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ABSTRACT

Water quality degradation is one of the largest threats to freshwater ecosystems, and
understanding how multiple drivers such as nutrients, climate, morphology, and land use impact
water quality is of high interest because it will help mitigate the potential consequences of
degraded waters. We used chlorophyll a as a proxy to primary production to quantify: 1) the
relative importance of drivers on water quality in freshwater lakes globally, and 2) identify the
spatial patterns and signatures of chlorophyll and its drivers in freshwater lakes across the US.
We found that total phosphorus (TP) inputs at the local spatial scale was the single most
influential driver of chlorophyll levels in freshwater lakes globally and in the US. Climate,
including warmer temperatures, increased solar radiation inputs, and wetter conditions, further
contributed to elevated chlorophyll concentrations. As such, we suggest management efforts
should continue to focus on drivers acting at local spatial scales, in particular TP, to mitigate

primary production in lakes worldwide.
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Figure 3. Bubble plots highlighting the four MEM’s that explained the highest variation in Chl
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deciduous broadleaf forests, mixed forests, and population. X4 highlights the spatial structure
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Figure S1. Random forest model (2240 lakes dataset) assessing the key drivers of chlorophyll in
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GENERAL INTRODUCTION

Globally there are over 118 million lakes (Verpooter et al., 2014; Woolway et al., 2020) that
contain 87% of Earth’s liquid freshwater (Gleick, 1993; Woolway et al., 2020) and these
freshwaters are earth’s most valuable resource (Jenny et al., 2020). Lakes provide key
ecosystem services such as provisioning (food, drinking water, industrial water), regulating
(water flow regulations, local climate controls), supporting (habitats for reproduction for flora
and fauna, support for migratory species, biodiversity hotspots), and cultural services to humans
(aesthetics, spiritual experience, cognitive development). However, the continuous growth of
the global human population has extensively altered the planet’s freshwaters (Carpenter et al.,
2011) and anthropogenic stressors such as changes in land use and land cover (agriculture and
urbanization) along with climate change are changing the physical, chemical, and biological
make up of aquatic ecosystems (Carpenter et al., 2011; Michalak, 2016). Through increases in
agricultural practices and urbanized regions, local inputs of nutrients such as phosphorus are
more readily found in lake basins and watersheds. Coupled with the effects of climate change
such as increased water temperatures (Collins et al., 2019) and precipitation levels (Sinha et al.,
2017), greater nutrient loading is occurring in lakes which is resulting in more frequent algal
blooms and algal biomasses. Such degradation of water quality results in the loss of ecosystem
services that are beneficial to humans and other species alike (Carpenter et al., 2011; Michalak,
2016). Further, recent studies suggests lakes that have been subject to ongoing degradation are
more susceptible to new threats from the synergies between multiple stressors and may be less
resistant to eutrophication (Jenny et al., 2020). Understanding how multiple drivers such as

nutrients, climate, and land use impact water quality is of high interest and will help develop



effective environmental management plans and mitigate the potential consequences of degraded

waters (Vaughan et al., 2019).

Nutrient concentrations, particularly total phosphorus, are well established as the key limiting
factor for primary production and chlorophyll (Schindler, 1977; McCauley et al., 1989; Abell et
al., 2012; Quinlan et al., in review). The relationship between total phosphorus (TP) and
chlorophyll allows TP to be used when determining lake trophic status (Fee, 1979). As such,
managing TP concentrations is a common step in lake eutrophication management because
without TP reduction, there are larger algal bloom events occurring (Ho et al., 2019). The
importance of TP on primary production in lakes was studied by early limnologists such as
Hutchinson and Nauman, but it was Schindler who showed its importance through a multi-year
experiment at the experimental lake area (ELA) which showed it was indeed TP that was the
limiting reagent and not nitrogen (Schindler, 1977). Schindler (1977) also suggests that lakes
can compensate for low carbon and nitrogen levels by tapping into the atmospheric reservoir but
that same is not possible for phosphorus. In addition, studies have suggested in oligotrophic
lakes (Carpenter et al., 1992; Lampert & Sommer, 1997; Wetzel, 2001) phosphorus is
indefinitely the limiting reagent, however even in other aquatic systems (mesotrophic and
eutrophic systems) (Horne & Goldman, 1994; Dodds, 2002; Bronmark & Hansson, 2005)
phosphorus is also quite closely linked to primary production. However, owing to the influence
of climate change, recent studies have challenged these paradigms for both lakes experiencing
extreme eutrophication (Paerl et al., 2019) and oligotrophication (Huser et al., 2018). Quinlan et
al. (in review) has shown that as range in phosphorus increases (low-high TP values) at broad

spatial scales, TP’s relationship with chlorophyll becomes sigmoidal, wherein there are lags at
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the beginning of the sigmoid and other drivers such as light may be more influential near the end
where TP levels have been saturated. These ranges at broad scales are being greatly influenced
by climate change. Different regions globally are experiencing never before experienced

climactic conditions, resulting the ranges are becoming wider.

Freshwater lakes are directly affected by climate change (Carpenter et al., 2011; Woolway et al.,
2020) through increased air temperatures (Carpenter et al., 2011; O’Reilly et al., 2015), solar
radiation (Sanchez-Lorenzo et al., 2015; Wild et al., 2015), and precipitation (Carpenter et al.,
2011; O’Reilly et al., 2015). Warming of air temperatures has been strongly linked to warming
of water temperatures over several decades (Adrian et al., 2009; O’Reilly et al., 2015; Sharma et
al., 2015; Richardson et al., 2017), however patterns of geographic heterogeneity between lakes
and surface water warming suggests other local or regional drivers may be influencing this
variability (Schneider & Hook, 2010; Kraemer et al., 2015; O’Reilly et al., 2015; Richardson et
al., 2017). Globally over 90% of observed lakes are exhibiting warming trends (Schneider &
Hook, 2010; O’Reilly et al., 2015; Sharma et al., 2015; Woolway et al., 2016; Richardson et al.,
2017; Bachman et al., 2019) and such increased temperatures may produce the excessive
proliferation of phytoplankton species (Paerl et al. 2001; O'Reilly et al. 2015) and harmful algal
blooms ( Kraemer et al., 2015; Bachman et al., 2019). Solar radiation is closely linked to
warming air and water temperatures. Currently the earth is undergoing a period of global
brightening (Wild et al., 2015) and the increased light availability can be attributed to larger algal
bloom. Further, the increased radiation that is heating up air and water temperatures reduces the
ice season duration, which allows for longer growing seasons for algae (Carpenter et al., 2011;

Woolway et al., 2020). Large precipitation events exacerbate the issue to an even greater degree
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and degrade water quality through the addition of nutrients from runoff, surface waters, and
stormwaters (Sinha et al., 2017). In addition, large storms erode riverbanks and other terrestrial
sediment sources which end up in the lake and contribute greatly to the lake’s annual N and P
budget (Reichwaldt & Ghadouani, 2012). Collins et al. (2019) suggests the combined effects of

warmer temperatures and precipitation can be attributed to increased algal biomasses.

Lakes that are close to agricultural lands (Wagner et al., 2011) or urbanized regions (Hopkins et
al., 2015) receive large nutrient inputs, particularly phosphorus, from runoff and surface waters
after precipitation events. These increased phosphorus inputs degrade water quality due to the
proliferation of algal blooms (Jeppesen et al., 2009) and decreases in water clarity (Rose et al.,
2017). Agricultural land is comprised of croplands and pasturelands both of which contribute
phosphorus to runoff which ends up in lakes. Croplands extensively use pesticides and fertilizers
rich in phosphorus (Hu et al., 2013), while large animals such as cattle, and sheep contribute to
the phosphorus inputs through soil erosions and manure (Cournane et al., 2011). Aside from
agricultural practices, urbanization is happening quite rapidly at the global level and is increasing
the amount of impervious surfaces present (Hopkins et al., 2015). Runoff from these impervious
surfaces are unable to percolate into the ground due to the lack of soils, and thus directly ends up
in lakes where the addition of nutrients increases the production of algae (Wurtsbaugh et al.,

2019).

My thesis aims to examine the effects of nutrients, climate change, and land use on water quality,
specifically chlorophyll levels in freshwater lakes. | explore these effects at two spatial scales in

two chapters: first by focusing on 3878 freshwater lakes in 41 countries, and second by
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employing a finer examination of spatial patterns in water quality across the United State in 2240

lakes.

In the first chapter, we examined water quality trends between 3878 lakes at the global scale with
lakes available from every continent. This is the first study that has attempted to quantify water
quality patterns at a global scale while incorporating physical, chemical, and biological drivers.
In this study we asked: what is the relative importance of nutrient inputs, climate conditions, and
lake morphology on chlorophyll a levels in lakes globally? We hypothesized that phosphorus
would be the most influential driver of chlorophyll a because of its multiple sources of input, but
climate would also be highly influential because of its broad spatial scale and its many drivers
such as temperature, solar radiation, and precipitation. In the second chapter, we focused on 2240
lakes spatially distributed across the United States. With this US dataset, we aimed to quantify
the spatial patterns in water quality and determine the relevant spatial signatures of chlorophyll,
as well as phosphorus, climate, land use and morphological variables. Little is known about
spatial structures beyond local scales, so we attempted to understand spatial structures at the
local scale but also at the watershed and regional scale across the US. We hypothesized that
chlorophyll a levels and trophic status will show spatial structure in response to spatially
structured environmental variables and that after factoring in the major spatially structured

environmental variables, space will no longer be important.
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SUMMARY

Water quality degradation is one of the largest threats to freshwater ecosystems. Nutrient inputs,
land use changes, and climate are expected to be the most important drivers of water quality
degradation. Here, we quantify the relative importance of nutrient inputs, climate, and lake
geomorphometry as drivers of primary production in freshwater lakes globally, using chlorophyli
as a proxy. We synthesized a global database on lake water chemistry, with a focus on
chlorophyll, in addition to lake geomorphometry and climate for up to 3878 freshwater lakes
around the globe. We found that globally, total phosphorus (TP) was the most influential driver,
explaining 40% of the variation in chlorophyll concentrations. A combination of climate
variables, including spring solar radiation, summer temperature, and spring precipitation,
explained an additional 40% of the variation in chlorophyll. Lake geomorphology only explained
20% of the variation in chlorophyll with mean depth being the most influential geomorphometric
driver. Although there are increased efforts and regulations in place for land use and farming,
nutrient inputs continue to be the leading cause of primary production in lakes. However, the
influence of climatic variables acting synergistically (temperature, precipitation, cloud cover and
solar radiation) are nearly equal to that of total phosphorus, suggesting nutrient management
efforts are not sufficient alone to mitigate water quality degradation. Our findings underscore the
critical need to incorporate climate factors into water quality management given current climate

change.



INTRODUCTION

Eutrophication is one of the most prevalent threats to freshwater resources, with consequences
for public health, food security, biodiversity, and other ecosystem services, highlighting the
urgency of understanding controls on water quality. Nutrients, particularly total phosphorus,
have long been recognized as a primary factor influencing water quality (Quinlan et al.,
submitted; Schindler, 1977) Hydrology and climate are tightly coupled and climate change is
affecting water quality through warming temperatures, changing precipitation patterns, and
increases in nutrient inputs from land use (Michalak, 2016). For example, regions that are
experiencing increases in precipitation are likely to see a rise in eutrophication driven by
increases in nutrient runoff (Sinha et al., 2017). These increases in algal biomass have further
implications for greenhouse gas sources (Beaulieu et al., 2019) and sinks (Webb et al., 2019), as
well as for the presence of cyanobacterial toxins (Hayes and Vanni, 2018). Understanding how
climate drivers interact with nutrients to impact water quality is important for environmental
management and improving water quality can subsequently mitigate the consequences of climate

change on aquatic ecosystems (Vaughan et al., 2019).

Climate is increasingly being recognized as an important driver of water quality at local to
regional scales. Synchronous changes in lake algal biomass associated with climate-mediated
variability in the hydrological cycle suggest that climate plays an important role in chlorophyll
dynamics (Baines et al., 2000). In general, increases in nutrient loading from higher precipitation
exacerbate water quality problems through increases in chlorophyll, changes in phytoplankton
community composition (Jeppesen et al., 2009), and decreases in water clarity (Rose et al.,

2017). In the northeastern United States, summer air temperatures and winter precipitation were



significant predictors of summer algal biomass (Collins et al., 2019). Temperature has been
associated with increased chlorophyll in other regional studies (Woelmer et al., 2016). The
dominance of cyanobacteria, which may generate harmful algal blooms (HABS), increases at
warmer temperatures despite no changes to nutrient levels or total nitrogen:total phosphorus
ratios (McQueen and Lean, 1987). Warmer air temperatures contribute to earlier ice-out, leading
to a longer growing season and higher chlorophyll a levels (Preston et al., 2016), and changes in
the onset and strength of thermal stratification can lead to increases (e.g. Johnk et al., 2008) or
decreases in algal biomass (e.g. Verburg and Hecky, 2003). Additionally, while temperature is
generally positively correlated with algal biomass, the response can vary depending on lake

trophic status, trophic interactions, and resource availability (Kraemer et al., 2017).

Solar radiation is important for primary production. Broadly, the earth’s surface underwent a
period of declining solar radiation from around 1950 until the mid-1980s, referred to as ‘global
dimming’, after which solar radiation increased and stabilized (Wild et al., 2005; Sanchez-
Lorenzo et al., 2015), creating a recent period of ‘global brightening’ (Wild et al., 2015). These
large-scale changes have been attributed to changes in the transparency of the atmosphere owing
to anthropogenic aerosol emissions and/or cloudiness (Gan et al., 2014; Long et al., 2009;
Mateos et al., 2014). Recent trends in brightening are most apparent in regions that have long
been industrialized, whereas newly industrialized regions have seen continued dimming (Wild,
2012). For example, from 1980 to 2010 in Europe and North America, average surface solar
radiation increased up to 8 W m-2 per decade (Wild, 2012) ). In contrast, surface solar radiation
decreased by up to 10 W m2 per decade in India (Wild, 2012). Patterns in solar radiation

brightening and dimming vary spatially (e.g. Wild et al., 2012) and temporally (e.g. Sanchez-
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Lorenzo et al., 2015). For example there may be increases in solar radiation in one season but
decreases in another (Deng et al., 2019; Sanchez-Lorenzo et al., 2015). Long term trends can be
substantially greater than that of the 11-yr solar sunspot cycle, which varies only by
approximately 1 W m and is known to have a wide range of effects (Engels and van Geel,
2012). Thus, these changes in solar radiation have the potential to influence algal growth and

biomass.

Lake basin morphology and hydrology have the capacity to influence water quality, particularly
with respect to interactions with other drivers. Factors such as lake depth and surface area
influence physical, chemical and biological processes within the lake, with consequences for
mixing regimes, nutrient availability, and residence times. Deeper lakes typically have both
lower total phosphorus (TP) and lower chlorophyll concentrations (Canfield et al., 2016; Fergus
etal., 2016; Liu et al. 2012). For example, deeper lakes had clearer water in Wisconsin, although
this only occurred in watersheds with low levels of agriculture (Rose et al., 2017). Lake surface
area has also been identified as an important contributor to chlorophyll (Woelmer et al., 2016).
Among deeper lakes in eastern China, those with a smaller surface area had higher chlorophyli
concentrations compared to larger lakes (Huang et al., 2014). Longer residence times have been
associated with lower chlorophyll concentrations in Europe (Noges, 2009), but with higher
concentrations in eastern China (Liu et al., 2012). However, none of these previous studies have
comprehensively considered lake geomorphometric and hydrologic characteristics in the context

of both climate and nutrient factors.



Spatial patterns in water quality can be highly variable, driven by many interacting factors
(Fergus et al., 2016). Current trajectories in climate, the continuing influence of nutrient
management legacies (Sharpley et al., 2013), and the growing demand for clean freshwater
underscore the importance of understanding drivers of water quality. Nutrient concentrations,
particularly phosphorus, are well established as key predictors of chlorophyll (Abell et al., 2012;
McCauley et al., 1989; Quinlan et al., in review), but the relative role of other factors has focused
primarily on temperature and precipitation (e.g. Collins et al., 2019) and at the regional scale (e.g
Collins et al., 2019). This excludes the potential impact of climate factors that have large spatial
patterns, such as solar radiation (Wild, 2012) and other variables that can influence solar
radiation at more local scales (e.g. cloudiness). We assembled a global database of chlorophyll
concentrations from 3878 lakes in 41 countries to explore predictors and spatial patterns of water
quality. In this study we asked, in addition to total phosphorus, which climatic and lake
geomorphometric factors influence water quality? We examined the relative importance of
nutrient inputs, climate conditions, and lake morphology factors on chlorophyll a concentrations
for lakes worldwide. Within climate factors, we included the relative roles of temperature, solar

radiation, cloud cover, and precipitation, at various seasonal scales.



METHODS

2.1 Data Acquisition and Dataset Compilation

We conducted a systematic review to develop a global chlorophyll database for approximately
10,000 lakes with over 25,000 sampling points (Filazzola et al., in revision). For this study, we
used an overall global dataset which included both chlorophyll and total phosphorus data for
3,878 lakes distributed across 41 countries (Figure 1; Table S1). Each chlorophyll a
measurement corresponded with the year in which the measurement was taken and the lake’s
latitude and longitude. In instances where the same lake was sampled in multiple locations, we
took the median values of measured data for that lake. When a lake was sampled multiple times
within the same year (e.g. monthly), we extracted data from the time when chlorophyll a values
were greatest. If a lake was sampled over multiple years, we selected data from the most recent
year because it most closely resembles the most recent status of that lake. TP and climate data
were collected in the same manner and matched with corresponding chlorophyll values. The
Laurentian Great Lakes were also excluded because of significant spatial heterogeneity in water
quality due to their size. While this dataset includes samples collected with a variety of
methodologies, we do not anticipate that the international multi-jurisdictional nature of the data
will influence analyses, as Hanna and Peters (1991) showed that differences in protocol and
sampling depth for TP and chlorophyll a did not add variation to TP-chlorophyll a response

models (Filazzola et al., in review; Quinlan et al., in review).

Although most climate data were available for all lakes, solar radiation data were only available
for 2561 lakes in 7 countries (Figure 1, Table S1). Shortwave incoming solar radiation in the

near infrared (0.2-4 um) data were collected from CLARA A-1 which is gridded at a 0.25 x 0.25



degrees resolution between 1982 and 2009 (Karlsson et al., 2013). For the other climate
variables, we extracted air temperature (°C), precipitation (mm), cloud cover (%) for each lake
and sampling year from the University of East Anglia’s Climate Research Unit (CRU) online
open access database (Harris et al., 2020). CRU interpolates air temperature and precipitation
from meteorological station measurements and summarizes the database on a grid at a 0.5°
latitude and longitude resolution. Using the monthly mean temperature, precipitation, cloud
cover and solar radiation values, we calculated the mean, maximum, and standard deviation
annually, for each season, and at a lag of 1 year. For the scope of our study we used spring
(March, April, May for the Northern Hemisphere, and September, October, November for the
Southern Hemisphere) and summer (June, July, August for the Northern Hemisphere, and
December, January, February for the Southern Hemisphere) climate variables because that is
when algal biomass is the most abundant. Geomorphic data for each lake such as: mean depth,
lake area, residence time, volume, elevation, and watershed area were taken from HydroLAKES

(Messager et al. 2016)

2.2 Data analyses

Our dataset with solar radiation (D+SR) comprised of 2561 lakes where chlorophyll (response
variable) was tested against total phosphorus (TP), climate (solar radiation, summer and spring
air temperature, precipitation, and cloud cover) and geomorphometry (lake mean depth,
elevation, area, residence time, total volume, and watershed area). The primary variables of
interest (Chl-a and TP) were log10 transformed before applying the randomforest function
(package = randomforest) with iteration = 5 (Liaw and Wiener, 2002). Because we had a larger
dataset of 3878 lakes that included all variables except solar radiation, we also conducted all of

the same analyses on this larger dataset (Dataset excluding solar radiation; D-SR).



2.3 Drivers of Water Quality

We assessed normality of all variables using a Kolmogorov-Smirnov test and a gqgplot using the
“ks.test and gqgnorm” functions in R. Chlorophyll a and total phosphorus (TP) were log-
transformed to satisfy assumptions of normality. Kendall’s Tau correlation coefficients were
calculated between all variables using the “cor” function in R. We used i) random forests; ii)
linear models; and iii) principal component analysis to evaluate the relationships between

chlorophyll and nutrient, climatic, and geomorphometric drivers,

We conducted a random forest analysis to identify the nutrient, climatic, and geomorphometric
drivers of chlorophyll a. Decision trees are the basic building blocks for a random forest. The
decision tree is a machine learning algorithm which fits complex datasets with interacting
predictor variables (Ali et al., 2012; Ben-Haim and Tom-Tov, 2010). Random forest analyses are
classified as a strong learner because they are built as an ensemble of decision trees (Ali et al.,
2012; Breiman, 2001). Random forest analyses work through bagging or bootstrap aggregation
where subsets of the training data are randomly sampled, and a model is fit to these smaller data
sets after which the predictions are aggregated (Ali et al., 2012; Breiman, 1996, 2001). For our
analysis we conducted 5 iterations consisting of 500 trees and proximity = TRUE as a similarity
measure which accounts for the number of times certain variables end up on the same node.
Cross validation is not required because bootstrap sampling excludes data that was not used in
the model and creates an out of bag error (oob). This prevents overfitting in the random forest

model.



We then investigated the relationship between Chl-a and TP, and the climate variables mentioned
previously. We fit Chl-a (response variable) against TP and climate variables (explanatory
variables) in linear models. The Linear regression models the relationship between the predictor
and response variables by fitting a linear equation (Y = Xp + €) to observed data (Bhattacharya

and Burman, 2016).

To test the drivers of chlorophyll, we fitted linear regression models (function: Im) with
chlorophyll as the response variable and the climate, nutrient, and lake morphometric variables
as the predictors. We ran separate models for each of the following predictors. Finally, we also
calculated the Akaike information criterion (AIC) values for each corresponding model - where a

lower AIC score is indicative of the most parsimonious model.

We conducted a Principal Components Analysis (PCA) in R (function prcomp) to summarize the
relationships between chlorophyll, climate and nutrient levels with a reduced number of
dimensions. The PCA is an algorithm that generates principal components (axes) along which
the data show the maximum amount of variation. One of the outputs of a PCA is a two-
dimensional ordination plot which can allow for the visualization of relationships among
predictor variables and among individual observations (Legendre and Legendre, 2012). We did
not include the geomorphometric variables because we did not want to overpopulate and
complicate the model. We also generated the PCA visual using the ‘fviz_pca var()’ function

from the package = factoextra.



RESULTS

3.1 Drivers of Water Quality including Solar Radiation (using D+SR)

A random forest analysis on D+SR using nutrient concentrations, climatic variables, and lake
geomorphometric characteristics as predictors explained 60% of variation in lake chlorophyll
levels globally. The random forest regression had a mean of squared residual of 0.12 suggesting
that the model is a good fit (Figure 2a). Total phosphorus was the most important driver of lake
chlorophyll concentrations in D+SR explaining approximately 42% of the total variation (Figure
2a). Other climatic variables, comprising summer and spring air temperatures, solar radiation,
precipitation, and cloud cover cumulatively explained 38% of the variation. Notably, the most
influential climatic variables were summer and spring air temperature, but spring solar radiation
was the next most influential climate variable - even more so than precipitation and cloud cover.
Geomorphometric characteristics accounted for the least amount of variation in chlorophyll
explaining 20% of the variation in D+SR, with lake watershed area being the most important

(Figure 2a).

The linear models on D+SR supported the results from the random forest (Figure 3). The TP-
Chl-a relationship was best explained by a linear model ( P < 0.001, R? 4= 0.47, AIC = 6581.4)
which suggests a fairly strong model fit and a significant positive relationship (Figure 3b). The
linear models also supported the influential role of solar radiation ( P < 0.001, R? .= 0.041, AIC
= 8367.04) (Figure 3a) and summer air temperature ( P < 0.001, R? 44 = 0.14, AIC = 8085.00),

and summer precipitation (P < 0.001, R? .¢j= 0.019, AIC = 8425.50) as positive drivers of Chl-a.
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Conversely, summer cloud cover (P < 0.001, R? .4j = 0.045, AIC = 8356.17) was negatively

associated with chlorophyll a

The first two axes of the PCA of D+SR explained 53.7% of the variation, with principal axis one
explaining 33.8% and principal axis two explaining 19.9% of the variation (Figure 5a). Spring
solar radiation is closely associated with chlorophyll suggesting that spring solar radiation has a
direct and significant influence on chlorophyll growth. Spring solar radiation is also associated
with air temperature and TP, suggesting its potential influence on these variables (Figure 5a,

Figure S1)

3.2 Drivers of Water Quality excluding Solar Radiation

Because surface solar radiation data availability was limited to the time period before 2009, and
we had more recent chlorophyll data from an additional 1,317 lakes, we repeated these analyses

on the larger dataset excluding solar radiation (D-SR; n=3,878).

The random forest model using D-SR produced similar results  to the analysis using D+SR
but explained a lower amount of variation (Figure 2b). The model explained 55.2% of variation
with a mean of squared residual of 0.16. Once again, TP was the dominant driver of chlorophyll
explaining 38% of the variation, while climate variables (with solar radiation excluded)
explained 37% of the variation. Of the climatic variables using D-SR, temperature explained the
most variation, followed by cloud cover, and precipitation. Geomorphometric variables were
again the least influential, explaining 25% of the variation, and lake mean depth being most

important.
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The linear models for TP, climate, and geomorphometric variables remained similar when using
D-SR. TP was the most influential driver of Chl-a, but seasonal (spring and summer) climate
variables (air temperature, precipitation and cloud cover) were also highly influential, and mean
depth emerged as the most influential geomorphometric variable (Figure 4). The relationship
between TP and Chl using D-SR(P < 0.001, R? agj= 0.43, AIC = 11243.92) was once again
significant and positive (Figure 4a). Of the climate variables, summer air temperature (P <
0.001, R? .= 0.13, AIC = 12850.85) and precipitation ( P < 0.001, R? 4= 0.0094, AIC =
13355.72) were positive drivers of Chl-a. While summer cloud cover ( P < 0.001, R? 4= 0.023,
AIC =13303.09 ) and mean depth (P < 0.001, R? 44j= 0.062, AIC = 3920.47) were negative

drivers of chlorophyll.

The PCA calculated using D-SR explained 53.2% of the variation, where the first and second
axis explained 30.6% and 22.6% of the variation, exclusively. In the PCA spring solar radiation
and cloud cover were the dominant drivers of the first axis (Figure 5b). The second axis was
explained by precipitation in the spring and summer (Figure 5b). The PCA using D-SR exhibited
similar patterns to the PCA using D+SR, where TP and air temperature were positively
correlated to chlorophyll concentrations and negatively related to summer and spring cloud cover
(Figure 5b; Figure S2). Spring and summer climatic conditions were strongly positively

correlated suggesting that both seasons strongly influenced summer chlorophyll conditions.
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DISCUSSION

Our study examined chlorophyll a concentrations globally to identify the most influential drivers
of primary production and attempted to understand how these drivers may synergistically
influence the abundance of lake algae. Our models confirmed that total phosphorus (TP) was the
most influential driver of chlorophyll concentrations. However, the cumulative impact of climate
variables (temperature, solar radiation, precipitation, and cloud cover) was equally important as
TP for chlorophyll concentrations in lakes. In particular, solar radiation had a critical influence
on summer chlorophyll when incorporated into our models. Although models were poorer when
solar radiation was excluded, climate variables still explained a significant proportion of
variation in chlorophyll levels. Lake geomorphometric characteristics also explained some

variation in our models, but to a much lesser extent when compared to TP and climate variables.

Our results underscore the role of total phosphorus as a primary predictor of chlorophyll in
freshwater lakes. We found that TP explained approximately 40% of the variation in chlorophyll
a concentrations globally. Total phosphorus has been well established as a predictor of
chlorophyll, including at global scales (Abell et al., 2012; McCauley et al., 1989; Quinlan et al.,
in review). Freshwater ecosystems naturally act as nutrient sinks, as well as receive phosphorus
inputs from a number of human activities (e.g. excess P-fertilizer use (Carpenter, 2005)), P-
containing pesticides (Arbuckle and Downing, 2001), and domestic and industrial sewage (Smith
and Schindler, 2009). Our results showing that the correlation between TP and chlorophyll
concentration was moderate (0.5; Supporting Information) and that TP explained approximately
40% of the variation in chlorophyll concentrations are consistent with previous examinations of

the TP-chlorophyll relationship at global scales (Abell et al. 2012; Quinlan et al., in review).
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Across a large gradient of phosphorus concentrations, the TP-chlorophyll relationship is
sigmoidal, structured by breakpoints related to limitation by nitrogen among other factors
(Quinlan et al., in review). Variation within the global TP-chlorophyll relationship is large and
the nature of the relationship varies among regions (Filstrup et al., 2014). This variation is
postulated to be due to a wide array of factors in addition to nitrogen limitation both when
phosphorus is very high (e.g. Filstrup and Downing, 2017) and very low (e.g. Morris and Lewis,
1988), as well as watershed land use (Filstrup et al., 2014). For example, the accumulation of
algal biomass could be limited by cold water temperatures (Butterwick et al., 2005) or shading
from dense algal blooms (Agusti et al., 1990). Alternatively algal biomass could be greater than
expected due to a combination of lake depth and transparency allowing for specific species to

thrive (Hennemann and Petrucio, 2016).

In addition to exploring the chlorophyll-TP relationship, we were able to examine the importance
of climate variables for predicting chlorophyll levels. The combination of climate variables
considered in our study explained an additional ~40% of the variation in global chlorophyll a
concentrations when calculated using D+SR and D-SR. For example, we found that chlorophyll
a concentrations were higher in regions with greater solar radiation inputs. Light limitation of
algal growth has been demonstrated in many lakes by experiments (e.g. Dubourg et al., 2015)
and can vary by season (e.g. Kolzau et al., 2014). For example, in western Lake Erie, solar
radiation was a top predictor of chlorophyll concentrations in spring and summer compared to
other climate and nutrient factors, explaining 38 and 25% of the total variation respectively each
season (Tian et al., 2017). Increases in winter and spring solar radiation over the past two

decades were drivers of phytoplankton abundance and composition in those seasons in Lake
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Taihu (Deng et al., 2019). Increases in solar radiation have also been linked to warming of lake
water temperatures around the globe (O’Reilly et al., 2015; Schmid and Kdster, 2016; Zhong et
al., 2016). We observed strong correlations between solar radiation and air temperature across a
global set of lakes (Figure S1). Solar radiation contributes to lake heat budgets and water
temperatures (Schmid et al., 2014), thus our lake temperatures were also likely warmer with
greater solar radiation. Warmer water temperatures increase algal growth rates and have been
linked to increases in chlorophyll and algal blooms (Ho et al., 2019). Since we did not have
water temperature data, we could not examine if the importance of solar radiation for predicting
chlorophyll was related to water temperature, increased light availability, or both. Additionally,
we were unable to explore trends in chlorophyll concentrations within lakes, which could also
facilitate understanding the relative roles of these different drivers. We suggest that future studies
investigate the contribution of global brightening as well as water temperature to chlorophyll

trends in lakes around the world.

Considering climate factors other than solar radiation (using D-SR), our results at the global
scale were similar to those found in regional studies that incorporated climate at seasonal scales.
Our analyses suggested that the largest driver of summer chlorophyll was summer temperature,
followed by spring solar radiation and spring precipitation (Figure 2a). Chlorophyll
concentrations were highest in warmer regions with higher solar radiation inputs (Figure 3a;
Figure S1). When analyzing D-SR, cloud cover became one of the top three factors, which was
highly negatively correlated to solar radiation in this study. Warmer water temperatures facilitate
faster growth rates, and spring precipitation likely increases nutrient inputs to lakes, potentially

setting up ideal conditions for algal growth into the summer. However, the selection of climate
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variables found to predict chlorophyll levels and their relative importance can vary significantly
among studies. For example, summer and spring temperature, as well as winter precipitation,
were the most important predictors of chlorophyll among lakes in the northeastern region of the
United States (Collins et al., 2019). However, a similar study found that water clarity in the
northeast US correlated more strongly with summer precipitation, and not with maximum air
temperatures, while in the midwest there was no relationship to summer precipitation and a
negative correlation with maximum air temperatures (McCullough et al., 2019). The ability to
identify the major drivers of lake chlorophyll depends on both the suite of factors incorporated
into the analyses as well as the time scales that are involved. Most prior studies have been
regional in scale and investigated only temperature and precipitation (e.g. Collins et al., 2019)
using lag times of conditions ranging between the prior two weeks (Lennard, 2019) to the
previous year (Collins et al., 2019). In addition, lake trophic status can be an important
consideration, as a global study of 188 lakes found that the relationship between water
temperature and chlorophyll was positive for eutrophic lakes, but negative for oligotrophic ones
(Kraemer et al., 2017). Thus, while it is difficult to compare specific findings across studies,
temperature and precipitation are consistently key overarching drivers, and it is clear that lake

water quality is sensitive to climate in ways that are highly variable within and across regions.

Our results showed that the relationships between chlorophyll and lake geomorphometric and
hydrological factors were less important in the broader context of climate and nutrients.
Although geomorphic factors (area, mean depth, and elevation) and hydrology (residence time)
did play a role in determining chlorophyll, these factors were much less important than climate

and total phosphorus. Lake mean depth was the most important of these factors, but in
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combination, morphology and residence time only contributed to about 20% of the variation in
chlorophyll (Figure 1). Mean depth and water residence time have explained a much greater
proportion of the variation in other studies, but this may be because all lakes considered in those
studies were relatively deep (Liu et al., 2012). When lakes are deep, other factors such as surface
area can also become important (Huang et al., 2014). Ultimately, lake depth affects the mixing
regime and degree of stratification, which is probably the more proximal factor influencing the
TP-chlorophyll relationship. Chlorophyll was negatively correlated with mean depth, as has been
found in other studies (Figure 3f, Canfield et al., 2016; Fergus et al., 2016). Longer residence
times allow for the development of greater biomass in lakes that already have high nutrient
concentrations (e.g. Huang et al., 2014), but do not appear to influence chlorophyll
concentrations in lakes that have low nutrient concentrations (e.g. Ndges, 2009). Overall, our
results are consistent with various regional studies that indicate the influence of lake morphology
and hydrology on chlorophyll but highlight that these factors are relatively minor compared to

climate and total phosphorus.
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CONCLUSION

While our study underscored the importance of TP as a driver of chlorophyll concentrations, we
also found that the role of climate was just as important as TP. The primary role of TP in
chlorophyll has been well established, but the variation within this TP-chlorophyll relationship is
large (Quinlan et al., submitted). Our results indicate that the factors contributing to this variation
are primarily composed of a combination of climate and geomorphometric drivers, but climate
variables clearly emerged as important drivers of chlorophyll, highlighting their role in
ecosystem structure at various spatiotemporal scales (Collins et al., 2019). Geomorphometric and
hydrological features were also important but had a reduced role relative to climate in terms of
explaining overall variation in summer chlorophyll. The relatively similar contributions of
climate and nutrients suggest that management plans focused primarily on nutrient reductions
may also need to consider the implications of ongoing climate change in order to achieve the
desired outcomes (Trolle et al., 2011; Paerl et al., 2016). Our study highlights the specific aspects
of climate that should be taken into consideration, and fortunately future projections for these
climate variables are readily available from existing climate models (Flato et al., 2013). Changes
in temperature and precipitation during spring and summer seasons are occurring across many
parts of the world, and these changes will clearly present challenges for management of water

quality if not incorporated into water quality management frameworks.
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Figure 1. Maps showing lake locations for which water chemistry and climate data were
collected for (a) 2561 lakes for which solar radiation data were available in addition to water
chemistry and climate data (water temperature, precipitation, and cloud cover), (b) 3878 lakes for
which there were only water chemistry and climate data available.
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Figure 2. Stacked bar plot representing the proportion of variation explained by each variable in

the random forest model. These variables are all drivers of chlorophyll in (A

dataset which include solar radiation (D+SR) and (B
include solar radiation data (D-SR). Variables are separated in groups characterized by nutrients
(total phosphorus), climate (spring and summer solar radiation, cloud cover, precipitation, and air

temperature), and morphology (elevation, lake area, mean depth, residence time, volume,

watershed area).

) the 2561-lake
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Figure 3. Chlorophyll concentrations plotted against the most influential climate and
geomorphometric drivers for the 2561-lake dataset that includes solar radiation (D+SR), with
linear models for (a) spring solar radiation (R? agj= 0.041), (b) total phosphorus (R? ag= 0.47), (c)
summer air temperature(R? aqj = 0.14), and (d) summer cloud cover (R? 45 = 0.045).
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Figure 4. Chlorophyll concentrations plotted against the most influential drivers for the 3878-
lake dataset without solar radiation (D-SR), with linear models for (a) total phosphorus
concentrations(R? agj= 0.0094) , (b) summer air temperature (R? = 0.13), (¢) summer cloud
cover (R? agj= 0.023) and (d ), mean lake depth (R? 2= 0.062).
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Figure 5. Principal Component Analysis for (a) the 2561-lake dataset (D+SR) and (b) the 387
8-lake dataset (D-SR). The most variation is explained by Principal Component 1 (Dim1),
followed by the second principal component axis (Dim2). The arrows depict the environmental
variables considered in the analysis. The longer the arrow, the more influential the variable. The
angle between arrows suggests the correlation between variables. The acronyms are as follows:
TP (total phosphorus), Temp (temperature), Ppt (precipitation), srad (solar radiation), Cldcvr
(cloud cover)
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Table S1. A summary table of the geomorphometric, water chemistry, and climate data extracted
for both datasets encompassing 2561 (data including solar radiation data; (D+SR)) and 3878
lakes (dataset excluding solar radiation data (D-SR)). The units for each variable are listed next
to the variable of interest. The mean and range has been calculated for each variable. *Data
sourced from HydroLAKES (Messager et al. 2016). Shoreline development measures the degree
of deviation of a lake’s surface shape from a circle; a value of 1 implies a perfectly circular shape
and higher values indicate increased shoreline sinuosity (Messager et al. 2016).

temperature

Variable Units Mean: Range: D+ SR Mean: D- SR | Range: D-SR
D+SR
Year 2004 1982-2009 2003 1956-2018
Latitude Decimal 41.38 -41.35 - 64.27 42.47 -41.35-81.33
degrees
Longitude Decimal -79.65 -152.94 - 120.97 -68.84 -158.04 — 176.59
degrees

Elevation* m 302.2 -1-3392 303.3 -1423

Area* km? 3.65 0.1-763.41 57.99 0.1-81843.92

Volume* 10% m3 10821019 111700- 1.1E+07 111700 -
303068120 303068120

Mean depth* m 4.4821 0.30 - 32.60 4.95 0.30 - 62.4

Residence time* | Days 629.8 0.1-131102.7 695.4 0.1-131102.7

Watershed area* | km? 476.43 0.1-99952.60 1630.2 0.1-766137.4

Shoreline 103 km 8.416 1.370-394.240 22.95 1.28 - 5248.36

length*

Shore 10.534 1.280 - 696.8 2.007 1.040 - 21.160

development*

Chla mg/L 0.01643 | 0.00010 - 0.7300 0.01921 0.00010 -

0.93290
TP mg/L 0.05593 0.001-1.99 0.06233 0.00020 - 3.6
Spring °C 9.025 -6.083 - 29.133 8.458 -56.917
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Summer °C 20.975 8.283 - 29. 767 20.25 -31.22
temperature
Spring mm 89.223 6.367 - 220.8 83.09 1.5-244.30
precipitation
Summer mm 91.92 0.1-262.73 90.79 0.1-384.03
precipitation
Spring cloud % 66.63 41.50 - 79.27 65.61 32.50 - 85.20
cover
Summer cloud % 60.19 15.43 - 82.93 59.4 15.43 - 85.93
cover
Spring max kJ m day 181.1 125.2 - 264.2 3 3
radiation !
Summer max kIm?2day | 235.2 165.3 - 326. 6 3 3

1

radiation
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Figure S1. Kendall’s Tau correlations between chlorophyll a, total phosphorus (TP), summer
climate variables, spring climate variables, and geomorphometric characteristics for a) the
dataset with solar radiation (D+SR). Warm colours indicate positive relationships, whereas
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cooler colours represent negative relationships. Squares which are left blank and white are done

so because they are not significantly related (P>0.05). The acronyms are as follows: TP (total
phosphorus), Temp (temperature), Ppt (precipitation), srad (solar radiation), Cldcvr (cloud

cover).
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Figure S2. Kendall’s Tau correlations between chlorophyll a, total phosphorus (TP), summer
climate variables, spring climate variables, and geomorphometric characteristics for the larger
dataset without solar radiation (D-SR). Warm colours indicate positive relationships, whereas
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cooler colours represent negative relationships. Squares which are left blank and white are done

so because they are not significantly related (P>0.05). The acronyms are as follows: TP (total
phosphorus), Temp (temperature), Ppt (precipitation), srad (solar radiation), Cldcvr (cloud

cover).
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SUMMARY

Spatial patterns in water quality can be highly variable and the spatial variation within and
among lakes can be structured at the regional (climate, atmospheric deposition, and regional
landscape characteristics) and local spatial scales (lake morphometry, land use/ cover,
geomorphic setting, and hydrology). Here we quantify the spatial patterns and drivers of
chlorophyll a concentrations in 7194 lakes across the United States to answer: 1) What are the
spatial patterns in water quality? 2) What are the relevant spatial signatures of chlorophyll a and
its drivers? 3) What is the relative importance of nutrients, morphology, climate, and land use on
chlorophyll? We synthesized a US wide database on lake water chemistry, with a focus on
chlorophyll a, in addition to lake geomorphometry, climate, land use and human population for
each lake. We found that together these variables explained 66% of the variation in Chl a
concentrations. Local variables which include total phosphorus (TP) and lake morphology
explained fifty percent of the unique and shared variation in chlorophyll levels. Spatial patterns
explained an additional 23% of the variation. Sixteen percent of the variation in chlorophyll a
was explained by climate, and 11% of the variation was explained by land use. Local variables,
in particular TP, uniquely contributed 27% of the variation, whereas spatial patterns uniquely
explained only 3% of the variation. Our research suggests that local spatial scales (distances
<500km) and local factors (nutrients, and phytoplankton communities) are more influential than
regional and national spatial scales for explaining primary production. As such, we recommend
that management efforts and legislation should focus on drivers acting at local spatial scales,

such as nutrient inputs, rather than only broader regional spatial scales.
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INTRODUCTION

Spatial patterns in water quality can be highly variable, driven by many interacting factors
(Fergus et al. 2016) including human population, nutrient inputs, climate, land use, and lake
morphology (Peters & Meyback, 2000; Liu et al., 2010; Saad et al., 2013; Green et al.,

2015). The spatial variation within and among lakes can be found at the regional (climate,
atmospheric deposition, and regional landscape characteristics) and local scales (lake
morphometry, land use/ cover, geomorphic setting, and hydrology) (Soranno et al., 1999).
Current trajectories in climate (Michalak, 2016), the continuing influence of nutrient
management legacies (Sharpley et al., 2013), changes in land use associated with agriculture,
industry, and recreation, and the growing demand for clean freshwater (UNEP), underscore the
importance of understanding the relative importance of drivers of water quality. Furthermore, it
is critical to identify interactions between various drivers and determine how these interactions
vary spatially. These climate, land use, nutrient inputs, human population, and lake morphology
drivers are influential in exacerbating water quality degradation through increases in primary
production and algal biomass (de Oliveira Marcionilio et al., 2016). Here, we use chlorophyll a
concentrations as a proxy of primary production as chlorophyll a is widely used to assess
primary production owing to its ubiquity in a wide range of lake types and geophysical regions

(de Oliveira Marcionilio et al., 2016).

Understanding the threat climate change poses to lake ecosystems around the globe (
Rosenzweig et al., 2007; Michalak, 2016) is an urgent task for limnologists Fortunately, climate-
related signals and their responses are quite visible and easily measurable in lakes (Magnuson et
al., 2000; Verburg et al., 2003; O’Reilly et al., 2015; Sharma et al., 2019). For example solar

brightening and warming waters (O’Reilly et al., 2015), increased nutrients entering the lake
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from precipitation events (Stockwell et al., 2020), and shifts in ice formation and thaw times
(Magnuson et al., 2000) have all elicited responses individually and synergistically in
phytoplankton communities (Hayes et al., 2015). Larger and more frequent storms can dislodge
and mobilize large particles (Trenberth et al., 2003; Reichwaldt & Ghadouani 2012) wherein
lakes may receive 80% - 400% of their average annual in-lake pools of N and P (Reichwaldt &
Ghadouani 2012), which can be directly used by primary producers. Similarly, Collins et al.
(2019) suggested that warmer summer air temperatures and increased winter precipitation have
been directly linked to increased algal biomass in northeastern United States. Further, warmer
temperatures and increased solar radiation inputs have contributed to earlier ice-out dates
resulting in a longer growing season for phytoplankton communities and higher chlorophyll a
levels (Woolway et al., 2020). In the presence of these climatic drivers there is a general
increasing trend in algae and algal growth, however each lake has its own unique morphological

characteristics which impact the degree to which algal growth may occur.

The morphometric features of a lake can directly or indirectly affect the limnological processes.
Lake surface area may influence dilution capacity of the lake system (Moses et al., 2011), as
found in Eastern China where lakes with smaller surface areas had greater chlorophyll a levels
(Huang et al., 2014). However, larger catchment areas are susceptible to greater inputs of
nutrient loads ultimately leading to increased primary production (Castello et al., 2016).
Although drivers such as climate are largely influential in lake primary production, the degree
and rate at which this occurs is dependent on the lake characteristics itself. Within lake
processes such as residence time, sediment delivery, stratification, productivity and resuspension
(Moses et al., 2011; Liu et al., 2012) in a lake system are largely influential in determining how

much algae and algal growth can be sustained by the lake.
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Further, land use can influence chlorophyll a concentrations. For example, lakes in the United
States at the regional watershed scale and metropolitan area level have shown heterogeneity in
hydrological response to urbanization (Poff et al., 2006; Brown et al., 2009; Hopkins et al., 2015)
and agricultural land use (Morrice et al., 2008; Whaley & Luo, 2017). Hydrologic changes
typically associated with urbanization include increased frequency and magnitude of high-flows,
higher runoff efficiency, and reduced baseflow (Walsh et al., 2005). Studies conducted by Poff et
al. (2006) and Brown et al. (2009) suggested urbanization increased runoff levels after large
precipitation events in the southeastern and northwestern regions of the U.S., decreased in the
southwestern U.S., and resulted in no change in the central region. Both studies concluded that
there is great variability amongst different regions, and this may be attributed to the various
usages of surrounding land (e.g. industry, increased populations, sewer systems). It is predicted
that by 2030, 84% of the U.S. population is expected to reside in urban areas (United Nations
Population Services, 2014) and such increases in impervious cover may alter hydrologic

regimes. At the watershed scale, urbanization can cause shifts in runoff processes that directly
impacts nutrient loading, carbon cycling, and the community composition and function of
macroinvertebrates and fish (Hopkins et al., 2015). Similarly, watersheds surrounded by
agricultural land use have shown high chlorophyll levels (Morrice et al., 2008; Wagner et al.,
2011). Agricultural land use consists of croplands (farming practices) (Singh, 2002) and
pasturelands (raising livestock) (Cournane et al., 2011). The application of pesticides for
farming practices contributes high levels of potent phosphorus (Hu et al., 2013), while
pasturelands are often subject to soil erosion events (Cournane et al., 2011). Both contribute to
increased nutrient loading and higher chlorophyll levels in lakes (Wagner et al., 2011). Although

lakes that are part of the same watershed share similar characteristics, local scale variations in



40

lakes need to be further understood to quantify the hydrologic changes that are driving declines

in aquatic ecosystem health.

Our overall objective was to quantify the spatial patterns and drivers of chlorophyll a
concentrations in 7194 lakes across the United States. More specifically, we asked: 1) What are
the spatial patterns in water quality? 2) What are the relevant scales of spatial autocorrelation for
chlorophyll a and its drivers? 3) What is the relative importance of nutrients, morphology,
climate, and land use on chlorophyll variability among lakes? Based on previous studies, we
hypothesized that total phosphorus would be the primary driver of variation in chlorophyll a
levels among lakes. However, we also hypothesized that land use in lake catchments would be an
important factor explaining variation in chlorophyll concentrations among lakes. Finally, we
hypothesized that chlorophyll a levels and trophic status would show spatial structure in
response to spatially structured environmental variables, but after factoring in the major spatially

structured environmental variables, space would no longer be important.

METHODS

2.1 Data Acquisition and Dataset Compilation

We conducted a systematic review to develop a global chlorophyll database for approximately
11,000 lakes with over 250,000 sampling points (Filazzola et al., in review) (Figure 1). For this
study, we used a subset of this database for the 48 contiguous states of the United States which
included chlorophyll data for 7194 lakes. Each chlorophyll a measurement corresponded with
the year in which the measurement was taken and the lake’s latitude and longitude. In instances
where the same lake was sampled in multiple locations, we took the median values of measured

data for that lake. When a lake was sampled multiple times within the same year (e.g. monthly),
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we extracted data from the time when chlorophyll a values were greatest. If a lake was sampled
over multiple years, we selected data from the most recent year because it most closely
resembles the most recent status of that lake.

Nutrients and morphology

Chemical and physical data were extracted during our systematic review when available,
including: TP, total nitrogen (TN), dissolved organic carbon (DOC), dissolved oxygen (DO),
pH, surface area, volume, maximum lake depth, mean lake depth, and Secchi depth (Filazzola et

al., in review). Further, we used the HydroLAKES database (www.hydrosheds.org) to acquire

morphological characteristics such as maximum and mean lake depth, elevation, surface area,
water residence time, shoreline length, and watershed area for each lake greater than 10 ha in
surface area (Messager et al., 2016).

Climate

We extracted monthly air temperature (°C), precipitation (mm), cloud cover (%) for each lake,
and sampling year from the University of East Anglia’s Climate Research Unit (CRU) online
open access database (Harris et al., 2020). CRU interpolates air temperature and precipitation
from meteorological station measurements and summarizes the database on a grid at a 0.5°
latitude and longitude resolution. Using the monthly mean temperature, precipitation, cloud
cover and solar radiation values, we calculated the mean, maximum, and standard deviation
annually, for each season, and at a lag of one year. Further, shortwave incoming solar radiation
in the near infrared (0.2-4 um) data were collected from the National Solar Radiation Database
(NSRDB) between 1998 and 2014. For the scope of our study, we used spring (March, April,
May) and summer (June, July, August) climate variables when algal growth is highest and to

correspond to our summer chlorophyll values.


http://www.hydrosheds.org/
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Land use and human population data

Land use data were collected from The Terra and Aqua combined Moderate Resolution Imaging
Spectroradiometer (MODIS) Land Cover Type (MCD12Q1) (Giglio et al., 2015). Version 6
provides global land cover types at yearly intervals (2001-2018). Land use data were extracted
for 2015 to keep it consistent with the gridded population of the world (GPW) data whose most
recent data file for 2015 (Center for International Earth Science Information Network - CIESIN -
Columbia University, 2016). We calculated the proportion of 17 different landscape categories
within the lake watershed (Giglio et al., 2015; Moslenko et al., in preparation) for each lake.
Further, we acquired the distribution of human population (counts and densities) on a continuous
global raster surface from the GPW at a resolution of 1km*1km (Center for International Earth

Science Information Network - CIESIN - Columbia University, 2016).

2.2 Data analyses

We assessed normality of all variables using a Kolmogorov-Smirnov test and a qgplot using the
“ks.test and qgqnorm” functions in R. Chlorophyll a and total phosphorus (TP) were log-
transformed to satisfy assumptions of normality. Spearman’s rank correlation coefficients were

calculated between all variables using the “cor” function in R.
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2.3 Spatial patterns and drivers of water quality

Spatial patterns and scales of water quality

We categorized all 7194 lakes by their trophic status using chlorophyll a based on the Trophic
Status Index developed by Carlson (1977). Oligotrophic lakes were classified as those with
chlorophyll a values below 0.0026 mg/L. Mesotrophic lakes were classified as lakes with
chlorophyll a values between 0.0026 and 0.02 mg/L. Eutrophic lakes were categorized as lakes
with chlorophyll a values between 0.02-0.056 mg/L. Lakes where chlorophyll values exceeded
0.056 were categorized as hyper-eutrophic (Carlson 1977). We used the Carlson (1977) index
because it is currently the most cited index in the literature when classifying lake trophic
statuses.

Spatial signatures of chlorophyll a and its drivers

We used Moran’s I correlograms to identify the scale at which chlorophyll a and total
phosphorus were spatially autocorrelated using the “correlog” function in the pgirmess package
in R (Giradoux, 2018). The resulting correlogram shows the results of tests for spatial
autocorrelation over a range of distance classes based on Moran’s I (Moran, 1950). Moran’s [
values can range from -1 to 1, with values further from zero representing stronger positive or
negative spatial autocorrelation (Moran, 1950). Positive (and significant) Moran’s I values in a
correlogram indicate that, for a given distance class, correlations within that class are more
similar than is expected by chance; a negative (and significant) Mantel’s r indicates the inverse,

where correlations are less similar than is expected by chance.

To complement the Moran’s I correlograms, we developed spatial predictor variables for our
dataset using Moran Eigenvector Maps (MEMs; Dray et al., 2006). We constructed the MEMs

using the adespatial package in R (Dray et al., 2012). Candidate spatial weighting matrices were
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constructed with the listw.candidates function using a variety of connectivity matrices and
weighting matrices. The connectivity matrices considered were Delaunay triangulation,
minimum spanning tree, or nearest neighbour connection schemes, while the weighting matrices
were based on linear, concave up, or concave down functions, or had no weights added (Borcard
et al., 2011). The listw.select function was then used to test candidate spatial weighting matrices
against the chlorophyll data. The listw.select function selects the best spatial weighting matrix
and best subset of eigenvectors for use as spatial variables in models (Bauman et al., 2018).
These spatial variables were then used in our analyses along with local physicochemical
variables. We used a dataset of 2240 lakes for the MEM and variation partitioning analysis as

there were no missing data in any of the predictor variables.

Relative importance of drivers of chlorophyli

We conducted a variation partitioning analysis to quantify the relative importance of spatial
patterns using local variables, climate, land use, and space represented by X1, X2, X3, and X4
respectively (Borcard et al., 1992; Sharma et al., 2011). Each consisted of the following
variables - local variables: TP, lake area, volume, average depth, residence time, elevation,
watershed area; climate variables: summer temperature, spring temperature, spring solar
radiation, summer solar radiation, summer precipitation,summer cloud cover, spring cloud cover;
land use: croplands, woody savannas, deciduous broadleaf forests, mixed forests; and space:

represented by the 88 significant MEMs.

In parallel, we conducted a random forest analysis to identify the nutrient (TP), climatic (spring
and summer solar radiation, air temperature, precipitation, and cloud cover), and

geomorphometric (lake mean depth, elevation, area, residence time, total volume, and watershed
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area), land use, and human population drivers of chlorophyll a amongst the lakes. The primary
variables of interest (Chl a and TP) were log10 transformed before applying the randomforest
function (package = randomforest) with iteration = 5 (Liaw and Wiener, 2002). Decision trees
are the basic building blocks for a random forest. The decision tree is a machine learning
algorithm which fits complex datasets with interacting predictor variables (Ali et al., 2012; Ben-
Haim and Tom-Tov, 2010). Random forest analyses are classified as a strong learner because
they are built as an ensemble of decision trees (Breiman, 2001; Ali et al., 2012). Random forest
analyses work through bagging or bootstrap aggregation where subsets of the training data are
randomly sampled, and a model is fit to these smaller data sets after which the predictions are

aggregated (Ali et al., 2012; Breiman, 1996, 2001).

RESULTS

Spatial patterns and scales of water quality

The trophic status of more than half of American lakes are categorized as mesotrophic (moderate
levels of Chl-a) and distributed across the United States (Figure 1). Over 25% of the lakes across
the United States were categorized as eutrophic and hyper-eutrophic, suggesting that one quarter
of American lakes were highly productive with degraded water quality. Hyper-eutrophic lakes
tended to be found in the mid-west or in close proximity to large cities along the eastern

shore (Figure 1). Eighteen percent of the lakes were categorized as oligotrophic and tended to be

found in northern regions of the United States and along the Rocky Mountains (Figure 1).

Spatial signatures of chlorophyll a and its drivers

The spatial signatures of chlorophyll a and its drivers were classified based on distances at which

they were spatially autocorrelated. Distances less than ~500 km were classified as local, 500-
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1500 km as watershed, and >1500 km as regional scales. Spatial autocorrelation for chlorophyll
(Figure 2a) was significant at distances less than ~1500 km suggesting that it has a spatial
signature at the watershed level. Water chemistry variables, such as total phosphorus (Figure
2b), pH (Figure 2f), and morphological variables such as depth (Figure 2d) exhibited weak, but
significant spatial autocorrelation at distances less than ~500 km, suggesting that they are
spatially structured at the local scale. Elevation (Figure 2e) and proportion of croplands (Figure
2¢) (Figure 2e) exhibited moderate spatial signatures at the watershed level. Climate variables
such as summer precipitation (Figure 2g), solar radiation (Figure 2h), and temperature (Figure
2i) exhibited significant spatial autocorrelation at distances >1500 km suggesting that their
spatial signatures are at the regional scale. Of the climate variables, the spatial signature for

temperature and solar radiation are very broad and were found at distances >4000 km.

Spatial patterns in chlorophyll concentrations were significant at the regional, watershed, and
local spatial scales. Moran Eigenvector Maps explained 36% of variation in chlorophyll without
consideration of other drivers. The four MEMs that explained the largest amount of variation in
chlorophyll levels among lakes are plotted in Figure 3. These four MEMs, 73, 364, 25, and 378,
explained 2, 1.5, 1.4, and 1.3% of variation respectively (Figure 3). The intermediate spatial
patterns (MEM 73 and 25) (Figure 3a, 3c) reflecting watershed spatial scales explained a
combination of 3.4% of the variation, whereas the fine spatial patterns (MEM 364 and 378)

(Figure 3b, 3d) representing local spatial scales explained 2.8% of the variation.

Relative importance of drivers of water quality

Variation partitioning analysis explained 66% of the variation in chlorophyll levels in freshwater

lakes across the United States. 50% of the unique and shared variation in chlorophyll levels was
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explained by local variables including TP and lake morphology (X1). Spatial patterns explained
an additional 23% of the variation (X4). 16% of the variation in chlorophyll a was explained by
climate (X2), and 11% of the variation was explained by land use (X3). Local variables, in
particular TP, uniquely contributed 27% of the variation. After consideration of local, climate,

and land-use variables, spatial patterns uniquely explained only 3% of the variation (Figure 4).

The random forest analysis on 2240 lakes dataset using nutrient concentrations, climatic
variables, land use, and lake geomorphometric characteristics as predictors explained 61% of
variation in lake chlorophyll levels in the United States. The random forest regression had a
mean of squared residuals of 0.1109 suggesting that the model is a good fit (Supplementary
figure 1). TP and the combination of climate variables explained similar amounts of variation in
chlorophyll a (30% and 32% respectively). Summer and spring temperature followed by spring
and summer solar radiation were the most influential of climate variables. Land use variables
explained the second most variation (20%) where croplands were the most influential land use
variable on lake chlorophyll production. Geomorphometric characteristics and human

population explained the least variation (16% and 2%) respectively.

Of all the drivers assessed (Supplementary figure 2), TP was the most strongly correlated with
Chl-a concentration, suggesting Chl-a increases with TP (r = 0.59, P < 0.001). Chl-a was
positively correlated with spring and summer air temperature (r = 0.28, P < 0.001 and r = 0.28,
P<0.001 ), spring and summer solar radiation (r = 0.16, P <0.001 and r = 0.15, P<0.001 ), spring
precipitation and summer precipitation (r = 0.05, P < 0.001 and r = 0.14, P < 0.001), and land use
types: evergreen broadleaf forest (r = 0.09, P < 0.001), savannas (r = 0.11, P < 0.001), grasslands
(r=0.04, P <0.001), permanent wetlands (r = 0.04, P<0.001), croplands (r = 0.33, P < 0.001),

permanent snow and ice (r =0.17, P <0.001), and cropland/natural vegetation mosaics (r = 0.20,
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P <0.01). Chlorophyll was negatively correlated with elevation (r = -0.05, P < 0.001), summer
cloud cover (r =-0.1, P <0.001), and land use types: evergreen needleleaf forests (r = -0.15, P <
0.001), deciduous broadleaf forests( r = -0.24, P < 0.001), mixed forests (r = -0.29, P < 0.001),
open shrublands(r = -0.04, P < 0.001), woody savannas(r = -0.22, P < 0.001), permanent snow
and ice(r =-0.07, P <0.001,), barren ( r =-0.03, P < 0.001), and water bodies (r =-0.12, P <

0.001).

DISCUSSION

Our study quantified spatial patterns and their underlying drivers on chlorophyll a concentration
in freshwater lakes across the United States. We found that the majority of lakes across the
United States are mesotrophic (Figure 1). Furthermore, we showed that significant
morphological and water quality drivers of chlorophyll, such as total phosphorus, lake depth, and
pH, are spatially autocorrelated at the local scale (< ~500kms), whereas land use and altitudinal
drivers of Chl a were spatially autocorrelated at the watershed scale (~500-1500km). Lastly,
climactic drivers, summer temperature, solar radiation, and precipitation, were spatially
autocorrelated at the regional scale (>1500km). Amongst the tested drivers, climate variables
synergistically explained the most variation, however total phosphorus (TP) independently
explained nearly as much. Land use, lake morphology, and human population were also
important drivers in structuring lake chlorophyll a levels but explained significantly less
variation compared to climate and TP. Spatial structure explained relatively little extra variation

once nutrients, lake morphology, land use, and climate variables were considered.
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Spatial patterns and scales of water quality

We found that over 25% of the lakes in the US are eutrophic or hyper eutrophic suggesting that
they have high levels of chl-a. These lakes with degraded water quality are primarily situated in
the midwest and northeast USA (Figure 1). Eutrophic lakes have high levels of biological
productivity owing to the large inputs of nutrients they receive such as phosphorus (Chislock et
al., 2013). Eutrophic lakes may initially have high levels of oxygen provided by a large number
of plants but once a threshold is crossed the lake fauna suffers due to the high levels of
respiration by the living vegetative matter (Chislock et al., 2013). This rate of change may be
exacerbated by human interactions that lead to greater phosphorus loadings. Hypereutrophic
lakes with even greater biological productivity and limited transparency (Kowalczewska-Madura
et al., 2017) suffer from a very high supply of growth nutrients and have visibility limited to
lower than 3 feet. There are potential dead zones where the overgrowth of algae often suffocates
the fauna below the water depths and can no longer sustain any wildlife and/or plants
(Kowalczewska-Madura et al., 2017). Mesotrophic lakes comprise the majority of US lakes with
an intermediate level of productivity, although owing to their medium-level nutrients. Waters
may be clear or brackish depending on nearby landscapes (Dittrich et al., 2013). Finally,
oligotrophic lakes were found in the northern regions of the US and have the lowest proportion
of the trophic classes (Tanabe et al., 2017). Oligotrophic lakes can support aquatic species who
require well-oxygenated, cold waters, typically in colder regions of the world where mixing of

nutrients is rare and slow due to the low water temperatures (Tanabe et al., 2017).
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Spatial signatures of chlorophyll a and its drivers

We found that chlorophyll a concentrations were structured by spatial patterns and drivers acting
at local, watershed, and regional scales using Moran’s I correlograms and Moran Eigenvector
Maps. For the scope of clarity and differentiation, based on the Moran’s I correlograms we
classified the local scale by limnological (chemical — nutrients (TP) and pH and lake
morphometric (physical, i.e., mean depth) variables that influence water attributes, the
watershed scale by landscape and land use characteristics, such as agricultural landscapes, and
regional scales by climate variables (i.e., summer temperature, solar radiation, and precipitation)
which operate at larger spatial scales (Carneiro et al., 2014; Wu et al., 2014; de Oliveira
Marcionilio et al., 2015). The spatial signature range for summer temperature and solar radiation
was exceptionally large and was positively spatially autocorrelated at distances >4000km similar
to Di Cecco & Gouhier (2019) who suggest that the spatial signature of temperature may extend
even further to the global spatial scale. These larger regional scales may act as constraints or
drivers of the local factors (Ward et al., 1998; Miranda et al., 2014; de Oliveira Marcionilio et
al., 2015). At the local scale nutrient availability, in particular TP, which is heavily linked to
chlorophyll and primary production also exhibits positive spatial autocorrelation — which is

fitting owing to the close ChlA — TP relationship (Fergus et al., 2016; Quinlan et al., in review).

Our results are supported by earlier studies conducted at smaller spatial scales which have
suggested that lake chlorophyll levels are influenced by local, watershed, and regional drivers.
For example, LaPierre et al (2015) suggested that ChlA was spatially autocorrelated for lakes

situated 200km from one another in 7 different ecoregions in eastern Canada. Similarly, Soranno
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et al. (2010), Wagner et al. (2011), and Filstrup et al. (2014) all worked with a dataset of 2105
lakes from 35 ecoregions collected from midwestern and northeastern United states. Here,
strong ChlA and TP relations were identified but each varied by one order of magnitude (e.g.
3.5-69.4 ug/L and 7.6-168.1 ug/L respectively) between regions. It was suggested that
management practices be conducted at smaller, more local scales because of such variation
(Soranno et al., 2010; Wagner et al., 2011; Filstrup et al., 2014). Lakes adjacent to one another
may share similar morphological characteristics owing to formation history, and likely belong to
the same watershed with similar land use characteristics, such as agricultural (croplands) or
urbanized lands. However, at the broad spatial scale, climate is a large overarching driver which

influences chlorophyll levels as well as other drivers such as phosphorus

Relative importance of drivers of water quality

We found that TP was the single most important driver of chlorophyll based on correlational,
variation partitioning, and random forest analyses. 50% of the variation in chlorophyll a levels
was explained by local variables, consisting of TP and lake morphometry (X1 - Figure 4) and
chlorophyll levels were highest in regions with high TP inputs (r=0.59) suggesting that local
drivers are the most influential (Knowlton & Jones, 1997; Floury et al., 2003; Roozen et al.,
2003; Gray et al., 2013; Carneiro et al., 2014; Miranda et al., 2014; Marcionilio et al.,

2015). Nutrients, such as phosphorus, enter freshwater systems through diverse sources,
including agriculture, urban stormwater runoff, and urban wastewater (Selman & Greenhalgh,
2010). Across the US, at the watershed scale, agriculture is the predominant contributor of

nutrients through the usage of commercial fertilizers and animal manure which is rich in
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phosphorus (Selman & Greenhalgh, 2010; Wagner et al., 2011; Ward et al., 2020). To that end,
we found that many of the eutrophic and hypereutrophic lakes with elevated chlorophyll levels in
our dataset were found in agricultural regions (spearman’s correlation, r=0.33). It is anticipated
that by 2050 the global population will reach > 9 billion people (UNPD, 2008), and with this
growth the dietary demands are also expected to rise. To accommodate the needs of individuals,
the demand for livestock production resulted in larger quantities of manure being produced by
these operations and applied to land as fertilizer (Selman & Greenhalgh, 2010). Frequently, the
rate and timing of land application of manure is dictated by the volume and availability of
manure and not by crop needs. This results in ill-timed or overapplication of manure, further
exacerbating nutrient runoff and leaching that increases lake nutrient loads and increased levels

of primary production (Bosch et al., 2014).

The combination of climate variables, including summer temperature and solar radiation,
explained the most amount of variation in the random forest model. Warmer water temperatures
facilitate faster growth rates for summer algae in the northeastern region of the US (Collins et al.,
2019), where we observed a high occurrence of eutrophic and hyper-eutrophic lakes. Over the
span of 30 years (1980-2010) regions in North America have been experiencing solar
brightening (Wild et al., 2012) and although these patterns vary spatially (Wild et al., 2012) and
temporally (Sanchez-Lorenzo et al., 2015) many lake experiments have shown the influence of
light limitation on algal growth (Kolzau et al., 2014; Dubourgh et al., 2015). In addition,
increases in solar radiation have been linked to warming lake water temperatures globally
(O’Reilly et al., 2015; Schmid and Koéster, 2016; Zhong et al., 2016) and warmer waters have

been associated with increases in chlorophyll and algal blooms (Ho et al., 2019). Interestingly,
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once we accounted for drivers related to nutrients, lake morphometry, land use, human
population, and climate, spatial patterns did not explain much unique variation confirming that

we considered the predominant drivers of primary production in our analyses.

Our findings support recent literature which suggests that the local scales and local factors
(nutrients, and phytoplankton communities) are more influential than regional and country-wide
spatial scales for explaining primary production (Knowlton & Jones, 1997; Floury et al., 2003;
Roozen et al., 2003; Gray et al,. 2013; Carneiro et al., 2014; Miranda et al., 2014; Marcionilio et
al., 2015). As mentioned previously TP has been identified as the key limiting factor for primary
production at the local scale but this is influenced by regional factors such as land use, climate,
and temporal variations (seasonality) (Canfield, 1983; Miranda et al., 2014; Marcionilio et al.,
2015; Quinlan et al., in review). Aside from the influences of large-scale regional factors, there
are interactions between local factors (TP and morphometry) as well that intensify the impacts
and sensitivity of lakes to eutrophication. For example, regions with shallow lakes have higher
TP than deeper lakes owing to greater internal loading (Sorrano et al., 2010). This may be
intensified if the lakes or their respective watersheds are adjacent to agricultural land which have
greater nutrient exports owing to their agricultural activities such as the use of fertilizers
(Sorrano et al., 2010). As such, we recommend that management efforts and legislation should
be proposed based on drivers acting at local spatial scales rather than large regional spatial

scales.
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Figure 1. Maps showing lake locations for which water chemistry and climate data were
collected in the United States. Lake trophic status is indicated by colour based on the Carlson
trophic index Chl-a thresholds, where measures below 0.0026 mg/L are considered oligotrophic,
measures between 0.0026 and 0.020 mg/L are mesotrophic, between 0.020 and 0.056 mg/L are
considered eutrophic, and above 0.056 are hyper-eutrophic.
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Figure 2. Plots of Moran’s I showing spatial autocorrelation in chlorophyll, phosphorus values,
percentage cropland, mean depth, elevation, pH, summer precipitation, summer solar radiation,
and summer temperature values ranging from 0-4000kms. Filled circles denote significant spatial
autocorrelation at p < 0.05.
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Figure 3. Bubble plots highlighting the four MEM’s that explained the highest variation in Chl-
a. The combination of all significant MEM variables explained 36% of the variation in Chl-a.
MEM 73 (a) and MEMZ25 (c) explain 3.4% of the variation and reflect spatial patterns acting at
intermediate and watershed level scales. MEM364 (b) and MEM378 (d) explain 2.8% of the
variation and represent fine spatial patterns acting at local spatial scales.
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Figure 4. Variation partitioning analysis representing the four major groups and their relative
influence on chlorophyll production in freshwater lakes across the United States. X1 is
representative of local variables: TP, lake area, volume, average depth, residence time, elevation,
watershed area. X2 represents climate: summer temperature, spring temperature, spring solar
radiation, summer solar radiation, summer precipitation, summer cloud cover, and spring cloud
cover. X3 represents the land use variables and human population: croplands, woody savannas,
deciduous broadleaf forests, mixed forests, and population. X4 highlights the spatial structure
through the 88 significant MEMs.
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Figure S1. Random forest model (2240 lakes dataset) assessing the key drivers of chlorophyll in
lakes across the United states. The drivers assessed were TP, climate, lake morphology, human
population, and land use. The random forest model explained 61% variation and the mean of

squared residuals was 0.1109.
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Figure S2. Correlation plot (2240 lakes dataset) highlighting the relationship between
chlorophyll (response variable) and total phosphorus (TP), climate, land use, morphology, and
human population (predictor variables). Relationships between predictors variables are also
shown. Values closer to +1 signify a strong positive relation, whereas -1 suggests a strong
negative relationship.
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GENERAL CONCLUSION

In Chapter 1, we assessed water quality trends between 3878 lakes globally by examining
the relative importance of nutrients inputs, climate conditions, and lake morphology on
chlorophyll a levels. Our models which incorporated all of the drivers explained 60% of
variation in lake chlorophyll a levels. Total phosphorus was the most influential driver and
explained 42% of the variation. The relationship between TP and chlorophyll has been well
established (Schindler, 1977) and has been shown at local and regional scales (Abell et al.,
2012), however, our study and Quinlan et al. (in review) shows that this relation also holds true
at the global scale. The climactic drivers: air temperature, solar radiation, precipitation, and
cloud cover cumulatively explained 38% of the variation. Increases in air temperature and solar
radiation were the most influential climactic drivers. The increased air temperatures warmed
surface water temperatures, while the increased solar radiation provided optimal light conditions
for algal production (O’Reilly et al., 2015; Sharma et al., 2015; Zhong et al., 2016; Collins et al.,
2019). Lake geomorphometric drivers were less important compared to nutrient inputs and
climate conditions, however, they explained 20% of variation where mean depth and residence
time were the most important drivers. Lake depth effects stratification and mixing regimes
(Richardson et al., 2017), while residence time encompasses the period in which water is present
in a lake prior to evaporation or replacement by new water (Cha et al., 2017). Both mechanisms
have been linked to aiding the TP-Chl relationship where shallow lakes have nutrients readily
accessible to primary producers Fergus et al., 2016) and have shown to harbor greater algal

biomasses (Huang et al., 2014).
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For Chapter 2, we examined the spatial patterns in water quality across the United States
in 2240 lakes and identified the relevant spatial signatures of chlorophyll, phosphorus, climate,
land use, and morphological variables. Our results suggested that the majority of the lakes in the
US are mesotrophic, however over 25% of lakes are eutrophic or hyper-eutrophic. Mesotrophic
lakes have moderate productivity owing to their limited nutrient levels, whereas eutrophic and
hyper-eutrophic lakes have high levels of biological production and high nutrient levels
(Chislock et al., 2013). Water quality in eutrophic/hyper-eutrophics lakes may reach severe
degradation where they are no longer able to sustain flora or fauna because of dead zones. These
zones have limited oxygen in the water column and there is minimal light penetration beyond
surface waters because of large algal mats (Kowalczewska-Madura et al., 2017). Further, we
examined the spatial signatures of chlorophyll and its drivers which suggested chlorophyll in
locally structured (<500km). This was also the case for TP and morphological variables. Spatial
signatures for land use and climate were broader and were found at the watershed (500 — 1500
km) and regional scales (>1500 km) respectively. It was fitting that TP was also similarly locally
structured because of the strong TP-Chl relationship and the influence phosphorus has on
primary production (Fergus et al. 2016; Quinlan et al., in review). Land use was spatially
autocorrelated at the watershed scale — which may be attributed to large scale farming practices
or urbanization. Climate was found at the regional scale, but it was interesting to note that the
spatial signature for temperature and solar radiation were present at distances >4000 kms. Di
Cecco and Gouhier (2019) suggest that the climactic signatures may even be relevant at the
global scale and act as drivers or constraints to local drivers (Ward et al. 1998; Miranda et al.
2014; de Oliviera Marcionilio et al. 2015). Further, we found that local drivers (comprised of TP

and morphology) were the most influential in structuring lake chlorophyll levels, as they
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explained 50% of variation. In addition, TP was the single most important driver of chlorophyll,
but cumulatively climactic drivers explained the most variation in lake chlorophyll a levels. TP
explained 30% of the variation, whereas all significant climate variables, including temperature,
precipitation, solar radiation, and cloud cover explained 32%. Land use and morphological
drivers were less important compared to TP and climate wherein they explained 20% and 16%
respectively. Recent literature supports our findings as they suggest local drivers are more
influential than regional drivers (Knowlton & Jones 1997; Floury et al. 2003; Roozen et al. 2003;
Gray et al. 2013; Carneiro et al. 2014; Miranda et al. 2014; Marcionilio et al. 2015), however,
they are influenced by regional drivers such as land use and climate (Canfield 1983; Miranda et

al 2014; Marcionilio et al. 2015; Quinlan et al., in review).

Both chapters revealed that TP remains the key limiting factor for primary production,
and its interactions with other local drivers such as morphometry continues to intensify the
impact it has on lake primary production (Sorrano et al., 2010). Geomorphometric and
hydrological features were important but had a reduced role relative to climate in terms of
explaining overall variation in summer chlorophyll. The relatively similar contributions of
climate drivers cumulatively and nutrients suggest that management plans focused primarily on
nutrient reductions may also need to consider the implications of ongoing climate change in
order to achieve the desired outcomes (Trolle et al., 2011; Paerl et al., 2016). In particular,
climactic drivers such as summer temperature and solar radiation act at exceptionally large-scale
distances (>4000km). Cecco & Gouhier (2019) suggest that the spatial signature of temperature
may even be influential at the global spatial scale and may act as constraints or drivers of the
local factors (Ward et al. 1998; Miranda et al. 2014; Marcionilio et al. 2015). As such, we

recommend that management efforts and legislation be proposed based on drivers acting at local
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spatial scales with consideration of broader regional spatial scales (Soranno et al. 2010; Wagner

et al. 2011; Filstrup et al. 2014).
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