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ABSTRACT

Energy-based biodiversity hypotheses suggest that lower annual variation,
higher cumulative, and higher minimum energy flux into an ecosystem should each
support higher biodiversity. Satellite derived energy indices support these general
hypotheses for terrestrial taxa. However, these hypotheses have not been broadly
tested in marine systems. Here, we calculate five different marine versions of these
energy indices with satellite data. These are photosynthetically available radiation, sea
surface temperature, chlorophyll-a, primary production, and benthic flux of particulate
organic carbon. We paired these five different marine proxies for energy indices to
global fish species richness data in order to be the first study to test the three energy
biodiversity hypotheses in the marine environment. Results indicated that for marine
fishes, energy indices based on photosynthetically active radiation, sea surface
temperature, primary production, and benthic flux of particulate organic carbon are
broadly consistent with the three energy hypotheses. Our findings show that these
biodiversity theories may be applicable in marine systems and indicate that
fundamental underlying drivers of biodiversity on Earth are not limited by the marked

differences between terrestrial and marine environments.
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Chapter 1

INTRODUCTION

Global biodiversity conservation is a major concern among scientists,
governments, and nongovernmental and intergovernmental organizations such as the
United Nations, the Intergovernmental Platform on Biodiversity and Ecosystem
Services (IPBES), the Ocean Health Index, and the International Union for
Conservation of Nature (IUCN)). The United Nations Convention on Biodiversity
released a framework document in January 2020 that calls for urgent changes and sets
ambitious goals to “live in harmony with nature” by 2050, and includes the target for
“Genetic diversity [to be] maintained or enhanced on average by 2030, and for 90% of
species by 2050” (Convention on Biological Diversity 2020). Biodiversity is
considered a critical resource for several reasons. Maintenance of biodiversity is
associated with ecosystem stability (Pasari et al. 2013; McCann 2000) which can be
explained as the “portfolio effect”: the more diversified assets are, the more resilient
the entire system will be. Biodiversity loss has been found to degrade ecosystem
services; for example, fisheries are more likely to collapse, water quality decreases,
and ecosystems are less likely to recover from perturbations (Worm et al. 2006).

It is well documented that human actions are rapidly changing Earth’s climate,
ecosystems, and species distributions (Kareiva et al. 2007; O. E. Sala and Jackson
2006; Brook, Sodhi, and Bradshaw 2008). Approximately 50% of the world’s forests
have been removed, and converted into grazing or cropland (Millennium Ecosystem

Assessment 2005). Some researchers have expressed recent loss of species as the 6



mass extinction, as 322 species of terrestrial vertebrates have become extinct and 67%
of monitored invertebrate populations showed decline in the last 500 years (Dirzo et
al. 2014). More than 16,000 species of animals and plants are currently considered
“threatened” by the International Union for Conservation of Nature (IUCN 2020). In
the ocean, approximately one-third of fisheries stocks are overfished, 75% of coral
reefs are threatened, and some of the richest regions of biodiversity are located in
areas most affected by climate change (Kubiak 2019; Lauretta Burke et al. 2011;
Ramirez et al. 2017). Additionally many economically important species have shifted
their ranges both latitudinally and vertically in recent years in response to temperature
changes. (Nye et al. 2009; US EPA 2016; Poloczanska et al. 2013; Oremus et al.
2020).

Because of the anthropogenic threats to marine biodiversity, it is important
discover, monitor, and predict it. Marine biodiversity studies are challenging, due to
the remoteness and inaccessibility of sample sites, the immense area, volume, and
fluid nature of the oceans, and the movements of marine organisms. One- to two-thirds
of the predicted 1 million total marine species have yet to be identified (Appeltans et
al. 2012). Despite these issues, researchers have made progress in documenting marine
diversity. For example, the Census of Marine Life was a 10-year (2000-2010)
international ocean sampling effort which generated of over 45 million observations of
marine species that are compiled into the Ocean Biogeographic Information System
(OBIS), an open-access repository (Census of Marine Life 2010). The Census of
Marine Life identified over 1200 new marine species (Penman, Pearce, and Morton
2011; O’Dor, Miloslavich, and Yarincik 2010; Ellis et al. 2011; Priede et al. 2013).

This important work inspired the creation of the US Marine Biodiversity Observation



Network (MBON), co-sponsored by the US Integrated Ocean Observing System,
NOAA, NASA, Office of Naval Research, and the Bureau of Ocean Energy
Management. MBON is a collaborative network of scientists and resource managers
that works to integrate existing data and novel studies to increase understanding of
global biodiversity and ecosystem functions. They have made a variety of data

available via an online portal (https://mbon.ioos.us/), which allows for comparisons

between real-time and historical data, and across disciplines (physical, chemical,
biological).

Comprehensive efforts to collect and standardize global biodiversity data
facilitate the ability of researchers to develop models that predict biodiversity. For
example, spatial regression analysis on the distribution of 13 marine taxonomic groups
found that satellite-measured sea surface temperature was a significant predictor of the
spatial richness distribution all groups, while yearly primary productivity (VGPM)
was a significant predictor of a few taxa (non-oceanic sharks, pinnipeds, cetaceans,
and euphausiids) (Tittensor et al. 2010). Additionally, machine learning has been used
to create predictive models of terrestrial and ocean diversity based on several
environmental factors as drivers, such as satellite-measured temperature, primary
production (proxied by chlorophyll-a), sunlight, and topography/bathymetry (Gagné et
al. 2020). This approach indicated that bathymetry (depth) is the strongest predictor of
marine biodiversity, followed by water temperature and sunlight.

While various studies provide interesting insight on the statistical linkages
between marine biodiversity and environment, they do not directly test existing
biodiversity theories in the global marine environment, which is the focus of this

manuscript. Here, we test three energy-related hypotheses that link energy to the



maintenance of biodiversity, and collectively refer to them in this study as the energy
biodiversity hypotheses:

1) Available Energy Hypothesis

2) Environmental Stress Hypothesis

3) Environmental Stability Hypothesis

The Available Energy Hypotheses proposes that greater annual cumulative
energy availability facilitates species richness, and it is supported by both in situ and
in vivo studies. For example, the annual net primary productivity on islands around the
world is positively related to resident bird diversity, predicting 70-80% of island bird
richness (Wright 1983). In the lab setting, increasing food resources in Drosophila
microcosm experiments yield both higher abundance of individuals and species
richness in these flies (Hurlbert 2006). Secondly, the Environmental Stress Hypothesis
proposes that higher minimum available energy facilitates higher species richness, by
meeting the minimum physiological tolerance requirements of various species,
allowing more species to persist. There is evidence that climactic tolerance can limit
species distributions (Currie et al. 2004). For example, winter boundaries of North
American bird species correspond to their metabolic needs. The Northern Boundary
Metabolic Rate is 2 to 2.6x the Basal Metabolic Rate, indicating a physiological limit
that determines a spatial range boundary for these species (Root 1988). In French lake
fishes, increased mean annual air temperature facilitates species richness by allowing
populations of species with specialized niches to persist (Mason et al. 2008). Lastly
the Environmental Stability Hypothesis proposes that lower intra-annual variability of
available energy facilitates richness. For example, strong seasonal changes can create

resource bottlenecks. In Australia, annual dry seasons decrease food availability



(insects, nectar, and fruit) for bird species, and therefore decrease bird abundance and
richness (S. E. Williams and Middleton 2008).

Terrestrial biodiversity researchers have investigated these three hypotheses to
examine the effects of energy availability on terrestrial biodiversity, called the
Dynamic Habitat Indices (Hobi et al. 2017; Radeloff et al. 2019). The DHIs were
calculated (annual variation, cumulative, and minimum) for global terrestrial
ecosystems with five different remote sensing proxies for energy. These include the
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI),
Fraction of Photosynthetically Active Radiation absorbed by vegetation (fPAR), Leaf
Area Index (LAI), and Gross Primary Productivity (GPP). These products were chosen
because vegetation productivity is a proxy for food resource availability to animals,
and productivity measures are known predictors of species richness (Mittelbach et al.
2001). NDVI and EVI are measurements of green land cover, or the
photosynthetically active biomass in a given area (Tucker 1979). LAI is defined as the
ratio of one-sided leaf area per unit of ground area, and fPAR 1is a related parameter as
it is the fraction of Photosynthetically Active Radiation absorbed by that leaf area
(Myneni, Nemani, and Running 1997). Finally, GPP is a calculation of actual
production from photosynthesis, in milligrams of Carbon. Terrestrial GPP values are
calculated by NASA using MODIS-Aqua and Terra data (RUNNING et al. 2004).

These terrestrial energy indices were compared to species richness maps for
North American breeding bird species and to global ranges of amphibians, mammals,
and resident birds species (Hobi et al. 2017; Radeloff et al. 2019). In the North
America study, the relationship of richness of breeding birds in 6 functional guilds

from the North American Breeding Bird Survey was compared to DHIs in 85



ecoregions. Univariate and multiple regression models showed that different
functional guilds were better predicted by different energy proxies. GPP had the
strongest relationship with the most guilds, but Leaf Area Index was most strongly
associated with woodland bird species and grassland species were most strongly
associated with fPAR. In the 2019 study, the energy proxies were calculated globally
and compared to species range maps of amphibians, mammals, and birds. Through
univariate and multiple regression models, the DHIs based on GPP correlate well with
global species richness, predicting half to two-thirds of the distributions, depending on
taxa. These studies showed agreement with the three hypothesized fundamental
relationships of energy to diversity (negative relationship of variation to diversity, and
positive relationships of cumulative and minimum energy to diversity). These results
indicate support of the energy biodiversity hypotheses to elucidate the underlying
mechanisms driving diversity on land. Theories linking energy and biodiversity are
not inherently limited to terrestrial ecosystems, but these three hypotheses have not yet
been tested in the global marine environment. Testing these hypotheses in the marine
systems may indicate whether or not there are universal biodiversity drivers on Earth.
Terrestrial and marine ecology are sometimes considered to be incomparable,
as these ecosystems have several important differences. The most basic difference is
the density of the fluid medium. The greater density of water allows organisms in the
oceans to be supported mid-water, which means they do not necessarily need to be
associated with a hard substrate. This allows for the development of rich open water
pelagic habitats and ecosystems. In contrast, most terrestrial taxa are highly associated
with hard substrate. Due to the lower density of air, only some terrestrial species fly,

and all of them eventually return to a hard substrate as part of their life history.



Another major difference in marine and terrestrial systems is the availability of water.
Water is not limiting in marine systems like it is in terrestrial systems, where
distribution of water is associated with biodiversity patterns of many plants and
animals (Hawkins et al. 2003). The ocean ecosystem is considered to be much more
“open”, as currents facilitate transport of materials such as nutrients, plankton, and
larvae to relatively great distances compared to the terrestrial environment
(Strathmann 1990; Denny 1993). Many marine taxa have larval offspring, which are
subject to being driven spatially by physical water flows because of their small size
and therefore low Reynolds number. Larvae dispersal of invertebrates and fish to great
distances (on the order of 100 km) can lead to decoupling of offspring from adult
habitats, in contrast to the limited dispersal of most terrestrial vertebrate animals
(Shanks, Grantham, and Carr 2002; Waser and Jones 1983). The higher
interconnectedness of ocean environments and greater distance of dispersal leads to
lower endemism as compared to land. The smallest endemic areas in the ocean are on
the order of 10s of km?, while on land endemic areas can be a few 100 m? (Boeuf
2011).

The temporal scales of physical and biological processes in terrestrial and
marine systems are also vastly different (Steele 1991). In terrestrial systems, the
primary producers are generally much longer lived (months-centuries) than in the
marine systems (weeks-months), but the rate of change of change for physical
atmospheric features is faster than that in the ocean (ex. weather fronts vs eddies)
(Steele 1978; 1991). The effects of climate change also differ between the two
environments, as the median rate of warming from 1960 to 2009 was three times faster

on land than in the oceans (Burrows et al. 2011), but climate-driven leading edge



expansion of marine species ranges have been ~10x faster than terrestrial shifts
(average of 72 km/decade for marine organisms) (Poloczanska et al. 2013).

Despite their differences, there are also important similarities between
terrestrial and marine ecology. At the level of macroecology, there is a general
decrease in diversity with increased latitude in both environments (Latitudinal
Richness Gradient), indicating some base level of similar underlying functionality
(Hillebrand 2004). In terrestrial and marine ecology, there are analogous community
structures, like coral reefs and tropical rainforests where the rarity and dispersion of
conspecifics is driven by predation by specialized natural enemies (Connell 1971).
There are also analogies between taxa and functional groups of species. Out of the 31
currently identified animal phyla, 19 occur both in terrestrial and marine environments
(Boeuf 2011), such as mollusks, arthropods, annelids, etc. Similar functional groups
occur in both environments, including primary producers, consumers, and top
predators. Some behavioral interactions are markedly similar, such as Dugong
avoidance to predator Tiger sharks which is strikingly similar to Elk and Wolves
(Wirsing and Ripple 2011).

While the marine environment is more subject to material and larval transport,
it is not homogeneous. Just as the terrestrial environment has a variety of ecoregions
with differing properties, the ocean also has bottom-associated ecoregions (reef, kelp
forest, etc.) and open ocean ecoregions, also called biogeochemical/biogeographic
provinces or seascapes (Oliver and Irwin 2008; Reygondeau et al. 2013; Kavanaugh et
al. 2014). These regions can be classified using remote-sensed data, which highlights
their dynamic boundaries. Marine community structures can follow seascape

delineations, with some organisms such as sturgeon preferentially inhabiting their



seascape of choice (Gémez-Pereira et al. 2010; Breece et al. 2016; Montes et al.
2020). Furthermore, geographical speciation is common in the oceans as well as in
terrestrial systems (Mayr 1954; Palumbi 1994; Dawson and Hamner 2003; Meyer,
Geller, and Paulay 2005).

These factors indicate that marine organism distributions are influenced by
regional environmental patterns, just as terrestrial ones are. However, while the
fundamental environmental drivers of terrestrial diversity are water and energy (Currie
1991; Allen, Brown, and Gillooly 2002), water is a non-limiting resource in the
marine environments, suggesting that energy may be especially important for marine
biodiversity patterns. This reasoning leads us to hypothesize that energy biodiversity
hypotheses may be broadly applicable in the marine environment. Indeed, there is
evidence that energy in the form of temperature or primary production drives diversity
patterns in the marine environment (Roy et al. 1998; Kerr and Packer 1999; Tittensor
et al. 2010; Gagné et al. 2020). However the three biodiversity energy hypotheses

have not been tested in the oceans, which is what we undertake within this study.



Chapter 2

METHODS

Fish richness

While biodiversity metrics can be calculated in a variety of ways, we decided
to use species richness as the biodiversity metric for this study, which is defined by the
sum of species within a given area. Global marine fish species richness was calculated
from a database of fish species occurrence data with 55 km resolution, provided by
collaborator / committee member Dr. Gabriel Reygondeau. To construct the database,
he undertook several collection and cleaning steps. The name of each species was
checked in the World Register of Marine Species (WoRMS) to identify any species
synonyms. The occurrence and metadata for each species was amassed from in situ
sampling efforts (Ocean Biogeographic Information System, the Global Biodiversity
Information Facility, FishBase, International Union for the Conservation of Nature).
The metadata included habitat designations (pelagic, demersal, etc) and the depth
range of the species’ occurrence. These steps resulted in occurrence maps for over
18,000 fish species, however some species occurrence was based solely on point
observations, while other species have had their ranges defined by experts. In situ
observed diversity is highly subject to sampling biases depending on the type of
sampling gear and sampling effort. So, we decided to retain only the expert-defined
range maps (4000 spp) for this study, which therefore represents the potential fish
biodiversity per pixel.

To obtain the richness metric for this study, we summed the expert-defined fish
ranges per pixel, for both the full species list (“all-fish”) and habitat subsets. The

subsets were based on metadata for each species where it was available. Our “pelagic
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group” (500 spp) included the metadata categories of Pelagic, Bathypelagic, Pelagic-
Oceanic, and Pelagic-Neritic. Our “demersal group” (1642 spp) included the Demersal
and Bathydemersal categories, and should be representative of fish that do not directly
interact with surface energy signals. Our “reef fish group” included only reef fish
shallower than 50 m (1274 spp) so it is representative of reef fish which likely do
interact with surface energy signals. Because we excluded deep reef fish, we did not

use the reef fish data in the offshore region tests described later.

Satellite data
We calculated five different available energy proxies using data from NASA

MODIS Aqua 9 km resolution, 8-day composite products

(https://oceandata.sci.gsfc.nasa.gov/directaccess/MODIS-Aqua/Mapped/8-Day/9km/).
Photosynthetically available radiation, sea surface temperature, chlorophyll-a, primary
production via the Vertically Generalized Production Model (Behrenfeld and
Falkowski 1997), and benthic particulate organic carbon flux were the proxies chosen
as representations of available energy. These proxies can be sorted into two major
groups, which are radiative/thermal energy (PAR and SST), and metabolic energy,
which is stored within biological tissues (chlorophyll-a, primary production, and
POC).

PAR is defined as the spectrum of visible light from 400-700 nm, which are
the wavelengths that provide energy to the process of photosynthesis (McCree 1971;
1972). The MODIS Aqua PAR product utilizes Top-of-Atmosphere radiances in the
400-700 nm range and an algorithm originally designed for the SeaWiFS satellite

(Frouin, Franz, and Wang, n.d.) (https://oceancolor.gsfc.nasa.gov/atbd/par/ ). PAR is

11



reported as a rate flux per day (E m™ d!), but each of the files represents an 8-day
composite of data.

Temperature is generally not a direct energy source for organisms (Huston et
al. 2003). However, it is positively related to respiration and primary production (Tait
and Schiel 2013; Davison 1991; Clarke and Johnston 1996). Studies suggest that
temperature is a driver of global diversity distributions (Latitudinal Diversity
Gradient) (Currie 1991; J. R. G. Turner 2004; Gillman and Wright 2014), potentially
due to physiological thermal tolerances of organisms (Currie et al. 2004). Remote
sensed sea surface temperature is the thermal surface skin temperature of the ocean,
less than 1mm of water thickness (Donlon et al. 2007; Wong and Minnett 2018)

(https://oceancolor.gsfc.nasa.gov/atbd/sst/ ), but it is considered to be representative of

the upper mixed layer of the ocean.

Chlorophyll-a concentration indicates the presence of primary producers and is
commonly used to estimate the standing stock of algal biomass (Berkman and Canova
2007). Ocean chlorophyll can be calculated from an empirical relationship derived
from in situ measurements of chlorophyll and blue and green remote sensing
reflectances. The MODIS-Aqua chl-a product combines the OCX algorithm and Hu’s
color index (O’Reilly et al. 1998; Hu, Lee, and Franz 2012)

(https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/).

Measurements of chlorophyll are a proxy for biomass, not necessarily primary
production (carbon fixation rates), so ocean primary production was calculated using
the Vertically Generalized Production Model (Behrenfeld and Falkowski 1997), which
has an output of mg C m? d! and includes production vertically to the euphotic depth.

The Aqua products used for this calculation were SST, PAR, Chl-a, and euphotic

12



depth (Lee et al. 2007), along with hours of daylight calculated by the R package
“photobiology” (Aphalo 2015).

Particulate organic carbon (POC) is defined as suspended and sinking particles
greater than or equal to 0.2pum, and is comprised of both allochthonous and
autochthonous materials including live bacteria and detritus such as fecal pellets, dead
cells, and shells (Kharbush et al. 2020). Sinking POC is the main export flux of
surface primary productivity to the deep ocean, a mechanism known as the “biological
pump”, which exports an estimated 4-12 Pg of Carbon per year to the deep ocean
(Eppley and Peterson 1979; Laws et al. 2000; DeVries and Weber 2017). These
particles are either sequestered in benthic sediments or become an important food
source for pelagic or benthic heterotrophs (J. T. Turner 2015; Longhurst and Glen
Harrison 1989). Here, benthic POC was calculated with surface calculations of POC

(https://oceancolor.gsfc.nasa.gov/atbd/poc/ ) and the Martin Curve (Martin et al.

1987). The Martin Curve is an empirically derived power law equation with b
parameter values specific to ocean basins:

Flux at depth Z = (POC flux at 100 m) * (Z/100)%2

We made the assumption that the satellite-measured surface value of POC was
equal to the 100 m flux. To calculate the global benthic flux of depths greater than 100
m, we used a global average of the b parameter of -0.82 (William M. Berelson 2001),
and bathymetry values from the Global Multi-Resolution Topography Data Synthesis

(https://www.gmrt.org/) as the Z parameter.

Because the fish richness dataset represents the average fish biodiversity
conditions in the oceans over the full record of available data over time, the energy

proxies needed to be transformed to average conditions as well. Average yearly energy
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curves were created for each of the energy proxies by averaging the corresponding 8-
day composite files over the available data (2003-2019). Importantly, as a year is not
equally divisible by 8 days, the 46 time period is a 4- or 5- day composite and was
excluded from each climatological year when the energy indices were computed. For
each average energy curve, the coefficient of variation, cumulative, and minimum
values were calculated. Because these data are satellite derived, they are intrinsically
limited by seasonal availability of incident sunlight. Because of this, our analysis is
limited between -50 and 50 degrees latitude to avoid areas in the polar regions which
are often missing data.

Additionally, we considered the difference between coastal and open ocean
spatial complexity. Coastal regions generally have higher environmental variability,
while the open ocean has larger areas of similar environmental factors. For example,
in coastal regions such as the Sea of Japan, surface ocean temperature and salinity
correlation scales range from approximately 200-450km, and in Buzzards Bay,
Massachusetts the chlorophyll scale is around 100 km and temperature scale is 250-
340 km (Chu, Guihua, and Chen 2002; Jossart et al. 2020). In contrast, the scale of
thermal signals in the tropical Pacific are up to 1500 km (Sprintall and Meyers 1991;
White and Bernstein 1979; Molinari and Festa 2000), and sea surface salinity has
homogeneous scales of more than 2000 km in the tropics (Tzortzi et al. 2016).
Therefore, we defined a “shallow” and “offshore” spatial region and analyzed them
separately. The shallow region is defined as the coastal regions with bathymetry <200
m, while the offshore region is defined as ocean >500 km from the coast. We retained

the 55 km grid size for the shallow region and rescaled the offshore region to a coarser
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grid cell size of 550 km so that the grid cells in each region represent a rough average

of 2 to 4 observations per homogeneous spatial unit of ocean.

Data matching and statistical analysis

The fish richness and energy data maps were not initially generated on the
same raster scale. In order to pair pixels of richness and energy data together spatially,
the energy index datasets were interpolated (exponentially weighted average) to match
the 55 km and 550 km grids. Once the energy index and fish data were matched to the
same pixel scale, the raster data could be matched spatially 1:1 and plotted in x-y scale
(2D density plots). Data were log10 transformed (fish richness in all cases, and most
of the energy data, see figures) to meet normality assumptions for statistical analysis
(model II regressions — Ranged Major Axis method, npermutations = 99 ) (Legendre
2018). Model II regression was chosen as it minimizes the residuals in both the x and
y direction, which is appropriate when there is uncertainty in both variables. This
study uses measured environmental data as the x variable, not a controlled
experimental condition, so Model II regression is appropriate. In the Ranged Major
Axis method, the variables are standardized by their ranges, and then the sum square
of lines perpendicular to the regression line are minimized. This method is appropriate
for conditions where the scale and/or units of the variables differ, as is the case with
the data in this study. The regressions were considered significant when p < 0.01.
Additionally, Pearson correlation matrices were generated between all the energy

proxies in the shallow and offshore region datasets.
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Chapter 3

RESULTS

Fish richness
When all of the fish ranges were summed to create the richness metric, global
patterns in biodiversity can be observed (figure 1). In the shallow region (figure 1a),
the latitudinal richness gradient can be seen, as highest richness is observed in
equatorial regions, and decreases toward the poles. The offshore region (1b)
highlights the pattern where highest richness is also generally found near to shore and

decreases with increased distance from coast.
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Figure 1 All-fish richness in the shallow (a) and offshore subsets (b). Black dotted
lines indicate -50 to 50 degrees latitude, the extent of the dataset that was
used in regression analysis. The global latitudinal richness gradient can
be seen clearly in the shallow region, with higher species richness in low
latitudes. Additionally highest richness is found in the coastal regions,
with decreased richness offshore.

Satellite data

For visualization purposes, the energy indices were plotted in Red-Green-Blue
color scale, to visualize the spatial patterns of the energy indices. Variation in energy
is plotted in red, cumulative in green, and minimum in blue. Figures 2 and 3 show
PAR and benthic POC energy indices (see supplemental figures for the remainder of
the energy figures). PAR is dominated by a latitudinal signal, where cumulative and
minimum values are highest in low latitudes, and variation is highest in high latitudes.
However other features like the intertropical convergent zones that are prone to
persistent cloud cover display lower levels of cumulative and minimum PAR values.
In contrast, the benthic POC map does not have an apparent latitudinal gradient, but
rather a depth-driven pattern. Higher cumulative and minimum values occur in
shallower areas, such as continental shelves and mid-ocean ridges. Highest variation in
benthic POC is seen near river outflows, such as the Amazon River in South America

and Congo in western Africa.
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Figure 2

Energy indices calculated from Photosynthetically Available Radiation
(E m?). Annual variation in PAR (a) is highest in temperate and polar
regions. Annual cumulative (b) and annual minimum (c) in PAR is
highest in tropical and subtropical regions (b), although regions of high
cloud cover are evident in equatorial regions. Combining these indices
into a RGB representation shows where each of the different indices
dominate the signal (d). White dotted lines indicate -50 to 50 degrees
latitude, the extent of the dataset that was used in regression analysis.
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Figure 3 Energy indices calculated from benthic POC (mg m). Annual variation
in benthic POC (a) is highest is seen near large river outflows (ex.
Amazon and Congo) and monsoonal regions in the Indian Ocean. Annual
cumulative (b) and annual minimum (c) in benthic POC both have their
highest values in coastal regions. Combining these indices into a RGB
representation show where each of the different indices dominate the
signal (d). White dotted lines indicate -50 to 50 degrees latitude, the
extent of the dataset that was used in regression analysis.

Correlation matrices were generated for all of the aspects of the energy proxies
in the shallow and offshore region datasets (Figures 4 and 5). As mentioned
previously, there are two groups of energy variables that are associated with each
other (radiative/thermal and metabolic energy), and the energy proxies were found to

generally correlated to each other within these groups. The first group are the PAR and
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SST indices, which are mechanistically related through the radiative transfer theory.
The second group are the Chlorophyll, VGPM, and benthic POC indices which are
related through the production and export of organic matter. In the shallow region
(Figure 4), PAR and SST are positively correlated in all three categories. Chlorophyll,
VGPM, and benthic POC are also positively correlated to each other. Variation in
VGPM is somewhat correlated to variation in PAR and SST, as both are inputs into
the VGPM algorithm, but otherwise the two groups of energy proxies are not strongly
correlated, indicating that they may be good independent energy proxies.
In the offshore region (Figure 5), PAR and SST are strongly correlated in the

cumulative and minimum groups but not in variation. VGPM is positively correlated

to variation in PAR and cumulative Chlorophyll (> 0.7), but all other correlations are

relatively weak.
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Figure 4 Correlation matrix (Pearson) of energy proxies in the shallow region
dataset. PAR and SST are strongly positively correlated to each other, but
not to the other proxies. Chlorophyll, VGPM, and Benthic POC are often
positively correlated to each other. PAR and SST have slight negative
correlation values to Chl, VGPM, and Benthic POC in the cumulative

and minimum categories, and slight positive correlation in the variation
category.
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Figure 5 Correlation matrix (Pearson) of energy proxies in the offshore region
dataset. The most highly correlated variables are PAR and SST in the
cumulative and minimum categories. VGPM is positively correlated with
variation in PAR and cumulative Chlorophyll. All other correlations are
relatively weak.

Data matching and statistical analysis

Pixels of fish richness data and energy index data were paired with Ranged
Major Axis regression lines overlaid, to visualize the relationship between the
variables. Figure 6 shows a set of examples using the PAR energy indices and the
shallow region fish richness (all-fish). In each of these cases, the regression was
significant (p-value < 0.01). They showed a negative relationship of variation in
energy to fish richness, and positive relationships of cumulative and minimum energy
to fish richness, which are all in agreement with initial energy biodiversity hypotheses.
This analysis was undertaken for each pair of energy index and fish richness subsets

(see supplemental figures).
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Figure 6 2D density plots of PAR energy vs all-fish richness (Shallow region). All
data were limited -50 to 50 degrees latitude. Ranged Major Axis
regression lines shown in gray, all p-values < 0.01.

Table 1 summarizes the results of all the combinations carried out with the
shallow region subsets (reorganized to highlight fish groups in supplemental figures,
table 3). PAR and SST both showed general agreement with the three biodiversity
hypotheses for nearly all of the fish groups. Only the results for demersal fish versus
variation in SST energy disagreed with the hypotheses. Chlorophyll and Benthic POC
followed similar patterns to each other, where the cumulative and minimum results
only followed the hypothesized results in the Demersal group. VGPM often agreed
with hypothesized results in the variation and minimum energy categories. Reef fish
results showed opposite patterns to the demersal fish, even though they are both
bottom-associated organisms. In Chlorophyll, VGPM, and benthic POC, only the
variation category followed hypothesized results, and cumulative and minimum
energy showed significant negative regressions. Contrastingly, all three energy
biodiversity hypotheses were followed for reef fish in the PAR and SST energy

proxies.
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Table 1 Summary of results from shallow region analysis (significance of model
II regressions, Ranged Major Axis method). Green checkmarks indicate
significant RMA regressions in agreement with the energy biodiversity
hypotheses: negative slopes for variation, and positive slopes for
cumulative and minimum. Red x’s indicate regressions that significantly
disagreed with the hypotheses, and non-significant tests are marked as
NS. PAR and SST most often support the hypotheses. Chlorophyll and
benthic POC are less often correlated with richness, but notably seem to
affect the deep fishes (Demersal group).

Var Cum Min Var Cum Min
All-fish v v All-fish v v
PAR Pelagic v v v SST Pelagic v v v
Demersal = Vv v v Demersal - v v
Reef v v v Reef v v v
Var Cum Min Var Cum Min
All-fish All-fish
ch  Pelagic Benthic POC L ¢128iC
Demersal Demersal
Reef Reef
Var
All-fish
VGPM Pelagic v
Demersal NS
Reef v

Figure 7 shows an example of 2D plot results in the offshore dataset (PAR
energy vs. all-fish species). Once again, this example shows significant results
supporting all three of the energy biodiversity hypotheses. The summary of all of the
offshore tests is seen in table 2 (reorganized to highlight fish groups in supplemental
figures, table 4). Note that these offshore tests exclude reef fish, as our reef group did
not include the deep reef fishes that would be found in the offshore region. Similarly

to the shallow results, PAR and SST tests agreed with the biodiversity energy
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hypotheses in most cases, except with demersal fish. VGPM followed the hypotheses
in many cases with both surface and deep fishes. Chlorophyll and benthic POC only
agreed with the hypotheses in the demersal group, with cumulative and minimum

energy indices.
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Figure 7 2D density plots of PAR energy vs all-fish richness (Offshore region).
All data were limited -50 to 50 degrees latitude. Ranged Major Axis
regression lines shown in gray, all p-values < 0.01.
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Table 2 Summary of results from offshore region analysis (based on significance
of model II regressions, Ranged Major Axis method). Green checkmarks
indicate significant RMA regressions in agreement with the energy
biodiversity hypotheses: negative slopes for variation, and positive slopes
for cumulative and minimum. Red x’s indicate regressions that
significantly disagreed with the hypotheses, and non-significant tests are
marked as NS. PAR and SST show significance in agreement with the
energy hypotheses in most cases. The surface signals of PAR and SST do
not seem to affect demersal fish diversity where VGPM, Chl, and benthic
POC do affect diversity of demersal fish.

Var Cum Min Var Cum Min
All-fish v v v All-fish v v
PAR  Pelagic |V v v SST Pelagic v v v
Demersal NS NS NS Demersal NS NS NS
Var Cum Min Var Cum Min
All-fish NS All-fish NS NS

Chl  Pelagic
Demersal

NS Benthic POC Pelagic

NS
v
Var Cum Min

All-fish NS

VGPM  Pelagic v NS

Demersal - N4

«

Demersal

SNEN

«
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Chapter 4

DISCUSSION

Global biodiversity patterns are often described in terms of the latitudinal
diversity gradient, which was first recognized in the early 1800s (Roy et al. 1998;
Allen, Brown, and Gillooly 2002; Hillebrand 2004; Mannion 2020). In both terrestrial
and marine ecosystems, species richness generally decreases with increased distance
from the equator. Several explanations have been proposed for the underlying
mechanisms driving the latitudinal diversity gradient. One explanation for higher
diversity near the Equator has to do with the physical shape of the Earth and the
species-area relationship. In general, larger areas of similar composition tend to
contain higher species richness, (Preston 1962). Low latitudes on either side of the
Equator represent a large contiguous environment, contrasted to higher latitude
environments in the northern and southern hemispheres that have a smaller area due to
the spherical shape of the Earth, leading to increased diversity in the tropics
(Rosenzweig 1992; 1995). However, the general latitudinal pattern of species diversity
is often disrupted by other environmental features, such as continental margins,
topography / bathymetry, and aridity, indicating that environmental conditions and
resource availability also play a large role in driving global diversity patterns.

Studies show that diversity of higher trophic level species in both terrestrial
and marine environments can be correlated to aspects of available energy, which often
have a latitudinal gradient (Mittelbach et al. 2001; Hawkins et al. 2003; Schipper et al.
2008; Rombouts et al. 2009; Radeloff et al. 2019; Saupe et al. 2019). Available energy
can take several different forms and affect trophic groups differently. For example,

radiation energy from the sun is used directly by photosynthetic organisms (PAR).
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Hypothetically, higher PAR energy should be associated with increased diversity of
photosynthetic primary producers. However, higher levels of PAR are not directly
associated with higher diversity of terrestrial primary producers. Instead, variations in
terrestrial plant diversity are associated with a combination of the factors of water
availability and temperature (Currie 1991; O’Brien 1998; Francis and Currie 2003).

In addition to radiation energy, thermal energy (temperature and
evapotranspiration), is often used as a proxy for available energy in biodiversity
studies (Terent’ev 1963; Kerr and Packer 1999; Kerr and Currie 1999; Badgley and
Fox 2000; Allen, Brown, and Gillooly 2002). These studies show that temperature is
generally positively correlated with higher speciation. For example, higher thermal
energy measurements of mean summer air temperature, annual potential
evapotranspiration, and mean annual sea surface temperatures are associated with
greater species richness in British breeding birds, North American Epicauta beetles,
and eastern Pacific marine gastropods (respectively) (Lennon, Greenwood, and Turner
2000; Kerr and Packer 1999; Roy et al. 1998). Additionally, both radiation and
thermal energy are significant drivers in global models of terrestrial and marine
richness. For example, SST was the only significant driver of diversity across 13
marine taxa ranging from corals, zooplankton, fish, and mammals (Tittensor et al.
2010) and temperature and sunlight were in the top three important statistical
predictors in both global terrestrial and marine biodiversity models (Gagné et al.
2020).

Here, we use fish richness to test whether the energy biodiversity hypotheses
are supported when using PAR or SST as energy proxies in the marine environment.

We found that the patterns in annual variation, cumulative, and minimum values in
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PAR and SST meet the expectations of the energy biodiversity hypotheses. In our
shallow region (Figure 1a), lower variation, higher cumulative, and higher minimum
values in these energy proxies were associated with higher diversity in almost all of
the fish groups (all-fish, pelagic, demersal, and reef), except in the case of SST
variation in demersal fishes (Table 1). In our offshore region (Figure 1b), PAR and
SST were also congruent with the energy biodiversity hypotheses in the all-fish and
pelagic groups but were not significant in the demersal group (Table 2). These results
show that radiative and thermal energy seem to be fundamentally related to global fish
diversity and provide theoretical support to previous multivariate biodiversity studies
(Tittensor et al. 2010; Zhang et al. 2019; Gagné et al. 2020). Energy proxies of PAR
(Figure 2) and SST (Figure 8) energy indicate the general latitudinal patterns of these
parameters, which may be an explanation for the general latitudinal pattern in species
richness on Earth. There is a temptation to use latitude in biodiversity model
development because it is powerful, but organisms don't sense latitude, they sense its
correlates. Our results suggest that using an average cumulative measurement of
sunlight or temperature as a latitudinally associated factor may be more appropriate
instead.

Another form of energy that is widely investigated as a diversity driver is
chemically stored metabolic energy (Hurlbert and Haskell 2003; Wright 1983;
Balmford et al. 2001; Kaspari, O’Donnell, and Kercher 2000). This encompasses the
energy in the form of fixed carbon that is stored within body tissues of all organisms.
There are several different ways to estimate or quantify metabolic energy availability,
including measurements of the standing stock of chlorophyll biomass, rates of primary

production, or production of particulate organic matter. Indeed, primary productivity is
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an important driver of terrestrial and freshwater diversity (Mittelbach et al. 2001;
Hawkins et al. 2003). Meta analysis of 171 studies on the relationships between
productivity and richness of terrestrial and aquatic plants, vertebrates, and
invertebrates found there were often unimodal (“hump-shaped”) or positive
relationships between these variables, particularly in cross-community analysis and on
continental to global scales (Mittelbach et al. 2001). Individual studies show that
NDVI can predict over 60% of North American bird richness, NPP is positively
associated with island bird richness and has a unimodal relationship to African
vertebrate richness (birds, mammals, snakes, amphibians, humans), and ground ant
assemblages have a positive decelerating relationship with net aboveground
productivity (Hurlbert and Haskell 2003; Wright 1983; Balmford et al. 2001; Kaspari,
O’Donnell, and Kercher 2000).

Stored metabolic energy was also investigated in terrestrial studies with the
three energy biodiversity hypotheses, in the forms of Normalized Difference
Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Fraction
Photosynthetically Active Radiation absorbed by vegetation (fPAR), Leaf Area Index
(LAI), and Gross Primary Productivity (GPP) (Hobi et al. 2017; Radeloff et al. 2019).
The different energy proxies have varying predictive power in North American
breeding bird guilds, but GPP is the strongest predictor of richness for most groups
(Hobi et al. 2017). All three GPP metrics are predictive of the global ranges of
amphibians, mammals, and resident birds species (> 60% predictive power) (Radeloff
et al. 2019). Additionally, the cumulative energy proxy is the most important predictor
of richness, followed by minimum and finally variation. Aside from prediction,

inspection of the individual facets of these terrestrial analyses show agreement with
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the three hypothesized fundamental relationships of energy to diversity (negative
relationship of variation to diversity, and positive relationships of cumulative and
minimum energy to diversity).

In this study, we tested the same three energy biodiversity hypotheses with
analogous metabolic energy proxies in marine systems. These included chlorophyll
biomass, primary productivity via the Vertically Generalized Production Model, and
benthic flux of POC. These three energy sources were generally positively correlated
to each other in the shallow region (0.56 to 0.87, Figure 4). In the offshore region,
cumulative VGPM and Chlorophyll were positively correlated (> 0.7), but all other
correlations are relatively weak (+/- 0.5, Figure 5). The tests of these energy sources
had similar patterns of results, which makes sense as they are generally correlated
together. The variation hypothesis was most often supported. In our shallow region
fishes (Figure 1a), variation in all three metabolic energy proxies (Chl (Figure 9),
VGPM (Figure 10), and benthic POC (Fig 3)) support the hypothesis that lower annual
variation in energy leads to higher species richness in the all-fish and pelagic groups.
In the offshore region, the variation hypothesis is followed in primary production. The
fact that the variation hypotheses is often supported in the marine metabolic energy
proxies is a notable contrast to the terrestrial studies, where cumulative and minimum
energy were found to be the strongest drivers of diversity. However cumulative and
minimum metabolic energy were important in certain cases in the fish groups. In both
the shallow and offshore region, cumulative and minimum hypotheses were
significantly followed with the demersal fishes. In the all-fish and pelagic groups, the

minimum hypothesis was supported with primary production energy (VGPM).
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While the influence of the radiation and thermal energy sources are limited to
the euphotic zone of the oceans, the metabolic energy sources affect both surface and
deeper energy biodiversity. Photosynthetic organisms in the surface oceans transform
radiative energy into metabolic energy (fixed carbon) via photosynthesis which
supplies energy to the marine ecosystem. Organic carbon is further transformed into
particulate organic carbon, including live bacteria and detritus such as fecal pellets,
dead cells, and shells (Kharbush et al. 2020). Sinking POC exports an estimated 4-12
Pg of carbon per year to the deep ocean in the process known as the “biological pump”
(Eppley and Peterson 1979; Laws et al. 2000; DeVries and Weber 2017), and is an
important food source for pelagic or benthic heterotrophs (J. T. Turner 2015;
Longhurst and Glen Harrison 1989).

In this study, we investigated the patterns of diversity in both surface-
associated fish (pelagic group) and benthic-associated fish (demersal group). We
expected that the demersal offshore fishes would not interact directly with surface
energy signals (PAR and SST) (Table 2), but rather would be affected by the energy
source of POC that sinks to the deep ocean. Our results support our expectation, as
benthic POC was only in agreement with the cumulative and minimum hypotheses in
the demersal group fishes in both the shallow and offshore region tests. The benthic
POC energy map (Fig 3) shows higher cumulative and minimum POC values in
shallower areas (continental shelves and mid-ocean ridges), as compared to the deep
abyssal plain areas. Gagne et al 2020 demonstrated that ocean depth was a significant
driver of their neural network model. Our results suggest that using depth in a model

may actually be a proxy for benthic energy flux.
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Interestingly, even though reef fish are substrate-associated like the demersal
group, their results showed different patterns. The richness of reef fish follows all
three energy biodiversity hypotheses in the cases of PAR and SST, but not in the
metabolic energy proxies like the demersal fishes did. In chlorophyll, VGPM, and
benthic POC, only the variation hypothesis was supported, and for cumulative and
minimum energy we found significant negative regressions (opposite to the
biodiversity hypotheses). These results may be due to the unique nature of reef
systems. Reefs are found in oligotrophic waters, where nutrient limitations suppress
planktonic algae growth and productivity, but corals are highly productive (Darwin
1976, Sammarco et al. 1999). This paradox is likely resolved by the fact that corals
with their symbiotic zooxanthellae are highly efficient at uptake and recycling of
nutrients (Wild et al. 2004; de Goeij et al. 2013). Overall coral reefs contribute an
estimated 0.05% of global carbon fixation, much of which is recycled within the coral
tissue itself, however approximately 20 x 10!? g of carbon per year is produced in
excess and exported to the surrounding environments (Douglas 2009; Crossland,
Hatcher, and Smith 1991). In this study, we only included surface-measured
planktonic productivity, not benthic energy sources like coral. Potentially more
detailed construction of the energy proxies including benthic energy sources on coral
reefs would yield a better test of the energy biodiversity hypotheses in the case of reef
fishes.

While outside the scope of this study, the energy biodiversity hypotheses
should continue to be tested in the future with more marine richness data. First, there
is currently only a subset of fish species which have expert-defined ranges (4000spp).

This study should be repeated with fish data as more comprehensive species range
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maps are become available in the ocean. Second, this analysis could be expanded to
many other groups of organisms, defined by either taxa or functional groups. For
example, the response of marine mammal or reptile richness to environmental energy
could be compared to their terrestrial counterparts, or the distributions of primary
consumers or tertiary predators in both environments could be compared. It would also
be interesting to investigate the response of organisms that are sessile (benthic
invertebrates). As fish are mobile organisms, in many cases they could shift their
range on a relatively short time scale in response to environmental conditions and food
availability (Nye et al. 2009; US EPA 2016). However individual adults of sessile
species can’t escape local conditions as readily. Instead, their range shifts would
depend on broadcast spawning and recruitment to suitable conditions, so they might
have a slower response to changes in energy availability.

Under climate change, the energy proxies investigated in this study will likely
change. Solar irradiance delivered to the top of Earth’s atmosphere will continue
following normal solar cycles (average +/- 1 Watt m?) (Lindsey 2021), but changes in
cloud cover will affect the irradiance that reaches Earth’s surface. Cloud cover is
expected to decrease at low latitudes and increase in thickness at high latitudes (R. G.
Williams, Ceppi, and Katavouta 2020), so the latitudinal pattern in the sunlight energy
proxy will remain but the intensity of the gradient between low and high latitudes
could increase. Cumulative and minimum values in sunlight will increase near the
equator and decrease in low latitudes. Changes in cloud cover are predicted to
contribute an overall warming effect in addition to greenhouse gas warming. The
IPCC’s Fifth Assessment report stated that over 90% of the heat from greenhouse gas

emissions since 1970 had been absorbed by global oceans, causing rising
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temperatures, and they predict 1-4°C ocean warming on average by 2100 (IPCC 2014).
Predictions of the spatial variation in surface ocean warming are expected to partially
depend on ocean circulation patterns. Upwelling of deep ocean water in the Southern
Ocean is expected to have a dampening effect to the warming in that ocean area, in
contrast to the more intense warming of the Arctic (Xie 2020). However meridional
overturning is also expected to slow (Held and Soden 2006), so it is unclear how much
Southern Ocean upwelling will be able to mitigate warming. Additionally, evaporation
can dampen surface heating, so areas like the eastern Equatorial Pacific with low mean
evaporation would warm relatively quickly (Xie et al. 2010). Overall the cumulative
and minimum values of thermal energy would increase globally, with greater increases
in the Arctic. Additionally, extreme EI Nino events are also expected to become more
frequent (Cai et al. 2014), leading to increased SST variation in the Equatorial Pacific.
In addition, the metabolic energy proxies are likely to change in distribution as
well. Models disagree about the overall change in ocean primary productivity in the
next 100 years, ranging from a global NPP increase of >30% to a decrease of >10%
(Bopp et al. 2005; Schmittner et al. 2008; Tagliabue, Bopp, and Gehlen 2011). This
lack of consensus is due to differences in model construction, in which environmental
factors are considered. Photosynthesis increases with increased temperatures from 0 to
20°C , after which the rate of photosynthesis decreases with further increasing
temperature (Hew, Krotkov, and Canvin 1969). So ocean areas that currently are
relatively low temperature, such as high latitudes, would likely experience higher rates
of photosynthesis as ocean warming progresses and sea ice retreats. However,
increased temperatures in low latitude, tropical regions would likely cause decreased

photosynthetic rates. Additionally, ocean primary productivity is driven by nutrient
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availability via upwelling, and warming will likely cause stronger stratification at the
tropics, further contributing to decreased productivity in those areas. Overall
cumulative and minimum photosynthesis energy would therefore increase in high
latitudes and decrease in low latitudes.

To summarize, the objective of this study was to investigate whether three
hypotheses relating energy to the maintenance of biodiversity are relevant to marine
fish biodiversity. We found that the energy biodiversity hypotheses are broadly
applicable to marine fishes. In general, lower variation, higher minimum, and higher
cumulative energy had a relationship to greater fish richness. Our analysis is the first
to investigate the underlying patterns of diversity in the global marine fishes from the
perspective of the three energy biodiversity hypotheses, and with several types of
energy proxies (radiation, thermal, and chemical/metabolic). We found that the
radiation and thermal proxies (PAR and SST) supported all three hypotheses relating
energy to fish richness in most cases (all-fish, pelagic, reef), except for the deeper
dwelling fish group (demersal). These two latitudinally-associated proxies support the
idea of energy sources as an explanation of the global Latitudinal Diversity Gradient.
In the chemical/metabolic energy analysis, the hypotheses were followed in many
cases, often in the variation and minimum energy tests, and including both surface
dwelling and deep fishes in the case of primary productivity (VGPM). The hypotheses
were less often supported with Chlorophyll or benthic POC as the energy source, with
the important exception of the deep dwelling fish group (demersal group), usually in
cumulative and minimum energy categories. Overall, this study shows that aspects of
available energy support higher biodiversity in fish, as long as the energy source is

matched to the environment inhabited by those species groups. These results support
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the idea that energy is a fundamental underlying driver of biodiversity on Earth, not

limited by the marked differences between terrestrial and marine environments.

36



REFERENCES

Allen, Andrew P., James H. Brown, and James F. Gillooly. 2002. “Global
Biodiversity, Biochemical Kinetics, and the Energetic-Equivalence Rule.”
Science 297 (5586): 1545—48. https://doi.org/10.1126/science.1072380.

Aphalo, Pedro J. 2015. “The R4photobiology Suite.” UV4Plants Bulletin, UV4Plants
Bulletin, 1: 21-29. https://doi.org/10.19232/uv4pb.2015.1.14.

Appeltans, Ward, Shane T. Ahyong, Gary Anderson, Martin V. Angel, Tom Artois,
Nicolas Bailly, Roger Bamber, et al. 2012. “The Magnitude of Global Marine
Species Diversity.” Current Biology 22 (23): 2189-2202.
https://doi.org/10.1016/j.cub.2012.09.036.

Badgley, Catherine, and David L. Fox. 2000. “Ecological Biogeography of North
American Mammals: Species Density and Ecological Structure in Relation to
Environmental Gradients.” Journal of Biogeography 27 (6): 1437-67.

Balmford, Andrew, Joslin L. Moore, Thomas Brooks, Neil Burgess, Louis A. Hansen,
Paul Williams, and Carsten Rahbek. 2001. “Conservation Conflicts Across
Africa.” Science 291 (5513): 2616—19.
https://doi.org/10.1126/science.291.5513.2616.

Behrenfeld, Michael J., and Paul G. Falkowski. 1997. “Photosynthetic Rates Derived
from Satellite-Based Chlorophyll Concentration.” Limnology and
Oceanography 42 (1): 1-20. https://doi.org/10.4319/10.1997.42.1.0001.

Berkman, Julie A Hambrook, and Michael G Canova. 2007. “Algal Biomass
Indicators.” In Biological Indicators, 86.

Boeuf, Gilles. 2011. “Marine Biodiversity Characteristics.” Comptes Rendus
Biologies, Biodiversity in face of human activities / La biodiversite face aux
activites humaines, 334 (5): 435-40.
https://doi.org/10.1016/j.crvi.2011.02.009.

Bopp, L., O. Aumont, P. Cadule, S. Alvain, and M. Gehlen. 2005. “Response of
Diatoms Distribution to Global Warming and Potential Implications: A Global
Model Study.” Geophysical Research Letters 32 (19).
https://doi.org/10.1029/2005GL023653.

Breece, Matthew W., Dewayne A. Fox, Keith J. Dunton, Mike G. Frisk, Adrian
Jordaan, and Matthew J. Oliver. 2016. “Dynamic Seascapes Predict the Marine
Occurrence of an Endangered Species: Atlantic Sturgeon Acipenser
Oxyrinchus Oxyrinchus.” Methods in Ecology and Evolution 7 (6): 725-33.
https://doi.org/10.1111/2041-210X.12532.

Brook, Barry W., Navjot S. Sodhi, and Corey J. A. Bradshaw. 2008. “Synergies
among Extinction Drivers under Global Change.” Trends in Ecology &
Evolution 23 (8): 453—60. https://doi.org/10.1016/j.tree.2008.03.011.

Burrows, Michael, David Schoeman, Larry Buckley, Pippa Moore, Elvira
Poloczanska, Keith Brander, Christopher Brown, et al. 2011. “The Pace of
Climate Change in Marine and Terrestrial Ecosystems.” Science 334 (January):
652-55.

37



Cai, Wenju, Simon Borlace, Matthieu Lengaigne, Peter van Rensch, Mat Collins,
Gabriel Vecchi, Axel Timmermann, et al. 2014. “Increasing Frequency of
Extreme El Nifio Events Due to Greenhouse Warming.” Nature Climate
Change 4 (2): 111-16. https://doi.org/10.1038/nclimate2100.

Census of Marine Life. 2010. “About the Census.” 2010. http://www.coml.org/about-
census/.

Chu, Peter C., Wang Guihua, and Yuchun Chen. 2002. “Japan Sea Thermohaline
Structure and Circulation. Part III: Autocorrelation Functions.” Journal of
Physical Oceanography 32 (12): 3596-3615. https://doi.org/10.1175/1520-
0485(2002)032<3596:JSTSAC>2.0.CO;2.

Clarke, Andrew, and Ian A. Johnston. 1996. “Evolution and Adaptive Radiation of
Antarctic Fishes.” Trends in Ecology & Evolution 11 (5): 212—18.
https://doi.org/10.1016/0169-5347(96)10029-X.

Connell, J. H. 1971. “On the Role of Natural Enemies in Preventing Competitive
Exclusion in Some Marine Animals and in Rain Forest Trees.” In Dynamics of
Populations: Proceedings of the Advanced Study Institute on Dynamics of
Numbers in Populations, Qosterbeek, the Netherlands, 7-18 September 1970,
edited by P. J. den Boer and G. R. Gradwell, 298-312. Wageningen: Pudoc.

Convention on Biological Diversity. 2020. “Zero Draft of the Post-2020 Global
Biodiversity Framework.”

Crossland, C. J., B. G. Hatcher, and S. V. Smith. 1991. “Role of Coral Reefs in Global
Ocean Production.” Coral Reefs 10 (2): 55-64.
https://doi.org/10.1007/BF00571824.

Currie, David J. 1991. “Energy and Large-Scale Patterns of Animal- and Plant-Species
Richness.” The American Naturalist 137 (1): 27-49.

Currie, David J., Gary G. Mittelbach, Howard V. Cornell, Richard Field, Jean-
Francois Guegan, Bradford A. Hawkins, Dawn M. Kaufman, et al. 2004.
“Predictions and Tests of Climate-Based Hypotheses of Broad-Scale Variation
in Taxonomic Richness.” Ecology Letters 7 (12): 1121-34.
https://doi.org/10.1111/j.1461-0248.2004.00671 .x.

Darwin, Charles. 1976. The Structure and Distribution of Coral Reefs. The Structure
and Distribution of Coral Reefs. University of California Press.
https://doi.org/10.1525/9780520327337.

Davison, Ian R. 1991. “Environmental Effects on Algal Photosynthesis: Temperature.’
Journal of Phycology 27 (1): 2—8. https://doi.org/10.1111/5.0022-
3646.1991.00002.x.

Dawson, Michael, and William Hamner. 2003. “Geographic Variation and Behavioral
Evolution in Marine Plankton: The Case of Mastigias (Scyphozoa,
Rhizostomeae).” Marine Biology 143 (January): 1161-74.
https://doi.org/10.1007/s00227-003-1155-z.

Denny, Mark W. 1993. Air and Water: The Biology and Physics of Life’s Media.
Princeton, N.J.: Princeton University Press. https://www-jstor-
org.udel.idm.oclc.org/stable/j.ctv10crg9d.

2

38



DeVries, Tim, and Thomas Weber. 2017. “The Export and Fate of Organic Matter in
the Ocean: New Constraints from Combining Satellite and Oceanographic
Tracer Observations.” Global Biogeochemical Cycles 31 (3): 535-55.
https://doi.org/10.1002/2016GB005551.

Dirzo, Rodolfo, Hillary S. Young, Mauro Galetti, Gerardo Ceballos, Nick J. B. Isaac,
and Ben Collen. 2014. “Defaunation in the Anthropocene.” Science 345
(6195): 401-6. https://doi.org/10.1126/science.1251817.

Donlon, C., I. Robinson, K. S. Casey, J. Vazquez-Cuervo, E. Armstrong, O. Arino, C.
Gentemann, et al. 2007. “The Global Ocean Data Assimilation Experiment
High-Resolution Sea Surface Temperature Pilot Project.” Bulletin of the
American Meteorological Society 88 (8): 1197-1214.
https://doi.org/10.1175/BAMS-88-8-1197.

Douglas, A E. 2009. “The Productivity of Corals.” In Oceanography, The
Encyclopedia of Life Support Systems, edited by Jaques CJ Nihoul and Chen-
Tung Arthur Chen, II:5. Eolass Publishers Co, Ltd., / UNESCO.

Ellis, Sara L., Lewis S. Incze, Peter Lawton, Henn Ojaveer, Brian R. MacKenzie, C.
Roland Pitcher, Thomas C. Shirley, et al. 2011. “Four Regional Marine
Biodiversity Studies: Approaches and Contributions to Ecosystem-Based
Management.” PLOS ONE 6 (4): €18997.
https://doi.org/10.1371/journal.pone.0018997.

Eppley, Richard W., and Bruce J. Peterson. 1979. “Particulate Organic Matter Flux
and Planktonic New Production in the Deep Ocean.” Nature 282 (5740): 677—
80. https://doi.org/10.1038/282677a0.

Francis, Anthony P., and David J. Currie. 2003. “A Globally Consistent Richness-
Climate Relationship for Angiosperms.” The American Naturalist 161 (4):
523-36. https://doi.org/10.1086/368223.

Frouin, Robert, Bryan Franz, and Menghua Wang. n.d. “Algorithm to Estimate PAR
from SeaWiFS Data.” Version 1.2. Scripps Institution of Oceanography,
University of California San Diego, La Jolla 2SIMBIOS Project, NASA
Goddard Space Flight Center, Greenbelt.

Gagné, Tyler O., Gabriel Reygondeau, Clinton N. Jenkins, Joseph O. Sexton, Steven
J. Bograd, Elliott L. Hazen, and Kyle S. Van Houtan. 2020. “Towards a Global
Understanding of the Drivers of Marine and Terrestrial Biodiversity.” PLOS
ONE 15 (2): €0228065. https://doi.org/10.1371/journal.pone.0228065.

Gillman, Len N., and Shane D. Wright. 2014. “Species Richness and Evolutionary
Speed: The Influence of Temperature, Water and Area.” Journal of
Biogeography 41 (1): 39-51. https://doi.org/10.1111/jbi.12173.

Goeij, Jasper M. de, Dick van Oevelen, Mark J. A. Vermeij, Ronald Osinga, Jack J.
Middelburg, Anton F. P. M. de Goeij, and Wim Admiraal. 2013. “Surviving in
a Marine Desert: The Sponge Loop Retains Resources Within Coral Reefs.”
Science 342 (6154): 108—10. https://doi.org/10.1126/science.1241981.

Gomez-Pereira, Paola R., Bernhard M. Fuchs, Cecilia Alonso, Matthew J. Oliver,
Justus E. E. van Beusekom, and Rudolf Amann. 2010. “Distinct Flavobacterial

39



Communities in Contrasting Water Masses of the North Atlantic Ocean.” The
ISME Journal 4 (4): 472—87. https://doi.org/10.1038/ismej.2009.142.

Hawkins, Bradford A., Richard Field, Howard V. Cornell, David J. Currie, Jean-
Francois Guégan, Dawn M. Kaufman, Jeremy T. Kerr, et al. 2003. “Energy,
Water, and Broad-Scale Geographic Patterns of Species Richness.” Ecology 84
(12): 3105—17. https://doi.org/10.1890/03-8006.

Held, Isaac M., and Brian J. Soden. 2006. “Robust Responses of the Hydrological
Cycle to Global Warming.” Journal of Climate 19 (21): 5686—99.
https://doi.org/10.1175/JCLI3990.1.

Hew, Choy-Sin, G. Krotkov, and David T. Canvin. 1969. “Effects of Temperature on
Photosynthesis and CO2 Evolution in Light and Darkness by Green Leaves 1.”
Plant Physiology 44 (5): 671-77.

Hillebrand, Helmut. 2004. “On the Generality of the Latitudinal Diversity Gradient.”
The American Naturalist 163 (2): 192-211. https://doi.org/10.1086/381004.

Hobi, Martina L., Maxim Dubinin, Catherine H. Graham, Nicholas C. Coops, Murray
K. Clayton, Anna M. Pidgeon, and Volker C. Radeloff. 2017. “A Comparison
of Dynamic Habitat Indices Derived from Different MODIS Products as
Predictors of Avian Species Richness.” Remote Sensing of Environment 195
(June): 142-52. https://doi.org/10.1016/j.rse.2017.04.018.

Hu, Chuanmin, Zhongping Lee, and Bryan Franz. 2012. “Chlorophyll Aalgorithms for
Oligotrophic Oceans: A Novel Approach Based on Three-Band Reflectance
Difference.” Journal of Geophysical Research: Oceans 117 (C1).
https://doi.org/10.1029/2011JC007395.

Hurlbert, Allen H. 2006. “Linking Species—Area and Species—Energy Relationships in
Drosophila Microcosms.” Ecology Letters 9 (3): 287-94.

Hurlbert, Allen H., and John P. Haskell. 2003. “The Effect of Energy and Seasonality
on Avian Species Richness and Community Composition.” The American
Naturalist 161 (1): 83-97. https://doi.org/10.1086/345459.

Huston, Michael A., James H. Brown, Andrew P. Allen, and James F. Gillooly. 2003.
“Heat and Biodiversity.” Science 299 (5606): 512—13.

IPCC. 2014. “IPCC, 2014: Climate Change 2014: Synthesis Report. Contribution of
Working Groups I, II and III to the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change.” ARS. Geneva, Switzerland.

TUCN. 2020. “The IUCN Red List of Threatened Species.” IUCN Red List of
Threatened Species. 2020. https://www.iucnredlist.org/en.

Jossart, Jonathan, Seth J. Theuerkauf, Lisa C. Wickliffe, and James A. Morris Jr.
2020. “Applications of Spatial Autocorrelation Analyses for Marine
Aquaculture Siting.” Frontiers in Marine Science 6.
https://www.frontiersin.org/article/10.3389/fmars.2019.00806.

Kareiva, Peter, Sean Watts, Robert McDonald, and Tim Boucher. 2007.
“Domesticated Nature: Shaping Landscapes and Ecosystems for Human
Welfare.” Science 316 (5833): 1866—69.
https://doi.org/10.1126/science.1140170.

40



Kaspari, null, null O’Donnell, and null Kercher. 2000. “Energy, Density, and
Constraints to Species Richness: Ant Assemblages along a Productivity
Gradient.” The American Naturalist 155 (2): 280-93.
https://doi.org/10.1086/303313.

Kavanaugh, Maria T., Burke Hales, Martin Saraceno, Yvette H. Spitz, Angelicque E.
White, and Ricardo M. Letelier. 2014. “Hierarchical and Dynamic Seascapes:
A Quantitative Framework for Scaling Pelagic Biogeochemistry and Ecology.”
Progress in Oceanography 120 (January): 291-304.
https://doi.org/10.1016/j.pocean.2013.10.013.

Kerr, Jeremy T., and David J. Currie. 1999. “The Relative Importance of Evolutionary
and Environmental Controls on Broad-Scale Patterns of Species Richness in
North America.” Ecoscience 6 (3): 329-37.

Kerr, Jeremy T, and Laurence Packer. 1999. “The Environmental Basis of North
American Species Richness Patterns among Epicauta (Coleoptera: Meloidae),”
12.

Kharbush, Jenan J., Hilary G. Close, Benjamin A. S. Van Mooy, Carol Arnosti, Rienk
H. Smittenberg, Frédéric A. C. Le Moigne, Gesine Mollenhauer, et al. 2020.
“Particulate Organic Carbon Deconstructed: Molecular and Chemical
Composition of Particulate Organic Carbon in the Ocean.” Frontiers in Marine
Science 7 (June): 518. https://doi.org/10.3389/fmars.2020.00518.

Kubiak, Lauren. 2019. “Marine Biodiversity in Dangerous Decline, Finds New
Report.” NRDC. May 6, 2019. https://www.nrdc.org/experts/lauren-
kubiak/marine-biodiversity-dangerous-decline-finds-new-report.

Lauretta Burke, Kathleen Reytar, Mark Spalding, and Allison Perry. 2011. “Reefs at
Risk, Revisited.” World Resources Institute.
https://pdf.wri.org/reefs_at risk revisited.pdf.

Laws, Edward A., Paul G. Falkowski, Walker O. Smith Jr., Hugh Ducklow, and James
J. McCarthy. 2000. “Temperature Effects on Export Production in the Open
Ocean.” Global Biogeochemical Cycles 14 (4): 1231-46.
https://doi.org/10.1029/1999GB001229.

Lee, ZhongPing, Alan Weidemann, John Kindle, Robert Arnone, Kendall L Carder,
and Curtiss Davis. 2007. “Euphotic Zone Depth: Its Derivation and Implication
to Ocean-Color Remote Sensing.” Journal of Geophysical Research 112: 13.

Legendre, Pierre. 2018. Lmodel2: Model Il Regression (version 1.7-3). R.
https://CRAN.R-project.org/package=Imodel2.

Lennon, J. J., J. J. D. Greenwood, and J. R. G. Turner. 2000. “Bird Diversity and
Environmental Gradients in Britain: A Test of the Species—Energy
Hypothesis.” Journal of Animal Ecology 69 (4): 581-98.
https://doi.org/10.1046/j.1365-2656.2000.00418.x.

Lindsey, Rebecca. 2021. “Climate Change: Incoming Sunlight.” Climate.Gov.
October 7, 2021. https://www.climate.gov/news-features/understanding-
climate/climate-change-incoming-sunlight.

41



Longhurst, Alan R., and W. Glen Harrison. 1989. “The Biological Pump: Profiles of
Plankton Production and Consumption in the Upper Ocean.” Progress in
Oceanography 22 (1): 47—123. https://doi.org/10.1016/0079-6611(89)90010-4.

Mannion, Philip D. 2020. “A Deep-Time Perspective on the Latitudinal Diversity
Gradient.” Proceedings of the National Academy of Sciences 117 (30): 17479—
81. https://doi.org/10.1073/pnas.2011997117.

Martin, John H., George A. Knauer, David M. Karl, and William W. Broenkow. 1987.
“VERTEX: Carbon Cycling in the Northeast Pacific.” Deep Sea Research Part
A. Oceanographic Research Papers 34 (2): 267-85.
https://doi.org/10.1016/0198-0149(87)90086-0.

Mason, Norman W. H., Pascal Irz, Cédric Lanoiselée, David Mouillot, and Christine
Argillier. 2008. “Evidence That Niche Specialization Explains Species—Energy
Relationships in Lake Fish Communities.” Journal of Animal Ecology 77 (2):
285-96. https://doi.org/10.1111/j.1365-2656.2007.01350.x.

Mayr, Ernst. 1954. “Geographic Speciation in Tropical Echinoids.” Evolution 8 (1): 1-
18. https://doi.org/10.2307/2405661.

McCann, Kevin Shear. 2000. “The Diversity—Stability Debate.” Nature 405 (6783):
228-33. https://doi.org/10.1038/35012234.

McCree, K. J. 1971. “The Action Spectrum, Absorptance and Quantum Yield of

Photosynthesis in Crop Plants.” Agricultural Meteorology 9 (January): 191—

216. https://doi.org/10.1016/0002-1571(71)90022-7.

. 1972. “Test of Current Definitions of Photosynthetically Active Radiation

against Leaf Photosynthesis Data.” Agricultural Meteorology 10 (January):
443-53. https://doi.org/10.1016/0002-1571(72)90045-3.

Meyer, Christopher P., Jonathan B. Geller, and Gustav Paulay. 2005. “Fine Scale
Endemism on Coral Reefs: Archipelagic Differentiation in Turbinid
Gastropods.” Evolution 59 (1): 113-25. https://doi.org/10.1111/5.0014-
3820.2005.tb00899.x.

Millennium Ecosystem Assessment, ed. 2005. Ecosystems and Human Well-Being:
Synthesis. Washington, DC: Island Press.

Mittelbach, Gary G., Christopher F. Steiner, Samuel M. Scheiner, Katherine L. Gross,
Heather L. Reynolds, Robert B. Waide, Michael R. Willig, Stanley 1. Dodson,
and Laura Gough. 2001. “What Is the Observed Relationship between Species
Richness and Productivity?”” Ecology 82 (9): 2381-96.
https://doi.org/10.2307/2679922.

Molinari, Robert L, and John F Festa. 2000. “Effect of Subjective Choices on the
Objective Analysis of Sea Surface Temperature Data in the Tropical Atlantic
and Pacific Oceans.” Oceanologica Acta 23 (1): 3—14.
https://doi.org/10.1016/S0399-1784(00)00108-0.

Montes, Enrique, Anni Djurhuus, Frank E. Muller-Karger, Daniel Otis, Christopher R.
Kelble, and Maria T. Kavanaugh. 2020. “Dynamic Satellite Seascapes as a
Biogeographic Framework for Understanding Phytoplankton Assemblages in
the Florida Keys National Marine Sanctuary, United States.” Frontiers in

42



Marine Science 7.
https://www.frontiersin.org/article/10.3389/fmars.2020.00575.

Myneni, Ranga B., Ramakrishna R. Nemani, and Steven W. Running. 1997.
“Estimation of Global Leaf Area Index and Absorbed Par Using Radiative
Transfer Models.” IEEE Transactions on Geoscience and Remote Sensing 35
(6).

Nye, Ja, Js Link, Ja Hare, and Wj Overholtz. 2009. “Changing Spatial Distribution of
Fish Stocks in Relation to Climate and Population Size on the Northeast
United States Continental Shelf.” Marine Ecology Progress Series 393
(October): 111-29. https://doi.org/10.3354/meps08220.

O’Brien, Eileen. 1998. “Water-Energy Dynamics, Climate, and Prediction of Woody
Plant Species Richness: An Interim General Model.” Journal of Biogeography
25 (2): 379-98. https://doi.org/10.1046/j.1365-2699.1998.252166.x.

O’Dor, Ron, Patricia Miloslavich, and Kristen Yarincik. 2010. “Marine Biodiversity
and Biogeography — Regional Comparisons of Global Issues, an Introduction.”
PLOS ONE 5 (8): e11871. https://doi.org/10.1371/journal.pone.0011871.

Oliver, Matthew J., and Andrew J. Irwin. 2008. “Objective Global Ocean
Biogeographic Provinces.” Geophysical Research Letters 35 (15).
https://doi.org/10.1029/2008 GL034238.

O’Reilly, John E., Stéphane Maritorena, B. Greg Mitchell, David A. Siegel, Kendall
L. Carder, Sara A. Garver, Mati Kahru, and Charles McClain. 1998. “Ocean
Color Chlorophyll Algorithms for SeaWiFS.” Journal of Geophysical
Research: Oceans 103 (C11): 24937-53. https://doi.org/10.1029/98JC02160.

Oremus, Kimberly L., Jennifer Bone, Christopher Costello, Jorge Garcia Molinos,
Alice Lee, Tracey Mangin, and James Salzman. 2020. “Governance
Challenges for Tropical Nations Losing Fish Species Due to Climate Change.”
Nature Sustainability 3 (4): 277-80. https://doi.org/10.1038/s41893-020-0476-
y.

Palumbi, Stephen R. 1994. “GENETIC DIVERGENCE, REPRODUCTIVE
ISOLATION, AND MARINE SPECIATION.” Annual Review of Ecology and
Systematics 25: 547-72.

Pasari, J. R., T. Levi, E. S. Zavaleta, and D. Tilman. 2013. “Several Scales of
Biodiversity Affect Ecosystem Multifunctionality.” Proceedings of the
National Academy of Sciences 110 (25): 10219-22.
https://doi.org/10.1073/pnas.1220333110.

Penman, David, Andrew Pearce, and Missy Morton. 2011. “The Census of Marine
Life: Review of Lessons Learned.” Landcare Research New Zealand Ltd.

Poloczanska, Elvira S., Christopher J. Brown, William J. Sydeman, Wolfgang
Kiessling, David S. Schoeman, Pippa J. Moore, Keith Brander, et al. 2013.
“Global Imprint of Climate Change on Marine Life.” Nature Climate Change 3
(10): 919-25. https://doi.org/10.1038/nclimate1958.

Preston, F. W. 1962. “The Canonical Distribution of Commonness and Rarity: Part I.”
Ecology 43 (2): 185-215. https://doi.org/10.2307/1931976.

43



Priede, Imants G., Odd Aksel Bergstad, Peter 1. Miller, Michael Vecchione, Andrey
Gebruk, Tone Falkenhaug, David S. M. Billett, et al. 2013. “Does Presence of
a Mid-Ocean Ridge Enhance Biomass and Biodiversity?” PLOS ONE 8 (5):
€61550. https://doi.org/10.1371/journal.pone.0061550.

Radeloff, V. C., M. Dubinin, N. C. Coops, A. M. Allen, T. M. Brooks, M. K. Clayton,
G. C. Costa, et al. 2019. “The Dynamic Habitat Indices (DHIs) from MODIS
and Global Biodiversity.” Remote Sensing of Environment 222 (March): 204—
14. https://doi.org/10.1016/j.rse.2018.12.009.

Ramirez, Francisco, Isabel Afan, Lloyd S. Davis, and André Chiaradia. 2017.
“Climate Impacts on Global Hot Spots of Marine Biodiversity.” Science
Advances 3 (2): €e1601198. https://doi.org/10.1126/sciadv.1601198.

Reygondeau, Gabriel, Alan Longhurst, Elodie Martinez, Gregory Beaugrand, David
Antoine, and Olivier Maury. 2013. “Dynamic Biogeochemical Provinces in the
Global Ocean.” Global Biogeochemical Cycles 27 (4): 1046-58.
https://doi.org/10.1002/gbc.20089.

Rombouts, Isabelle, Grégory Beaugrand, Frédéric Ibaiiez, Stéphane Gasparini, Sanae
Chiba, and Louis Legendre. 2009. “Global Latitudinal Variations in Marine
Copepod Diversity and Environmental Factors.” Proceedings: Biological
Sciences 276 (1670): 3053-62.

Root, Terry. 1988. “Energy Constraints on Avian Distributions and Abundances.”
Ecology 69 (2): 330-39. https://doi.org/10.2307/1940431.

Rosenzweig, Michael L. 1992. “Species Diversity Gradients: We Know More and

Less Than We Thought.” Journal of Mammalogy 73 (4): 715-30.

https://doi.org/10.2307/1382191.

. 1995. Species Diversity in Space and Time. Cambridge: Cambridge

University Press. https://doi.org/10.1017/CB0O9780511623387.

Roy, Kaustuv, David Jablonski, James W. Valentine, and Gary Rosenberg. 1998.
“Marine Latitudinal Diversity Gradients: Tests of Causal Hypotheses.”
Proceedings of the National Academy of Sciences 95 (7): 3699-3702.
https://doi.org/10.1073/pnas.95.7.3699.

RUNNING, STEVEN W., RAMAKRISHNA R. NEMANI, FAITH ANN HEINSCH,
MAOSHENG ZHAO, MATT REEVES, and HIROFUMI HASHIMOTO.
2004. “A Continuous Satellite-Derived Measure of Global Terrestrial Primary
Production.” BioScience 54 (6): 547-60. https://doi.org/10.1641/0006-
3568(2004)054[0547:acsmog]2.0.co;2.

Sala, Osvaldo E., and Robert B. Jackson. 2006. “Determinants of Biodiversity
Change: Ecological Tools for Building Scenarios1.” Ecology 87 (8): 1875-76.
https://doi.org/10.1890/0012-9658(2006)87[1875:DOBCET]2.0.CO;2.

Sammarco, P. W., M. J. Risk, H. P. Schwarcz, and J. M. Heikoop. 1999. “Cross-
Continental Shelf Trends in Coral A15N on the Great Barrier Reef: Further
Consideration of the Reef Nutrient Paradox.” Marine Ecology Progress Series
180 (May): 131-38. https://doi.org/10.3354/meps180131.

44



Saupe, Erin E., Corinne E. Myers, A. Townsend Peterson, Jorge Soberon, Joy
Singarayer, Paul Valdes, and Huijie Qiao. 2019. “Spatio-Temporal Climate
Change Contributes to Latitudinal Diversity Gradients.” Nature Ecology &
Evolution 3 (10): 1419-29. https://doi.org/10.1038/s41559-019-0962-7.

Schipper, Jan, Janice S. Chanson, Federica Chiozza, Neil A. Cox, Michael Hoffmann,
Vineet Katariya, John Lamoreux, et al. 2008. “The Status of the World’s Land
and Marine Mammals: Diversity, Threat, and Knowledge.” Science 322
(5899): 225-30. https://doi.org/10.1126/science.1165115.

Schmittner, Andreas, Andreas Oschlies, H. Damon Matthews, and Eric D. Galbraith.
2008. “Future Changes in Climate, Ocean Circulation, Ecosystems, and
Biogeochemical Cycling Simulated for a Business-as-Usual CO2 Emission
Scenario until Year 4000 AD.” Global Biogeochemical Cycles 22 (1).
https://doi.org/10.1029/2007GB002953.

Shanks, Alan L., Brian A. Grantham, and Mark H. Carr. 2002. “Propagule Dispersal
Distance and the Size and Spacing of Marine Reserves.”

Sprintall, Janet, and Gary Meyers. 1991. “An Optimal XBT Sampling Network for the
Eastern Pacific Ocean.” Journal of Geophysical Research: Oceans 96 (C6):
10539-52. https://doi.org/10.1029/91JC00274.

Steele, John H. 1978. Spatial Pattern in Plankton Communities. Springer Science &

Business Media.

. 1991. “Can Ecological Theory Cross the Land-Sea Boundary?” Journal of

Theoretical Biology 153 (3): 425-36. https://doi.org/10.1016/S0022-

5193(05)80579-X.

Strathmann, Richard R. 1990. “Why Life Histories Evolve Differently in the Sea.”
American Zoologist 30 (1): 197-207. https://doi.org/10.1093/icb/30.1.197.

Tagliabue, Alessandro, Laurent Bopp, and Marion Gehlen. 2011. “The Response of
Marine Carbon and Nutrient Cycles to Ocean Acidification: Large
Uncertainties Related to Phytoplankton Physiological Assumptions.” Global
Biogeochemical Cycles 25 (3). https://doi.org/10.1029/2010GB003929.

Tait, Leigh W., and David R. Schiel. 2013. “Impacts of Temperature on Primary
Productivity and Respiration in Naturally Structured Macroalgal
Assemblages.” PLOS ONE 8 (9): €74413.
https://doi.org/10.1371/journal.pone.0074413.

Terent’ev, P.V. 1963. “Attempt at Application of Analysis of Variation to the
Qualitative Richness of the Fauna of Terrestrial Vertebrates of the U.S.S.R.”
Edited by E.R. Pianka. Translated by E.J. Maly. Vestnik Leningradskovo
Universieta, Smithsonian Herpetologcial Information Services, 21: 19-26.

Tittensor, Derek P., Camilo Mora, Walter Jetz, Heike K. Lotze, Daniel Ricard,
Edward Vanden Berghe, and Boris Worm. 2010. “Global Patterns and
Predictors of Marine Biodiversity across Taxa.” Nature 466 (7310): 1098—
1101. https://doi.org/10.1038/nature09329.

Tucker, Compton J. 1979. “Red and Photographic Infrared 1,Lnear Combinations for
Monitoring Vegetation.” Remote Sensing of Environment 8: 127-50.

45



Turner, Jefferson T. 2015. “Zooplankton Fecal Pellets, Marine Snow, Phytodetritus
and the Ocean’s Biological Pump.” Progress in Oceanography 130 (January):
205—48. https://doi.org/10.1016/j.pocean.2014.08.005.

Turner, John R.G. 2004. “Explaining the Global Biodiversity Gradient: Energy, Area,
History and Natural Selection.” Basic and Applied Ecology 5 (5): 435-48.
https://doi.org/10.1016/j.baae.2004.08.004.

Tzortzi, Eleni, Meric Srokosz, Christine Gommenginger, and Simon A. Josey. 2016.
“Spatial and Temporal Scales of Variability in Tropical Atlantic Sea Surface
Salinity from the SMOS and Aquarius Satellite Missions.” Remote Sensing of
Environment, Special Issue: ESA’s Soil Moisture and Ocean Salinity Mission -
Achievements and Applications, 180 (July): 418-30.
https://doi.org/10.1016/j.rse.2016.02.008.

US EPA, OAR. 2016. “Climate Change Indicators: Marine Species Distribution.”
Reports and Assessments. US EPA. July 1, 2016.
https://www.epa.gov/climate-indicators/climate-change-indicators-marine-
species-distribution.

Waser, Peter M., and W. Thomas Jones. 1983. “Natal Philopatry Among Solitary
Mammals.” The Quarterly Review of Biology 58 (3): 355-90.

White, W.B., and R.L. Bernstein. 1979. “Design of an Oceanographic Network in the
Midlatitude North Pacific.” Journal of Physical Oceanography 9 (3): 592—606.

Wild, Christian, Markus Huettel, Anke Klueter, Stephan G. Kremb, and et al. 2004.
“Coral Mucus Functions as an Energy Carrier and Particle Trap in the Reef
Ecosystem.” Nature 428 (6978): 66—70.
http://dx.doi.org/10.1038/nature02344.

William M. Berelson. 2001. “The Flux of Particulate Organic Carbon Into the Ocean
Interior: A Comparison of Four U.S. JGOFS Regional Studies.” JGOFS 14
(4/2001).

Williams, Richard G., Paulo Ceppi, and Anna Katavouta. 2020. “Controls of the
Transient Climate Response to Emissions by Physical Feedbacks, Heat Uptake
and Carbon Cycling.” Environmental Research Letters 15 (9): 0940c1.
https://doi.org/10.1088/1748-9326/ab97¢9.

Williams, Stephen E., and Jeffery Middleton. 2008. “Climatic Seasonality, Resource
Bottlenecks, and Abundance of Rainforest Birds: Implications for Global
Climate Change.” Diversity and Distributions 14 (1): 69-77.
https://doi.org/10.1111/j.1472-4642.2007.00418.x.

Wirsing, Aaron J, and William J Ripple. 2011. “A Comparison of Shark and Wolf
Research Reveals Similar Behavioral Responses by Prey.” Frontiers in
Ecology and the Environment 9 (6): 335—41. https://doi.org/10.1890/090226.

Wong, Elizabeth W., and Peter J. Minnett. 2018. “The Response of the Ocean Thermal
Skin Layer to Variations in Incident Infrared Radiation.” Journal of
Geophysical Research: Oceans 123 (4): 2475-93.
https://doi.org/10.1002/2017JC013351.

46



Worm, Boris, Edward B. Barbier, Nicola Beaumont, J. Emmett Duffy, Carl Folke,
Benjamin S. Halpern, Jeremy B. C. Jackson, et al. 2006. “Impacts of
Biodiversity Loss on Ocean Ecosystem Services.” Science 314 (5800): 787-90.
https://doi.org/10.1126/science.1132294.

Wright, David. 1983. “Species-Energy Theory: An Extension of Species-Area
Theory.” Oikos 41 (3): 496.

Xie, Shang-Ping. 2020. “Ocean Warming Pattern Effect On Global And Regional
Climate Change.” AGU Advances 1 (1): e2019AV000130.
https://doi.org/10.1029/2019AV000130.

Xie, Shang-Ping, Clara Deser, Gabriel A. Vecchi, Jian Ma, Haiyan Teng, and Andrew
T. Wittenberg. 2010. “Global Warming Pattern Formation: Sea Surface
Temperature and Rainfall*.” Journal of Climate 23 (4): 966—86.

Zhang, Chongliang, Yong Chen, Binduo Xu, Ying Xue, and Yiping Ren. 2019. “How
to Predict Biodiversity in Space? An Evaluation of Modelling Approaches in
Marine Ecosystems.” Diversity and Distributions 25 (11): 1697—1708.
https://doi.org/10.1111/ddi.12970.

47



Appendix

SUPPLEMENTAL FIGURES

Energy Indices

270 10

Figure 8 Energy indices calculated from SST (K). Highest variation in SST (a) is
seen in the high northern latitudes and along coastlines in upwelling
zones (ex. Peru), and in boundary currents (ex. Gulf Stream). Highest
cumulative (b) and minimum (c) SST are seen at low latitudes.
Combining these indices into a RGB representation show where each of
the different indices dominate the signal (d). White dotted lines indicate -
50 to 50 degrees latitude, the extent of the dataset that was used in
regression analysis.
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Figure 9

Energy indices calculated from Chlorophyll (mg m). These patterns are
dominated by distance from coast. Highest annual variation (a),
cumulative (b), and minimum (c) values are all found along coastlines.
Higher variation is also seen at the edges of ocean basin gyres.
Combining these indices into a RGB representation show where each of
the different indices dominate the signal (d). White dotted lines indicate
-50 to 50 degrees latitude, the extent of the dataset that was used in

regression analysis.
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0 68000

Figure 10  Energy indices calculated from primary production via VGPM (mg C m
2). Highest variation in VGPM (a) is seen at high latitudes. Highest
cumulative (b) and minimum (c) values are found near coastlines, and
Equatorial upwelling zones. Combining these indices into a RGB
representation show where each of the different indices dominate the
signal (d). Panel d highlights where oligotrophic centers of ocean gyres
are visible (low cum and min, high var). White dotted lines indicate -50
to 50 degrees latitude, the extent of the dataset that was used in
regression analysis.
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Results summary tables

Table 3 Results summary of the shallow region tests, organized by fish group
(model II regressions, RMA). Green checkmarks indicate significant
RMA regressions in agreement with the energy biodiversity hypotheses:
negative slopes for variation, and positive slopes for cumulative and
minimum. Red x’s indicate regressions that significantly disagreed with
the hypotheses, and non-significant tests are marked as NS.

Var Cum Min Var Cum Min
PAR v v v PAR v v v
SST v v v SST v v v
All-fish  Chl v Pelagic Chl v
VGPM v VGPM v
Benthic POC vV Benthic POC vV
Var Cum Min Var Cum Min
PAR v PAR v v v
SST v SST v v v
Demersal Chl v Reef  Chl v
VGPM NS v VGPM v
Benthic POC - v v Benthic POC v/
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Table 4 Results summary of the offshore region tests, organized by fish group
(model II regressions, RMA) Green checkmarks indicate significant
RMA regressions in agreement with the energy biodiversity hypotheses:
negative slopes for variation, and positive slopes for cumulative and
minimum. Red x’s indicate regressions that significantly disagreed with
the hypotheses, and non-significant tests are marked as NS.
Var Var Cum Min
PAR v PAR v v v
SST v SST v v v
All-fish  Chl NS Pelagic Chl NS
VGPM v VGPM v
Benthic POC NS Benthic POC NS
Var Cum Min
PAR NS NS NS
SST NS NS NS
Demersal Chl v v
VGPM v v
Benthic POC v v
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Table 5

All results: shallow region

Correlation results (“r”’) from the Model2 regression tests for the shallow
region. Green shading indicates that the sign of the correlation agrees
with the energy biodiversity hypotheses: negative slopes for variation,
and positive slopes for cumulative and minimum. Red shading indicates
correlations with slopes that disagree with the hypotheses.

Fish Energy |var r cum r min r
PAR -0.747 0.671 0.698
SST -0.582 0.812 0.806
All-fish Chl -0.276
VGPM -0.567 0.105
POC -0.365
PAR -0.638 0.597 0.580
SST -0.375 0.708 0.669
Pelagic group Chl -0.049
VGPM -0.372 0.396
POC -0.079
PAR -0.057 0.127 0.030
SST 0.139 0.109
Demersal group Chl 0.249 0.210
VGPM 0.354 0.517
POC 0.407 0.383
PAR -0.808 0.699 0.761
SST -0.644 0.885 0.862
Reef Chl -0.346
VGPM -0.588
POC -0.472

53



Variation

log10(all fish richness)

Cumulative

Minimum

0 - 0
02 0.4 06 10000 15000 0 100 200 300 400
PAR (E m™®)

Variation Cumulative

3
m
1%
P
<
S
<
@
3
o
>
o .

0 0

30 -25 -20 -15 12600 12900 13200 13500 270 280 290 300
log10(SST (K)) SST (K) SST (K)
Variation Cumulative Minimum

3 3
m
1%
) 2
fé count count
r= B 30 ]
:g o %g
84 §v ‘
o
>
o

0 0 0

40 05 00 05 0 1 2 3 2 0 0 1

log10(Chl (mgC m3))

54




Variation Cumulative Minimum

log10(all fish richness)

-1.0 -0.5 0.0 5.0 55 6.0 2
log10(VGPM (mgC m?))

count
B 60
40

20
|

Cumulative Minimum
3.0
% 25
7]
[0}
£
S count 20
2 . !
<
@ 10
AR is 15
o
[=2]
o
= 10
15 -10 -05 00 05 2 3 4 5 0 1 2

log10(Benthic POC (mg m™2))

Figure 11 2D density plots of energy groups vs all-fish richness (Shallow region).

By row, the energy groups are: PAR, SST, Chlorophyll, VGPM, and

Benthic POC. All data were limited -50 to 50 degrees latitude. Ranged

Major Axis regression lines shown in gray
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Figure 12 2D density plots of energy groups vs pelagic group fish richness
(Shallow region). By row, the energy groups are: PAR, SST,
Chlorophyll, VGPM, and Benthic POC. All data were limited -50 to 50

degrees latitude. Ranged Major Axis regression lines shown in gray
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Figure 13 2D density plots of energy groups vs demersal group fish richness
(Shallow region). By row, the energy groups are: PAR, SST,
Chlorophyll, VGPM, and Benthic POC. All data were limited -50 to 50
degrees latitude. Ranged Major Axis regression lines shown in gray
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Figure 14 2D density plots of energy groups vs reef fish richness (Shallow region).
By row, the energy groups are: PAR, SST, Chlorophyll, VGPM, and
Benthic POC. All data were limited -50 to 50 degrees latitude. Ranged
Major Axis regression lines shown in gray
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Table 6 Correlation results (“r”’) from the Model2 regression tests for the offshore

All results: offshore region

region. Green shading indicates that the sign of the correlation agrees

with the energy biodiversity hypotheses: negative slopes for variation,
and positive slopes for cumulative and minimum. Red shading indicates
correlations with slopes that disagree with the hypotheses.

Fish Energy |var r cum r min r
PAR -0.432 0.435 0.402
SST -0.171 0.485 0.475
All-fish Chl

VGPM -0.210 0.094 0.316
POC
PAR -0.637 0.681 0.616
SST -0.275 0.715 0.709

Pelagic group Chl -0.043
VGPM -0.395 0.049 0.470

POC

Demersal group

PAR

-0.022

62



o

Variation Cumulative Minimum
a b c
& 25 - ) " 25 . 25 .
1%} - . . g N - '
[0} . " . . .
2 :
5. count
3 ] g
= 3
815 [ | ?
o
>
o
1.0
02 0.4 06 7500 10000 12500 15000 17500 100 200 300
PAR (E m™®)
Variation Cumulative Minimum
a b
525
1%
[0}
£
220 COljm
5 s
= 2
S 15 u 1
o
>
o
1.0
25 20 12800 13200 13600 280 290 300
log10(SST (K)) SST (K) SST (K)
Variation Cumulative Minimum
a b
i
@25 ’
1%
[0}
£
S, cogm
5 bk
2 3
) u?
o
>
o

o

0.5

10 15 20

00 05
log10(Chl (mgC m®))

63




Variation Cumulative Minimum

b

@ 2.54
1%
[0}
£
k) count 0]
< -
@2
L=“, K I 15
o
>
S

1.04

-1.25 -1.00 -0.75 -0.50 -0.25 475 5.00 525 550 5.75 2.75
log10(VGPM (mgC m?))
Variation Cumulative Minimum
b c
w25
w
[0}
£
S, count count
= 6 5
i 3
= o2
815 - H LI
o
>
S
1.0

-1.5 -1.0 -0.5 0.0 0.5 1.5 2.0 25 3.0 35
log10(Benthic POC (mg m2))

Figure 15 2D density plots of energy groups vs all-fish richness (Offshore region).
By row, the energy groups are: PAR, SST, Chlorophyll, VGPM, and
Benthic POC. All data were limited -50 to 50 degrees latitude. Ranged

Major Axis regression lines shown in gray
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Figure 16

2D density plots of energy groups vs pelagic group fish richness
(Offshore region). By row, the energy groups are: PAR, SST,
Chlorophyll, VGPM, and Benthic POC. All data were limited -50 to 50

degrees latitude. Ranged Major Axis regression lines shown in gray
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Figure 17 2D density plots of energy groups vs demersal group fish richness
(Offshore region). By row, the energy groups are: PAR, SST,
Chlorophyll, VGPM, and Benthic POC. All data were limited -50 to 50
degrees latitude. Ranged Major Axis regression lines shown in gray
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