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Abstract

In a rapidly changing world, understanding the interactions between the biological and abiotic
world is crucial to predict change within our ecosystems and more importantly manage them.
With increasing occurrences of marine heatwaves due to climate change, we are provided the
unique opportunity to assess how ecosystems respond to intense periods of warming, that
produce signals in a pulse-like form. This allows us to gain insight on both how components of
our natural marine systems are impacted by warming, as well as how this differs from the more
gradual effects, we see with steady increases in temperature due to climate change. In this study,
the pelagic ecosystem of the San Juan Archipelago is assessed in relation to its response to the
recent 2014-2016 marine heatwave to investigate this. A simplified food web consisting of
chlorophyll, pacific sand lance, alcids, gulls, cormorants and pinnipeds is used while chlorophyll,
sea surface temperature and photosynthetically active radiation are used as environmental
covariates that are tested against the biological components listed above through a multivariate
auto-regressive model to assess this question. Time series analyses are also conducted to assess
group trends through time, and in relation to pre, during and post heatwave periods. Overall, it
was found that all three environmental components (sea surface temperature, photosynthetically
active radiation, and chlorophyll) are increasing through time, however sea surface temperature
additionally shifted baselines after the heatwave had subsided. When examining the biological
components, alcids, gulls and cormorants all have recently made a recovery to pre-heatwave
levels after a decline through the heatwave in numbers. In contrast, pinnipeds have been
declining continuously throughout time. Several significant interactions were found to be
apparent, with sea surface temperature, photosynthetically active radiation and chlorophyll
influencing several of the biological groups. Ultimately this indicates that although groups are
directly influenced by the environmental covariates tested, which may indicate increased
vulnerability to environmental changes due to climate change, biological groups may have the
capacity to return to pre-heatwave levels after heatwaves subside. Information as such is critical
for further understanding how our ecosystems will change in relation to climate change and also
informs that ecosystem responses to marine heatwaves may be different than the more gradual
climate change effects, which is important for the management of our systems as a whole.



1. Introduction

Understanding interactions between both the abiotic and biotic components of our world’s
systems is vital to understanding our ecosystems and their respective dynamics (D’ Alpaos,
2009). Furthermore, in the changing climate that earth is currently experiencing, it is even more
critical to develop a thorough understanding of these interactions to predict change in our
ecological systems and manage commercially, culturally and ecologically important species
(Russell et al., 2012). One such facet of climate change that has become much more prominent in
our climatic cycles in recent years are marine heatwaves. Although there are many varying
definitions of marine heatwaves, they can be generally defined as periods in time where
temperatures are consistently above a given threshold (Oliver et al. 2020). These events have not
only been increasing in frequency through time, but also have been increasing in intensity as well
(Oliver et al. 2018). In addition, conditions post-heatwave have been seen to remain different
than pre-heatwave years, thus suggesting a shifted baseline of the given condition being
assessed, producing a potentially permanent change to the abiotic environment that ecosystems
inhabit. Given the direct influence that marine heatwaves have on the physical and chemical
processes, the implications for the biological components of the system that rely on the physical
and chemical composition of their environments for survival can be significant (Frolicher et al.
2018). A unique feature however of marine heatwaves is the pulse like signal that these extreme
temperatures present themselves in (Oliver et al. 2018). Given the short-term, high-intensity
changes to the environment that this results in, marine heatwaves also present unique
opportunities to study changes and responses within a system in intense warming periods
representative of climate change. The information that this presents is therefore very valuable for
managers, as it enables us to understand population responses as well as thresholds for resiliency
within our systems, which can better inform decisions related to mitigating climate change
impacts.

To assess this wealth of information, an intensive study of interactions is required to
understand how marine heatwave signals propagate through our systems. One such tool to do so
are multivariate autoregressive (MAR) models, which enable us to assess interactions between
both the biotic and abiotic features of our system as well as the interactions of the biotic
components with themselves (Hampton et al., 2013; Ives et al., 2003). Within this model
framework, we can compare multiple unlike variables through time, allowing us a time series
approach to address questions regarding change over time as with climate change impacts on
ecosystems (Mac Nally et al., 2010; Hampton et al., 2013). The parameter outputs produced
through this model therefore give us an understanding of how these components influence one
another, which allows us insight on which groups within an ecosystem may be most vulnerable
to perturbations, as well as what those responses may be. Given the insight that this allows us
into ecosystem response, the MAR model has the potential to provide key supplemental
information to help inform management decisions.

As a case study of the impacts of marine heatwaves, the pelagic ecosystem of the San Juan
Archipelago was selected as a focal system to better understand ecosystem responses to these
pulse-like intense temperatures, given the recent occurrence of heatwaves in the region. Located
in the estuarian waters between Washington State and Canada (Figure 1), this system presents
both a diverse range of biota with high rates of productivity, as well as profound oceanographic



features such as upwelling/downwelling phenomena and both fresh and saltwater inputs (Royer
1998; Mundy et al. 2010). In recent years, heat waves have started to increase in frequency
within the region, with one major heatwave occurring at the end of 2014 and propagating
through 2016. Temperatures throughout this time were seen to be up to 2.3°C higher than normal
and resulted in changes within various lower trophic groups such as phytoplankton and
zooplankton (Khangaonkar et al., 2021). As noted, given that shifts within lower trophic groups
were seen within this ecosystem, we can draw the conclusion that changes within the system
were occurring.
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Figure 1. Depicted above is the San Juan Archipelago. Green objects indicate land, dark blue
objects indicate inter-island waters and light blue indicates the broader ocean masses that flow
between the United States and Canada.

To determine what the specific impacts of this heatwave were throughout the entire
ecosystem, and more specifically whether the signal produced by the 2014-2016 marine
heatwave resonated for sustained periods of time post-heatwave, this study uses a modeling
approach similar to that of which was discussed above to allow for a quantitative assessment of
how the San Juan Archipelago pelagic ecosystem has been changing over time, in relation to the
increased frequency of marine heatwaves. Here we focus on a subsection of the ecosystem to
focus on key documented players within the ecosystem, incorporating oceanographic, fish and
marine mammal and bird indices over a thirteen-year time series starting in 2010 and ending in
2022. This incorporates periods prior to the heatwave from 2010-2013, periods during the
heatwave from 2014-2016, and periods after the heatwave from 2017-2022. Through these
analyses, our study seeks to inform on the signal of the marine heatwave throughout the
ecosystem of this region, and which groups were most directly impacted. Additionally, this study
seeks to present supplemental information of marine heatwave impacts generally across
ecosystems, and the incorporation of this information into management and recovery plans for
ecosystems in response to climate change.



2. Materials and Methods

2.1 Model Variables

Selection and assimilation of the data that are used as inputs into the MAR model for
parameter estimates were dictated by availability of data and robustness. In addition, the selected
factors for this study were based on their relevance to the ecosystem as well as life history, and
influence on biological processes. A simplified food web was constructed to incorporate abiotic
components as well as primary, secondary and tertiary trophic groups to allow for a holistic yet
manageable overview of how the pelagic ecosystem would be influenced in different ways. For
oceanographic indices, sea surface temperature (SST °C), photosynthetically active radiation
(PAR einstein m? day™'), and chlorophyll (mg/m?®) were used. SST was selected for its influence
on both the lifecycle of primary producer groups as well as the metabolism of secondary and
tertiary trophic groups. PAR was selected for its relevance to primary producer groups while
chlorophyll was selected as a proxy for phytoplankton abundance. SST was extrapolated from
the Hadley Centre Sea Ice and Sea Surface Temperature (HadISST) dataset, which combines
satellite and in-situ SST measurements to construct monthly SST outputs, located within the
National Oceanic and Atmospheric Administration’s (NOAA) Environmental Research Division
Data Access Program (ERDDAP) database. Both PAR and chlorophyll were extrapolated
directly from the National Aeronautics and Space Administration (NASA) Aqua Moderate
Resolution Imaging Spectroradiometer (MODIS) satellite output and were also accessed through
the NOAA ERDDAP database. For fish indices, Pacific Sand Lance (4dmmodytes personatus)
were selected as the main study species to fulfill the forage fish trophic level, given their
biological importance to the area as well as abundance (Zamon 2017). The indices used were fish
condition (K)—used as a measure of fish energetics—and CPUE, measured via Van Veen
sampling methods as a proxy for fish abundance. Sampling of these fish occurred in the San Juan
Channel where a major sand wave field is present within the San Juan Archipelago which has
been deemed preferred habitat of this species within this region (Greene et al. 2010). For marine
mammal and bird indices, density was used as a measure of observed abundance. For marine
birds, alcid (4lcidae), cormorant (Phalacrocoracidae), and gull (Laridae) groups were assessed
to incorporate different life histories and foraging strategies into the food web structure of our
model. Alcids and cormorants represent diving birds, whereas gulls represent surface feeders,
thus presenting two potential different impact points of marine heatwaves. Additionally, for size
comparison, alcids and cormorants were both included to develop an understanding if different
size classes of marine birds are impacted differently. For surface feeder birds, there were no other
prominent groups with sufficient data to accurately compare the impact of the marine heatwave
in comparison to gulls. For marine mammals, pinnipeds (Pinnipedia) were selected as this is a
key group of marine mammal species to the area and additionally have plentiful data to allow for
analysis.

2.2 Sampling methods

2.2.a Pacific Sand Lance Sampling
For the index for Pacific Sand Lance, sample data from the San Juan Channel wave field
sampling site was selected for this study (Figure 24), ranging from a time frame of the 25 of



September to the 15" of November for the purposes of standardization. The sampling site within
San Juan Channel (SJC) is defined by a major sand-wave field extending roughly 2 kilometers
with deep-water features ranging up to 80m (Greene et al. 2010). Van Veen sampling was
conducted here once a week and was deployed from the R/V ‘Centennial’, R/V ‘Auklet’ and R/V
‘Kittiwake’. The Van Veen mechanism emulates a large scoop, which is deployed off the back of
the respective boat via a pulley system, which is lowered steadily until it reaches the ocean
bottom. Upon hitting the bottom, the Van Veen snaps shut and ideally scoops the sediment below.
Given that Pacific Sand Lance occupy sediment areas as mentioned above (Greene et al. 2010),
this allows for the capture of the specimens. A maximum volume of 0.026 m? is captured upon
closing of the Van Veen across a 0.12 m? surface area. Across the entire time series, 271 Van
Veen grabs successfully closed. All fish sampled in incomplete grabs that did not fully close were
excluded for the purpose of this study. Following capture, the fish were then processed back at
the University of Washington Friday Harbor Laboratory Station according to the University of
Washington Institutional Animal Care and Use (IACUC) Protocol 4238-03. A lethal dose of
anesthetic tricaine methanesulfonate (MS-222) was administered prior to measuring the fork
length (mm) and total length (mm) of the fish, as well as measuring their wet weight (g). In the
years 2010-2012, fork length was strictly recorded, for which a linear regression was run
between fork length and total length to convert fork length to total length for these years, for the
purposes of making condition assessments. This decision was made given that in the years 2021-
2022, total length was the only length measurement recorded.

2.2.b. Marine Bird and Mammal Sampling

Marine bird and mammal sampling occurred along a consistent transect covering an area
of 8.4 km? within the San Juan Channel, which was divided across six zones based on geographic
features of the transect. These were conducted on the R/V ‘Centennial”’ and R/V ‘Kittiwake’,
roughly six times each year. Sampling occurred from both the starboard and port side on the top
deck of the respective research vessels, depending on the year of sampling. A minimum of two
observers were present each time and used binoculars to conduct their surveys. Survey calls were
made once every minute, and each individual bird and mammal were only counted once and
recorded. A range of 200m from the boat was also used as a standard measuring metric for
counting animals. Species, number of individuals, and time were recorded. Species spotted on
land were also excluded for the purposes of this study. The raw observed abundances measured
were then transformed into density (individual/km?).
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Figure 2. Depicted above is an outline of where sampling for the biological parameters of pacific
sand lance and marine mammal and bird sampling took place. Figure 2A depicts the San Juan
Channel Wave Field in orange, this being these location from which our sample fish came from.
Figure 2B depicts the different zones within the transect that was run for marine mammal and
bird sampling.

2.3 Data Processing
To assimilate the data into the models for this study, a series of rigorous data filtering
methods were used. The methods for each group of indices are outlined below.

2.3.a. Oceanographic Indices

For oceanographic indices, the raw data outputs of SST, PAR and chlorophyll were
converted into monthly and annual averages across the time series. This was done in R Studio
using the summarise(mean()) function.

2.3.b. Fish Indices

For fish indices, data was assimilated across the years 2010-2022. For condition, data was
assimilated across the time series of all available records of fish morphometrics from every year
with notes on the date of sampling, sampling method (Van Veen), location of sampling (SJC),
fork length (mm), total length (mm), calculated total length (mm), wet weight (g), and condition
factor (K). Condition factor (K) was calculated using the below formula (Bagenal & Ricker
1978):

K=mx10"x1[?

where m is representative of mass (in g) and / is representative of total length (in mm). All fish
that were used for tank experiments were removed for the purposes of keeping our samples
representative of wild fish within the ecosystem. For the calculation of CPUE, data from Van
Veen sampling events were assimilated with the inclusion of sampling date, location, total
number of grab attempts, total number of successful grabs, total number of successful grabs at
SJC, raw number of fish caught per sampling event, CPUE for the total cruise time, and CPUE
for strictly the SJC sampling events. Note that the year 2022 was dropped in for CPUE due to
errors in data entry. For the purposes of comparison across years, all data was filtered for SIC
sampling events given that this was the main consistent sampling location across years. Monthly



and annual averages were then again calculated using the summarise(mean()) function in R
Studio. CPUE for the Van Veen sampling events was calculated via the following equation:

CPUE = total # of fish individuals/grab

2.3.c. Marine Mammal and Bird Indices

Data on marine mammal and bird observation events were assimilated across the 2010-
2022 time series. The information included in this dataset were year, date of sampling, species
code, common name, group, density, and effort/km?. Monthly and annual averages were then
calculated using the summarise(mean()) function in R Studio, based on each respective group.

2.4 Statistical Analyses

2.4.a Preliminary Statistics

All data analyses were performed using R 4.2.3 in R Studio. The initial analysis
conducted included producing linear regressions and box plots of all variables to get an
understanding of the spread of data and inherent trends. Furthermore, shifting baseline plots were
generated by averaging means of the given variable across the three different marine heatwave
regimes (pre-heatwave: 2010-2013, during heatwave: 2014-2016, post-heatwave: 2017-2022).
For marine mammals and birds only, a shifting trends plot was generated rather than a shifting
baselines plot, where trends within the different heatwave regimes outlined above were assessed
separately to encapsulate degree of recovery by the system in more recent years to account for
the influence that a lag time in population recovery might have. These trends were also assessed
via linear regressions. Additionally, correlation plots using the PerformanceAnalystics package
were generated to understand inherent interactions within the oceanographic indices and
biological components, prior to comparing them to the rest of the indices in the system. After
completing these analyses, an ANOVA test and Tukey-test was performed on the variables where
shifting baselines were found to be potential phenomena. The outputs from these tests then
allowed us to determine whether post-heatwave conditions were significantly different than pre-
heatwave conditions, indicating a shifted baseline.

2.4.b MAR Model
Following this, all variables were inputted into the same datafile to be filtered through the
R model. The structure of the MAR model was based on the following formula:
Xe =Bxy_1+a+ Cup_q +wy

with x; representing the abundance in the current time step, x;_;representing the abundance in
the previous time step, B representing the effect of a given groups density on the growth rate of
another group (density dependence), a being the intrinsic rate of increase for a species, C being
the effect of the covariate being tested on the other group, u,_,being the covariate value of the
previous time step, and w; being the process error inherent with estimations of the model
(Hampton et al. 2013). A matrix format for relationships between groups is inherently tested in
this model, and for the purposes of this study is formatted in the following way:
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where P represents PAR, C represents Chlorophyll, S represents SST, CF represents pacific sand
lance condition factor, V represents Van Veen CPUE (fish abundance), PI represents pinniped
density, A represents alcid density, G represents gull density, and CO represents cormorant
density. The outputs of this model are outputs representative of the relationship between the two
groups being tested for interaction. Positive parameter outputs indicate a positive relationship
between the two groups, while a negative parameter output indicates a negative relationship
between the two groups. Confidence intervals are added to these parameter outputs to account
for process error inherent in the model. Given the 13-year time series constraint within our
dataset, the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm method was used for the
computation of the MAR model.

3. Results

The analysis of this study focused on three trophic levels encompassing chlorophyll,
pacific sand lance (forage fish), pinnipeds and gulls, cormorants and alcids (marine mammals
and birds) as mentioned above. After data synthesis was completed, a total time series of 13
years was available for the purposes of this study, spanning 2010-2022.

3.a. Time Series Analyses

3.a.i. Sea Surface Temperature

Sea surface temperature was examined in three different ways. First, annual averages for
each year within our time series were calculated to see what the average trend throughout our
time period was (Figure 34). The results indicated a significant positive trend in sea surface
temperature through time (p-value = 0.034). This was then broken down by months, to highlight
annual trends across the months of interest to this study: September through November (Figure
30). It was found that there was a slight positive trend throughout our time series in each of the
above three months, however the significance of this positive trend decreased through the season
(September p-value: 0.120, October p-value: 0.376, November p-value: 0.577). Thirdly, an
examination of mean temperatures prior to, during and after the heatwave was conducted to
determine if a shifted baseline had occurred. For sea surface temperature, mean temperatures
prior to the heatwave were 10.5 °C, 11.6 °C during the heatwave and 11.1 °C after the heatwave
(Figure 3B). The Tukey-test results (7able 1) revealed that there was a significant difference
across all three groups, and most importantly indicated that there was a significant difference
between pre-heatwave and post-heatwave temperatures, indicating that a shifting baseline of sea
surface temperature had occurred post-heatwave (p-value = 0.017).
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Figure 3. Depicted above are annual averages of sea surface temperature. Figure 3A displays
annual averages of sea surface temperature through time (black line), with year on the x-axis and
sea surface temperature in Celsius on the y-axis. A linear regression is depicted in blue, with
confidence intervals depicted in the shaded grey region. With this, a positive trend is depicted
through time. Figure 3B displays the same annual average data (black line) with year on the x-
axis and sea surface temperature in Celsius on the y-axis. The blue, orange and purple lines
depict the average sea surface temperatures within the heatwave regimes indicated under “Time
Segments”. This plot displays a shifted baseline for temperature after the heatwave rescinded, as
post-heatwave temperatures are significantly greater than pre-heatwave temperatures (p-value =
0.017). Figure 3C displays averages for each month of every year, to generate an annual
breakdown of average temperatures in the given month across time, with year across the x-axis,
sea surface temperature in Celsius on the y-axis. The bands across the top of each plot within the
figure indicate the month for which the annual averages represent, while the black points indicate



these annual averages, and the blue line indicates the general trend as determined by a linear
regression.

Table 1. Depicted below are the results of the Tukey Honest Significant Difference test when
average temperatures across the different marine heatwave regimes were compared. In the left
column, the comparison tested by the test is outlined while the right column indicates their
respective p-values. “Post” indicates post-heatwave, “HW” indicates heatwave, and “Pre”
indicates pre-heatwave. “Post-HW? therefore compares post-heatwave temperatures to heatwave
temperatures. * indicates that the p-value was found to be significant.

Variables Tested p-value
Post-HW 0.021*
Pre-HW 0.0000989*
Pre-Post 0.017*

3.a.ii. Photosynthetically Active Radiation

Photosynthetically Active Radiation (PAR) was also examined in three different ways.
Annual averages were first calculated to determine the average trend of PAR throughout our
entire time series, for which a positive trend was detected (Figure 44, p-value = 0.407). These
annual averages were also broken down by month to again allow us to highlight the annual
trends within our study period (Figure 4C). Here, no trend was detected for the months of
September and November (September p-value = 0.943, November p-value = 0.985), however a
positive trend was detected for the month of October (October p-value = 0.519). Thirdly, mean
PAR values broken down by pre, during and post heatwave regimes were measured to examine
whether a shifted baseline had also occurred. Mean PAR values were found to be 27.6 einstein
m™ day! pre-heatwave, 30.9 einstein m™ day! during the heatwave, and 29.0 einstein m day!
post-heatwave. The Tukey-test results (Figure 2) revealed that there was a significant difference
across one of the three groups, being pre-heatwave versus during heatwave PAR levels (p-value
= 0.005). Although PAR values did not return to pre-heatwave levels after the heatwave
subsided, the difference in average temperatures between pre and post heatwave were not found
to be significant (p-value = 0.128). Given this, it was determined that there was not a significant
shift in baselines in PAR after the heatwave. It is important to note however that post-heatwave
temperatures were not found to be significantly different than during heatwave PAR levels, and
therefore although a significant shifted baseline cannot be determined for PAR, PAR values more
closely mirrored heatwave PAR levels than pre-heatwave PAR levels.
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Figure 4. Depicted above are annual averages of photosynthetically active radiation (PAR).
Figure 4A displays annual averages of PAR through time (black line), with year on the x-axis and
PAR in einstein m? day! on the y-axis. A linear regression is depicted in blue, with confidence
intervals depicted in the shaded grey region. With this, a positive trend is depicted through time.
Figure 4B displays the same annual average data (black line) with year on the x-axis and PAR in
einstein m™ day™! on the y-axis. The blue, orange and purple lines depict the average PAR within
the heatwave regimes indicated under “Time Segments”. This plot displays a near significant
shifted baseline for PAR after the heatwave rescinded, as post-heatwave PAR levels are close to
being significantly greater than pre-heatwave PAR levels but are not truly significant (p-value =
0.128). Figure 4C displays averages for each month of every year, to generate an annual
breakdown of average PAR in the given month across time, with year across the x-axis, PAR in
einstein m day™! on the y-axis. The bands across the top of each plot within the figure indicate
the month for which the annual averages represent, while the black points indicate these annual
averages, and the blue line indicates the general trend as determined by a linear regression.



Table 2. Depicted below are the results of the Tukey Honest Significant Difference test when
average PAR across the different marine heatwave regimes were compared. In the left column,
the comparison tested by the test is outlined while the right column indicates their respective p-
values. “Post” indicates post-heatwave, “HW” indicates heatwave, and “Pre” indicates pre-
heatwave. “Post-HW” therefore compares post-heatwave temperatures to heatwave temperatures.
* indicates a significant p-value.

Variables Tested p-value
Post-HW 0.115
Pre-HW 0.005*
Pre-Post 0.128

3.a.iii. Chlorophyll

Lastly for environmental covariates, chlorophyll was also examined in three different
ways. Annual averages were calculated first to assess the general trend of chlorophyll values
throughout the entire time series, for which a positive trend was detected, although less
significant than both trends in SST and PAR (Figure 54, p-value = 0.287). These averages were
then again broken down by month to focus on the months within our study (Figure 5C). When
doing so, chlorophyll levels were found to follow a decreasing trend across all three study
months through time (September p-value = 0.512, October p-value = 0.328, November p-value
= (.164). The third analysis conducted was again an assessment of whether a shifted baseline
phenomena had occurred (Figure 5B). Mean chlorophyll levels indicated 7.2 mg/m”"3 pre-
heatwave, 7.6 mg/m”3 during the heatwave, and 7.3 mg/m”3 post-heatwave. The Tukey-test
results (7able 3) revealed that there was no significant difference between any of the heat wave
regimes, and more specifically no difference in pre-heatwave to post-heatwave chlorophyll levels
(p-value = 0.604) and therefore it was determined that no shifting baseline occurred.
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Figure 5. Depicted above are annual averages of chlorophyll. Figure SA displays annual
averages of chlorophyll through time (black line), with year on the x-axis and chlorophyll in
mg/m”3 on the y-axis. A linear regression is depicted in blue, with confidence intervals depicted
in the shaded grey region. With this, a positive trend is depicted through time. Figure 5B displays
the same annual average data (black line) with year on the x-axis and chlorophyll in mg/m”3 on
the y-axis. The blue, orange and purple lines depict the average chlorophyll within the heatwave
regimes indicated under “Time Segments”. No significant shifted baseline was detected for
chlorophyll (p-value = 0.604). Figure 5C displays averages for each month of every year, to
generate an annual breakdown of average chlorophyll in the given month across time, with year
across the x-axis, chlorophyll in mg/m”3 on the y-axis. The bands across the top of each plot
within the figure indicate the month for which the annual averages represent, while the black
points indicate these annual averages, and the blue line indicates the general trend as determined
by a linear regression.

Table 3. Depicted below are the results of the Tukey Honest Significant Difference test when
average chlorophyll across the different marine heatwave regimes were compared. In the left
column, the comparison tested by the test is outlined while the right column indicates their
respective p-values. “Post” indicates post-heatwave, “HW” indicates heatwave, and “Pre”
indicates pre-heatwave. “Post-HW” therefore compares post-heatwave temperatures to heatwave
temperatures.

Variables Tested p-value
Post-HW 0.956
Pre-HW 0.820
Pre-Post 0.604




3.a.iv. Pacific Sand Lance Condition

Beginning with the biological parameters tested in this study, Pacific Sand Lance
condition was calculated and examined through the 2010-2022 time period. To assess the
average condition through time and incorporate the variability inherent in biological parameters
such as condition factor (K), a boxplot was used to display condition of pacific sand lance
through time (Figure 64). Additionally, an analysis of whether condition factor had shifted
baselines was also conducted via a similar calculation of means by heatwave regime as noted
above (Figure 6B). It was found that pre-heatwave condition factor levels were around 29.4, and
post-heatwave condition factor levels were around 29.8 while during the heatwave condition
factor levels were around 24.9. A dip in condition factor was therefore noted nearly immediately
after the onset of the marine heatwave in 2014, however the fish condition rapidly increased
again to reach pre-heatwave levels by the end of the heatwave. The Tukey-test results (Table 4)
revealed that pre-heatwave fish condition levels as compared to post-heatwave fish condition
levels were not statistically different (p-value = 0.914), supporting this conclusion. It is
important to note that pre-heatwave condition factor levels were still reached and maintained by
pacific sand lance, despite the shifted baseline for sea surface temperature that we noted above.
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Figure 6. Depicted above is annual fish condition with year plotted on the x-axis and condition
factor (K) plotted on the y-axis for both figures. Figure 6A indicates fish condition in a box plot
format, with medians of fish condition annually being depicted by the central line within the box
plot. Figure 6B indicates fish condition on an annual scale (black line), while the means based on

heat wave regimes outlined under “Time Segments” are depicted on top of the annual average
fish condition values in color.

Table 4. Depicted below are the results of the Tukey Honest Significant Difference test when
average fish condition (K) across the different marine heatwave regimes were compared. In the
left column, the comparison tested by the test is outlined while the right column indicates their
respective p-values. “Post” indicates post-heatwave, “HW” indicates heatwave, and “Pre”
indicates pre-heatwave. “Post-HW?” therefore compares post-heatwave temperatures to heatwave
temperatures.



Variables Tested p-value
Post-HW 0.055
Pre-HW 0.128
Pre-Post 0.914

3.a.v. Pacific Sand Lance Abundance

Similar to the analyses done for pacific sand lance condition, a boxplot and shifted
baseline plot were generated in order to assess pacific sand lance abundance over time as well as
whether mean abundances had shifted throughout the different heatwave regimes (Figure 7A4).
Fish abundance as displayed in the box plot remains on a relatively consistent boom and bust
cycle, with an increasing trend through the marine heatwave in 2014-2016. When examining
mean abundance levels across the heatwave regimes, a mean of 11.8 fish/grab were noted prior
to the heatwave, 10.5 fish/grab during the heatwave and 10.2 fish/grab after the heatwave
(Figure 7B). The results of the Tukey-test (7able 5) indicated a non-significant difference
between pre-heatwave and post-heatwave abundance, allowing us to conclude fish abundance
likely did not shift baselines. It is important to note however the peak fish abundance that was
witnessed during the heatwave.
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Figure 7. Depicted above i1s annual fish abundance with year plotted on the x-axis and CPUE
(#fish/grab) plotted on the y-axis for both figures. Figure 7A indicates fish abundance in a box
plot format, with medians of fish abundance annually being depicted by the central line within
the box plot. Figure 7B indicates fish abundance on an annual scale (black line), while the means
based on heat wave regimes outlined under “Time Segments” are depicted on top of the annual
average fish abundance values in color.

Table 5. Depicted below are the results of the Tukey Honest Significant Difference test when
average fish abundance (CPUE) across the different marine heatwave regimes were compared. In
the left column, the comparison tested by the test is outlined while the right column indicates
their respective p-values. “Post” indicates post-heatwave, “HW” indicates heatwave, and “Pre”
indicates pre-heatwave. “Post-HW” therefore compares post-heatwave temperatures to heatwave
temperatures.



Variables Tested p-value
Post-HW 0.968
Pre-HW 0.953
Pre-Post 0.847

3.a.vi. Marine mammal and bird observed abundance

For the assessment of pinnipeds as well as gulls, alcids and cormorants through time,
annual observed abundance was plotted on an annual time scale on a linear regression model to
perceive general trends through time (Figure 84), while trends by marine heatwave regimes were
also assessed to determine whether shifted baselines had occurred (Figure 8B). For pinnipeds, a
consistent negative linear trend was detected throughout the time series (p-value = 0.000186). In
contrast, a general negative trend was detected for alcids (p-value = 0.764) and gulls (p-value =
0.312) while a slight positive trend was detected for cormorants (p-value = 0.128). However,
when assessing this data from a marine heatwave regime perspective, it is apparent that the linear
declining trends for alcids and gulls smooth over a recent increase that these groups have had
since the subsiding of the 2014-2016 marine heatwave. Given this, we were able to conclude that
alcids, gulls and cormorants all declined in response to the heatwave, however their populations
have been slowly rebounding. In contrast for pinnipeds, the strong linear negative trend in their
decline indicates no return to previous population numbers.
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b. Marine Mammal & Bird Density 2008-2022
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Figure 8. Depicted above is the observed abundance of marine mammal and bird groups that
were of focus for this study. The x-axis represents year while the y-axis represents density of
animals. The plots are broken apart by study species, with annual averages represented by the
black line. For Figure 8A, linear regression lines are represented in blue to identify general
patterns of annual density throughout our time series. For Figure 8B, the colored lines designated
under the “Time Segments” legend indicate the trend of density through the different heat
regimes.

3.b. Correlation between groups

A correlation test between all variables, both environmental and biological was conducted
to assess the inherent correlation between all components of the factors going into the MAR
model (Figure 9). In total, seven groups were found to have significant correlations including
SST & PAR, Fish Abundance & Alcids, Gulls & Alcids, SST & Gulls, PAR & Fish Condition,
PAR & Gulls, and Year & Pinnipeds. A table of results is depicted below of correlation values
and respective groups (7able 6).
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Figure 9. Depicted above is a correlation plot of all the variables involved in this study. The
components included are year, SST (sea surface temperature), chl (chlorophyll), PAR
(photosynthetically active radiation), SIC_CF (San Juan Channel Condition Factor),
VV_CPUE_PSL (San Juan Channel Fish Abundance), Alcids, Guls, Cormorants, Pinnipeds. The
central diagonal row of boxes indicates the spread of the data within each of the groups
respectively. The axes for these groups are listed externally of the plot, in line with the
row/column that the variable resides in. The linear graphs on the left side of the distribution plots
indicate the various variables plotted against one another, while the right side of the distribution
plots indicate the correlation and its respective significance based on size of numbers and the
presence/absence of an asterisk (*). The larger the number, the greater the correlation. The
presence of an asterisk indicates significance.

Table 6. Depicted below are the significant correlations detected by the chart.Correlation
function. Under groups are the interaction pairs and under correlation are their respective
correlations, listed from most positive to most negative correlations. A negative correlation
indicates a negative relationship, while a positive correlation indicates a positive relationship.



Groups Correlation
SST & PAR +0.71
Fish Abundance +0.68

& Alcids

Gulls & Alcids +0.60
SST & Gulls -0.60
PAR & Fish Condition -0.63
PAR & Gulls -0.78
Year & Pinnipeds -0.92

3.c. MAR model outputs

For the MAR model, SST, PAR and chlorophyll were inputted as environmental
covariates (C) while Pacific Sand Lance condition and abundance, alcid, gull, cormorant and
pinniped observed abundance were incorporated as the biological variables in the model as
mentioned in methods. The biological components were input into a 6x6 matrix, while the
environmental covariates were tested against the biological components in a 3x6 matrix. The
results of the study are shown below (Figure 10). Significant relationships between both the
environmental covariates and biological components as well as the biological components with
themselves were found across groups. For the biological parameters, 18 of the 30 biological
parameter outputs were found to be significant. A table outlining the significant results is
outlined below (Zable 7).
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Figure 10. Depicted above are the parameter outputs for the biological matrix within the MAR
model. The parameter tested is depicted on the x-axis while the parameter estimate is depicted on
the y-axis. Parameter outputs are indicated by a solid circle, while confidence intervals are added
in the form of bars around the parameter output. The dashed line crossing the center of the plot
indicates a neutral relationship, and any parameter outputs whose confidence intervals cross this



line are deemed insignificant. A positive parameter output indicates a positive relationship
between the two biological variables while a negative parameter output indicates a negative
relationship between the two biological variables.

Table 7. Depicted below are the significant relationships detected by the MAR model. The left
column displays the relationship and is read as “the influence of x on y” while the right column
displays the value that the model calculated for the given parameter. A negative parameter output
indicates a negative relationship, while a positive parameter output indicates a positive
relationship.

Relationship Tested Parameter Output
Fish Abundance on Cormorants -0.92883
Pinnipeds on Cormorants -0.82334
Pinnipeds on Fish Condition -0.72757
Fish Condition on Cormorants -0.70618
Fish Abundance on Fish Condition -0.58620
Cormorants on Fish Condition -0.50920
Fish Condition on Gulls -0.45227
Alcids on Fish Abundance -0.37881
Pinnipeds on Alcids +0.44128
Alcids on Pinnipeds +0.50281
Cormorants on Gulls +0.58599
Gulls on Alcids +0.58969
Fish Abundance on Gulls +0.61675
Pinnipeds on Fish Abundance +0.62890
Fish Abundance on Alcids +0.64188
Cormorants on Fish Abundance +0.78086
Cormorants on Alcids +0.86928
Gulls on Cormorants +1.17392

For the environmental covariates, and more specifically sea surface temperature, the
model indicated that two of the six biological variables were significantly influenced by sea
surface temperature (Figure 114). For photosynthetically active radiation, it was found that there
was a significant influence on four of the six biological components (Figure 11B). For
chlorophyll, the model found that three of the six biological components were significantly



influenced by chlorophyll (Figure 11C). A table outlining these results is showcased below
(Table 8).
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Figure 11. Depicted above are the parameter outputs generated by the MAR model when
biological parameters were compared with environmental covariates and their respective
parameter outputs, which relationships are depicted on the x-axis. The y-axis represents the
parameter estimate, with the points within the graph depicting the parameter outputs generated
by the MAR model, with confidence intervals added to these estimates. The dashed line crossing
the center of the plot indicates a neutral relationship, and any parameter outputs whose
confidence intervals cross this line are deemed insignificant. A positive parameter output
indicates a positive relationship between the two biological variables while a negative parameter
output indicates a negative relationship between the two biological variables. Figure 11A depicts



the parameter outputs upon the comparison of the biological parameters with the environmental
covariate sea surface temperature. Figure 11B depicts the parameter outputs upon the comparison
of the biological parameters with the environmental covariate photosynthetically active radiation.
Figure 11C depicts the parameter outputs upon the comparison of the biological parameters with
the environmental covariate chlorophyll.

Table 8. Depicted below are the parameter outputs generated upon the testing of the biological
parameters (first column) against the given environmental co-variates: sea surface temperature
(second column), photosynthetically active radiation (third column), and chlorophyll (fourth
column). Non-significant findings are depicted with NSF while positive parameter outputs
indicate a positive relationship and negative parameter outputs indicate a negative relationship.

Sea Surface Photosynthetically Chlorophyll
Temperature (°C) Active Radiation (mg/m*3)
(umol m*-2 s*-1)
PSL Condition NSF -0.75114 NSF
Factor
PSL Abundance +0.83436 -0.99459 +0.25157
Alcids NSF -0.49881 +0.36691
Cormorants -0.58005 NSF NSF
Gulls NSF -0.55619 +0.30674
Pinnipeds NSF NSF NSF

4. Discussion

Within this study, a subset of the pelagic ecosystem was assessed to determine how
marine heatwaves have been influencing the system through time. Incorporating three different
trophic levels, sea surface temperature, photosynthetically active radiation, chlorophyll, pacific
sand lance condition and abundance, pinniped observed density, gull observed density, alcid
observed density, and cormorant observed density were used to capture influence on interactions
within and between abiotic and biotic groups. The first three components (sea surface
temperature, photosynthetically active radiation, chlorophyll) were used as environmental
covariates to provide both a biological and physical perspective as to how things within the
lowest parts of the food web and external factors were influencing higher trophic groups. The
other six groups were used as biological factors to understand how marine heatwaves were not
only directly impacting various trophic groups of different life history and feeding strategy, but
also interactions between the biological groups. For this to be successfully accomplished a full
review of the above groups was performed across the thirteen-year time series (2010-2022) that
were available for use. The outcome of this study has therefore provided a glance at both the
ecosystem status of the pelagic ecosystem within the San Juan Archipelago as well as an
understanding of how the marine heatwave signal propagates through marine systems.



4.a. Ecosystem Resiliency in Relation to Marine Heatwave

Upon the analysis of each component individually, a few conclusions were drawn across
the different groups that were tested. Firstly, when breaking down the environmental covariates
that were used, we saw that all three groups (SST, PAR, chlorophyll) showed a positive to
slightly positive trend through time, with SST indicating the only significant trend. In addition to
these general trends, we saw via the shifting baselines analysis that sea surface temperature had
remained significantly different than pre-heatwave temperatures after the heatwave had subsided.
PAR also seemed to not return to pre-heatwave levels, however the difference was not significant
enough to justify a complete baseline shift. Chlorophyll seemed to remain stable throughout the
time series, with a peak during the heatwave, which is likely indicative of the more optimal
conditions that heatwaves can bring for phytoplankton. In summary, this indicates that marine
heatwaves do have a direct impact on physical forcing factors of our ocean systems, as well as
basal trophic groups that can result in baseline shifts after the heatwave has passed (Olita et al.,
2007, Arteaga & Rousseaux 2023).

The phenomenon relating to SST is particularly interesting when placed in the context of
the biological parameters that were assessed. It appears that most all abundances (and condition
for pacific sand lance) of the biological parameters decreased drastically at the onset of the
heatwave, however a steady recovery was made by nearly all these biological components. To
break this down further starting with pacific sand lance, their condition initially plummeted after
the onset of the marine heatwave. Within the year however, the condition of pacific sand lance
was increasing to the point where at the end of the marine heatwave, condition levels had
returned to pre-heatwave levels. This indicates that there was a recovery of the condition
throughout the duration of the marine heatwave which has been maintained since. When
examining fish abundance, the cyclic behavior of the boom-and-bust cycles of abundance appear
to be maintained, while the boom cycles appear to correlate with the onset of heatwaves, as
shown in the results section. It is important to note that there was a small regional heatwave in
2019 (PSEMP Marine Waters Workgroup, 2020) which we also see is correlated with an increase
in the abundance of pacific sand lance, but for the purposes of this study, the focus of the
analysis related to the much larger 2014-2016 heatwave. When examining the marine mammal
and bird observed densities, we see similar trends with increased lag times in recovery periods as
those that were seen in pacific sand lance. Alcids had a one-year lag time where their observed
density fell after the onset of the heatwave, and the decline was maintained for two years post
marine heatwave. Their populations then began increasing again, with a slight decrease at a one-
year lag time to the 2019 heatwave, but after this, continued to increase. The most recent
datapoint within the dataset suggests a return to pre-heatwave observed density levels. For gulls,
a decrease in observed density was observed two years prior to the heatwave. Similar to pacific
sand lance, their densities began increasing through the heatwave, but then steadily declined after
the heatwave subsided. This continued until the 2019 heatwave, at which point their observed
abundance rapidly increased to levels similar to those pre-heatwave. Cormorants declined
slightly through the heatwave with a similar one-year lag time of decline after the onset of the
heatwave. Their observed abundance has since been increasing, with a slight decrease one-year
after the 2019 marine heatwave, with a rapid recovery that has put their observed density at
greater levels than pe-heatwave years. Pinnipeds present a very different pattern to other



biological components, in that their populations began declining in a non-heatwave year in 2010,
and since have continued to steadily decline. Given the extreme linear downwards trend, it is
thought that there may be external factors such as increased predation by transient killer whales
or dispersal from the area due to increased presence of transient killer whales (Shields et al.
2018).

Based on these assessments a trend of recovery can be seen in most biological groups.
This highlights a key finding that marine heatwaves cause short-term, pulse like effects where
strong intensity in physical change results in a rapid response by the ecosystem, however, the
ecosystem quickly restabilizes, despite these signals (Chandrapavan et al. 2019, Fisher et al.
2020, Ducker et al. 2023). Additionally, given the steady recovery in most all groups despite
shifted baseline for sea surface temperature that we saw in this study, conclusions can be drawn
that not only is recovery possible, but a feature of adaptability is strongly apparent in our
ecosystem. This is very important to highlight given the increase in marine heatwave frequency
and intensity that we have been seeing (Oliver et al. 2018). Studying occurrences within our
systems as such allow us to better understand expected responses, thus enabling us to better
manage our systems and prepare for future impacts of marine heatwaves. In addition, these
pulse-like changes in our environment allow us to understand climate change impacts as a whole,
as they provide snapshots as to what responses to extreme climate phenomena are like (Holbrook
et al. 2020).

To expand on the specific responses seen within our systems, the MAR model allows us
to see that there are highly variable effects of increased sea surface temperatures, increased PAR
and increases in chlorophyll. When dissecting the responses within parameters tested across sea
surface temperature influence, pacific sand lance abundance and cormorant observed density was
found to be most significantly influenced. Pacific sand lance abundance was found to be
positively influenced, indicating that increased sea surface temperatures increased the abundance
of these fish. Although not significant, increased sea surface temperatures were also seen to
cause a negative response in pacific sand lance condition, which is a common phenomenon that
has been previously studied in other systems (Thompson et al. 2019). This tradeoff between
abundance and condition may indicate either an obtaining of carrying capacity given the
increased abundance of fish or selection for fish that can maintain a lower condition factor (Boldt
et al. 2019; Lorenzen & Enberg 2002). In contrast to pacific sand lance abundance, sea surface
temperature was found to have a negative influence on cormorant observed abundance. This may
be due to increased competition for food or decreased condition of prey species such as pacific
sand lance (Arimitsu et al. 2021), however due to the many ecological steps between processes
affected by sea surface temperature and cormorants, this relationship may be falsely displayed in
our model. When examining the influence of PAR on the system, we can see that many more
components are influenced by this physical factor including all components within the system
that were tested excluding cormorants and pinnipeds. All influences were deemed to be negative
by the model, indicating that an increase in PAR negatively affects many components of the
system. The reasons for this are a bit unclear, given the several steps between sunlight and many
of the components tested in the system, however things such as increased competition when a
system reaches capacity may be possible explanations (Arimitsu et al. 2021). For chlorophyll,
three of the six components were found to be positively influenced by increasing chlorophyl



including pacific sand lance abundance, alcids, and gulls. This makes sense from an ecological
perspective, given that increased chlorophyll likely indicates increased productivity, and thus a
more productive system in general. In regards to increased instances of marine heatwaves, this
means that many variable outcomes could be possible. Given the mixture of negative and
positive influences of the various environmental components discussed above, it is likely we will
see responses as those outlined in this paper where groups will respond relatively quickly to the
onset of the marine heatwave but will rapidly recover as they adapt to the change and the system
rebalances itself. Ultimately, this again highlights that ecosystems have incredible resilience and
are ultimately able to restabilize themselves despite sudden pulse-like changes in their
environment.

It is also important to highlight the correlations apparent between components of the
system to understand the path of influence of change presented by the marine heatwave. As noted
above, there appear to be seven groups of components that are tightly coupled within the system
including SST & PAR, Fish Abundance & Alcids, Gulls & Alcids, SST & Gulls, PAR & Fish
Condition, PAR & Gulls, Year & Pinnipeds. This indicates that several of the biological groups
are tightly coupled with the physical components of the system, highlighting the coupled
responses we see between changes in physical components due to the heatwave and the
biological components. Given the correlation between these groups, it is possible that changes
within these systems could have more significant consequences for associated groups.

Overall, the importance of the outcomes of this study is the resiliency feature that is
highlighted within this ecosystem. This is again extremely important to understand as
phenomena such as marine heatwaves increase in frequency and intensity, and also for our
understanding of the threshold systems can reach without becoming permanently destabilized.
This also supports other studies which have seen similar episodes of resiliency within their
systems in response to pulse-like climate effects such as marine heatwaves (Chandrapavan et al.
2019, Fisher et al. 2020, Ducker et al. 2023). This concludes that our systems may be more
resilient than previously thought, which could have significant implications for future research in
this field.

4.b. Marine Heatwaves in the Context of Modeling Science

Given the resiliency displayed in systems to pulse-like effects such as marine heatwaves,
it is extremely important to incorporate this ecological response into our modeling of systems
when attempting to understand impacts on ecosystems by climate change as a whole. Firstly, it is
important to acknowledge that marine heatwaves manifest themselves very differently than
climate change in general. Marine heatwaves have apparent intense pulse-like inputs of change
to environmental components that are not sustained for extended periods of time. In contrast,
climate change is a much more gradual phenomenon that manifests itself as an accumulation of
change to our climate and systems over time (Frolicher & Laufkétter, 2018). We see within our
study that marine heatwaves can result in sudden, impermanent changes to a system where
recovery is still possible given the short duration of the pulse-like signal by the marine heatwave,
which contrasts the gradual change and influence climate change has on systems. The contrast
between these two signals therefore highlights the need to address these two phenomena
separately when assessing impacts of climate change on ecosystems.



Within the ecosystem science field, models are one tool to understand complex systems
by simplifying our natural systems into components that can be assessed on a smaller scale
(Robinson 2015). Thus, by the nature of modeling, it is easy to smooth over natural processes
that we assume to have similar consequences or outputs but are in fact very different (Grimm
1994). Although climate change and marine heatwaves are very much correlated, this study
highlights the need to differentiate between these two phenomena, given the different response
that ecosystems can have to these pulse-like inputs of marine heatwaves. Without differentiating
between the two, the resiliency component of an ecosystem can potentially be smoothed over,
which could result in the drawing of false, or biased conclusions on how our systems will
change. Additionally, incorporating marine heatwave signal responses by systems in our models
allows us to better capture and incorporate this resiliency component into the management of our
ecosystems that we would otherwise be missing. This study therefore provides evidence how
differential a system’s response can be in relation to short, pulse-like change, and why smoothing
over this can eliminate or reduce the resiliency potential we see/factor into our modeling and
management of our natural systems.

5. Conclusion

In summary, this study reviews the response of the pelagic ecosystem within the San Juan
Archipelago to an intense, two-year long heatwave that influenced the system between years
2014 and 2016. Highlighted within this work is the resiliency strongly apparent within the
biological components of our system, despite the change to the physical and bottom trophic
components induced by the marine heatwave. In addition to resiliency to change, an interesting
phenomenon of return to pre-heatwave abundance levels was featured in several of the biological
groups tested, where, despite shifting baselines of physical components of the system, the groups
were able to adapt to the changes in a pre-heatwave fashion. This compliment of resiliency and
adaptability by a system in response to marine heatwaves drives the conclusion that marine
heatwaves must be assessed separately from climate change to understand what short-term
changes to the system can cause, as well as to inform us on how systems may respond in the
future when conditions as such become more permanent.
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