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ABSTRACT

Previous methods to determine the origin of natural gases consist mostly of analyzing
combinations of three empirical binary plots with molecular ratio C/(C2+C3) and isotopic values
813C-C1, 8'?H-C1, and 3'3C-CO». Using these diagrams, geochemists distinguish five origins of
natural gas: abiotic, thermogenic, primary microbial from CO; reduction primary microbial from
methyl-type fermentation and secondary microbial. However, the genetic fields on these
diagrams partially overlap, making the interpretation of some samples ambiguous. Here, I
integrate supervised machine learning to improve these methods and create a tool that
dramatically increases the accuracy, certainty and speed of classifying a natural gas sample. With
data science and software engineering, I utilized a dataset of 27,853 natural gas samples to create
and deploy a random forest natural gas classifier tool that uses the same geochemical parameters
as the binary diagrams. This web tool that can automatically classify the origin of natural gas at

an accuracy of over 97% and provide calculated certainty of each classification.
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CHAPTER ONE

INTRODUCTION

1.1 Purpose

Typical laboratory costs to analyze natural gases range from $175-400. This price is
negligible compared to the cost of drilling a well. Due to the low cost of these samples and the
abundance of information that can be acquired from an analysis, it is becoming routine for
companies to sample, analyze and interpret natural gases. Geochemical information on natural
gases helps determine the origin of the gas and evaluate the post-generation processes such as
mixing, migration, biodegradation, thermochemical sulfate reduction and oxidation (Milkov and
Etiope, 2018). The tool developed in this project will be widely applied by earth scientists to
solve various problems. Below are some specific examples of how this tool cane be used:

1) Petroleum explorers can establish robust gas-source correlations, better determine
source rock intervals, improve their petroleum system models (Petersen et al., 2019), make better
drilling decisions, and evaluate post-drilling results (Milkov and Samis, 2020) eventually leading
to better economics of petroleum exploration.

2) Production geoscientists can more effectively determine the intervals from which the
wells produce and improve production allocation (Jokanola et al., 2010; Goldsmith and Abrams,
2016).

3) Environmental scientists evaluating source of leakage from plugged and abandoned
wells (Schout et al., 2019; Wisen et al., 2020) can correctly identify the potentially leaking

formation and help design more effective programs to reduce or eliminate gas leakage. Further,



they can better interpret the dissolved hydrocarbon gases in groundwater and aquifers (Botner et
al., 2018).

4) Atmospheric scientists can better determine the source of hydrocarbon gases and
potentially CO2 in the atmosphere and determine which sources of gas (conventional, shale, coal
bed gas wells, natural gas seepage etc.) contribute natural gas to the atmosphere (Townsend-
Small et al., 2015; Schaefer et al., 2016; Schwietzke et al., 2016; Milkov et al., 2020).

Other examples include the interpretation of gas seeps in sedimentary systems and gas
seeps in volcanic/hydrothermal systems. Furthermore interpreting a gas sample has application
when developing a tight reservoir, for example, it can help determine if frac fluid is being

recycled properly and not introducing microbes to the targeted petroleum formation.

1.2 Definitions

Today the terms “data analysis”, “data analytics”, “artificial intelligence” and “machine
learning” have the tendency to be confused with one another and are frequently substituted in the
media as they are falsely perceived as synonyms. “Data analysis” is a general term that consists
of processing raw data in the search for trends and answers (Wulff, 2019). For example, of the
5,000 sold ski passes, 2,000 of them were purchased by people between the ages of 16-23 years
old. With this analysis, this fictitious ski resort can conclude that the majority of their clients are
high school and college students, therefore it may be beneficial to hone their marketing efforts to
those particular groups. As this exemplifies, data analysis is focused on past data and does not
have predictive measures. “Data analytics” is a subcomponents of data analysis. Data analytics is
another broad term where data is examined with the help of programs and software. The term

“data analytics” is broken up into four types, descriptive analytics (What happened?), diagnostic

analytics (Why did it happen?), predictive analytics (What could happen?) and prescriptive



analytics (What should we do?) (Masters in Data Science, 2019). This study incorporates
predictive analytics because past geochemical data and interpretations are processed to discover
trends that have the ability to define the origin of new natural gas samples.

“Artificial intelligence” is a continuation of data analytics where algorithms instruct
computers to mimic certain human intellectual skills. Yet these programed computers can
process data at scale, depth, detail and in a timely manner that is not humanly impossible
(Reavie, 2019). “Machine learning” is an important subdivision of artificial intelligence. In this
subdivision computers are provided with datasets and the machines are programed with the
capability to learn from these datasets to create accurate predictions or even increase
performance over time (Zubarev, 2018). For example, here is an expansion on the ski resort
example above. Realizing the vast majority of their clientele consists of students, the ski resort
decides to use predictive analytics which incorporates artificial intelligence and machine learning
to create a model (Reavie, 2019). This predictive model uses historical ski pass sales data from
neighboring ski resorts who provided student discounts. The computer uses this data to conclude
that creating a student pass, where students could purchase ski passes with a 23% discount,
would maximize the resorts future profits.

In this study, data analytics was used to create predictive analytics where artificial
intelligence is complimented by machine learning to create a tool to determine the origin of
natural gas.

1.3 Applications of Machine Learning to Geoscience

The application of machine learning to the geosciences is shown in a variety of ways.

Machine learning consists of subdivisions, “deductive” and “inductive” reasoning (Chopra et al.,

2018). Deductive reasoning uses factual information to create conclusions (Khan Academy,
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2019). Geoscience examples range in complexity. On one hand there are straight-forward
methods that consist of tying well logs to seismic or using seismic to detect geological structures
such as salt diapirs and faults. On the other hand there are more complex methods that include
the recognition of depositional environments (Chopra et al., 2018; Wrona et al., 2018). In
contrast, inductive reasoning is when data is extrapolated and generalized (Khan Academy,
2019). This type of reasoning uses datasets to discover patterns. Examples include discovering a
correlation between porosity and acoustic impedance or TOC and acoustic impedance. At times
the logistics behind an accurate inductive reasoning correlation may not be well understood, but
statistical methods provide us with validation for the predictive tool and can lead to new

hypotheses and new theories (Chopra et al., 2018).

DEDUCTION € INDUCTION

Theory

Hypothesis
|

Pattern
) §

Observation

g ARISTOTLE SHERLOCK

Figure 1.1: Flow chart of deductive versus inductive reasoning. Image from the blog of Miessler

(2018).

11



Deductive and inductive reasoning can be seen in both unsupervised and supervised
learning. In unsupervised learning we are trying to find hidden patterns in datasets using cluster
analysis algorithms such as k-means, hierarchical clustering and Gaussian mixture models
(MathWorks, 2019). An example of unsupervised learning would be the application of these
algorithms to seismic data for facies classification. In this situation the number of facies being
identified is unknown because there is neither a training group nor a defined number of clusters
(Ferreira et al., 2019). Supervised learning can also be applied to seismic for facies analysis. In
this example, Wrona et al. (2019) created a supervised dataset based on manual interpretation.
This created training dataset or “training group” allows the user to define the specific
classification (Wrona et al., 2019). In other words, a training group is the already classified input
data that the computer relies on to classify the unknown. This study will use inductive reasoning

and supervised learning to create the desired tool for automatic gas interpretation.

1.4 Different Origins of Natural Gas

To begin this supervised machine learning study it is essential to understand the different
classes being identified. The origin of natural gas can be divided up into five classes: abiotic,
thermogenic, primary microbial from CO; reduction, primary microbial from methyl-type (e.g.,
acetate) fermentation and secondary microbial. Many natural gases are mixtures of gases with
different origins. Abiotic gas is derived from chemical reactions that do not involve organic
matter while biotic gas forms from organic matter (Etiope and Lollar, 2013). The formation of
abiotic gas occurs in certain geological environments that include Precambrian crystalline
shields, igneous batholiths, geothermal fluids, hyperalkaline springs and aquifers in serpentinized
ultramafic rocks in ophiolites or peridotite massifs (Etoipe and Schoell, 2014; Milkov and

Etiope, 2018). Abiotic methane (C; or CH4) is usually present in small, non-economic quantities.
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Biotic methane can accumulate in the subsurface, sometime creating large commercial
reservoirs that drive the global economy. It is gas that formed from organic matter and can be
either thermogenic or microbial (Etiope and Lollar, 2013). Thermogenic gas is derived from
thermocatalytic breakdown of complex organic molecules to form theC; — Cs alkanes: methane,
ethane (Cz or C2Hs) propane (Cs or C3Hg), butane (C4 or C4H1o) and pentane (Cs or CsHi2)
(Chemistry LibreTexts, 2019). This breakdown of organic molecules can occur first in the
cracking of the source rock or from oil which tends to occur later in the maturation process. The
generation of these alkanes occurs gradually as maturation increases. Early mature gas has higher
percentages of Ci, the mid-mature (oil-associated) gas is relatively enriched in Co+ compounds,
and late mature gas is again enriched in methane (so-called dry gas) (Sherwood and Dolan,
2013). Thermogenic hydrocarbon gases such as C;-Cs are depleted in light isotope 2C in
comparison with microbial gases (Milkov and Etiope, 2018).

Microbial gas forms when microorganisms feed on organic matter. Microbial activity
occurs in the shallow subsurface at low temperatures of <70-90 C°, with no sulfate H, S, low
salinity and porous rock (Katz, 2011). It produces low yields of 0-2 bef/km? up to 5-10 bef/km?
and contains methane relatively enriched in '?C. Primary microbial gas is documented to only
have methane and trace amounts of ethane and propane (Katz, 2011). Primary microbial gas can
originate from more than one processes that occur in anoxic geological settings with high
sedimentation rates and low geothermal gradients (Katz, 2011). Primary microbial gas forms
from organic matter with TOC values of around 1%. Marine sediments and reservoir gases
contain primary microbial gas produced via CO, reduction by methanogens. Freshwater
sediments contain primary microbial gas produced via acetate fermentation where acetoclastic

methanogens split acetate to methane and CO, (Whiticar, 1996).
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Secondary microbial gas is a result of biodegradation of petroleum, and it consists of
mostly methane (Milkov, 2011; 2018). At relatively shallow depth and low temperatures
(<90°C), microbes metabolize thermogenic oil and gas, creating a mixture of thermogenic and
secondary microbial gas. Petroleum systems become sterile of microbes and degradation once
they exceed temperatures of 90 C°, but microbe communities can be reintroduced through
uplifting (cooler temperatures) and influxes of meteoric waters (Katz, 2011). Recent studies
suggest secondary microbial gas may be more prevalent in global petroleum reservoirs than
primary microbial gas (Milkov, 2018).

Many natural gases are mixtures of gases of different origin (Milkov et al., 2007; Milkov
and Etiope, 2018) or may change their composition after generation through various process such
as oxidation, thermochemical sulfate reduction and fractionation (Sassen et al., 2000; Milkov et
al., 2004; Milkov and Etiope, 2018). However, these complexities are beyond the scope of this
study.

1.5 Current Methods for Determining the Origin of Natural Gas

Because natural gases have different origins, they have different molecular and isotopic
compositions. Over the past 30-40 years earth scientists have analyzed the geochemical
separations associated with the different types of natural gas by creating multiple combinations
of two-dimensional (binary) plots. In these analyses, geochemists study different molecular
ratios of alkanes (methane, ethane, propane), stable carbon (5 13C) and stable hydrogen (5°H)
isotope composition of methane, and the stable carbon isotope composition of carbon dioxide
(CO»). With these analyses, scientists are able decide which group the gas sample classifies in:
abiotic, thermogenic, primary microbial (CO, reduction), primary microbial (methyl-type

fermentation), secondary microbial or mixed. The main empirical diagrams are shown in Figure
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2.1 and include: 8'3C — C1 (%0) vs C1/(C2+3), 8'3C — C vs 8*H — Ci (%0) and 8"C — C; (%o) vs
813C — CO; (%o). Initially, these genetic diagrams were developed based on limited number of
samples, confined to certain geographic regions and geologic habitats. In 2018, Milkov and
Etiope revised these main genetic diagrams using 20,621 gas samples across 76 countries and
territories (Milkov and Etiope, 2018). These revisions created some of the most advanced
empirical genetic diagrams published to date. The purpose of this study is to use the large global
gas dataset and revised gas genetic diagrams to guide the creation of our automatic gas

interpretation tool.
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Figure 2.1: Current empirical diagrams used to determine the origin of natural gases (for natural
gas classification) as revised by Milkov and Etiope (2018). Through observation, genetic fields
(clusters) were created based on how the data points plot.
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1.6 Study Objectives

The main objective of this study is to design a tool for automatic gas interpretation. The
primary purpose of this tool is to facilitate the efficiency and increase accuracy and certainty
when determining the origin of natural gas by receiving instant classification based on the
inputted geochemical data. This tool will allow the user to input the geochemical features that
correspond with the provided list. This list is chosen to be an extension of the pervious revised
empirical diagrams and will include : 8!*C — Ci (%o), C1/(C2+3), 8*H — C1 (%o) and 8'3C — CO;
(%o). The user will be able to determine how many geochemical features they would to input into
the model based on the available data. To aid the user’s decision making, the model will provide
the user with the training group size, model accuracy, feature importance and confidence of the

classified sample.
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CHAPTER 2

DATASET

2.1 Collecting Gas Samples for Geochemical Analysis

To analyze the geochemistry of natural gases from a well, samples are taken from the well
site and sent to a laboratory. These samples can be taken in multiple ways, at different stages of
the drilling through production process. First, samples can be taken while operators are drilling.
This includes IsoTube technology where natural gas is sampled from the flow line. It also
consists of collecting cuttings in Iso-Jars. Second, samples can be taken before production.
These sample methods consist of drill stem test and tools used for pressure-volume-temperature
tests (for example, Halliburton Reservoir Description Tool). Last, samples can be taken during
production from the well-heads and separators (Milkov, Petroleum System Analysis: Lecture 2,
2018).

2.2 Dataset

For this study we are using a global data set of 27,853 natural gas samples. This dataset
includes samples taken at depths ranging from the surface to ~9,000 m with the majority of
samples taken from 0-2,500 m. These samples come from 76 countries and territories across six
continents. The majority of the samples are from the United States (27%), and China (27%)
(Figure 2.2), then Russia (7%), Canada (5%), Germany (5%), Australia (4%) and the remaining

countries and territories in summation of Other (25%).
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Figure 2.2: Pie chart showing countries from which gas samples in the used dataset come.

Samples taken from 76 countries and territiories. Over 50% of samples were taken from USA
and China.

85% of these samples were sampled onshore (22,443) and 15% were sampled offshore
(3,979). Figure 2.2 also displays the type of reservoirs from which the gas samples were taken.
Most of the gas samples come from reservoirs where hydrocarbons are present in large amounts:
conventional reservoirs (56%), shale and tight reservoirs (10%) and coal bed methane (13%). We
also have large amount of data from reservoirs that do not contain much hydrocarbons, such as

aquifer and groundwater (7%).
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Figure 2.3: Pie chart showing types of reservoirs and geological habitats from which gas samples
come. Conventional pretroleum reservoirs make up the majorty of the datapoints.

The columns associated with this diverse dataset include information such as location,
well information, molecular compositions, isotopic compositions, interpreted origin of natural
gas, reference, etc. The primary interest for this study revolves around how isotopic and
molecular compositions can be used to determine the origin of natural gas. Of these 27,853
sample entries, 10,938 samples have been manually classified (interpreted based on holistic
geological and geochemical evidence) and assigned origin labels such as “thermogenic”,

b 1Y

“primary microbial CO: reduction”, primary microbial acetate fermentation”, “secondary

microbial” and “abiotic”.
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CHAPTER 3

Data Science: Random Forest Algorithm

3.1 Classification Methods

The different classification models, or prototypes, were created in the coding software
MATLAB and Python. The final tool was built in Python. Six prototypes were created each with
a different classification method to determine the most accurate. In the first prototype I used
linear discriminant analysis (LDA) which calculates the between-class variance, the within class
variance and constructs a lower dimensional space (Sawla, 2018). Next few prototypes were
quadratic discriminant analysis, slightly more accurate than LDA, random forest classifier and
K-nearest. When testing K-nearest neighbor, the non-parametric approach resulted in decision
boundaries that created classifications that were not precise (Béjar, 2013). After that, a
multinomial logistic regression prototype was built. This classification method is used to predict
categorical probability of a dependent variable in multiple independent variables. The
independent variables, the five gas classifications, can be either dichotomous or continuous
(Starkweather and Moske, 2019). The last prototypes were support vector classification using
both “one-against-one” and “one-vs-rest” approach. This classification method has an accurate
approach when deterring the confidence of a classified sample but lacked accuracy in the overall
model. Ultimately a random forest classification proved to be the most accurate prototype based
on a 10 fold cross validation score of over 97%, therefore it was implemented in the

development of this tool.
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3.2 Random Forest Classifier

Random forests use tens to hundreds of decisions trees to accurately classify data. In this
random forest approach each tree in the forest is created from a sample drawn with replacement
from the training dataset. Each node in the decision tree is picked among a random subset of
features. This creates bias trees that conjoin to cancel out error to create an unbiased ensemble of
trees (scikit-learn, 2019). Let’s begin with a simple illustration of how a single decision tree
operates. The decision tree in Figure 3.1 demonstrates the evaluation of multiple features to

conclude a decision.

Decision Tree

Should we play outside?

Sunny?
&/ %,
» El
Raining? Hot?
& ~ "\
4 N ¥ )
Cold? Stay Inside Stay Inside Go Outside
< \%.
¥ b
Go Outside Stay Inside

Figure 3.1: Decision tree example, in which the individual is deciding whether or not to play
outside (go out or stay in). Answering simple questions leads the user down a path that
ultimately aids the user by making a convincing decision.
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Random forest method was first created by Tin Kam Ho in 1995 (Ho, 1995). It was later
improved in 2001 and trademarked by Leo Breiman and Adele Cutler (Breiman and Cutler). The
improved algorithm is described as an ensemble of decision trees. The growth of each tree is a
result of an equal number of random vectors independently generated for each tree with each
iteration of the algorithm. This collection of random trees creates a forest that acts as a large
committee who votes on the predominant class (Breiman, 2001).

Figures 3-2 and 3-3 illustrate this process described above. In Figure 3.2 we have our
entire training group in matrix D. Matrix D has features A through N labeled Fa-n. Fa is our first
feature, Fg our second and so on. Feature A through N in this case would be 8'3C — C1 (%o),
C1/(Ca13), 8°H — C1 (%o) and 6'°C — COz (%o). The features are the columns. The rows are the

samples. Each sample must contain data for every feature. Vector [Fa1 Fgri Fni] is sample 1.

D = Matrix of Dataset
F a1 Fp1 Fn1
F,_n =FeaturesA-N Fua, Fgs Fuo
D=
Fyq
= Samples 1 — N of Feature A  Fay Fgy  Fyy |
Fin = P

Figure 3.2: An illustration of the dataset in matrix form. Dataset contains features Fa-x (each
column) and samples 1-N (each row).
Figure 3.3 uses the labeling schematic seen in Figure 3.2 to demonstrate how each

decision tree is randomly created. In this example we are creating a small random forest with
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only four trees. D1 — D4 are the four decision trees. Every decision tree contains all the features
in the training group. The decision trees are similar because each matrix contains the same
dimensions. Yet, each decision tree is unique because they individuality derives from the
randomly generated sample vectors. In this example there are 1,000 samples. D1 contains sample
3, sample 12, many samples in between and sample 1,000. D2 has sample 8, sample 19, many

samples in between and sample 710. The same approach applies to D3 and D4.

// ) i \ /\/
o> [Fas Fps Fn3 | & /FAS Fps FNB\
<& QS
F F F F F F
o1-  Faz Fpu N12 0y = | Fa19 Fpio Fnio
. Fa1000 Fp1000 Fn1000) Fy710 Fg710 Fn710
n [ N\ % /. N\
& Fae Fpe Fne & Faxi  Fp1  Fm
N\ <8
F F F F F F
p3= | Fao Feio Fwio pg= Fais Fpio Fiio
Fpgs5 Fpgss Fpgss) . Faoso Fposo Fnoeo)
/ N /

Figure 3.3: Training group matrices for a random forest with four trees. These matrices represent
four decision trees labeled D1 — D4. Similar to the matrix in Figure 3.2, these decision trees
contain features Fa-n (each column) and samples from the training group, matrix D (each row).
Matrices D1 — D4 are identical in size contain the same features but differ in samples. The
samples, or vectors, associated with each decision tree are chosen at random but equal in sample
number, thus creating unique but same size matrices for each decision tree (Korting, 2014).
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These decision trees are able to classify input data as individual models. This results in
decision trees that may not agree with one another. The disagreement is resolved when the
collection of trees creates a committee that votes on the classification of the input data. Figure
3.4 shows the four decision trees casting their votes. Decision tree 1 classified the input data as
Abiotic. Decision trees 2 — 4 classified the input data as Thermogenic. Therefore, with a 3-1 vote
the input data is classified as Thermogenic. The idea here is to combine of a large number of
unique learning models to increase classification accuracy. This idea derives from bagging (also
known as bootstrap aggregating) - a machine learning method that takes the mean of loud and

impartial models to develop an overarching model with low variance (Korting, 2014).

Tree 1 Tree 2
Answer: Abiotic Answer: Thermogenic
Tree 3 Tree 4
Answer: Thermogenic Answer: Thermogenic
Votes
Abiotic: 1
Microbial (AF): O Sample Classifies
Thermogenic: 3 as Thermogenic
Secondary Microbial: 0
Microbial CO, R: 0

Figure 3.4: Ensemble of decision trees casting their vote. This figure shows the four decision
trees constructed in Figure 3.3. These decision trees each have classified the input data. Though
not every tree decided on the same classification, they create a committee that is able to vote.
Having multiple unique models conjoining to create a committee is what makes the random
forest algorithm so accurate (Korting, 2014).
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The name random forest is fitting for this algorithm. As stated, multiple randomly
generated decision trees create a forest that operates as a committee. The size of the forest, or
number of trees in the algorithm, needs to be taken into consideration. Overfitting can have
negative impacts the performance of the random forest algorithm. Precaution was taken when

deciding the number of trees that the tool will have.

3.3 Number of Decision Trees

This particular tool uses an ensemble of 50 trees to classify gas samples. 10 trees, 50 trees,
100 trees and 1,000 trees were initially tested. The goal was to compare the impact of the varying
number of trees on the tool. To do this the features were kept constant and 10 iterations were
taken for each set number of decision trees. The average accuracy and average time lapse of each
model was calculated. The time lapse is the amount of time it takes for the computer to load data
and run the associated syntax. We observed that there was not a significant change in accuracy
from 10-1000 trees but a significant difference in the time lapse for each model. N_trees = 10
had an average accuracy of 97.26% and an average time lapse of 0.05 seconds. N_trees = 1,000
had an average accuracy of 97.32% and an average time lapse of 2.74 seconds. The slight change
in average accuracy but dramatic change in average time lapse was no surprise and directed us
into picking 50 trees for our model. N_trees = 50 had an average accuracy of 97.46% and an
average time lapse of 0.16 seconds.

We made this tool interactive. Contingent on the client’s data entry, the tool is able to
determine the necessary features and create a 50-tree forest classifier specified to the client’s
available data. If the client only has data for two of the four suggested geochemical features, the
tool will create a different model contingent on the client’s entered data. Combinations of
geochemical features can result in the change of model’s accuracy.
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3.4 Calculating Accuracy of the Model

The accuracy of the model can be calculated from the training group. In the created model,
the training group is randomly divided into test and train subjects. In this particular model a 2/3
to 1/3 split was decided. From the training group, 66% of the samples are used to train the
computer, the remainder 33% becomes the pre-classified test subjects. With the training subjects
the computer is able create the random forest algorithm. The test subjects are used to test the
accuracy of the created model. Because the test subjects are already classified samples, the
computer has the ability to determine if it was correct or not when classifying the test subject.
From here a confusion matrix is created. This confusion matrix is composed of the all the test
subjects and is able to display each test subject and the model’s prediction for that particular test
subject (scikit-learn, 2019). Calculating the accuracy is just a function of taking the number of
the model’s correct predictions from the test subject and divide it by the number of test subjects.

Accuracy calculation of the model is shown in Figure 3.5.

n samples—1

. 1 .
model accuracy (Vi, Vi ) = Wples Z 1Yk = yi)

k=0
Figure 3.5: Equation to calculate the accuracy of correct predictions from a model. In this
equation Y, is the predicted classification, y, is the true classification for that corresponding k-th
test subject. The number of predictions is n samples, which is the sum of all the test subjects
(scikit-learn, 2019).

Other accuracy calculations for this model such as K-fold cross validation was used to
analyze the models. With each use of the developed tool, the client re-creates a specific model

contingent on the available inputted data. Therefore, the accuracy calculation is instantaneously

presented to the client. This assures that each data entry is classified with accurately. Other
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accuracy calculations can result in slower computational times which seemed unnecessary. The
current accuracy calculation method is sufficient, based on my opinion, for notifying the client if
their created model is accurate or not. Requested models may return an accurate model but lack
confidence in the classified sample.

3.5 Calculating the Confidence of the Tool’s Prediction

Performing at 97.46% accuracy, this tool seems reliable. Yet, the current empirical
diagrams show overlap in classifications (Figure 2.1). To add more statistical certainty to a user’s
classified sample, the tool will provide the client with a prediction probability. This prediction
probability is a confidence calculation of the entered gas sample.

This confidence calculation of the input sample is calculated by looking at the end leaf of
each tree. Each tree is already fitted, and the lowest leaf will contain a fraction of samples from
the training group for the predicted class. That fraction of samples of the same class in that leaf is
the probability. The probability for the ensemble of 50 trees is averaged (scikit-learn, 2019). This
mean class calculation is the confidence values we provide to the user of the tool.

3.6 Feature Importance: Intent for Scalability

This particular study is adding accuracy and certainty to the current methods of
classifying the origin of natural gas by using the currently analyzed geochemical values, 8'C —
C1 (%o), C1/(Ca+3), 8*°H — Ci (%o0) and 8'°C — COz (%o). To determine how each of these
geochemical features contribute to the model we can calculate feature importance. Feature
importance is a method of ranking the added value each feature provides to the model. The

feature importance for the geochemical values in the designed tool are listed below.
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Table 3.1. Example of feature importance calculated with the current dataset and using the
current model. Each feature is given a number that ranges from 0-1. The summation of all the
feature’s importance equates to 1. If a feature is more important than another, it will have a
higher score (decimal value) than the lesser feature. In this table we ran 10 model iterations and
took the average feature importance.

Geochemical Feature Feature Importance

813-CO; 0.40
813-CHy 0.34
8’H-CHy4 0.10
Ci/(CatGC) 0.16
Total Feature Importance 1.00

The feature importance values calculated using these four features only applies to this
specific model. Different combinations of features will result in varying feature importance
values for the same geochemical feature. Feature importance will be heavily analyzed when
scaling this research. In this current study we are focused on the currently used geochemical
features. As this study gets scaled, different feature combinations will be analyzed.

In this tool there is a heavy correlation between the size of the training group and the
number of features used. Like most datasets, there are holes in the data. Of the 10,938 classified
samples, there is a variety in which samples have specific isotopic and molecular composition
data. This is significant to the accuracy of each model created by the tool. With future
development of this tool we must be cautious of which and how many features we want the tool
to use. Adding too many features results in a small training group. Let’s say we eventually want
the model to have 10 features because it seems likely that 10 features would result in a more

detailed analysis than 3 or 4 features. The idea is true in theory but most likely false when using
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this tool. If the client were to pick a model with 10 features, every sample in the training group is
required to have data for all 10 features. With holes in the data this likely would result in a

training group so small that accuracy is dramatically impacted.
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CHAPTER 4

Software Engineering

4.1 Backend

To make this tool available and free to the public, we decided to deploy it as a website
using Django. Django is a high-level Python Web framework that is known for its speed,
security and scalability (Django Software Foundation, 2020). The operation on the backend is
relatively simple. We took pieces of our syntax from the model and incorporated it into Django
with slight modifications to have the model respond to the new user interface. The backend was
designed to be secured and protects from breaches in our dataset. It is also designed to run fast.
By Pickling our dataset we were able to store the 27,853 samples in a binary fashion for
serializing and de-serializing our data frame.

The backend of this project is entirely designed for scalability. Updating the dataset on
the backend only requires a click and drag into our model. Adding and subtracting features for
this model consists of minor updates to the syntax on the frontend. We also designed the backend
of this project to take the client’s request in two manners with the anticipation of future changes
in the tool. Our current method combines parameter picking and geochemical values input into
one simple user-friendly form. We also have created a more dynamic method that separates the
parameter picking and geochemical value inputs that might be re-evaluated with future
improvement of this tool.

4.2 Frontend
With Django we were able to incorporate CSS (Cascading Style Sheets) , JavaScript and

HTML code to create a more attractive and simpler user interaction than just creating forms in
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Django and passing them through HTML. The browser doesn’t understand Python code but
supports the languages HTML, CSS and JavaScript. HTML is a HyperText Markup Language
(Mozilla and individual contributors, 2020). Django is composed of templets, HTML files, that
consist of the static parts of the desired HTML output. These templets are HTML syntax that
enables the transfer of data from the frontend to the backend where it can be ran through
dynamic Python code. The results then can be displayed back to the frontend with these three

languages (DjangoGirls). Figure 4.1 shows how the frontend and backend interact with this tool.

1
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Frontend ' Backend
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1
1
1
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e e > | &
C .4 P )
Client Web Server  Application Server Database

Figure 4.1: Frontend vs backend. In this image we have the client’s input data being requested
from the frontend. The POSTed data are sent to through the web server where the backend is
able to run this data in the application server were the tools computational power lies.

The tool uses the provided dataset that lies in the database to create a model. That model

inputs the requested geochemical values to calculate results. Those results are then sent from the

application server back through the web server to the frontend. The computed information is
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presented to the client via a web page. This architecture helps with security purpose. The dataset
is not accessible by the user.

To create a visually attractive tool, CSS and JavaScript were embedded with the HTML
code. While HTML code creates the structure of our webpages, CSS was the primary language
used to create the visual layout of our tool. CSS was used to alter visual features such as colors,
fonts and the adaptation the webpage to conform to changing screen sizes across different
devices (W3C, 2016). JavaScript code was added using Jquery. Jquery is a fast JavaScript library
that can implement multiple JavaScript function in one line of code (Jquery.com). Jquery was
used to create animations such as the help button on our homepage, our parallax style about page
and features on the navigation bar. These three languages were combined when using Materialize
CSS. Also known as Material Design, this user interface library was built by Google (Materialize
CSS, 2020). It is a design language that was used when creating headers, footers, forms and
themes. Like webpages associated with Google, Materialize CSS was used to create colorful,
simply appealing webpages with a since of depth shown in three-dimensional features such as

our buttons and the navigation bars.
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it Ge cal Features
CHa/(C2Hg+CaHs) Gas Origin: Secondary Microbial

(1000

Confidence Scores
Thermogenic: 4%
Primary Microbial (CO» reduction): 30%

513C-CHg (%o)

Primary Microbial (methyl-type fermentation): 6%
Secondary Microbial: 60%
Abiotic: 0%

Model Accuracy: 98%

Figure 4.1: A screen-capture of the website. In this example the user manually inputted a very
difficult sample that falls in overlapping classes. This example is to emphasize how essential the
confidence score is for gas interpretation. Image on the left is a geyser.
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CHAPTER 5

DISCUSSION AND CONCLUSIONS

5.1 Discussion

With this study, no new defined classification boundaries can be drawn on the current
methods of determining the origin of natural gas. This tool does not create boundaries that are
possible to visually represent. Yet, it is apparent that this tool is classifying more efficiently than
the currently used method of binary genetic diagrams.

The hypothesis that the current diagrams used to determine the origin of natural gas will
prove to be statistically accurate stands to be true. We expect this because the input geochemistry
used to create the multiple plots are molecular ratios of alkanes and stable carbon and hydrogen
isotopes. But, when viewing the current two-dimensional diagrams, we see the empirically
determined clusters with significant overlaps. The random forest classifier is an advancement
used to approach the overlapping genetic fields algorithmically. In addition, this tool is able to
calculate the confidence of a classified sample. This is necessary for the improvement of the
current methods. For example, we have a gas sample that plots where three origins overlap.
Based on an empirical cluster analysis, this sample has a 1/3 chance of being one of those three
origins. With this tool, one origin will outweigh the others. This provides the user with a higher
degree of confidence than the current methods.

Expanding on the idea of accuracy we have our second hypothesis. Creating a tool that can
analyze all four features simultaneously will further increase the accuracy of gas origin
classification over the current methods. This hypothesis also stands to be true. With this

hypothesis we are simply taking these three two-dimensional diagrams and creating one four-
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dimensional model. Adding more space to the current classification schematic, dramatically
improves the accuracy of this tool and reduces overlap. To resemble the current diagrams, we
will look at this tool using 8!°C — C1 (%o) vs C1/(Ca+3), 8'3C — Cy vs 8*H — Ci (%0) and 8'3C — C,
(%o0) vs 813C — CO2 (%o). The random forest classifier computes accuracy calculations that range
between ~87 — 91%. When we stitch all four features together, '°C — C; (%o) vs Ci/(C2:3) vs 6°H
— C1 (%0) vs 8'3C — CO2 (%o), our tool is able to perform at an accuracy above 97%.

Despite 97% being highly accurate, our importance values for the four features are skewed.
On one hand, § 3C — €C0,(%o) makes up for almost half of the feature importance. On the other
hand, 8°H — C; (%o) has little weight in the decision of this tool, with a feature importance of
0.01. This is where the study lives on. These values suggest that other combinations of isotopic
and molecular values have the ability to further improve this tool. The expansion of this study
would require analyzing which geochemical combinations could improve the classification of
natural gas.

5.2 Conclusion

We used the world’s largest natural gas dataset published to date to create a tool for natural
gas interpretation. Python coding language helped us analyze multiple classification models and
implement the best. We were able to increase accuracy over the current method of classifying the
origin of abiotic, thermogenic, primary microbial CO, reduction, primary microbial methyl-type
(e.g. acetate) fermentation and secondary microbial gas with an accuracy of 97%. This highly
accurate tool is a result of three things. First, our large gas dataset of ~28,000 samples. Second,
the random forest classification algorithm. This classification method randomly creates 50
unique decision trees. This ensemble of bias trees creates an unbiased committee of decisions

trees that result in an accurate classification of the five natural gas origins. Third, our tool

35



operates using the features 8'3C — Ci (%o0) vs C1/(C2+3) vs 8H — Ci (%o) vs 8'°C — CO2 (%o).
Switching from three two-dimensional plots using four features to one four-feature tool increased
our classification accuracy.

We were able to add certainty to classifying natural gas. We did this by having our tool
provide the user with a confidence calculation. This confidence calculation tells the client what
percent each gas origin consists of when classifying a sample. This is essential when classifying
outliers or samples where geochemical values of gas origins overlap. Through data analysis and
software engineering we were able to use artificial intelligence to web develop a tool that
determines the origin of natural gas with increased accuracy and certainty over the current

methods.
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APPENDIX A

MODEL CODE FOR RANDOM FOREST CLASSIFIER

CODED IN PYTHON

SENLET pd

0s
sklearn.model_selection train_test_split
sklearn metrics
sklearn.metrics confusion_matrix

timeit

numpy np

matplotlib.pyplot plt
sklearn.ensemble RandomForestClassifier
sklearn.model_selection learning_curve

os.chdir(os.getcwd() +

df = pd.read_pickle(

col df.columns:
(col)

start = timeit.default timer()
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command. insert( )
training_dataset_df = df [command].dropna()

(training_dataset_df) <=

(

command. pop(0)
X = training_dataset_df [command]

y = training_dataset_df[I[

X_train, X_test, y_train, y_test = train_test_split(X, y

=42)

clf = RandomForestClassifier(

clf_m = clf.fit(X_train, y_train.values.ravel())
y_predict = clf_m.predict(X_test)
stop = timeit.default_timer()

( stop - start)

metrics.accuracy_score(y_test, y_predict))

conf_mat = confusion_matrix(y_test, y_predict)
(conf_mat)




feature (X, clf.feature_importances_):
( feature)

clf_m = clf.fit(X, y.values.ravel())

classifying_input_data =

(command) ) .split()

lab_df = pd.DataFrame(classifying_input_data).T

results = clf_m.predict(lab_df)

( results

confidence = clf_m.predict_proba(lab_df)

abiotic_c = confidencel[0,0]
microb_p_c_c = confidencel
microb_p_af_c = confidencel
s_microb = confidencel[0, 3]
thermogenic = confidencel

abiotic_cx
microb_p_c_cx )
microb_p_af_cx*
s_microbx )
thermogenicx )
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