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ABSTRACT: This study analyzes machine-learning methods used to estimate daily nitrate concentrations by analyzing
streamflow and water quality data from 18 watersheds in the Lake Erie area. Daily nitrate was predicted by using 10 input
variables: Julian date, streamflow, total suspended solids, chloride, sulfate, total phosphorus, soluble reactive phosphorus, total
Kjeldahl nitrogen, total silica, and conductivity. There are 27 machine learning models that are compared using K-fold cross-
validation and analyzed with the mean absolute error (MAE), root mean square error (RMSE), and coefficient of determination
(R2). But agricultural land use also dominates 15 of the 18 analyzed watersheds, while two watersheds are urban-dominated,
and one (Muskingum) watershed shows the highest forest land use. As a result, Rational Quadratic Gaussian Process Regression
(RQ-GPR) and Random Forest (RF) among the machine learning models have the strongest overall performance. The correlation
analysis of the variables shows that streamflow and Julian date are the most important variables when it comes to predicting
nitrate concentration. This research supports the availability of machine learning models for estimating nitrate concentration, the

water quality variable.
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B Introduction

Nitrate is one of the major water quality variables because it
is used in river impairment, eutrophication, and downstream
ecological effects."? In agricultural watersheds, nitrate con-
centrations are significantly affected by hydrologic streamflow,
land-use practices, and seasonal biogeochemical controls.**
However, directly and continuously monitoring the nitrate
concentration is more difficult and time-consuming than
collecting routine hydrologic or supporting water quality mea-
surements. So, the observed nitrate concentration during the
monitoring period is usually collected on a weekly or monthly
basis. But, the data were not enough to estimate the annual
nitrate loads, leading to inconclusive results.” Therefore, it was
determined that utilizing machine learning models to estimate
daily nitrate concentration offers a faster and simpler approach
to daily monitoring.*® In addition, due to watershed hetero-
geneity, nonlinear models have been widely studied because
nitrate concentrations are affected by land use and watershed
characteristics.'®! As a result, it is necessary to apply machine
learning models to estimate nitrate concentration because they
estimate nonlinear relationships in data very well. This leads to
the main objectives of this study: (1) to construct a nitrate con-
centration estimation method using selected observed nitrate
concentrations with hydrologic streamflow, water-quality, and
time variables; (2) to compare the estimated nitrate concentra-
tion of 27 machine learning models with the observed nitrate,
where the concentration evaluates the performance of machine
learning models with the experimental watersheds; and lastly
(3) to identify the variables with the greatest effect on nitrate
estimation.

B Materials and Methods

Study area and watershed characteristics:

18 watersheds from Lake Erie, in Ohio, USA, were used for
this study, including Maumee, Wolf, Tiffin, Lost, West, Rock
Creek, Beaver, Cuyahoga, Huron, Muskingum, Portage, Raisin,
Scioto, Blanchard, Chickasaw, Potato Run, Shallow Run, and
S. Turkeyfoot. Figure 1 shows the location of the applied wa-
tersheds, while Figure 2 presents the land-use characteristics of
the watersheds used in this study. Agriculture was the domi-
nant land use in 15 of the 18 watersheds. In Figure 2, the Wolf
and Cuyahoga watersheds were the only urban-dominated ba-
sins, with urban fractions of 43.9% and 39.5%. Muskingum had
the greatest forest fraction (43.0%), while West (92.0%) and S.
Turkeyfoot (90.3%) had the highest agriculture fractions.

Figure 1: Locations of the 18 watersheds in the Lake Erie region, Ohio,
USA, used in this study. Watershed boundaries and monitoring locations are
shown for the selected basins.
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Figure 2: Land-use composition of the 18 watersheds used in this study.
Agricultural, pasture, forest, urban, and other land-use categories are presented
as percentages of total watershed areas.

Data sources and predictors:

Daily streamflow data were collected from the U.S. Geolog-
ical Survey (USGS) (https://waterdata.usgs.gov), and also the
water-quality observations were collected from the Nation-
al Center for Water Quality Research (NCWQR) (https://
ncwqr-data.org). To match the time period of the streamflow
and water quality data, the monitoring periods in the watershed
datasets ranged from 1974-10-02 to 2023-05-15, depending
on the watershed. The monitoring records were arranged into
a daily database. The variables collected in this study, listed
in Table 1, include Julian date (day of year), streamflow, to-
tal suspended solids (T'SS), chloride, sulfate, total phosphorus
(TP), soluble reactive phosphorus (SRP), total Kjeldahl nitro-
gen (TKN), total silica, and conductivity. In addition, Table 1
also presents the characteristics of the adopted variables. In the
end, the target simulation variable to be measured was daily
nitrate concentration.

Table 1: Input variables of machine learning models for daily nitrate
estimation.

Variables Unit/form Characteristics

Julian date day of year Seasonality and recurring annual controls
Streamflow m*3/s Hydrologic flow effects

TSS mg/L Soil water quality parameter
Chloride mg/L Chemical water quality parameter
Sulfate mg/L Chemical water quality parameter
TP mg-P/L Nutrient water quality parameter
SRP mg-P/L Nutrient water quality parameter
TKN mg-N/L Nutrient water quality parameter
Total silica mg-Si/lL Chemical water quality parameter
Conductivity Umho Soil water quality parameter

Model comparison framework:

First of all, Figure 3 shows the overall study process. 10 vari-
ables were collected as observational data, including time, two
soil, three chemical, and three nutrient water qualities, and hy-
drologic variables, and 27 machine learning models were used
to estimate daily nitrate concentration. The 27 machine learn-
ing models were then further categorized into nine machine
learning groups according to Table 2. The categories/groups
are: linear regression models, regression trees, support vector
machines (SVMs), Gaussian process regression (GPR), neural
networks, kernel approximation methods, ensembles of trees,
efficiently trained linear models, and random forests (RFs).
Eventually, all 27 models and the categories were used to com-
pare watershed performance. Furthermore, the created dataset
was split into 80% for training and 20% for testing, with 10-

fold cross-validation used during model application. Then, the
model performance was analyzed with MAE, RMSE, and
R2. Finally, the performance of machine learning models was
compared, and the optimal models to produce the best results
were presented under the general conditions.
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Figure 3: Overall framework of this study, including input variable data
(Table 1) collection, machine learning model application (Table 2), and nitrate
concentration estimation (Figures 4-7).

Table 2: Machine learning categories and models screened in the MATLAB-
based application.

Category Representative models Count
Linear regression Robust, linear, interaction, and stepwise linear regressions 4
models

Regression trees Fine, medium, and coarse trees 3
Gaussian Process Rational quadratic GPR, squared exponential GPR, Matern 5/2 4
Regression (GPR) GPR, and exponential GPR

Support vector Linear SVM, quadratic SVM, cubic SVM, fine Gaussian SVM, 6
machines (SVMs) medium Gaussian SVM, and coarse Gaussian SVM

Neural networks Narrow, medium, and wide neural networks 3
Kernel approximation SVM kernel and least-squares kernel regressions 2
models

Ensembles of trees Boosted trees and bagged trees 2
Efficiently trained linear Efficient linear least squares and efficient linear SVMs 2
models

Random forest (RF) Random forest 1

Performance evaluation methods:

Three standard regression error analysis methods were uti-
lized: root mean square error (RMSE), mean absolute error
(MAE), and coefficient of Determination (R2) to evaluate
machine model performance. These methods compare the
predicted nitrate concentrations with the observed values.

The RMSE quantifies the standard deviation between the
estimated nitrate concentrations by machine learning models
and the observed nitrate concentrations as follows:

Vi—y:)2
RMSE = |y, St ™)

where y, is the observed nitrate concentration, y, is the simu-
lated nitrate concentration by machine learning models, and n
is the number of data points.

The MAE provides a measure of average nitrate estimation
bias as follows:

1 P
MAE = -¥iLily; — 7l )

The R2 quantifies the proportion of variance in observed
and simulated nitrate concentrations by machine learning
models, as follows:
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where y is the mean of the observed nitrate concentrations.
While the ranges of the RMSE and MAE are data-dependent,
ranging from zero to infinity, zero representing the optimal
value, the R2 range ranges from 0 to 1, 1 representing the op-
timal value. RMSE presents the magnitude of the estimation
errors. A smaller RMSE value indicates the machine learn-
ing models produce fewer large mistakes and create a more
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accurate estimation. MAE shows the average absolute differ-
ence between the estimated and observed values. Lower MAE
values demonstrate a better machine learning model perfor-
mance because the estimations are closer to the actual data. R2
measures how well the model explains the changes in nitrate
concentration. The R2 value ranges from 0 to 1, and values
closer to 1 indicate that the machine learning model estimates
the observed data more accurately. Overall, a well-performing

model provides low RMSE and MAE and a high R2.

B Results

Watershed-wise machine learning models evaluation:

Figure 4 shows the performance results of 27 machine learn-
ing models that estimate nitrate concentration, using 10 input
variables per watershed, and also combining RMSE, MAE,
and R2. The Rational Quadratic Gaussian Process Regres-
sion (RQ-GPR) had the best-performing model compared
to all three evaluation methods in eight watersheds, including
Cuyahoga, Potato Run, Muskingum, Scioto, Shallow Run, S.
Turkeyfoot, West, and Wolf. Meanwhile, a small number of
the bagged trees model and a medium neural network were
selected. The RF dominated all three evaluation methods in
the Raisin and Maumee watersheds. Lastly, in the Huron,
Rock Creek, Portage, and Tiffin watersheds, the Exponential
GPR and RQ-GPR models showed the best performance re-
sults. Overall, in Figure 5, five of 27 different machine learning
models were shown as the optimal models depending on wa-
tersheds and performance methods. Among them, RQ-GPR
was selected as the most optimal machine learning model in
each performance method per watershed. RQ-GPR appeared
in 30 out of the 54 optimal performance-error methods, and
RE was the second most frequently selected machine learn-
ing model, with 14 selections, and, in addition, the exponential
GPR with only 6 selections. These results suggest that RQ-
GPR is the most powerful model for nitrate concentration,
whereas RF performs especially well in some agricultural wa-
tersheds.
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Figure 4: Selection of the basin-wise best-performing model for calculating
the mean absolute error (MAE), root mean square error (RMSE), and
coefficient of determination (R2) data for each basin. Note that the red point
is the optimal point. The closer the point is to the optimal point, the better
the performance of the corresponding machine learning models. RQ-GPR
and RF models were generally located closer to the optimal point than other
machine learning models across most watersheds. This shows that these two
models are among the most effective approaches for nitrate concentration
estimation across the study watersheds.

MAE RMSE R”2

Boaver RQ-GPR RF RF
Blanchard RE RE Bagging

Chickasaw RE Bagying RF
Portage RQ-GPR RF Exp GPR
Rock Creek Exp GPR RQ-GPR RQ-GPR
Huron Exp GPR Exp GPR Exp GPR
Tost RQ-GPR RF RQ-GPR
Tiffin Exp GPR Med NN Med NN
Cuyahoga RQ-GPR RQ-GPR RQ-GPR
Potato Run RQ-GPR RQ-GPR RQ-GPR
Muskingum RQ-GPR RQ-GPR RQ-GPR
Scioto RQ-GPR RQ-GPR RQ-GPR
Shallow Run RQ-GPR RQ-GPR RQ-GPR
S. Turkeyfoot RQ-GPR RQ-GPR RQ-GPR
Waost RQ-GPR RQ-GPR RQ-GPR
Wolf RQ-GPR RQ-GPR RQ-GPR

Raisin RF RF RF

Maumeo RF RF RF

Abbreviations:  RO.GPR Rt Bagging

Random Fore Med NN Mediu

Exp GPR

Exponential GPR

Figure 5: Best-performing machine learning models identified for each
watershed based on MAE, RMSE, and R2 evaluation criteria. The left column
is the watershed list, and the three right columns with colors are the lists of
best-performing machine learning models by evaluation method. Five of 27
machine learning models (RQ-GPR, RF, Exponential GPR, Med NN, and
Bagging Tree) were shown as the optimal models based on watersheds and
performance methods. The RQ-GPR is the most frequently selected optimal
model for estimating nitrate concentration. It indicates that RQ-GPR is the
most reliable nitrate concentration estimation result in any type of watershed,
whereas RF performs well in large agricultural watersheds.

Scatter Plots of observed vs. estimated nitrate concentrations:

The observed-versus-estimated nitrate concentration scat-
ter plots for the best-performing machine learning models in
each watershed are shown in Figures 6 and 7. Most strong
coincidences occurred around the 1:1 line at low to moderate
concentrations, therefore indicating that the trained machine
learning models simulate the variation of daily nitrate con-
centration well. These results imply that most of the nitrate
concentration data are low or medium nitrate concentrations.
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However, at high nitrate concentrations, the point is far away,
and deviations from the 1:1 line become more obvious. This
result shows that high-concentration estimation is difficult for
trained machine learning models because high concentrations
are rare and have a smaller training dataset. Therefore, the ac-
curacy of high-concentration estimation is strongly related to
the overall accuracy of the machine learning model estimation.
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Figure 6: Observed-versus-estimated nitrate relationships using Rational
Quadratic Gaussian Process Regression (RQ-GPR) for the optimal machine
learning method in the 10 watersheds (Cuyahoga, Muskingum, Potato Run,
Scioto, Rock Creek, Shallow Run, S. Turkeyfoot, West, Wolf, Portage). Most
data points are distributed close to the 1:1 line. The high correlation between
observed and estimated nitrate concentrations shows the model's accuracy,
particularly within low-to-moderate nitrate concentration ranges. However, at
high nitrate concentrations, the accuracy of the estimated nitrate concentration
is low. This may be because of the relatively small number of training samples
that represent high nitrate concentrations.
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Figure 7: Observed-versus-estimated nitrate relationships using random
forest for the optimal machine learning method in five watersheds (Raisin,
Maumee, Blanchard, Chickasaw, and Beaver) and Exponential GPR for the
optimal machine learning method in two watersheds (Huron and Tiffin).
Most data points are distributed close to the 1:1 line, within low-to-moderate
nitrate concentration ranges. Across all seven watersheds, deviations from the
1:1 line become clearer at high nitrate concentrations because of the small
number of high-concentration training samples available for model training.

Variable significance evaluation:

Figure 8 shows the correlation heatmap of nitrate concen-
trations versus applied input variables for each watershed. The
variable significance analysis revealed that streamflow and
the Julian date were the most effective predictors of nitrate
concentrations. This result is possible because streamflow
summarizes dilution, runoft generation, storm transport, and
tile—drain response, while the Julian date captures recurring
seasonal variables such as crop cycles and fertilizer timing of
agricultural activity. In contrast, other water-quality variables
provide little simulation information. These results further in-
dicate hydrology and seasonality as dominant features, which
suggest that much of the nitrate concentration is explained by
streamflow through the watershed and by the seasonal condi-
tions under which that transport occurs.
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Figure 8: 10 input variable correlation heatmap with nitrate concentrations
in 18 watersheds. The right color bar shows the magnitude of correlation
coefficients between 0 and 1. Streamflow and Julian date exhibit stronger
correlations with nitrate concentration than the other input variables. In
contrast, other water-quality variables show weak correlations with nitrate
concentration. This shows that water quantity and seasonality are the primary
variables to estimate nitrate concentration.

B Discussion

Based on nitrate concentration estimation results from the 27
machine learning models applied to 18 watersheds, the optimal
models are different depending on the watersheds. However,
RQ-GPR and RF models show the most reliable results for
daily nitrate estimation in overall watersheds. The RQ-GPR
model provides more reliable nitrate concentration estimation
results in both urban and agricultural watersheds. This indi-
cates that kernel-based models, such as GPRs, achieved good
estimation results on nonlinear relational data in any watershed
characteristics. In addition, the RF model shows good results
in the Raisin and Maumee. These two watershed characteris-
tics are that the watershed area is larger than 15,000 km?. Thus,
I propose that the RE model is suitable for large watersheds.

Regarding correlation results, streamflow and Julian date
were shown to be strongly significant variables for estimating
nitrate concentration. These results are consistent with previous
studies showing a strong correlation between nitrate concen-
tration and streamflow or seasonal time.'" This is because
streamflow integrates water-quality transport processes, storm
flushing of nutrients, drainage activation, and the travel times
of water-quality indicators, which produce a high correlation
between streamflow and nitrate concentration; whereas sea-
sonality, represented by Julian date, is one of the main factors
affecting nitrate concentration as agricultural activities, such as
cropping patterns and fertilizer application, are strongly cor-
related with nitrate concentration in streamflow.

Also, this study presents a limitation regarding machine
learning model applications. The high nitrate concentrations
are difficult to simulate because such concentrations are not
observed very often, and machine learning models have few
chances to train. This indicates that high nitrate concentra-
tions should be sufficiently monitored or accumulated for
accurate estimation.

B Conclusion

This study estimated daily nitrate concentrations using 27
machine learning models with 10 input variables across 18
watersheds near Lake Erie in the United States and reached
the following conclusions. RQ-GPR showed the most con-
sistent performance across different watershed types, while
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RF worked especially well in large-scale watersheds. But also,
streamflow and Julian date turned out to be the most import-
ant input variables because of the hydrology and seasonality
affecting nitrate transport. Estimating high concentrations
was still difficult, and improving this should be a focus for fu-
ture work. Overall, this study suggested that machine learning
models are an applicable method that could help with nitrate
concentration estimation without requiring continuous daily
monitoring.
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