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Experiment Outline:

Jake: Experiment Background
Daniel: Data Analysis
Jimmy: Applications to Other Experiments

1. Goalis to compare this analysis to others that are analyzing effect of wildfires and
anthropogenic factors on nutrient flow through an ecosystem.

2. Goalis to see if we can predict the BDOM of a sample after a treatment using only
the properties observable before the treatment.

3. Goalis to generalize our results to other experiments in order to increase
applicability.

4. Goal is to motivate further study into specific topics, and address follow-up

questions.




Crandall Study Citations:
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affects stream sediment flux and dissolved organic
matter reactivity, but land use dominates nutrient
dynamics in semiarid watersheds. PLoS ONE

16(9): e0257733. https://doi.org/10.1371/journal.

pone.0257733




Crandall Study Premise:

“Extremely low snowpack, record precipitation,
and high average summer temperatures set the
scene for the three large wildfires in the Utah
Lake watershed that converged into a megafire
in 2018.” - Crandall, 2021

4th by a lightning strike, and burned 128
km?2

e The Bald Mountain fire was started on
August 24th and burned 75 km?2

e Pole Creek fire was started on September
6th and burned 413 km2

Together, these wildfires burned a contiguous
area of 616 km2, creating a megafire referred to
as the Pole Creek Fire Complex.

® The Coal Hollow fire was started on August

UNITE
SaltLake [] SS STATE

4 sampling Locations  [~] 5-Dry Creek
77 Vegafire Bum Scar [T 6-Mitsubishi
1-Benjamin Slough ~ [] 7-Hobble Creek Lower
[ 2-Payson [ 8-Hobble Creek Upper
[7) 3-Spanish Fork Lower [ 9-Mill Race
7771 4-spanish Fork Upper [ 10-Provo

Uintah
nd Ours
Reservatr

Fig 1. Map showing the megafire burn scar, sampling locations, and contributing watersheds. Watersheds are
displayed as either red (burned) or blue (unburned) with numbers indicating the river or stream name in the legend.
The map was created using opensource data from the USGS National Map and the Earth Resources Observation and
Science Center.
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Crandall Study Stats:

These are the stats for the Crandall Study site-specific data.
A lot of these are similar to the stats that we had for our initial properties that we
use in our later machine learning analysis.

Table 1. Watershed characteristics of sampling sites within the Utah Lake watershed.

Site number and name | Area (km?) | Burned (%) Mean slope () | Urban (%) | Impervious surface (%) = Agriculture (%) | Forest (%) | Herbaceous (%)
1-Benjamin Slough 319 67 21 10.6 3.7 18.0 38.4 6.4
2-Payson* 54 90 : 29 268 | 0.0 0.0 829 | 0.5
3-Spanish Fork Lower 1712 24 32 1.69 0.4 ‘ 8.0 56.3 ‘ 5.5
4-Spanish Fork Upper* 1650 ' 25 . 32 0.87 0.1 . 3.0 57.5 _ 5.3
5-Dry Creek 30 0 l 2 54.5 23.8 15.0 2.98 8.6
6-Mitsubishi Race 3 0 _ 1 61.2 28.0 : 0.1 2.81 ‘ 1.8
7-Hobble Creek Lower 324 0 41 4.48 1.7 ‘ 1.5 56.7 7.6
8-Hobble Creek Upper* 280 0 v 42 7 0.51 7 0.0 1.2 7 60 | 7.2
9-Mill Race 47 0 36 40.6 23.0 ‘ 0.5 47.1 ‘ 29
10-Provo River 1769 0 27 5.19 0.9 7.0 65.1 3.5

*Sites categorized as “natural” (less than 10% urban and agricultural land use)




Crandall Study
Visualization:

e PDOC and BDOC are both measures of
carbon content, comparable to our
measure of BDOM.

® They are slightly connotatively different,
and for anyone curious in this
difference, you would have to read the
Crandall Study.

® Note the similarity in their findings
versus ours, on how fire affects carbon
content.
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Crandall Study: Results

“Why is burned BDOM so degradable? Contrary to our hypotheses, we observed
higher photo and biodegradability at burned sampling locations.” - Crandall, 2021

® Expected that loss of plant matter and the high-temperature pyrogenic
compounds during the megafire would result in less reactive compounds in
burned watersheds.

e However, pyrogenic organic matter varies widely in composition and
reactivity.

® The effects of combustion on organic matter properties depend on initial
substrate (e.g. plant or soil sources), the characteristics of the combustion
process (e.g. temperature, duration, and percentage consumption), and the
degree of processing during subsequent transport to and through the

hydrological network.
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Motivation for Machine Learning Analysis

® Eliminating the time-consuming process of
testing and treating water samples.

® Eliminating the treatment wait-time, which can
often be quite long. In our study, 28 days.

® Guessing carbon level is the first step in
improving BDOM.

® |ts cool. Seriously, | had a lot of fun!

This image will be explained further later, but is the
output of my machine learning analysis on the test
set.
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The only explanatory variables we considered were initial
measurements. Though some variables, like site-specific data didn’t
change, others did, such as optical properties of samples. These were
held in stasis using acidic cultures, and measured at the same time as
other variables.

Explanatory Variables:

Season(Trial), Treatment(CL,CD,NL,ND)

Optical Properties: Fluorescence Index, BIX, HIX, Absorbance at
254 nanometers

Average Precipitation over the last 12 months

Site Specific Data: Drainage Area, Forestation Percentage,
Developed Land Percentage, Land Percentage Impervious to
fire, Herbaceous Land Percentage, slope

Burn Level

Sample Specific Data: Carbon Level at initial measurement (t0)

Response Variables:

Carbon Level after treatment (t28)
Percentage of change in carbon level (BDOM)
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Methods: Main Package utilized was Sci-Kit Learn

Data was Preprocessed:

First, our goal was to predict t28 and BDOM

e Second, we shuffled the samples to ensure no confounding
pattern in the data would skew our results.

e Third, encoding to categorically represent our treatment
values

e Fourth, we split our data into four groups at a rate of 80/20.

e Finally, we utilized standard feature scaling of numerical

values for increased accuracy of our machine learning

algorithm.

Data was treated using Multivariable
Linear Machine Learning Techniques:

® Sci-Kit Learn Linear Regression algorithms were implemented

e Further tests were conducted using dnn’s in an unsupervised
environment from Sci-Kit Learn, but these were not as
accurate as the Linear methods.

e Potential for dnn’s are still possible, discussed later.




| ®
® Actual BDOM
® Predicted Upper Conf. BDOM
® Predicted Lower Conf. BDOM

Confidence Interval Predictions Test for BDOM
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Applications to past studies

Historically forest fires cleared old growth, but with Climate Change, worry is that
changing fires will affect nutrient flow through an environment

® As fires change, nutrient flow through the system changes, and hence recovery from
fires, and regrowth, changes

® One major concern is that nutrients will flow out of a system based off of water-shed, as
opposed to stay in the system. Crandall Study suggests BDOM is a measure of this

e What the Crandall study didn’t consider which we studied were a few additional factors:

The burn level of a specific location

The affect changing over time

The treatments Haley conducted on the water samples

Correlation between specific optical properties of water samples and their BDOM

O O O O




Motivations for Future Studies

® One extremely interesting problem discussed in the Crandall study is the changing

shape of modern classified “megafires”.

e Megafires typically would be not very elliptical in shape, but rather would “branch

out”. Speculation is made in the paper that modern megafires are now becoming

more elliptical in nature due to the affects of man-made agricultural and urban
development.

® The reason why this might be a problem, is that regrowth may be a factor of
distance vegetation seed has to travel to get to a fertile soil, as well as how much
of the BDOM in the water is retained in that time period.

® The question then remains to determine if the convexity of a fire pattern is

correlated to its BDOM drop over time.




Motivations for Future Studies

e We could not determine causality between topological data and BDOM nutrient
flow. This is because we didn’t do experiments controlling for other variables.

® This gap is an important one to try and bridge if our data and models are going to
have any widespread application.

e If we could predict the flow of nutrients through a system before that has
happened, we can begin to take steps to intervene where necessary.

® However, experimental studies, as opposed to observational studies, are in this

area of course unethical, as it would constitute starting megafires.




Motivations for Future Studies
Future Possible Improvement for the Deep Neural Network:

e If we utilized a mixture of supervised/unsupervised learning in a deep neural
network with dedicated layers its possible that this could keep the upper bound on
the 128 value from getting so high. This might eliminate the skew

e Our data was unbalanced. This could cause a bias in the estimate of the carbon
level, as the underlying dnn simply tries to optimize the loss function by any means
necessary

e Its highly likely more data would allow for narrowing the confidence interval we

found to a more applicable level




Questions/Comments?

Thank you very much!




