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Abstract Excess nutrient pollution contributes to the formation of harmful algal blooms (HABs) that
compromise fisheries and recreation and that can directly endanger human and animal health via cyanotoxins.
Efforts to quantify the occurrence, drivers, and severity of HABs across large areas is difficult due to the
resource intensive nature of field monitoring of lake nutrient and chlorophyll-a concentrations. To better
characterize how nutrients interact with other environmental factors to produce algal blooms in freshwater
systems, we used spatially explicit and temporally matched climate, landscape, in-lake characteristic, and
nutrient inventory data sets to predict nutrients and chlorophyll-a across the conterminous US (CONUS). Using
a nested modeling approach, three random forest (RF) models were trained to explain the spatiotemporal
variation in total nitrogen (TN), total phosphorus (TP), and chlorophyll-a concentrations across US EPA's
National Lakes Assessment (n = 2,062). Concentrations of TN and TP were the most important predictors and,
with other variables, the RF model accounted for 68% of variation in chlorophyll-a. We then used these RF
models to extrapolate lake TN and TP predictions to lakes without nutrient observations and predict
chlorophyll-a for ~112,000 lakes across the CONUS. Risk for high chlorophyll-a concentrations is highest in
the agriculturally dominated Midwest, but other areas of risk emerge in nutrient pollution hot spots across the
country. These catchment and lake-specific results can help managers identify potential nutrient pollution and
chlorophyll-a hot spots that may fuel blooms, prioritize at-risk lakes for additional monitoring, and optimize
management to protect human health and other environmental end goals.

Plain Language Summary When lakes receive large amounts of nutrients from the surrounding
landscape due to fertilizer runoff or other sources of nutrient pollution, they can develop algal blooms. Algal
blooms are harmful to the lake ecosystem and sometimes produce toxins which are dangerous to humans and
animals. To assess this issue, lake chlorophyll-a, a measure of algal presence, is monitored. This monitoring is
limited in reach due to the expense of in-lake sampling and the limited resolution of satellite technology.
However, there is a wealth of climate, nutrient, landscape, and in-lake characteristic data for the conterminous
US (CONUS) which explains much of what contributes to nutrient pollution and algal growth. Here, we use this
data in a machine learning model to predict nutrient (total nitrogen and total phosphorus) and chlorophyll-a
concentrations in about 112,000 lakes in the CONUS. We found that high chlorophyll-a concentrations are more
likely in the Midwest where agriculture is prevalent, but other areas with high lake chlorophyll-a concentrations
are present across the CONUS in nutrient pollution hot spots. These predictions of lake nutrient and chlorophyll-
a concentrations can help managers identify areas of concern, prioritize at-risk lakes for testing, and target
management to protect human health and the environment.

1. Introduction

Widespread nitrogen and phosphorus nutrient pollution of lakes, rivers, and streams contribute to eutrophication
and the formation of harmful algal blooms (HABs) across the globe. These impacts detract from the ecological
services freshwater systems provide (Burford et al., 2018; Compton et al., 2011). Here, HABs are defined as an
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algal bloom that has any type of harmful impact including the production of unsightly scum, taste and odor issues,
toxins, hypoxia, and fish kills (Gorney et al., 2023; U.S. Environmental Protection Agency, 2023). In lakes, many
factors contribute to algal bloom formation, but they tend to more often occur in lake systems with high nitrogen
and phosphorus concentrations that fuel increased algal growth (Heisler et al., 2008; Iiames et al., 2021). This
increased algal growth, especially under eutrophic or hypereutrophic conditions, contributes to hypoxic and
anoxic conditions that compromise fisheries, and in some extreme cases cause fish kills (Watson et al., 2016;
Yuan & Pollard, 2015). HABs also diminish the esthetic appeal of aquatic ecosystems compromising the rec-
reational value of the waters (Suplee et al., 2009). In more extreme cases, some HABs generated by cyanobacteria
produce cyanotoxins that can harm humans and animals (Burford et al., 2018; Paerl et al., 2001), and here we refer
to these more specifically as cyanoHABs. Exposure to cyanotoxins from cyanoHABs through drinking water, fish
consumption, and recreation can contribute to numerous health issues, particularly in the liver, kidneys, gut, and
respiratory systems, and may be particularly dangerous to those with pre-existing conditions (Chorus &
Welker, 2021; Lad et al., 2022). While HABs are generally tied to eutrophic conditions stemming from point and
nonpoint sources of nutrient pollution (Heisler et al., 2008), the relative importance of nutrient pollution
compared to known modifying factors like in-lake characteristics and other environmental drivers varies based on
the scale of the analysis (Glibert, Beusen, et al., 2018; liames et al., 2021; Sabo et al., 2023). According to the US
National Lakes Assessment in 2012, over 35% of lakes have excess nitrogen and phosphorus and nearly 50% of
lakes exceed recreational benchmarks for chlorophyll-a (U.S. Environmental Protection Agency, 2016a). To
better understand where these lakes are located and how point and nonpoint nutrient sources combine with other
environmental factors to produce this finding, we can leverage large scale, nationally consistent nutrient input
data.

Eutrophication and HABs are a concern for many lakes across the US. There are numerous approaches for
quantifying HABs for lake management and limnological research questions. A number of variables can be
measured to quantify the trophic status and magnitude of a bloom including chemical indicators such as nitrogen
and phosphorus concentrations and biological indicators such as chlorophyll-a and cyanobacteria cell counts.
Lake HAB monitoring is especially challenging given the often ephemeral and patchy behavior of blooms
(Stumpf et al., 2016). Field assessments and in situ monitoring can determine the extent of HABs and water
quality monitoring helps to determine when environmental conditions are likely to lead to HABs occurrences
(Glibert, Pitcher, et al., 2018; Kim et al., 2021). However, these efforts are resource intensive and are usually
limited to those lakes of interest which warrant the expense (Brooks et al., 2016; Glibert, Pitcher, et al., 2018). In
recent years, satellite technologies have been implemented to determine the extent of algal blooms in lakes
(Handler et al., 2023; Iiames et al., 2021; Meyer et al., 2024; Naghdi et al., 2020; Shi et al., 2017; Topp
etal., 2021). These remote sensing platforms have enabled bloom monitoring for many thousands of waterbodies
at monthly to near-daily timescales. Still, remote sensing techniques are limited to the spatial resolution of the
satellite with many platforms excluding smaller water bodies (Glibert, Pitcher, et al., 2018; Liu et al., 2022).
While remote sensing data has greatly increased the amount of bloom monitoring data, there is rarely concomitant
lake nutrient data—that is still largely limited to field monitoring. Understanding where nutrient inputs are
contributing to excess nitrogen and phosphorus in lakes can inform which lakes are at higher risk for developing
algal blooms. Taking this approach allows for making predictions for a much larger array of lakes across the US,
including smaller waterbodies and headwater catchments.

In addition to field monitoring and remote sensing, empirical modeling is a third complementary approach to
these efforts which utilizes standardized data sets and a variety of modeling techniques to predict HABs risk in
lakes at a variety of scales, including across the CONUS. Nutrients, and the land uses which are associated with
high nutrient loads, are by far the most often cited contributor to HABs production (Burford et al., 2018; Butcher
et al., 2023; liames et al., 2021; Marion et al., 2017), followed by climatic factors (Ho & Michalak, 2020) and
watershed characteristics (Iiames et al., 2021). Prior modeling efforts which link national nutrient mass balance
data to observed lake and stream nutrient concentrations have highlighted the importance that climate, edaphic,
and other ecosystem characteristics have in the retention or loss of nutrients to lacustrine systems (Lin et al., 2021;
Sabo et al., 2019; Sabo, Clark, Gibbs, et al., 2021; Sabo et al., 2023; Seegers et al., 2021). In turn, these data sets
and nutrient prediction models provide extensive information on the importance of environmental conditions in
predicting algal bloom production since they are highly dependent on elevated nutrient concentrations. In this
study, we expand upon past modeling efforts by leveraging large spatial data sets that incorporate national
nutrient inventories and other environmental indicators to make extensive and fine-scale predictions of
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chlorophyll-a concentrations. Chlorophyll-a concentration serves as a common indicator for HABs risk for ju-
risdictions across the United States and the globe as it highlights potential risk for emergent hypoxic/anoxic
conditions as well as the increased probability of cyanobacterial blooms (Beaver et al., 2018; Chorus &
Welker, 2021; Loftin et al., 2016; Yuan et al., 2014; Yuan & Pollard, 2015, 2019). We acknowledge that although
chlorophyll-a is indicative of algal bloom production, it is not always indicative of toxin-producing cyanoHABs
and that there has been varying success in relating chlorophyll-a to toxic algal bloom production (Hollister &
Kreakie, 2016; Sgndergaard et al., 2011; Yuan et al., 2014). In this study, chlorophyll-a is used as an indicator for
trophic status and algal bloom severity, but not specifically cyanobacteria or cyanotoxin production.

By integrating publicly available, large spatiotemporal data sets within a machine learning framework, we address
knowledge gaps in current US nutrient and chlorophyll-a monitoring and modeling capabilities. We did this by
associating the magnitude of pollution sources and other environmental factors with total nitrogen (TN), total
phosphorus (TP), and chlorophyll-a concentrations for >2,000 lake observations across the contiguous United
States (CONUS) via random forest (RF) (Breiman, 2001; Lin et al., 2021; Sabo et al., 2023). The RF model was
then applied to predict the nutrient and chlorophyll-a concentrations for ~112,000 existing in-network lakes as
well as hypothetical headwater lake conditions for ~2.5 million catchments across the CONUS, based on the
National Hydrography Data set (NHD+ v2) designations (Geological Survey, 2004). The vast majority of these
lakes are not monitored by field crews or satellites due to the inherent limitations of current quantification
methods. Hypothetical headwater lake catchment predictions allow for risk prediction maps that can help local
jurisdictions and landholders assess likely trophic condition and HABs risk for lakes within their locality that are
not in network (lakes that are geographically isolated from the NHD+ stream network, e.g., larger ponds, perched
lakes, headwater lakes, and smaller reservoirs). To make predictions, we synthesized spatial data sets in a
CONUS-wide analysis and employed a unique nested modeling strategy wherein RF predictions of TN and TP
were used to predict chlorophyll-a. We assessed the utility of these national data sets in making chlorophyll-a
predictions across large spatial scales. We explored the mechanisms which lead to increases in chlorophyll-a
concentrations and the probability of HABs. Finally, we investigated how seasonality and lake depth affect
chlorophyll-a concentrations predicted by the RF models.

2. Methods

We used lake and watershed characteristic variables as well as time varying climatic and nutrient mass balance
predictors for 2,062 U.S. Environmental Protection Agency (EPA) National Lakes Assessment (NLA) lake
observations to train RF models for TN, TP, and chlorophyll-a. We then applied these models to make predictions
of lake TN, TP, and chlorophyll-a concentrations for ~2.5 million US catchments and ~112,000 US lakes (Figure
S1 in Supporting Information S1). Using 2017 NLA thresholds for chlorophyll, we also estimate likely trophic
status and algal bloom severity for these lakes.

2.1. Training Data

The data set used to train our RF models was developed in recently published works described in Sabo
et al. (2023) and Lin et al. (2021) and contains data from several sources. Response variables of chlorophyll-a,
TN, and TP (pg/L) are from publicly available NLA surveys for the years 2007 (n = 1,098 samples) and 2012
(n =964 samples) (U.S. Environmental Protection Agency, 2010, 2016b). Each NLA selects lakes according to a
probability-based survey design to be representative of the population of US lakes. The population is defined as
lakes that are at least 4 ha in surface area for the 2007 NLA and 1 ha in 2012, in addition to having a depth of at
least 1 m. Approximately one third (n = 337) of lakes sampled in 2007 were included in the 2012 NLA. In total,
the data set includes 2,062 observations from 1,725 unique lakes. At each lake, a depth-integrated photic zone
(maximum depth of 2 m) water sample was collected for water chemistry and chlorophyll-a (U.S. Environmental
Protection Agency, 2007, 2011, 2012). Samples are collected from the deepest point in the lake and generally
exclude shorelines. The depth of the lake is measured at this collection point. Chlorophyll-a samples were filtered
in the field immediately after collection. Chlorophyll-a was extracted with 90% acetone and analyzed by flu-
orometry. Unfiltered water was subject to persulfate digestion before analyzed for TN and TP concentrations.
This data set encompasses a wide spatial range of lake locations across the CONUS and represents a large dis-
tribution of observed chlorophyll-a concentrations (Figure 1).
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Trophic state from chlorophyll-a benchmarks

O Oligotrophic (0 -2 ug/L) © Eutrophic (7 - 30 ug/L)
©  Mesotrophic (2-7 ug/Ll) @ Hypereutrophic (>30 ug/L)

Figure 1. Map of the conterminous United States showing 2007 and 2012 National Lakes Assessment (NLA) observations
(n = 2,062) used in training Random Forest models. In cases where there are multiple samples for a lake, the most recent
sample value is displayed. Point colors represent chlorophyll-a concentrations binned by 2017 NLA trophic state
benchmarks.

The predictors in our training data set include lake depth, watershed characteristics (e.g., runoff, erodibility, soil
clay content), climatic, ecosystem, and nutrient mass balance variables; all except for lake-specific variables were
summarized at the lake watershed scale. Lake depth data are from the same NLA data sets from which the
response variables came and were included in our analysis due to the importance of lake depth in explaining
spatiotemporal variation in lake nutrient concentrations (Sabo et al., 2023). Watershed characteristic data are from
U.S. EPA's LakeCat (Hill et al., 2018). We chose to include LakeCat variables representing land use, edaphic, and
hydrologic factors in our training data set due to their importance in the landscape-to-lake nutrient pathway. This
data is not temporally specific. Net primary productivity (NPP) data and climatic variables, such as snow cover,
precipitation, and land surface temperature, are from PRISM and EON (NASA Earth Observatory Network, n.d.,
PRISM Climate Group, Oregon State University, n.d.). Finally, we incorporated annually summarized nutrient
pollution source variables into the training data set: atmospheric nitrogen, sulfur (National Atmospheric Depo-
sition Program, 2020), and phosphorus (Wang et al., 2017) deposition and nitrogen and phosphorus mass balance
estimates from nutrient inventories for the years 2007 and 2012 (Sabo et al., 2019; Sabo, Clark, & Compton 2021;
Sabo, Clark, Gibbs, et al., 2021). All data were spatially matched by NLA site ID using the National Aquatic
Resources Surveys (NARS) watershed delineations. For temporally-specific variables, data were temporally
matched by year and, when possible, month.

Our initial training data set included 52 predictor variables (including observed TN and TP, also used as re-
sponses; see Tables S1, S2, and S3 in Supporting Information S1 for a full list of initial predictors) but through a
variable selection process, we reduced the number of predictors in our final RF models to 25 (Table 1). Out of the
initial training data set, three sets of predictor variable data sets were formed: one data set for training the TN RF
which eliminated phosphorus-specific terms (n = 38), one data set for training the TP RF which eliminated
nitrogen-specific terms (n = 38), and a final data set which utilized all available variables to train the chlorophyll-
a RF (n = 52). The predictor variables from each set were run through a principal components analysis (PCA)
which determined the variability in the data that each predictor explained (Tables S1, S2, and S3 in Supporting
Information S1). We utilized this information, along with expert knowledge about the relative importance of each
variable based on previous studies (Lin et al., 2021; Sabo et al., 2023), to remove repetitive predictors. Further
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:;Z:Zalry of Response and Predictor Variables Used in Training Final Random Forest Models
Variable Data source Units Temporal scale
Responses
Chlorophyll-a NLA pg/L Single day sample
Observed Nutrients Responses and Predictors
Total nitrogen (TN) NLA pg/L Single day sample
Total phosphorus (TP) NLA pg/L Single day sample
Climate & Ecosystem Predictors
Annual net primary production (NPP) EON ¢ C/d Monthly - average of previous 12 months
Monthly net primary production (NPP) EON g C/d Monthly
Annual precipitation PRISM mm/yr Monthly - average of previous 12 months
Annual snow cover PRISM % Monthly - average of previous 12 months
Annual temperature PRISM °C Monthly - average of previous 12 months
Monthly temperature PRISM °C Monthly
Nutrient Inventory Predictors
Agricultural N fertilizer NNI kg/ha/yr Annual
N-fixing crop cultivation NNI kg/ha/yr Annual
Net anthropogenic N input NNI kg/ha/yr Annual
Atmospheric N deposition NADP kg/ha/yr Annual
Atmospheric P deposition NNI kg/ha/yr Annual
Atmospheric S deposition NADP kg/ha/yr Annual
Total P input NNI kg/ha/yr Annual
Accumulated agricultural P input NNI kg/ha/yr Annual
Watershed & Lake Characteristics Predictors
Lake depth NLA m Single day sample
Median runoff LakeCat mm Static
Agricultural erodibility LakeCat NA - factor Static
Base flow index LakeCat % Static
Clay content LakeCat % Static
Sand content LakeCat % Static
P205 content® LakeCat % Static
Wetland cover LakeCat % Static
Watershed area LakeCat km? Static

Note. Does not include variables that were excluded by the variable selection process. “P205 content refers to the “mean % of
lithological phosphorus oxide (P205) content in surface or near surface geology” (Hill et al., 2018).

variable selection was achieved by first running each RF model with all remaining predictors which allowed us to
determine variable importance for each model predictor. We could then run a series of models starting with just
the two most important predictors and iterating through all variables in order of importance. We calculated the R-
squared and root mean squared error (RMSE) for each model run. Final models were those with the least number
of variables wherein model performance metrics no longer showed marked improvements with any additional
predictors (Figures S2, S3, and S4 in Supporting Information S1). It should be emphasized that the elimination of
predictors does not necessarily dismiss the importance of removed predictors, but that the duplicative statistical
information they provide would offer no improvement to model performance and would only complicate model
interpretation. It is important to carefully interpret the results of RF models under the reality of multi-collinearity
(Sabo et al., 2023).
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2.2. Training Random Forest Models

RF modeling (Breiman, 2001) is a machine learning technique that uses a number of decision trees, each cali-
brated with a random subset of data, to predict responses. We used RF models because they can manage data sets
with many predictors (Cutler et al., 2007). In recent years, RF modeling has become a common tool for making
large-scale environmental inferences (Hill et al., 2017; liames et al., 2021; Lin et al., 2021; Pennino et al., 2020).

We developed RF models for three responses: TN, TP, and chlorophyll-a. For predictions, we used a nested
framework wherein predicted TN and TP concentrations from the RF models were inputs for predicting chlo-
rophyll-a concentrations. All random forest models were developed in the R statistical software (R Development
Core Team, 2022) using the ranger package (Wright & Ziegler, 2017). Each RF used 500 trees and the default
“mtry” value from ranger; we tested a range of values for these settings but found that they did not significantly
alter model output. For each RF model, the response variable was transformed with the function log (x + 1) to
normalize the distribution and optimize model fitting and prediction (De'ath & Fabricius, 2000; Walsh
etal., 2017). Models were trained with 80% of the samples from the training data set and tested with the remaining
20%. As such, each RF model run never considered ~400 of the lake observations during calibration. In addition,
we performed stratified sampling of our training and testing splits, which samples according to the binned dis-
tribution of values of the respective responses to ensure that the full spread of the data were represented in each
model run. RF models were run 10 times, each time on a different split of the data to allow for cross-validation of
modeling results.

After visual inspection of CONUS wide residual maps, we detected no clear evidence of regional bias for the final
TN, TP, and chlorophyll-a RF models (Figure S5). Relatedly, we attempted regional models and models based on
lake classes resulting from a cluster analysis of CONUS lake characteristics and patterns of chlorophyll-a re-
sponses to nutrients, but these attempts yielded no considerable improvements in model performance, indicating
that national models were sufficient (results not included).

To evaluate the success of our modeling efforts, we computed several model performance metrics: the r-squared
of testing set predictions versus observations, the r-squared of training set predictions versus observations, the
RMSE, mean bias, and variance (Pennino et al., 2020). For each RF model, performance metrics were calculated
for each of the 10 cross-validation model runs and then averaged. The same was done for variable importance
scores. We also assessed model results by looking at partial dependence plots (PDPs) which show the marginal
effect of a single predictor variable on the response with the predictor variable on the x-axis and the response
variable on the y-axis. PDPs have a large margin of error but can show the general direction of the relationship
between a response and predictor. Unlike with performance metrics, we plotted PDPs individually for each of the
10 model runs and showed only the PDP from the first model run in our results as none were significantly
different.

2.3. CONUS-Wide Data for Making Spatial Predictions

We used two different types of data sets to make predictions: one at the NHD+ catchment scale (3 km? average)
and one at the lake watershed scale (359 km? average). Predictions at the catchment scale facilitate making fine-
scale, comprehensive assessments of likely chlorophyll-a concentrations for NHD+ defined catchments within
the CONUS which are applicable to many headwater lakes, ponds, and reservoirs. However, this useful screening
map lacks specificity to existing lakes, which necessitated the development of flow accumulated, watershed
average estimates of our predictors for ~112,000 lakes across the CONUS. Predictor variables described in the
Training data section above were assembled into our catchment and lake watershed prediction data sets.

For the catchment-scale data set, variables were summarized for ~2.5 million catchments across the entire
CONUS regardless of lake presence. Since lake depth data does not exist for every catchment, we tested the
effects of theoretical lakes with varying maximum depths on chlorophyll-a concentrations by making catchment-
scale predictions three times, each with one static maximum lake depth value across the CONUS: a shallow lake
(1 m), a mid-sized lake (10 m), and a deep lake (50 m). These values largely capture the distribution of observed
and modeled lake depths in LAGOS and NHD+, respectively (Table S4 in Supporting Information S1).
Watershed characteristic data (Table 1) are readily available at the catchment scale as StreamCat is a catchment-
level complementary data set to LakeCat's lake watershed features (Hill et al., 2018). For climatic and deposition
variables, catchment-specific values of desired monthly and annual averages were computed from rasters using
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zonal statistics (Figure S6b in Supporting Information S1). Nutrient inventory terms were downscaled from the
HUCS (hydrologic unit boundaries delineate truncated portions of a watershed—HUCSs are equivalent to
medium-sized river basins) to the catchment scale by allocating nutrient terms based on land use (essentially,
attributing nutrient amounts based on percent of agricultural or urban land in each catchment; Figure S6A;
Equations S1 and S2 in Supporting Information S1).

For lake watershed-scale prediction data sets, data was summarized for about 112,000 US lakes and their
contributing watersheds. This contrasts with the catchment-scale data sets which present data for individual
NHD+ catchments covering the CONUS regardless of lake presence. These lake watershed-scale predictions
were instead made for existing lakes and therefore we could utilize lake-specific information when it was
available. Lake depth data was obtained from LAGOS where possible (25% of modeled lakes) (Smith et al., 2021)
and, if not, was obtained from NHD+ which includes modeled lake depths (Geological Survey, 2004; Hollister
et al., 2011). Landscape characteristic data for lake watershed-scale prediction data sets was available through
LakeCat. For all other climatic and nutrient mass balance variables, catchment prediction data were summarized
at the lake watershed scale through a flow accumulation method which averages across catchments that contribute
to a lake's watershed.

2.4. Predictive Modeling

We first used the TN and TP RFs to make predictions of TN and TP concentrations at both the catchment and lake
watershed scales. These predicted nutrient values were then used to make predictions of chlorophyll-a at the
catchment and lake watershed scales by being fed into the chlorophyll-a RF in place of observed TN and TP
concentrations that were used to train the model. This nested approach was utilized because including TN and TP
values in our chlorophyll-a RF improved our results markedly and because observed TN and TP values, although
available at the scale at which we trained the models (NLA lake watersheds), were not available at the scales at
which we made predictions (CONUS-wide catchments and in-network lake watersheds).

We performed predictive modeling for several scenarios. First, as described in the CONUS-wide data for making
spatial predictions section above, since lake depth data does not exist for every catchment across the CONUS, all
catchment-level predictive modeling efforts were performed over a range of theoretical maximum lake depths.
Second, to observe the effects of seasonality on chlorophyll-a concentrations, we used seasonally-specific values
for those climate variables in our final models which are monthly averages—Iland surface temperature and NPP.
We made predictions of TN, TP, and chlorophyll-a for May, July, and October of 2007 and 2012 at the catchment
scale, representing potential chlorophyll-a concentrations for the entire CONUS regardless of lake presence, and
at the lake watershed scale, representing lake-specific chlorophyll-a concentrations in a portion of existing in-
network CONUS lakes. The data set used in training our RF models contains data at the lake watershed scale,
so while lake watershed predictions were made at the same scale represented in the training data set, catchment-
scale predictions are made at a different scale. These catchment-scale predictions may or may not be represen-
tative of off-network, headwater lake watersheds depending on differences in their size and characteristics. As
each of our RF models include cross-validation for which 10 model runs were executed, our final predictions
averaged results from the 10 runs. For improved visualization and interpretation of results, we used the 2017 NLA
trophic state chlorophyll-a benchmarks: Oligotrophic = 0-2 pg/L, Mesotrophic = 2—7 pg/L, Eutrophic = 7-
30 pg/L, and Hypereutrophic = >30 pg/L. In addition, for catchment-level predictions, we improved visuali-
zation by interpolating results across catchments with missing data (4.3%).

3. Results
3.1. Final RF Models

The final TN RF model explains 65% of the variation in TN concentrations for lakes across the cross-validated
testing data sets (Table S5). The model has a RMSE of 0.27, a mean bias of —0.00028, and a variance of 0.27
(Table S5 in Supporting Information S1). The TN RF model contains 17 predictor variables: four nutrient in-
ventory variables, six climate & ecosystem variables, and seven watershed & lake characteristic variables
(Figure 2a). Lake depth is the top predictor for TN by a large margin and the PDP shows a negative relationship
between lake depth and TN concentrations (Figures 2a and 3 [TN-1]). The second most important predictor of TN
is agricultural nitrogen fertilizer which has a positive relationship with TN according to the PDP (Figures 2a and 3
[TN-2]). The third and fourth most important predictors in the model are annual NPP and median runoff,
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Figure 2. Variable importance rankings for all variables in the final versions of the (a) Total Nitrogen (TN) Random Forest (RF) model, (b) Total Phosphorus (TP) RF
model, and (c) Chlorophyll-a RF model. The TN model explained 94% of variance in the training data set and 65% in the validation data set, the TP model explained 93%
of variance in the training data set and 62% in the validation data set, and the Chlorophyll-a model explained 94% of variance in the training data set and 68% in the
validation data set (Table S5 in Supporting Information S1) Bar colors indicate variable category. Error bars refer to the standard error calculated among the 10 cross-

validation runs for each model.

respectively, both of which have a negative relationship with TN according to PDPs (Figures 2a and 3 [TN-3], and

Figure 3 [TN-4]).

The final TP RF model explains 62% of the variation in TP concentrations for lakes across the cross-validated
testing data sets (Table S5 in Supporting Information S1). The model has a RMSE of 0.37, a mean bias of

—_ = =290 = =
P-4 + 30 e = 4
= by o a ay
~ > > 284 >
= =} = =) 5285
@ \‘—:'2,9 ;2,85 : T:’
> § TN-1 5 TN-2 5 TN-3 5 TN-4
= Sos <! £280 j2
= 2 Z 2 =280
= 2.80
S =, 5 5 5
g e e ger e
© g g g S275
] 25 50 75 100 0 200 400 600 0 1 2 3 4 ] 1000 2000 3000
— . Lake Depth (m) . Agricultural N Fertilizer (kg/halyr) . Annual NPP (g C/d) . Median Runoff (mm)
S T T T 170 5
= - r o )
()] 18 170 > =)
S = 2 2 =7
P
° g 165 s 1.65 “ 17
£ 5 TP-1 5 TP-2 5 TP-3 5 TP-4
@ & @ 1.60 & 73
= 2., 2 21560 216
o g 25 o =2
—_ £ £ s 8
s 2 c e e
-
=) w12 5 150 5155 515
L 2 0 25 50 75 100 2 0 1 2 3 4 2 0 1000 2000 3000 2 0.0 0.1 0.2 0.3 0.4
Lake Depth (m) Annual NPP (g C/d) Median Runoff (mm) Agricultural Erodibility Factor
T =13 = = 1.075 =
= + + 13 + + 110
3] 12 — — —
LA §, §, i §, 1.050 §,
e 244 2 = = 1.05
= 2 Chla-1 214 Chla-2 S 0os Chla-3 = Chla-4
> > = S, 1025 >
= £ 1.0 £ £ £
Y [-% [=% a S 400
) e 2 10 2 <]
o 509 S S 1.000 S
<) gL ¥ ood ¥ o
- O 08 O 09 o O
£ > =3 =3 5 0.95
3) k) o © 0975 o
0 1000 2000 3000 4000 0 20000 40000 0 25 50 75 100 10 15

TP Concentration (ug/L)

TN Concentration (ug/L)

Lake Depth (m)

5
Atmospheric N Deposition (kg/ha/yr)
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0.0034, and a variance of 0.37 (Table S5 in Supporting Information S1). The TP RF model contains 16 predictor
variables: two nutrient inventory variables, six climate & ecosystem variables, and eight watershed & lake
characteristic variables (Figure 2b). As in the TN RF model, lake depth is the most important predictor for TP by a
large margin and the PDP shows a negative relationship between lake depth and TP concentrations (Figures 2b
and 3 [TP-1]). The second and third most important predictors in the TP RF are annual NPP and median runoff,
respectively (Figure 2b). As in the TN RF model, both annual NPP and median runoff PDPs show a negative
relationship with the response variable, in this case TP concentrations (Figure 3 [TP-2] and Figure 3 [TP-3]). The
fourth most important predictor of TP is agricultural erodibility which has a positive relationship with TP ac-
cording to the PDP (Figures 2b and 3 [TP-4]).

The final chlorophyll-a RF model explains 68% of the variation in chlorophyll-a concentrations for lakes across
the cross-validated testing data sets (Table S5). The model has a RMSE of 0.32, a mean bias of —0.0018, and
variance of 0.32 (Table S5 in Supporting Information S1). The chlorophyll-a RF model contains 16 predictor
variables: two observed nutrient variables, five nutrient inventory variables, four climate & ecosystem variables,
and five watershed & lake characteristic variables (Figure 2c). TP and TN are by far the most important predictors
for explaining the spatiotemporal variation in chlorophyll-a, both with a positive relationship with chlorophyll-a
concentrations according to PDPs (Figures 2c and 3 [Chla-1], and Figure 3 [Chla-2]). Note that variables that are
directly influential on TP and TN concentrations in the nutrient RF models ipso facto have a large influence on
chlorophyll-a concentrations. The third most important predictor in the chlorophyll-a RF is lake depth
(Figure 2¢). As with TN and TP, the PDP shows a negative relationship between lake depth and the response
variable of chlorophyll-a concentrations (Figure 3 [Chla-3]). The fourth most important predictor of chlorophyll-
a according to our modeling efforts is atmospheric nitrogen deposition which has a positive relationship with
chlorophyll-a concentrations according to the PDP (Figures 2c and 3 [Chla-4]). RF predictions of chlorophyll-a
generally correspond to observed values, but the model has a slight tendency to underpredict for the highest
chlorophyll-a values (Figure S7 in Supporting Information S1). However, these values are far above the chlo-
rophyll-a threshold indicating a hypereutrophic state (the most severe category) according to 2017 NLA trophic
state benchmarks and therefore are well represented in our interpretation of the results. In our modeling efforts, we
included TN:TP ratio as a potential predictor but found that it did not improve our results or add additional
interpretable information.

3.2. Predictions

Catchment-level predictions (n = ~2.5 million) indicate the likely TN, TP, and chlorophyll-a concentration for a
lake in a catchment based on mean landscape, climate, and nutrient conditions for a given month if a lake of 1, 10,
or 50-m depth existed in that catchment (Figure 4). Here we discuss July 2007 predictions since other months
(May and October) and years (2012) show similar spatial patterns and attenuation with depth (for comprehensive
catchment-level chlorophyll-a prediction maps, see Figures S8 and S9 in Supporting Information S1). Similarly,
we focus on spatial patterns in catchment predictions with a 1-m maximum lake depth here since patterns are
similar for all lake depths tested but, for 10-m and 50-m-deep lakes, are less extreme in their designations and
therefore less easily interpretable. Also, the median US lake depth, both modeled and observed, is around 1 m so
these maps are likely more representative of the most common lake type (Table S4 in Supporting Information S1).

3.2.1. TN and TP

Catchment nutrient concentration predictions decreased overall with increasing theoretical maximum lake depth
(Figure 4). For both TN and TP, the largest region with the highest predicted nutrient concentrations (>75th
percentile) is the Midwest. Sporadic clusters of high nutrient concentrations (>75th percentile) also occur
throughout the CONUS. However, TP shows a unique pattern of a large grouping of high nutrient concentrations
centered in the more arid southwestern CONUS which does not appear in maps of predicted TN concentrations.

3.2.2. Chlorophyll-a

The number of catchments, for July 2007, categorized as being oligotrophic or mesotrophic, according to 2017
NLA designations, were predicted to increase with lake depth, while the number of catchments predicted to be
eutrophic or hypereutrophic consistently decreased with increasing lake depth (Table 2), revealing attenuation of
the extent and magnitude of eutrophication and likely algal bloom development with increased lake depth. The
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Figure 4. Maps of the conterminous U.S. showing predictions of chlorophyll-a, TN, and TP for catchments (n = ~2.5 million) in July of 2007 at three potential
maximum lake depths: 1 m, 10 m, and 50 m. For chlorophyll-a maps, area colors represent concentrations binned by 2017 NLA trophic state benchmarks. For TN and
TP maps, area colors represent concentrations binned by 25th, 50th, and 75th percentiles of combined catchment predictions for July 2007.

region with the most hypereutrophic lakes (>30 pg/L chlorophyll-a) according to July 2007 predictions for 1-m-
deep lakes is the Midwest with a high-risk area covering portions of many states in the Midwest, central plains,
and some east south-central states (North Dakota, eastern South Dakota, Nebraska, Kansas, southern Minnesota,

Towa, Missouri, Illinois, southern Wisconsin, Indiana, Ohio, Kentucky, and Tennessee) (Figure 4a). In addition,
portions of this risk area extend down into some southeast and south central states (Oklahoma, Arkansas, eastern
Texas, Louisiana, Mississippi, and northern Alabama). Other sporadic clusters of hypereutrophic predictions for
1-m-deep lakes are found near the Great Lakes (southeastern Michigan and western New York state), in the
Chesapeake Bay watershed, and in some western states (Idaho and the Central Valley of California).

Table 2

Counts and Percents of July 2007 Catchment Predictions at Maximum Lake Depths of 1, 10, and 50 m in Each Trophic State
of the 2017 NLA Chlorophyll-a (Chla) Benchmarks

Oligotrophic Mesotrophic Eutrophic Hypereutrophic
Lake depth (m) (02 pg chla L™ (2-7 pg chla L™ (7-30 pg chla L™") (>30 pg chla L™")
1 2,003 0% 211,936 8% 1,717,159 68% 601,603 24%
10 48,006 2% 1,040,440 41% 1,394,262 55% 49,993 2%
50 127,177 5% 1,373,855 54% 1,031,667 41% 2 0%
BREHOB ET AL. 10 of 19
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Figure 5. Maps of the conterminous U.S. showing predictions of chlorophyll-a for lakes (n = 112,021) in July of (a) 2007 and (b) 2012. Point colors represent
chlorophyll-a concentrations binned by 2017 NLA trophic state benchmarks. Panel (c) shows counts of these trophic designations for July 2007 and July 2012 lake

predictions.

Lake watershed-level predictions of chlorophyll-a were made for 112,021 actual lakes in 2007 and 2012
(Figure 5). Unlike with catchment-level predictions, these lake watershed-level predictions are made for existing
lakes and incorporate measured and estimated lake depths specific to each lake (described in the Methods section
above). The spatial pattern of chlorophyll-a predictions indicating hypereutrophic lakes is very similar to the
catchment-level predictions for 1-m-deep lakes as described above. Also, the spatial pattern of lake watershed
chlorophyll-a predictions roughly matches between the same month in 2007 (Figure 5a) and 2012 (Figure 5b),
although there is some slight difference in the counts of trophic state designations (Figure Sc; for comprehensive
lake watershed-level prediction maps, see Figure S10 in Supporting Information S1).

Seasonal patterns in chlorophyll-a predictions indicate that from May to July of 2007 there was an increase in
hypereutrophic lakes relative to a threshold of 30 pg/L chlorophyll-a, particularly in the eastern half of the
CONUS (Figure 6a). During this period, changes to above threshold (n = 3,812) outweighed changes to below
threshold (n = 1,464). From July to October of 2007 there was a general decrease in hypereutrophic lakes relative
to a threshold of 30 pg/L chlorophyll-a, although there were some areas such as the Central Valley of California
and the center of the CONUS where the number of hypereutrophic lakes increased (Figure 6b). During this period,
changes to below threshold (n = 3,790) heavily outweighed changes to above threshold (n = 669; for seasonal
change maps for 2012, see Figure S11).

4. Discussion

We used widely available spatial data sets with nutrient, edaphic, landscape, and climate data to make predictions
of lake nutrient and chlorophyll-a concentrations. The predictions compliment observational data from field
monitoring and remote sensing efforts, which quantify nutrient and/or chlorophyll-a concentrations in a finite
number of lakes. Currently available nutrient and chlorophyll-a measurements rely on resource intensive in-
person sampling, in situ monitoring (e.g., buoy sensor systems), and the limited resolution of remote sensing
satellites (Brooks et al., 2016; Glibert, Pitcher, et al., 2018; Liu et al., 2022). To expand the spatial extent and
resolution of information available to understand patterns in nutrients and chlorophyll to aid investigating lake
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A) Change from May to July 2007 B) Change from July to October 2007

Change in Chlorophyll a Relative to 30 ug/L Threshold . Change to Above Threshold No Change . Change to Below Threshold

Figure 6. Maps of the conterminous U.S. showing change in predictions of chlorophyll-a for lakes (n = 112,021) between (a) May and July and (b) July and October of
2007. Point colors indicate change in chlorophyll-a concentration relative to a 30 pg/L threshold which corresponds to a hypereutrophic trophic state according to 2017

NLA benchmarks.

risk for eutrophication, hypoxia, and HABs, we generated predictions for ~2.5 million catchments and 112,021
lakes across the CONUS. We employed a novel nested modeling approach wherein TN and TP RF predictions
were fed into a chlorophyll-a RF model resulting in improved predictions of chlorophyll-a. Our study imple-
mented machine learning techniques with large data sets to make insights at a broad spatial scale. Notably, using
the LakeCat and national nutrient inventory data sets (Hill et al., 2018; Sabo et al., 2019; Sabo, Clark, &
Compton 2021; Sabo, Clark, Gibbs, et al., 2021) allowed us to draw explicit connections between landscape
characteristics, nutrient pollution, and chlorophyll-a. Thus, the results of the RF models can be leveraged to
screen for eutrophication, hypoxia, and HABs likelihood in a given area and provide actionable information for
management on predominant drivers of nutrient pollution in the lake watersheds of interest.

This work builds on previous modeling efforts that used various combinations of in-lake/stream and landscape
level predictors (Brooks et al., 2022; Hollister et al., 2016; Sadayappan et al., 2022; Shen et al., 2020). Specif-
ically, our work expands on such previous modeling efforts by using CONUS-scale variables converted to the
resolution of an NHD+ catchment to make TN, TP, and chlorophyll-a predictions for a large number of in-
network lakes (~112,000) and potential off-network lakes (all ~2.5 million NHD+ catchments in the CONUS).

4.1. TN and TP Concentrations in Lakes Are Driven by Inputs, Erosion, and Internal Lake Factors

After accounting for lake depth, we found that the magnitude of agricultural inputs largely drive nutrient gradients
across US lakes. The effect of agricultural and other anthropogenic inputs of nutrients on lakes are diminished by
environmental contextual variables like lake depth, climate, and watershed NPP rates. Previous work carried out
relatively intensive investigations using a similar predictor-response variable data set to elucidate the likely
drivers of surface water TN and TP concentrations across the CONUS, and our results were largely consistent
with their findings (Lin et al., 2021; Sabo et al., 2023). However, our approach is a valuable step forward in terms
of data processing, analysis, and prediction. We developed a standardized, repeatable framework that is
computationally efficient to downscale county and HUC-8 level observations to the NHD+ scale to facilitate
prediction at ~2.5 million NHD+ catchments across the CONUS and then leveraged a flow-accumulation pro-
cedure to generate 112,021 in-network lake specific predictions across the CONUS. Similar procedures can be
deployed to generate stream reach-level predictions of nutrient conditions, and combined, the lake and stream
nutrient concentration maps could offer an unprecedented means for decision makers to identify urban and
agricultural nutrient pollution hot spots as indicated by the nutrient inventories (Sabo, Clark, & Compton, 2021)
and assess expected growing season nutrient concentrations. Various screening exercises can be deployed using
these predictions to help prioritize watersheds for greater monitoring and nutrient reduction efforts.
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At the CONUS level, the highest predicted nutrient concentrations for lakes occur in major agricultural regions of
the country (e.g., Midwest, southeastern PA, California's Central Valley). It also seems aridity plays a major role
in the magnitude of nutrient concentrations, although this effect is much more pronounced for TP than for TN.
Interestingly, despite the strong attenuating effect of lake depth on nutrients (potential mechanisms discussed in
Section 4.2), predicted TN concentrations in much of the Midwest remain high (>75th percentile) even for
medium depth (10 m) and deep (50 m) lakes. Much of the warm and humid southeastern US have lower nutrient
concentrations that generally fall below the 50th percentile of predicted lake nutrient values. However, many of
the predicted chlorophyll-a concentrations in this region fall into the eutrophic/hypereutrophic categorization
highlighting the potential role of climate and other factors in enhancing algal growth. Overall, linking the
magnitude of pollution sources, the weather conditions at the time of sampling, and other environmental factors
highlights the diverse suite of drivers on TN, TP, and chlorophyll-a concentrations across the US.

4.2. Chlorophyll Is Strongly Driven by Phosphorus and Nitrogen in Lakes Across the US

TN and TP are by far the most important predictors of chlorophyll-a. Both TN and TP positively impact chlo-
rophyll-a concentrations and thus, increase the probability of algal bloom formation (Figures 2c and 3 [Chla-1],
and Figure 3 [Chla-2]). This trend conforms to previous chlorophyll-a modeling exercises (Hollister et al., 2016)
and our expectations, as chlorophyll-a is heavily dependent on nutrient availability. Since these terms are such
important predictors of chlorophyll-a, we used a nested modeling approach, building on previous work linking the
national nutrient inventories with growing season nutrient concentrations (Lin et al., 2021; Sabo et al., 2023). We
were initially concerned that the introduction of another level of uncertainty in our TN and TP RFs would
compromise our final chlorophyll-a predictions. However, in developing our chlorophyll-a RF, we experimented
with subbing predicted TN and TP into our training data set instead of observations and found that the model
performance results were quite similar (R-squared degradation = 0.05) which endorses our modeling technique as
reasonably robust to this source of error. Thus, the ability to effectively model nutrient concentrations in lakes
across the CONUS (Lin et al., 2021; Sabo et al., 2023), which is similar to or exceeds previous modeling efforts of
nutrients and/or chlorophyll-a (Brooks et al., 2022; Hollister et al., 2016) allows researchers and managers alike
to project likely chlorophyll-a concentrations and, by extension, an assessment of surface water eutrophication
status, hypoxia, and HABs risk.

While it's common knowledge that surface water TN and TP concentrations are important determinants of lake
trophic conditions, their importance relative to each other is difficult to parse out given the collinearity of these
nutrient pollution sources and associated predictions of lake nutrient and chlorophyll-a concentrations. The
relationship between total nutrients and chlorophyll-a is further complicated because much of the TN and TP in
lakes is contained within chlorophyll-a during active blooms (Yuan & Jones, 2020). While TP had higher variable
importance in predicting chlorophyll-a in our models (Figure 2c), CONUS maps of chlorophyll-a catchment-level
predictions seem to more closely follow spatial patterns of TN concentration predictions (Figure S12 in Sup-
porting Information S1). Any difference in the importance of TN and TP is likely insignificant because phos-
phorus and nitrogen pollution are commonly co-occurring, especially across the spatial scales that we examined,
and these nutrients are often co-limiting to primary productivity (Burford et al., 2023). In light of the ongoing
debate about the relative importance of N versus P in fueling algal growth in lakes (Liang et al., 2020), we added
an in-lake concentration TN: TP ratio predictor and recalibrated the RF model. However, this ratio offered little to
any improvement in model performance, so it was dropped from further consideration. This null result does not
necessarily dismiss the importance of nutrient stoichiometry for algal growth or community composition, but no
unique information was offered by it relative to the other terms.

Lake depth is the next most important predictor of chlorophyll-a after TN and TP (Figure 2c). Lake depth is also
an extremely important predictor of TN and TP in their respective RF models (Figures 2a and 2b), as found in
previous work (Sabo et al., 2023). These TN, TP, and chlorophyll-a concentrations correspond to near-surface
samples in the training data set from the NLA; nevertheless, we can identify and expound on patterns between
nutrient and chlorophyll-a values and lake depth while acknowledging that we do not have data to account for
vertical gradients throughout the water column. PDPs show negative relationships between lake depth and TN,
TP, and chlorophyll-a (Figure 3 [TN-1], Figure 3 [TP-1], and Figure 3 [Chla-3]). In addition, comparing maps of
July 2007 catchment-level chlorophyll-a predictions made for the three different potential lake depths reveals that
there is a clear attenuation of the extent and magnitude of HABs development with increased lake depth
(Figure 4). Deeper lakes tend to have a longer residence time (Brooks et al., 2014) allowing for more internal lake
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cycling, P sedimentation (Brett & Benjamin, 2008; Fee, 1979; Sabo et al., 2023), and N processing (Tong
et al., 2019) that leads to lower nutrient levels and thus lower chlorophyll-a concentrations (Nietch et al., 2022;
Wang et al., 2013). Although this is the primary mechanism through which lake depth impacts nutrients and
chlorophyll-a, there are other mediating factors which may also have an effect.

Lake nutrient and chlorophyll-a concentrations are moderated by lake mixing regimes, a complex phenomenon
that involves the interaction of climate, salinity, morphology, and depth (Adams et al., 2021; Lewis Jr, 2011).
Deeper lakes tend to stratify, whereas shallow lakes tend to be more well-mixed and are therefore not isolated
from internal nutrient sources from the sediments and can be more productive (Bonilla et al., 2023; Chen
etal., 2018; Ding et al., 2018; Isles et al., 2015). In addition, the relationship between lake depth and lake volume
leads to lower constituent concentrations through dilution in lakes with large maximum depths which often
facilitate larger water volumes. For chlorophyll-a, deeper lakes have a lower proportion of the water column
hospitable to growth due to lower light availability and lower water temperatures at greater depths. While
phytoplankton may grow where there is plentiful access to light, often near the surface, lake mixing, particularly
in shallower lakes, can cause the biomass to be redistributed throughout the water column, contributing to more
stable chlorophyll-a concentrations throughout the growing season (Kosten et al., 2012; Taranu et al., 2012).

Other top variables for predicting TN and TP are median runoff and monthly NPP (Figures 2a and 2b), both of
which have negative relationships with the nutrient response terms (Figure 3 [TN-3], Figure 3 [TN-4], Figure 3
[TP-2], and Figure 3 [TP-3]). Dilution is the mechanism through which median runoff lowers growing season TN
and TP concentrations (Kleinman et al., 2006; Zhang, 2018), and can cause nutrient source limitation due to either
idiosyncratic hydrologic or biogeochemical factors. Greater NPP, associated with more plant growth and
vegetative cover, decreases erodibility on the landscape and encourages more uptake of nutrients, therefore
limiting nutrient inputs into lakes and attenuating TN and TP concentrations (Lovett & Goodale, 2011). In areas of
the country with higher median runoff, there are higher NPP rates on an annual time scale, thus compounding the
effects of nutrient sinks and dilution (Sabo et al., 2023; Zhang, 2018). Other top predictors in our nutrient RFs
were agricultural N fertilizer in our TN model (Figure 2a) and agricultural erodibility in our TP model (Figure 2b),
both of which have a positive relationship with their respective response variables (Figure 3 [TN-2] and Figure 3
[TP-4]). In examining our variable sets for our three final RF models, we see fewer nutrient inventory terms than
expected, however, many of the agricultural variables such as agricultural erodibility are present in the models
and explain much of the same variability that the nutrient terms associated with agricultural land use would
(Figure 2). As a general trend, we found that variables tied to agriculture drive a positive gradient in nutrient
concentrations while other environmental factors such as lake depth, median runoff, and monthly NPP attenuate
nutrient loads.

4.3. Chlorophyll Predictions—Spatial and Temporal Patterns

In addition to chlorophyll-a predictions for 112,021 real lakes, we also made predictions for ~2.5 million
catchments across the US regardless of lake presence (Figure 4). The value of these predictions is that they
provide estimates for off-network, headwater lakes that do not fall along the NHD+ stream network and smaller
stream impoundments that were not included in the lake-specific predictions that we made. These predictions
show a general risk prediction map for all possible locations in the CONUS and more broadly illustrate areas of
the country that are at high risk of eutrophication and HABs development based on nutrient, climate, and
landscape factors.

Even after accounting for the flow accumulation into lake watersheds, catchment- and lake watershed-scale
predictions show spatial patterns that are largely the same (Figures 4 and 5). This highlights that headwater
conditions largely propagate to downstream lake systems (Frei et al., 2021). Some aspects of these spatial patterns
can be related to known landscape and climate characteristics of the CONUS. It's likely that higher chlorophyll-a
concentrations predicted in the Midwest and Central Valley of California are related to agricultural production in
these regions (U.S. Department of Agriculture, 2021). The relatively higher chlorophyll-a concentrations in the
southeastern US (Figure 5) may be related to generally higher land surface temperatures in these regions and
higher rates of livestock/poultry production (Sabo et al., 2019; Sabo, Clark, & Compton, 2021; Sabo, Clark,
Gibbs, et al., 2021; U.S. Department of Agriculture, 2021).

Although many of the variables in our data sets were static or matched annually, we were able to use monthly land
surface temperature and watershed NPP data to observe the impact of seasonal shifts on our predictions of
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chlorophyll-a and their spatial patterns. Due to increased temperatures and shifts in NPP, there is a general in-
crease from May to July as indicated by the greater number of sites with predictions that increased to above a
30 pg/L chlorophyll-a threshold as compared to the number of sites that decreased to below the threshold
(Figure 6a). The opposite is found for changes from July to October which show a general decrease in chloro-
phyll-a concentrations due to falling temperatures and changes in NPP (Figure 6b). These seasonal patterns in
chlorophyll-a are consistent with the often-observed pattern of greater lake HABs prevalence in the hottest
summer months (Brooks et al., 2017; Coffer et al., 2020). We discerned that the sites with seasonal changes in
chlorophyll-a, both increasing from the spring to the summer and decreasing from the summer to the fall, are
primarily located in the eastern CONUS. This spatial pattern might be attributed to the prevalence of non-arid
biomes with widely variable terrestrial NPP values and seasonal shifts in monthly temperature and precipita-
tion (Kicklighter et al., 1999). We note that a small fraction of lakes shows an opposite seasonal shift (decreasing
from spring to summer or increasing from summer to fall), generally occurring in states west of the Mississippi
River. Since many factors are at play and this model only looked at the impacts of monthly temperature and NPP,
it is difficult to parse out the exact effects. Overall, information on seasonal and spatial patterns in chlorophyll-a
concentrations is highly valuable to managers as it relates to HABs outbreaks, hypoxic events, and eutrophication,
and highlights lake sensitivities to shifts in nutrient pollution sources, temperature, precipitation, and other
factors.

We executed one last screening exercise to highlight where predicted TN, TP, and chlorophyll-a concentrations
exceeded the 90th percentile in predicted concentration across the CONUS (Figure S13 in Supporting Infor-
mation S1). All of these lakes were found in the north-central US (upper Mississippi region of the Dakotas,
Minnesota, lowa, Nebraska, Kansas, Colorado, and Illinois). A large fraction of lakes with these concurrent
exceedances falls along or west of the 100th meridian line of the United States. This area is arid but highly
agricultural (Sabo et al., 2019; Zhang et al., 2021). This combination leads to difficulty in attaining high nutrient
use efficiency in crop production, leading to higher rates of nutrient pollution (Sabo, Clark, & Compton, 2021),
and likely causes lakes to be less capable of attenuating heightened nutrient loads relative to other water bodies in
wetter climates and different edaphic and other environmental conditions. These lakes represent where optimizing
agricultural nutrient management may be most challenging due to multiple factors contributing to poor envi-
ronmental conditions and HABs risk.

4.4. Limitations

While our models are well-performing and the general regional and seasonal patterns of chlorophyll-a concen-
trations can be inferred from our predictions, we note some important limitations in our work. Throughout this
study, we leveraged chlorophyll-a as a proxy for HABs—although this is largely accurate for a generalized term
of HABs which includes any algal bloom which causes human nuisance and/or ecological harm, this is not
entirely appropriate for the narrower definition of HABs which refers to blooms which produce toxins. While
many have found an increased likelihood of toxin presence with higher chlorophyll-a concentrations, the rela-
tionship is not absolute and there are limitations to what can be learned about toxic algal blooms based on
chlorophyll-a predictions (Hollister & Kreakie, 2016; Pip & Bowman, 2014; Yuan et al., 2014; Yuan &
Pollard, 2019). Still, chlorophyll-a thresholds are used in the World Health Organization's Alert Level Framework
as one entry point to triggering management actions when toxin analysis is not available and to provide further
protections to health effects of blooms that are not attributable to cyanotoxins (Chorus & Welker, 2021). To
interpret and visualize our chlorophyll-a predictions, we utilized the 2017 NLA trophic state chlorophyll-a
benchmarks. These categories are not authoritative regulatory standards and should not be considered as
established chlorophyll-a limits but rather a useful example for interpreting our prediction results. The model
itself generates numeric estimates of chlorophyll-a, TN, and TP, and readers/users can define their own risk
categories as needed for their applications.

The performance of our RF models is limited by data availability. Our training data set is made up of data from
NLA lakes, which are constrained to being larger than 4 ha in 2007 or larger than 1 ha in 2012 and deeper than
1 m. Hence, our predictions for lakes with a wide range of depths and sizes means that some may lay outside of the
prediction space from our training data set. As for maximum lake depth values in our lake watershed-scale
prediction data set, for lakes where depth observations from LAGOS were not available, we used modeled
lake depths from the NHD+ attributes. It is important to acknowledge that these modeled lake depths contain
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some uncertainty (Hollister et al., 2011; Stachelek et al., 2022), however, others have found that using these depth
estimates, even with their degree of uncertainty, improves modeling results (Milstead et al., 2013).

We recognize that the data available for these US lakes is substantial, and that other areas may not have the spatial
density or amount of data for their lakes. The top 5 predictors of chlorophyll-a (TN, TP, lake depth, major inputs,
and temperature) explained 66% of the variation. Efforts to apply this approach to other areas might focus on
assembling these data from global models or limited local data.

Another limitation in the modeling technique we use is that we only incorporate maximum lake depth and assume
that lakes are well mixed (NLA samples the photic zone at the deepest part of the lake). Algal blooms can be
patchy within lakes, often accumulating along shorelines due to wind or sources of nutrients (Brookfield
etal., 2021; Stumpf et al., 2016). Our models do not capture these HAB problem areas since we treated the lake as
a single uniform entity. However, if a user wished to customize the data to predict individual branches of dendritic
lakes (e.g., apply multiple lake depths and custom watershed inputs) then the model can easily accommodate this.

While we can make many mechanistic insights from our modeling results, our goals in this study were more
oriented towards making predictions. The mechanisms of HABs growth explored in our study are by no means
exhaustive and we speculate that some variables in our models could be substituted out with other variables and
model performance would be similar. Many of the predictor variables in our spatial data sets were correlated to
varying degrees (Lin et al., 2021; Sabo et al., 2023) and those variables that were not included in our final models
should not necessarily be dismissed as unimportant. We grant that the combinations of variables in our final
models capture much of the effects of other variables that also have important mechanistic pathways for
increasing lake nutrient and chlorophyll-a concentrations (e.g., legacy P surplus is closely related to agricultural
activities represented by other included terms). These additional, correlated variables should be considered when
prioritizing watersheds for restoration and crafting nutrient reduction strategies.

4.5. Conclusions

In making broadscale predictions of likely HABs presence for lakes across the CONUS, we identify lakes at risk
of ecological degradation (e.g., hypoxia, fish kills) and potential community exposure to toxins through drinking
water and recreation. These risk prediction maps can potentially assist regional- and state-level managers in
identifying areas of concern from HABs within their jurisdiction and assist in crafting remedies to their nutrient
pollution challenges. In addition to its management implications, we see our study as part of a larger trend in
science which seeks to use big data and machine learning to shape the understanding of emerging issues and give
insight into the potential long-term impacts of anthropogenic disturbances. The future growth and extent of
HABs, and its effect on freshwater ecosystems, recreation, and human health, is largely uncertain due to pro-
spective changes in nutrient pollution regimes and climate (Butcher et al., 2023; Ho & Michalak, 2020; Scavia
et al., 2021). Increased warming, in particular, may indirectly and directly increase the occurrence of HABs by
enhancing in-lake nutrient concentrations and boosting lake metabolism. Subsequent research on HABs risk may
be able to use this modeling technique to make predictions under potential future conditions.

Overall, this empirical modeling approach, which integrates large-scale landscape and surface water nutrient and
chlorophyll-a data, generated robust in-lake predictions of chlorophyll-a and nutrients which can be used by lake
managers for prioritizing lakes and regions potentially at risk for HABs, to ensure healthy lakes for humans and
aquatic life.
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