2006). Hormone-activated transcription factors bind DNA in the 

absence of hormone, usually leading to transcriptional repression (Tsai and O’Malley, 1994).

HSP 70 The heat shock protein 70 is produced in response to thermal or other stress (Iwama et al., 1999; Tsan and Gao, 2004). In addition to being expressed in 

response to a wide array of stressors (including hyperthermia, oxygen radicals, heavy metals, and ethanol) heat shock proteins act as molecular chaperones 

(De Maio, 1999). For example, heat shock proteins aid the transport of the AHR/toxin complex in the initiation of detoxification (Tanabe et al., 1994).

IL-18 Interleukin-18 is a pro-inflammatory cytokine (Goldsby et al., 2003). Plays an important role in inflammation and host defense against microbes (Krumm 

et al., 2008).

IL-10 Interleukin-10 is an anti-inflammatory cytokine (Goldsby et al., 2003). Levels of IL-10 have been correlated with relative health of free-ranging harbor 

porpoises, e.g., increased amounts of IL-10 correlated with chronic disease whereas the cytokine was relatively reduced in apparently fit animals experiencing 

acute disease (Beineke et al., 2007). Association of IL-10 transcription with chronic disease has also been documented in humans (Rigopoulou et al., 2005).

DRB A component of the major histocompatibility complex, the DRB class II gene, is responsible for the binding and presentation of processed antigen to TH 

lymphocytes, thereby facilitating the initiation of an immune response (Goldsby et al., 2003; Bowen et al., 2006). Up-regulation of MHC genes has been 

positively correlated with parasite load (Wegner et al., 2006), whereas down-regulation of MHC has been associated with contaminant exposure (Dong et al., 

1997).

Mx1 The Mx1 gene responds to viral infection (Tumpey et al., 2007). Vertebrates have an early strong innate immune response against viral infection, 

characterized by the induction and secretion of cytokines that mediate an antiviral state, leading to the up-regulation of the MX-1 gene (Kibenge et al., 2005).

CCR3 The chemokine receptor 3 binds at least seven different chemokines and is expressed on eosinophils, mast cells (MC), and a subset of Th cells (Th2) that 

generate cytokines implicated in mucosal immune responses (Gurish et al., 2002; Kringel et al., 2006). Up-regulation of CCR3 occurs in the presence of 

parasites (Gurish et al., 2002; Kringel et al., 2006).

5HTT The serotonin transport gene codes for an integral membrane protein that transports the neurotransmitter serotonin from the synaptic spaces into 

presynaptic neurons. This transport of serotonin by the SERT protein terminates the action of serotonin and recycles it in a sodium-dependent manner 

(Jennings et al., 2006; Squire et al., 2008). Algal toxins have been associated with increased expression of HTT5 (Pazos et al., 2017); at the cellular level, 

domoic acid is an excitatory amino acid analog of glutamate, a major excitatory neurotransmitter in the brain known to activate glutamate receptors (Pulido, 

2008). Exposure to hydrocarbons has also been linked with altered levels of neurotransmitters (Gesto et al., 2006; Sriram et al., 2022).

CaM Calmodulin (CaM) is a small acidic Ca2 + −binding protein, with a structure and function that is highly conserved in all eukaryotes. CaM activates various 

Ca2 + −dependent enzyme reactions, thereby modulating a wide range of cellular events, including metabolism control, muscle contraction, exocytosis of 

hormones and neurotransmitters, and cell division and differentiation (Chen et al., 2012). CaM has also been reported to be a pivotal calcium metabolism 

regulator in shell formation (Li et al., 2004). Algal toxicity is associated with increased intracellular Ca2+ (Choi, 1992; Choi, 1994; Berman et al., 2002; 

Shalbuyeva et al., 2006; Plested and Mayer, 2007; Pulido, 2008). This intracellular excess is toxic to the cells and triggers the activation of several detrimental 

cascading effects (Portnoy et al., 2020).

https://doi.org/10.3389/fevo.2023.1157700
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org


Bowen et al. 10.3389/fevo.2023.1157700

Frontiers in Ecology and Evolution 07 frontiersin.org

Core Team, 2012). We used the vegan package for the RDA and beta 
dispersion test.

3. Results

Using a generalized linear multivariate model (GLMV) to visually 
describe gene transcript profiles by gene and population (Table 3), 
Figure  2 illustrates the distribution of mean cycle threshold (CT) 
values and confidence intervals across genes targeted by the panel of 
13 primer pairs for 19 populations. Although most population 
responses were overlapping to some degree, clear differences exist 
among responses for genes and populations (Figure 2; Table 3). The 
most striking differences occurred for (1) HDC, for which Western 
Prince William Sound 1 (WPWS1) had significantly higher expression 

than WPWS2 and any of the other populations, (2) CYT, for which 
Big Sur (BIGS) had significantly lower expression than any of the 
other populations, and CaM which had lower levels of expression in 
KBAY than in any other population.

The RDA of the occurrence of 13 genes in 18 populations of sea 
otters captured between 2006 and 2019 is depicted in Figures 3A,B. The 
variation in Figure 3A is dominated by the differences between KBAY 
and other locations. The same analysis was repeated (Figure 3B) with 
KBAY omitted, showing WPWS1 as the most transcriptionally 
divergent population. In the RDA, location explained 32% of the total 
variation in transcription levels; 87% of this can be explained by the 
first three axes (accumulated constrained eigenvalues); 68% of the 
variation is under the influence of variables that were not included in 
the model or measured. Hierarchical cluster analysis and subsequent 
heat map generation were conducted using individual sea otter 

FIGURE 2

Generalized linear multivariate models (GLMV) were used to visually describe gene transcript profiles by location. Distribution of mean cycle threshold 
(CT) values and confidence intervals across genes targeted by the panel of 13 primer pairs for 19 populations. Note: KOD is missing data for CCR3, 
HTT5, and CaM. Real-time PCR data are represented as normalized values (NVs); the lower the NV, the higher the quantity of transcripts. All values 
were pre-standardized to mean 0 and sd 1 in order to visualize inter-site variation on common scale. Data was then transformed based on the square 
root standardized CT values (Negative values are transformed by taking the sqrt of the absolute value and reattaching the negative sign). This 
transformation reduces the kurtosis (heavy tails) above and below the 0 and enables outliers to be included in the graph without flattening the variation 
patterns in the midsection of the graph. Sites have one of 3 general patterns: (1) otters distributed widely above and below average gene expression 
(boxes that encompass 0), (2) otters generally expressing more than average (boxes below 0), and (3) otters that are generally under-expressing (boxes 
above 0).
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transcription data (Figure 4). Heat map analysis was successful in 
demonstrating structuring of the KBAY population based on 
transcriptional differences. Cluster 1 was defined predominately by 
relatively high levels of AHR and CYT expression as well as by elevated 

CaM in 7 out of 10 otters. Cluster 2 was defined by relatively lower 
levels of AHR expression, high CYT expression and mixed 
CaM. Cluster 3 was identified by mixed AHR and relatively low CYT 
and CaM expression.

FIGURE 3

(A,B) RDA Redundancy analysis of the occurrence of 13 genes in 18 populations of sea otters (small circles) captured between 2006 and 2019. Large 
circles indicate population centroids. KOD sites omitted due to lack of CCR3, HTT5, and CaM (KOD samples were analyzed prior to development of 
CCR3, HTT5, and CaM assays). (A) The differences between KBAY and other sites are dominating the variation in this figure, making it difficult to pick 
out the differences among the other locations. (B) The same analysis is repeated with KBAY omitted. Figures with individual otters plotted are shown in 
Supplementary Figure 1.

FIGURE 4

Gene profiling: Transcription matrix of 13 target genes in sea otters captured in 2019 in Kachemak Bay, AK (Hierarchical clustering with complete 
linkage disequilibrium; Genesis, Graz, Switzerland). Green indicates higher relative transcription levels and red indicates lower relative transcription 
levels.
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The GLLVA identified many 95% confidence intervals that do not 
include zero, indicating that many of the genes exhibit evidence of a 
strong association between population/location and transcript level 
(Figure  5). The GLLVA identifies strong associations between 
population and transcript levels for at least one gene in each 
population: WPWS1 (7), WPWS2 (7), KATM (4), APEN (4), ELFI (4), 
WHAL (4), KATM (6), ADAK (8), NUCH (2), CLAY (1), WASH1 (3), 
WASH2 (1), ES (2), MONT (1), BIGS (4), DC (7), SB (3), and REF (3).

We evaluated homogeneity of the variance–covariance matrices 
among the groups with a distance-based test (beta dispersion test; 
Figure 6; Table 4; Anderson et al., 2006). For each wild population, 
abundance was estimated more than once (often annually) prior to 
sampling, allowing the classification of each population as either stable, 
declining, or increasing. Populations were assigned the status of “core” or 
“periphery” (Table 4); core indicates “long established” (10–20 years 
minimum), while periphery indicates relatively newly established 
(<10 years). Population groups are sorted from North to South (latitudes) 
geographically. The null hypothesis, no differences among populations, 
was rejected with distance to centroid beta dispersion p < 0.001.

4. Discussion

This study reveals some of the challenges and possible uses of gene 
expression data for describing wildlife health and brings into question 
choices of study design, methods of statistical analysis, and 
interpretation. For example, using distribution of mean cycle 
threshold (CT) values and confidence intervals for individual genes of 
interest to describe population differences leads to complicated 
conclusions about population health and resilience (Figures 2, 5). 
Before we can interpret this data, we should determine whether it is 
“good” or “bad” for a gene to be up- or down-regulated. If a gene has 
relatively high(er) levels of expression, is that necessarily a negative 
indication? Higher levels of expression indicate a response to 
something, perhaps a stressor, but if it’s an appropriate response 
resulting in mitigation of a stressor, that should have a positive 
outcome for the individual or population. For example, in Figure 5, 
there are four predominant patterns: (1) populations distributed above 
and below average gene expression (boxes that encompass 0),  
(2) populations generally expressing more than average (boxes below 0), 

FIGURE 5

Generalized linear latent variable analysis (GLLVA). Plots of the point estimates (ticks) for coefficients of the genes and their 95% confidence intervals 
(lines) for the GLLVM. X axes represent transcription level estimates (deviations from the mean) after accounting for within and across population 
deviations. The vertical 0 reference line the mean transcription level across all populations. Y axes represent genes of interest. Many of the 95% 
confidence intervals do not include zero, indicating that many of the genes exhibit evidence of a strong association between population/location and 
transcript level. The KBAY population is plotted separately on the right on a different scale due to wider variations compared to the other populations.
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(3) populations that are generally under-expressing (boxes above 0), 
and (4) populations whose values are generally very close to the mean, 
with little variation across the 13 genes. Moderate (i.e., close to the 
average) levels of gene expression may be indicative of ecosystem or 
population equilibrium; while very low levels of gene expression could 
indicate either a lack of stressors, or potentially an inability to mount 
a molecular response, perhaps due to a lack of biological resources. 
Additional data on individuals or the population would be needed to 
clarify and support interpretation of the gene expression results (Vera-
Massieu et al., 2015; Weiße et al., 2015; Strandin et al., 2018).

Although similar in output, GLMV (Figure  2) and GLLVA 
(Figure  5) use slightly different approaches to identify gene 
contributions to the separation of populations in statistical space. In 
fact, GLMV depicts raw data and is thus purely descriptive, identifying 
general patterns. Conversely, GLLVA is model based and identifies 
statistical significance, allowing for interpretations and conclusions. 
However, the outcome of the two analyses lead to similar 
interpretations. For example, we can say with certainty that WPWS1 
has by far the highest level of HDC expression of the groups in our 
study. The HDC gene codes for a translationally controlled tumor 
protein (TCTP) implicated in cell growth, cell cycle progression, 
malignant transformation, tumor progression, and in the protection 
of cells against various stress conditions and apoptosis (Bommer and 
Thiele, 2004; Tuynder et al., 2004; Ma et al., 2010; Table 1). HDC 
transcription is known to increase with exposure to carcinogenic 
compounds such as polycyclic aromatic hydrocarbons (PAH; Bowen 
et  al., 2007; Raisuddin et  al., 2007; Zheng et  al., 2008). We  can 
hypothesize that HDC might be responding to lingering oil from the 
Exxon Valdez oil spill (EVOS) in 1989 (Bodkin et al., 2012), which is 
consistent with WPWS sea otters having continued EVOS-related 

survival effects lasting until ~2010 (Monson et al., 2001; Ballachey 
et  al., 2014). Again, although an appropriate response can 
be interpreted as a “good” thing, there are associated costs. Molecular 
activity is physiologically costly (Vera-Massieu et al., 2015; Weiße 
et  al., 2015; Strandin et  al., 2018). Perhaps the largest cost is the 
reallocation of nutrients and energy from one portion of an 
individual’s resource budget to other metabolic functions. Mitigation 
of stressors imposes demands on animals above those normally 
required to sustain life and may result in reduction of fitness evidenced 
by decreased reproductive capability, increased susceptibility to 
disease, or disadvantageous behavioral changes (Martin et al., 2010; 
Graham et al., 2011).

Other differences in distribution of mean cycle threshold (CT) 
values and confidence intervals of note include relatively low 
levels of CYT in the BIGS population and the relatively low levels 
of eight of the 13 genes in the WPWS2 population. CYT, the 
complement cytolysis inhibitor, protects against or inhibits cell 
death (Jenne and Tschopp, 1989). Relatively low levels of CYT 
expression might be indicative of an inability to or lack of a need 
to kill pathogens. Again, population level context would help 
with interpretation. The low expression levels seen in WPWS2 
sea otters could be consistent with an inability to mount effective 
responses to pathogens, contaminants, injury, or other stressors 
when compared to other groups. In fact, disease and mortality do 
not necessarily indicate a disease-induced population decline, 
because the elevated frequency of disease is a common 
manifestation of resource limitation in many wildlife species, 
which in turn is influenced by prey availability and environmental 
conditions (Post et  al., 2013; Wobeser, 2013). For example, 
WPWS2 may no longer have mortality level stressors related to 

FIGURE 6

We evaluated homogeneity of the variance–covariance matrices among the groups with a distance-based test (beta dispersion test; Anderson et al., 
2006). Population groups are sorted from North to South geographically. The null hypothesis was rejected with distance to centroid beta dispersion 
p < 1.106e−12.
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TABLE 3 Means and variances for all populations.

WPWS1 WPWS2 KBAY KATM KOD APEN

Mean Variance Mean Variance Mean Variance Mean Variance Mean Variance Mean Variance

AHR 10.38 5.71 12.15 1.93 −3.31 160.17 10.62 2.16 7.51 13.19 10.64 3.56

HDC 0.83 21.34 9.20 3.39 10.68 1.47 4.78 2.64 −1.84 1.40 6.39 2.99

COX2 8.17 3.09 9.43 2.37 7.73 4.02 7.95 2.10 5.67 2.61 6.77 3.16

CYT 1.62 5.44 1.75 1.02 −3.71 93.06 2.25 1.63 0.69 12.80 2.29 1.63

THRB 11.70 9.38 16.32 8.53 14.25 2.44 12.80 2.29 8.94 11.20 13.40 10.21

HSP70 10.09 5.40 13.84 6.66 12.42 1.14 8.51 3.21 5.70 2.52 8.65 2.47

IL18 1.91 9.35 2.44 1.05 3.55 1.48 3.32 16.30 5.40 2.43 2.65 19.58

IL10 13.60 7.58 20.66 14.45 14.74 5.72 13.81 6.63 6.60 19.42 13.32 8.76

DRB 0.38 2.19 −0.07 0.67 1.48 1.20 −0.57 2.29 0.42 2.69 −0.87 2.37

MX1 10.53 2.41 15.11 5.75 13.47 1.39 12.73 2.41 8.39 2.25 12.90 13.07

CCR3 5.18 2.00 5.04 1.59 4.31 1.38 5.30 2.95 N/A N/A 5.11 5.40

HTT5 9.99 1.62 10.92 6.12 −1.03 0.84 10.01 1.93 N/A N/A 9.39 5.65

CaM −1.76 0.85 −0.68 0.19 7.48 11.15 −0.65 0.30 N/A N/A −0.09 0.47

ELFI WHAL ADAK NUCH CLAY WASH1

Mean Variance Mean Variance Mean Variance Mean Variance Mean Variance Mean Variance

AHR 11.82 7.57 11.81 16.24 12.81 0.89 9.67 9.65 9.39 6.69 10.66 10.27

HDC 7.91 3.04 7.02 2.81 10.31 0.33 10.56 7.21 10.34 10.86 6.11 10.47

COX2 8.38 3.35 8.76 12.54 9.54 1.76 7.06 21.77 7.06 9.59 6.28 14.34

CYT 1.80 2.88 0.76 3.48 1.66 0.38 2.62 11.67 2.00 6.89 2.36 4.59

THRB 16.15 18.04 16.36 25.03 17.04 8.05 14.52 16.31 15.71 27.22 14.98 8.57

HSP70 10.88 5.72 13.08 31.42 14.24 6.49 10.74 7.62 10.78 14.98 11.81 11.01

IL18 2.96 12.31 1.68 3.35 2.72 1.19 0.63 8.66 2.35 25.91 1.55 3.69

IL10 19.41 21.67 19.40 19.40 22.28 7.92 14.62 14.71 16.91 20.31 19.01 29.27

DRB −0.53 1.72 −1.11 3.60 0.46 0.63 −0.26 6.35 −0.61 6.97 0.04 3.11

MX1 12.41 2.69 12.86 10.55 17.32 17.15 13.00 6.88 13.96 11.85 15.19 14.62

CCR3 3.96 3.07 4.60 0.98 6.71 1.84 4.48 0.94 4.89 1.50 5.50 3.06

HTT5 9.92 1.11 11.11 1.24 10.96 0.95 11.25 1.25 10.52 1.61 10.71 8.99

CaM −0.94 0.18 −0.71 0.19 −0.17 0.34 −0.40 0.14 −0.41 0.10 −0.31 0.08

(Continued)
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WASH2 ES MONT BIGS DC SB

Mean Variance Mean Variance Mean Variance Mean Variance Mean Variance Mean Variance

AHR 10.61 5.00 9.88 1.04 10.37 6.29 10.94 5.43 11.10 1.46 10.60 2.44

HDC 8.61 13.76 9.94 0.65 8.22 13.43 6.91 4.00 9.24 0.39 8.75 3.48

COX2 7.76 11.39 6.86 1.86 6.51 14.27 8.41 3.74 8.98 2.00 8.61 3.63

CYT 1.72 9.28 2.10 0.58 2.40 14.08 4.20 11.08 2.51 0.60 2.25 0.70

THRB 16.37 21.76 15.11 6.24 14.58 17.50 13.79 9.34 16.73 7.54 13.05 8.78

HSP70 12.80 17.72 11.83 2.48 11.71 10.99 10.92 5.29 13.29 9.22 11.82 6.21

IL18 1.06 7.62 1.85 1.30 1.00 6.47 1.89 1.72 1.98 1.42 1.70 1.00

IL10 16.34 22.55 16.23 5.66 14.70 19.38 14.02 7.90 18.96 16.27 15.91 25.14

DRB −0.88 6.63 −0.58 0.29 −0.01 6.19 0.47 1.99 −0.03 0.29 −0.14 0.50

MX1 12.81 9.19 13.39 7.72 12.77 11.40 12.26 10.04 15.19 7.75 12.35 5.84

CCR3 4.24 5.76 5.42 0.84 5.20 2.52 5.01 2.63 5.55 2.37 4.37 2.78

HTT5 8.65 23.47 11.20 1.28 11.47 1.35 11.90 4.81 12.21 4.33 9.95 4.34

CaM −0.26 0.10 0.02 0.15 −0.11 0.66 0.04 0.23 −0.22 0.32 −0.26 0.14

REF

Mean Variance

AHR 11.04 0.81

HDC 6.17 3.32

COX2 6.95 2.38

CYT 2.67 1.87

THRB 13.39 2.51

HSP70 9.78 2.95

IL18 1.74 2.73

IL10 13.77 1.99

DRB −0.33 1.09

MX1 11.18 4.31

CCR3 4.71 1.22

HTT5 11.00 0.68

CaM −1.17 0.77

TABLE 3 (Continued)
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PAHs but may continue to have non-lethal, yet disadvantageous, 
levels of stressors still related to oil spill effects. Infectious 
diseases occur in all ecosystems, both healthy and unhealthy, and 
play an important role in structuring biological communities 
(Tracy et al., 2019). A determination of WPWS2 at or exceeding 
carrying capacity and thus likely nutrient limited would help 
support the theory of resource limitation. Energy intake rates 
have been shown to be a useful indicator of resource availability 
in sea otters (Dean et al., 2002; Coletti et al., 2016). Estimated 
energy intake rates for sea otters living in WPWS averaged 
~6.5 kcal/min between 2010 and 2012 (Coletti and Wilson, 2015), 
which is consistent with a population near carrying capacity and 
supports the theory of resource limitation.

Previous work by Bowen et al. (2022), identified abnormally 
high levels of AHR and CYT as well as low levels of CaM in KBAY 
otters; these differences are also identified in our current 
analyses. Brief interpretation indicates possible exposure to an 
algal toxin; the KBay sea otters had transcript profiles very 
different from those of otters with suspected oil exposure 
(WPWS1), and in fact, oil exposure is not suspected to be a factor 
influencing transcript profiles in KBay (Bowen et al., 2022). At 
the time of sampling in 2019, the KBAY population was stable or 
increasing (Table  1). Intuitively, this may conflict with the 

extremely divergent gene expression patterns identified in KBAY 
otters. We can surmise that the KBAY otters were responding to 
a stressor, and, at least in the short-term, providing some level of 
mitigation of that stressor. However, we do not know the longer-
term consequences of this exposure. Even without near-term 
morbidity or mortality, will exposure to this particular stressor 
affect population health in the long-term?

KBAY was also remarkable from the analysis of population 
centroids in the RDA (Figure 3), in which it was separated from 
all other groups along axis 1. As stated above, we identified a very 
high level of CYT, AHR, and HTT5, and low level of CaM 
expression in KBAY in relation to the other groups. Little 
discernable separation occurred along axis 2  in the RDA and 
population centroids were obscured. In general, there are still 
unmeasured factors influencing the gene expression levels, 
however, the environmental variables have a very strong 
influence. What about within population variation? For example, 
the gene expression KBAY profile appears to split into two 
groups. Although we found no statistical link among age, sex, or 
capture location, and gene expression profile within this 
population, further examination revealed stark differences in 
gene expression levels within the KBAY otter population 
(Figure 4). The KBAY population may have been exposed to one 
or more harmful algal toxins (Bowen et al., 2022). Harmful algal 
blooms may not be uniformly distributed, and prey items may 
concentrate or bioaccumulate toxins differently. As well, dietary 
specialization is a well-known attribute of the sea otter; the diet 
of sea otters in KBAY is diverse, including clams and mussels that 
may sequester biotoxins and crustaceans that may not (Tinker 
et  al., 2008). Therefore, we  could predict that this within-
population split has to do with foraging location or 
prey preferences.

Due to the degree KBAY drove placement of the other otter 
populations in RDA space, we repeated the analysis without KBAY 
otters (Figure  3B). When KBAY is removed, the remaining otter 
populations spread out somewhat in RDA space, The most notable 
separation in this case is WPWS1, which separated from all other 
groups along axis 1 and 2 (Figure 3B). We identified very high levels 
of HDC expression in WPWS1  in relation to the other groups 
(Figure 2). As described in Miles et al. (2012), expression profiles of 
WPWS1 otters in comparison with clinically normal reference otters 
indicated exposure to lingering oil.

Historically, the term beta diversity has been used in an 
ecological context to represent the difference in species 
composition between local and regional assemblages (de Juan 
et al., 2013). Thus, diversity has been suggested as a measure of 
ecosystem resilience (de Juan et al., 2013); greater variation in 
beta diversity could be an early warning sign of declining host 
health (Fackelmann and Sommer, 2019). However, considering 
the current and rapidly increasing nearshore marine ecosystem 
degradation due to cumulative stressors associated largely with 
climate change, there is an urgent need to identify variables that 
might indicate changes in ecosystem state (de Juan et al., 2013). 
Although beta diversity is a promising measure of ecosystem 
resilience in the context of species richness, can we apply this to 
levels of gene expression? Our beta dispersion test identified 
significantly different levels of variation in quantities of gene 

TABLE 4 Beta diversity by population.

Core/
Perip

Population 
growth

Average 
distance 

to 
median

Diversity 
category

WPWS1 Core Increasing 7.912 Moderate

WPWS2 Core Stable 6.592 Low

KBAY Core Stable/Increasing 15.457 High

KATM Periphery Increasing 5.546 Low

APEN Core Stable 7.519 Moderate

ELFI Core Stable 8.288 Moderate

WHAL Periphery Increasing 10.312 High

ADAK Core Stable 6.079 Low

NUCH Core Stable 9.615 Moderate

CLAY Periphery Increasing 10.83 High

WASH1 Periphery Increasing 9.963 Moderate

WASH2 Core Stable 11.459 High

ES Core Increasing 4.802 Low

MONT Core Stable 10.077 High

BIGS Core Stable 7.020 Moderate

DC Core Stable 6.647 Low

SB Periphery Increasing 7.532 Moderate

REF N/A N/A 4.951 Low

Average distance to median identified for each population. Diversity category (Low, 
Moderate, High) assigned by arbitrarily designated groups (Low = 4–6; Moderate = 7–9; 
High = 10+). Populations are identified as core or periphery and population growth is 
categorized as stable, increasing, or decreasing. The reference otters are not categorized in 
terms of population metrics as they are not free-ranging and are permanently under human 
care.
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expression across populations (Figure  6). Additionally, the 
captive population had the smallest amount of diversity in terms 
of gene expression, which might indicate more stable 
environments with fewer stressors.

Research in unicellular organisms has linked noise (heterogeneity/
variation) in gene expression to population growth rate (Keren et al., 
2015). We have not found studies that used levels of beta dispersion 
in gene expression as a measure of population or ecosystem health or 
resilience. However, extrapolation from the unicellular model to the 
population level may be possible. For example, variability in expression 
in unicellular organisms is anti-correlated to population average gene 
expression, which in turn is tightly coupled to growth rate (Tyson 
et al., 1979; Ingraham et al., 1983; Bar-Even et al., 2006; Newman et al., 
2006; Brauer et al., 2008; Klumpp et al., 2009; Taniguchi et al., 2010; 
Keren et al., 2013, 2015). This brings us to two distinct approaches of 
quantifying variation in gene expression, intrinsic vs. extrinsic 
variability. Intrinsic variability describes the variation at the level of a 
single gene due to the stochastic nature of the transcriptional process, 
while extrinsic variability relates to the variability across different 
genes as a result of population dynamics and environment (Keren 
et al.’s, 2015). As far as we know these concepts have not yet been 
applied to gene expression studies in wildlife; accurate interpretation 
will require further exploration.

In terms of growth, work to date has focused on growth of a 
cell, not a population. However, the concept therein may 
be  applied (with modifications) to wildlife populations. For 
example, in Keren et al. (2015) study of gene expression in yeast, 
harsher environmental conditions were found to reduce growth 
rates. At least conceptually, this also applies to wildlife 
populations; greater environmental pressures require greater 
levels of mitigation, evidenced by greater levels of variation in 
gene expression. Gene expression mitigation uses resources 
normally reserved for maintenance of growth and reproduction. 
An ensuing resource allocation imbalance occurs, ultimately 
resulting in slower growth rates, either at the cellular or 
population level (Martin et  al., 2010; Graham et  al., 2011). 
However, this may not be  immediately evident. For example, 
otters in the KBAY population demonstrate the highest amount 
of variation in our study, and yet as of 2019 the KBAY population 
was stable (Esslinger et al., 2021); what we do not know are the 
long-term effects of the particular stressor and the resulting 
molecular mitigation strategies. How do we  interpret the 
relatively little variation demonstrated by several populations 
(see Figure 6)? From what we know, we can speculate that the low 
variation in the WPWS2 and ADAK populations is because those 
populations are nutritionally limited, making increased 
expression difficult if not impossible. Just recently, the KATM 
population was determined to be food-limited but is an area with 
little or no known remarkable environmental stressors (Coletti 
et al., 2016; Tinker et al., 2021). The ES population may exhibit 
low variability because of its small size and homogenous 
landscape. The REF population includes only animals under 
permanent human care. As such, their environment is tightly 
regulated with little variation in extrinsic stimuli, which can 
result in limited variability. Moderate variability (WPWS1, 
APEN, ELFI, NUCH, WASH1, BIGS, SB) includes populations 

clearly responding to stressors as well as populations thought to 
be at equilibrium. Aside from KBAY, populations categorized as 
having highly variable gene expression (KBAY, WHAL, CLAY, 
WASH2, MONT) showed significant differences in gene 
expression from other populations. Note that three or four of 
these five populations may be periphery populations, which may 
account for the high variation. However, in this exercise, 
we examined variability across a gene panel. For a more complete 
picture and more refined interpretation as it relates to individual 
and population health, we  should consider variation on a per 
gene basis. We  should also consider formally collecting (if 
needed) and incorporating (when available) other measurements 
at both the ecosystem level and individual level that may aid in 
interpretation (such as prey availability and body condition). 
Level of variation might also reflect where the population is 
heading, rather than where it has been. It is important to 
recognize that our determination of population status based on 
length of occupation and surveys of abundance are by design, 
hindcasting, in terms of what the population has been doing, not 
where the next data point might lie on that trend.

In our study, interpretations based on variances and means 
overlapped to some degree. For example, those populations in the 
low diversity category all had suppressed or low levels of gene 
expression, representing limited nutritional resources or limited 
extrinsic stressors, respectively. These two states are quite 
different, and interpretation of results requires additional 
knowledge of the system as a whole. In contrast, populations in 
the moderate and high diversity categories (with the exception of 
KBAY) did not align with analyses focused on mean expression 
levels. Clearly there are interpretations and inferences we are not 
yet making based on these findings.

5. Implications

Determination of population “health” will require several choices 
and definitions (including of health itself): perspective (including 
choice of sentinel species, population inclusions, time frame, etc.), 
measurement techniques (molecular to population level), and 
statistical analysis choices (focus on population means or population 
variation). Ultimately, determination of population or ecosystem 
health will require information from many disciplines, contextualized 
to specific scenarios and goals. Inclusion of fine scale, mechanistic 
tools such as gene expression are necessary to begin to understand 
why populations are healthy or not, and to formulate strategies for 
recovery. Without these, we are left with only a simple and partial 
answer regarding population status. At some point, which we have not 
quite reached on a global scale, gene expression may be  linked to 
wildlife population status as measure of health. A conceptualized 
example of the relationship between variation in gene expression and 
population status is provided in Table 5.

This brings us back to one of our original questions: is divergent 
gene expression good or bad? Similarly, is divergent variation in gene 
expression good or bad? Both appear to be context dependent, and 
neither can be answered without first defining the optimum or healthy 
system. Long-term monitoring programs could be  leveraged to 
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address data gaps and provide consistent ecosystem level-inputs of a 
variety of metrics, which would allow for interpretation of these 
results more fully.
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