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Abstract of Praxis
Developing a Predictive Model to Minimize Gel Defects in Polyethylene Film
Production
This Praxis introduces the Supervised Machine Learning Algorithm Performing

Quantitative Statistical Analysis of the historical data from film surface analyzer (FSA)
as a new methodology to identify the root causes of variation of defect rates for each
process run. This study aimed to identify significant contributors to gel formation,
develop a predictive model, and show that using a predictive machine learning model
using FSA data enhances the prediction of gel defects. The primary goal of using the
predictive model is to improve product quality. The model’s input considers attributes
such as product grades, catalyst types, and process variables/tags (Min, Avg, Std, Max).
To minimize the cost and maximize the profit of a petrochemical plant, gel defects should
be mitigated or eliminated via an optimum technical solution. The predictive model will
help research engineers and operations detect the film defects in advance and prevent the
gel defects as much as possible. The predictive model may also help to clarify the

characteristics of gels seen in film-based products.
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Chapter 1—Introduction

1.1 Background

The use of plastic packaging has increased because of its light weight, which in
turn has made it possible to transport more goods and, at the same time, reduce the waste
of packaging material. In the market for common polymers, polyethylene (PE) holds a
crucial position. According to estimates, roughly 70% of PE's market entry is dominated
by different blends of PE. As a result, for the past 20 years, the “miscibility of
polyethylene blends” has been a hot research area in the polymer field. (Zhao & Choi,
2006). Gel defects in PE film products have been a common problem in the
petrochemical industry. Typically, small defects that distort a film product and lower its
quality are referred to as "gel” (Spalding & Womer, 2017). The distortion could be
caused by degraded polymer, an unmixed gel (highly entangled resin chains), unmelt gel,
solid polymer fragments, or a foreign material such as fiber, insect bodies, and metal.
Gels are usually small in size and can be caused by different factors making it
challenging to identify and mitigate the occurrence of gels.

The cause and prevention of gels has been a recurring theme in the 20-year
history of Advanced SCLAIRTECH Technology (AST). In 2021, 17 lots of products
were downgraded. Out of these downgraded lots, nine had gel defects. This quality
disturbance had a negative cost impact of about USD 210K per year. Gels have the
potential to lower product value or prevent converters from selling film into markets with
higher profit margins. (Spalding, 2015). The diagnosis of the root causes of gels and
finding a technical solution to reduce such defects is a difficult, costly, time-consuming

“due to complexity and of the off-specification product produced” (Spalding et al., 2017).



A systematic approach can help reduce the time and cost to troubleshoot the process of
PE production and the occurrence of gels therein. An increase in customer complaints
concerning gel performance initiated extensive action to better understand the nature of
gels in PE film products and develop mitigation strategies to improve product quality. A
thorough investigation is required to account for the unexplained variation of defect rates
for each process run. (See Figure 1-1.)

Figure 1-1

Image of a Polyethylene Film With Gel Defects

1.2 Research Motivation

Film Surface Analyzer (FSA) data are used to make critical real-time decisions.
Still, there has been no attempt found to systematically analyze the historical data
regarding the occurrence of gels in PE film production to build a predictive model.
Examining a large volume of data will help mitigate some of the inherent difficulties in

gel studies. Gels are challenging to study for several reasons:



o First, gel levels are usually low. For instance, the median gel level is about
0.15 ppm.

e Second, there are many different sources of defects, and defect levels are
highly variable.

e Third, gel numbers are highly dependent on the plant and film line used,
and some samples might lead to false positives due to external factors such
as contamination.

Therefore, a thorough investigation using FSA data from AST can reveal
statistical patterns to address the research questions.

1.3 Problem Statement

The defined problem statement for this Praxis was: Polyethylene film defects
(gels) result in an increase in poor-quality production and scrap cost of at least USD
210K per year.

The existence of several possible gel types makes troubleshooting gels in PE film
products challenging. The ideal troubleshooting process must identify the issue
immediately and offer a technically sound, commercially feasible remedy. (Campbell &
Spalding, 2020). There is still unexplained variation in the defect rates, which could be
correlated to variables in the process. Additionally, there have been gel events across all
catalyst platforms. Although these events initiated from different route causes, the results
produced poor quality resin and increased off-specification production. Gels can pose
significant customer operation challenges and unacceptable film performance and
appearance; downgraded products can cost about a quarter-million dollars per year for a

single manufacturing site. “Gels can cause film breaks for cast film processes or can



cause the bubble to break for a blown film process. These types of events increase the
cost for production and often create high levels of scrap material that either has to be
landfilled or recycled” (Spalding, 2015).

1.4 Thesis Statement

The defined thesis statement for this Praxis was: A predictive machine learning
model will be developed to enable earlier detection of gel defects in polyethylene
production to optimize the process for polyethylene film.

Due to complexity of the problem, it is difficult to completely remove all sources
of PE film defects but building a predictive model using machine learning can provide
better understanding of the nature of gels in PE film products to improve production
quality. In addition, the use of a predictive model can enhance the production quality for
all manufacturing sites. The result of the analysis could also be used for film production
in the petrochemical industry because the model can help find optimum ingredients and
processes for film productions.

Examining a large volume of data collected by the film surface analyzer will help
mitigate some of the inherent difficulties in gel studies and explore how process variables
or different additives can affect gels. Several factors can lead to gel defects, and this
research will use statistical analysis to identify the significant factors contributing to
defect rates. In many cases, optimizing the extrusion process can mitigate gels to
deficient levels (Spalding, 2015).

1.5 Research Objectives
The purpose of this Praxis was to create a predictive model using machine

learning algorithms to enable the early prediction of gel defects and identify how defects



can be reduced. The predictive model can also assist in predicting the gel sizes. The
proposed methods will help reduce the number or size of film defects and increase the
production quality, ultimately leading to a stable production for petrochemical
manufacturing plants. A predictive model will assist research engineers and unit
operations in minimizing gel defects, improving the production quality, and earning
higher profits. In a broader sense, the goals of this Praxis's research are to address the
research questions and evaluate the research hypothesis.
1.6 Research Questions and Hypotheses
The following research questions and hypotheses provided a framework for this

research. The research questions and hypotheses were tested through statistical analysis
of historical data from petrochemical manufacturing plants that produce PE films. The
research questions were addressed through statistical analysis of reported data. The
hypotheses tie back to the Praxis thesis and describe a relationship or deliverable to
address the problem. Three research questions were addressed in the study:

RQ1: What are the significant factors contributing to the defect rates for each

process run leading to poor production quality?

RQ2: Which machine learning algorithm will yield the most accurate

prediction of gel formation?

RQ3: Can a predictive model using machine learning algorithms and film

surface analyzer (FSA) data improve gels’ prediction?

The following are the research hypotheses:
H1: Quantitative analysis of process variables will help identify the

significant predictors of gel defects



H2: A predictive model using Automated machine learning algorithms will

provide the most accurate prediction for gel defects in polyethylene films

H3: A predictive model using ML algorithms and film surface analyzer data

can increase the accuracy of forecasting the gel measurement within a +/-20%

Range.
1.7 Scope of Research

Defects in production affect the sustainability aspect of petrochemical
manufacturing companies. This research aimed to find a predictive model that can help
identify the contributing factors to gel defects and assist in predicting the size of gels in
PE films. Based on the results obtained from statistical analysis, a modified blend for
process conditions (e.g., temperature) or additives (e.g., catalyst type) will be suggested
to mitigate future defects.
1.8 Research Limitations
This Praxis was conducted at only one petrochemical manufacturing company.

Further research can be done for other petrochemical companies using a similar approach
to verify if the same result occurs at other companies. A future direction for research
would entail studying the data from upcoming years in the same manufacturing sites
since this study is only limited to one data set. After the suggested improvements are
implemented, further research can also be done to determine the positive effects of
improvements on the size or number of defects registered in the production. The other
limitation was that the focus of this research was only on manufacturing sites, and
customer processes were not checked to investigate if some of the gel defects that the end

users experience are due to the converting process.



1.9 Organization of Praxis

This Praxis comprises five chapters and two appendices. The main parts of this
study, including the issue and thesis statements, research aims, questions, and research
limits, are included in Chapter 1. A summary of prior research on the many types of film
defects in PE films and how they impact production quality can be found in Chapter 2. A
brief discussion of the causes, importance, and effects of gel on PE formation is also
provided in Chapter 2. The research approach is described in Chapter 3. It demonstrates
the procedures used for data collection, preparation, and preprocessing as well as model
training, testing, and validation. The five machine learning models that use ML methods
to enhance film defect predictions are presented in Chapter 4. The conclusion of this
study is summarized in Chapter 5, along with the results' relation to the study's
objectives, questions, and hypothesis. The chapter ends with its contribution to the body

of knowledge and suggestions for further research.



Chapter 2—L iterature Review

2.1 Introduction

The varieties of gels and their underlying causes are identified in this examination
of the literature, along with technical remedy for eradicating of gels in products made
with single-screw extruders and troubleshooting methods for black specks and color
streaks. Although this study focuses on the extrusion process and type of gels, it is critical
to understand how the whole system works to comprehend the variables of the
components. The study examined if the data analysis using machine learning showed
which variables are the main contributors to gel formation and how early detection of gel
defects will help the production quality.
2.2 Description of Gels and Gel Defects

As Spalding et al. (2018) described, a gel is any minor defect that alters a film
product. Earlier, Piffer (2007) defined a gel as a film defect or failure developed during
forming because of instabilities in the polymer stream. Most recently, lvancic and Xiao
(2021) said that the term gel means any kind of minor flaw that generates a visual
distortion in the ultimate film products. Spalding et al. (2018) noted that the typical gel
types include: “filler agglomerates from masterbatches, solid polymer particles or
unmelted resin, highly entangled polymeric materials which are undispersed and not
cross-linked, polymeric materials which are cross-linked via an oxidative technique, and
highly oxidized polymeric ingredients that are comparable to breakable black fragments”.

According to Spalding et al. (2018), other gel types include altered resins or
contaminants such as dirt, insects, cloth fibers, wood, and metal. Gels can be classified

into three primary clusters: degraded materials, unmelted resin, and foreign impurities.



Cowan and Fairhall (2015) categorized gel types into two classifications based on how
they are formed. The first classification is created during the reaction process. It results
from a buildup of raw Polyethylene (PE) particles developing within the reactor and
generates material with a substantially higher molecular weight than usual. The second
gel classification is created during the processing of the resin when it is passed through
equipment like a molding line and an extrusion. These gel types tend to be cross-
connected and identifiable since they differ in structure from those formed during the
reaction process.

Figure 2-1

Photographs of Gels

causing gels

Troubleshooting and mitigating gels in polyolefin film products. Journal of Plastic Film
and Sheeting, . “(Photographs of gels in the core layer of a three-layer film: a)
Transmitted polarized light, and b) hot stage microscopy was used to determine the
melting temperatures of the core resin and defects ”

2.2.1 Polymer Degradation
Most applications and end users consider the low-level background gels found in
many Polyethylene Film (PE Film) products to be manageable. However, according to
Spalding et al. (2018), these gels do not have to be tolerable. Spalding et al. noted that,

9



although gels emerge because of negligible model defects in the screw, there are other
root causes or factors linked to gels in PE film products.

The root causes of gels in PE film products and related commodities are
documented in existing literature as degraded materials, an unmixed/unmelted gel (highly
entangled resin chains), solid polymer fragments, or a foreign material such as fiber,
insect bodies, and metal (Almeida & Klemm, 2018; Lin et al., 2020). PE film is among
the important and broadly used polymers in film and the packaging sector (Nagy &
Belina, 2018). However, PE is subject to degradation, which leads to gel formation.

Degradation is a sophisticated process that occurs when a polymer material is put
under stress and the environment loses its original properties, according to polymer
research (Vohldal, 2020). Degradation is a root cause of gels since it leads to visual
distortion in the ultimate polymer film. According to Ivancic and Xiao (2021), “material
degradation could occur during extrusion if a polymer is subjected to high energy levels
over a long period”. Empirical studies support that repeated or multiple extrusions of PE
combined with oxygen exposure lead to degradation because they alter the molecular
parameters of the PE (Nadali et al., 2018; Sangerlaub et al., 2020; Schweighuber et al.,
2021). Sangerlaub et al. (2020) explored the impact of several extrusions of polyethylene
terephthalate (PET) mixed with a polymer-centered oxygen scavenger. Their research
revealed marginally improved machine-driven characteristics, namely Young’s modulus
and yield stress for uncontaminated PET films relative to PET and oxygen scavenger
blend. Séngerlaub et al. concluded that extruded PET material with oxygen scavenger
additive has a greater oxygen absorption rate, which accelerates degradation, compared to

pure PET.
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Nadali et al. (2018) investigated the impact of “multiple extrusions on physical,
microstructural, mechanical, and dynamic mechanical, thermal characteristics of natural
fiber high-density polyethylene (HDPE) compounds”. The outcomes showed that the
recycled compounds had a lower modulus of elasticity levels and bending strength
relative to reference compounds that were not subjected to recycling. Findings from the
DMTA (Dynamic mechanical thermal analysis) disclosed an increase in mechanical loss
factor and reduction in storage modulus for all compounds subjected to recycling.

In a similar study, Schweighuber et al. (2021) evaluated the degree to which
recycling leads to degradation by subjecting “high-density polyethylene and
polypropylene (polyolefin)” to stress through uninterrupted extrusion at fluctuating
speeds and the presence or absence of stabilizers. The study revealed that multiple
extrusions, such as the recycling process, increase the thermo-mechanical stress of
polymers and expose them to environmental factors which induce degradation and
ultimately the formation of gels.

2.2.2 Unmelted Resin

Unmelted or unmixed resin is another root cause of gels in PE. Ivancic and Xiao
(2021) pointed out that “unmelted resin” is a typical kind of gel, which is usually detected
at “high extruder quantities”. Earlier, Spalding et al. (2015) indicated that unmelted resins
are highly entangled components. When removed from the die, they are liquefied but
freeze proximately when cooled to create a flaw, which looks like a compact polymer
portion. To evaluate whether a gel is an unmelted resin, the gel under assessment is
heated and allowed to cool (lvancic & Xiao, 2021). The gel is regarded as an unmelted

resin if it fails to re-appear after cooling.
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Research by Waller (2003) determined that the causes of unmelted resins or gels
comprise extreme heat loss in the adapters or die, unsatisfactory mixing, melting too
gently in the transition area, and heating too quickly in the feed region. Waller indicated
that the ideal solution for unmelted resins is to intensify the mixing period by adding
screens to increase backpressure.

2.2.3 Foreign Contaminants

Some studies distinguish foreign contaminants in the root causes of gels in PE and
related products (Ivancic & Xiao, 2021; Maurya et al., 2022). lvancic and Xiao (2021)
noted that foreign contaminants could enter the extrusion process sporadically, resulting
in gels. Foreign contaminants generally pass in the extruder with the primary feedstock or
raw materials via the hopper and may include components such as foreign polymer resin
and clothing fibers. Hoppers are cone or pyramidal-shaped containers used in industrial
processes as storage vessels, feeders, and transporters (Maurya et al., 2022). Fibers are
typical foreign contaminants and root causes of gels in PE products.

2.2.4 Poorly Designed Maddock Mixers

Spalding et al. (2018) acknowledged that poorly modeled Maddock mixers are
causes of two gel types, which can occur at a low and constant degree. These gels include
unmixed gels and thermally oxidized gels. In poor designs, the inflow and outflow flutes
are modeled to minimize pressure in the Maddock mixer (Zanke & Roland, 2021). Such
deficient designs result in a low degree of gels and contamination of the PE film product
because the resin degrades at the “flute boundaries”. Hamouma et al. (2021) claim that by
intensifying the stress level in the “Maddock mixer”, the unmixed gels are eliminated

from the extrusion process. The type of resin and the degree of chain tangling will
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determine the stress level required to diffuse unmixed gels. The incumbent resin effect is
another cause of gels in PE film products linked to screw extruder designs. Spalding et al.
(2018) defined the incumbent resin effect as an improperly modeled screw for a “single-
screw extruder” functioning steadily with a controllable degree of degradation in a PE
film. The “incumbent resin” effect is produced by running a single-screw extruder with a
comparable resin for a long period of time (Knight et al., 2018). When the single-screw
extruder is changed to a different or rival resin, minor process variations lead to the
tarnished resin from the current resin spill from the screw, polluting the PE film material.

Reyes et al. (2017) showed through a case study of a company that manufactures
plastic sheets for flexible packaging that gels can also form when extruder preparation is
interrupted. The interruption in the planning period attributable to machine operators
results in the high temperature of the extrusion head, causing gels in plastic film products.
2.3 ldentifying Gel Types

Identifying or troubleshooting gels from extruded polyethylene (PE) films can be
challenging, time-consuming, and costly (Spalding et al., 2018). Troubleshooting is
difficult since gel defects might have various causes, necessitating the determination of
the gel's characteristics and the identification of the most likely cause. In evaluating the
causes of visual defects in high-density polyethylene (HDPE) that has undergone post-
consumer reprocessing, Morgani et al. (2021) discovered that, for extrusion processes,
the expert must quickly pinpoint the problem and come up with a technically sound,
economically viable solution.

Waller (2003) noted that identifying the precise type of gel and the circumstance

of its occurrence allows manufacturing organizations to track and resolve the cause.
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Several scholars have determined approaches to identifying gel types in PE film products
(Ivancic & Xiao, 2021; Ji-Xi et al., 2020; Spalding et al., 2018). Ji-Xi et al. (2020) used
optimal microscopy, Raman spectroscopies, and micro-Fourier transform infrared
(Micro-FTIR) to troubleshoot the chemical composition of gels. Substantial quantities of
propylene and ethylene were identified in the gels, and distinctive vibrational groups for
crystalline PE were identified via Raman spectroscopies and Micro-FTIR. These results
were consistent with a review that Spalding et al. (2018) conducted systematically to
learn how gels are recognized, the root causes of gels, and the mechanical methods for
eliminating of these gels in film PE products. Several studies revealed that some
identifying techniques are specific to the type of gel being troubleshot. According to
Ivancic and Xiao (2021), highly oxidized gels formed due to material degradation look
like fragile black fragments. They can be recognized by their fluorescence when exposed
to ultraviolet (UV) light. Degradation-induced gels known as cross-linked gels have a
“dark-brown appearance” and contain “oxidized” components. Nevertheless, there isn't
enough corrosion to cause fluorescence when exposed to UV radiation. Since cross-
linked gels are occasionally mistaken for highly entangled resins, Ivancic and Xiao
(2021) provided a procedural-based approach to differentiate between these two types of
gels. Ivancic and Xiao described that cross-linked gels and highly entangled resins should
be distinguished by heating the gel beyond its melting heat, exerting pressure on it to
dismantle it, and then allowing it to cool. The gel is cross-linked and not an entangled
resin if the gel shape returns after cooling. Formanek et al. (2021) conducted the same

procedural-based approach for differentiating cross-linked gels and highly entangled
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resins in their inquiry into the gel development of arbitrarily operationalized polymers in
solution.

A study by Spalding et al. (2018) revealed that the “Fourier transform infrared
(FTIR) spectroscopy” is an ideal approach for identifying the chemical composition of
organic-centered gels such as fibers in PE materials. FTIR spectroscopy is a
physicochemical method focused on molecular vibrations activated by infrared radiation
at a particular wavelength range (Santos et al., 2019; Spalding et al., 2018). FTIR
spectroscopy is a gel troubleshooting technique that generates the infrared absorbance
features for the gel under assessment. The key weakness of FTIR spectroscopy is that it
cannot be implemented to identify gels due to material degradation (Rivas et al., 2017),
which are more common than defects caused by foreign contaminants.

2.4 Impacts of Gels

PE is among the most significant and broadly utilized polymers in the film and
tube forming technology and packaging sector (Nagy & Belina, 2018). Accordingly, PE
forms a vast sector with numerous companies which are greatly affected by gels. Extant
studies reveal that gels have adverse impacts on manufacturing companies, mainly in
terms of product quality degradation and profit loss (Bjorkman & Wisén, 2020; Spalding
et al., 2018). Bjorkman and Wisén (2020) evaluated how gels and defective products
effect the sustainability aspect of manufacturing entities and how the gels might be
eliminated using a single case study of a plastic manufacturer method. The scholars used
diverse data collection techniques, including document reviews, questionnaires,
interviews, and observations. The collected data were then analyzed with trends

corresponding to the theoretical models to realize outcomes. The outcomes revealed that
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gels and defective products have an adverse impact on manufacturers' sustainability
performance. The implementation of lean methodology and its mechanisms was
appropriate in providing manufacturing entities with correct data concerning their product
defects and gels and their causes. The lean methodology was accordingly found to be a
practical approach to minimizing gels and enhancing the sustainability feature of
industrial firms (Bjorkman & Wisén, 2020). The weakness of Bjorkman and Wisén’s
(2020) study is that it was based on only one plastic manufacturer, implying that the
findings cannot be generalized to the entire population of plastic manufacturers.

Using a systematic research approach, Spalding et al. (2018) determined that gels
lead to lower product quality and occasionally the production stoppage in PE film
organizations. Adding to this discussion, Ivancic and Xiao (2021) determined that gels
are problematic since they form an optical alteration and diminish the film product's
motorized characteristics. By assessing an organization that manufactures plastic films
for packaging application, Reyes et al. (2017) determined that gels lead to an increase in
product returns from customers. According to Reyes et al., the interruption in the
planning period attributable to machine operators results in the overheating of the
extrusion lead, causing gels in plastic film products, which are eventually dispatched
back to the firm by clients. Adding to this literature, Hughes et al. (2021) indicated that a
high product return rate could cause a manufacturing organization to lose earnings, cause
financial strains, and ultimately stop production.

2.5 Technical Solutions for Mitigating Gels
Some researchers have determined that lean manufacturing is one of the solutions

for mitigating gels (Bjorkman & Wisén, 2020; Innella et al., 2019; Reyes et al., 2017).
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Lean manufacturing is described as an approach formulated to decrease the costs related
to production with an outlook of reducing waste (Iranmanesh et al., 2019). Lean
manufacturing philosophy signifies that activities or actions significant to the
manufacturing course should be identified and either diminished or eradicated (Reyes et
al., 2017). A single case study of a plastic manufacturer by Bjorkman and Wisén (2020)
showed that lean manufacturing is an effective solution for mitigating gels.

A case study by Reyes et al. (2017) disclosed that lean manufacturing could also
be used to mitigate gels in plastic films by reducing the time taken to prepare the
extruder. Reyes et al.’s study aimed to assess the issue of a rise in the return of products
in an organization that manufactures plastic films for malleable packaging. The failure to
complete preparation period on time due to machine operators may result in the extrusion
head overheating, which results in gels in plastic film products, which are ultimately
returned to the company by clients (Almeida & Klemm, 2018).

Reyes et al. (2017) addressed this concern by designing a solution using the
“Single-Minute Exchange of Die (SMED) tool of lean manufacturing” to diminish the
extruder preparation period and increase the organization's productivity. The Reyes et al.
findings indicated that the extruder can now be scheduled without adversely influencing
the manufacturing of plastic products.

Technical solutions are the most implemented for mitigating gels, with each
solution oriented to a particular type of gel. For instance, lvancic and Xiao (2021)
provided technical solutions for each of the three key gels types: unmelted resins,
degraded constituents, and external impurities. Adding to this literature, Waller (2003)

indicated that the ideal solution for unmelted resins is to intensify the mixing period by
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adding screens to increase backpressure. According to Spalding et al. (2015), unmelted
gels can be eliminated from an “extrusion process” by applying the same level of tension
to the molten resin close to the extrusion screw's discharge. Since foreign contaminants
that cause gels typically pass through the extruder with the principal feedstock or raw
materials via the hopper. Ivancic and Xiao (2021) suggested that in order to prevent any
foreign contaminants from being assimilated, the hopper should be cleaned and the virgin
feedback vessel should be restrained.

Some studies depict the masterbatch process as a critical approach to eradicating
gels in PE film products and associated commodities (Platnieks et al., 2021; Salehiyan et
al., 2019). Masterbatch is defined as a blend of colors and/or extracts compacted
throughout a heat process into a carrier resin that is then chilled and modeled into a form
of pellets (Ardakani et al., 2018).

A study by Salehiyan et al. (2019) is among those in the extant literature
suggesting that the masterbatch process or methodology is appropriate for mitigating gels
in polymers. In their investigation, Salehiyan et al. noted the development of “gel-like
components in both polymers” due to “thermal degradation” at high heat, which led to a
processing issue, especially during the extrusion of thin-gauge films. The findings
indicated that the oxidative responses occurred faster when “nanoclays” were assimilated
linearly and oxidative degradation was hindered when the masterbatch approach was
used.

Some scholars and practitioners have concurred that using the “grooved-bore,
single-screw extruders” can effectively mitigate gels in PE film products (Frankland,

2015; Polychronopoulos & Vlachopoulos, 2018; Spalding et al., 2017). Single-screw
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extruders are machines used to model plastic products into the desired shapes (Liang et
al., 2020). According to Polychronopoulos and Vlachopoulos (2018), single-screw
extruders are the workhorses of the polymer processing sector. Based on his experiences
as the president of Frankland Plastics Consulting, LLC, Frankland (2015) provided
evidence detailing the two categories of single-screw extruders and their impact on gel
mitigation. According to Frankland, findings show that smooth-bore single-screw
extruders are impacted in different ways by the head pressure or the resistance against
which the screw is spinning. The findings also showed that grooved-bore single-screw
extruders facilitate the reduction of melt temperature and are not sensitive to barrel heat,
implying that these extruders can be implemented to mitigate gels caused by degradation.
One of the main sources of gels in PE film products has been found to be the
incumbent resin effect (Spalding et al., 2018). Spalding et al. described the incumbent
resin effect as an inappropriately developed screw for a single-screw extruder that is
functioning steadily with a controllable degree of degradation defects in a PE film
material. Gels in the form of degraded materials develop in stagnant areas of the screw
and remain adhered to the screw. For PE materials, Spalding et al. offered two
mechanical methods for removing the preexisting resin effect. This indicates that the
“Maddock mixer must be streamlined” to prevent stationary fields, all screw conduits
must be filled and compelled, and flight radii in the liquid-filled portions must be
sufficiently large to reduce Moffat eddies (Liang et al., 2020). The new designed screw
can facilitate an almost gel-free PE film product. The other technique was a short-term
solution and entailed eradicating and cleaning the current screw before the new resin is

introduced to the single-screw extruder (Spalding et al., 2018). Both technical solutions
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have been depicted as effective approaches to preventing the existence of the incumbent
resin, the only difference being that the first solution is long-term while the second one is
short-term.
2.6 Data-driven Solutions for Mitigating Industrial Problems

Machine learning (ML) techniques are the modern society’s most implemented
data-driven solutions. Machine learning entails designing programs that solve problems
by learning from data instead of modeling hand-crafted algorithms precise to a particular
circumstance (Sarker, 2021). According to researchers, machine learning is a method of
data analysis that automates the creation of analytical or predictive models (Gondia et al.,
2020; Sarker, 2021; Xu et al., 2021). Zhang and Yang (2020) added that the notion that
algorithms can learn from data, identify trends, and make judgments with little or no
human participation is at the core of machine learning, a subset of artificial intelligence.
Scholars use these ML techniques, distinctively or in combination, to make predictions
that solve specific real-world or business problems. ML techniques and algorithms have
benefited different implementation domains in the contemporary world. The effectiveness
of ML applications can be attributed to the accessibility of large datasets (Russakovsky et
al., 2015), the development of more multifaceted ML algorithms (Schmitt et al., 2020),
and the invention of software platforms, which facilitate easy adoption of infinite
computational resources for training ML techniques on large datasets (Abadi et al., 2016;
Schmitt et al., 2020).

Based on several experimental research, ML approaches have emerged as ground-
breaking methods for resolving issues in real-world business situations.. In the

engineering field, specifically in the manufacturing domain, ML techniques are
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implemented to achieve specific objectives, predominantly prediction of problems. There
is an increasing focus in the technical literature on predictive data mining approaches,
and different ML algorithms have been presented for this purpose (Ademujimi et al.,
2017; Liao et al., 2009). For example, Liao et al. (2009) used the least squares support
vector machines (LSSVM) regression technique to project the actual value of inexact
measured data during production logistics practice based on relative error for
manufacturing industries. The findings revealed that the LSSVM algorithm corrects
inaccurate data for the production management division and increases the precision of the
approximated values.

Due to the enormous volumes of production data, Lyu et al. (2020) developed a
six-step data-driven solution to the problem of discovering product defects, including
product gels. The three tests aid in identifying product gel lots and the limitations on their
manufacturing processes. Lyu et al. employed the decision tree ML algorithm, Apriori
model, and Chi-square test of independence to identify the process that is creating the
defective commodities.

Lyu et al. (2020) performed an experimental study at a visual thin-film filter
(TFF) organization. Using the statistics of the visual TFF manufacturing fields, the
researchers determined the coating practice was the origin of the faulty goods, and the
mined guidelines were authenticated and adopted. After implementing the extracted
guidelines at the optical TFF firm, the product defect rate dropped to 5% from 20%. Lyu
et al. concluded that the proposed data-driven approach could assist manufacturers in

improving their product return rates. More investigation should be done to verify if the
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proposed data-driven model can be employed to identify defects and set correctional
guidelines in other manufacturing industries such as PE film production.

The extant literature demonstrates that the thoroughness of film gels or defects
like precipitates, cracks, degraded materials, and thickness variations can be troubleshot
using the naked eye or optical microscopy (Kim et al., 2020; Nakashima et al., 2021;
Taherimakhsousi et al., 2020). According to Nakashima et al. (2021), fast, “non-
destructive optical inspection of thin films”, is frequently used instead of more
“destructive, time-consuming, and expensive techniques including electron microscopy”,
atomic force microscopy, and stylus profilometry. Data-driven defect strategies such as
semi-manual analysis allow scholars to recognize subtle patterns in “film morphology as
a function of experimental” circumstances (Nakashima et al., 2021; Taherimakhsousi et
al., 2020).

Rosa et al. (2016) noted that the semi-manual analysis becomes impractical in
“high-throughput processes or high-speed product” processing where images of thin-film
products are produced in large numbers or at a high rate. A new ML approach, referred to
as “convolutional neural network (CNN)”, has appeared to be useful in detecting defects
in thin films even in the presence of experimental difficulties such as high-speed
processing and when thin-film products are generated in large numbers (Taherimakhsousi
et al., 2020). CNNs are a group of ML algorithms which have been implemented in
object recognition, image classification, image segmentation, and image detection
industrial problems (Kim et al., 2020). Wu and Jahanshahi (2019) added that CNNs had
attained classification precision analogous to human specialists in computer vision

problems.
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An “adaptable CNN for thin-film image analysis” that works with a variety of
materials and imaging settings has been presented by Taherimakhsousi et al. (2020). It
can identify and gauge the severity of a variety of defects. To experiment with the
efficiency of the CNN model, Taherimakhsousi et al. designed a dataset of 2,600
darkfield images of “organic semiconductor thin films”, portraying different degrees of
dewetting and cracking as a result of disparities in hardening conditions and film
composition. The findings showed that the CNN model correctly identified various kinds
of morphological faults in images of both organic and inorganic thin films attained under
several imaging surroundings. The key weakness of Taherimakhsousi et al.’s (2020)
study is that no control methods were employed to facilitate the determination of CNN
effectiveness relative to similar ML models.

A similar experimental study by Kim et al. (2020) focused on a failure recognition
model that used deep learning and a webcam for the material extrusion progression. The
findings revealed that this model detected 96% of anomalous deposition developments.
Kim et al. concluded that the proposed CNN-based approach can analyze the material
extrusion process in real-time, halt the process, or inform the user when anomalous
printing is identified.

In an experiment that streamlines the recognition of casting faults in X-ray
images, Ferguson et al. (2018) similarly identified that the CNN algorithm has improved
“image processing” implementations. According to Ferguson et al., with CNN, image
ordering and recognition are now probable for neural network learning with no need for
the computations or techniques adopted in conventional image classification and

recognition systems.
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Some scholars have implemented machine learning techniques and algorithms to
forecast issues that affect the quality of molding products (Jung et al., 2021; Ogorodnyk
et al., 2018). Products made of PE, mainly high-density PE, are molded products since
this PE can be molded into an array of sizes and shapes to make different products
(Azeko et al., 2022). Jung et al. (2021) explored whether ML has the ability to explain
quality extrapolation problems in the injection “molding sector”. Specifically, Jung et al.
focused on applying different ML algorithms to assess and liken their performance in the
quality forecast. Jung et al. used ML algorithms routinely implemented in the
manufacturing sectors including autoencoder, regression-based, and tree-based
algorithms. The findings revealed that all three ML algorithms could capture the complex
connection between the assessed variables.

ML techniques and algorithms have demonstrated potential as effective
mechanisms for modeling and streamlining multifaceted production procedures (Altarazi,
2018; Altarazi et al., 2018; Azmi et al., 2013; Ong et al., 2019). Altarazi (2018) proposed
an integrated parameters optimization approach for the single-phase injection blowing
molding practice. The proposed optimization approach focused on maximizing
conformance proportions of the process yield. ML techniques were employed to design a
predictive function connection between operational parameters and conformance
proportions. The findings revealed significant improvements in the conforming
proportions of the introduced blown molded bottles. Altarazi (2018) explored ML
algorithms in general but failed to show the difference in the performance of diverse
specific ML models. Earlier, Azmi et al. (2013) assessed and compared the capacity of

neuro-fuzzy modeling and multiple regression analysis in forecasting and tracking the
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“wear on carbide devices during end milling”. Azmi et al. found that the ML algorithm
revealed that neuro-fuzzy modeling produced an enhanced prediction precision compared
to the multiple regression analysis.

Some scholars have also applied ML techniques and algorithms in studying
polymers and defects associated with film products (Altarazi et al., 2019; Castéran et al.,
2022; Wu et al., 2020). Castéran et al. (2022) recently conducted research on data-driven
modelling of PE recycling “under high-temperature extrusion”. To develop the predictive
models of the process outputs and material properties, machine learning (ML) techniques
working within the low-data restriction were chosen.

A comparable study by Altarazi et al. (2019) revealed that ML processes
efficiently forecast the tensile rigidity of polymeric films irrespective of the
manufacturing method implemented. Altarazi et al. stated, based on study findings, that
ML algorithms have significant advantages in precisely laying out the behavior of
polymers and addressing a variety of crucial “material and processing parameters”.

Wau et al. (2020) designed a modeling library comprising 425 faulty metal-organic
frameworks (MOFs) with a wide-ranging population of missing-linker defects. Wu et al.
(2020) used the ethane-ethylene separation as a case study to show how machine learning
techniques can offer a data-driven knowledge of how defects affect MOF performance in
mechanical stability, adsorption, and separation. The outcomes showed that the pore
volume and “gravimetric surface area” may be used to forecast the “missing-linker”
proportion of defective materials, making it a useful complement to the challenges of
directly detecting the concentration of defects. Based on these findings, Wu et al. came to

the conclusion that machine learning techniques are ideal techniques for examining the
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defects or gels in MOFs, offering long-term prospects for the progression of “defect
engineering in the adsorption sector”.
2.7 Summary and Conclusion

This literature review demonstrates the root causes of gels in PE films,
troubleshooting techniques, and technical solutions for mitigating gels including lean
methodology and data driven solutions.

Within the engineering field, primarily in the manufacturing domain, ML
techniques are implemented to achieve specific objectives, predominantly fault diagnosis,
and defect detection (Ademujimi et al., 2017; Liao et al., 2009; Lyu et al., 2020;
Taherimakhsousi et al., 2020). Some scholars have adopted ML techniques and
algorithms in studying polymers and defects associated with film products (Altarazi et al.,
2019; Castéran et al., 2022; Wu et al., 2020). Based on this review, one of the primary
concerns that has emerged in applying ML techniques and algorithms in the
manufacturing domain is the selection of appropriate algorithms. The research gap
developed from this review is that ML algorithms have not been adopted to troubleshoot
gels in PE film products. This research aimed to build a predictive model using ML
algorithms that can help firms understand the nature of gels in film products to improve
production quality and reduce returns. Chapter 3 underscores the methodologies
employed to address the acknowledged research problem and answer the formulated

research questions.
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Chapter 3—Methodology Formulation

3.1 Introduction

This chapter describes the methodology adopted for this praxis to achieve the
objectives that were articulated in section 1.5 of chapter 1. This chapter consists of the
following main categories: Data Description and Sources, Data Preparation, and Data
Preprocessing, Model Development Methodology and Analysis Methods. First, is a
synopsis of how the raw data were collected; second is a description of the steps involved
in transferring the raw data to useable (readable) data; third is an explanation of the data
preprocessing steps; and fourth is a summary of all methods that were used to analyze the
data. The methods for developing a prediction model with a reasonable level of accuracy
are given special attention. Figure 3-1 is a workflow that demonstrates the steps taken to
form the research methodology for this praxis.
Figure 3-1

The Workflow of Data Processing and Models Development Methodology
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Figure 3.1: The workflow of Data Processing and Models Development Methodology
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3.2 Data Description and Source
3.2.1 Raw Data Collection

The effectiveness of ML application can be attributed to the accessibility of large
datasets (Russakovsky et al., 2015), the development of more multifaceted ML
algorithms (Schmitt et al., 2020), and the invention of software platforms, which facilitate
easy adoption of infinite computational resources for training ML techniques on large
datasets (Abadi et al., 2016; Schmitt et al., 2020). The film surface analyzer (FSA)
collects a product sample of 90-180 g about every three minutes. The product is
continuously extruded into a narrow cast film that passes under the Film Surface
Analyzer FSA-100, a high-resolution line-scan camera shown in Figure 3-2. The camera
reports the total number of defects and the average defect area (ppm) over the most recent
filter area. Defects smaller than 250 um are too small to see clearly and do not count
against the quality requirements; defects larger than 2000 um are extremely rare and can
be holes in the film rather than defects in the product. Therefore, analysis was focused on

defects between 250 and 2000 pm.
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Figure 3-2

Film Surface Analyzer FSA-1000

An example of defects is shown in Figure 3-3. There are four defects; the first two

have staggered arrivals and the second two arrive less than 10 seconds apart. Due to the
filter area, a single defect is reported as a defect rate of 2.94 per m2.
Figure 3-3
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3.2.2 Preparing Data

Before the data is written to disk, the IP.21 historian applies a modified boxcar
backslope compression to the data. This eliminates the numerous consecutive values in
the data, as well as any other values that can be approximately reconstructed by linear
interpolation. In the first phase of data preparation, the researcher attempted to undo each
of the preceding steps, reconstructing the original measurement from the historized data.

The “Bayesian Blocks algorithm” of Scargle et al. (2013) provides a method to
distinguish true changes in the defect rate from natural statistical fluctuations. Applying
the Bayesian Blocks algorithm to the data in Figure 3-4 produces 11 blocks of constant
defect rate, as shown in the second plot. For each run, the researcher defined the
background as the blocks with the lowest defect rates that contain at least half of the
original data points. For example, the two blocks in Figure 3-4 with the lowest defect
rates cover 394 + 524 = 918 of the filter areas, more than half, so those two blocks are
defined as the background. The remaining blocks can be referred to as the foreground.
Figure 3-4

Schematic Illustrating Data Reduction Process

Note: The original defect counts and ppms are segmented into blocks of constant defect

rate, from which we calculate the background defect rate and identify any defect bursts.

The following are the steps used to prepare the raw data:
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1. Download the raw history of each tag as a CSV file.

2. Subtract 1 hour from the correct timestamps so the entire set is on MST
(Mountain Standard Time).

3. Drop the few duplicate timestamps that appear in the CSVs.

4, Multiply the defect rates by the filter area (0.339968 m?) to convert them
back to the original defect counts.

5. Align all tags to a common time index, interpolating missing values to
undo the data compression. Although most discrete steps in the data are
large enough to be exactly preserved by the data compression, small
changes are preserved inexactly, so this reconstruction is subject to some
constraints.

6. Drop data if the data are within an acceptable range and keep those data
which exceed the threshold.

7. Keep every fifth row of the data, dropping the rest, to obtain data at 50-
second intervals, or larger intervals where there was no valid data.

These steps will produce data from non-overlapping filter areas so the researcher
can treat all measurements as statistically independent.
3.3 Data Preprocessing

Valid data analytics are built on top of data pretreatment. Given the inherent
complexity of petrochemical operations and data quality issues, it is a crucial stage in
data analysis (Fan et al., 2021). Preparing raw data for statistical analyses that will be
performed on them is known as data preparation (Ji et al., 2010). The applications of a

wide range of data preprocessing techniques in data transformation, data cleaning, outlier
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identification, data reduction, data scaling, and feature engineering are summarized. For
this Praxis, the preprocessing steps were comprised of remove null columns, remove
columns with low variance, remove columns with equivalent data, convert categorical
variables and finally identifying feature importance.

3.3.1 Numeric Variable Redaction

The term numerical variable transformation describes the process of changing
one numeric variable into another. Numeric variable transformation often aims to change
the values' scale and/or to turn the skewed data distribution into a Gaussian one through
some monotonic transformation. Predictive modelling frequently requires data scaling
(feature scaling), especially when the input variables have diverse scales (Fan et al.,
2021).

The Z-score approach is used to normalize all process variables. Outliers have a
smaller impact when using the Z-score normalization procedure. The most common
method of numeric variable transformation is to use the following formula by subtracting
the mean value from original data and divide it by standard deviation so that the numbers
from the column are often transformed into another set of values with a mean of 0 and a

standard deviation of 1.
x® =

X® s the actual value, x is the standardized value, u and o are mean and standard
deviation of actual values respectively. Since the independent variables are scaled
(standardized), the response or dependent variable should be scaled as well, Logarithmic

transformations can make the data distribution less skewed when the value distribution
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has a lengthy tail, and more of Gaussian-like distribution. The response variable is
normalized by using logarithmic values.
x; = log(x;)
3.3.2 Remove Null Columns of Data

When preparing data, there are two techniques to handle missing values. The first
method is to merely delete data samples with missing values because the majority of data
mining algorithms cannot handle data with missing values. The second method is to use
missing value imputation techniques to fill in the gaps in the data with values that can be
inferred (Fan et al., 2021). To lessen the noise in the analysis, the columns with more
than 25% missing values (25% of row are empty) were eliminated from the features.

3.3.3 Remove Columns of Data with Low Variance

If a column of independent variables has very low variance the entire column will
be deleted; if the target value (Y) is changing, then the independent variable (X) should
be irrelevant in the relationship as it is almost constant. In this step, the researcher
calculated the variance of each column and any feature with a variance value of less than
0.001 will be eliminated to improve the performance of the model.

3.3.4 Highly Correlated Features (Columns)

One of the conclusions from the study by Kohavi and John (1997) was that when
two or more predictors (independent variables) are correlated, one can be swapped by the
other, and that it is likely to achieve the same accuracy with various predictors However,
given machine learning models were used, it was not necessary to reduce the dataset for

high correlation as such models are robust in managing multicollinearity.
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3.3.5 Categorical Data Transformation

One form of encoding is known as one-hot encoding which was first put forth by
Huffman (1952), and afterwards it was widely used in the fields of electrical engineering
and communication science (Matsunaga, 2015). One-hot encoding is the most widely
used target encoding approach when creating an algorithm because of its simplicity
(Rodriguez et al. 2018). It is also applied to the “processing of discrete features in
machine learning” (Ivani et al., 2005). One-hot encoding has the benefit of being able to
binarize categorical inputs so they may be viewed as a vector from “Euclidean space”,
which is frequently used to determine distances or similarities between features in many
classification methods (Cassel & Lima, 2006; Li et al., 2018).In this Praxis, one-hot-
encoding was used to convert the categorical data (grade names and catalyst types) to
binary values for further analysis.

3.3.6 Outlier Detection

Outlier detection can be divided into two categories: global and local. Local
outliers, as opposed to global outliers, which deviate from the normal range for the entire
dataset, may be within the normal range for the entire dataset but beyond the normal
range for the adjacent data points. By calculating the local variation of a series of data
point relative to its surrounding points, Breunig et al (2000) developed an algorithm
known as the local outlier factor (LOF) to identify anomalous data points.

Outlier (anomaly) detection is a crucial step in data preprocessing; it provides
machine learning algorithms with the right dataset to learn on. This process is also called

data cleansing. Outliers may be found in a variety of techniques; for this Praxis, the Local
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Outlier Factor (LOF) was used to detect data points that deviate from the general pattern
of a dataset.

For this praxis, n=5 was used for the LOF method with the distance value
(contamination) of 0.09 and any data outside the circle (r=0.09) would be considered
outliers. Once the outliers were detected the next step was to investigate the root cause of
the outliers to decide if they should be removed or kept in the dataset. Because outliers
may offer useful insight into the processes, researchers cannot just exclude them from a
study. There are numerous approaches to handle outliers in data, and human expertise
and experience can be used to determine the optimum approach.

3.3.7 ldentify Feature Importance

Choosing a meaningful subset of characteristics to get the greatest performance
from a learning algorithm in ML is difficult. When working with a large number of
features that are not necessary for a good prediction, Kohavi and John (1997) observed
that the prediction accuracy of practical ML algorithms such as “top-down induction
decision tree” algorithms will decrease. To reach the highest level of accuracy and the
desired prediction, the optimal features must be found. This Praxis used the voting
regressor ensemble method to combine several algorithms to obtain the optimum output.
Using the ensemble method, a feature importance score was assigned to each variable and
features with a score higher than 0.02 were selected as key predictors (features) to be
used by the machine learning algorithm.

3.3.8 Split the Data
It is common practice to split the dataset into a training set and an independent

test set, with the training set being used to generate the model and the test set being used
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to assess its performance, in order to create a predictive model or classifier from high
dimensional data. Normally, the major portion of a dataset will be used for training a
model. The ML model performs and learns from this data and optimizes its parameters.
There are different ways of dataset splitting such as 70/30, 75/25, 80/20 (May et al.,
2009, 2010). Determining the ratio of splitting the dataset lies in the dataset itself. The
proportions are usually decided based on the size and type of data available.

There was a 70-30% split for this Praxis between training and testing data (divide
matrices or arrays into subgroups for the random train and test). The test dataset was used
to predict the accuracy of the ML algorithms for forecasting the get sizes because the
predictive model would use the test data for the first time; this is why the prediction
would be unbiased. For this Praxis, gel sizes which were measured by FSA 100 camera
(actual size) were compared with predicted gel sizes calculated by the Machine Learning
Predictive Model. In addition, the Equivalence Test with Paired Data was used to
confirm if the accuracy of the predicted gel sizes was within acceptable range.

3.4 Model Development Methodology

Multiple experimental studies suggest that ML approaches have shown to be
revolutionary strategies in solving real-world and business problems. Scholars concur
that ML algorithms and approaches fall into four key categories: “supervised learning,
unsupervised learning, semi-supervised learning, and reinforcement learning” (Gondia et
al., 2020; Sarker, 2021; Zhang & Yang, 2020).

e Insupervised learning, an ML model is implemented to learn a mapping

amongst input samples and the aimed variable (Kim et al., 2022).
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e Unsupervised learning enables a machine to evaluate a dataset with no
human intervention (Kim et al., 2022).

e Semi-supervised learning is an ML approach with a small number of
classified examples and a large number of “unlabeled cases” in the training
data (Liu & Yeoh, 2020). The advantage of semi-supervised learning
relative to both supervised and unsupervised learning is that it makes
proper exploitation of all accessible data as opposed to only labeled or
unlabeled data.

¢ Reinforcement learning is an ML approach that enables a machine to
interact with its environment (Liu & Yeoh, 2020).

The key and commonly applied ML techniques include decision tree learning,
“random forest, support vector regression (SVR), k-nearest neighbors (KNN), and the
extreme gradient boosting (XGBoost-based)” model. One of the most widely used and
useful methods for making inductive inferences from supervised data is decision tree
learning (Gupta et al., 2017). Another supervised machine learning approach, Random
Forest (RF), is often used to solve regression and classification issues. RF is made up of
numerous “decision trees and generates the class that is the mode of the class created by
individual trees” (Breiman, 2001). A classifier known as a random forest model is made
up of multiple decision trees and produces classes that are the mode of the classes
generated by each tree individually (Breiman, 2001). Support vector regression (SVR) is
an ML methodology that is performed by a support vector machine (SVM), initially
designed by Vladimir Vapnik (Liu et al., 2018). The supervised machine learning

technique known as the k-nearest neighbours (KNN) can be used to handle classification
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and regression issues. It is straightforward and simple to implement. The KNN algorithm
considers that related things are located nearby. In other words, similar things are close to
each other. The XGBoost-based model, is a decision-tree-centered collaborative ML
process, which uses a gradient boosting framework and is considered ideal for forecasting
small-to-medium structured data (Mei et al., 2020).

Numerous ML regressors have been studied, “including decision tree regressors,
boosting regressors, and bagging regressors” (Ferrnandez-Delgado et al., 2019). Because
of their straightforward tree structures and user-friendly interfaces, tree-based regressors
like the extra “trees regressor (ETR)” (Geurts 2006), “random forest regressor (RFR)”
(Jin et al., 2020), and “classification and regression tree (CART)” (Breiman et al., 2017)
have been widely used in energy forecasting (Phyo et al., 2021). According to Bratsas et
al. (2019), applying machine learning techniques can boost forecasts' accuracy due to the
growth of big data and machine learning's advancements. In order to create a predictive
model that is reliable and accurate enough to aid in the prediction of polyethylene gel
defects, multiple machine learning methods were applied. The main software used for
this Praxis were Jupyter Notebook (Python) and Minitab.

3.4.1 Analysis Methods

Following the discovery of the features, the data were divided into two groups:
30% for testing and 70% for training the model. Next, various ML models were trained,
and the results of models were compared to choose the best predictive model. The
following statistical and ML approaches were employed: Support Vector Regression,
Random Forest Regressor, Decision Tree Regressor, XGBoost Regressor, Ensemble

meta-estimator (VVoting Regressor), and TPOT Regressor. This supervised machine
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learning classification tool was developed using the Python application. The
aforementioned ML methods were used to train and test the data. The main goal of using
these models was to identify the main contributors to gel defects in PE films and have a
better prediction for gel sizes. The voting regressor was used for SVR, XGB, RF, and DT
models to form a final prediction. The output of voting regressor was compared with the
TPOT model to determine which model has higher accuracy.
3.4.2 Support Vector Regressor

Based on statistical learning theory, the “support vector machine (SVM)” is a
collection of linked supervised learning techniques for classification and regression
(Ziafei Liao et al., 2009). “The Support Vector machine (SVM) maps the input vectors X
into a high-dimensional feature space Z through some nonlinear mapping, chosen a
priori” (Cortes & Vapnik, 1995). However, the precision provided by SVR using the
linear kernel is ranked among the least relative to the accuracy of other ML prediction
techniques (Liu et al., 2018).

3.4.3 Random Forest

The Random Forest (RF) “meta estimator “employs averaging to increase
predicted accuracy and reduce overfitting as it fits a number of classification decision
trees on different subsamples of the dataset. An ensemble (i.e., collection) of “unpruned
decision trees” is referred to as RF, and it is frequently utilized with big training datasets
and a variety of input variables (Gao et al., 2009). Random feature selection is used by
the RF classifier throughout the tree induction phase. Generally speaking, random forests

outperform single tree classifiers like CART and C4.5 by a significant margin.
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3.4.4 Decision Tree
For inductive inference over supervised data, decision tree (DT) learning is
among the most common and useful techniques (Gupta et al., 2017). The segmentation of
the data collection is done via decision trees. They divide the data depending on a test,
starting with the attribute that is the “most informative” (Piryonesi & EIl-Diraby, 2020).
Ayyadevara (2018) outlined some drawbacks of the decision tree approach, such
as its tendency to overfit if the response variable contains outliers and its susceptibility to
correlated independent variables. The disadvantages of DT were further supported by
Zhang and Fang (2020), who included “convergence to non-local optima” as downside.
3.4.5 Extreme Gradient Boosting Regressor
One of the most well-known ensemble ML techniques is the Extreme Gradient
Booster (XGB). Due to their high flexibility and interpretability, Extreme Gradient
Boosting machine algorithms are very popular. This is because XGB turns weak learners
into strong learners (Phyo et al., 2022). The XGBoost-based model is a decision-tree-
centered collaborative ML process, which uses a gradient boosting framework and is
considered ideal for forecasting small-to-medium structured data (Mei et al., 2020).
XGBoost was one of the ML methods used in this Praxis for prediction.
3.4.6 Voting Regressor (VR)
As statistical learning, manifold learning, and multi-instance learning have
developed over the past few years, many academics and researchers have begun to
appreciate the significance of ensemble learning. Dietterich (1997) thought that ensemble

learning was the first of all four directions in the machine learning field.
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To combine an ensemble for the regression problems, a voting-averaged (VOA)
algorithm is proposed. Voting and average techniques can both be improved upon and
extended by VOA since it can choose ensemble components in real time using the
“hidden selectivity mechanism” of voting (An & Meng, 2010).

Several base regressors are fitted on the entire dataset by an ensemble meta-
estimator called a voting regressor. The ultimate estimate is created by averaging the
individual predictions. Combining all classifiers' predictions and producing the most
common class is an easy technigue to improve a classifier. To determine the feature
relevance, different ML ensemble algorithms were used to compare the voting regressor's
output. For this research, equal weighing (one) was assigned for each algorithm (DT
Weight=XGB Weight=RF Weight=SVR Weight=1). The output (error metrics) of the
ensemble voting regressor is used to identify which features are the main contributors to
the target or dependent variable.

3.4.7 Tree-Based Pipeline Optimization Tool Regressor (TPOT)

Olson and Moore (2016) created the initial AutoML strategy (referred to as the
Tree-Based Pipeline Optimization Tool, TPOT v0.3). A series of feature preprocessors
and ML models are optimized via the “open-source, genetic programming-based
AutoML tool TPOT v0.3” to increase classification precision on a supervised
classification problem. To automate the development of ML pipelines, TPOT combines a
flexible expression tree pipeline representation with stochastic search methods like
genetic programming. TPOT uses the Python-centered scikit-learning library as its ML

menu. Based on the benchmark findings, Olson and Moore concluded that genetic
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programming centered AutoML systems such as TPOT demonstrate significant promise
in the AutoML field.

As noted by Lee et al. (2020), AutoML is the process of adopting ML approaches
to real-world problems using automation. Olson et al. (2016) showed that “TPOT can
create machine learning (ML) pipelines with competitive classification precision and find
new pipeline operators like synthetic feature constructors that significantly improve the
classification precision of these datasets”. By introducing Pareto optimization, which
creates compact pipelines without sacrificing classification precision, Olson et al. further
demonstrated the propensity of TPOT to construct unnecessarily complex pipelines. To
assess the effectiveness of TPOT over the basic ML models, Olson and Moore ran 30
TPOT replicates on hundred and fifty supervised classification targets from a broad array
of sources. The datasets were chosen from a wide variety of application fields,
encompassing time series analysis, image classification, and genetic analysis. The
findings revealed that TPOT substantially outperformed a basic ML analysis in 21
analyses while encountering slight degradation in precision on four of the benchmarks,
all with no human input and domain knowledge. Based on the benchmark findings, Olson
and Moore concluded that genetic programming centered AutoML systems such as
TPOT demonstrate significant promise in the AutoML field.

In this research, for the final prediction, the TPOT algorithm was utilized for
training and testing the predictive model. Similar to the findings by Olson and Moore
(2016), the TPOT algorithm substantially outperformed other ML models including the

VR model.
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3.4.8 Models Performance Metrics

An issue in multidisciplinary research is performance evaluation. Performance
metrics, often known as error measures, are essential parts of the frameworks used for
evaluating many sectors. To evaluate how closely actual results match expectations or
predictions, a performance metric is a “mathematical and logical” theory (Botchkarev,
2019). The performance of various algorithms was assessed and compared using four (4)
performance criteria, and the model that delivered the best prediction outcomes based on
the dataset presented was eventually identified.

e Coefficient of Determination (R2), which explains the percentage of
variation in the response predicted by variation in predictors. This
coefficient, commonly referred to as the goodness of fit, measures how
much of a change in the dependent variable can be accounted for by
changes in the independent variables. The variance of the errors in the
model, for instance, is 90% smaller than the variance of the dependent
variable if the model's R-squared is 90%. “The model decreases the error
sum squares by 75%, for instance, if SS lot = 20 and SS lot = 5, then R2 =
0.75. The percentage of observed variation that the fitted model can
account for, increases as R* gets closer to 1. (Devore and Berk, 2012). It
is generally defined by:

SSres _ 1— Yi(fi-f)?

2 — —_ =
o R"=1 SS lot Si(fi—yi)?

o Where:
o fi=observed data value at i

o ]_“= mean of the observed data set
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o yi=predicted value at i
Mean Square Error (MSE), The total of all individual deviations between
the response variable's actual values and its predictions as a result of the
model, multiplied by the sample size, is called the mean square error
(MSE). The MSE value can be any amount larger than zero. (Zhou et al.,
2017).

o MSE==31 (yi—7)?

o n=sample size

o yi=predicted value at i

o ¥y =actual or observed value at i
Mean Absolute Error (MAE): The average of the absolute errors is known
as the mean absolute error (MAE). MAE is a technique for measuring
inaccuracy which simple to understand and interpret (Shortridge et al.
2016). MAE has a positive that goes from 0 to any higher number.

o MAE =15%,lyi- 7

o yi= predicted value

o yi = Actual or true value

o n = total number of data points
Mean Absolute Percentage Error (MAPE): The mean or average of
prediction errors in terms of absolute percentage is called the mean
absolute percentage error (MAPE). MAPE ranges from 0.00% to 100%. If
the MAPE is less than 10%, the interpretation is very good result, and if it

is more than 50% the result is not good.
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o MAPE = ~¥,|yi — 51l/51 X 100

o Yi= predicted value

o i = Actual or true value

o n=number of fitted points

o Accuracy refers to the model's mean prediction accuracy.

o Accuracy=1 -- MAPE

3.5 Summary

Table 3-1 summarizes how the methods used in this Praxis addressed the research

hypotheses.

Table 3.1

Research Hypotheses and Reponses

Research Hypothesis

Methods Evaluated

Method Used

RH1: Quantitative analysis
of process variables will
help identify the
significant predictors of
gel defects.

RH2: A predictive model
using automated machine
learning algorithms will
provide the most accurate
prediction for gel defects
in polyethylene films.

RH3: A predictive model
using ML algorithms and
film surface analyzer data
can increase the accuracy
of forecasting the gel
measurement within a +/-
20% range.

DT, XGB, RF, and VR were
used.

SVR, RF, DT, XGB, VR,
and TPOT algorithms were
used to build a predictive
model. Their results were
checked to find the best
model.

TPOT algorithm was used.

VR was used to identify
important features.

By evaluating four
metrics, the performance
of all predictive models
were compared, and the
most accurate model was
selected.

Equivalence Test with Paired
Data was used to validate the
accuracy range of prediction

for PE gel sizes
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Chapter 4—Results

4.1 Introduction

The main body of this Praxis is represented by this chapter. The creation of the
model and data preprocessing are thoroughly explained in this chapter. This chapter's
goal is to assess the output of various predictive models in order to provide answers to
research queries and confirm research ideas. This section provides a statistical overview
of eight years of at-line gel camera (FSA-100) data during 2014-2021. The historical data
were used to build a reliable predictive model. Due to the variability of gel performance,
some important patterns do not become apparent until the researcher aggregated the
results of many different product runs. Here, the researcher analyzed the size of the
defects and the background rates for different grades and catalysts.

4.2 Predictors (Features)

Based on genuine historical data, the predictors employed in this research. The
dataset was divided into two major components: independent variables and dependent
variables. The independent variables consist of three main categories: grade types,
catalyst types, and process variables. Several dependent variables were analyzed to assess
which one provides reasonable results to be selected as a response variable. Several
features such as defect bg-rate, bg-ppm, bg-size, mean-rate, mean-ppm, max-ppm, big-
bursts, big bursts-per day were analyzed; mean-ppm and bg-size were selected as target
values for answering the research questions and validating the research hypothesis of this
Praxis. The parametrical data were masked, and all numerical values were standardized to
comply with the confidentiality agreement for releasing the dataset. See Table 4-1.

Table 4-1
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List of Features (Predictors)

Number Variable Feature Description Measurement Type
1 Y1 Bp-ppm  The fraction of Film surface analyzer (FSA- Continuous
the film that had ~ 100) camera. The number of
defects, excluding pixels in the defects is
intermittent divided by a total number of
periods of high pixels (length x width of the
defects rolling film) x 1 million.
Only calculated for the
background periods that have
lowest defect rate (more than
50% of the total time).
2 Y2 Mean- The fraction of Film surface analyzer (FSA- Continuous
ppm the film that had  100) camera. The number of
defects pixels (includes the whole
run) in the defects is divided
by a total number of pixels
(Iength x width of the rolling
film) x 1 million.
3 Y3 Bg-size  The average Film surface analyzer (FSA- Continuous
equivalent defect 100) camera. Camera
diameter, software reports the ppm and
excluding the count of defects, then the
intermittent ppm is divided by counts to
periods of high get the average area of a
defects defect and then converted to
the equivalent diameter
4 Y4 Bg-rate  background defect Film surface analyzer (FSA- Continuous
rate (defects per ~ 100) camera. The number of
filter area) defects in one filter area
(~0.33 m2). Only calculated
for the background periods
that have lowest defect rate
(more than 50% of the total
time).
5 Y5 Mean- mean defect rate  Film surface analyzer (FSA- Continuous
rate of the entire 100) camera. The number of
product run defects in one filter area
(defects per filter  (~0.33 m?).
area)
6 Y6 max-ppm highest ppm in the Film surface analyzer (FSA- Continuous

Bayesian Blocks
representation of
the run
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Number Variable Feature Description Measurement Type

7 Y7 Bg-bursts number of bursts  Film surface analyzer (FSA- Continuous
with apeak > 1.5 100) camera. Number of
ppm defect bursts during the run
with a peak Bayesian Block
ppm > 1.5 ppm.
8 Y8 big- number of big big_bursts / dt(duration of Continuous
bursts per burst per day run) / 3600 / 24
day
10 X1 grades product grade, Operator enters the grade Categorical
including additive name in the DCS
package (Distributed Control
System).
11 X2 prev product grade of ~ Operator enters the grade Categorical
grades the previous name in the DCS
product (Distributed Control
System).
12 X3 catalyst A material that Operator enters the catalyst ~ Categorical
speeds up name and type in DCS.
chemical
reactions without
changing
chemically on its
own in the
process.
13 X4 previous catalyst of the Inferred from the catalyst Categorical

catalyst  previous product name

14 X5-X232 Process Various process  Measured by instruments and Continuous
variables features in the controls
process (e.g., inlet
temperatures,
flow rate,

pressure, etc.)

4.3 Hypothesis 1-Significant Predictors of Gel Defects

First, data preprocessing steps were done to prepare the data for statistical
analysis. Preprocessing steps which were done for the data set includes: data cleaning,
data reduction, data redaction and transformation. Utilizing the Feature Importance

technique, hypothesis 1 was verified and validated.

48



4.3.1 Data Cleaning

There were some columns of process variables (predictors) with missing values in
the dataset. As shown in Figure 4-1, there are columns with missing values and if a
column of data had more than 25% missing values then the entire column was eliminated
to reduce the noise in the statistical analysis. For a further comparison, an alternative
approach was implemented and none of the predictors (columns) was eliminated and
instead only rows with missing values were deleted from the model. This way we had a
new dataset in which all the predictors and only rows of data without null values was
included in the model development.
Figure 4-1

Features With Missing Data (Null Columns)
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The percentage of null values for a predictor with missing values ranged from
25% to 60%. As the percentage of missing values was high and imputation could have
led to biasing the model; therefore, imputation was not implemented and instead those

predictors with missing values were eliminated.
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The missing values could be due to different reasons like the malfunction of
instruments, an instrument was not installed at that time to measure, or an instrument was

out of service. Figure 4-2 shows the remaining predictors have no missing values.

Figure 4-2

Removed Features With Missing Data (Null Columns)
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4.3.2 Data Reduction
The curse of dimensionality refers to too many features in a dataset

(Bellman,1957). The exponential growth of the space of potential parameter values is one
of the difficulties of having too many features in a dataset. Dimensionality-related
problems in integration are acknowledged to be a significant issue in numerical analysis
generally (Davis and Rabinowitz ,1984). “The term curse of dimensionality refers to any
events that arise with high-dimensional data and that frequently have unfavourable
effects on the performance and behaviour of learning algorithms” (Verleysen and
Francois, 2005) The number of inaccurate predictions tends to rise when there are too
many features to deal with. The first step was to identify and remove the columns with

low variance. In the dataset, there were columns with a variance of either zero or very
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close to zero. After these columns were identified, they were eliminated from the dataset.
The selected threshold for low variance value was 0.001. As it is shown in the Figure 4-3
there is no feature with a variance of less than 0.001; therefore, in this step no predictor
(feature) was eliminated.

Figure 4-3

Features With Low Variance
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4.3.3 Data Redaction and Transformation

All numerical variables were standardized with the Z-score method before the
dataset was released for this Praxis. The main reason for the transformation of numerical
variables was to redact the process variables to address the confidentiality of the data so
that they could be used for the statistical analysis. The mean and variance of all numerical
data points were standardised to zero and one, respectively. Standardization was utilised
as a redaction technique, but the characteristics of the data were not altered. The
advantage of feature scaling is that it equalises the data weights to prevent ignoring the
data points with low value. Every feature is put on an equal footing without any initial

relevance by using the feature scaling.
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Categorical variables can be represented in a dataset in a variety of ways. The
one-hot encoding technique was used to encode(convert) categorical variables. For each
specific attribute of the categorical variable, “the one-hot encoding method generates a
binary dummy variable, which is a Boolean variable of 1s or 0s”. All categorical
variables including grade and catalyst types are converted to Boolean variables. Table 4-2
is an example of transformed values for categorical variables.

Table 4-2
Transformed Categorical Variables Using One-Hot Encoding

cat A cat B cat € cat D cat E prev_cat A prev_cat B prev_cat C prev_cat_ D prev_cat_E

0 0 1 0 0 0 o] 1 o] o]
o] 0 1 o] 0 o] o] 1 o] o
o] 0 1 o] 0 0 o] 1 o] o
o] 0 1 o] 0 o] o] 1 o] o
o] 0 1 o] 0 o] o] 1 o] 1]
o] 1 o] 0 0 0] 1 o] 0] o]
o] 1 o] o] 0 0 1 o] o] o]
o] 1 o] 0 0 0 1 o] 0] o]
0 1 0 o] 0 o] 1 o] o] o]
0 0 1 0 0 0 1 o] o] o]

One-hot encoding added 233 columns of data (new features) to transform the
categorical features. Each column represents one categorical value.
4.3.4 Anomaly Detection
To find the outliers in this Praxis, the Local Outlier Factor (LOF) was applied.
The local density deviation of a given point in relation to its surroundings is the
foundation upon which the LOF operates. Outliers in this method are data that have a
much lower density than their surroundings. This technique employs the “K nearest

neighbours” to define the locality, and the distance between them is used to calculate the
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density. For this Praxis K=5 and radius (contamination)=0.09 worked well. See Figure 4-

4.

Figure 4-4
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The outlier values were reviewed with research engineers and, since there was no specific
reason or explanation that the outliers were due to incorrectly entered or measured data,
the outliers were not removed from the dataset because it was not legitimate to simply
drop the outlier. Some outliers represent natural variations in the population, and they
should be left as is in the dataset. For the same reason it was decided to keep all the
outliers in the dataset for building the predictive model. Figure 4-5 shows the distribution

of the response value: log(mean_ppm)
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Figure 4-5

Distribution of Response Variable
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4.4 Hypothesis 1 Result-l1dentify Feature Importance

The next step was to choose the feature that will be used to train the model. In general,
features can be divided into three categories; relevant, irrelevant, and redundant
(Kotsiantis et al., 2006). The relevant features are those that have an influence on the
output of the model. The irrelevant features are those variables that do not have any
impact on the output, or their impact is very small which can be neglected. The redundant
features are those features whose role can be taken by another feature. The goal of this
step is to choose the important predictors in order to reduce the data’s dimensionality and
let the learning algorithm work more quickly and efficiently (Kotsiantis et al., 2006). The
ensemble algorithms that were used for identifying the feature importance are Decision
Tree (DT), Extreme Gradient Boosting (XGB), Random Forest (RF), and Voting
Regressor (VR). The VR is an ensemble meta-estimator that takes the prediction of each
model and computes its average value to derive a final prediction. For this Praxis, a

voting regressor which is an ensemble algorithm, was applied to score the feature
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importance. The predictors with a feature importance score of zero (0) were removed.
Table 4-3 demonstrates some of the features with their scores.
Table 4-3

Hypothesis 1 Result-Feature Importance

Feature Feature Importance

121 RZRCCTCA.PV_max 0.545792
127 RZ2TIAVG.PV_avg 0.243701

49 PSTCG668.PV_avg 0.228652
408 cat_E 0.159594

30 PSPCG637.PV_max 0.111764
292 prev_FipYh 0.000000
310 prev_OtSUg 0.000000
182 grade__ AJJZh 0.000000
2393 prev_xqglpw O.000000
196 grade_ FreiB 0.000000

Figure 4-6 shows the significant features of creating the machine learning model

with the target value of mean-ppm.
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Figure 4-6
Hypothesis 1 Result-Important Features
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Once data cleaning and preprocessing steps are complete, important
features were identified. This step addressed the first hypothesis of this research,
and it proved that using quantitative analysis will identify the significant variables
that contribute to forming gel defects. The predictors are ordered depending on
their scores, as shown in table 4-3. The top 25 predictors are analyzed in detail to
have a better understanding of root causes of gel defects. However, all the
predictors with none zero score are included in building the predictive model.
Table 4-4 summarizes validating process for hypothesis 1. Hypothesis 1 provides
insight into the dataset and the predictors relative scores can highlight which
predictors may be relevant to the target. Hypothesis 1 claims that some of the
predictors are not significant contributor to the response value and they should be

excluded from creating models to have the most efficient and effective predictive
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machine learning model. By removing irrelevant predictors, the accuracy of the
model will increase, the computation time will decrease, and reduces noises in
data.

Table 4-4

Hypothesis 1 Overview

Research Hypothesis | Methods Evaluated Method Used Result

RH1: Quantitative DT, XGB, RF, and VR was used to Important predictors
analysis of process VR were used. identify important were identified that
variables will help features. can be used for
identify the building a predictive
significant predictors model. The result

of gel defects. answered RQ1.

4.5 Hypothesis 2- Machine Learning predictive Model

Once the important predictors are identified the next step is to validate the
hypothesis 2 by developing machine learning models and choosing the most accurate
model by evaluating the performance of predictive models. Before creating the model,
the important predictors were split into training and test datasets.

4.5.1 Split Dataset

To avoid overfitting or underfitting the model, the dataset was divided into two
sets. Three split set of 70%/30%, 75%/25%, 80%/20% were compared and 70% of the
data for training the model and the remaining 30% for testing was selected for this
research because this split set had a better result based on the comparison of performance
metrics. The test dataset is used to assess the fit of the ML model after it has been fitted
to the train dataset. The goal is to gauge the ML model's performance using fresh data
that wasn't used to build the model. There is no single formula regarding what percentage

should be used for training and testing. The common practice is to have the following
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consideration for splitting the data: computational cost of both training and evaluating the
model, training, and test dataset representativeness.
4.5.2 Model Development

To assume that one predictive ML model can solve every problem would be
premature. Thus, several ML algorithms were used to build a predictive model and
compare their performance to select the best one. After the preprocessing steps are
complete, the next step is to choose algorithms to build the model, compute performance
metrics, and choose the best performing model. These algorithms were used to develop
ML models: Support Vector Regression (SVR), Random Forest (RF), Decision Tree
(DT), Extreme Gradient Boosting Regressor (XGB), Voting Regressor (VR), and finally
Tree-Based Pipeline Optimization Tool Regressor (TPOT) which outperformed the other
algorithms. The dataset, which had a total of 1605 line items and 379 columns, was split
randomly into training and testing sets using a 70% and 30% split. Like any machine
learning model the training dataset, which in this case was 70% of the sample dataset,
was used to build the predictive model and the remaining 30% was utilized to separately
validate the model’s performance. It was possible to perform an unbiased evaluation of
prediction accuracy because it was the first time that the test data was introduced to the
model as testing dataset was completely excluded from training process. All methods
used the identical training and test sets so that it was possible to compare how accurately
each strategy predicted the test set.

4.5.2.1 Support Vector Regression (SVR) Results
The first machine learning model developed for the preprocessed data was the

Support Vector Regressor. The model was trained for 70% of the data and it was tested
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for 30% of the dataset. The performance of training and testing data were measured for

four metrics: mean square error (MSE), coefficient of determination (R?), mean absolute

error (MAE), and mean absolute percentage error (MAPE). Table 4-5 shows the SVR

model's performance for training and testing. The results showed that the SVR model was

neither overfitting nor underfitting.

Table 4-5

SVR Performance Metrics

Metrics Data Split Values
MSE Training 0.01
Test 0.01
R? Training 0.63
Test 0.63
MAE Training 0.22
Test 0.22
MAPE Training 1.75
Test 1.75

4.5.2.2 Decision Tree (DT) Results

A decision tree is a type of prediction model that uses observations of an event to

draw conclusions about its desired outcome. Determining a decision tree from data using

machine learning is known as “decision tree learning”. The DT model was trained for

70% of the data and it was tested for 30% of the dataset. The performance metrics for

both training and test are shown in Table 4-6. The outcomes demonstrated that the DT

model did not outperform the other five models.
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Table 4-6

DT Performance Metrics

Metrics Data Split Values
MSE Training 0.13
Test 0.16
R? Training 0.56
Test 0.39
MAE Training 0.29
Test 0.27
MAPE Training 1.18
Test 1.59

4.5.2.3 Random Forest (RF) Regressor Results

RF is a type of the ensemble methods, and it operates by aggregating and
averaging the findings from various decision trees. Individual decision tree outcome has a
risk of overfitting which results in low predictive accuracy for new data. The advantage
of random forest over decision tree is that RF can lower the risk of overfitting problem
that DT has by combining multiple decision trees which also increases flexibility and
accuracy of the model. Since it is hard to fully comprehend the particular reasoning and
logic used to create decision trees, RF is seen as a "black box" method due to the
randomness of the decision-making process (2009, Zhang & Wang). The results showed
that RF model performance was slightly better than DT and XGB models and similar to

the performance of the SVR model. See Table 4-7.
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Table 4-7

RF Performance Metrics

Metrics Data Split Values
MSE Training 0.01
Test 0.01
R? Training 0.95
Test 0.63
MAE Training 0.08
Test 0.22
MAPE Training 1.15
Test 1.58

4.5.2.4 Extreme Gradient Boosting (XGB) Regressor Results
A considerable performance improvement was not realized by utilizing the XGB model.
The XGB model's performance was comparable to the results of the SVR and RF models
variants. The ensemble voting regressor model performed better than the XGB model.
See Table 4-8.
Table 4-8

XGB Performance Metrics

Metrics Data Split Values
MSE Training 4.96
Test 0.10
R? Training 0.99
Test 0.61
MAE Training 0.00
Test 0.22
MAPE Training 0.03
Test 1.77
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4.5.2.5 Ensemble Voting Regressor (VR) Results

A voting ensemble is used to make a prediction that is the average of multiple

other models. In this Praxis, voting regressor combines the DT, XGB, SVR, and RF

models. Regression and classification can both be done using VR. Regression involves

calculating the average of the predictions from the models. Since there is no guaranty that

the voting regressor performs better than other single algorithms used in the ensemble

model, in this Praxis, a predictive model was created using each individual algorithm, and

some of those models outperformed the ensemble voting regressor. Using the ensemble

voting regressor did not improve the performance of models. See Table 4-9.

Table 4-9

VR Performance Metrics

Metrics Data Split Values
MSE Training 0.02
Test 0.01
R? Training 0.90
Test 0.62
MAE Training 0.12
Test 0.22
MAPE Training 1.19
Test 1.63

4.5.2.6 Tree-Based Pipeline Optimization Tool (TPOT) Results

Olson et al. (2016) demonstrated how TPOT may create ML pipelines that

significantly outperform a straightforward ML assessment while requiring small to no

input or previous operator information. See Figure 4-7.
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Figure 4-7

Overview of the TPOT Pipeline

Automated by TPOT

Feature Model
Preprocessing Selection

Data Cleaning Model

Validation

Note: “Search taken from: Evaluation of a Tree-based Pipeline Optimization Tool for

Automating Data Science, 2016.”

Once the TPOT searching is finished it provides the Python code of the best
pipeline it produced so the researcher can adjust the pipeline if required.

Comparing the four-performance metrics of TPOT with the other five ML models
revealed that the TPOT ML model has performed better than the other ML models (SVR,
RF, DT, XGB, VR) used for this research. TPOT trained models can nevertheless provide
incredibly precise predictions even if some of predictors are missing (Mena et al., 2022).

To try various model combinations, feature prepossessing or selection methods,
etc., the TPOT package was developed. A TPOT pipeline refers to the utilized
combinations and it gives the user some flexibility over the techniques used in training.

(Mena et al., 2022). See Table 4-10.
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Table 4-10

TPOT Performance Metrics

Metrics Data Split Values Data Split Values Data Split ~ Values
70/30 75/25 80/20
MSE Training 0.05 Training 0.05  Training 0.05
Test 0.08 Test 0.09  Test 0.10
R? Training 0.81 Training 0.8 Training 0.81
Test 0.66 Test 0.66  Test 0.62
MAE Training 0.17 Training 0.17  Training 0.17
Test 0.20 Test 0.20  Test 0.21
MAPE Training 1.87 Training 1.87  Training 1.83
Test 1.46 Test 149  Test 1.63

Note: The result showed that the data split of 70/30 had better performance

4.6 Hypothesis 2 Results

Hypothesis 2 claims that machine learning algorithm can be used to train some
predictive models for predicting the gel defects in polyethylene films. To validate the
hypothesis 2 a rigorous comparison between all trained models was required. The model
with the TPOT method was chosen as the model with the highest accuracy for prediction
based on comparisons made using four performance measures.

4.6.1 Comparison of Trained Models

All of the algorithms used in this study were compared for prediction accuracy
using the R2, MAE, RMSE, and MAPE metrics. Table 4-11 contains a summary of the
findings derived from test set from the optimum model setup for each applied technique.

For comparisons of all models, see Figures 4-8, 4-9, 4-10, and 4-11.
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Table 4-11

Hypothesis 2 Results
Models SVR RF DT XGB  Ensemble VR  TPOT
MSE 0.098 0.099 0.162 0.103 0.099 0.088
R? 0.629 0.629 0.393 0.614 0.628 0.668
MAE 0.221 0.224 0.295 0.227 0.227 0.209
MAPE 1.754 1.583 1.593 1.779 1.626 1.460

By evaluating the performance metrics between machine learning models, it

became obvious that the predictive model using TPOT algorithm provides the most

accurate results to predict the amount or number of gel defects in PE films.

Figure 4-8
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Figure 4-9

Comparison of R? for all Models
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Figure 4-10

Comparison of MAE for all Models
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Figure 4-11

Comparison of MAPE for all Models
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By comparing the performance of six models, it was concluded that TPOT model

has the best performance among selected models. Now with this result, the second

hypothesis of this research is addressed. See Table 4-12.

Table 4-12
Hypothese 2 Overview
Research Hypothesis | Methods Evaluated Method Used Result
RH2: A predictive SVR, RF, DT, XGB, | By evaluating four The ML model with
model using VR, and TPOT metrics, the TPOT algorithm

automated machine
learning algorithms
will provide the most
accurate prediction
for gel defects in
polyethylene films.

algorithms were used
to build a predictive
model. Their results
were checked to find
the best model.

performance of all
predictive models
was compared, and
the most accurate
model was selected.

provides the most
accurate prediction
for PE gel defects.
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4.7 Hypothesis 3 — Improving accuracy of gel measurement prediction

Once the predictive model with highest accuracy was selected, the model was
used to predict gel sizes and the results was compared with the measured gel sizes from
historical data. Hypothesis 3 claims that the accuracy of the selected model is within a +/-
20% Range. The Equivalence Test with Paired Data was used to validate the accuracy
range.

4.7.1 Gel Size Prediction

After a comparison of the ML predictive models, the results showed that TPOT
ML model outperformed the other five ML models. The TPOT model was used to predict
the size of gels. Table 4-13 contains 30 data for the actual (historical) data versus the 30

predicted data for gel size.

Table 4-13

Gel Size Prediction Based on Target Value of bg-size

Measured Gel Size Predicted Gel Size

365.3028505108153 356.86759968
352.4307642274518 343.79145281
337.5618124330864 341.07700648
380.522288944125 387.25178775
367.3374956917253 360.27188622
356.787527288549 339.68768713
348.565718787797 365.17196545
378.3581457361211 355.96741567
346.7111736507332 352.5707149

363.9574623855821 339.71850354
338.2941507820631 328.04650068
346.9176370804704 344.74018645
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Measured Gel Size

Predicted Gel Size

358.7297244434677 363.63603347
407.4287606796242 358.06363806
392.0494738317489 371.54095572
346.9603853558006 352.98331397
384.0337376571383 354.22627738
359.1733122885003 354.96093152
330.9880147052539 333.06307976
376.0666893098771 370.45387031
378.3581457361211 355.96741567
361.3626986444367 346.75880538
339.510911337338 353.72404965
375.3609922878098 354.45750029
342.9184760174906 350.68805997
389.3872076442362 372.52681392
422.2962613653007 404.47360646
346.2003256770377 347.94367297
323.9118123522034 339.20460789
381.2448537931309 375.81883516

4.8 Hypothesis 3 Result

Thirty sample points were generated to check the accuracy of the predicted gel
size compared to the historical data collected by FSA-100 camera. When you have paired
(dependent) observations, you may use the Two Sample Equivalence Test to determine if
the mean of a test population is equal to the mean of a reference population. The
researcher can assert that the mean of the test population (predicted data) is comparable
to the mean of the sample population because Figure 4-12 shows the confidence interval

is within the equivalence boundaries (actual data). The P-values are also less the a=0.05,
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so the researcher can reject the null hypothesis and claim equivalence. Figure 4-12 shows
the equivalence test with paired data.

Multiply by reference mean was selected to specify that the limit represents a
proportion of the reference mean. The value of 0.1 of reference mean was selected to
specify the lower and upper limits to check the 20% accuracy of prediction using the

selected machine learning predictive model.

Figure 4-12

Hypothesis 3 Result-Equivalence Test With Paired Data

Difference = -36.329 or Difference = 36.329
-36.229 = Difference = 36.329
0.05

Null Hypothesis DF T-Value P-Value
= 10.540 0.000
-15.965 0.000

is 0.000. Can claim equivalence,

Equivalence Test: Mean(Predicted gel Size) - Mean(Historical gel size)
(LEL = Lower Equi hce Limit, UEL — Upper Equivalence Limit)

LEL o UEL

~40 -30 -zo 10 o 1o 20 30 a0
959 C for Equivalence of Mean(Predicted gel Size) and Mean(Historical gel size): (- 12.094, &)
<t is within the equrt ernce (r 36.329). Can claun e alence.

valenc terval of ¢ 36.329.

Method

Test mean = mean of Predicted gel sizes

Reference mean = mean of Measured gel sizes

Lower equivalence limit = -0.1 x sample reference mean = -36.329
Upper equivalence limit = 0.1 x sample reference mean = 36.329

The boxplot shows that the data is slightly left-skewed but there is no sign of

outliers on the boxplot. See Figure 4-13.

70



Figure 4-13

Hypothesis 3 Result-Boxplot of Differences for Gel Size Prediction

Boxplot of Differences
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Differences (Predicted gel Size - Historical gel size)

In this step, the selected predictive model which had the highest accuracy for
prediction was used to forecast the sizes of gel defects. The result of the equivalence test
with paired data proved that the selected model using the TPOT algorithm can predict the
gel sizes within a +/-20% Range. This range of accuracy is a remarkable performance and
prediction for a machine learning model. This graph also shows that there was no outlier
in the sample data.

Table 4.14

Hypothesis 3 Overview

Research Hypothesis | Methods Method Used Result

Evaluated
RH3: A predictive TPOT algorithm | Equivalence Test with | The ML model with
model using ML was used. Paired Data was used | TPOT algorithm can
algorithms and film to validate the predict the PE gel
surface analyzer data accuracy range of defect sizes within a +/-
can increase the prediction for PE gel | 20% range.
accuracy of sizes
forecasting the gel
measurement within a
+/-20% range.
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4.9 Summary

To meet the growing demand for more scalable, adaptable, and accessible data
science tools, academics have begun developing AutoML models like TPOT (Olson &
Moore, 2016). Scholars have demonstrated that TPOT outperforms basic ML algorithms
such as XGBoost and logistic regression in modeling and optimizing ML pipelines (Lee
et al., 2020; Sohn et al., 2017). There is no existing empirical evidence on the application
of TPOT in troubleshooting gels in PE film products. The TPOT ML Model found to be
the most accurate approach, according to the dataset provided, with the least error shown
to be RMSE, MAE, and MAPE, and the greatest accuracy shown to be R2. In each of the
evaluation metrics, the approach has received the highest ratings in comparison to the
other methods. Utilizing the TPOT ML model, the researcher was able to respond to all
three research questions and validate the related hypothesis given in Section 1.6:

RQ1: What are the significant factors contributing to the defect rates for each
process run leading to poor production quality? Machine learning algorithms like the
technique using voting regressor worked well in identifying the significant predictors.
Features such as grade or catalyst types, some process variables like pressure in the first
phase separation vessel have made significant contributions in forming gel defects
Chapter 5 reviews all the significant features in detail.

RQ2: Which machine learning algorithm will yield the most accurate prediction
of gel formation? TPOT ML Model outperformed all other ML models used for the
dataset in this Praxis.

RQ3: Can a predictive model using machine learning algorithms and film surface

analyzer (FSA) data improve gels’ prediction? Yes, the TPOT model was used to predict
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the gel size with an accuracy of +/- 20%. The equivalence test with paired data confirmed
the accuracy of the predicted gel sizes.
4.10 Alternative Approach for Future Investigation

The alternative approach for data preprocessing was to include all the predictors
with missing values in building predictive models instead of eliminating those
predictors(features). All other preprocessing steps was not changed. Using the results of
alternative approach, all research questions could have been answered. The main
difference with this approach was that number of rows in the dataset was dropped from
1605 to 554 because rows with missing values had to be eliminated from our analysis.
This means the predictive models were trained on a smaller dataset. As it was expected
there was a slight change in the list of important features (predictors) but majority of
significant contributors stayed the same as shown in Figure 4-14. The new important
features(predictors) could result in some new conclusion, but further investigation is
required. The new grade(resin) type chbKP was found as one of the main contributors to
gel formation which was also confirmed by operation records. The other predictor which
showed up as significant contributor was the percentage of feed ethylene at Reactor 2
(Tag # PSPC637) which the results showed that the amount of ethylene feeding Reactors
could lead to an increase in number of gel defects. Further investigation is required to

confirm this finding.
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Figure 4-14
Hypothesis 1 Result for Alternative Model-Important Features
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The performance of the predictive models was evaluated using four statistical
error measures, coefficient of determination (R?), mean square error (MSE), mean
absolute error (MAE), and mean absolute percentage error (MAPE) and interestingly the
results showed that predictive model with TPOT algorithm had the highest accuracy
between all six models. Table 4-15 shows the comparison of all the alternative models.
Table 4-15

Hypothesis 2 Results -Evaluation Metrics Between all ML Alternative Models

Models SVR RF DT XGB Ensemble VR  TPOT
MSE 0.12 0.10 0.15 0.11 0.11 0.09
R? 0.67 0.71 0.60 0.70 0.71 0.99
MAE 0.26 0.24 0.29 024 0.24 0.03
MAPE 5.64 2.17 1.12 2.49 1.90 0.22
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As it is shown in Figure 4-16 the two-sample equivalence test with paired data
was used to validate hypothesis 3 with alternative model. The result was in favor of
hypothesis 3 and it shows that the confidence interval is within the equivalence limits,
Consequently, the researcher can state that the test population's mean (predicted data) is
equal to the reference population's mean (actual data).

Figure 4-16

Hypothesis 3 Result for Alternative Models

Equivalence Test: Mean(Predicted gel sizes) - Mean(Measured gel sizes)
(LEL = Lower Equivalence Limit, UEL = Upper Equivalence Limit)
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Chapter 5—Discussion and Conclusions

5.1 Discussion

The cause and prevention of gels has been a recurring theme in the 20-year
history of petrochemical plants across the world. This Praxis demonstrated how
decreasing gel defects may be achieved by applying machine learning methods to predict
polyethylene film defects precisely. Subsequently, the statistical analysis of FSA100
camera data revealed some additional clues to the underlying mechanism(s) of gel
formation.

The defect size alone is not enough to classify or troubleshoot gels; other
information about the gel defects is required. A digitalization proof of concept (POC) can
extract more detailed data including defect images from the FSA camera. The gel images
would allow efficient classification of gels in real-time.

5.2 Conclusions
The researcher drew several conclusions as a result of the research, primarily in
terms of catalysts, defect sizes and types, and contributors to defects.
5.2.1 Catalysts

o Catalyst types have a significant impact on forming gel defects.

e (Catalyst “E” is one of the main contributors to forming the PE gel defects.

e Ratio of two Catalyst “C” components had the highest contribution to
mean-ppm which means it has a direct impact on forming PE gel defects as
well as a substantial impact on background defect sizes. Catalysts are
normally a mix of four different ingredients and the result shows that

irregularity in the Catalyst “C” ration will cause more gel defects.
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It appears that if the previous catalyst is type “C,” it could have some
impacts on forming gels.

It is confirmed that products made from Cat “E” have the highest amount
of gel.

The result shows that CAT “B” family has fewer gel defects compared to

other Catalyst types.

5.2.2 Number of Defects

Grade (resin) types have can affect the number and size of gel defects in PE
films. For instance, grade types ACaOD, ChbKP, zgPUL result in an
increase in number of gel defects.

The amount of the deactivator used relative to the amount of catalyst would

potentially contribute to the number of gel defects.

5.2.3 Process Conditions’ Impacts

Pressure in the first phase separation vessel is one of the contributors to
forming gel defects

The predictor related to visible black specs was identified as a significant
predictor. This could be because anything that creates black specs in PE
pellets would cause gel defects in the PE film.

Deactivator mixer outlet temperature is identified as one of the main
contributors in forming gel defects. The gels could have been generated in
the Catalyst mixer and this theory was supported by high-molecular weight

Polyethylene that was found in the process.
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e The predictors related to Reactors (e.g. Reactor 2 average temperature) are

identified as main contributors for causing gel defects. This might be because

the gels could have formed in the reactor due to mixing limitations.

e The result shows that the temperature and/or pressure of the fluid leaving the

IPS (intermediate pressure separator, a process vessel downstream of the

reactors) heater “C” has a significant impact on forming gel defects.

5.2.4 Defect Sizes

The amount of catalyst deactivator added after reactors has a substantial
impact on background defect sizes.

The amount or percentage of ethylene converted to PE has a substantial
impact on the size of gel defect (bg-size).

The grade_zgPUL is the grade that has an impact on the gel sizes.

The ratio of total FC/FE controller (Octene/ethylene) has a significant
impact on the background defect size.

Some process conditions such as flow rate of ethylene into the first reactor
or absolute pressure of reactors are identified as main contributors for gel

sizes.

5.2.5 Model Predictions

Six ML models were trained and tested; results revealed that Machine
Learning model with the most precise prediction for gel defects in
polyethylene films will come from the machine learning with TPOT

algorithm. The TPOT model performance and accuracy was better than
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other ML models (SVR, DT, RF, XGB, VR) for predicting the gel defect
sizes.
e TPOT ML model prediction for gel size is better than initially expected.
The prediction accuracy of TPOT model is within +/-20% range.
5.3 Contributions to Body of Knowledge
Filling up the gaps found during the literature review is the main focus of the
input to the body of knowledge. This Praxis adds to the body of knowledge by offering a
cutting-edge method to precisely forecast PE film defects using machine learning
algorithms. This Praxis answered three key questions that helped to identify the main
contributors to forming PE film defects, the ML model which provides the most accurate
prediction of gel formation that can be used to predict film defect (gel) sizes with high
accuracy. To the researcher's knowledge, no studies have documented the application of
machine learning algorithms to analyze the defects in PE film (gel).
5.4 Recommendations for Future Research
The researcher has five recommendations for future research to add to the body of
knowledge regarding the formation of gel defects. In summary, it would be beneficial to:
e Categorize the gel defects based on their shapes and types for further analysis.
Digitalization could be the solution to extract more detailed data including
defect images from an FSA camera.
e Understand the root cause of customer complaints regarding the number of
film defects. Thus, it would be helpful to gather and analyze more data from

customer process plants. There is a possibility that some of the defects are
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formed due to process conditions at customer sites and not because of the
quality of raw materials (pellets).

Create guidelines for the application of machine learning systems in
petrochemical facilities. This standard would assist in giving researchers with
the validation standards they need to build powerful models.

Understand the correlation of the important features (contributors) to defects
(e.g., when temperature is increased, does the number or size of defects
increase?).

Categorize the dataset into different categories based on different grade and/or
catalyst types and then use the machine learning model to compare the results.
There is no guarantee that all the root causes for different types of grades and
catalyst are the same; therefore, it is worthwhile to investigate the root cause
of film defects for a specific grade and/or catalyst. Figure B-1 (Appendix B)
shows the important features for only grade type “zgPUL” and catalyst “C”.
These kinds of results will help to narrow down the root cause of the gel

defects.
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Appendix A

Table A-1

Screen Shot of the Excel Sheet of Exported Data as Sample
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187TDKb  wCHWc B B 0223947 0073333 376.487 0.252525253 0.079831491 0.700433959 51527.48 0 0 -0.271502354 0293548116 -1.395220199  -1.414500687
9tawx TDKb B ] 0434019 0.119058 3443873 0449329759 0.135715112 8.282029639 94764.14 1 0511737278 -0.062623672 0261519074 1395036929 -L.A14768115
0xPMTg  tatwx B B 0616681 0.170753 346.2003 0.616680708 0.17075253 0.17075253 60359.2 0 0 -0.050183096 0283379338 1395213075 -1.415054533
2 bERK  xPMTq B B 0190453 0.053171 347.6317 0.237635706 0.069642743 362350267 130821.2 3 198133091 -0.313388841 012465481 1395233026 1412294009
22doRBr  bERKi B ] 0271023 0076787 350.1981 0306687565 0.088356727 0466248699 1003513 0 0 -0.017553136 0144709228 1395223199 -L413330511
HclhWe  ApikS B B 0173002 0.060271 388.3312 0.217443664 0.086564350 22.29989517 78312.48 1 2208544745 042021721 0303623844 1395244804 -1.412524676
0WTal Jbgk B B 0275804  0.09207 380.1303 0.655003688 0.201758557 1068115234 180346.1 6 2874473123 -0.386801123 0.296400448  0.739746874 0.719461071
Mgl kMg  C C 2205645 0792086 394.2688 2980319803 1100373066  4.9484836 41124.06 4 8403838891 0.530670336 0218531336 -1.395230158 141284036
35 Nikji Ul C C 0545333 0299896 370.5671 1.108010801 0.379375087 3.834919512 56253.78 1 153589676 -0.070246717 0.290507682  -1.395183898  -1.410441795
36GWILB  NiKji C C 0.18464 0.056617 3643729 1.455601093 0.383473499 14.85433884 150156.6 3 1726198286 -0.436342288 030932652 0739789314 0.717812978
I7xfHGo  GWIB ¢ C 0235677 0059913 3317245 0346938776 0.094907612 3071980119 52188.33 1 165554258 -0.266683752 -0.100608514  0.739737387 0.714541116
ValMb  prOn C 1447195 038591 3415017 1542387543 0.424941367 7.281935483 58546.77 1 1475743365 -0.362183305 -0.28176358  0.739726535 0714333444
40ACGOD oMb C C 1634508 0475223 3547335 2089730808 0.63568923 3.790797949 50265.8% 3 5156578245 0.578934765 1094862818 0.739754261 0713455538
41ChydN  ACGOD C C 0563672 0201642 3835055 0.82161235 0.31064%839 1456938559 87865.61 9 884967891 -0.210529123 014271328 0739779279 0.713264013
426WIB  ChydN ¢ C 0241417 0.063426 3372284 0.442733657 0.120264376 7.754405975 208570.8 1 0417449813 0.102898206 2.183884289 0.60029224 0743856033
43vCHWe  GWILB B C 0985853 0317635 373.4487 2582342177 0.771817963 8.568821371 110915.3 1 0.778972482 1.866892053 0.110398108  -1.395031368  -1.415998896
Atatwx  vCHWe B ] 0579984 0.150548 3351997 0.662990196 0.178858438 4.368057966 81877.18 1 1055238976 -0.200515374 0.240799345  -1.395221128 141223859
SbERK tatwx B B 0884514 0243592 3455488 0.924805532 0.252055715 1743546343 174928 1 0493314761 040542526 0244315998 -1.395236701  -1.412957753
46d0RBr  bERKi B B 0427099 0.118608 3467112 0.656529517 0.196987595 0.349862092 56674.13 0 0 -0.445401004 0312367946 -1.39523381  -1.413989931
47 fCkil daRer B ] 0399738 0120935 3618782 0.666211604 0.205247382 1790609002 74087.03 1 1166196011 1254007763 0.9448773%  0.739832114 0719997626
48 TkagT  fCkII B B 0156222 0.041435 3388348 0.156221617 0.041435153 0.041435153 56163.56 0 0 -0.223867838 0115332883 0.739822292 0.716963484
49 ApiKS  ThagT B B 0398607 0.120929 35623822 0.670487106 0.207880595 1454749417 88616.02 0 0 -0.438411569 0267601927 0.739702125 0.715402671
53 NiKi gl ¢ C 0.773006 0236916 3642334 0.966065748 0306245867 2923988481 4780256 1 1.807434467 -0.111349356 0.268837505  -1395191863 1411150508
S4yfiB Nikj C C 0516350 0267212 355.2785 2.687712152 0.752694116 17.20934063 76740.36 3 337762279 -0.220809678 0251539386 -1.395218845  -1.409608295
S556WIB  yje C 0225137 0.063882 3359036 0332562748 0.104930824 1583872526 308042.6 6 1682883897 -0.367341869 0036160713 0.739764584 0.7186867%6
STxfHGo  prQn  C C 0.503264 0.139126 3459235 1.058630736 0329086016 57.27928829 1386217 4 2403115528 0031492661 0022766965 043054484 0727030688
S8arlMb  xKHGo C C 0.710758 0.183928 3346852 0.950387597 0.252455533 1489800274 163290.8 0 0 -0.425615268 -0.28754148 0.73961266 0.71608387
59ChydN oMb C C 0562654 0.163899 357.2521 0.664800995 0.222302958 77.66335896 486589.1 8 1420500342 -0.362389739 0.231580018  0.739782497 0.722208642
G0GWIB  ChydN ¢ C 0.278657 0.083436 360.0118 0439783491 0.134064924 19.23342812 2633244 4 1312449751 -0.427850508 0.223881309  0.739773547 0720466933
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Appendix B

Figure B-1

Feature Importance for Gade “zgPUL” and Catalyst “C”
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