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Abstract

Ammonium (NH4), an organic matter that accumulates in the top portion of soil, can pose a
serious risk to biodiversity. Using machine learning to construct regression models, NH4
levels can be predicted and therefore mitigated. In this paper we used linear, ridge, and lasso
regressions. Through the evaluation of  crop farming factors that contribute to the NH4 levels,
it was concluded that NO3 and N2O have the most direct correlation to NH4. These factors
yielded the best accuracy for regression models with the best performing model being a
multiple feature linear regression which resulted in 60% accuracy. While certain measures did
improve the model’s performance, outliers continuously worsened the results.

1. Introduction

NH4, or ammonia, has a significant impact on biodiversity,
with certain species particularly falling victim to its
pollution. Although nitrogen is the wider known cause of
biodiversity loss, ammonia still plays an important role in
these changes. While most species only feel consequences
when subject to high levels of NH4, lichen and mosses can
feel an impact even when low levels of NH4 are present.
Biodiversity loss is the main impact of excess NH4, however,
it also damages the environment through soil acidification
and air pollution. It is important to take action against the
impact of NH4 on biodiversity because scientists claim that
if its increasing emission continue it could not only
significantly damage the environment, but also cost the
government approximately $2.50 per kg of ammonia in
damage.

Using other factors that correlate to the presence of
NH4, a supervised learning model can be constructed to
address this issue. Through the use of regressions such as
linear, Ridge, and Lasso, along with correlating numerical
metrics such as precipitation, N2O, and NO3, the NH4 levels
produced by certain crops, in this case corn, can be predicted.
Testing the utilization of multiple numerical inputs, to result
in the output of future NH4 content, can allow farmers to
mitigate potential peaks of NH4. The main sources of NH4
in a farm setting are man made fertilizer and animal manure.
Simple tactics such as temporarily switching from urea based
fertilizers to ammonium nitrate and washing down animal
collection points soon after use, can help lower NH4 levels.

Due to the fact that these efforts may be expensive, NH4
prediction can limit their practice to a certain time period
when NH4 levels are predicted to be high, instead of full
time practice which some farmers may not be able to afford.

2. Materials and Methods

2.1 Dataset

“we got the dataset from this study / university”. The crop
production dataset used for this research contained string
values identifying the experiment type and crop type, and
numerical values such as date, N2O flux, fertilization rate,
cumulative precipitation, daily average temperature, NH4
content, and NO3 content. During the data preprocessing this
larger dataset was split up based on the experiment type
resulting in three separate datasets: MCSE, BCSE, and
Arlington. While MCSE and BCSE both contain data on the
crops from Michigan, Arlington contains data on crops from
Wisonsin. From there data for just the corn crop was isolated,
narrowing down the scope of the experiment. For each
dataset all null values were replaced with the average value
for the data in that specific column. For example if there was
a null value in the NO3 column for the MCSE dataset, the
average of all NO3 values in the MCSE dataset would take
its place. After the data was processed, the usage of the data
was to be determined. Initial analysis consisted of visualizing
each of the metrics over time for all three data sets(figures
1,2,3).



After observing the general trends such as strong correlation
between N2O, NO3, and NH4, along with a slight correlation
between precipitation and NH4 amongst all data sets, feature
importance analysis was used to confirm these correlations
on the Ridge model(figures 1,2,3).

The feature importance analysis showed that NO3 is the most
important feature amongst all data sets while fertilization rate
and precipitation rate alternate being the least important
feature amongst the datasets. Generally N2O is the second
most important metric, but there is an exception for this
observation for the MCSE data where air temperature is the
second most important feature. After this analysis, NO3,
N2O and NO3, and NO3 and precipitation, were the chosen
inputs for the three regression models.

2.2 Models

With these three different datasets, three types of
regressions were tested: linear, ridge, and lasso. Linear
regressions are used to predict the value of a variable from
the value of another variable. This is the simplest type of
regression, compared to the other two. Lasso regressions are
similar to linear regressions, except they use shrinkage.
Shrinkage is where data values are shrunk towards a central
point, like a mean. Ridge regressions are the most unique of
the three. Ridge regressions analyze data that is
multicollinear, meaning, there is a near linear relationship
among multiple variables.

Each of these models were tested with three
different sets of inputs: NO3 on its own, N2O and NO3, and
NO3 and precipitation. Two thirds of the data was assigned
for training and one third for testing. The models were scored
using the metrics mean absolute error, mean squared error,
and r squared. Mean absolute error takes the absolute error
and sums it over all samples, mean squared error which takes

2



the average squared error between predicted and true values,
and r squared which takes the square root of the average of
the squared difference between the predicted and true values.

3. Results

The model metrics in figures 1, 2, and 3 utilize mean
absolute error, mean squared error, and r squared to evaluate
the three different models with three different inputs each.

The best overall accuracy came from the multiple feature
linear regression model from the Arlington dataset that had
NO3 and N2O as its inputs. This model had an r squared
value of 0.5810330681290828 and closely aligned predicted
and true values(figure 4).

In the MCSE dataset the most accurate model was the Lasso
regression with just NO3, with an r squared of
0.23934391815636813. This best performing model is an
outlier out of the three models because similar to the
Arlington dataset, the BCSE dataset’s best performing model
was the multiple feature linear regression with NO3 and
N2O. This model had an r squared of 0.4033310464370502.
While the pattern of the predicted values for these models
relatively aligns with the pattern of the true values, the
outliers significantly distort the accuracy (figures 5,6).

Throughout all of the models, the low accuracy is
consistently attributed to the outliers in the data. Many of the
worst performing models have closely aligned graphs of the
predicted vs actual data. The main issue is the magnitude of
some of the peaks which the model does not pick up on,
throwing off the predicted values. For example, the lasso
regression model that had NO3 as its input with Arlington
data had a low r squared of 0.23934391815636813, but the
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graph of actual vs predicted data aligns very closely as seen
in figure 7.

4. Conclusion

Overall, multiple linear regressions with N2O and NO3 as
the input features performed the best. However, it is difficult
to predict NH4 to prevent dangerously high peaks becasue
often the extreme peaks are the outliers which the model
does not pick up on. Although general patterns may be
accurate, the specific purpose for which this experiment was
designed to use them for is not fulfilled. Future research
should divert more attention to studying the outliers of the
data. Hypertuning regression models to put a heavier weight
on the outliers would be a reasonable next step. This research
has demonstrated that predicting ammonia levels in order to
foresee dangerous peaks may be more difficult that initially
imagined because many peaks do not align with the general
trends of the rest of the data and are hard to predict.
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