
 

ABSTRACT 
KING, BRANDON ISAIAH. Applying Data Analysis and Machine Learning Methods to Model 
Healthcare and Textile Data Applications. (Under the direction of Dr. Jeffrey Joines, and Dr. Lori 
Rothenberg). 
 
Data analysis has become more prominent in the textile and healthcare industries. In the textile 

and healthcare industries, data is generated in various forms (i.e., electronically and historically), 

and there are various techniques to analyze data. This study utilizes data analytics, simulation, and 

machine learning tools to solve real-world healthcare and textile data applications. Specifically, it 

compares different modeling techniques to help improve systems. 

Three different case studies are analyzed to demonstrate various methods, and they all use 

real-world datasets. The first case develops data-driven simulation models to provide proposed 

solutions for optimizing healthcare processes surrounding high-risk events. The second case 

applies supervised and unsupervised machine learning tools to analyze survey datasets for the 

textile recycling behavior problem. The third case uses regression machine learning techniques to 

optimize modeling results for a textile manufacturing process.  

For the first case study, the results determine that the simulation model can successfully 

identify the key factors that impact the response times. The communications nodes (i.e., calls a 

health care unit/nursing station (HUC) or direct to nurse (DTN)) was found to have a significant 

impact on response time. However, the layout size did not have any practical impact on response 

time because of the size of the units. Another interesting result of the simulation model is the nurse-

to-patient ratio contributes significantly to the variability of the system. Therefore, exceeding the 

nurse-to-patient ratio of 1-to-5 for some units would produce the upper limits of the 95% percentile 

to be approximately two minutes. For the units, the recommendations are implementing the DTN 



 

method and using a 1-to-4 nurse-to-patient ratio to minimize the cost of nurses and meet the two-

minute criteria. 

The results of the second case study indicate that supervised and unsupervised machine 

learning models effectively predict consumers’ textile recycling behavior and identify similarities 

in demographic factors based on purchasing decisions and textile recycling motivation. The results 

determined that gender, ethnicity, and zip code were the key features in consumer textile recycling 

behavior. In addition, the best overall performing model for demographic features based on the F1 

score was Random Forest using the over-sampled dataset. Random Forest was also used in this 

study to identify top features to build a Decision Tree model that would interpret the clusters 

created by the K-Means algorithm based on motivational factors. The decision tree models were 

successful in creating decision rules to interpret the clusters. 

The third case study results demonstrate that machine learning models can successfully 

predict finished fabric metrics (i.e., finished weight, CPI, and WPI). Similar to the second case 

study, the Random Forest was the best overall performing model when predicting finished weight, 

CPI, and WPI. The advantage of using the Random Forest trees model over the other models is 

the models’ robustness to feature selection techniques (i.e., only the main effects are necessary).  
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Introduction 

Big data is becoming more prevalent today in all industries, especially within the textile and health 

care arenas. In the textile industry, data is generated and created from numerous sources. Textile 

data comes in various forms (i.e., production and process numbers, words, and images). The data 

is rapidly growing and changing since we live in an era of fast textiles. This type of data portrays 

all the characteristics of big data (Barhanpurkar & Barhanpurkar, 2019). Likewise, the healthcare 

industry has historically generated large amounts of data, driven by record keeping, compliance & 

regulatory requirements, and patient care. Electronic health data sets are typically referred to as 

big data in healthcare. These data sets are large and complex and are challenging to manage with 

traditional software and hardware. This data cannot be easily collected and organized with 

conventional or standard data management tools and methods. Big data in healthcare can be 

considered overwhelming because of the volume of data, the several different data types, and 

managing the data in real-time (Raghupathi & Raghupathi, 2014, p. 3). The "Big Data" concept 

emerged as a pinnacle of the data science developments of the past 60 years. Data scientists can 

apply machine learning algorithms to every significant data operation, including data cleaning and 

organization, data analytics, and scenario simulations (The App Solutions, 2019). After reviewing 

the literature on big data, data science, and machine learning, most real-world problems related to 

big data can be solved using data analytics, simulation, and machine learning tools. Machine 

learning is a type of big data analysis used to gain insights from data by automating predictive 

models. 

Many research studies have applied data analytics and machine learning in the healthcare 

and textile industry. They have shown that machine learning has evolved (Shailaja, Seetharamulu, 

& Jabbar, Mar 2018, p. 910-914; Yildirim, Birant, & Alpyildiz, 2018, p. e1228). However, no 
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research has been conducted to compare data analysis and machine learning tools to identify which 

ones are more appropriate for specific situations.  This research analyzes three different kinds of 

problems.  First, experimentation is utilized through a data-driven health care simulation model 

for process improvement. Second, essential factors from a survey about textile recycling behavior 

are identified using machine learning. The third problem develops forward prediction models from 

an extensive textile design of experiments to predict the knitted microfiber's final dyed parameters. 

This research develops data-driven simulation models to provide proposed solutions for 

optimizing healthcare processes surrounding high-risk events. Since 2006, several simulation 

types of research studies have addressed the following themes: embedded simulations, simulations 

responding to clinical practice, educational considerations for simulation, research practices, and 

communicating leadership and scholarship about the community. Simulation techniques were 

evaluated through research studies to improve healthcare services (Nestel, 2017, p. 326-331). The 

healthcare industry established simulation programs for training by learning from professions, 

such as aviation, military, and space exploration.  A new paradigm of education in healthcare 

involves technology and innovative ways to provide a standardized curriculum. This curriculum 

should concentrate on patient safety, reduce patient encounters, and give answers to increased 

demands on training hours (Motola, Devine, Chung, Sullivan, & Issenberg, 2013, p. e1511-e1530). 

The purpose of this study is to evaluate the properties of the nurse's workload and floor plan to 

optimize the healthcare processes and provide answers to this new paradigm of education in 

healthcare. 

Next, this research investigates supervised machine learning models' performance to 

determine the critical factors for a textile recycling behavior model. Several machine learning 

classification techniques are analyzed under different parameters. All the machine learning 
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models are generic and can easily be applied to other survey datasets and textile practices.  This 

research also evaluates unsupervised learning models (i.e., K-Means Clustering) to identify 

similarities in demographic factors based on purchasing decisions and textile recycling 

motivation. Moreover, this study addresses some of the primary research needs in textile 

recycling. 

Finally, this research examines regression machine learning tools to improve textile 

manufacturing performance by comparing and evaluating prediction models. Since many textile 

processes have become automated, more data has been collected, which has led researchers to use 

machine learning in textile manufacturing. This study utilizes machine learning to predict the 

finished fabric parameters within the textile manufacturing process to produce a microfiber 

polyester fabric. 

This document is structured as follows. Chapter 2 is the literature review, including an 

overview of data analysis, optimization, and machine learning tools. Following chapter 2, this 

dissertation is divided into three case studies.  In Chapter 3, the first case examines process 

optimization using data-driven modeling tools of a health care scenario. Chapter 4 considers the 

application of supervised and unsupervised learning tools applied to analyze survey datasets for 

the textile recycling behavior problem. The third case in Chapter 5 discusses regression machine 

learning techniques on Big Data to optimize modeling results for a textile manufacturing process. 
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Literature Review 

This chapter will discuss the literature related to the tools needed to solve the three case studies 

outlined. Section one will provide an overview of the literature associated with data analytics and 

machine learning. Section two will give insight into the literature connected to data analytics in 

the textile and healthcare fields. The third section will discuss machine learning tools and how 

these tools apply to different types of data.  Lastly, the final selection will discuss the synthesized 

research needs based on the reviewed literature across the various research avenues to highlight 

our research's main contributions. 

 Introduction 

Data is becoming more critical in business improvement for all industries as technology advances 

and the fourth industrial revolution begins. Almost 80 years ago, "information explosion" (a term 

first used in 1941, according to the Oxford English Dictionary) became popular, and the world 

began to quantify the evolution of the size of data (Press, 2013). In the 2000s, there was an 

overflow of data owed to the growth of technology and computing. As a result, the term "big data" 

is becoming more relevant in various industries such as banking or finance, agriculture, real estate, 

customer experience, and business to healthcare. Data are generated by machines and devices, 

cloud-based solutions, and business management for modern manufacturing and supply chains. 

Big data is expected to increase 20-fold in the next ten years and is currently producing a total 

volume of more than 1000 exabytes annually  (Yin & Kaynak, 2015). Over the years, "big data" 

is becoming more apparent in numerous industries, such as textiles and healthcare. 

Modern textile manufacturing facilities and e-commerce are environments with plenty of 

data. They support information sharing across universal networks to produce manufacturing 
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intelligence. Operational efficiency, process innovation, and environmental impact are all potential 

benefits of manufacturing intelligence. The current information systems that support business and 

manufacturing intelligence use advanced analytics to execute real-time processing and store 

increasingly large data sets (i.e., Big Data)  (O’Donovan et al., 2015). All the data related to a 

textile product is used for trend analysis, customer behavior analysis, and forecasting. The textile 

industry creates and generates textile data from various sources. This data comes in multiple forms, 

like words and images. Data is rapidly growing and changing since the current supply chain climate 

is fast fashion textiles (i.e., short trendy apparel demand). Therefore, this data portrays the 

characteristics of big data (Barhanpurkar & Barhanpurkar, 2019). 

"Big data in healthcare" refers to the abundant health data amassed from numerous sources, 

including electronic health records (EHRs), medical imaging, genomic sequencing, payor records, 

pharmaceutical research, wearables, and medical devices, to name a few. Three characteristics 

distinguish big data from traditional electronic medical and human health data used for decision-

making. The data is available in extraordinarily high volume, moves at high velocity, spans the 

health industry's massive digital universe, and has a highly variable structure and nature. Volume, 

velocity, and variability of data are known as the 3Vs of “Big Data.” Big data applications in 

healthcare include optimizing processes, improving patients' health, expanding diagnostics, and 

reducing cost and errors  (Catalyst, 2018). 

In general terms, big data can unlock significant value in such areas as product and market 

development, operational efficiency, market demand predictions, decision making, and customer 

experience and loyalty. Today, many industries are using data analytics and machine learning 

techniques to gain insight from the data. The next section will cover how to analyze the data as 

well as tools used to gather the data. 
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 Data Analysis 

The process of cleaning, modifying, and modeling data to discover useful information for informed 

decision-making is called data analysis. Data analysis aims to extract useful information from data 

and make educated decisions based on the data's findings. In today's world, data analysis plays a 

role in helping industries and businesses operate more efficiently. 

2.2.1. Data Analytics in Healthcare 
Over the next few years, health data volume expects to grow histrionically. Healthcare 

reimbursement models are changing in today's healthcare environment, and performance pay is 

emerging as a critical new factor. Profit is essential for healthcare organizations to obtain the 

available tools, infrastructure, and techniques to effectively leverage big data or risk losing 

potentially millions of dollars in income. 

A report delivered to the U.S. Congress in August 2012 defines big data as “large volumes 

of high velocity, complex, and variable data that require advanced techniques and technologies to 

enable the capture, storage, distribution, management and analysis of the information” (IHTT, 

2013). Variety, velocity, and, with significance to healthcare, veracity are the characteristics of 

“Big Data.” Experts are applying existing analytical techniques to the vast amount of patient-

related health and medical data to understand conditions and apply at the point of care. Ideally, 

individual and population data would inform each medical specialist and their patient during the 

decision-making process and determine the most appropriate treatment option (Raghupathi & 

Raghupathi, 2014). 

2.2.2. Data Analytics in Textile 

The textile value chain (i.e., the industries involved in the manufacturing and distribution of 

materials like fibers, yarn, fabrics, industrial products, and apparel) is undergoing rapid changes 
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and significant growth owing to changes in technology, automation, types of material used, and 

different techniques used to produce textile production. In the textile industry, knowledge and 

ideas change at a swift pace, including advances in automation. The present modern textile 

industry was formed by early inventions, such as the cotton gin, steam engine, waterwheel, 

education and training, globalization, and many other factors, which also changed production 

methods. Modern-day techniques like business intelligence, a business analytical tool that, in a 

way, provides a solution to the textile manufacturers, distributors, and apparel retailers for 

obtaining the required information on the latest trends, fashion patents, and industry needs to help 

drive decision making and innovation (Bidyarthy, 2018).  More and more data are being gathered 

and created by the textile supply chain to help drive the production and distribution of textiles 

worldwide. The textile industry is starting to embrace the fourth industrial revolution (i.e., Industry 

4.0) utilizing the internet of things (IoT)  (Manglani et al., 2019). 

Data analytics is used to analyze raw sales data in the fashion or textile industry. According 

to some experts, the global clothing and textile industry, consisting of clothing, textiles, footwear, 

and luxury goods, has exceeded $2,500 trillion in sales during 2017. Apparel, luxury goods, and 

accessories account for over 55% of the overall market with a growth rate above 4% and the 

expectation of generating around $3,500 billion in 2020. Additionally, data visualization and 

analytics are used to predict customer preferences. The data can help designers identify the new 

fashion trends and excel in satisfying customers. A predictive model's insights can assist brands in 

better decisions to pick the most likely result earlier (Data Visualization & Analytics Role in 

Textile Industries. 2017). 
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 Machine Learning 

Machine Learning, at the highest level, is the practice of using algorithms to analyze data, get new 

information from it, and then decide the key factors to predict an outcome. The machine is 

"trained" using large amounts of data and algorithms that allow it to learn how to perform the task, 

rather than hard-coded software routines based on user input to accomplish a particular task 

(Knight, 2017). 

Early artificial intelligence (AI) adopters created the new idea called machine learning. 

Over the years, the algorithmic approaches included decision tree learning and inductive logic 

programming, clustering, reinforcement learning, and Bayesian networks. None of these achieved 

the goal of general AI. These early AI techniques were mostly out of reach with the first machine 

learning approaches (Copeland, 2016). As technology began to grow, these algorithmic 

approaches have become more prevalent in today’s world and have evolved to use machine 

learning techniques. Many different coding languages like Python, R, C, and MATLAB have 

libraries that make these techniques available (Nguyen et al., 2019; Pedregosa et al., 2011). 

One of the most popular coding packages to perform machine learning techniques is Scikit-

learn. Scikit-learn, also known as sklearn, is a free software machine learning library for the Python 

programming language. David Cournapeau, now well-known to many students, educators, 

researchers, engineers, and data scientists, started sklearn during a Google summer code project. 

This library has evolved with several different collaborators. The library features various 

classification, regression, and clustering algorithms, including support vector machines, random 

forests, gradient boosting, k-means, and density-based spatial clustering of applications with noise 

(DBSCAN). The coding package interoperates with the Python numerical and scientific libraries: 

NumPy and SciPy  (Pedregosa et al., 2011). NumPy allows a user to deal with multi-dimensional 
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arrays, while SciPy is an open-source tool for scientific and numeric computation. These libraries 

are well-known in the machine learning world. 

The generic model of machine learning consists of seven components independent of the 

algorithm adopted. Figure 2.1 shows these primary components. 

 
Figure 2.1: Components of a Generic Machine Learning Model (Alzubi et al., 2018). 

Each component of the model has a specific task to accomplish, as described next.  

i. Collection and Preparation of Data: The first task of the machine learning process is to 

collect and prepare data in a format that can be used as input to an algorithm. Generally, the 

more data one can obtain is better for any given algorithm. Most real-world datasets are 

unclean and need to be formatted. For example, data scraped from websites is usually 

unstructured and contains many errors (i.e., irrelevant data and redundant data). Therefore, 

the data has to be structured by pre-processing and cleaning the data as discussed earlier.  

ii. Feature Selection: For supervised learning models, the above steps data may contain 

numerous features (i.e., input variables), many can be relevant to the model, and some can 
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be irrelevant.  Therefore, all irrelevant features need to be removed, keeping only the essential 

features. Further reducing the relevant features to a subset of correlated features may improve the 

efficiency of the models. 

iii. Choice of Paradigm: Most machine learning algorithms are categorized into three paradigms 

(i.e., supervised, unsupervised, and reinforcement learning). For labeled data (i.e., inputs 

having an associated output), supervised learning is recommended. Unsupervised learning 

handles unlabeled data, like text and documents, and often deals with clustering. , v Section 

2.3.2.1 will discuss these paradigms in more detail.   

iv. Choice of Algorithm: Different classes of problems call for different machine learning 

algorithms. Even though an algorithm can be chosen for a specific dataset, it does not mean 

it is the best algorithm for the job. Selecting a particular algorithm for a particular class of 

data is an art which is explained in the upcoming sections. The best predictive modeling 

results correlate with choosing the best machine learning algorithm for the given data. 

Section 2.3.2.2 discusses various machine learning algorithms. 

v. Selection of Models and Parameters: Most machine learning algorithms require many 

parameters that must be set to appropriate initial values to tune the algorithm performance 

for the specific dataset, which is part of the art. 

vi. Model Training: After selecting a suitable algorithm and appropriate parameter values, a 

percentage of the dataset is used to train the model. Usually, a large portion (i.e., 80% of the 

data set) is used to train the model leaving the other piece to test the algorithm. During model 

training, cross-validation is a suggested step to minimize overfitting, which trains the models 

on several subsets of the input data and compares them to determine the most robust model.  
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vii. Testing and Performance Evaluation: All models must be tested against unseen data to 

evaluate how effective the model was from the training dataset using various performance 

parameters, such as accuracy, precision, and recall. Experts can evaluate models on real-time 

data present-day (Ed-daoudy & Maalmi, 2019; Frances-Villora et al., 2018). 

2.3.1. Data Pre-processing 
In data preprocessing, the data gets formatted and transformed, or encoded, to structure the data 

into a state that any machine learning algorithm can quickly analyze. Simply, the algorithm can 

now easily interpret the formatted data (Pandey, 2020). 

2.3.1.1. Types of Data 

Real-world data comes in many different types and formats. There are not any boundaries when 

extracting data from various sources. The following sections will discuss the different types of 

data. However, most machine learning data eventually ends up being numerical, regardless of 

whether the original form is numerical because most machine learning algorithms only process 

numerical data. 

2.3.1.1.1. Numerical 

Numerical data or quantitative data is expressed and collected directly in numbers (e.g., integers) 

For numerical data, additional features can be constructed by using arithmetic operations with 

these numbers (e.g., log or square of the data) (Blog, 2020). 

2.3.1.1.2. Categorical 

Categorical data is data stored into groups representing characteristics (e.g., gender, region, eye 

color, and size of clothes). This grouping is made according to the similarities of the data 

characteristics through a method known as matching. Each element of a categorical dataset is 
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placed in only one category according to its qualities, where each of the classes is mutually 

exclusive (i.e., small, medium, or large) (Blog, 2020). The data is often transformed into numerical 

values (e.g., 0 for male and 1 for female). These numerical values do not have a mathematical 

meaning because they still represent the category. Categorical can be either nominal or ordinal, 

meaning the groups can have an ordering or not (e.g., small, medium, and large are ordinal while 

colors would not be). 

2.3.1.1.3. Text 

Text data is a data type in words, sentences, and documents with no categories. Sources of text 

data can be extracted from books, social media, open-ended survey questions, scrubbed from the 

web, etc. 

2.3.1.1.4. Time Series 

Time series is an essential class of time-based data objects obtained from processes conducted over 

time methodical and financial applications (e.g.., historical sales data). A time series is a collection 

of observations made in chronological order that often has the characteristics of large data size, 

high dimensionality, and continuously updated (Fu, 2011). 

2.3.1.2. Encoding Data 

As mentioned in a previous section, most machine learning algorithms need to have data in 

numerical form. Categorical data needs to be represented numerically by encoding the data (Sethi, 

2020).  There are two common approaches for encoding categorical data: ordinal encoding and 

one-hot encoding  (Brownlee, 2020c). 

In ordinal encoding (similar to "LabelEncoder" in scikit-learn), each unique category value 

is assigned an integer value (e.g., 0 is small, 1 is medium, and 2 is large). Encode target labels with 
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a value between 0 and N - 1, where N equals the number of individual categories within the data. 

The advantage of this method is no additional features are added, other than the original features 

that are being encoded to train the model. On the other hand, the technique assumes order across 

categories, which is the reason for caution depending on the model. When considering natural 

ordering between categories, this could cause a model’s bad performance or unexpected results 

(Brownlee, 2020; Pedregosa et al., 2011; Sethi, 2020). 

In the case that the model cannot assume ordering, one-hot encoding can be applied. Unlike 

the ordinal approach, one-hot encoding removes the integer encoded variable. A new binary 

variable is added for each unique value within the category, which refers to the "OneHotEncoder" 

in scikit-learn (Shown in Figure 2.2). This approach's significant drawbacks are it could generate 

many additional columns to a dataset and cause considerable memory consumption when training 

the model (Brownlee, 2020; Pedregosa et al., 2011; Sethi, 2020).  

 
Figure 2.2: One-Hot Encoding. 
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To conclude, data needs to be encoded to use in many algorithms and improve the model's 

accuracy and learning (Sethi, 2020). A simple rule of thumb is to use ordinal encoding when data 

has an order and one-hot otherwise. Feature selection should be used to reduce the number of 

features created by either of these encoding approaches, which will be discussed more in-depth in 

Section 2.3.1.4. 

2.3.1.3. Data Transformation 
Data transformation or wrangling is the process of cleaning and transforming data to make it more 

suitable for data analysis. The three main steps of the procedure generally go as follows: 

• Examine the raw data, 

• Transform the raw data by restructuring, scaling, and cleaning the data, and 

• Validate the dataset for modeling. 

An iterative process that includes data transformations, result checking, and process improvement 

is called data transformation. The dataset must be reviewed to remove any errors in the data, 

redundant or missing data. In most real-world datasets, the information is not well organized and 

clean. Most data are messy or unstructured, and most of the researcher’s time is spent organizing 

and cleaning the data using approaches appropriate for the dataset.  

2.3.1.3.1. Feature Scaling 

The next step in data transformation is transforming the raw data by feature scaling. Feature scaling 

is the process of standardizing data columns into the same numerical range. The reason is to give 

equal weighting to all the features (e.g., sales in the millions of dollars while service fill rates are 

a percentage). The two most popular approaches to perform feature scaling are normalization and 

standardization. 
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Normalization is a scaling technique in which values are shifted and rescaled to a range 

between zero and one, often referred to as Min-Max scaling (Bhandari, 2020). The normalize 

function is stated below in Equation 2.1. 

𝑿′	 = 	
𝑿	 −	𝑿𝒎𝒊𝒏

𝑿𝒎𝒂𝒙 	− 	𝑿𝒎𝒊𝒏
 

Equation 2.1 

  

𝑋′ represents the new normalized data point of the feature column, 𝑋 is the original raw data point 

of the feature column, 𝑋&'( is the minimum value of the feature column in the raw data, and 𝑋&)* 

is the maximum value of the feature column in the raw data.  

Standardization is another scaling technique where the values are centered around the mean 

with a unit standard deviation (i.e., how many standard deviations is the data point from the mean). 

This technique sets the attribute's mean to zero, and the resultant distribution has a unit standard 

deviation (Bhandari, 2020). The standardized function is stated in Equation 2.2. 

𝑿′	 = 	𝑿	-	𝝁
𝝈

      
Equation 2.2 

 

Again, 𝑋′ is the new standardized data point of the feature column, 𝜇 is the mean value of the 

feature column in raw data, and 𝜎 is the standard deviation value of the feature column in raw data. 

Some machine learning algorithms are sensitive to feature scaling, while others are 

virtually invariant to it. Gradient descent-based algorithms, such as linear regression, logistic 

regression, and neural networks, will benefit from scaling the data. Having features on a similar 

scale can help the gradient descent converge more quickly towards the minima. Distance-based 

algorithms, such as k-nearest neighbor (KNN), k-means clustering, and support vector machine 

(SVM), also would benefit from feature scaling. Therefore, scale the data before employing a 



 

16 

 

distance-based algorithm so that all the features contribute equally to the result. However, tree-

based algorithms are relatively insensitive to the features' scale and, therefore, unnecessary to scale 

because there is virtually no effect on the split's remaining features (Bhandari, 2020). 

In summary, there is no straightforward method for when to normalize or standardize the 

dataset. Depending on the dataset, the model could perform better between standardize or 

normalize datasets. An experimental approach would fit the raw, normalized, and standardized 

data and compare the best models’ results' performance for robustness. 

2.3.1.3.2. Imbalanced Datasets 

An imbalanced dataset occurs in many real-world classification tasks and has been a challenge in 

the data mining community for years  (Yang & Wu, 2006). Imbalanced datasets are a particular 

case for classification problems where the class distribution is not uniform. Typically, they are 

composed of two classes: The majority (negative) class and the minority (positive) class (e.g., 75% 

of survey respondents recycle textiles while only 25% do not)  (Agarwal, 2020). The imbalance 

could lead to erroneous conclusions since the sample population groups are not equal. There are a 

few ways with dealing with imbalanced datasets, and they are listed below: 

i. Random resampling by either under-sampling or over-sampling, 

ii. Class weights in the models, or 

iii. Change evaluation performance metrics. 

A widely adopted and perhaps the most straightforward method for dealing with highly 

imbalanced datasets is called resampling. The technique either removes samples from the majority 

class (i.e., under-sampling) or adds more examples from the minority class (i.e., over-sampling), 

as seen in Figure 2.3. For under-sampling, there is the possibility to remove most of your data 
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resulting in small datasets that could lead to overfitting because of the number of data points. Even 

though under-sampling would provide a balanced dataset, the method may be prone to producing 

a much smaller dataset, increasing the chance of overfitting. Both under-sampling and over-

sampling assumes the minority class data is a representative sample of the whole minority 

population. 

  
Figure 2.3: Visual representation of Under and Over-sampling (Agarwal, 2020). 
Choosing the right evaluation metric is essential whenever one deals with imbalanced 

datasets. Commonly used metrics are the F1 score and accuracy. In the case of imbalanced data, 

the F1 score is the recommended evaluation metric. The F1 score has a value between zero and 

one and represents the harmonic mean of precision and recall. Accuracy is used when the true 

positives and true negatives are more critical, while the F1 score is used when the false negatives 

and false positives are crucial. Accuracy can be used when the class distribution is similar, while 

the F1 score is a better metric when imbalanced classes are present. The metrics will be discussed 

in more detail in a later section. In most real-life classification problems, imbalanced class 

distribution exists and the F1 score is a better performance metric to evaluate a model (Huilgol, 

2019). These metrics are calculated from values in a table used to describe a classification model's 

performance called a confusion matrix, shown in  Table 2.1. The true positives (TP) represent the 

results where the model correctly predicted the data that belongs to the correct class. In contrast, 
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the true negatives (TN) represent the results where the model correctly predicted that the data does 

not belong to a particular class.  On the other hand, false positives (FP) and negatives (FN) are 

when the model incorrectly identifies them as part of a class or not a class. 

Table 2.1: Confusion Matrix. 

 Predicted Class 

Actual Class 
 Class = Yes Class = No 

Class = Yes True Positive False Negative 
Class = No False Positive True Negative 

 

2.3.1.4. Feature Selection or Dimensionality Reduction 

One may think that having more features is always a good thing, similar to having more data, but 

many machine learning algorithms suffer from the curse of dimensionality. They do not perform 

well when given a large number of variables or features (Cai et al., 2018).  Another challenge is 

the sparsity of data, and finding a global optimum is costly to find for such data. A dimensionality 

reduction algorithm reduces the computational cost by reducing the number of dimensions of the 

data. It does so by reducing the redundant and irrelevant data and cleaning the data to improve the 

accuracy of results. Dimensionality reduction works in an unsupervised manner to search and 

exploit the data's implicit structure. There are many algorithms for dimensionality reduction that 

can be adapted with classification and regression algorithms. Examples are Multidimensional 

scaling (MDS), Principal component analysis (PCA), Linear Discriminant Analysis (LDA), 

Principal component regression (PCR), and Linear Discriminant Analysis (LDA). Dimensionality 

reduction can be accomplished by feature elimination, feature selection, or feature extraction. 

Feature elimination is the process of removing certain features (i.e., input variables) before 

performing the data analysis, but you have lost any information associated with those features. 

Feature selection ranks the variables according to their importance, and then one selects a subset 

of the features suffering from the same issue of potential information loss. There are mainly two 
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reasons for feature selection. Some features might be highly irrelevant or redundant (i.e., correlated 

with other features). So, it is better to remove these features to simplify the dimensionality and 

improve the model's performance.  Feature extraction is where a new independent feature is created 

by combining a set of the original independent features, which are then removed but preserving 

the feature's information contribution. Some commonly used techniques are principal component 

analysis (PCA), t-distributed stochastic neighboring entities (t-SNE), feature embedding, and 

feature importance (developed by scikit-learn package).  

Principal component analysis (PCA) is a linear feature extraction technique that computes 

the principal components and uses them to perform a change of basis on the data, sometimes using 

only the first few principal components and ignoring the rest (i.e., converting eight features into 

only two factors/components as seen in Figure 2.4). Typically, those factors that have an 

Eigenvalue of one or greater are considered the essential factors. PCA is used in exploratory data 

analysis as well as for making predictive models. It is commonly used for dimensionality reduction 

by projecting each data point onto only the first few principal components to obtain lower-

dimensional data while preserving as much of the data's variation. The first principal component 

can equivalently be defined as a direction that maximizes the projected data variance. The ith 

principal component can be taken as a direction orthogonal to the first i - 1 principal component 

that maximizes the projected data variance.  The following linear combination equation will 

determine the value of each new factor j for each data point. 

𝑭𝒂𝒄𝒕𝒐𝒓	𝑽𝒂𝒍𝒖𝒆𝒋 = 𝑿𝟏𝒘𝟏 + 𝑿𝟐𝒘𝟐 +⋯+ 𝑿𝒏𝒘𝒏    Equation 2.3 

  

Xi represents the observed value of the ith feature within the factor, 𝑤' equals the weight (i.e., the 

corresponding component of the eigenvector) of the ith item, and n is the number of features in the 

specified new factor.  PCA combines the input features in a specific way to drop the least important 
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features while retaining information contribution, and the new features are independent of one 

another (i.e., not correlated).   

 

Figure 2.4: Screen Plot for Two Factors. 

The t-Distributed Stochastic Neighbor Embedding (t-SNE) technique is a non-linear 

technique for dimensionality reduction introduced in 2008 (van der Maaten & Hinton, 2008) which 

visualizes high-dimensional data by giving each data point a location in a two or three-dimensional 

map (i.e., the multi-dimensional data is mapped to lower dimensional space and attempts to 

identify clusters based on the similarity of the data points within multiple features). Research 

shows that it is widely used in image processing, natural language processing (NLP), genomic 

data, and speech processing  (Nikitha et al., 2020). The technique is a variation of stochastic 

neighbor embedding (SNE)  (Hinton & Roweis, 2002) which is much easier to optimize and 

produces significantly better visualizations by reducing the tendency to crowd points together in 

the map's center. The t-SNE technique is better than existing techniques at creating a single map 

that reveals structure at many different scales. Figure 2.5 shows in detail the three-step process for 

t-SNE techniques. A brief overview of the t-SNE algorithm is: 
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1. First, calculate the probability of similarity of points in high-dimensional space (e.g., two-

dimensional) and the probability of similarity of points in the corresponding low-

dimensional space (one-dimensional). For each object, 𝐴, and each potential neighbor, 𝐵, 

the similarity of points is calculated as the conditional probability that a point 𝐴	would 

choose point 𝐵 as its neighbor. The neighbors are picked in proportion to their probability 

density under a Gaussian (normal distribution) centered at 𝐴. Using the normal distribution, 

the points that are farther from 𝐴 have low similarity values, and the closest points have 

high similarity values. 

2. Then, minimize the difference between these similarities (i.e., condition probabilities) in 

higher-dimensional and lower-dimensional space for a perfect representation of data points 

in lower-dimensional space. These similarity scores are calculated using a t-distribution 

(this is why the algorithm is referred to as “t”-SNE). The t-distribution has longer tails and 

lower maximum frequency than a normal distribution. The t-distribution is used so that the 

clusters can be more visible to the user by being spread apart and not grouped together. 

3. To measure the minimization of the sum of the difference of conditional probability, t-SNE 

minimizes the sum of Kullback-Leibler (KL) divergence of overall data points using a 

gradient descent method. The t-SNE algorithm moves the points a little bit at a time. At 

each step, it chooses a direction that minimizes the distance between similar data points so 

that the points in lower-dimensional space is clustered the same as the points in the higher-

dimensional space. 
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Figure 2.5: Steps of "t-SNE" technique  (Violante, 2018). 

To conclude, t-Distributed Stochastic Neighbor Embedding (t-SNE) minimizes the KL divergence 

between two distributions (Cai et al., 2018; OpenAI, 2018):  

• A distribution that calculates pairwise similarities of the input objects (i.e., data points), 

and  

• A distribution that calculates pairwise similarities of the embedded corresponding low-

dimensional data points.  

The t-SNE algorithm tries to identify observed clusters based on similarity of data points with 

multiple features to find patterns in the data and map the multi-dimensional data (i.e., large number 

Step 1: Measure Similarities in High-dimensional Space

•Center a Gaussian distribution over each data point 𝑥!
•Measure the density of all points 𝑥" under the Gaussian distribution
•Re-normalize all points
•This results gives up probabilities 𝑃!" in high dimensional space, which is proportional to similarites

Step 2: Measure Similarities in Low-dimensional Space

•Repeats steps from Step 1
•Use Student t-distribution with one degree of freedom instead of Gaussian distribution
•This results gives up probabilities 𝑄!" in low dimensional space, which is proportional to similarites

Step 3: Set probabilities from Low-dimensional space to 
reflect the High-dimensional space

•Measure the difference between the probability distributions of the two-dimensional spaces using 
Kullback-Liebler divergence (KL)

•KL is an asymmetrical approach that efficiently compares large probability values
•Use gradient descent to minimize the KL cost function
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of features) to a lower-dimensional space. However, after this process, the input features cannot 

be identified, and therefore this algorithm is used mainly as a data exploration and visualization 

technique. 

Feature embedding intends to translate a high-dimensional vector feature space into a 

relatively low-dimensional feature space by capturing some of the semantics of the input data and 

placing semantically similar inputs close together in the new embedded space. Feature embedding 

is commonly used in pattern recognition, such as image processing, learning new feature space for 

categorical data, and networked data; it can also be used on many other data types. Embeddings 

make it easier to do machine learning on large inputs like sparse vectors representing words. An 

embedding algorithm can be learned and reused across models but often can suffer from a few 

disadvantages. Embedding can only handle a single feature (i.e., gender or age, not a combination 

of both), intended for either supervised or unsupervised learning and unsuitable for online learning 

tasks e-training phase  (Golinko & Zhu, 2018). Some common feature embedding examples are 

text and image embedding and collaborative filtering  (Overview: Extracting and serving feature 

embeddings for machine learning. 2020). A summary of these embedding techniques is listed 

below. 

• Text Embedding: A specific word is considered close in the embedding vector space 

to a similar word, even if the wording is different (i.e., male, boy, or guy). Even 

though the words are not spelled the same, they are very close in embedding 

because their semantic encoding is very similar. There are various models designed 

to learn word embeddings, which include neural-net language models (NNLM), 

global vectors for word representation (GloVe), deep contextualized word 

representations (ELMo), and Word2vec. These models create real-valued feature 
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vectors for each word. For example, training a Word2vec model using a large body 

of text (i.e., English Wikipedia corpus) could generate embeddings that identify 

semantic relationships between word, such as male-female and verb tenses (e.g., 

walk, walking and walked) by calculating the distances between vector embedding 

space (Mikolov et al., 2013; Mikolov et al., Dec 2011; Schnabel et al., 2015). 

• Image Embedding: Images are made up of many individual raw pixels, and 

comparing one image raw pixels to another raw image pixels is not very efficient. 

Therefore, extracting feature vectors (i.e., embedding) to a lower-dimensional 

space to identify the image and make a better comparison is suggested. Some image 

classification models are Inception, deep residual learning (ResNet), and network 

architecture search (NASNet)  (He, K. et al., 2015; Szegedy et al., 2014; Zoph et al., 

2017). These models produce a feature vector that can effectively represent the 

image in a search or similarity-matching tasks. 

• Collaborative filtering (CF): This technique is typically used for recommender 

systems. In this method, the idea is to make predictions for the user based on many 

other users’ interests (i.e., Netflix's “Best for you” list or recommended movies). 

For example, the goal is to determine which movie a user wants to watch based on 

the user’s previous watch history. The embedding for the user is how close the 

embedding of the films they have watched previously. Some embedding that uses 

these techniques are matrix factorization, single-value decomposition, neural 

collaborative filtering, and neural factorization machines  (He, X. & Chua, 2017; 

He, X. et al., 2017). 
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As mentioned earlier, feature selection utilizes a ranking to select a subset of the features 

where the order can be performed by feature importance, which is used in many scikit-learn 

classifiers and regressors. The idea of assigning a score to input features based on how significant 

they are for predicting the target variable is called feature importance. Feature importance scores 

play an essential role in a predictive modeling project, including providing insight into the data, 

insight into the model, and the basis for dimensionality reduction and feature selection that can 

improve a predictive model's efficiency and effectiveness. (Brownlee, 2020a). Feature importance 

can be calculated in two different ways in the scikit-learn package (i.e., feature importance by 

classifier or regressor or permutation feature importance). 

The model fit predictions are the weighted sum of the input values for the regression model 

(i.e., linear regression, logistic regression, ridge regression, and elastic net). These regression 

algorithms find a set of coefficients which are used as the feature importance score. If the 

coefficients are sorted, these values can give an idea of relative feature importance where lower 

important features are removed.   

Permutation feature importance is a model inspection technique used for any fitted 

estimator when the data is tabular. This technique is beneficial for non-linear or opaque estimators 

(Breiman, 2001). This procedure breaks the relationship between the feature and the target. 

Therefore, the drop in the model score is indicative of how much the model depends on the feature. 

This technique benefits from being model agnostic and can be calculated many times with different 

feature permutations (Pedregosa et al., 2011). The outline for the permutation feature importance 

algorithm can be seen in Figure 2.6.    
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Figure 2.6: Permutation Feature Importance Algorithm (Pedregosa et al., 2011). 

2.3.2. Approaches to Machine Learning 

Machine learning attempts to automate processes (i.e., cleansing and analyzing data) to determine 

new information from any given data set to predict or make complex decisions. Generally, there 

are two approaches to machine learning for researchers: numerical and symbolic learning methods. 

A numerical methods example is discriminant analysis and have been associated with pattern 

recognition. On the other hand, symbolic learning methods are focused on by artificial intelligence 

researchers, which have proven useful in image recognition (Langley & Carbonell, Jaime G. 

(Jaime Guillermo), 1984).  Machine learning and artificial intelligence began in the 1950s and 

1960s with researchers like Alan Turing, John McCarthy, Arthur Samuels, Alan Newell, and Frank 

Rosenblatt. Samuels proposed a working machine learning model for optimizing a checkers 

program. Rosenblatt established the foundation of an artificial neural network by the idea of a 

perceptron, a popular machine learning algorithm based on biological neurons. For more than 60 

years, artificial intelligence and machine learning have been researched and advanced by academic 

Step 1 Step 2 Step 3

User Input: 

• Fitted predictive model 𝑚 
• Tabular dataset (training or 

validation) 𝐷 

Compute the reference score 𝑠 of 

the model 𝑚 on data 𝐷  (i.e., the 

accuracy for a classifier or 

the 𝑅! for a regressor) 
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researchers and professionals to improve future scholars' methods and techniques. Algebra, 

statistics, and probability are considered the mathematical foundation of machine learning, and 

these fundamentals are used throughout the paradigms and algorithms.  (Alzubi et al., 2018; 

Brownlee, 2019a; Brownlee, 2019b; dhage & Raina, 2016; Knight, 2017).   

2.3.2.1. Machine Learning Paradigms 
Machine learning paradigms can be classified into three common categories depending on how an 

algorithm is trained and based on the output's availability. These include supervised learning, 

unsupervised learning, and reinforcement learning (Alzubi et al., 2018). Each of these paradigms 

is explained in the following sub-sections. 

2.3.2.1.1. Supervised learning 

In supervised learning, a set of examples or training modules are provided with the exact outputs. 

The algorithm learns to respond more accurately by comparing the model predictions from the 

training sets with the given output. In short, supervised learning is also known as learning via 

examples. Supervised learning uses historical data to discover applications in prediction (Alzubi 

et al., 2018). Some examples include to predict the house price, the final weight of a fabric based 

on input parameters, identify customer satisfaction based on reviews or surveys, etc. Common 

types are described in Table 2.2, and the supervised learning methodology is shown in Figure 2.7. 
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Table 2.2: Common Types of Supervised Learning. 

Type Definition 

Classification Outputs are categorical (e.g., logistic regression) 

Regression Outputs are continuous and numerical 

Similarity learning Learns from examples using a similarity function that measures how 
similar two objects are 

Feature learning Learns to discover the representations or features from raw data 
automatically 

Anomaly detection A particular form of classification, which learns from data labeled as 
normal/abnormal. 

 

 
Figure 2.7: Supervised Learning (Alzubi et al., 2018). 

2.3.2.1.2. Unsupervised learning 

The unsupervised learning approach recognizes unidentified existing patterns from the data to 

derive rules from them. This technique is appropriate when the categories of data are unknown 

(i.e., there are no correct outputs). In these paradigms, the data is unlabeled. Unsupervised learning 

finds a hidden structure in unlabeled data (i.e., finding clusters or groups) and is referred to as a 
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statistic-based approach for learning. Examples are shown in Table 2.3 and the unsupervised 

learning methodology is shown in Figure 2.8.   

Table 2.3: Common Types of Unsupervised Learning. 

Type Definition 

Clustering Assigns entities to clusters or groups 

Feature learning Features are learned from unlabeled data 

Anomaly detection Learns from unlabeled data, using the assumption that the majority of 
entities are normal. 

 

 

 
Figure 2.8: Unsupervised Learning (Alzubi et al., 2018). 

2.3.2.1.3. Reinforcement learning 

The reinforcement learning algorithm, also known as an intermediate type of learning, only 

provides a response that tells whether the output is correct or not. A reinforcement learning 

algorithm has to explore and rule out various possibilities to get the right result. It does not propose 

Training Data Feature Vectors

Machine 
Learning 

Algorithms

Predictive 
Model

Likelihood or 
Cluster or 

Better 
Representation

New/Testing 
Data

Feature 
Vector



 

30 

 

any suggestions or solutions because the algorithm is regarded as learning with a critic. There are 

two types of reinforcement learning methods based on whether you are rewarding or penalizing. 

In a positive system, an event increases the strength and frequency of the behavior, which has a 

positive effect on the action taken by the agent (i.e., the learner or decision-maker). In a negative 

system, a condition that is negative is stopped and avoided to strengthen the behavior. 

In order to build an optimal policy, the agent faces the dilemma of exploring new states 

while maximizing its overall reward at the same time. This is called Exploration vs 

Exploitation trade-off. To balance both, the best overall strategy may involve short term sacrifices. 

Therefore, the agent should collect enough information to make the best overall decision in the 

future. Two essential machine learning algorithms in reinforcement learning to help achieve the 

best overall decision are: 

• Markov decision processes (MDPs) are one of the most common reinforcement algorithms. A 

mathematical process to model decision-making in situations where outcomes are partly 

random and partly under the control of a decision-maker. The algorithm does not assume 

knowledge of an exact mathematical model. 

• Q-Learning is a commonly used model-free approach that supplies the previous Q value 

information to determine which action the agent should take. The core of the Q-learning goes 

by the following value update rule. 

𝑸(𝒔𝒕	, 𝒂𝒕) 	← 	 (𝟏	 − 	𝜶) 	× 	𝑸(𝒔𝒕	, 𝒂𝒕) 	+ 	𝜶		 × 	(𝒓𝒕 	+ 	𝜸	 ×	𝒎𝒂𝒙𝒂 𝑸(𝒔𝒕4𝟏, 𝒂) 
Equation 2.4 

 

𝑸(𝒔𝒕	, 𝒂𝒕) is the old value of 𝑸 at state 𝒔 and action 𝒂, 𝜶 is the learning rate, 𝒓 is the reward, 

𝜸 is the discount factor, 𝒎𝒂𝒙
𝒂

𝑸(𝒔𝒕4𝟏, 𝒂) is the estimate of optimal future values, (𝒓𝒕 	+

	𝜸	 ×	𝒎𝒂𝒙
𝒂

𝑸(𝒔𝒕4𝟏, 𝒂) is the learned value, and 𝒕 is the time. 
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Reinforcement learning is an active process where the agent's actions influence the future data 

(i.e., rewards that influence potential future states), which is the main difference from other 

machine learning approaches. In contrast, supervised and unsupervised learning approaches are 

processes where there is no impact or influence on the data after learning is performed (Sutton & 

Barto, 1998) 

 
Figure 2.9: Reinforcement Learning  (Sutton & Barto, 1998). 

Figure 2.9 illustrates the agent and environment interaction used in the field of reinforcement 

learning. As stated previously, the agent is the decision-maker or entity that performs the action 

within the environment to receive an award. The environment is the world the agent operates and 

decides what action to perform. The set of movements that the agent can do in the environment 

are known as actions. The state is the current situation returned by the environment. The reward is 

the immediate return from the environment based on the action selected by the agent. A simple 

example of this concept is a dog (agent) is sitting (current state) in a house (environment). The dog 

(agent) smells food (reward) and begins to walk (action) to find the smell. 
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One of the main ideas of reinforcement learning is determined by how the agent learns the 

environment. Suppose the agent is allowed to think ahead and see the range of possible state 

transitions and rewards (i.e., model the environment) to determine the optimal policy. In that case, 

the model is called model-based methods. Model-free-based methods are when the agent learns 

from trial-and-error to determine the best policy (Dayan & Niv, 2008). 

According to OpenAI  (OpenAI, 2018), there are many algorithms in modern 

reinforcement learning. The landscape of algorithms in modern reinforcement learning consists of 

two main branches, model-based and model-free. Figure 2.10 shows the taxonomy of the 

algorithms in modern reinforcement learning. 

 

Figure 2.10: Taxonomy of the Algorithms in Modern Reinforcement Learning  (OpenAI, 
2018). 

2.3.2.1.4. Hybrid Paradigms 

There are many other types of learning paradigms, but they are extensions or combinations of the 

three main paradigms. 
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Semi-Supervised Learning  

In semi-supervised learning algorithms, supervised and unsupervised learning techniques are 

combined to produce an output. For supervised learning, the input data needs output labels, while 

unsupervised learning has no output labels. However, there are cases where some of the data have 

some labeled outputs, but the rest is unlabeled. In these cases, there are various semi-supervised 

algorithms that could be used for model building. Semi-supervised learning can solve multiple 

problems, such as classification, regression, and prediction. Three common types of semi-

supervised learning models are generative models, self-training, and Transductive SVM (Alzubi 

et al., 2018; Dey, 2016). 

Semi-supervised learning can potentially utilize both labeled as well as unlabeled data to 

achieve better performance for certain learning tasks. This reduces the annotation effort, which 

leads to reduced costs. These learning algorithms provide a computational model that represents 

how humans grasp ideas from labeled and unlabeled data. However, selecting a semi-supervised 

learning method arbitrarily does not necessarily improve the performance of specific tasks over 

supervised learning. The drawbacks are some unlabeled data can cause worse performance with 

the incorrect connected assumptions (Xiaojin Zhu and Andrew B. Goldberg, 2006). 

Ensemble Learning 

Ensemble learning models combine multiple learning algorithms models in the decision-making 

process for solving a common problem and improving overall performance over a single model. 

Typically, machine learning techniques learn a single hypothesis from the training data. Still, 

ensemble learning tries to learn by assembling a set of models from the training data and combining 

them to make a prediction model to obtain more accurate and robust models, reduce overfitting, 
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and reduce variance or bias. (Alzubi et al., 2018; Zhou, 2009). Ensemble learning can be further 

divided into two groups: Sequential and parallel.  

i. Sequential ensemble approaches - These are the methods in which the base learners are 

constructed sequentially (i.e., Adaptive Boosting or AdaBoost, Gradient Boosting). In the 

sequential generation of base learners, the current learner is dependent on previous base 

learners. 

a. Boosting: It is an iterative technique that adjusts the observation's weight based on 

the last classification. The method combines several weak base learners to form one 

strong learner, thus significantly performing a little better than the previous model. 

Boosting learns from homogeneous weak learners sequentially in a very adaptative 

way (i.e., a base model depends on the previous ones) and combines them following 

a deterministic strategy  (Mitchell, 1997). See Figure 1.11 for a flow chart. The 

most widely used boosting algorithm is AdaBoost, also known as Adaptive 

Boosting. 
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Figure 2.11: Boosting Algorithm Flow Chart. 

ii. Parallel ensemble approaches – The base learners are independent of each other, so this 

relationship is generated in a parallel format (e.g., Random Forest) in this approach 

a. Bagging is the short form for bootstrap aggregating and is typically applied to 

classification or regression models. It implements homogenous learners (i.e., 

Decision Trees) on sample populations and takes the average of all prediction 

outputs, which reduces the variance (Mitchell, 1997). See Figure 1.12 for a flow 

chart. For example, M weak learners (i.e., different Decision trees) can be trained 

on distinct subsets of data and compute the ensemble as seen in the equation below. 

𝒇(𝒙) 	= 	𝟏/𝑴	 H 𝒇𝒎

𝑴

𝒎6𝟏

(𝒙) 
Equation 2.5 
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                        Where, 𝑥 is the training data, and 𝑓& is the model fit classifier for mth model. 

 
Figure 2.12: Bagging Algorithm Flow Chart. 

 

b. Stacking considers heterogeneous weak learners (i.e., different learning algorithms 

are combined), learns them in parallel, and combines them by training a meta-

model to output a prediction based on the different weak models’ predictions. See 

Figure 1.13 for a flow chart. 
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Figure 2.13: Stacking Algorithm Flow Chart. 

These ensemble algorithms have similarities and differences, shown in Figure 2.14. Ensemble 

learning has many advantages and is considered a powerful machine learning paradigm. By using 

ensemble methods, the predictive models are more generalized than a single learner. A significant 

disadvantage in these methods is the knowledge learned by ensembles is not understandable to the 

user. If this issue can be addressed, ensemble learning will become more prominent in applications  

(Zhou, 2009). 
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Figure 2.14: Comparison of Ensemble Methods. 

Instance-based learning (IBL) 

Instance-based learning algorithms derive from the nearest neighbor classifier (i.e., k-nearest 

neighbor) and are considered edited versions of the nearest neighbor algorithm. The primary output 

of an IBL algorithm is a concept description, which is the idea of mapping training instances into 

categories (i.e., classification). The concepts help save and use only selected instances to make 

classification predictions. These algorithms store the training instance, and generalizing is 

postponed until a new instance is classified, which is why it is also known as lazy learners. Instead 

of estimating the target function globally for the whole instance space, the lazy learner estimates 

the target function locally for every new instance to be classified. This makes the algorithm faster 

to train but takes longer to make predictions.  

There are three components of the IBL algorithm to produce the output, which are 

similarity functions, classification functions, and concept description updater. The similarity 

functions compute the similarities between one training instance and the other instances in the 
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concept description (i.e., similar categories). Classification functions receive the similarity 

function results and classification records of the training instances. This function classifies each 

training instance. The concept description updater takes the inputs of the training instance, 

similarity results, classification results, and a current concept description to produce a modified 

concept description that maintains records of classification performance Some popular instance-

based algorithms are K-means clustering, K-medians clustering, hierarchical clustering, and 

expectation-maximization (Aha et al., 1991; Alzubi et al., 2018). 

Hybrid Learning 

Hybrid machine learning is generally just combining two different machine learning techniques. 

Though ensemble learning was a relief to researchers dealing with the common problems to obtain 

more accurate and robust models, reduce overfitting, and reduce variance or bias. The complicated 

ensemble of multiple classifiers makes it challenging to use and understand and analyze the results. 

Hybrid learning (i.e., creating a combination of non-homogeneous models) is a recent approach to 

deal with such problems. In this, more than one method is combined, for example, a hybrid 

classification model can be composed of one unsupervised learner (or cluster) to pre-process the 

training data and one supervised learner (or classifier) to learn the clustering result or vice versa  

(Alzubi et al., 2018; Tsai & Chen, 2010). 

2.3.2.1.5. Summary of Machine Learning Paradigms 

Out of all the learning paradigms mentioned above, supervised learning is the most popular with 

researchers and practitioners. Even though research has shown that there are many defined 

paradigms, all machine learnings can fall under the umbrella of these common machine learning 

paradigms, which are supervised, unsupervised, and reinforcement learning. Figure 1.15 displays 
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the paradigms and some of the frequently used algorithms that are associated to them. These 

algorithms will be discussed in the following sections.  

 

Figure 2.15: Types of Machine Learning. 

2.3.2.2. Machine Learning Algorithms 
This section focuses on some popular machine learning algorithms from the different paradigms 

explained in the preceding section. Although the number of algorithms falling within each 

paradigm is numerous and reported across pertinent literature, we consider only a few of these in 

this study. These algorithms have a broad domain of real-world applications, described in Section 

2.3.2.2.12.  

2.3.2.2.1. Decision Trees 

Decision trees are a powerful and popular supervised learning tool for classification and regression 

kinds of problems. A decision tree is a flowchart-like tree structure where an internal node 

corresponds to attributes (or features), as seen in Figure 2.16. The branch (or edge) represents a 
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decision rule, and each leaf node denotes the classification outcome. The root node (top decision 

node), splitting, decision node, leaf/terminal node, pruning, branch/sub-tree, parent and child node 

are key terminologies when defining decision trees. Classification starts at the topmost node in a 

decision tree known as the root node.  A decision tree classifies the examples by using a top-down 

approach, which sorts examples from root to some leaf nodes, with the leaf nodes providing the 

classification based on the feature values for each instance. Each node in the tree acts as some 

decision (test case) for some attribute whereas, every branch (or edge) represents one of the 

possible values for that feature. The tree follows down each based on the node value (i.e., the 

importance of the feature) and corresponds with the features test output value. This process is 

recursive and is repeated for every subtree rooted at the new nodes at the end of the previous edge 

(or leaf). Lastly, the leaf node indicates there is no further split. When using a decision tree, each 

node level's emphasis determines which attribute (or feature) is the best classifier. A heuristic for 

selecting the splitting criterion for each node to calculate that node's worth is called attribute 

selection measure (ASM). Some of the ASMs are information gain, misclassification error, Gini 

index, Chi-square, and entropy, defined later in this section. Numerous algorithms are used to 

implement decision trees, including classification and regression trees (CART), iterative 

dichotomiser 3 (ID3), automatic interaction detection (CHAID), chi-squared C4.5 and C5.0 and 

M5  (Alzubi et al., 2018; Dey, 2016; Gupta, 2017; Mitchell, 1997; Poojari, 2020). 
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Figure 2.16: Decision Tree Example. 

Ross Quinlan established the ID3 (Iterative Dichotomiser 3) algorithm in 1986. The 

algorithm determines each node that will produce the largest information gain for categorical 

targets to create a multiway tree. Trees are grown until each reaches its last leaf node (i.e., 

maximum size), and then to improve the ability to generalize to unseen data, a tree pruning step is 

applied. C4.5 builds off the ID3 algorithm. The algorithm allows the definition of discrete 

attributes (based on numerical variables) to be completed dynamically, which removes the 

restriction that features must be categorical. The trained trees (i.e., the output of the ID3 algorithm) 

are transformed into sets of if-then rules for the C4.5 algorithm. The order in which the rules should 

be applied is determined by evaluating their accuracies. Pruning a tree removes a rule’s 

precondition if the accuracy of the rule improves without the precondition. The latest version 
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released by Quinlan  (Quinlan, J. R., 1989; Quinlan, J. Ross, 2014) under a proprietary license is 

C5.0. The new algorithm C5.0 is more accurate, uses less memory, and builds smaller rulesets than 

C4.5. An algorithm that is very similar to C4.5 is the CART (classification and regression trees). 

The differences are CART supports regression (i.e., continuous variables) and does not compute 

rule sets. CART constructs a collection of binary trees using the feature and threshold that produce 

the largest information gain at each node. (Pedregosa et al., 2011). Figure 2.17 outlines the simple 

approach of the CART algorithm.  

 
Figure 2.17: Decision Tree Algorithm (Pedregosa et al., 2011; Poojari, 2020). 

The mathematical formulation behind decision trees is based on splitting rules, also known 

as attribute selection measure (ASM), which helps determine tuples' breakpoint at a given node. 

ASM provides a ranking system of attributes (or features) for a given dataset. The best scoring 

feature (i.e., highest information or impurity) is selected as the splitting feature. The selection 
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measures employed in scikit-learn are entropy, Gini index, and misclassification error for 

classification. For regression models (i.e., continuous data), the measures used are mean squared 

error and mean absolute error  (Chandra et al., 2010).  

Information gain is a statistical property that determines how well a given feature splits the 

training data according to their target classification (i.e., predictor). Figure 2.18 demonstrates that 

the feature has low information gain (on the right) when the data is split on one feature because 

this does not get us any closer to a decision (i.e., classifying the + and -). A feature has high 

information gain as seen if the majority of the data is either positive or negative.  

 
Figure 2.18: Distribution of Data Points for High and Low Information Gain. 

The entropy of a dataset is used to calculate the information gain. The concept of entropy 

was invented by Claude Shannon in 1948  (Shannon, 1948). Entropy measures the impurity of the 

input set. For example, the “purer” the data set, the lower the entropy. Note that if all members 

belong to the same class, the entropy value is zero, and if all members are split into equal classes 

(i.e., 50% red and %50 blue) the entropy value is 1. For any other scenario, the entropy is between 

the value of zero and one.  For example, in  Figure 2.18, there are 30 data points (i.e., refers to the 

number of +’s and –‘s) in each subsection. In high information gain, one out of 30 are one class, 

and 29 out of 30 are the other class. The entropy of the classes in the high information gain (left) 

is calculated like this using Equation 2.6. 
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−
1
30	×	 log7 Q

1
30R	−	

29
30	×	 log7 Q

29
30R 		≈ 	0.21 

The entropy is approximately 0.21, and this is considered low entropy (i.e., meaning high 

information gain or high level of purity).  In low information gain (right), both classes are 15 out 

of 30. The entropy of the classes in the low information gain (right) is calculated as following. 

−
15
30	×	 log7 Q

15
30R	−	

15
30	×	 log7 Q

15
30R 		≈ 	1 

The entropy is approximately 1, and this is considered high entropy (i.e., meaning low information 

gain or low level of purity). 

 
Figure 2.19: Purity vs. Impurity. 

Entropy can be calculated using the formula in Equation 2.6 where 𝑝 is the probability of 

success in that node, and 𝑞 is the probability of failure at that node. 

𝑬𝒏𝒕𝒓𝒐𝒑𝒚	 = 	−𝒑 𝒍𝒐𝒈𝟐 𝒑	− 	𝒒 𝒍𝒐𝒈𝟐 𝒒		 
Equation 2.6 

The lower the value of entropy, the more information will be gained from splitting at the feature. 

Information gain computes the difference between the entropy of the parent node before the split 

and the average entropy after the split of the dataset, as seen in the equation below. 

Pure Impure
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𝑰𝒏𝒇𝒐𝒓𝒎𝒂𝒕𝒊𝒐𝒏	𝑮𝒂𝒊𝒏	
= 	𝑬𝒏𝒕𝒓𝒐𝒑𝒚	(𝑷𝒂𝒓𝒆𝒏𝒕	𝑵𝒐𝒅𝒆) 	
−	[𝑨𝒗𝒆𝒓𝒂𝒈𝒆	𝑬𝒏𝒕𝒓𝒐𝒑𝒚(𝒄𝒉𝒊𝒍𝒅𝒓𝒆𝒏)] 

Equation 2.7 

 

The steps to calculate entropy for a split goes as follows. First, calculate the entropy of the 

parent node. Then, calculate the entropy of each individual node of the split and the weighted 

average of all sub-nodes available in a split. Subtract those values to get the information gain for 

each feature. 

The Gini index is the default metric for the decision tree algorithm in scikit-learn. The Gini 

index for each sub-node can be calculated using Equation 2.8, which is the sum of the square of 

probability for success (p)and failure (q).  Then one can calculate the Gini index for the split using 

the weighted Gini score of each node for that split where 𝑃 is the probability of success for that 

split and 𝑄 is the probability of failure for that split as seen in Equation 2.9. The Gini impurity is 

just the difference of one minus the Gini split value, and finally, the misclassification error is 

calculated using Equation 2.11. 

𝑮𝒊𝒏𝒊	𝑰𝒏𝒅𝒆𝒙 = 	𝒑𝟐 	− 	𝒒𝟐 Equation 2.8 

𝑮𝒊𝒏𝒊	𝒇𝒐𝒓	𝑺𝒑𝒍𝒊𝒕 = 	𝑷	(𝑮𝒊𝒏𝒊	𝒇𝒐𝒓	𝑪𝒍𝒂𝒔𝒔	𝑨) 	+ 	𝑸	(𝑮𝒊𝒏𝒊	𝒇𝒐𝒓	𝑪𝒍𝒂𝒔𝒔	𝑩) Equation 2.9 

𝑮𝒊𝒏𝒊	𝑰𝒎𝒑𝒖𝒓𝒊𝒕𝒚 = 𝟏	 − 		𝑮𝒊𝒏𝒊	𝑭𝒐𝒓	𝑺𝒑𝒍𝒊𝒕 Equation 2.10 

𝑬𝒓𝒓𝒐𝒓 = 	𝟏	 − 	𝒎𝒂𝒙(𝒑, 𝒒) Equation 2.11 

 

The previous DT assumed categorical data, but if the decision tree's predictor is a 

continuous value, a regression model is employed. The regression parameters executed in scikit-

learn are mean squared error (MSE) and mean absolute error (MAE). For a binary tree, the 

algorithm will optimize the weighted average of two new nodes (i.e., MSE * the number of 

samples) and split the data into two subsets. For each subset, the MSE is calculated separately. 
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The tree with the smallest average MSE value is then considered the “optimal” tree. The MAE 

algorithm uses the same steps but instead uses the mean's absolute value to calculate the error.  

Decision trees are a very popular algorithm used by many researchers. However, there are 

some advantages and disadvantages of using the algorithm, as shown in Table 2.4, that one needs 

to understand.  

Table 2.4: Advantages and Disadvantages of Decision Tree  (Gupta, 2017; Pedregosa et al., 
2011). 

Advantages Disadvantages 

• Trees are easily visible and can be simple to 
understand 

• Requires little data preparation, so it is not 
impacted by feature scaling (i.e., 
Standardization and Normalization 

• The cost of using the tree (i.e., predicting data) 
is logarithmic 

• Handles numerical and categorical data 
• Executes multi-output problems 
• Condition is easily explained by Boolean logic 

(i.e., True or False, Yes or No) 
• Validated using statistical tests 
• Performs well even if assumptions are violated 

• Does not generalize data well, which can be 
prone to overfitting 

• Small variations in data can result in a different 
tree 

• Does not guarantee an optimal tree, which is 
why ensemble methods are used 

• Creates bias trees on skewed classes 

2.3.2.2.2. Naïve Bayes 

Naïve Bayes mainly classifies text data using Bayes’ Theorem of probability. The algorithm is 

typically used for clustering and classification purposes  (Alzubi et al., 2018). Bayes’ theorem 

calculates the following conditional probability of an event A given some prior probability of event 

B represented by 𝑃(𝐴	|	𝐵)	as seen in Equation 2.12. P(A) and P(B) are the probabilities of 

observing events A and B independent of each other, while P (B | A) is the probability of event B 

occurring given the predictor A event has occurred.  

𝑷(𝑨	|	𝑩) 	= 	𝑷(𝑩	|	𝑨)	𝑷(𝑨)	𝑷(𝑩)  Equation 2.12 
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Naïve Bayes classifiers (i.e., Gaussian, Multinomial, Complement, Bernoulli, and Categorical) 

change based on the assumptions made regarding the distribution of  𝑃(𝑥' 	|	𝑦) where, 𝑥' is the 

feature vector and	𝑦 is the predictor variable.  As stated previously, Naïve Bayes classifiers 

perform well in many real-world situations, such as document classification and spam filtering, 

despite their over-simplified assumptions. The algorithm does not need a lot of data to estimate 

the necessary parameters. Compared to more sophisticated methods, the computation time for 

Naïve Bayes learners and classifiers are much faster. Each feature distribution can be 

independently estimated as a one-dimensional distribution, which reduces the problems caused by 

higher dimensionality. However, Naïve Bayes is a poor estimator, possibly due to incorrect 

assumptions (Pedregosa et al., 2011; ZHANG, 2005) as seen as one of the disadvantages shown 

in Table 2.5. 

Table 2.5: Advantages and Disadvantages of Naïve Bayes (Pedregosa et al., 2011). 

Advantages Disadvantages 
• Effective with many real-world problems 
• Performs well with less data 
• Computation time is faster than most 

sophisticated models 
• Reduces dimensionality problems 

• Bad estimator 
• Over-simplified assumptions 

2.3.2.2.3. Support Vector Machine (SVM) 

Support Vector Machines (SVMs) are a supervised learning algorithm that is used for 

classification, regression, and outlier detection  (Pedregosa et al., 2011). It is responsible for 

finding the decision boundary (i.e., line in two-dimensional space) to separate different classes and 

maximize the margins, known as margin calculation. Each data point is plotted as a point in n-

dimensional space (where n is the number of features in our dataset). Each feature’s value is the 

value of the matching coordinate. It classifies the data into different classes by finding a line 
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(hyperplane) that separates the training datasets into two classes. Margins are the distances 

between the data point (in both classes) closest to the hyperplane and the line or hyperplane, which 

the algorithm maximizes (Chen, 2019). 

 The SVM algorithm finds the optimal line with the constraint of classifying classes using 

these two conditions. 

1. Only have separate hyperplanes (e.g., separate lines) that classify classes correctly 

2. Pick the hyperplane that maximizes the margin 

Hyperplanes are the (𝑛 − 1)-dimensional subspace for n-dimensional space. For example, the 

hyperplane is a line in two-dimensional space and is a two-dimensional plane for three-

dimensional space, seen in Figure 2.20. 

(Taken from https://deepai.org/machine-learning-glossary-and-terms/hyperplane) 
Figure 2.20: Hyperplanes for 2-Dimensional and 3-Dimensional Space. 

The general mathematical formulation for a hyperplane is very simple, as seen in Equation 2.13 

where, 𝛽8	is the offset, 𝛽' is the coefficients of feature 𝑖 and 𝑥' is the data point of feature 𝑖.. 

 𝜷𝟎	 +	𝜷𝟏	 ×	𝒙𝟏 	+ 	𝜷𝟐	 ×	𝒙𝟐	+. . . +	𝜷𝒏	 ×	𝒙𝒏 	= 	𝟎	 Equation 2.13 
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For a hyperplane in a two-dimensional space, Equation 2.14 shows the formula while Equation 

2.15 and Equation 2.16 describe the data points above and below the hyperplane line. 

𝜷𝟎	 +	𝜷𝟏	 ×	𝒙𝟏 	+ 	𝜷𝟐	 ×	𝒙𝟐 	= 	𝟎	 Equation 2.14 

𝜷𝟎	 +	𝜷𝟏	 ×	𝒙𝟏 	+ 	𝜷𝟐	 ×	𝒙𝟐 	> 	𝟎	 Equation 2.15 

𝜷𝟎	 +	𝜷𝟏	 ×	𝒙𝟏 	+ 	𝜷𝟐	 ×	𝒙𝟐 	< 	𝟎	 Equation 2.16 

 

A hyperplane is considered separating if the hyperplane separates the data points into classes with 

the same property, shown in Figure 2.21. 

  

Figure 2.21: Separating hyperplanes (Taken from (Chen, 2019)). 
The equation for any separating hyperplane is seen in Equation 2.17, where y is the numerical 

value that categorizes the classes. 

𝒚	 × (𝜷𝟎	 +	𝜷𝟏	 ×	𝒙𝟏 	+ 	𝜷𝟐	 ×	𝒙𝟐	+. . . +	𝜷𝒏	 ×	𝒙𝒏) 	> 	𝟎	 Equation 2.17 

SVM for linear separable cases constrains the data points and ensure that each observation 

is on the “correct” side of the hyperplanes (i.e., data points are in similar classes). The primary 
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purpose is to identify an optimal line that maximizes the margin for the nearest data points to the 

hyperplane. 

Many real-world data cases will not be linearly separable. In these cases, a linear 

hyperplane will not classify the data 100% correctly, so there is a need for non-linear approaches. 

Soft margin and kernel tricks are the two concepts that address this issue of non-linearity. Soft 

margin tries to find an optimal line to separate the classes and tolerate one of few misclassified 

data points. SVM minimizes the misclassification and attempts to balance the trade-off between 

maximizing the margin and finding the optimal line (i.e., hyperplane) when applying soft margin. 

Kernel tricks transform the input data space into a higher dimensional space (e.g., square the 

values). 

In scikit-learn library, support vector classification (SVC), Nu-support vector classification 

(NuSVC), and Nu-linear support vector classification (LinearSVC) are capable of performing 

binary and multi-class classification on a dataset. For the linear case, the algorithm used in 

LinearSVC by the liblinear implementation is much more efficient than its libsvm-based SVC 

counterpart, which scales almost linearly to millions of samples or features. SVC and NuSVC are 

similar approaches but use slightly different parameters and have different mathematical 

formulations. 

On the other hand, LinearSVC is a faster alternative of SVC for a linear kernel case. Other 

than the linear kernel, the SVC has other popular kernel options, such as polynomial, radial basis 

function (rbf), and sigmoid function  (Pedregosa et al., 2011). The polynomial kernel generates 

new features by applying a polynomial combination of all present features as seen in Equation 

2.18 where ‖𝒙 ∗ 𝒚‖ is the norm function, 𝑥 and  𝒚 are the input vectors, and K(x, y) is the new 

feature. Radial Basis Function (rbf) kernel creates a new feature: the distance between a specific 
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center point (i.e., the radius of the values) and all the other data points. The default RBF kernel is 

the gaussian radial basis function in Equation 2.19 where 𝛾	typically gaussian kernel of variance 

𝜎7 and takes on a value between zero and one. As 𝛾 approaches one the model is prone to 

overfitting and sometimes parameterized as :
7;!

. The sigmoid kernel is known as the hyperbolic 

tangent, or multilayer perceptron which is normally used as the activation function in a multi-layer 

perceptron neural network described later. This kernel is defined in Equation 2.20 where 𝛾 is the 

slope, and 𝑐8 is the intercept. 

𝑲(𝒙, 𝒚) = 	𝟏 +	(‖𝒙 ∗ 𝒚‖𝒅) Equation 2.18 

𝑲(𝒙, 𝒚) 	= 	𝒆𝒙𝒑(−𝜸	‖𝒙	 − 	𝒚‖𝟐)  Equation 2.19 

𝑲(𝒙, 𝒚) 	= 	𝒕𝒂𝒏𝒉(𝜸𝒙𝑻𝒚	 +	𝒄𝟎)  
Equation 2.20 

 

For multi-class classification, the SVC and NuSVC algorithms implement the “one-versus-

one” approach while LinearSVC implements a “one-vs-the-rest” (Pedregosa et al., 2011). Each 

approach consists of splitting the multi-class dataset into multiple binary classification problems. 

The "one-versus-one" approach splits the dataset into one dataset for each class versus every other 

class. "One-vs-the-rest" is a heuristic method for using binary classification algorithms for multi-

class classification. Predictions are made using the best model (i.e., the binary classifier) trained 

for each split binary classification problem  (Brownlee, 2020b).  

The support vector classification method can evolve into an algorithm that solves 

regression problems. The cost function ignores samples whose prediction is close to their target. 

Only a subset of the training data is necessary to produce a model for support vector regression 

(SVR). SVR, NuSVR, and LinearSVR are three different implementations of support vector 

regression within the sckit-learn library. Similar to classification models, LinearSVR provides 
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faster performance than SVR, while NuSVR implements a slightly different formulation than SVR 

and LinearSVR (Pedregosa et al., 2011). 

Support vector machines are great machine learning tools, but their computational and 

storage requirements increase as the training data and feature increase. Table 2.6 displays an 

overview of the advantages and disadvantages of the SVM machine learning technique. 

Table 2.6: Advantages and Disadvantages of Support Vector Machines (SVM) (Pedregosa 
et al., 2011). 

Advantages Disadvantages 

• Effective in high dimensional spaces (i.e., a 
large number of features) 

• Still performs well with the number of 
dimensions is greater than the number of 
samples  

• The cost of using the tree (i.e., predicting data) 
is logarithmic 

• It is memory-efficient because it uses support 
vectors (i.e., a subset of training points in the 
decision function) 

• Different Kernel functions, standard or 
custom) can be specified for the decision 
function, which makes the algorithm very 
versatile 

• Do not directly provide probability estimates. 
• Needs an expensive cross-validation technique 

to determine estimates 
• Overfitting can be caused if the number of 

features is much greater than the number of 
samples 

2.3.2.2.4. Regression Analysis 

Regression analysis is a fundamental supervised learning tool for exploring and modeling data. It 

is a supervised learning predictive modeling technique that examines the relationship between a 

dependent (predictor) and independent variable(s) (i.e., features). The general idea of regression 

analysis fits a line or curve to data points that minimize the differences between the data points 

from that line or curve. Linear, logistic, and polynomial are just a few regression analysis 

techniques (Alzubi et al., 2018). 
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In linear regression, the algorithm assumes a relationship between 𝑦 and 𝑥 can be written using 

Equation 2.21 where 𝑦 is the predicted value, 𝑥 is the feature vector values,  𝛽 is the coefficient 

for each feature, 𝛽8 is the y-intercept for the equation, and 𝜀 the other noise term.  

𝑦	 = 		 𝛽8	 +	𝛽:	𝑥: 	+ 	𝛽7	𝑥7	+. . . +	𝛽(	𝑥( 	+ 	𝜀 Equation 2.21 

The linear regression's primary goal is to estimate the 𝛽 coefficients using a training dataset of 𝑥 

and 𝑦 pairs that minimize the least square error between the observed targets in the dataset and the 

linear approximation targets as seen mathematically in Equation 2.22. Where, 𝑦' is the predicted 

value at data point 𝑖	,  𝑥' is the observed value of the features at data point  𝑖, and   𝜷 = (𝛽:, . . . , 𝛽') 

are the coefficients for each feature. 

arg	min
>

∑ (𝑦' 	− (𝛽8, − 𝛽𝑥'))7'   Equation 2.22 

The benefit of using least squares is that it minimizes the distance between the actual values of the 

training data points and the predicted line.  Equation 2.21 assumes a linear relationship with 

independence between the features.  Training the data on nonlinear functions of the data with 

interactions to account for dependences generally improves the performance of linear models 

while allowing them to fit a much more extensive data range. For example, a simple linear 

regression can be extended by constructing polynomial features from the coefficients if the model 

uses two-dimensional data (i.e., 𝑥'7). Polynomial regression can be considered to be in the same 

class of linear models (i.e., the model is linear in w) and is solved using similar methods. Equation 

2.23 is a more generalized model, showing interactions among features as well as polynomial 

terms. The model has the flexibility to fit such a larger range of data by considering linear fits 

within a higher-dimensional space built with these basis functions.  Different metrics have to be 

utilized not to overfit the data by adding additional forms to reduce the error term. 
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𝑦	 = 		 𝛽8	 +	𝛽:	𝑥: 	+ 	𝛽7	𝑥7 	+ 𝛽:7	𝑥:𝑥7 	+ 	𝛽:"	𝑥:(+	. . .		+	𝜀 Equation 2.23 

Logistic regression is a linear model for classification rather than regression when the 

features are continuous and/or categorical, but the output variable is binary, nominal, or ordinal 

attribute.   In the literature, logistic regression is also known as logit regression, maximum-entropy 

classification (MaxEnt), or the log-linear classifier  (Alzubi et al., 2018). Logistic regression 

predicts the probability (p) of an outcome of a single event by one or more explanatory variables 

(i.e., features) using a logit function, as seen in Equation 2.24. The logistic function equation for a 

single input feature (x) for this function is given in Equation 2.25, where β coefficients are similar, 

and one can solve for probability of p (i.e., y output variable equals one for a binary output). Note, 

one can use any log base rather than the natural log.  In scikit-learn, the LogisticRegression module 

is used to fit the binary, one-vs-rest, or multinomial logistic regression with optional ℓ:, ℓ7	or 

elastic-net regularization (Pedregosa et al., 2011). 

Logit = 𝑙𝑛 � @
:-@

� Equation 2.24 

𝑙𝑛 Q
𝑝

1 − 𝑝R = 	𝛽8 + 𝛽:𝑥 

𝑝
1 − 𝑝 = 𝑒A#4A$* 

Equation 2.25 

𝑝 =
1

1 + 𝑒-(A#4A$*)
 Equation 2.26 

 

2.3.2.2.5. K-Means Clustering 

K-means clustering is a popular unsupervised machine learning algorithm for cluster analysis. The 

algorithm’s goal is to categorize the dataset into ‘k’ different groups (i.e., clusters) such that ‘n’ 

data points similar to each other are in the same group having the nearest mean, serving as a 

prototype of the cluster. The similarity of data points is defined by distance to the centroid of the 

kth group using a distance metric (e.g., Euclidean, Manhattan, Minkowski, and Chebyshev (max)). 
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Figure 2.22 defines the four-distance metrics where 𝑥' is the ith data point in the training data and 

𝑐D is the jth cluster centroid, and f is the number of features. Each cluster has a centroid defined by 

the mean of the observations within that cluster (Alzubi et al., 2018).  

Distance  Equation 

Minkowski (q) �H��𝑥' − 𝑐D��
E

F

'6:

�

:/E

 

Manhattan (q=1) H�𝑥' − 𝑐D�
F

'6:

 

Euclidean (q=2) �H(𝑥' − 𝑐D)7
F

'6:

 

Chebyshev (q→∞) 𝑀𝑎𝑥'6:
F �𝑥' − 𝑐D� 

Figure 2.22: K-means Algorithm Distance Metrics. 

The K-means algorithm aims to choose centroids that minimize the inertia or sum-of-squares 

criterion within that cluster as seen in Equation 2.27 where 𝐶 is the cluster,  𝑥' is the ith data point 

in the training data, 𝑢D is the mean of the samples in the cluster 𝐶. 

! 𝑚𝑖𝑛
!+∈#

(||𝑥$ 	− 	𝑢%||&)
'

$()

  Equation 2.27 

The idea of inertia can be recognized as a measure of how similar data points are within the 

clusters. K-means is also known as Lloyd’s algorithm, and the expectation-maximization 

algorithm with a small, all-equal, diagonal covariance matrix seems to have a very similar 

approach. The algorithm is described in Figure 2.23. 
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1. Standardized data is recommended 
2. Use feature selection methods (i.e., principal component analysis) to reduce the number 

of features 
3. Initialize the algorithm 

a. Choose the desired number of clusters (k) and distance function to use 
b. Choose the initial centroid values (e.g., randomly select k data points out of the 

total samples) 
c. Assign each data point to the nearest cluster centroid based on the distance 

function. 
4. Generate the new cluster centroids by 

a. Calculate the mean value of the samples assigned to each cluster 
b. Calculate the difference between the old and new centroids 

5. Reassign each data point to the nearest cluster centroid based on the distance function. 
6. If none of the data points change clusters or the cluster centroids didn’t change 

drastically, then stop; otherwise, repeat at step 3. 
Figure 2.23: K-means Clustering Algorithm. 

The concept of Voronoi diagrams can assist with the understanding of this algorithm, as 

shown in Figure 1.24. It has the same basic steps as the K-means algorithm (Pedregosa et al., 

2011). 
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Figure 2.24: K-Means Clustering using Voronoi diagrams (Taken from: (Pedregosa et 

al., 2011)). 

After a certain number of iterations, the K-means clustering algorithm will always 

converge, however this may be to a local minimum. The convergence of the algorithm is highly 

dependent on the initialization of the centroids. Different initializations of the centroids are 

selected, and the computation is often done several times to randomize results and confirm the best 

solution. Scikit-learn implements one additional method to help address this issue, which is the 

“k-means++” initialization scheme. “K-means++” initializes the centroids to be (generally) distant 

from each other to provide better results than random initialization  (Arthur & Vassilvitskii, Jan 7, 

2007). K-means clustering does have a few drawbacks, which are listed in Table 2.7.  
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Table 2.7: Advantages and Disadvantages of K-Means Clustering (Pedregosa et al., 2011). 

Advantages Disadvantages 
• Effective in high dimensional spaces (i.e., a 

large number of features) 
• High Dimensional data can be replaced by a 

group (i.e., cluster) label 
• Simple to use 
• Generalizes to different distance metrics 

• It makes the assumption that clusters are 
convex and isotropic  

• Curse of dimensionality when using Euclidean 
distances 

• PCA may be necessary before the use of this 
algorithm 

2.3.2.2.6. K-Nearest Neighbors (KNN) 

K-nearest neighbors (KNN) algorithm is one of the most basic but essential classification methods 

in machine learning and differs from K-means clustering.  KNN is a type of instance-based 

supervised learning technique used for classification and regression, even though there is an 

unsupervised approach. KNN is considered a lazy learner versus an eager learner. Unlike the K-

means clustering eager algorithm, which uses the training data to create a generalized model before 

performing a prediction on new data, KNN delays modeling training data until needed to classify 

a new test data point. Therefore, lazy learners spend more time in the testing phase than training.  

Given ‘n’ training vectors, the KNN algorithm in Figure 2.24 identifies the k “closest” points (i.e., 

nearest neighbors) via a distance metric for performing classification or regression (Alzubi et al., 

2018). Figure 2.25 shows the typical distance metrics used, including the Hamming distance 

which is used to compare text and binary strings. The algorithm is described in Figure 1.26. 
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Distance  Equation 

Minkowski (q) �H(|𝑥' − 𝑦'|)E
H

'6:

�

:/E

 

Manhattan (q=1) H|𝑥' − 𝑦'|
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Euclidean (q=2) �H(𝑥' − 𝑦')7
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Chebyshev (q→∞) 𝑀𝑎𝑥'6:H |𝑥' − 𝑦'| 
Hamming (used for text) The number of positions two strings vary 

Figure 2.25: KNN Algorithm Distance Metrics. 

1. Standardize data is recommended 
2. Use feature selection methods (i.e., principal component analysis) to reduce the number 

of features 
3. Initialize the algorithm 

a. Choose the number of neighbors (k) 
b. Choose the appropriate distance function to use 

4. For a new data point to predict 
a. Calculate the distance between the new data point and all points in the training 

data set 
b. Determine the k closest neighbors 

c. Determine the prediction value based on the k closest neighbors 
i. If this is a classifier, then the majority value of the nearest neighbors 

determines the output value 
ii. For a continuous output (regressor), an average of the nearest neighbors 

or an inverse distance weighted average determines the output 
5. Repeat Step 3 for all new data points to predict 

Figure 2.26: K Nearest Neighbor Classification and Regression Algorithm. 

The KNN algorithm needs three inputs: a set of stored records (i.e., training data), the 

distance metric to compute the distance between data points, and the value of 𝑘, which denotes the 

number of nearest neighbors to examine. There are three simple actions to classify an unknown 

data point, as seen in Step 4 of the algorithm. First, compute the distance of the unseen data point 
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to the other training data points. Sort these distances to identify the 𝑘 nearest neighbors to that 

unknown data point. Finally, use the k nearest neighbors' class outputs to determine the new data 

point's output value.  

For a classification problem (i.e., the output is categorical), the value is computed from a 

simple majority vote of the k nearest neighbors of each point (i.e., if 3 out of 5 of the nearest 

neighbors are squares, the prediction values will be a square).  When the output data is continuous, 

the neighbors-based regression can be used. Typically, the nearest neighbor’s regression value will 

be the mean of the k nearest neighbors’ values, or an inverse distance weighted average giving 

more weight to those neighbors that are closest.  

In scikit-learn, three different nearest neighbors’ algorithms are implemented: Brute force, 

K-D tree, and ball tree. The most naive nearest neighbors’ search implementation involves the 

brute-force computation of distances between all pairs of points in the dataset: for 𝑁 samples in 𝐷 

dimensions, this approach scales as 𝑂[𝐷𝑁7]. For small datasets, brute-force neighbor searches can 

be very efficient. However, the brute-force approach quickly becomes infeasible as the number of 

samples increase, and why the fast computation of nearest neighbors is an active area of research 

in machine learning.  

A variety of tree-based data structures have been invented to address the computational 

inefficiencies of the brute-force approach. Generally, these structures attempt to reduce the 

required number of distance calculations by efficiently encoding combined distance information 

for the sample. For example, if point 𝐴 is far from point 𝐵, and point 𝐵 is considered a close point 

of 𝐶, then one can assume points 𝐴 and 𝐶 are considered very distant without explicitly calculating 

their distance. The computational cost of a nearest neighbor’s search can be reduced to 

𝑂[𝐷𝑁log	(𝑁)]. The KD tree (i.e., K-dimensional tree) data structure is one of the first approaches 
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to taking advantage of this aggregate information. The KD tree is a binary tree structure that 

repeatedly partitions to organize points in a K-Dimensional space. KD tree approach is very 

efficient for low-dimensional (i.e., D < 20), but it becomes inefficient as 𝐷 grows very large  

(Bentley, 1975). 

To overcome the curse of dimensionality, the ball tree data structure divides the data into 

a series of nesting hyperspheres, which are a set of points equal radius distance from a given center 

point. This method makes tree construction more costly than that of the KD tree but results in a 

data structure that is very efficient on highly structured data, even in very high dimensions. A ball 

tree recursively divides the data into nodes defined by a centroid 𝐶 and radius 𝑟, such that each 

point in the node lies within the hyper-sphere defined by 𝑟 and 𝐶. It can out-perform a KD-tree in 

high dimensions, though the actual performance is highly dependent on the structure of the training 

data because of the ball tree nodes' spherical geometry  (Omohundro, 1990; Pedregosa et al., 2011). 

Table 2.8: Advantages and Disadvantages of KNN. 

Advantages Disadvantages 
• Simple to use 
• Very efficient for low dimensional problems 
• Handles nonlinear and nonparametric data 
• Generalizes to different distance metrics 

• Curse of dimensionality  
• Inefficient for very large data sets 

2.3.2.2.7. Markov decision process (MDP) 

Markov decision process (MDP) is a reinforcement learning task that satisfies the Markov 

property. Research shows that approximately 90% of modern reinforcement learning are finite 

MDPs. A finite Markov decision process (finite MDP) is considered finite if and only if the state 

and action spaces are finite. Finite MDPs are incredibly crucial to the theory of reinforcement 

learning.  The standard finite MDP is defined by its state and action sets and by the one-step 
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dynamics of the environment. Given any state and action 𝑠 and 𝑎, the probability of each possible 

pair of next state and reward, 𝑠I, 𝑟, is denoted 

𝑝(𝑠′, 𝑟|𝑠, 𝑎) 	= 	𝑃𝑟{𝑆J	4: = 	𝑠′, 𝑅J4: = 	𝑟	|𝑆J = 	𝑠, 𝐴J = 	𝑎} Equation 2.28 

These quantities completely specify the dynamics of a finite MDP (Sutton & Barto, 1998). 

See White (1998, 2017) for an extensive survey of the applications of Markov decision 

processes  (White, D. J., 1993). As stated previously, MDP is one of the dominant algorithms used 

in reinforcement learning. There are some advantages and disadvantages that any researcher 

should know before using the method. Table 2.9 explains the advantages and disadvantages of the 

MDP algorithm. 

Partially Observable Markov Decision Process (POMDP) 

A partially observable Markov decision process (POMDP) is a type of reinforcement learning 

algorithm that outputs a probability distribution over a given state (also known as stochastic policy) 

(Jaakkola, Singh, & Jordan, 1995). It is a generalization of a Markov decision process where the 

states of the model are not completely observable by the decision-maker. Noisy observations 

provide a belief regarding the underlying state, while the decision-maker has some control over 

the progression of the model through the selection of actions. 

A POMDP is described as a 6-tuple〈𝑆, 	𝐴, 	𝑍, 	𝑃, 	𝑄, 	𝑅	〉: the core state space, the action 

space, the set of observations, the transition probability matrix, the information matrix, and the 

reward function. The core state space is the set of finite states the agent (i.e., decision-maker) can 

transition to throughout the environment at time 𝑡. The action space is the set of finite actions that 

the agent can choose from at each decision epoch, 𝑡. The observation space (i.e., set of 

observations) is the true values of a state at time 𝑡. The probability of moving from state 𝑖 to state 

𝑗 within the core state space is defined as the transition probability matrix. The information matrix 



 

64 

 

defines the relationship between the core state and the observations that are known to the agent 

(i.e., decision-maker). For most general cases, these matrices can be changed or affected by the 

agent choice of action. A reward function needs to be defined to construct a POMDP model. The 

agent obtains as immediate reward 𝑟(𝑠, 𝑎) ∈ 𝑅 at state 𝑠	 ∈ 	𝑆 when action 𝑎	 ∈ 	𝐴 is taken. The 

maximum total expected reward is outputted by the decision rule or policy created by the POMDP 

model. A discount factor 𝜆	 ∈ 	 [0, 1) is introduced to determine the maximum total expected 

reward. For a long finite time planning horizon (typically used for POMDP), it is assumed to use 

a discounted reward function (Yaylali & Ivy, 2011). The planning horizon is a parameter provided 

to the planning algorithm (i.e., POMDP) that impacts the resulting policy. Figure 2.27 outlines the 

POMDP algorithm in discrete time.   

1. At each time 𝑡 period, 

a. the environment is in some state 𝑠	 ∈ 	𝑆 

b. the agent (i.e., decision-maker) chooses an action 𝑎	 ∈ 	𝐴 
2. Then, the environment transitions to a new state 𝑠′	 ∈ 	𝑆 with the probability 𝑃	(𝑠’	|	𝑠, 𝑎) 
3. The agent receives an observation 𝑜	 ∈ 	𝑍 that depends on the new state 𝑠′ with the probability 

𝑍	(𝑜	|	𝑠′, 𝑎) 
4. Finally, the agents get an immediate reward 𝑅(𝑠, 𝑎) 

5. Then the process repeats 
6. The output should maximize the expected future discounted reward at each time step when 

the agent chooses an action. Which can be written is this formulation 

max𝐸 §H𝜆J𝑅(𝑠J , 𝑎J)
K

J68

¨ 

Figure 2.27: POMDP Algorithm. 
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Table 2.9: Advantages and Disadvantages of Markov Decision Process (MDP)  (Sutton & 
Barto, 1998). 

Advantages Disadvantages 
• Applies generally using their methods and 

ideas. The algorithm is adaptive 
• With complete knowledge, the agent can 

create a complete and accurate model 
 

• For incomplete knowledge, a complete and 
accurate model is not available 

• Convergence can be time consuming 
 

 

2.3.2.2.8. Artificial Neural Network 

Artificial neural networks (ANNs) are replicas of the biological neural network of the human brain. 

The neural network processes the inputs then makes the proper decisions of outputs through the 

brain. The basic element of the neural network is a neuron, also known as a nerve cell. A neuron 

contains four key components, namely dendrites which receive signals, soma which is the 

processor of electric signal, nucleus or the core of the neuron, and axons which transmit signals 

between neurons. An ANN has multiple layers: the input layer, hidden layers, and the output layer. 

This network is an assembly of interconnected nodes and weighted links. The output node (i.e., 

predicted value) sums up each of its input values according to its links' weights. Some popular 

algorithms are the perceptron learning algorithm, back-propagation algorithm, Hopfield networks, 

radial basis function network (RBFN) (Alzubi et al., 2018). ANN can be further classified by 

learning paradigms as:  

• Supervised Neural Network – The training data provides the inputs and the outputs for the 

network. The weights are adjusted within the neural network to improve training results. After 

training is complete, the trained network model is executed on unseen data to predict an 

output.  
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• Unsupervised Neural Network - In an unsupervised neural network, the network is not 

provided with any output (i.e., predictor or target variable). The input data is grouped together 

by class (i.e., cluster) by finding some structure or correlation among the input data. The 

unseen data is inputted in the model which assigns it to one of the groups or clusters based on 

similarities.  

• Reinforcement Neural Network - A neural reinforcement network also learns from its past 

decisions by way of rewards for good decisions and penalties for wrong decisions, which is 

similar to the idea of humans learning from mistakes. If the output is correct, the connection 

weights are increased, and vice versa for an incorrect output. 

In neural networks, the numeric data points (i.e., input features) are inserted into the input layer. 

When the data is inputted into the neuron, the data point is multiplied by the weight assigned to 

the neuron and the output is transferred to the next layer. The activation function (or transfer 

function) is a mathematical function used to get the output from one neuron in a layer (i.e., input 

layer) to another neuron in the next layer (i.e., hidden layer), example in Figure 2.29. It can be 

as simple as a step function (i.e., binary) produces the output of zero or one. Activation functions 

can also be more complex, such linear or non-linear. Depending on the type of function, it could 

map results values to the output of the next layer. 
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Figure 2.28: Activation Function Flow Chart. 

There are basically three types of activation functions. Table 2.10 shows the mathematical 

formulation of the activation functions. 
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Table 2.10: Activation Functions. 

Name Activation Type Equation 

Binary Step Binary Step Activation 	𝑓(𝑥) = ©0, 𝑥 < 0
1, 𝑥 ≥ 0 

Linear Linear Activation 𝑓(𝑥) 	= 	𝑥 

Sigmoid / Logistic Non-linear Activation 𝑓(𝑥) 	= 	
1

(1	 +	𝑒-*) 

TanH / Hyperbolic Non-linear Activation 𝑓(𝑥) 	= 	 𝑡𝑎𝑛ℎ(𝑥) 	=		
2

(1	 +	𝑒-7*) 	− 	1 

ReLU (Rectified Linear 

Unit) 

Non-linear Activation 𝑓(𝑥) = ©0, 𝑥 < 0
𝑥, 𝑥 ≥ 0 

PReLU (Parametric 

Rectified Linear Unit) 

Non-linear Activation 𝑓(𝑥) = ©𝛼𝑥, 𝑥 < 0
𝑥, 𝑥 ≥ 0 

Soft Plus Non-linear Activation 𝑓(𝑥) 	= 	 𝑙𝑜𝑔L(1	 +	𝑒*) 

Radial Basis Functions Non-linear Activation 
𝑓(𝑥) 	= 	H 𝑤'

M

'	6	:

𝑒𝑥𝑝(‖𝑥	 +	𝑥'‖) 

 

Feed Forward Neural Networks 

A feed-forward neural network is when all the connections to nodes are from the previous layer, 

as shown in Figure 2.29. The most common feed-forward networks are the multilayer perceptron. 

This is when neurons are organized into layers that have unidirectional connections between them 

(Jain et al., 1996). 

Multi-layer Perceptron (MLP) is typically used as a supervised learning algorithm that can 

be used as function approximators similar to regression but can handle non-linear functions.  The 
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data (usually in a tabular dataset) is first fed into the input layer (i.e., a set of features 𝑋 =

𝑥:, 𝑥7, . . . , 𝑥&), which could have multiple dimensions. Then, it transfers through the hidden layers, 

which could be one or more non-linear layers using weights and activation functions to the final 

step at the output layer. The MLP algorithm can learn to make predictions for classification and 

regression problems. Figure 2.29 shows an example of a hidden layer MLP with scalar output. 

 
Figure 2.29: Hidden Layer MLP Example in the Textile Industry  (Matusiak, 2017). 

The input layer or the leftmost consists of neurons {𝑥'|𝑥:, 𝑥7, . . . , 𝑥&}	representing the input 

features (i.e., weave type, warp and weft linear density, mass per square meter, warp and weft 

density, and thickness). The previous layer's values with a weighted linear summation 𝑤:𝑥: +

𝑤7𝑥7+. . . +𝑤&𝑥&, followed by a non-linear activation function 𝑔(⋅): 𝑅 → 𝑅 (i.e., the hyperbolic 

tan function) are transferred to each neuron in the hidden layer. The output layer receives the values 

from the last hidden layer and produces output values, which in this example is Air Permeability  

(Pedregosa et al., 2011). 
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As stated previously, MLP is a very popular neural network algorithm. There are some 

pros and cons that any researcher should know before using the method. The advantages and 

disadvantages of the MLP algorithm are displayed below. 

Table 2.11: Advantages and Disadvantages of Multi-layer Perceptron  (Pedregosa et al., 
2011). 

Advantages Disadvantages 

• Applies to a non-linear model 
• Adaptive to real-time (i.e., online learning) 

• This leads to different validation accuracy 
because of the non-convex loss functions, in 
which more than one local minimum exists. 

• Requires tuning hyperparameters (i.e., number 
of neurons, hidden layers, and iterations 

• Sensitive to feature scaling 

Recurrent Neural Networks  

An ANN where iterations occur within networks because of feedback connections is called 

recurrent neural networks. Recurrent are dynamic systems. The neuron outputs are computed when 

a new input pattern is known. Each neuron's inputs are then modified because of the feedback 

paths, which lead the network to enter a new state  (Jain et al., 1996). Recurrent Neural Networks, 

or RNNs, have different applications to process sequences of inputs (also known as sequence 

prediction problems). Some examples of sequence prediction problems include: 

• One-to-One: An observation as input mapped to a single class or quantity output (i.e., 

traditional neural network) 

• One-to-Many: An observation as input mapped to a sequence with multiple steps as an 

output. 

• Many-to-One: A sequence of multiple steps as input mapped to a single class or quantity 

output. 
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• Many-to-Many: A sequence of multiple steps as input mapped to a sequence with multiple 

steps as output. 

Given a simple feed-forward multi-layer perceptron neural network, a recurrent neural network is 

basically additional loops within the structure to improve the errors in the model. RNN remembers 

all the previous inputs of the model. In RNN, all the inputs are related to each other. For example, 

in a given layer, each neuron may pass information forward to the next layer. The output of the 

network could feed back as an input to the network of the following input layer. These steps are 

repeated until training is complete. Figure 2.30 shows RNN as a sequence of neural networks. It 

displays an unrolled RNN. 

 

 
Figure 2.30: Unrolled Version of RNN Flow Chart. 

The RNN is unrolled on the left of the equal sign, shown in Figure 2.30. The previous steps are 

executed, and the hidden state information (which is a representation of previous inputs) is passed 

from one layer to the next. 
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One of RNN's significant drawbacks is that it has short-term memory (i.e., only can learn 

from the layer or step). Two specialized recurrent networks that implement a gating mechanism 

have been proposed to address the short-term memory issue (i.e., long short-term memory (LSTM) 

unit and a recently proposed gated recurrent unit (GRU))  (Chung et al., 2014). These networks 

have internal mechanisms, referred to as gates that help the algorithm learn the data and determine 

which part of the sequence to keep or dispose of.  Long short-term memory (LSTM) is the most 

commonly used RNN network. LSTM is an extension of recurrent neural networks, which extends 

the memory (Brownlee, 2016; Brownlee, 2018). The main points of LSTM are the cell state and 

the various gates. The cell state transfers information through the entire sequence chain. There are 

three types of gates: forget, input, and output. The forget gate decides what information should be 

kept or thrown away. The input gate updates the cell state by passing information from the previous 

input state and current input through an activation function (e.g., sigmoid). The output gate decides 

what the next input should be into the following layer. Figure 2.31 outlines the LSTM algorithm. 

1. First, the previous hidden state and the current input is concatenated 
2. Then, the combined values are passed through the forget gate. This gate removes irrelevant 

information (i.e., data) 
3. Possible values are evaluated to determine which ones to add to the cell state 
4. The combined values get fed to the input gate to decide which of the possible values (in 

Step 3) should be added to the new cell state 
5. After computation at each gate, the new cell state is calculated from those of the previous 

cell state 

6. Then, the output gate is computed 
7. The new cell state multiplied by the output to determine the new hidden state 

Figure 2.31: LSTM Algorithm  (Phi, 2020). 

The GRU is a relatively recent Recurrent Neural networks approach proposed in 2014 (Chung et 

al., 2014). Like the LSTM algorithm, GRU uses the hidden state to transfer information instead of 

the cell state. This method has two gates: update and reset. The update gate decides what 
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information to add and dispose of. The reset gate decides how much past information to forget. 

This algorithm is a little faster than LSTM because it has fewer mathematical operations. LSTM’s 

or GRU’s are typically used to model longer sequences with long-term dependencies  (Chung et 

al., 2014; Phi, 2020). 

Table 2.12: Advantages and Disadvantages of Recurrent Neural Networks  (Pedregosa et 
al., 2011). 

 
Advantages Disadvantages 

• Able to process a large number of features (i.e., 
high-dimensional space) 

• Model learns from historical information 
• Weights are shared across time 

• Algorithm arbitrarily assigns high importance 
to gradient weights 

• It could take a while to converge if the gradient 
is too small  

• Computation could be slow 
 

Deep Q-Networks (DQN) 

Deep Q-networks is a combination of Q-learning and deep learning. The critical concept of DQN 

is replacing the Q table with a neural network that tries to approximate the Q-value function. The 

state is given as the input, and the Q-value of all possible actions is generated as the output  

(Choudhary, 2019). The Q-Network is usually optimized towards a frozen target network that is 

periodically updated with the latest weights each step. 

There are three common steps involved in reinforcement learning using deep Q-learning 

networks. The first step is to store all the possible combinations of the state-action possibilities 

into memory. Then, determine the agent's next action by the highest output value of the Q-network.  

Using the Bellman equation (Equation 2.33), the loss function can be calculated to converge to the 

final value, which is the final step. The loss function is defined as the mean squared error of the 

predicted Q-value and the target Q-value (i.e., 𝑸∗(𝒔, 𝒂)). The equation can be written as: 

𝐿𝑜𝑠𝑠	𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛	 = 	 ´𝑄∗(𝑠, 𝑎) 	−	�𝑟(𝑠, 𝑎) 	+ 	𝛾 𝑚𝑎𝑥
)

𝑄(𝑠′, 𝑎)�¶
7
	 Equation 2.29 
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Where, 𝑄∗(𝑠, 𝑎) is the target Q-value, and �𝑟(𝑠, 𝑎) 	+ 	𝛾 𝑚𝑎𝑥
)

𝑄(𝑠′, 𝑎)�  is the estimated Q-values 

based on the Bellman equation. 

The architecture of a DQN replicates the idea of a Q-learning table. In Q-learning, the 

network receives state and action input, and the Q-value is the output, shown in Figure 2.32. 

 
Figure 2.32: Q-Learning. 

The loss function requires the maximum future Q-value, so the output layer needs several 

network predictions for a single calculation of loss. DQN uses the following architecture instead: 
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Figure 2.33: Deep Q-Learning Networks. 

Using this structure, the input is all the states, and the output is all the Q-values for a given action. 

This allows the user to visualize all the outputs at once to make computation more efficient (Mnih 

et al., 2013). 

Table 2.13: Advantages and Disadvantages of Deep Q-Networks. 
 

Advantages Disadvantages 
• Ability to compute Q-values for all 

possible actions in a given state 
• Greater data efficiency 

• If state-action pairs are large, it could 
produce a complicates Q-function and 
makes it hard to find an optimal solution 

• Not great at exploring the environment for 
the agent to find the best solution 
compared to other Q-learning algorithms 
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2.3.2.2.9. Random Forest (RF) 

Random forest trees are a supervised ensemble learning method used in classification and 

regression. The method combines the simplicity of decision trees with the flexibility and power of 

an ensemble model. Bootstrap aggregation (bagging) is the ensemble method used to reduce the 

variance of algorithms with high variance (e.g., decision trees). Figure 2.34 outlines the bagging 

algorithm when applied the CART machine learning technique.  Using the bagging method, create 

n number of decision trees from random subsets of the data. The final decision tree is a combination 

of the output of all decision trees. Since one is less concerned about overfitting with an individual 

decision tree when using the bagging ensemble method, the trees are generally grown deeper and 

not pruned. 

1. Use feature selection methods to reduce the number of features 
2. Create n (e.g., 100) random sub-samples of your dataset with replacement 

3. Train a CART or other decision tree model on each sub-sample 
4. Given a new data point, calculate the average prediction from each regression sub-sample 

model or majority vote for classification for the prediction value 
Figure 2.34: Bootstrap Aggregation (Bagging). 

Even with bagging, decision trees created with the CART algorithm tend to have many 

structural similarities (i.e., the n trees have a high correlation in their predictions) due to the greedy 

algorithm that minimizes the error.  Recall, CART looks through all f features in determining the 

optimal split point. The random forest algorithm limits the number to a random sample of m 

features to determine the best split point. (The value m can be determined by trying different values 

and tuning those values using cross-validation techniques discussed later). Some suggested 

reasonable defaults would be to use ·𝑓 for classification problems and F
O
 for regression problems 

where f is the total number of features in the dataset (Breiman, 2001; Pedregosa et al., 2011). 
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Each tree in the ensemble is built from a sample drawn with replacement (i.e., a bootstrap 

sample) from the training set. The best split is found either from all input features (i.e., standard 

decision tree) or a random subset of size m when splitting each node during a tree's construction. 

Individual decision trees typically exhibit high variance and tend to overfit, so random forest uses 

two sources of randomness to decrease the variance of the forest estimator. By taking an average 

of those predictions, some prediction errors of individual decision trees become irrelevant. 

Random forests reduce variance by combining diverse trees, even though it may cause a slight 

bias. The variance reduction is often significant enough to conclude that this model is better 

overall. The scikit-learn implementation does not vote for a single class, but instead averages the 

classifiers probabilistic prediction to combine them, which is shown in Breiman's original 

publication (Breiman, 2001; Pedregosa et al., 2011). 

Table 2.14: Advantages and Disadvantages of Random Forest Trees  (Gupta, 2017; 
Pedregosa et al., 2011). 

Advantages Disadvantages 
• Requires little data preparation, so it is not 

impacted by feature scaling (i.e., 
Standardization and Normalization) 

• Handles numerical and categorical data 
• Executes multi-output problems 
• Performs well even if assumptions are violated 
• Reduces variation versus normal decision trees 
• Helps to reduce overfitting versus DT 
• Typically, robust to outliers 

• Suffer from lack of interpretability 
• Complexity of results 
• Computationally expensive 

2.3.2.2.10. Gradient Boosted Decision Trees (GBDT) 

Gradient tree boosting or gradient boosted decision trees (GBDT), or gradient boosted regression 

trees (GBRT) is another ensemble method like the RF tree method that utilizes multiple decision 

trees. Recall, RF trees use bagging to creates m DTs in parallel and then aggregates all the tree 

values to predict. GBDT aggregates the trees sequentially to the model where each new tree 
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attempts to minimize the errors from the previous tree. Even though decision trees are considered 

weak learners, aggregating many trees in series with each subsequent tree focusing on the errors 

from the previous one makes GBDT a highly efficient and accurate model. GBDT is accurate and 

refers to a class of ensemble machine learning algorithms that can be used for both regression (i.e., 

“GradientBoostingRegressor”) and classification (i.e., “GradientBoostingClassifier”) problems in 

a variety of areas, including web search engines. 

Figure 2.35 shows the generalized algorithm for the GBDT. Like most machine learning 

algorithms, step one uses feature selection to reduce the dataset's features. Next, the GRBT 

hyperparameters have to be specified. The maximum number of trees (M) (e.g., 100), the 

maximum depth (d) of the sequential trees (e.g., 8 to 32), and the learning rate (λ) (e.g., 0.1).  The 

learning rate controls how hard each new tree tries to correct the remaining errors of the prior tree. 

A slower rate means simpler trees, which translates to slower learning (i.e., taking smaller steps 

towards the goal) has been shown to produce similar bias with lower overall variance and chance 

of overfitting. The number of trees and learning rate are often tuned together to create the best 

robust predictor. The loss function depends on the type of problem being solved but must be 

differentiable. One prevalent loss function (L) for regression is ½ the mean square error (i.e., 

½∑ (𝑦' − 𝑦¹')7' ) where 𝑦' is the observed values and 𝑦¹' is the predicted values. For classification, 

one uses the negative logistic function or log(likelihood) of the observed data given the prediction 

(i.e.,  −∑ 𝑦' log(𝑝) +	(1 − 𝑦') log(1 − 𝑝)'  where p refers to the predicted probability and 𝑦' is 

the observed values (e.g., one for a true value and zero for a negative value). The log-likelihood 

function can be written −∑ 𝑦' log(𝑜𝑑𝑑𝑠) +	 log�1 + 𝑒PQR	(STTU)�'  in terms of the odds ratio similar 

to logistic regression  (Friedman, 2001; Mason et al., Nov 29, 1999; Pedregosa et al., 2011) 
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1. Use feature selection methods (i.e., principal component analysis) to reduce the number 
of features for a data set of size N 

2. Initialize the algorithm parameters 
a. Choose the number of estimators or number of trees (M) (e.g., 100) 

b. Choose the maximum depth (d) of the trees (e.g., 8 to 32 leaves) 
c. Choose a learning rate (λ) (e.g., 0.1) 

d. Choose the appropriate loss function  

3. Initialize prediction for the model with a constant value: 𝐹8(𝑥) = argmin
V

∑ 𝐿(𝑦' , γ)M
'6: 	 

4. For each m = 1 to M 

a. Calculate the residual or error: 𝑟'& = − WX(Y%,Z&'$(*%))
WZ&'$(*%)

 for i = 1…n 

b. Fit a new decision tree (ℎ&) to the 𝑟'& values and create terminal regions (i.e., 
leaves) 𝑅D& where j = 1…𝐽& where 𝐽& is the total number of leaves 

c. For each leaf (i.e., j = 1…𝐽&) determine the output value (i.e., new predicted 
value):  

𝛿D& = argmin
V

H 𝐿(𝑦' , 𝐹&-:(𝑥) + γ)
M

*%∈\%(
 

d. 𝐹&(𝑥) = 𝐹&-:(𝑥) + λ	 ∑ 𝛿D&𝐼(𝑥 ∈ 𝑅D&
]&
D6: 	  

5. Final predictor for a new sample i: 𝑦'
^
= 𝐹_(𝑥') 	= 𝐹8 + 	λ∑ ℎ&(𝑥'_

&6: ) 

Figure 2.35: Gradient Boost Decision Tree Algorithm. 

For the remainder of the discussion, the algorithm's explanation will assume using the 

standard loss functions for both regression and classification. Step three of the algorithm sets the 

initial prediction value (𝐹8) by minimizing the loss function over the value γ, which is the predicted 

value for a regressor and the predicted log of the odds for a classifier. For the standard regression 

loss function, the initial predictor can be shown to be the average of all the values (i.e., grand 

mean). For the log-likelihood function, the initial predicted log(odds) equals log	( @
:-@

) where p is 

the initial predicted probability, which is just the sum of the positive (i.e., ones) divide by N of the 

observed values. 
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Step four builds the M sequential decision trees. In step 4a, the algorithm calculates the 

“pseudo” residuals given the previous prediction (𝐹&-:) which are (observed – predictedm-1) for 

regression and (observed –p m-1) for classifier using the standard functions. In step 4b, a decision 

tree uses the features to fit a model to the pseudo residuals of step 4a. Because the depth of the 

trees (d) is fixed, the leaves (Rjm) of the final tree may contain multiple values.  Therefore, step 4c 

ensures that each leaf only has one output value for prediction by combining the multiple values. 

For regression, the leaves with multiple prediction values are just averaged to produce one output 

prediction value 𝛾D& (i.e., the residuals from the previous tree are averaged). For a classifier, the 

residuals are summed and then divided by the sum of the previous estimated probability times (one 

minus the previous probability) (i.e., 𝛾D& =
∑ a%()%∈+%(

∑ @%(:-@%))%∈+%(
).  The last step creates the new 

prediction function 𝐹&  based on the previous prediction 𝐹&-: plus the learning rate (λ ) times the 

summation of the output values (𝛾D&’s) for all the leaves that sample x maybe mapped to if it is 

more than one. These new predictions will be used in the next iteration of step 4. The algorithm 

continues till the number (M) of trees are created, or the residuals become extremely small. The 

final prediction model is 𝐹_. Since the GBDT predicts the log(odds) for a classifier, the predicted 

probability (p) is determined by :
:4L',-.	(1223)

 . 
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Table 2.15: Advantages and Disadvantages of GBDT Trees  (Gupta, 2017; Pedregosa et al., 
2011). 

Advantages Disadvantages 
• Highly efficient on both classification and 

regression tasks 
• More accurate predictions compared to 

random forests. 
• Can handle a mixed type of features, and no 

pre-processing is needed 
• Executes multi-output problems 
• Performs well even if assumptions are violated 
• Reduces variation compared to standard 

decision trees 
• Helps to reduce overfitting version DT 
• Often best off-the-shelf accuracy on many 

problems. 
• Using the model for prediction requires only 

modest memory and is fast 

• More sensitive to overfitting if the data is noisy 
• Suffer from lack of interpretability like RF 
• Training generally takes longer because the 

trees are built sequentially 
• They are more challenging to tune than RF 

(i.e., number of trees, depth of trees, and the 
learning rate) 

• May overfit if too many trees are used  
• Like decision trees and RF, not recommended 

for text classification and other problems with 
very high dimensional sparse features, for 
accuracy and computational cost reasons. 
 

 

2.3.2.2.11. Principal Component Analysis (PCA) 

Principal Component Analysis is mainly used for reducing the dimensionality of the data set, also 

known as the “curse of dimensionality.” The algorithm identifies patterns in the data and 

compresses the data (i.e., reduces the number of features of the data set or the number of 

independent variables in the data set). PCA uses an orthogonal transformation to produce a group 

of linearly uncorrelated variables from correlated variables referred to as principal components 

(Alzubi et al., 2018).  PCA is used to separate a multivariate dataset into a collection of successive 

orthogonal components to minimize features and uses linear dimensionality reduction using 

Singular Value Decomposition (SVD) of the data to project it to a lower-dimensional space.  

PCA has three common steps. The first step is standardization, which ensures the range of 

variables has equal weights within the analysis. Next, the covariance matrix is calculated to 

determine how the variables of the input differs from the mean. Finally, the eigenvalues and 

eigenvectors are computed by determining the best fit lines to identify the principal components 
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(Pedregosa et al., 2011). PCA is typically used for feature reduction techniques before applying a 

machine learning algorithm but can also be considered a main machine learning algorithm. There 

are some pros and cons that any researcher should know before using the method. The advantages 

and disadvantages of the PCA algorithm are shown in Table 2.16. 

Table 2.16: Advantages and Disadvantages of Principal Component Analysis (PCA)  
(Pedregosa et al., 2011). 

Advantages Disadvantages 

• The corresponding likelihood would permit 
comparison with other density-estimation 
techniques and facilitate statistical testing  

• Combining the likelihood with a prior to 
apply Bayesian inference methods (e.g., for 
model comparison) 

• The probability density function's value could 
be used as a measure of the ‘degree of 
novelty’ of a new data point   

• In classification, PCA could be used to model 
class-conditional densities 

• The single PCA model can be extended to 
various models 

• Only defines the linear projection 

• No generative model 
• A related probability density is non-existent 

 

2.3.2.2.12. Policy Optimization 

Policy optimization is a model-free reinforcement learning algorithm. In policy optimization 

approaches, the policy function (decision-making function) helps the agent learn which action to 

take. This function is typically a numerical value that represents how good it is for an agent to be 

in a particular state. There are two general types of policies, which are deterministic and 

stochastic. The deterministic policy takes your current state and predicts one action without 

uncertainty. For example, playing checkers is a deterministic environment. A policy where the 

agent learns from probabilistic distribution is called stochastic policy. This approach identifies the 



 

83 

 

probabilities of each possible actions in a given state. An example of this process is called Partially 

Observable Markov Decision Process (POMDP), which is detailed in Section 2.3.2.2.7. 

The collection of methods under this algorithm denotes the policy 𝜋b(𝑎	|	𝑠). The methods 

optimize the parameters  𝜃 two different ways: 

1. Using gradient decent on the performance objective 𝐽(𝜋b) 

2. Maximized local approximations of 𝐽(𝜋b) 

The method aims to maximize the expected return. The simplest equation that describes the 

gradient of policy performance with respect to parameters is: 

𝐽(𝜋b) 	= 	𝐸[𝑅(𝜏)]	 Equation 2.30 

Where, 𝑅(𝜏) is the finite-horizon undiscounted return, which is the sum of rewards acquired at a 

fixed range of steps:  

𝑅(𝜏) 	= 	H𝑟J

c

J68

	 
Equation 2.31 

Where, 𝑡 is time and 𝑟J is reward at time 𝑡. 

In policy optimization, the agent acts according to the recent optimal policy, and uses the 

same policy to make the next action, known as on-policy. Typically, this optimization learns an 

approximator 𝑉d(𝑠) for the function 𝑉e(𝑠): 

 𝑉e(𝑠) 	= 	𝐸[𝑅(𝜏)	|	𝑠8 = 	𝑠]		 Equation 2.32 

 

Where, 𝑅(𝜏) is the finite-horizon undiscounted return, and 𝑠 is the current state. This on-policy 

value function gives the expected return if the agent starts in state 𝑠 and determines how to update 

the policy  (OpenAI, 2018). 
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Two examples of policy optimization methods are: 

• A2C / A3C: performs gradient ascent to directly maximize performance  (Mnih et al., 

2016). 

• PPO: this method maximizes a surrogate objective function that approximates how 

much 𝐽(𝜋*) will change as a result of the update (i.e., change in policy) to indirectly 

maximize performance  (Schulman et al., 2017). 

Table 2.17: Advantages and Disadvantages of Policy Optimization  (OpenAI, 2018). 

Advantages Disadvantages 

• Good convergence properties 
• Ability to learn from stochastic policies 
• Effective in high dimensional space 
• Directly optimizes the to the best parameters 
• Approach is stable and reliable 

• Converges to the local maximum and not the 
global maximum 

 

2.3.2.2.13. Q-Learning 

Q-learning is a reinforcement learning algorithm that optimizes the action-value function 𝑄∗(𝑠, 𝑎), 

where 𝑠 is the state and 𝑎 is the action. The goal is to maximize the expected reward at each given 

state and a chosen action. The objective function typically used a Bellman equation  (Bellman, 

1958) that returns the expected reward at a given state, and the mathematical equation is: 

𝑄(𝑠, 𝑎) 	= 𝑟(𝑠, 𝑎) 	+ 	𝛾 𝑚𝑎𝑥
)

𝑄(𝑠′, 𝑎)	 Equation 2.33 

Where, 𝑄(𝑠, 𝑎) is the estimated value of 𝑄 at state 𝑠 and choosing action 𝑎, 𝑟(𝑠, 𝑎) is the immediate 

reward 𝑟 at state 𝑠 and choosing action 𝑎, 𝑚𝑎𝑥
)

𝑄(𝑠′, 𝑎) is the maximum value of 𝑄 at chosen state 

𝑠′ and choosing action 𝑎, and 𝛾 (known as the discount factor) controls the importance of long-

term reward compared to immediate. 
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Using this basic Q-learning strategy, one of the simplest ways to solve problems is to create 

a table (also referred to as the Q table that save all Q values) that stores all possible state-action 

combinations. The values are updated using Equation 2.30. This optimization typically can use 

data collected at any point during training, regardless of the agent’s action within the environment 

(i.e., Q-table) when the data was obtained. This idea is known as the off-policy. The chart below 

shows a good representation of the Q-learning process using a Q table. 

 
Figure 2.36: The Q-Learning Algorithm Process. 

When the agent reaches a terminal state, there is no more future action or transition. If the future 

state is a terminal state, it is mathematically defined as: 

𝑄(𝑠, 𝑎) 	= 𝑟(𝑠, 𝑎)	 Equation 2.34 

 

Even though this will result in one optimal approach (i.e., 𝑄 ∗ Table), this could output redundancy 

in the results because the agent or algorithm will continuously choose the same best actions. The 

agent will get a chance to explore new opportunities by introducing the ε-greedy approach. For 
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some ε between zero and one, choose a greedy action with the probability 𝑝	 = 	1	 − 	𝜀		 or a 

random action with the probability 𝑝	 = 	𝜀. This approach will help produce multiple optimal 

solutions and identify the best one  (OpenAI, 2018). 

Some Q-learning algorithms examples are: 

• DQN:  a classic deep RL technique that combines Q-learning and deep learning. The 

algorithm used neural networks to estimate Q values. (Mnih et al., 2013). More details in 

Section 2.3.2.2.8 

• C51: a feasible algorithm proposed by Bellemare et al. that learns a distribution over return 

whose expectation is 𝑄∗  (Bellemare et al., 2017) 

Table 2.18: Advantages and Disadvantages of Q-Learning (OpenAI, 2018). 

Advantages Disadvantages 

• Able to reuse data effectively • Approach is less stable 
• Can be computationally expensive 
• Suffer from poor convergence 

 

2.3.2.2.14. Other ML Algorithms 

Top-level Learnable Evolution Model (LEM) algorithm 

The Learnable Evolution Model or LEM is fundamentally different from the Darwinian type model 

underlying current evolutionary computation methods. The machine learning mode is LEM 

evolution's main engine. This model creates new populations by employing hypotheses about high 

fitness individuals found in past populations. The Machine Learning mode consists of two 

processes. One is hypothesis generation, which determines hypotheses characterizing differences 

between high-fitness and low-fitness individuals in one or more past populations. The second 

generates new individuals based on learned hypothesis, called hypothesis instantiation. Machine 
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Learning mode creates new individuals through a deliberate reasoning process involving 

generation and instantiation of hypotheses about individuals' populations. LEM rely entirely on 

Machine Learning or can alternate between Machine Learning and Darwinian Evolution modes. 

The LEM process's general steps are to generate the population, execute the Machine Learning 

and Darwinian Evolution mode, and then alternate between modes until the termination conditions 

are met (Michalski, 2000). 

Semi-Supervised Classification 

Semi-supervised classification is an extension to the supervised classification problem and creates 

a classification model for labeled and unlabeled data (or partially labeled data). The training data 

consists of both 𝑙	labeled instances {(𝑥' , 𝑦')}'6:f  and 𝑢 unlabeled instances Ä𝑥DÅD	6	f	4	:
f	4	D . Where, 𝑦' 

is the predicted value at data point 𝑖	,  𝑥' is the observed value of the features at data point  𝑖. The 

assumption is that there is more unlabeled data than labeled data (i.e., 𝑢	 ≫ 	1). The goal of semi-

supervised classification is to train a classifier from both the labeled and unlabeled data. This 

classifier should perform better than the supervised classifier trained on the labeled data alone  

(Xiaojin Zhu and Andrew B. Goldberg, 2006). 

Constrained clustering 

An extension of unsupervised clustering is constrained clustering. The training data consists of 

unlabeled instances {𝑥'}D	6	:( . Where, 𝑥' is the observed value of the features at data point  𝑖, and 𝑛 

is the number of data points in the dataset. Constrained clustering also knows some “supervised 

information” about the clusters (i.e., some data points are in defined clusters and others are not in 

clusters). The goal of constrained clustering is to achieve better clustering than a model created on 

only unlabeled data  (Xiaojin Zhu and Andrew B. Goldberg, 2006). 
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2.3.2.3. Applications of Machine Learning in the Textile and Healthcare Industry 
Machine learning problems range from video games to forecasting sales to self-driven vehicles, 

but also have played a significant role in the textile and healthcare industry. The tables below will 

show some real-world applications of Machine learning in these industries. 

Table 2.19: Applications of ML in the Textile Industry (Yildirim et al., 2018). 

Applications Description 
Production Planning • Jaouachi and Khedher’s study focuses on using ANN techniques 

predicting the thread consumption of jean trousers. 
Predict the Utility 

Properties of Textile 
Materials 

• Rahnama et al. used ANN methods to predict moisture and heat 
transfer rate measurement in nonwoven fabrics. 

• Matusiak’s study executed ANN techniques to predict air 
permeability of woven fabrics. 

Color Science and 
Textile Printing 

• Golobet et al. proposed determining the correct pigment combinations 
of dyes for textile printing using the ANN technique. In their study, a 
collection of 1430 printed samples obtained from 10 dyes was used 
as a training dataset. 

Predicting Fabric Type 
and Parameters 

• Ghosh et al. examine the identification of handloom and powerloom 
fabrics using proximal support vector machines. 

• Yap et al. study predict wool knitwear pilling propensity using 
support vector machines. 

Predicting Yarn 
properties, Fiber 

Identification, and 
Color Management 

• Zhang and Yang tried both SVM and Naïve Bayes algorithms to 
predict color differences between the evaluated dyed fabrics. 

• Lü et al. proposed SVM instead of ANN to predict worsted yarn 
properties, indicating that SVM provided more stability for predictive 
accuracy than ANN under real datasets and small population 
circumstances, such as the worsted yarn spinning process being noisy 
and dynamic. 
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Table 2.19: (continued). 

Quality Management • Lu and Lu proposed an automated vision system to detect lycra 
spandex defects by extracting the features of fabric image textures 
using the gray level co-occurrence matrix. Then applied a back-
propagation neural network (BPNN) to establish flaw classifications 
of the fabric. 

• Xin et al. proposed an expert system for the quality evaluation of 
fabric wrinkle appearance based on image analysis and ANN. 

• Eldessoukiet et al. also proposed an automated fabric defect system 
using ANN, utilizing principal component analysis (PCA) to reduce 
the features’ dimensionality without losing the original data’s high 
variation. 

• Nurwaha and Wang developed an intelligent control system for 
estimating textile yarn quality by comparing six techniques: the 
General Neural Network (GNN), the Group Method of Data Handling 
Polynomial Neural Network (GMDHP), Gene Expression 
Programming (GEP), SVM, MLP, and RBF NNs. When these 
techniques’ estimation performances were compared, the SVM 
model’s lowest error values were provided by GEP. 

• Sun et al. study examine fabric wrinkle characterization and 
classification using modified wavelet coefficients and support-vector-
machine classifiers. 

Objective Evaluation of    
Surface Roughness 

• Hu et al. examine Naïve Bayes to classify fleece fabric appearance by 
extended morphological fractal analysis. 

Color Difference   
evaluation in Fabric 

Dyeing 

• Zhang and Yang’s study uses Naïve Bayes to evaluate models of color 
difference for dyed fabrics. 

Fabric Pilling 
Evaluation 

• Kim and Kang presented a study for fabric pilling evaluation using 
four classification algorithms: Naïve Bayes, minimum distance, k-
nearest neighbors, and NN. 

Predict Wash-ageing of 
Fabrics 

• Agarwal et al. aimed to reveal the effectiveness level of wash-aging 
and fabric softener usage on the mechanical properties (such as tensile 
extension, shear, bending rigidity, compression energy, fabric 
roughness) knitted fabrics using a DT algorithm. Over 104 different 
samples with different fiber types and fineness, yarn construction, and 
fabric structure were evaluated in this study. 

Predict Drying Time 
Periods of Bobbins 

• Akyol et al. created a decision tree model for predicting the drying 
time of wool yarn bobbins using computational intelligence 
techniques. 

Predict the amount of 
softener picked up by 

the fabric 

• Agarwal et al. studied the influence of constructional properties of 
knitted fabrics on cationic softener pick up and deposition uniformity 
using Decision Trees. 
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Table 2.19: (continued). 

Determine the most   
important parameters 
among many variables 
for an effective sizing 

system 

• Hsu and Wang introduced a new pants sizing system to manufacture 
garments to determine army soldiers’ pants sizes. The sample dataset 
consisted of 265 static anthropometric variables evaluated from 610 
soldiers in Taiwan, resulting in 160,000 pieces. The classification and 
regression trees (CART) algorithm was utilized to discover body 
dimension patterns and categorize them into specific figure types. 
Researchers defended their study as useful for standardizing systems 
to produce military uniforms in Taiwan. 

• Zakaria also proposed a sizing system for school-aged children in 
Malaysia using the DT technique. The sample dataset contained the 
body characteristics of 1001 randomly selected girls from 29 different 
schools in Malaysia. 

Classification 
Technique 

• Mariolis and Dermatas presented an automated seam quality control 
system based on surface roughness estimation with the KNN 
algorithm’s help. The experiment material used in their study 
included211 seam specimens from two kinds of fabrics. The 
classification performance of the textile seam quality of KNN was 
calculated, with an accuracy rate of 81.04%. 

• Yildiz et al.  used KNN algorithms to classify textile fabrics’ defects 
via the obtained properties of feature-extracted images using a 
thermal camera. 

Preprocessing step 
before Applying the 

Algorithm 

• As a preprocessing step before applying DM, Yu et al. proposed a 
fabric hand prediction model using fuzzy NN. In their study, the KNN 
algorithm was used or feature selection to reduce the computational 
cost by decreasing the input variables.  

• Soltani et al. used the K-means clustering algorithm as a 
preprocessing step before the actual analysis. They developed a three-
stage hybrid model for the migration behavior of fibers. First, the 
critical variables of samples were determined by the stepwise 
regression analysis method. Then, the samples were divided into three 
clusters. Finally, the yarn migration factor for each cluster was 
specified using the adaptive neuro-fuzzy inference system. 

Cluster interlaced, 
multicolored, dyed, 
yarn-woven fabrics 

• Zhang et al. used his algorithm to cluster interlaced, multicolored, 
dyed, yarn-woven fabrics. Images captured from fabrics were divided 
into three sub-images in red, blue, and green and were then filtered in 
Lab color space; finally, the algorithm was processed for color 
clustering. 

Determine the Cloth 
Fell Position 

• Yildirim and Baser used the K-means algorithm to determine the cloth 
fell position. In their study, line laser lights were used as reference 
lines, and wavelet transform was utilized for the segmentation 
process. 
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Table 2.19: (continued). 

Garment Fitting 
Problems 

• Esfandarani and Shahbari proposed a suit sizing system by 
segmenting the heterogeneous population to a more homogenous one. 
The aggregate loss of fitness is used to evaluate the resultant sizing. 

• Song and Ashdown presented a clustering application to categorize 
adult females’ lower body shapes using   PCA   and K-means 
algorithms. The samples, which include body shapes of 2488 women 
aged 18–35 with an approximate body mass index of 34.14, were 
divided into curvy shape, hip tilt shape, and straight shape. 

Recognize the Yarn-
Crossing Areas of 

Woven Fabric 

• Xiao et al. used the FCM algorithm to recognize the yarn-crossing 
areas of woven fabric. The same researchers also presented a study on 
recognizing woven fabric patterns using gradient histogram and fuzzy 
C-means. 

The Recognition of 
Woven Fabric Pattern 

• Ammor et al. conducted a study to investigate a new formulation to 
optimize pattern recognition using fuzzy C-means in the textile field. 
Their study proposed a new cluster validity index based on the 
maximum entropy principle to determine the optimal number of 
clusters with a high degree of overlap. 

Determine the Effect of 
textile Structural 

Parameters on the 
Performance 

• Nourani et al. determine the structural parameters and yarn type 
affecting tensile strength and abrasion of weft knitted fabrics using 
the Hierarchical Agglomerative Clustering Algorithm. 

• Yoon and Park determine the structural parameters that affect warp 
knitted fabrics’ overall properties using Hierarchical Agglomerative 
Clustering Algorithm. 

The Relationship 
between the textile 

parameters and 
properties 

• Li et al. combined both hierarchical and nonhierarchical algorithms to 
classify fabrics without noticeable color shade differences. 
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Table 2.20: Applications of ML in the Healthcare Industry  (Shailaja et al., Mar 2018). 

Applications Description 
Detection of Heart 

Disease 
• Parthiban and Srivatsa proposed a machine learning algorithm 

to detect and analyze heart disease by utilizing the Naïve Bayes 
algorithm, Support vector machine. By using the Naïve Bayes 
algorithm provides 74% accuracy, and SVM offers 94.60%. 

• Otoom has performed Support Vector Machine, Bayes Net, to 
predict coronary heart disease. The accuracy of the SVM model 
is 88.3%, Bayes Net is 84%. 

Analysis of diabetic 
Diseases 

• Iyer proposed a machine learning algorithm to predict diabetic 
disorder by using Naïve Bayes and Decision trees. NaïveBayes 
gives 79.56% accuracy, and the decision tree provides 76.95% 
accuracy. 

• Dash and Sen performed Machine learning algorithms for 
diagnosing diabetes disease. Logiboost, CART algorithms are 
used, and Logiboost provides the correctness of 77.479%. 

Machine Learning in 
Disclosure of Breast 

cancer 

• Williams et al. used a j48, Naïve Bayes to identify breast cancer 
risks in the United States. The experiment is performed through 
the WEKA tool. They conclude j48 is the best algorithm for the 
prediction of breast cancer. The model results are 94.2% 
accuracy, and Naive Bayes produces an accuracy of 82.6%. 

• To predict breast cancer, Senturk et al. used several 
classification models like Support Vector Machine (SVM), 
Naive Bayes (NB), K-nearest neighbor, and Decision tree (DT). 
The K-NN model has 95.15% accuracy, and the SVM model is 
96.40% accurate. 

• Majali et al. used a decision tree and Frequent Patterns in data 
mining to predict breast cancer. They conclude that the decision 
tree gives 94% accuracy. 

Diagnosis of Thyroid 
Disorder 

• Papageorgiou E.I., Papandrianos N.I., proposed advanced 
thyroid-diagnosing diseases using fuzzy map utilizing data 
mining algorithms. 

2.3.2.4. Model Training 

The ultimate goal of machine learning is to produce a model one can use to make predictions or 

complex decisions. Given a dataset of input features, is there a model that can be created to predict 

some output value, y? Section 1.3.2.1 discusses the different learning paradigms and some popular 

machine learning algorithms are discussed in Section 2.3.2.2.  All the models need data to build 

these models, which is referred to as model training.   
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2.3.2.4.1. Model Selection 

Often the most challenging part of solving a machine learning problem can be finding the right 

estimator (i.e., machine learning algorithm) for the job. Different estimators are better suited for 

different data types and problems, as discussed in all the previous sections on machine learning 

algorithms. Scikit-learn provides a high-level guide for users to choose the right estimator for any 

given data, shown in the diagram in Figure 2.37.  

 

Figure 2.37: Scikit-learn Model Algorithm Cheat Sheet  (Pedregosa et al., 2011). 

The road map for model selection is broken down into four general areas: feature 

dimension reduction, classification (supervised), clustering (unsupervised), and regression 

(supervised). The classification predictive modeling is the task of approximating a mapping 

function (f) from input variables (x) to discrete output variables (y). The output variables are often 

called labels or categories. The mapping function predicts the class or category for a given 

observation  (Brownlee, 2017).  Regression predictive modeling is the task of approximating a 

mapping function (f) from input variables (x) to a continuous output variable (y). A continuous 
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output variable is a real-value, such as an integer or floating-point value. These are often quantities, 

such as amounts and sizes  (Brownlee, 2017). The clustering modeling area is the task of 

approximating a mapping function (f) from input variables (x) into specific distinct groups. The 

mapping function predicts the group for a given observation (Brownlee, 2017). 

2.3.2.4.2. Hyperparameters 

Hyperparameters are used to configure various aspects of the learning algorithm and could 

fluctuate effects on the model's result and performance (e.g., learning rate, number of trees, etc.). 

The search for optimal hyperparameters is commonly performed manually, via rules-of-thumb, or 

by testing sets of various hyperparameters. If the number of hyperparameters is large, these 

approaches are difficult to reproduce and are impractical (Claesen & Moor, 2015).  

2.3.2.4.3. Data Splitting 

The input dataset is typically split into three distinct input sets (i.e., training data, validation data, 

and test). The training data is used to build the model for a particular machine learning algorithm. 

The model's performance is then checked against the validation data used to tune the 

hyperparameters until the model performs well with the validation data. The hyperparameters can 

be adjusted and then test the model on the validation data once again to see if its performance has 

improved. Finally, once the model is finished (with both parameters and hyperparameters 

optimized), the test data is used to check the final performance of the model on data that has never 

been seen during the training process. 

2.3.2.4.4. Cross-Validation 

Validation is the process of deciding whether the predicted values from the model that develops a 

relationship between the variables are acceptable. When one only has a training data set, residuals 
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(i.e., the difference between the predicted and original values) are used to indicate the closeness of 

fit.  The training error is the numerical estimate of the total difference in the predicted and original 

values. However, this only gives us an idea about how well our model performs on data used to 

train the model but there is no indication whether the model is underfitting or overfitting the data. 

So, the problem with this validation technique is there is no indication of how well the learner will 

generalize to an unseen dataset. Residuals are a simple model evaluation method, but cross-

validation is considered a better approach. One way to overcome this problem is to have a 

validation set (i.e., data separate from training data). Some of the data is held for validation, while 

the rest of the dataset is used for training. After training, the validation data, also known as “new” 

data, is used to validate the model's performance and then tune the hyperparameters.  

The holdout method is a simple kind of cross-validation technique where a small sample 

of data is held out from the training to validate the model. Even though this method is efficient 

(i.e., takes little overhead to compute) and is better than traditional validation using residuals, it 

still suffers from high variance issues. One is not sure which data points will end up in the 

validation set. Results might be entirely different for different sets, and by reducing the training 

data, important patterns or trends in the data set may be lost, increasing bias. One of the most 

popular cross-validation techniques is K-fold cross-validation which is used to overcomes this 

issue. In K-fold cross-validation, the dataset is split into 𝑘 different subsets (or folds). If k equals 

the number of data points in the dataset, this special case of cross-validation is leave-one-out cross-

validation. This is typically used on small to moderate size datasets  (Leave-One-Out Cross-

Validation. 2010).  For training the data, 𝑘 − 1 subsets are used, and the last subset (or the last 

fold) is used as the validation or test data. The error estimation is then averaged over all k trials to 
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get the total effectiveness of the model and used to tune the hyperparameters. After that, the model 

is tested on unseen data not used in training or validation (Brownlee, 2013).  

The issue with K-Fold is that results can produce bad performance if the classes are 

imbalanced. One way to prevent that break down is by using stratified K-fold cross-validation. 

Stratified K-fold cross-validation is a variation of k-fold which produces stratified folds (i.e., each 

set contains approximately the same percentage of samples of each target class as the complete 

set)  (Pedregosa et al., 2011).  

2.3.2.5. Model Evaluation 
It is not enough to train a model on some data and then assume that it will perform well on future 

data. Instead, as mentioned previously, a portion of our labeled data needs to be split off and 

reserved for evaluating our model's final performance. This portion of the data is referred to as the 

test dataset. 

The test dataset is a portion of labeled data that is split off and reserved for model 

evaluation. If a model learns to perform well with the training data but performs poorly with the 

test data, there may be a problem that needs to be addressed before putting the model into the real 

world. In practice, the metrics used to evaluate the model's performance need to be determined, as 

discussed in the next sections. Also, determine if any particular thresholds that the model needs to 

meet on these metrics in order to decide that it is “good enough.” 

2.3.2.5.1. Evaluation Model Performance Metrics for classification models 

Model performance metrics can be evaluated differently based on the type of data.  A confusion 

matrix (displayed in Table 2.1) is used to describe the performance of a classification model. Each 

row in his matrix displays the instances of the true or actual class in the dataset. Furthermore, each 

column represents the instances of the class that was predicted by the model. 
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The metrics in Table 2.21 can be used to evaluate classification models. To compare 

models, they are ranked by the metric selected for evaluation. 

Table 2.21: Classification Model Metrics  (Li et al., 2020). 

Metric Description 
Accuracy Measures the goodness of a classification model as the proportion of true results to total 

cases. Formula: (True Positive + True Negative)/(True Positive + False Positive + True 
Negative + False Negative) 

Precision The proportion of true results overall positive results. The ability of a model to avoid 
False Positives. Formula: True Positive/(True Positive + False Positive) 

Recall The fraction of all correct results returned by the model. The ability of a model to detect 
all positive samples. Formula: True Positive/(True Positive + False Negative) 

F-Score or 
F1 score 

Computed as the weighted average of precision and recall between 0 and 1, where the 
perfect F-score value is 1.  Formula: 2 * [(Precision * Recall)/ (Precision + Recall)] 

AUC Measures the area under the curve plotted with true positives on the y-axis and false 
positives on the x-axis. This metric compares models of different types using a single 
number. 

Average log 
loss 

A single score is used to express the penalty for the wrong results. It is calculated as the 
difference between two probability distributions – the true one and the model. 

Training log 
loss 

A single score representing the advantage of the classifier over a random prediction. The 
log loss measures the model's uncertainty by comparing the probabilities it outputs to 
the known values (ground truth) in the labels. The idea is to minimize log loss for the 
model as a whole. 

2.3.2.5.2. Evaluation Model Performance Metrics for regression models 

The metrics used to ascertain the fit for regression models are generally designed to estimate the 

amount of error in the model. Looking at the residuals (i.e., the difference between the predicted 

values and the corresponding observed values) can tell a lot about the model's potential bias and 
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when small, the fit is considered good. The following metrics in Table 2.22 are used to evaluate 

regression models. To compare models, they are ranked by the metric selected for evaluation.  

Table 2.22: Regression Model Metrics (Li et al., 2020). 

Metric Description 
Mean 
absolute 
error (MAE) 

Measures how close the predictions are to the actual outcomes (i.e., the difference 
between the actual and the predicted values). Therefore, the lower scores (i.e., 
difference) is better. 

Root mean 
squared error 
(RMSE) 

Creates a single value that summarizes the error in the model. By squaring the difference 
between the actual and the predicted values. 

Relative 
absolute 
error (RAE) 

The relative absolute difference between expected and actual values. It is relative 
because the mean difference is divided by the arithmetic mean. 

Relative 
squared error 
(RSE) 

Similarly normalizes the total squared error of the predicted values by dividing by the 
actual values' total squared error. 

Mean Zero 
One Error 
(MZOE) 

Indicates whether the prediction was correct or not. In other words: ZeroOneLoss(x,y) 
= 1 when 𝑥	 ≠ 𝑦; otherwise 0. 

Coefficient of 
determination 
(R2 Score) 

Represents the model's predictive power as a value between zero and one, where zero 
means the model is random (gain nothing from the model), while one means the model 
is a perfect fit. Be careful when interpreting R2 values, as high values can be 
questionable, and lower values can be average (i.e., overfitting). 

2.3.2.5.3. Evaluation Model Performance Metrics for clustering models 

Evaluating a clustering algorithm's performance is not as trivial as counting the number of errors 

or the precision and recall of a supervised classification algorithm. In particular, any evaluation 

metric should not take the absolute values of the cluster labels into account. However, suppose this 

clustering defines the data's separations similar to some ground truth set of classes or satisfying 

some assumption. In that case, members of the same class are more similar than members of 

different classes according to some similarity metric. 

 Research Gap 

Data analysis and machine learning techniques hold great potential and are becoming one of the 

most promising skills in today’s industries. Although machine learning is relatively new in today’s 
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world, many studies within the textile and healthcare industry are using machine learning. There 

seems to be a lack of academic studies conducted to discuss healthcare data anomalies and predict 

key textile recycling and textile manufacturing factors. As was discussed earlier, the machine 

learning algorithm and its parameters can significantly impact the results and often are problem 

specific. Therefore, the research will give guidelines for which algorithms work for different 

classes of data. 

The research aims of this study consist of the following objectives. First, the research will 

contribute to health care by proposing solutions that would optimize their processes to respond to 

high-risk events more efficiently. Second, this research investigates supervised machine learning 

models' performance to determine critical factors for textile recycling. Several machine learning 

classification techniques are analyzed under different parameters. These machine learning models 

are practical and could be applied to other survey datasets. Finally, this research aims to examine 

machine learning tools to improve the performance of textile manufacturing and prediction. There 

exist machine learning techniques to solve these issues within the textile industry. Studies also 

suggested comparing various models to identify the best model for various types of data. After 

reviewing the literature, there is still a need for further studies to address some of the mentioned 

research gaps and needs. 
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Data Analysis and Simulation Modeling in Healthcare 

 Abstract 

Each year, approximately 370,000 to 750,000 emergency procedures occur in U.S. hospitals that 

combine chest compressions and artificial ventilation to maintain blood circulation for a person in 

cardiac arrest (cardiopulmonary resuscitations). Unfortunately, around 80% of these patients do 

not survive to discharge, and 30% of patients where defibrillation was delayed more than two 

minutes reduces their chance of survival in half. It is recommended by the American Heart 

Association to start defibrillation therapy within two minutes of cardiac arrest onset.  For years, 

there have been few reliable pieces of evidence to guide how to respond to potentially fatal 

arrhythmia for an at-risk patient promptly. Our objective is to identify and test the determinants of 

valid cardiac monitoring configurations, which vary considerably, including remote telemetry, 

local monitoring by nurses, and local monitoring with automated notifications across multiple 

hospitals. Comparing configurations using standard research approaches, such as observational 

studies, is challenging since (1) life-threatening arrhythmias are rare and challenging to capture, 

and (2) monitoring configurations differ in many aspects that are difficult to control. In situ 

simulations and computer simulation modeling of cardiac arrhythmias and monitoring 

configurations in actual hospital units allows us to measure these factors’ effect on response times 

without putting patients at risk and with a degree of control that is not feasible when investigating 

real events. The results will show the key factors that affect response time and inform efforts to 

develop and study interventions to improve cardiac arrhythmias’ response time and ultimately help 

establish evidence-based monitoring standards.   
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 Introduction 

Nearly 500,000 people die each year in the U.S. from in-hospital cardiac arrest. Many of these 

patients have pulseless ventricular tachycardia or ventricular fibrillation (VT/VF) and may have 

been saved with timely treatment, including cardioversion/defibrillation (Chan et al., 2008). The 

American Heart Association recommends defibrillation therapy within two minutes of recognizing 

a cardiac arrest. However, for 30% of patients, defibrillation is delayed more than two minutes 

from the onset, reducing their chances of survival to hospital discharge by half  (Chan et al., 2008). 

To increase the potential for timely detection of cardiac events, hospitals have implemented 

diverse forms of cardio-respiratory monitoring for patients who meet at-risk criteria  (Drew et al., 

2004). Central telemetry watchers may be dedicated nurses or technicians who monitor a bank of 

displays or nurses who monitor displays with alarms while they perform other patient care tasks. 

For dedicated watchers, the watcher-to-patient ratio can also vary, with a single watcher 

monitoring between 16 and 72 patients at one time, as seen in Figure 3.1  (Bonzheim et al., 2011; 

Reilly & Humbrecht, 2007; Thomas, 2010). There are also variations in the additional tasks 

assigned to watchers, communication modalities between watchers and nurses (e.g., pagers, 

overhead speakers, landline and cell phones, and bi-directional voice communication badges), and 

alarm presentation to nurses (e.g., via bedside monitors, centrally located monitors, automated 

phone notifications, or none at all, relying on telemetry watchers for notifications) (Bonzheim et 

al., 2011). The effect of these and other factors on response times to critical arrhythmias has 

received little attention, but the available research is conflicting and shows wide disparities among 

monitoring methods  (Bonzheim et al., 2011; Chan et al., 2008; Funk et al., 1997; Stukshis et al., 

1997).  
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Figure 3.1: Central Telemetry Monitoring Station. 

There are currently few evidence-based monitoring standards, and hospitals have inadequate 

means of assessing performance to meet target response times  (Weil & Fries, 2005).  There is a 

need for a better understanding of the impact on monitoring efficiency of variables such as 

workload of monitor watchers, communication pathways, nurse-to-patient ratios, and supportive 

technologies, including alarms and automated notification systems. Hospitals have implemented 

various solutions for ensuring prompt detection and response to cardiac arrest and other critical 

patient events. The ECGs of multiple at-risk patients are often monitored remotely by telemetry 

monitor watchers in a central location (see Figure 3.1). Partly because of cost issues and the 

potential for saving lives is great, the number of patients assigned to cardiac surveillance has 

increased in recent years. Hospitals must make monitoring decisions (e.g., the best way to 

communicate a critical alarm to the bedside nurse as a first responder) when an evidence base is 

lacking  (Drew et al., 2004). As a result, these decisions are primarily driven by financial 

considerations, available technologies, and system constraints with few evidence-based standards 

for central telemetry monitoring. Previous studies have compared pairs of monitoring 

configurations that differed in only one respect. Since they vary in their endpoints, clinical settings, 
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and experiment designs, it is impractical to compare configurations across studies (Bonzheim et 

al., 2011; Chan et al., 2008; Funk et al., 1997; Stukshis et al., 1997; Zwieg et al., 1998).  

Continuous ECG telemetry can be implemented with local (on the care unit) or remote 

monitoring stations. Watchers may directly communicate a critical arrhythmia to the patient’s 

nurse or through an intermediary, such as a health unit clerk (HUC). Different communication 

technologies may be used for this purpose (e.g., pagers, overhead speakers, landline and cell 

phones, or bi-directional voice communication badges), as seen in the conceptual framework in 

Figure 3.2. 

 
Figure 3.2: Conceptual Model of Different Central Telemetry Configurations. 

The effect of these practices on monitoring efficiency – how quickly critical arrhythmias 

are detected and responded to – is unknown mainly because these arrhythmias are rare and difficult 

to observe in clinical settings.  Computer simulation modeling allows us to systematically vary 

and control decisions regarding monitoring configurations and test incremental changes without 

impacting patients’ lives.  Our models utilize different data sources to drive the simulations, 

including historical and observational, and in situ simulation data. Thus, our findings will pave the 

way for identifying methods to minimize latency and impact real patient care. 
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The proposed research aims to identify and validate the determinants of practical cardiac 

monitoring configurations that can be applied outside the life-threatening care setting. To achieve 

this objective, we will (1) identify candidate monitoring configurations, (2) determine which 

monitoring configuration leads to the shortest response time to lethal arrhythmias, and (3) test the 

most efficient monitoring configuration. Related research is described in the next section. Then, 

we present the modeling approach, data analysis, and experimental setup. Finally, we will discuss 

the project results, conclusion, and future research directions. 

 Related Literature  

Systems rarely perform as predicted. Variability is inherent in all processes, whether 

manufacturing a product within a plant, providing a service in the retail, banking, or entertainment 

industries, or monitoring patients in a hospital. If one could predict or eliminate the variability of 

a process or product, there would be no waste, no overtime, no lost sales due to having the wrong 

inventory, no deaths due to healthcare errors, shorter lead times, and many more. Complex 

processes such as cardio-respiratory monitoring systems are difficult to analyze because direct 

experimentation is not feasible or practical, affecting patients’ lives. Traditional quality 

improvement methods such as the design of experiments and statistical process control are of 

limited value due to the complexity of the process and the visualization of bottlenecks and 

throughput. Computer simulation is a tool that can combat these deficiencies by creating a detailed 

understanding – a model – of how a process operates. Simulation modeling provides a laboratory 

for developing current “as is” models and can then be used to test “future state” models without 

costly capital investments (technology, infrastructure, and people). In summary, simulation adds 

value to projects by accurately modeling complex environments, testing operational alternatives, 
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and quantifying potential results and performance expectations in chaotic processes, where high 

variability is present (White, K. P. & Ingalls, December 2009).  

Computer simulation has several properties that make it particularly suitable for the 

telemetry monitoring problem. First, it allows one to determine the effect of extreme values on 

system performance, not just expected values. This approach is ideal for analyzing cardio-

respiratory monitoring, where events (i.e., cardiac arrest) are rare and outliers (i.e., long response 

times) can occur. Second, simulation models perform well with different probability distributions 

and small data sets. In our experience, response times and other input distributions are not normally 

distributed; thus, comparing multiple monitoring configurations and simulation surpasses 

statistical methods such as analysis of variance (ANOVA) that often require normally distributed 

data. Response time data will be shown to have high variability, requiring large sample sizes to 

perform statistical analyses. Simulation models can be built using smaller samples and can 

demonstrate the impact of variability on the system. Third, simulation can take system complexity 

into account in its analysis. In cardiac monitoring, one needs not to model just the total response 

time, but the time to identify an arrhythmia, time to alert the nurse, and time for the nurse to arrive 

in the patient’s room, as well as the variability of each of these times and factors that can affect 

them. Fourth and most importantly, comparing different monitoring configurations can be like 

comparing apples and oranges – the designs may vary in many respects (e.g., the nurse-to-patient 

ratio, additional activities, etc.) extraneous to the study but may affect response times. Simulation 

allows us to ‘level the playing field’ by keeping these variables constant across the monitoring 

configurations to be compared. Finally, a simulation model enables the visualization of system 

operation over time, communicating the benefits of those changes to stakeholders. 
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For the past two decades, there have been several articles published about simulation in 

healthcare. Five themes have been recognized and discussed, which are “embedding” or physical 

simulations, simulations responding to clinical practice, educational considerations for simulation, 

research practices, and communicating leadership and scholarship about the community  (Nestel, 

2017). 

Patient safety is the number one priority in “embedding simulation into the fabric of 

healthcare.” In 2007, embedding simulation began to prosper and have some success in the 

healthcare industry. There were four critical recommendations made for medical education in the 

U.S. in the year 2007:  

1. Other educational methods are complemented by simulation 
2. Incorporate and evaluate the use of various simulation models 

3. Implement performance-based and patient-centered outcomes 
4. Create multicenter approaches to simulation to analyze the use and efficiency of simulation  

Embedding simulation was said to respond to specific clinical issues in 2009, and there were 

several examples of its usage. A simulation was used to examine clinical practices and was an 

important focus for decades to assist decision-making for individuals and teams (Kirlik, 2010; 

Manser, 2008). A simulation was used to examine, provide learning resources, and test systems. 

This method was considered for simple and complex problems. 

In 2006, the idea of a standard for simulation educators was discussed. The literature states 

that there are three essential components for effective simulation education. There are outlined 

training resources, trained educators, and curricular institutionalization. For simulation-based 

assessment, the expertise required is subject matter experts, educationalists with psychometric 

skills, and simulation practitioners. 
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Advancing the science highlighted and discussions of gaps, approaches, types, and 

standards were essential research practices of simulation (Cook, 2010). Researchers can use 

simulation to study something else (i.e., with simulation) or focus on the simulation purpose (i.e., 

about simulation). There is literature that discusses both approaches. 

Issenberg wanted to use simulation to achieve safer patient care. He recommended that the 

Society for Simulation in Healthcare (SSH) lead the charge to make this long-term goal possible. 

Thus, to address this research need, this chapter will analyze and interpret simulation experiments 

of three hospitals and their central telemetry systems and reduce the response times to cardiac 

events. Moreover, to bridge the gap between research and practitioners, a case study-based analysis 

is included to identify the determinants of efficient cardiac monitoring systems.  

 Methodology 

The goal of the research is to use simulation to identify determinants of efficient cardiac 

monitoring systems. To this end, we compared the process of communicating a critical arrhythmia 

to a first responder, usually the patient’s nurse, in six different inpatient units with varying 

monitoring systems to determine the system structure that leads to the quickest response. We 

modeled two patient care units in each of three hospital sites: A large academic hospital in North 

Carolina (A), a small community hospital in North Carolina (B), and a medium community 

hospital in Idaho (C). Each hospital had a central monitoring station, which served all cardiac 

telemetry patients, including those in the selected units. Table 3.1 shows the characteristics of the 

six units that were observed and modeled. The number of communication nodes was either three 

(i.e., when monitors detect an arrhythmia, they make a phone call to the HUC who then pages/calls 

the nurse who then goes to the patient room) or two (i.e., the monitor will page/call the nurse 

directly).  The monitoring station of Hospital B was a small room co-located within unit 3, while 
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Hospital C had the monitoring station within the nursing station of unit 5. Monitor watchers at 

hospital C were assigned additional (i.e., non-monitoring) tasks. They were replaced by other 

clinicians (e.g., the unit five charge nurse) when they stepped away from the monitoring station. 

When a critical arrhythmia occurred (e.g., V.F. for over five seconds), monitor watchers at all three 

hospitals were expected to urgently call a code response team before (or while) calling the patient’s 

nurse. However, in practice, most watchers refrained from ‘calling a code’ and only contacted the 

patient’s nurse or HUC depending on the communication nodes. 

Table 3.1: Patient Care Unit and Monitoring Systems Characteristics. 

Site Unit 
# of 
beds 

Average % 
of cardiac 
telemetry 

beds* 
# of comm. 

nodes 
Monitor watcher 

location 

Average 
(min, max) 
patient load 
for monitor 
watchers** 

Hospital A 1 General Surgery 32 13% 3 Remote 27 (13,35) 2 Specific Surgeries 32 9% 3 Remote 

Hospital B 
3 Progressive Care 33 56% 2 Local (Co-located) 

25 (11,35) 4 General 
Medicine/Oncology 45 22% 2 Remote 

Hospital C 
5 Telemetry 24 80% 2 Local within unit 

33 (20,44) 6 General 
Medicine/Oncology 40 9% 2 Remote 

*Data obtained through observations. **Data received from post-simulation surveys. 

3.4.1.  Simulation Modeling Approach 

Computer simulation models for all six units were created to evaluate the effectiveness of the 

different configurations and the impact of other parameters (e.g., nurse to bed ratio) on the response 

time from the onset of an arrhythmia event to when the nurse enters the room.  Since the units are 

very similar except for layout, a data-driven-based modeling approach will create a generic model. 

The models represent the six sites studied, including nurses’ interactions with patients, travel time 

between patients, response rates to false positive alarms, the number of communication nodes, 

layout configurations, nurse-to-patient ratios, etc. The models allow us to compare the designs and 

determine which one is most effective in reducing response times to lethal arrhythmias.  
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This project will utilize SIMIO™ (Simulation Modeling with Intelligent Objects), a new 

discrete-event simulation language, to model cardiac monitoring configurations (Joines & Roberts, 

2010; Pegden & Sturrock, Dec 2009). In a discrete-event simulation, the state of the system 

changes only at discrete times. Like many other languages, SIMIO allows for the interaction of 

entities (e.g., patients, nurses, technicians, etc.), service of these entities through some 

procedure/operation (e.g., attending to an alarm), request of resources (e.g., telephones and nurses) 

to perform these tasks, and their movement through a network (i.e., a hospital unit). However, 

SIMIO differs since the language was built on a more general object-oriented paradigm, in which 

the objects execute processes  (Joines & Roberts, 1998; Pegden & Sturrock, Dec 2009). In addition 

to the standard objects (e.g., entities, servers, resources, etc.) and processes, the user can create 

new objects and processes and extend or change the standard ones to meet the particular modeler’s 

needs. There are two mechanisms in an object-oriented paradigm to create new objects (i.e., create 

objects through the composition of other objects or by inheritance) supported by SIMIO. These 

new and extended objects work seamlessly as if the creators of SIMIO designed them. Also, 

SIMIO can perform 3D animation, which helps communicate the simulation models to 

stakeholders to promote understanding and buy-in.  

The modeling methodology approach employed to solve any problem depends on the 

scenario, the questions being explored, and the determined output metrics.  The project’s goal is 

to inspect the nurse’s response time after the onset of an arrhythmia event. Figure 3.3 shows the 

generic patient flow process of service where patients arrive at the unit, enter a room/bed where a 

percentage of them will be monitored by central telemetry. While in the unit, the patient can request 

services (i.e., visit by a nurse), leave for a service (i.e., surgery, MRI, x-ray, etc.), or have a cardiac 

event. After a length of stay, the patient will exit the unit and be monitored longer if they were a 
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telemetry patient.  The nurse is the key to responsiveness to a cardiac event. However, as seen in 

Figure 1.4, they have many other tasks that are performing, which may delay their response time 

(e.g., taking breaks, retrieving medicines, handling services, making standard rounds, visiting the 

equipment cabinet, etc.). 

 
Figure 3.3: Patient Flow Process of Service. 

 
Figure 3.4: Various Nurse Tasks. 

In most hospital/clinic computer simulations, the patient is central to the modeling. As they 

move throughout the network, they are given all the intelligence to make decisions, have certain 

behaviors to drive the model in terms of interacting with resources, etc.  However, we are not 

modeling the entire hospital (i.e., we do not need the patient to physically leave for MRI but just 

not be monitored for some time, etc.). Therefore, a bed-centric modeling methodology will be 

employed where the bed (i.e., room) will act as the surrogate for the patient, similar to a resource 

or server. Upon a patient’s arrival to a bed, the bed will start the process of requesting service 

requests, leave for service events, cardiac events, and work with the nurse to handle standard 

rounds.  
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Besides the standard objects and processes, Figure 3.5 illustrates the three objects that have 

been created from scratch or modified for the modeling approach.  As mentioned, a bed-centric 

approach will be utilized so the hospital bed object will interact with the central telemetry (C.T.) 

object if the patient is being monitored and generate the appropriate requests to the nurse object.  

The CT object will model monitoring telemetry patients, perform other tasks by the technicians, 

and make calls to the HUC and nurse through the bed object to facilitate calling/requesting the 

nurse after an arrhythmia event has occurred. These objects are generic to model all the different 

configurations and parameter changes by using a data-driven approach. The only thing specific to 

each unit is the patient rooms, nurses’ station, etc. 

 
Figure 3.5: Generic Modeling Constructs Developed. 

3.4.1.1. Hospital Bed New Fixed Object 

Again, a bed-centric modeling methodology is employed where the bed contains all the 

intelligence, and the patient initiates the behavioral logic to start. A new fixed object is created, 

with an input node for patients and nurses to arrive with a patient being held in the queue and an 

output node to execute the patient leaving the bed, as seen in Figure 3.6. Figure 3.7 illustrates the 

various states of the hospital bed (i.e., the bed is empty, a patient occupies the bed, the patient is 

undergoing an arrhythmia event,  the patient has requested a nurse for assistance,  the patient has 
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left for an external service (e.g.., MRI), or the bed has been initiated to be part of a Nurse’s standard 

rounds).  Also, the general processes and behaviors of the object are outlined.  

 
Figure 3.6: The External View of the Hospital Bed. 

General Processes Hospital Bed States        
1. A patient entity enters the bed 

a. State of bed changed to occupied 
b. Timers associated with a cardiac event, service requests, leave for 

services, and length of stay are enabled 
c. If the patient needs monitoring, signal a central telemetry object to start 

monitoring patient 
2. Handle timer events as they occur for the various types  

a. Change the state of the bed according to the type 
b. Service Request Event: Seize/request a nurse and wait for their arrival 
c. Leave for Service Event: Delay for the length of time for the service, 

signal telemetry to stop monitoring if necessary, and once the time has 
elapsed, change state back to occupied 

d. Length of Stay Event: Disable all timers, update statistics, remove all 
nurse requests, signal telemetry to stop monitoring if necessary, the 
patient entity leaves the bed, and the bed state is changed to idle. 

e. Cardiac Event: Signal the central telemetry object of the event, wait for 
C.T. to signal back that they have detected the event if HUC then delay 
before requesting nurse, and once the nurse arrives, the bed records the 
response time metric, after time to handle event the state is changed 
back to occupied 

3. Handle rounds when initiated by the nurse by requesting the specific nurse. 
 

Figure 3.7: General Hospital Processes and States. 

3.4.1.2. Central Telemetry (C.T.) New Fixed Object 

Unlike the hospital bed object, the new central telemetry object created does not interact with the 

patients or entities. The CT object represents one monitor technician watching a specified 

maximum number of patients. Since we are not modeling the entire hospital (i.e., only two units), 

the number of telemetry patients in those units may not be enough, so the monitor will need to be 

watching additional patients. Figure 3.8 shows the C.T. monitor’s four states: the C.T. is idle, busy 
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doing other routine tasks (i.e., documentation, etc.), handing a cardiac event on the two units being 

modeled handling a cardiac event on an off-floor patient. The modeling approach keeps the 

monitors busy, so when an onset of an arrhythmia event occurs, a delay may result before 

responding for various reasons (i.e., technician fatigue, doing something else, ignoring it at first, 

etc.)   (Segall et al., 2015). Because the simulation is a stochastic process, one does not know ahead 

of time which beds/patients need to be monitored, which changes throughout the simulation run. 

Therefore, the object has been created to be flexible by monitoring a specific state variable 

associated with each bed and communicating by signaling (i.e., changing the state variable value) 

between the bed and the C.T. object. So, if there is a cardiac event (see Figure 3.9 for the process 

of handling the event), the correct bed will request the nurse (i.e., monitor calls/pages nurse or 

HUC). 

C.T. Object States CT Communication Plan 

  

Figure 3.8: Central Telemetry Object States and Object Communications. 
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Step 1: Hospital bed triggers a cardiac event  
 
Step 2: The bed signaling C.T. triggers central 
telemetry via a state variable assignment. 
 
Step 3: Central telemetry is delayed responding to the 
event type (i.e., busy, etc.). 
 
Step 4: C.T. then signals the hospital bed through a 
monitored state variable. 
 
Step 5: The nurse (specific/any) is seized and released 
by the hospital bed to handle the event. If there is a 
HUC in the communication loop, an appropriate delay 
is incurred before requesting a nurse. 
 
Step 6: Finally, Central Telemetry is signaled to 
change its’ state back to idle.  

Figure 3.9: Flow Process of Handling an Arrhythmia Event. 

3.4.1.3. Modified Worker Object for the Nurse Object 

The previous two objects were created from scratch, which required all of the properties, logic, 

processes, etc., to be defined. The new Nurse object is inherited from the lower generic Worker 

object provided by SIMIO to create a more specialized worker. The worker is a dynamic resource 

that can constrain the flow of entities like fixed resources. However, they can flow throughout the 

network, like entities workers can model nurses and doctors who have to move to the patient’s 

room before performing some service.  

Besides all the worker features, nurses need the ability to perform standard rounds at certain 

time intervals.  They need the capability to be assigned specific beds/patients throughout a unit to 

serve those particular rooms for rounds, patient requests, and responding to cardiac events. The 

project’s goal is to determine the response time arriving in a room after the onset of an arrhythmia 

event. Figure 3.4 illustrates all the different tasks nurses perform while on duty as to why there 

might be a delay in responding to a page/call about a cardiac event. To model these situations, 

entities associated with each task (i.e., O/P meds, break room, equipment/utility room, R.N. 
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Station(documentation) will be created for specifically each nurse. These entities will seize and 

release the specific nurse requiring them to transverse to the particular task location and delay 

performing the task. Figure 3.10 shows the other processes. As part of the worker’s initialization 

process, the nurse is assigned a portion of the bed assignment table to determine which beds this 

particular nurse will service. For each busy work task, a specific entity is created that is assigned 

to the nurse and then sent to the specific location (i.e., O/P, break room, etc.) along with the time 

to delay the nurse and then start the rounds timer. When the rounds timer fires and the nurse is on 

shift, ask each bed assigned to the nurse to start the rounds process and request the nurse. 

 
Figure 3.10: Additional Process for the Modified Worker. 

3.4.2. Data-Driven Approach 

We have created the new objects to model the specific aspects of the monitoring problem, which 

require data and the patient flow seen in Figure 3.3 and nurse tasks as outlined in Figure 3.4. A 

data-driven approach utilizes generic objects parameterized with data to specify the specific 

behaviors of each hospital and unit. This approach allows for experimentation by changing the 

data (i.e., number of nurses, nurse bed assignment, number of communication nodes, etc. The only 

thing that is specific to the scenarios is the physical layouts. Figure 3.11 illustrates two units of 

two hospitals where cad drawings are imported into SIMIO, and the beds, nurses, central telemetry, 
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and other simulation objects and network are placed on top of the layouts. All other data needed 

to drive the behaviors of the three hospitals is performed via tables and changeable parameters to 

facilitate experimentation without affecting the base model.  

 

 
Hospital A – Unit 1 Hospital B – Unit 4 

Figure 3.11: SIMIO Layout for Two Units. 

Table 3.2 shows the generic type of data needed to drive all three hospital models. Three 

different data sources (i.e., historical records (H), observational (O), and in situ simulations (I)) 

were used to create the information to drive the simulations.  Historical records represented data 

on patient arrival and exits from each unit, the total number of patients in each unit at the end of 

the day, etc., from the health care systems. The data provided by the hospitals were nonidentifying, 

where each patient was given a number (e.g., pat0001) and went through the approval of the 

Institutional Review Boards for each hospital. For observational data, trained observers collected 

data throughout several days during different shifts and workload levels. Nurse observational data 

included observing the nurses throughout a shift performing the various tasks outlined in Figure 

Central 

Telemetery 



 

117 

 

3.4, which was used to create the busy work information in Table 3.2. Monitor watching 

observational data was used to model the central telemetry information. Because arrhythmias are 

rare, in situ physical simulations were performed. To measure monitor watchers’ response times 

as well as a nurse’s response time, a research nurse connected an ECG rhythm simulator from a 

patient room into the hospital’s network such that the signal appeared on the monitor watcher’s 

display in the same way as a normal ECG would appear to look for that patient. Using the 

simulator, the nurse mimicked the patient’s baseline rhythm, then simulated a few premature 

ventricular contractions (PVCs), then initiated pulseless ventricular tachycardia (V.T.) or 

ventricular fibrillation (V.F.). Monitor watchers’ response time was defined as the time-lapse from 

arrhythmia start until the watcher picked up the phone to call the nursing unit. Unit response time 

was defined as the time-lapse from the monitor watcher picking up the phone until a first responder 

arrived in the patient’s room. See Noa et al. [2021] for more information on the observational and 

in situ simulation. A minimum of 20 VT/VF simulations was performed for each hospital. A total 

of 160 separate nurse observational data sets across all six units, with each observational data set 

reflecting a minimum of an hour observation, was performed. 
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Table 3.2: Types of Data. 

Patient Information Nurse Information 
The arrival rate of patients to the unit (H) Number of Nurses (O) 
Percentage of telemetry patients for a unit (H, O) Time between rounds (O) 
Length of stay of patients in a unit by patient type (H) Bed assignments (O) 
The interval between service requests (O) Busy work entity tables (O) 
Processing time of a service request (O)  
The interval between leave for service (i.e., MRI) (H, 
O) Busy Work Information 

Processing time of the leave for service (H) The time between busy work for each type (O) 
The interval between arrhythmia events (H) Processing time of busy work for each type (O) 
 Location of the busywork (O) 

Central Telemetry Information  
Maximum number of patients to be monitored (O) Unit Information 
The average number of patients being monitored (H, O) Count of patients in the unit per day (H) 
Delay of off floor events (O) Number of beds (O) 
The interval between off floor events (O) Number of Arrhythmia Events (H) 
Delay before making phone calls (I, O) Unit response time of nurses (I) 
Direct call to the nurse (I, O)  

3.4.2.1. Data processing 

The data from the three sources associated with the three cardio-respiratory health monitoring 

systems were collected by medical teams to recognize and test factors of effective cardiac 

monitoring structures. The analyses were performed using various technical tools (i.e., SAS JMP, 

Excel, Visual Basic for Applications (VBA), and EasyFit distribution fitting software).  When 

dealing with data, the data collection method, including protocols, different evaluators, different 

locations, and systems, often has a significant impact on the accuracy of the data where the raw 

data may be structured differently, the data may have consistency issues or errors as well as 

redundancy problems. The observational data was received in many different formats, with the 

historical records data being provided in excel spreadsheets. Excel and VBA were used to 

transform the raw data into a useful and efficient form for better analysis.   

Besides the simple parameters of bed layout, the number of nurses, nurse bed assignments, 

etc., general population distribution has to be derived for the arrival patterns, processing times, 
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interval times, etc. In developing those distributions, the preferred order is to: 1) Use 

recent/historical data to fit the distribution; 2) Use raw data and load discrete points into a custom 

distribution (i.e., Empirical CDF) using a table; 3) Use the distribution suggested by the nature of 

the process or underlying physics; and finally, 4) Assume a simple distribution and apply 

reasonable limits when lacking data.  Utilizing historical data to create generalized population 

distribution is the best method, as outlined in Figure 3.12. When determining the best distribution 

fit, most of the fitting software utilizes several goodness of fit tests: Anderson-Darlin (A.D.), 

Kolmogorov-Smirnov (K.S.), Chi-Squared). The A.D. procedure is a general test to compare the 

fit of an observed cumulative distribution function to an expected cumulative distribution function 

and gives more weight to the tails than the K.S. test. The tails of the data are generally a more 

critical part of the data for simulation models. The Chi-squared test can be used for continuous 

data but is used primarily for discrete distributions (Rolke & Gongora, 2020). Hypothesis testing 

for each of those tests is also performed. However, if you have a large number of data points, the 

tests may fail due to the power of the tests; as a result, visual inspection of the PDF, CDF, 

probability- probability (P-P), and quantile to quantile (Q-Q) plots can be utilized.  Figure 3.13 

shows the process of fitting the data set where the distributions have been ordered by the Anderson-

Darling test and showing the empirical PDF and CDF along with the P-P plot for the one data set 

where we chose the Pearson VI distribution which is available in SIMIO. One can use those other 

tests to choose between distributions with similar A.D. values and choose bounded distributions 

but are still really good fits.  This process was used to fit the data from Table 3.2 for each of the 

sites and hospitals. 
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Step 1: Organize data (i.e., clean, modify structure, format, etc.) 
Step 2: Specify input data to analyze in EasyFit 
Step 3: Identify best-fitting distribution  

a. Using Anderson Darling-Goodness of fit test  
b. Compare PDF, CDF, P-P, and Q-Q plots (Visual) 

Step 4: Write distribution in terms of SIMIO expression:  
            (e.g., Random.PearsonVI (2.5165, 2.6867, 72.481) 
Step 5: Validate data generated from the simulation model 

Figure 3.12: Process Utilized to Fit Data Distributions. 

 

 

 
Data Formatted  Sorted Best Fits 

   
PDF CDF P-P Plot 

 Figure 3.13: Fitting Distribution. 

3.4.2.2. Validation and Data Collection Issues 

After the data preprocessing, there were still issues with the data, such as outliers and missing data. 

Some of the data was messy or not structured. We strived to have at least 20-25 data points to fit 

distributions for all the data points. In some cases, data was inputted incorrectly in the spreadsheet, 

so we had to determine if we had enough data to remove those points from the data set. There was 
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too little data in other cases, and two of the same properties (i.e., Unit A and Unit B from the same 

hospital) had to be merged to achieve enough data points. Doing this could cause issues in the 

distributions because the data may no longer represent the true underlying population. Other 

problems become apparent after processing the observational data collected by the medical 

professionals on the research team.   

3.4.2.2.1. Telemetry Monitor Delay Before Placing Call 

After analyzing the data for the time between a simulated onset of arrhythmia to the time the 

monitor placed the call, those responses were one second with no variation. The team used the 

same iPad application developed to monitor nurses where they would click a button when a nurse 

started a task. The system automatically then recorded a one-second delay which we thought was 

the duration of that observation. For the nurse’s data, the task duration time could be calculated 

between the starts of the subsequent tasks. Still, this approach would not work for the monitors as 

they did other things sometimes before making a call, so we lost that information, and these were 

the in situ simulations that could not be redone easily.  Therefore, we utilized previous study data 

to develop the modeling technique to determine the delay of responding based on the number of 

patients being observed, as seen in Figure 3.14. We fitted lines through the mean and one standard 

deviation from the mean, which feeds into a Pert distribution to model the delay. 



 

122 

 

 
Figure 3.14: Response Time of a Monitor After Onset of Arrhythmia Event (Adapted from  

(Segall et al., 2013)). 

3.4.2.2.2. Unit Arrival Pattern Modeling Methodology 

For each unit, the interarrival rate of patients to each unit must be modeled.  Historical records 

from the health system were analyzed to fit distributions to the difference between arrivals to the 

unit, which is the standard method. After analyzing the data, there were a large number of instances 

where patients arrived in bunches at the same time.  Nursing staff receives the patients into the 

system, and the process differed from nurse to nurse and unit. Some nurses would wait until the 

end of the shift or break to enter all arrivals, while others would enter them periodically. Therefore, 

as outlined in Figure 1.15, a different modeling strategy is utilized that most arrivals are Poisson 

distributed  (Koehrsen, 2019). A distribution is fitted to the census data of the number of patients 

admitted or transferred into a unit, which models the number of patients that enter a unit each day.  

Using the number of patients that arrive in a day, the interarrival rate is determined each simulation 

day.  
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1. Set	Number	of	Patients$ = Sample	from	Number	of	Arrivals	Distribution 

2. Set	𝐴𝑟𝑟𝑖𝑣𝑎𝑙	𝑅𝑎𝑡𝑒$ =
+,-.	0.1,23	4.5678
9:-;.1	2<	0=7,.57>,

 

3. Use Exponential(𝐴𝑟𝑟𝑖𝑣𝑎𝑙	𝑅𝑎𝑡𝑒$) as the interarrival distribution for Time Period i 

4. Delay for Time Period Length (e.g., 24 hours) 

5. Repeat Step 1 for next period i 

Figure 3.15: Algorithm for Determining Arrival Rate during Simulation. 

3.4.2.3. Validation Modeling Methodology 

Validation of the computer simulation models will take place in an iterative three-step approach 

during the model development process. First, the model assumptions will be validated (i.e., input 

data, the structure of the model, output metrics, etc.). Second, the model will be built with high 

face validity (i.e., visual animation of the model will be shown to the various stakeholders for 

verification that the model behaves accurately compared to the existing system). Finally, the input-

output transformations from the simulation models will be compared to the data collected (i.e., 

input-output transformations of the existing system). The simulation models will be revised at each 

step, and the validation procedure will continue until no more refinements are needed.  

Figure 3.16 illustrates a smaller model with only four beds to test the distributions fitted, 

parameters like percentage of telemetry patients, arrival methodology, which were scaled back, 

and the modeling constructs created. From the smaller and full models, the number of patients 

seemed to be arriving too fast based on the exit number due to the arrival process or length of stay 

distributions. Potential outliers were discovered in the length of stay data, causing longer tails in 

the fitted distributions. After investigating, the I.T. data that was pulled included unique hospital 

visits per patient into the units being modeled. However, some patients entered the unit of interest 

for a period of time upon arrival to the hospital, transferred to another unit (i.e., ICU) for a period, 

and then transitioned back to the unit before exiting the hospital, but the I.T. staff only gave the 
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first entrance and the last exit thus skewing the data. These data pull errors were fixed, and the 

distributions were updated, which aligned the model results to the real system. Table 3.3 displays 

the p-value associated with the appropriate two-sample hypothesis test depending on the normality 

of the samples and equal variances for the simulation response times compared to the in situ 

physical response times.  

 
Figure 3.16: Smaller Model for Validation Purposes. 

 

Table 3.3: Hypothesis Testing Comparing Computer Simulation to Physical In Situ 
Simulation. 

Hospital Unit p-Value* 
Hospital A 1 0.0751 

 2 Not Simulated 
Hospital B 3 0.1649 

 4 0.8134 
Hospital C 5 0.1649 

 6 0.8628 
*- Welch’s, Wilcoxon, or Median Test 

 Experimentation and Results 

This section will discuss the experimentation and results found through scenarios executed using 

the simulation models. The parameters that will be evaluated in these models are the number of 

patients watched by central telemetry, nurse-to-patient ratio, layout size, nurse bed assignment, 

and the number of communication nodes.   
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3.5.1. Hospital A 

The one unit in Hospital A that is modeled contains less than 15% of telemetry patients and 

randomly assigns their nurses to the 32 beds. The central telemetry is remote on a separate floor 

and utilizes a two-node communication (i.e., calls a health care unit/nursing station (HUC)). The 

impact of the parameters has on the response time to cardiac events in this unit (i.e., number of 

patients watched by central telemetry (C.T.), nurse-to-patient ratio (i.e., eight nurses to 32 beds or 

four nurses to 32 beds), layout size, nurse bed assignment (i.e., sequential or random) and 

communication nodes (i.e., direct to nurse (DTN) or HUC). 

Figure 3.17 shows the response times when the central telemetry monitors a varying 

number of telemetry patients using both communication nodes with a sequential room assignment 

and one to four patient ratio (i.e., eight nurses).  Since the variances are unequal (i.e., Levene’s test 

p-value of < 0.0001), the Welch’s Anova test (i.e., p-value < 0.0001) indicates there is at least one 

difference among the means.  Next, the Tukey-Kramer multiple means comparison test was 

applied, and the Tukey-Kramer table demonstrates a statistical difference between the two 

communication methods. Based on how the central telemetry was modeled in Section 3.4.1.2, one 

would expect to see a difference in response times as the number of telemetry patients monitored 

increases. In both communication methods, there is a statistical difference between monitoring 48 

patients versus 16 and 24.  Figure 3.18 illustrates that the two communication nodes’ variances are 

quite different (i.e., the p-value for the Levene test) since they are two steps for the HUC 

communication method.  
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Level     Mean 
(s) 

STD 
(s) 

Confidence 
Interval of 95th 

%-Tiles 
CT48-HUC-8 Nurses-Seq A    77.31 4.16 (81.59, 85.14) 
CT32-HUC-8 Nurses-Seq A B   75.32 4.55 (79.80, 83.09) 
CT24-HUC-8 Nurses-Seq  B   73.30 5.20 (79.51, 86.16) 
CT16-HUC-8 Nurses-Seq  B   72.00 4.52 (77.05, 77.31) 
CT48-DTN-8 Nurses-Seq   C  32.06 2.73 (34.54, 40.35) 
CT32-DTN-8 Nurses-Seq   C D 30.45 4.02 (32.02, 46.36) 
CT24-DTN-8 Nurses-Seq    D 28.47 2.82 (30.94, 36.37) 
CT16-DTN-8 Nurses-Seq    D 27.95 2.77 (30.81, 34.58) 

 

Box Plot Multiple Means Comparison (Tukey-Kramer) 

Figure 3.17: Varying Number of Telemetry Patients Monitored and Communication 
Method on Response Time. 

 

    
8 Nurses-Sequential (Levene p=0.0002,Welch’s 

p<0.0001) 
All Experiments(Levene p<0.0001, Welch’s 

p<0.0001) 

Figure 3.18: Comparison of Direct to Nurse versus Health Care Unit Communication. 

Figure 3.19 compares changing the number of nurses from eight to four, which changes the nurse-

to-patient ratio. There is a statistical difference between reducing the number of nurses and the 

average response time increases by 42% across communication methods. More importantly, the 

variability is much higher when comparing four nurses to eight nurses (i.e., Levene’s p-value = 

<0.0001), similar to communication methods.  
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Level     Mean 
(s) 

STD 
(s) 

Confidence 
Interval of 95th 

%-Tiles 
CT32-HUC-4 Nurses-Seq A    100.55 12.76 (116.65, 130.84) 
CT16-HUC-4 Nurses-Seq A    98.93 9.02 (107.76, 113.47) 
CT32-HUC-8 Nurses-Seq  B   75.32 4.55 (79.80, 83.09) 
CT16-HUC-8 Nurses-Seq  B   72.00 4.52 (77.05, 77.31) 
CT32-DTN-4 Nurses-Seq   C  46.53 8.85 (57.83, 65.65) 
CT16-DTN-4 Nurses-Seq   C  40.81 6.30 (47.78, 54.48) 
CT32-DTN-8 Nurses-Seq    D 30.45 4.02 (32.02, 46.36) 
CT16-DTN-8 Nurses-Seq    D 27.95 2.77 (30.81, 34.58) 

 

Box Plot Multiple Means Comparison (Tukey-Kramer) 

Figure 3.19: Impact of Nurse-to-Patient Ratio on Response Time. 

The unit was very interested in the nurses’ room assignment to patients and layout changes 

to reduce travel time. They randomly assign nurses to beds from two different stations within the 

unit while the sequential method sets all their beds together and closest to their station. Increasing 

the walking speed of the nurses by 25% effectively reduces the distances in the layout. In both 

cases, there were no statistical differences in response time between room assignment or increased 

speed.  

A factor may be insignificant when performing single attribute ANOVA analysis due to 

the variability differences among the input variables. Therefore, the data were analyzed using 

linear mixed-effects models that remove variation due to both fixed and random effects and allow 

non-independent data handling. Fixed effects included the number of patients monitored, the 

communication method, nurse ratio, room assignment, and layout reduction (i.e., speed). We 

controlled for the other input variables as random effects. Table 3.4 shows the results and confirms 

that the room assignment and layout reduction do not impact this unit’s cardiac response time. For 

Hospital A, moving from the HUC communication mode to DTN will decrease the average 

response time by 49.9 seconds (or 134%). 
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Table 3.4: Fixed Effects Mixed Model Results. 

Fixed Effect P-Value Average 
Difference (s) 

Confidence Interval of 95th %-
Tiles 

Number of Patients Monitored 0.0002    

Communication < 0.0001 49.9 DTN (52.21,  57.04) 
HUC (108.06, 115.63) 

Nurse to Patient Ratio < 0.0001    
Room Assignment 0.4616    

Speed 0.1128    

3.5.2. Hospital B 

For Hospital B, two units were modeled simultaneously.  Unit three has a majority of telemetry 

patients, while unit four has less than 30% of telemetry patients. The central telemetry is located 

within unit three. Since unit four is entirely on a separate floor, central telemetry is completely 

remote for unit four. Different response time statistics are collected for each unit during the 

simulation run. 

Table 3.5 displays the p-value associated with the initial experimental results for the fixed 

model for unit three.  The fixed effects test for unit three determined a statistical difference between 

the means of the two communication methods, nurse-to-patient ratio, and increase or decrease in 

layout size. Next, the multiple means comparison test was applied, and the 90% confidence interval 

of the 95% percentile of all response times was evaluated between the different nurse to patient 

ratios. Based on how the modified worker was modeled in Section 3.4.1.3, one would expect to 

see a difference in response times as the number of nurses increases. Even though having a nurse-

to-patient ratio of 1:1 would be optimal in reference to response time, it is not practical or 

economically realistic for a hospital to implement. This study aims to increase the chance of patient 

survival by not delaying defibrillation by two minutes. Since the average means are less than two 

minutes, this would conclude that all the models are sufficient to meet this criterion. However, 

there is an increase in variability in the response times when the number of nurses decreases. 



 

129 

 

Therefore, we evaluated the 90% confidence interval of the 95% percentile of all response times 

for the dataset in this study. For a 1-to-6 nurse to patient ratio, the experiment demonstrates that 

we are 90% confidence interval of the 95% percentile of all response times for unit three will 

contain the value of two minutes. This shows that this 1-to-6 nurse to patient ratio will not meet 

the criteria. Therefore, it will be more practical for the hospital to assign more nurses to this unit 

to prevent exceeding the two-minute criteria (i.e., 1-to-4 or 1-to-5 nurse to patient ratio). Figure 

3.20 illustrates the impact of the changes in the nurse-to-patient ratio on the response times for 

unit three.  

Table 3.5: Fixed Effects Mixed Model Results for Unit Three. 

Fixed Effect P-Value Average 
Difference (s) 

 Confidence Interval of 
95th %-Tile (s) 

Number of Patients 
Monitored 

0.1025    

Communication < 0.0001 36.6 DTN (61.35,  65.99) 
HUC (97.72, 102.35) 

Nurse to Patient Ratio < 0.0001 See Figure 3.20 
Room Assignment 0.2452    

Speed 25% Decrease 0.2241    
Speed 25% Increase 0.2219    

Speed 50% Difference 0.0031    
 

 

Level      Mean 
(s) 

Diff 
(s) 

STD 
(s) 

Confidence 
Interval of 95th 

%-Tiles 
1to6 
Ratio A     77.40  37.03 (106.59, 121.07) 

1to5 
Ratio  B    66.75 10.65 21.87 (95.19, 102.45) 

1to4 
Ratio   C   61.33 5.42 20.64 (87.57, 90.32) 

1to3 
Ratio     D 

 
52.77 8.56 20.13 (75.55, 76.96) 

1to2 
Ratio       E 46.41 6.35 19.82 (68.12, 69.66) 

 

Box Plot Multiple Means Comparison 

Figure 3.20: Varying the Nurse Ratio in Unit Three. 
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Table 3.6 displays the p-value associated with the initial experimental results for the fixed 

model for unit four.  The fixed effects test for unit four determined a statistical difference between 

the means of the two communication methods, nurse to patient ratio, room assignment, and 

increase or decrease in layout size. Next, we implemented the same methodology completed for 

unit three to evaluate the 90% confidence interval of the 95% percentile of all response times for 

the dataset. For all nurse-to-patient ratios, the experiment demonstrates that we are 90% confident 

that the 95% percentile of all response times for unit four will not contain the value of two minutes. 

This unit is efficient because the upper limits of the confidence interval are approximately 43 to 

44 seconds from the two-minute criteria. Therefore, the hospital could decrease the number of 

nurses for this unit or assign the nurses to unit three to reduce the response time. Figure 3.21 

illustrates the impact of the changes in the nurse-to-patient ratio on the response times for unit 

four. 

Table 3.6: Fixed Effects Mixed Model Results for Unit Four. 

Fixed Effect P-Value Average 
Difference (s)  

Confidence 
Interval of 95th 

%-Tile (s) 
Number of Patients Monitored < 0.0001    

Communication < 0.0001 39.6 DTN (35.81, 36.01) 
HUC (76.35, 76.71) 

Nurse to Patient Ratio < 0.0001 See Figure 3.21 

Room Assignment < 0.0001 7.3 Random (75.62, 75.91) 
Sequential (75.21, 76.14) 

Speed 25% Decrease < 0.0001 5.25 25% Dec (76.87, 77.28) 
Speed 25% Increase < 0.0001 4.82 25% Inc (66.76, 67.08) 

Speed 50% Difference < 0.0001 10.02 Normal (72.59, 73.02) 
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Level    Mean 
(s) 

Diff 
(s) 

STD 
(s) 

Confidence 
Interval of 

95th %-Tiles 
1to6 
Ratio A   51.2  20.2 (75.9, 76.7) 

1to5 
Ratio A   50. 9 0.01 20.0 (75.5, 76.3) 

1to4 
Ratio  B  51.05 0.92 20.1 (74.6, 75.6) 

1to3 
Ratio   C 51.12 1.33 20.2 (75.5, 76.2) 

1to2 
Ratio   C 50.98 0.01 20.1 (75.3, 76.2) 

 

Box Plot Multiple Means Comparison 

Figure 3.21: Varying the Nurse Ratio in Unit Four. 

3.5.3. Hospital C 

The section will cover the results from the experiments executed on Hospital C once they are 

completed. Hospital C, another two-unit floor plan with one floor specifically for telemetry 

patients. The central telemetry is located local to unit five, and a remote system is established for 

unit six.  The two units were modeled simultaneously for Hospital C.  Unit five has the most 

telemetry patients at 80%, while unit six has less than 10% of telemetry patients. Unit five is the 

central telemetry floor, and the central telemetry is located within the unit. Since unit six is entirely 

on a separate floor, central telemetry is completely remote for unit six. Different response time 

statistics are collected for each unit during the simulation run. 

Table 3.7 displays the p-value associated with the initial experimental results for the fixed 

model for unit five.  For unit five, the fixed effects test determined a statistical difference between 

the means of the two communication methods, nurse-to-patient ratio, and increase or decrease in 

layout size. Next, we implemented the same methodology completed for unit three to evaluate the 

90% confidence interval of the 95% percentile of all response times for the dataset.  Given the 

nurse-to-patient ratio change, the experiment demonstrates that we are 90% confident that the 95% 

percentile of all response times for unit five will not contain the value of two minutes. Based on 



 

132 

 

the results, the hospital has a practical decision to decide which nurse to patient ratio is more 

beneficial economically. Figure 3.22 illustrates the impact of the changes in the nurse-to-patient 

ratio on the response times for unit five.  

Table 3.7: Fixed Effects Mixed Model Results for Unit Five. 

Fixed Effect P-Value Average 
Difference (s)  Confidence Interval 

of 95th %-Tile (s) 
Number of Patients Monitored < 0.0001    

Communication < 0.0001 44.2 DTN (31.55, 31.83) 
HUC (79.50, 80.68) 

Nurse to Patient Ratio < 0.0001 See Figure 3.22 
Room Assignment 0.069    

Speed 25% Decrease < 0.0001 5.03 25% Dec (79.69, 80.93) 
Speed 25% Increase < 0.0001 3.12 25% Inc (70.47, 71.83) 

Speed 50% Difference < 0.0001 8.13 Normal (74.51, 75.74) 

 

 

Level      Mean 
(s) 

Diff 
(s) 

STD 
(s) 

95th % Tile 
Confidence 
Intervals 

1to6 
Ratio A     47.60  24.3 (80.54, 82.7) 

1to5 
Ratio  B    43.32 3.1 22.4 (77.09, 78.81) 

1to4 
Ratio   C   41.83 1.2 21.4 (74.13, 75.20) 

1to3 
Ratio    D  43.00 1.81 21.1 (71.43, 72.31) 

1to2 
Ratio     E 41.39 1.25 20.2 (68.16, 69.15) 

  
Box Plot Multiple Means Comparison 

Figure 3.22: Varying the Nurse Ratio in Unit Five. 

Table 3.8 displays the p-value associated with the initial experimental results for the fixed 

model for unit six.  For unit six, the fixed effects test determined a statistical difference between 

the means of the two communication methods, nurse to patient ratio, room assignment, and 

increase or decrease in layout size. Next, we implemented the same methodology completed for 

unit three to evaluate the 90% confidence interval of the 95% percentile of all response times for 

the dataset. In the 1-to-6 and 1-to-5 nurse to patient ratio, the experiment demonstrates that we are 
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90% confident that the 95% percentile of all response times for unit six will not contain the value 

of two minutes. However, the upper limits of the confidence interval are less than eight seconds 

from the two-minute criteria, so it may be more optimal to use the 1-to-4 nurse to patient ratio. 

Figure 3.23 illustrates the impact of the changes in the nurse-to-patient ratio on the response times 

for unit six.  

Table 3.8: Fixed Effects Mixed Model Results for Unit Six. 

Fixed Effect P-Value Average 
Difference (s) 

 Confidence Interval 
of 95th %-Tile (s) 

Number of Patients 
Monitored 0.1025    

Communication < 0.0001 55.8 DTN (45.61, 46.25) 
HUC (112.03, 115.21) 

Nurse to Patient Ratio < 0.0001 See Figure 3.23 

Room Assignment 0.0003 3.85 Random (106.38, 109.12) 
Sequential (105.40, 110.15) 

Speed 25% Decrease < 0.0001 8.62 25% Dec (112.03, 115.67) 
Speed 25% Increase < 0.0001 6.39 25% Inc (96.03, 99.01) 

Speed 50% Difference < 0.0001 15.02 Normal (104.51, 106.32) 
 

 

 

Level      Mean 
(s) 

Diff 
(s) 

STD 
(s) 

Confidence 
Interval of 95th 

%-Tiles 
1to6 
Ratio A     65.70  33.6 (113.42, 119.59) 

1to5 
Ratio  B    60.51 4.2 31.1 (108.74, 112.03) 

1to4 
Ratio   C   57.85 8.4 28.0 (100.35, 104.98) 

1to3 
Ratio    D  58.80 4.2 26.4 (96.17, 98.16) 

1to2 
Ratio     E 51.37 14.4 20.7 (81.98, 84.04) 

 

Box Plot Multiple Means Comparison 

Figure 3.23: Varying the Nurse Ratio in Unit Six. 

 Conclusion 

After the experimentation and evaluation of the simulation models, this study successfully 

determined the key factors that affect response times. The number of patients watched by central 
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telemetry, nurse-to-patient ratio, layout size, nurse bed assignment, and the number of 

communication nodes was the factors evaluated in this study. The three simulation models created 

in this study assisted with determining the impact of these factors on the response times. 

As one would expect, the communication nodes significantly impacted the response times 

for each unit in the hospital.  For Hospital A, moving from the HUC communication mode to DTN 

will decrease the average response time by 49.9 seconds. For Hospital B, the average responses 

times for units three and four when using DTN instead of the HUC communication mode will 

decrease by 36.6 and 39.6 seconds, respectively. For Hospital C, the average responses times for 

units five and six when using DTN instead of the HUC communication mode will decrease by 44.2 

and 55.8 seconds, respectively. After evaluation, the DTN method is better than the HUC 

communication mode for each hospital.  

For nurse assignment, the response times for most units were not significantly impacted. 

However, the average responses times for units four and six when assigning nurses to rooms 

randomly or sequential had a difference of 7.3 and 3.85 seconds, respectively. Therefore, the nurse 

assignment does not have a practical impact owing to the size of the units. For each unit, there 

does not seem to be a compelling reason to use sequential room assignments. However, it could 

be considered for units four and six if the upper limit of the response times is close to the two 

minutes to prevent exceeding the two-minute criteria.  

While not having a significant practical impact on response time, the nurse-to-patient ratio 

contributes significantly to the variability of the system. After evaluating the upper 95th percentiles, 

each unit’s range of 1-to-2 and 1-to-5 nurse-to-patient ratio would meet the criteria. Even though 

a nurse-to-patient ratio of 1-to-2 would be optimal in response time, it is not practical or 

economically realistic for a hospital to implement. The range of 1-to-3 and 1-to-5 nurse-to-patient 
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ratio for each unit would meet the criteria practically and financially. However, the upper limits of 

the confidence interval for the 1-to-5 nurse-to-patient ratio are less than eight seconds from the 

two-minute maximum level, so it may be more optimal to use the 1-to-3 or 1-to-4 nurse-to-patient 

ratio.  

The other factor that was evaluated in this study was layout size. Of course, decreasing the 

layout size (i.e., increasing the nurses’ object speed) will significantly impact the response times. 

However, the maximum decrease in the response time when decreasing the layout was 6.39 

seconds. There is no good reason to reduce layout size, especially since it will not be realistic 

economically. 

The research’s real contribution has a model that predicts these rare events without 

impacting the existing system and identifies the key factors that affect response times. Given these 

results, we determined guidelines on the impact of specific setups and their effects on central 

telemetry monitoring systems. These guidelines need to be implemented in the existing system to 

evaluate the true impact of these recommendations. 
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Textile Recycling Binary Classification and Clustering Problem 
 Abstract 

This research investigates the performance of supervised machine learning algorithms to determine 

the critical factors for a textile recycling behavior model. Several machine learning classification 

techniques (i.e., Decision Tree, Linear Support Vector Machine, k-Nearest Neighbors, Random 

Forest Trees, and Gradient Boosting Decision Trees) are analyzed under different parameters and 

hyperparameters. All the machine learning models are generic and can easily be applied to other 

survey datasets and textile problems. This research also evaluates unsupervised learning models 

(i.e., K-Means Clustering) to identify similarities in demographic features based on purchasing 

decisions and textile recycling motivation. 

 Introduction 

In 2018, roughly 17 million tons of textiles (household, commercial, institutional, and industrial, 

except industrial process waste) were generated in the United States. Textile waste accounted for 

5.8 percent of the total 292.4 million tons of solid waste discarded. For all textiles, the recycling 

rate in 2018 was 14.7 percent. This is a total of 2.5 million tons of recycled textiles. According to 

the American Textile Recycling Service, the recycling rate for clothing and footwear and sheets 

and pillowcases in 2018 was 13.0 and 15.8 percent, respectively. U.S. households alone discarded 

approximately 14.5 million tons of textiles in 2018, which is 85.3% of total textile waste generated 

(US EPA, 2018).  Even though several factors cause textile waste, the primary source of textiles 

in municipal solid waste (MSW) is discarded clothing (US EPA, 2018). 

There are several contributing factors to the high rate of clothing disposal.  Millennials and 

Generation Z have a combined 139.29 million people (Duffin, 2020). They have a combined 
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buying power of $3 trillion, and they spend over 50% monthly on clothing, shoes, and accessories 

(YPulse, 2020).  To meet this demand, many brands and retailers use the “fast fashion” business 

model. Clothes are made quickly and cheaply. In “fast fashion,” clothing goes out of style quickly 

and is typically discarded into the landfill (O’Connor, 2017). The emphasis of this research is on 

clothing and shoe disposal. Diverting used clothing and shoes from landfills by motivating the 

consumer to recycle them can decrease the use of natural resources, reduce the need for costly 

landfills, and provide low-cost raw materials for production. 

There are many studies on textile recycling factors (Hawley, 2008; Leal Filho et al., 2019; 

Rezaei, Thoney-Barletta, & Joines, 2016), but to our knowledge, none have used machine learning 

algorithms to identify the most important factors. The current study addresses the gap in the 

literature on the use of machine learning to identify critical textile recycling factors. Data from a 

textile recycling survey conducted by Rezaei (2016) were obtained and analyzed. Rezaei (2016) 

analyzed her data using univariate analyses with limited multivariate analyses and no machine 

learning analyses.  Additionally, there is a lack of research analyzing the performance of different 

machine learning algorithms with real data using measures such as runtime, accuracy, and 

visualization.  

 Aims 

The aim of this research is fourfold. The first aim is to investigate the extent to which consumers 

recycle unwanted clothing and shoes and the impact of demographic features on this behavior. 

Most studies on attitudes toward clothing disposal used young females and students (Laitala, 2014; 

Norum, 2017). Thus, more research is needed on more heterogeneous samples. The second aim is 

to demonstrate the use of machine learning algorithms to analyze survey data. The third aim is to 
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cluster participants by motivational and purchasing decision factors related to textile recycling. 

The fourth aim is to interpret these clusters based on demographic factors. 

 Applying Supervised Learning Methods to Interpret Textile Recycling Behavior 

4.4.1. Methodology 

In this study, textile recycling is defined as any method of disposal other than direct disposal into 

the garbage, which includes donating, reusing, repurposing, and reselling textiles and giving them 

to friends and family (Rezaei, 2016). The emphasis of this research is on clothing and shoe 

disposal.  

4.4.1.1. Description of Rezaei (2016) Survey Dataset 

The data were collected on samples from three different populations using an electronic survey. 

The first sample contained college students majoring in textiles from a large research university in 

the southeast. The second sample consisted of college students majoring in engineering at the same 

university. The third sample contained members of the general population recruited through 

Qualtrics’ online panel service. The data set has 1054 useable surveys and approximately 40 

features, including demographic features (e.g., age, gender, education, income, ethnicity, marital 

status, dwelling type, and living arrangement), general recycling habits (e.g., paper, cardboard, 

glass, aluminum, electrics, and batteries), clothing and shoes recycling motivational features (e.g., 

helping the environment, financial benefits, helping others, convenience, awareness, and creating 

space), and purchasing decision features. A subset of features from Rezaei’s (2016) dataset was 

analyzed in the current study.  

The predictor (y) in this study is a binary classifier represented by question 14 in the survey, 

which asks whether the respondent recycled textiles or not. The predictor value, or class, is 0 if the 
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respondent chose “I do not currently donate/recycle/resell/repurpose textile products” and 1, 

otherwise. For this dataset, the predictor is very imbalanced. Imbalanced datasets are the case 

where one or more classes are under-represented in the data set (Chawla, Japkowicz, & Kotcz, 

2004). An imbalanced dataset occurs in many real-world classification tasks and has been a 

challenge for the data mining community (Yang & Wu, 2006). More details are provided in Section 

1.3.1.3.2. of Chapter 2. Validity and reliability evidence for the survey are detailed in Rezaei 

(2016). 

4.4.1.2. Samples 

There were three samples or participant types in this study: textile students, engineering students, 

and members of the U.S general population. Participants were asked a series of demographic 

questions in the first section of the survey. The majority of the respondents identified as female 

(i.e., 52.94% of respondents were female, while 46.30% were male). Approximately 87.48% of 

the participants were 18-24 because most of the surveys were sent to college students. The majority 

of all participants were Caucasian (74.67%), while 11.87% identified as Asian or Pacific Islander, 

5.69% as African American, 3.32% as Hispanic/Latino, 0.09% as Native American, and 4.36% as 

other/unknown. In terms of the highest education level completed, 9.77% of respondents had a 

professional or graduate degree and 2.18% had a bachelor’s degree (i.e., four years of college). In 

comparison, almost 80% had less than a bachelor’s degree. 94.88% of the participants were 

students. Among the participants, 90.32% were single, never married, and 72.37% of those 

participants were college students. Note that people above the age of 24 were purposely chosen 

for the general population survey to have more non-students for comparison. A little over half of 

the participants’ average household income was under $60,000. 82.45% of the respondents rented 

their residences, with 55.03% living in a dorm room, non-high-rise condo, or apartment.  
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Over 90% of every participant type recycles textiles.  When examining all participant types 

together, 96% of females recycled textiles compared to 84% of males. The highest number of 

participants were in the 18-24 age group, and 96% of them recycled textiles. Most of the 

participants were of Caucasian descent, and 94% of them recycled textiles. 92% of the participants 

that had some college education recycled textiles. Out of the participants who were employed by 

a company, unemployed, or students, at least 90% recycled textiles. Over 90% of the single 

participants recycle textiles. For those participants who had a household income in the range of 

$100,000 - $119,999, 98% of them recycled. Approximately 93% of the households with four 

members recycled textiles. Over 90% of participants recycled textiles for all living arrangements. 

Roughly 30% of the participants lived in a dorm room and 90% recycled textiles. See Appendix 

B.1. 

4.4.1.3. Bias 

Upon initial analysis of all demographic features, it was determined that many participants in the 

three samples were from the same or similar zip codes.  The zip codes were converted into 3-digit 

regional zip codes to determine if there were a variety of locations represented.  For all participants 

combined, most data were from region 276, with 706 data points out of 1054, as seen in Figure 

4.1. Zip code was skewed because the large student population was in the same region, region 276. 
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Figure 4.1: Count of Textile Recycling Behavior by Region. 

We isolated the U.S. general population data and found that most data were from region 276, with 

213 data points out 296. Therefore, the general population data sample was skewed and biased 

toward the North Carolina region, as seen in Figure 4.2. 
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Figure 4.2: Count of Textile Recycling Behavior by Region for General U.S. Population. 

4.4.1.4. Roadmap of Machine Learning Analyses 

The data analyses in the results section follow the roadmap described below in Figure 4.3 and are 

performed using Python. Chapter 2 describes each step of the analysis in detail.  

1) Data pre-processing 
2) Encoding 
3) Feature scaling 
4) Sampling 
5) Evaluation of training data models using accuracy and F1 scores 

a. Decision Tree 
b. Linear Support Vector Classifier (Linear SVC) 
c. K-Nearest Neighbor (KNN) 
d. Gradient Boosting Decision Trees (GBDT) 
e. Random Forest Trees 

6) Feature selection 
7) Evaluation of testing data models using accuracy and F1 scores 

a. Decision Tree 
b. Linear Support Vector Classifier (Linear SVC) 
c. K-Nearest Neighbor (KNN) 
d. Gradient Boosting Decision Trees (GBDT) 
e. Random Forest Trees 

Figure 4.3: Classification Data Analysis Roadmap. 
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4.4.1.5. Definition of Terms 

The following are terms used in the Results section. 

Table 4.1: Classification Data Analysis Terms. 

Data Frame A data structure, typically in the shape of a 2-dimensional matrix, that stores 
values (i.e., integers, strings, etc.) with labels axes (i.e., rows and columns). 
The term is commonly used in the “pandas” library. 

Variables Names of the data frames. 
Features (X) The individual descriptive attributes used to make predictions for the model 

are also referred to as “inputs” or “attributes.” 
Predictor (y) The outcome of the model is also referred to as “output,” “target,” “class,” 

or “label.” 
Data Point refers to one participant’s survey responses. 
Feature 
Importance 

A normalized percentage based on the importance of the input on a metric 
(i.e., F1 score or accuracy). It is always positive because it is normalized, 
and all the values add up to one. 

Permutation 
Feature 
Importance 

The model inspection technique used for any fitted estimator when the data 
is tabular. It is an approximate percentage that a metric will decrease if a 
feature is removed. 

4.4.2. Results 

4.4.2.1. Data Preprocessing 

The data were provided in three different CSV files. Each file contained information from the three 

different samples (i.e., students in the College of Textiles, the College of Engineering, and the 

general U.S. population). There were 332 College of Textiles students, 481 College of Engineering 

students, and 298 participants from the general U.S. population.  

The first step of data pre-processing is to import the data. The data were imported using 

the ‘pandas’ library, which also converted the files into DataFrames. The three files were stored in 

three different variables named ‘textileData,’ ‘engData,’ and ‘genData,’ using the ‘read_csv’ 

function. Since the ‘textileData’ and ‘engData’ variables had the same number of columns and 

data types, these variables were concatenated into one DataFrame (i.e., ‘textile_engData’) for more 

efficient data manipulation.  
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The data types in ‘textile_engData’ were slightly different from the data types in ‘genData’, 

which is classified as unclean data. Therefore, to get the U.S. general population DataFrame (i.e., 

‘genData’) in a similar format to ‘textile_engData,’ some columns were converted to the same data 

types as in ‘textile_engData’ The responses to questions 21, 23, and 28 of the survey were 

converted to numerical results using an encoding function (e.g., Strongly Agree => Strongly 

Disagree to 5 => 1). Then, the new ‘genData’ DataFrame was concatenated with the 

‘textile_engData’ DataFrame using a similar approach to create the combined dataset used for the 

future analysis called ‘combData.’ 

The predictor (y) for this data is a binary classifier represented a new column to ‘combData’ 

DataFrame called ‘class with the predictor value as zero for “I do not currently 

donate/recycle/resell/repurpose textile products” and one otherwise. In the ‘combData’ 

DataFrame, participants’ age had different formats (i.e., 25 and 25-34), which were converted to 

the same data type (i.e., age group) using the conversion in Table 4.2. 

Table 4.2: Label Encoding for Age Groups. 

Age Found Encoded Value 
18-24 18 
25-34 25 
35-44 35 
45-54 45 
55-64 55 
65+ 65 

 

When dealing with real-world data, especially survey data, there is a possibility of error in 

user input. Therefore, a few assumptions were made about the data. If the participant did not 

answer the question “Please indicate the most common way you usually recycle the following 

materials at home,” then the survey was considered incomplete. Out of the 1111 surveys, 49 were 

deemed incomplete and not usable. Also, there were errors in the input of zip codes, so if the values 
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did not have five digits, the survey was considered invalid, which removed eight more surveys 

from the dataset. 

There was a total of 1054 completed, usable surveys to use for the predictive model. A 

total of 7412 North Carolina State University students (i.e., 1178 from the College of Textiles and 

6234 from the College of Engineering) were sent the survey electronically and resulted in 758 

usable surveys (i.e., 315 from the College of Textiles and 443 from the College of Engineering). 

Also, a total of 296 usable surveys were completed by the general U.S. population. The majority 

of all participants recycled textiles (i.e., 90.7% of participants recycled textiles). See Table 4.3 for 

a breakdown by participant type.  

Table 4.3: Model Predictor by Participant Type. 

Class Textile Engineering General 
Population 

Class 1: Textile Recycle 287 400 269 
Class 0: Do Not Recycle 28 43 27 

4.4.2.1.1. Encoding Data 

In this study, “LabelEncoder” was used to encode the 12 demographic features, which resulted in 

no additional features being added to the data set.   

4.4.2.1.2. Feature Scaling 

When the range of data values is wide, feature or data scaling becomes necessary in data pre-

processing. There are two methods for addressing this. Feature scaling, also known as data 

normalization, is one method, and standardization is the other. The current study compares 

normalization and standardization scaling to determine which scaling methods work best for 

specific algorithms.  Scaling is recommended before model fitting when testing gradient descent 

based (i.e., linear regression and logistic regression) and distance-based algorithms (i.e., KNN and 
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support vector machine (SVM)) because these are not scaled invariant. Tree-based algorithms (i.e., 

decision trees and random forest trees) are relatively insensitive to the scaling of the features, so 

scaling is not an issue. See Appendix B.4.  

4.4.2.1.3. Definition of Features 

The survey’s demographic section (see Questions 1-11, Appendix B.1 for Rezaei (2016) Survey 

Questions) provided the data to address the first research aim, which was to determine if consumer 

demographics have any relationship with consumer’s clothing and shoe disposal behavior. The 

following demographic in Table 4.4 features are used in the models. 

Table 4.4: Demographic Features Used in the Machine Learning Algorithms. 

Participant type The source of the data collected (i.e., students in the College of Textiles, the 
College of Engineering, and the general U.S. population) 

Zip code A 5-digit postal code used by the United States Postal Service (USPS) to 
determine the region the participants are located (i.e., 27707) 

Age The range of values that represent the length of time that a participant has 
lived (i.e., 18-24) 

Ethnicity A named race of people who identify with each other (e.g., Black or African 
American) 

Gender The range of characteristics pertaining to and differentiating between 
identities (i.e., Male or Female) 

Education The level of schooling a participant has completed 
Occupation Current job or professional status of a participant (e.g., unemployed) 

Marital status A participant’s state of being single, married, separated, divorced, or 
widowed 

Household income The sum of annual salaries of the current people living in the household 
The current number of 

household members The number of people currently living in the house of the participant 

Living arrangement Ownership of the participants current living situation (i.e., Rent or Own) 
Types of dwelling The current type of residence a participant is living in (e.g., house) 

 

See Appendix B.5 for the initial analysis for demographics features.  
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4.4.2.2. Machine Learning 

Generally, machine learning techniques can be divided into three common categories, supervised 

unsupervised, and reinforcement. The goal of supervised learning is to optimally predict a 

dependent variable (also referred to as “label,” “output,” “target,” or “class”) as a function of a 

range of independent variables (also referred to as “features,” “inputs” or “attributes”). Ordinary 

least squares regression is a typical example of supervised machine learning with which survey 

and social scientists are familiar.  This technique relies on a single continuous predictor (i.e., 

dependent variable) and seeks to determine the best linear fit between the predictor and the features 

(i.e., multiple independent variables). On the other hand, unsupervised learning has no specific 

predictor, and these methods focus on detecting patterns to determine similarities of data points 

within a dataset. Hierarchical cluster analysis (also known as segmentation) is one of the most 

common unsupervised methods for social scientists and market researchers. Opposite from 

regression analysis, the purpose of this algorithm is in understanding if there are combinations of 

variables (e.g., demographics) that can segment, or group sets of survey participants, customers, 

or members of another group, class, or city. The final output of this approach is the actual 

groupings of the data points based on similarities within a data set. A similarity function is 

generally used to determine the grouping (Buskirk, Kirchner, Eck, & Signorino, 2018). There are 

not many examples of reinforcement learning on survey data which demonstrates that it is not 

typically used on survey data. 

Therefore, since the dataset in the current study is labeled, supervised machine learning 

algorithms are suitable for addressing the current study’s problem. In the following few sections, 

several supervised learning algorithms are examined. This is followed by analyzing the survey 
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data with different machine learning algorithms and comparing the results to determine the best 

model. 

4.4.2.2.1. Model Algorithm Selection 

The ‘sklearn’ library has many predictive model algorithms. Several can be used for a given 

dataset—there is much ongoing research to determine the best models for different data types. In 

the textile industry, there is much research on the comparison of classification methods (Yildirim, 

Birant, & Alpyildiz, 2018). However, there are very few comparisons on classification methods 

on survey data.  The ‘sklearn’ has a valuable resource that helps narrow down the machine learning 

algorithm selection, shown in Figure 2.37. These characteristics led to the five model algorithms 

evaluated and compared in this study: ‘LinearSVC’ (Linear Support Vector Classifier), 

‘KNeighborsClassifier’ (k-Nearest Neighbors), ‘Ensemble Classifiers’ (i.e., ‘Gradient Boosting 

Decision Trees’ and ‘Random Forest Trees’) and Decision Trees. This study used accuracy, F1 

scores, and runtime to identify the best model. 

4.4.2.2.2. Training, Validation, and Testing 

The data were split into three data sets: training, validation, and testing. The training data is the 

initial set of data used to predict a model that learns and understands the raw data. The validation 

data are a sample of the dataset used to evaluate the model. The test data are the unseen data used 

to evaluate the trained model’s performance. For this study, 80% of the data were included in the 

training dataset, and 20% of the data were left for testing. The 80/20 split is a standard split. Table 

4.5 summarizes the number of observations in each data set.  

Since this dataset is relatively small, cross-validation was performed to assess model 

effectiveness. It trains the models on several subsets (i.e., folds) of the input (features) data and 
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compares them to determine the most robust model which minimizes overfitting. One of the most 

common methods is K-Fold cross-validation. Stratified K-Fold is a modified version of K-Fold to 

assist with imbalanced data sets by allowing each fold to have the same percentage of samples for 

each class. With cross-validation, the original training data is used both for training and validation. 

Table 4.5: Data Split with 80% Training and 20% Testing. 

80/20 Split # of Data Points 
Training 844 

Validation CV (Folds = 3 to 10) * 
Test 201 

*  The range of folds were evaluated 
Training Dataset. 

Since the focus of this study is to predict textile recycling behavior and identify the critical features 

in textile recycling, the predictor for this model is ‘class’ (i.e., zero, if “I do not currently 

donate/recycle/resell/repurpose textile products” and one, otherwise). Survey questions 1-11 

provide information on 12 demographic features: 'Participant Type', ' ZIP code', 'Gender', 'Age', 

'Ethnicity', 'Education', 'Occupation', 'Marital status', 'Household income', 'Current number of 

household members', 'Living arrangement', and 'Type of dwelling'. The machine learning 

algorithm needs inputs and an output to train the dataset. As stated previously, the inputs are 

features, and the output is the predictor. The DataFrame shapes of the input (X) and output (y) for 

training and validation are 844 by 12 and 844 by 1.  

Sampling Techniques. 

For imbalanced datasets, resampling techniques are used to reduce the imbalance. They consist of 

either removing observations from the majority class (i.e., under-sampling) or adding more 

observations to the minority class (i.e., over-sampling). Different over-sampling percentages (i.e., 

the minority class data points were randomly duplicated to match 75%, 50%, or 25% of the total 
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majority class data points) were evaluated to determine the over-sampling impact. See Appendices 

B.47 and B.48 for all the results.  Table 4.6 shows how the training data were affected by the 

sampling techniques. 

Table 4.6: Model Predictor by Sample Technique. 

Sampling Type Class 1: Textile Recycle Class 0: Do Not Recycle 
Original 768 75 

Over-sample 768 768 
Under-sample 75 75 

4.4.2.3. Model Performance Evaluation for Training Data    

In the current study, four principal components were manipulated when building the models: (1) 

sampling technique (i.e., original, over-sampled, and under-sampled), (2) cross-validation method 

(i.e., K-Fold and Stratified K-Fold), (3) feature scaling (i.e., normalized and standardized), and (4) 

hyperparameters (i.e., K and learning rate). Hyperparameters can be tuned to improve the model 

for the testing data. Table 4.7 summarizes the hyperparameter values used for each model 

algorithm in this study. KNN and GDBT models were evaluated using accuracy and F1 scores. 

Decision tree and random forest models used the Gini index and entropy, and the resulting models 

were evaluated using accuracy and F1 scores. For the Linear SVC model, the “max_iter” parameter 

changed from the default value of 100 to the number of training data points multiplied by ten, 

giving the Linear SVC algorithm more time to converge to an optimal solution if necessary. By 

using accuracy and F1 scores, the best parameter and hyperparameter settings for each model were 

identified.  
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Table 4.7: Description of Model Algorithms Hyperparameters. 

Model Algorithm Hyperparameters Values 
Decision Tree Misclassification Gini Index or Entropy 

KNN ‘K’ 2 to 10 
Linear SVC N/A N/A 

GBDT Learning Rate 0.01 to 0.1 
Random Forest Misclassification Gini Index or Entropy 

 

The following three sections summarize the results when manipulating all four major 

components for original, over-sampled, and under-sampled data. The summaries contain the best 

model for a particular algorithm. For example, KNN models were run using all possible 

combinations of the four major components: K varied from two to ten on normalized and 

standardized data using both K-Fold and Stratified K-Fold cross-validation where K ranged from 

three to 25. The procedure was applied to all three sampling methods. The best model, identified 

by accuracy and F1 score, is discussed and seen in the graphs in the summaries below. The details 

of the best models are at the end of this section in Table 4.8. For comparison purposes, the table 

includes several models when accuracy and F1 scores were close. 

4.4.2.3.1. Original Training Data. 

The training accuracy, F1 scores, and associated standard deviations for the five supervised 

machine learning algorithms under K-Fold and Stratified K-Fold cross-validation techniques on 

the original data are shown in  

Figure 4.4. The Random Forest model with Stratified K-Fold cross-validation was better than other 

models at 92% accuracy. The Decision Tree with Stratified K-Fold had the lowest accuracy at 89% 

and generated the highest F1 score out of all the supervised models at approximately 69%. The 

next highest F1 score was for Random Forest with Stratified K-Fold at 68%. The F1 scores had 
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higher standard deviations than the accuracy values. From these results, Stratified K-Fold cross-

validation slightly outperformed K-Fold cross-validation for all models except Linear SVC. 

 

Figure 4.4: Accuracy and F1 Score of Supervised Learning Models by Cross-Validation 
Techniques for Original Training Data. 

4.4.2.3.2. Over-sampled Training Data. 

The training accuracy, F1 scores and associated standard deviations for the five supervised learning 

models under K-Fold and Stratified K-Fold cross-validation techniques on the over-sampled data 

are shown in Figure 4.5. Random Forest had the best accuracy and F1 scores out of all the models 

at around 98% for both Stratified K-Fold and K-Fold, with Decision Tree being close behind with 

accuracy and F1 scores of 96% for both Stratified K-Fold and K-Fold cross-validation. Linear 

SVC was the worst performing model with an accuracy value and F1 score of 64% for Stratified 

K-Fold and 63% for K-Fold cross-validation. The standard deviation was pretty similar across 

models for accuracy. F1 scores varied slightly across models.  
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Figure 4.5: Accuracy and F1 Score of Supervised Learning Models by Cross-Validation 

Techniques for Training Data using Over-sampling Method. 

4.4.2.3.3. Under-sampled Training Data. 

The training accuracy, F1 scores, and associated standard deviations for the five supervised 

learning models under K-Fold and Stratified K-Fold cross-validation techniques on the under-

sampled data are shown in Figure 1.50. GBDT and Random Forest models had the highest training 

accuracy and F1 scores. GBDT had an accuracy value and F1 score of 74% for Stratified K-Fold 

cross-validation. Random Forest had an accuracy value and F1 score of 73% for Stratified K-Fold 

cross-validation. Stratified K-Fold cross-validation had slightly higher accuracy and F1 scores than 

K-Fold cross-validation for the tree-based models. The standard deviations were above .05 for the 

majority of the models.  
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Figure 4.6:  Accuracy and F1 Score of Supervised Learning Models by Cross-Validation 

Techniques for Training Data using Under-sampling Method. 

Table 4.8 provides details of the best-supervised learning models for each algorithm for the 

training data.   

Table 4.8: Summary of Supervised Learning Models using the Training Data for 
Demographic Factors. 

Model Sampling 
Type Type of Data CV Fold 

Type 
Number of 

Folds Criteria 
Training 

Accuracy ± 
STD 

Training F1 
Score ± STD 

Linear SVC Original Normalize Stratified K-
Fold 24 N/A 91 ± 0.008% 48 ± 0.002% 

Linear SVC Original Normalize K-Fold 25 N/A 91 ± 0.051% 52 ± 0.143% 

Linear SVC Original Standardize Stratified K-
Fold 24 N/A 91 ± 0.008% 48 ± 0.002% 

Linear SVC Original Standardize K-Fold 25 N/A 91 ± 0.051% 52 ± 0.143% 

K-Nearest 
Neighbor (k-

NN) 
Original Normalize Stratified K-

Fold 12 8 90 ± 0.038% 57 ± 0.068% 

K-Nearest 
Neighbor (k-

NN) 
Original Normalize K-Fold 6 6 90 ± 0.041% 57 ± 0.037% 

K-Nearest 
Neighbor (k-

NN) 
Original Standardize Stratified K-

Fold 12 3 90 ± 0.034% 59 ± 0.059% 

K-Nearest 
Neighbor (k-

NN) 
Original Standardize K-Fold 5 5 90 ± 0.035% 58 ± 0.061% 

Decision Tree Original Original Stratified K-
Fold 22 Entropy 90 ± 0.042% 68 ± 0.107% 

Decision Tree Original Original K-Fold 16 Gini 89 ± 0.03% 65 ± 0.109% 
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Table 4.8: (continued). 

Gradient 
Boosting Original Normalize Stratified K-

Fold 14 0.02 92 ± 0.014% 63 ± 0.081% 

Gradient 
Boosting Original Normalize K-Fold 4 0.1 92 ± 0.014% 62 ± 0.06% 

Gradient 
Boosting Original Standardize Stratified K-

Fold 14 0.02 92 ±  0.014% 63 ±  0.081% 

Gradient 
Boosting Original Standardize K-Fold 4 0.1 92 ± 0.014% 62 ± 0.06% 

Random 
Forest Original Original Stratified K-

Fold 8 Gini 93 ± 0.017% 68 ± 0.059% 

Random 
Forest Original Original K-Fold 5 Gini 92 ± 0.015% 65 ± 0.05% 

Linear SVC Over-sample Normalize Stratified K-
Fold 4 N/A 68 ± 0.026% 68 ± 0.026% 

Linear SVC Over-sample Normalize K-Fold 4 N/A 68 ± 0.019% 68 ± 0.02% 

Linear SVC Over-sample Standardize Stratified K-
Fold 4 N/A 68 ± 0.025% 68 ± 0.025% 

Linear SVC Over-sample Standardize K-Fold 4 N/A 68 ± 0.019% 68 ± 0.02% 

K-Nearest 
Neighbor (k-

NN) 
Over-sample Normalize Stratified K-

Fold 20 2 88 ± 0.04% 87 ± 0.042% 

K-Nearest 
Neighbor (k-

NN) 
Over-sample Normalize K-Fold 23 2 88 ± 0.043% 87 ± 0.047% 

K-Nearest 
Neighbor (k-

NN) 
Over-sample Standardize Stratified K-

Fold 23 2 88 ± 0.043% 87 ± 0.044% 

K-Nearest 
Neighbor (k-

NN) 
Over-sample Standardize K-Fold 25 2 88 ± 0.053% 88 ± 0.059% 

Decision Tree Over-sample Original Stratified K-
Fold 9 Entropy 97 ± 0.012% 97 ± 0.013% 

Decision Tree Over-sample Original K-Fold 21 Gini 97 ± 0.019% 97 ± 0.02% 

Gradient 
Boosting Over-sample Normalize Stratified K-

Fold 23 0.1 84 ± 0.044% 84 ± 0.046% 

Gradient 
Boosting Over-sample Normalize K-Fold 7 0.09 84 ± 0.035% 84 ± 0.037% 

Gradient 
Boosting Over-sample Standardize Stratified K-

Fold 23 0.1 84 ± 0.045% 84 ± 0.046% 

Gradient 
Boosting Over-sample Standardize K-Fold 7 0.09 84 ± 0.035% 84 ± 0.037% 

Random 
Forest Over-sample Original Stratified K-

Fold 18 Gini 98 ± 0.011% 98 ± 0.011% 

Random 
Forest Over-sample Original K-Fold 12 Gini 98 ± 0.011% 98 ± 0.011% 

Linear SVC Under-sample Normalize Stratified K-
Fold 3 N/A 64 ± 0.043% 64 ± 0.043% 

Linear SVC Under-sample Normalize K-Fold 4 N/A 65 ± 0.058% 65 ± 0.058% 

Linear SVC Under-sample Standardize Stratified K-
Fold 20 N/A 65 ± 0.134% 64 ± 0.135% 

Linear SVC Under-sample Standardize K-Fold 4 N/A 67 ± 0.021% 66 ± 0.019% 

K-Nearest 
Neighbor (k-

NN) 
Under-sample Normalize Stratified K-

Fold 6 8 68 ± 0.094% 67 ± 0.1% 

K-Nearest 
Neighbor (k-

NN) 
Under-sample Normalize K-Fold 9 7 68 ± 0.129% 67 ± 0.135% 
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Table 4.8: (continued). 

K-Nearest 
Neighbor (k-

NN) 
Under-sample Standardize Stratified K-

Fold 3 10 64 ± 0.047% 64 ± 0.049% 

K-Nearest 
Neighbor (k-

NN) 
Under-sample Standardize K-Fold 19 2 64 ± 0.201% 61 ± 0.217% 

Decision Tree Under-sample Original Stratified K-
Fold 13 Gini 72 ± 0.114% 71 ± 0.121% 

Decision Tree Under-sample Original K-Fold 19 Gini 67 ± 0.179% 65 ± 0.177% 

Gradient 
Boosting Under-sample Normalize Stratified K-

Fold 17 0.06 74 ± 0.157% 73 ± 0.165% 

Gradient 
Boosting Under-sample Normalize K-Fold 19 0.06 72 ± 0.142% 71 ± 0.15% 

Gradient 
Boosting Under-sample Standardize Stratified K-

Fold 17 0.06 74 ± 0.157% 73 ± 0.164% 

Gradient 
Boosting Under-sample Standardize K-Fold 19 0.06 72 ± 0.142% 71 ± 0.15% 

Random 
Forest Under-sample Original Stratified K-

Fold 19 Gini 74 ± 0.115% 73 ± 0.119% 

Random 
Forest Under-sample Original K-Fold 25 Gini 71 ± 0.224% 69 ± 0.237% 

4.4.2.4. Feature Selection: Permutation Feature Importance and Feature Importance (F1 

Score) 

The ‘sklearn’ feature importance attribute is used to identify the essential features for a particular 

model. Permutation feature importance does a similar thing but uses a permutation technique. The 

‘sklearn’ feature importance attribute is biased toward high cardinality. There is no feature 

importance value for the support vector machine, so coefficients of variables are used.  In this 

study, the three approaches were used to determine the most important features.  

4.4.2.4.1. Feature Selection using Original Data 

The permutation feature importance (F1 score) and associated standard deviation were compared 

for the Decision Tree, KNN, GBDT, and Random Forest models on the original training data. For 

the Decision Tree, the essential feature was household income. The permutation importance plot 

shows that permuting the household income feature would drop the F1 score by 0.36. Gender was 

the most important feature of the KNN model. The F1 score would drop by at most 0.2 if the 

gender feature were permuted. Marital status and ethnicity were relatively close in importance for 
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the GBDT model. Both of their permutation importance values were approximately 0.22. 

Ethnicity, type of dwelling, and gender were the top three important features for the Random Forest 

Model. All of their permutation importance values were above 0.13. Gender was in the top four 

features for all the models. The feature importance and associated standard deviation for Decision 

Tree, GBDT, and Random Forest Models on the original training data were compared. Zip code 

was the most important feature for the Decision and Random Forest tree models. Both of their 

feature importance values were above 0.17. For the GBDT model, ethnicity was the most 

important, with a value of 0.28. Zip code was one of the most important four features for all the 

models. 

4.4.2.4.2. Feature Selection using Over-sampled Data 

The permutation feature importance (F1 score) and associated standard deviation were compared 

for the Decision Tree, KNN, GBDT, and Random Forest models on the over-sampled training 

data. For the Decision Tree, the most important feature was Household income. The permutation 

importance plot shows that permuting the household income feature would drop the F1 score by 

at most 0.25. The current number of household members was the most important feature of the 

KNN model. The F1 score would drop by at most 0.21 if this feature were permuted. Ethnicity 

was the most important feature of the GBDT and Random Forest Model. Both permutation 

importance values were above 0.17. Gender was in the top four features for all the models along 

with the current number of household members. 

The feature importance and associated standard deviation for Decision Tree, GBDT, and 

Random Forest Models on the over-sampled training data were compared. Ethnicity was the most 

important feature for the Decision tree and GBDT models. Both of their importance values were 

above 0.17. The importance value for ethnicity for the GBDT was 0.31. For the Random Forest 
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model, zip code was the most important feature, and the importance value is 0.17. Zip code was in 

the top four features for all the models. Gender is second in importance for two out of the three 

models.  

4.4.2.4.3. Feature Selection using Under-sampled Data 

The permutation feature importance (F1 score) and associated standard deviation were compared 

for the Decision Tree, KNN, GBDT, and Random Forest models on the under-sampled training 

data. For all the models, the most important feature was gender. For all models, the permutation 

importance plot shows that permuting gender would drop the F1 score by at most 0.21. The 

occupation had the lowest importance. Gender was in the top four features for all the models. 

The feature importance and associated standard deviation for Decision Tree, GBDT, and 

Random Forest Models on the over-sampled training data were compared. Decision Tree, GBDT, 

and Random Forest’s top features were household income, ethnicity, and zip code, respectively. 

All their importance values were above 0.14. Gender and zip code were in the top four features for 

all the models.  

4.4.2.4.4. Feature Selection for Linear SVC using Coefficients 

For the original data, gender had the largest coefficient in absolute value for all the models and 

the largest negative coefficient. This signifies that as the gender feature increases, the textile 

recycling predictor tends to decrease by at least 0.25. The largest positive coefficients for original, 

over-sampling, and under-sampling techniques were marital status, current number of household 

members, and education, respectively. These coefficients were all greater than 0.16.  
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4.4.2.5. Model Performance Evaluation for Testing Data    

As stated before, 20% of the data were split off to evaluate the training model’s final performance 

on unseen data. For the training dataset using demographic factors, the average accuracy of the 

models was approximately 90%, which indicates the demographic features are doing a good job 

predicting if an individual recycles textiles.  

4.4.2.5.1. Original Testing Data. 

Figure 4.7 shows the testing accuracy and F1 scores for the five supervised machine learning 

algorithms for the different cross-validation techniques on the original data. For testing accuracy, 

all models performed very similarly. Decision Tree with Stratified K-Fold cross-validation slightly 

outperformed the other models at 90% accuracy. Decision Tree also had the highest F1 score out 

of all the supervised model at 73%. 

 
Figure 4.7: Accuracy and F1 Score of Supervised Learning Models by Cross-Validation 

Techniques for Original Testing Data. 

4.4.2.5.2. Over-sampled Testing Data. 

The testing accuracy and F1 scores for the five supervised machine learning algorithms for the 

different cross-validation techniques on the over-sampled data are shown in Figure 4.8. Using 
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testing accuracy and F1 scores, Random Forest had the highest accuracy and F1 score out of all 

the models at 92% and 76%, respectively, with Decision Tree being a close second with accuracy 

and F1 scores of 89% and 70%, respectively. The bar charts’ shapes are almost identical, although 

the maximum value for accuracy is around 90% versus 75% for the F1 score. 

 
Figure 4.8: Accuracy and F1 Score of Supervised Learning Models by Cross-Validation 

Techniques for Testing Data using Oversampling Method. 

4.4.2.5.3. Under-sampled Testing Data. 

The testing accuracy and F1 score for the five supervised machine learning algorithms for the 

different cross-validation techniques on the under-sampled data are shown in Figure 1.109. For 

testing accuracy and F1 scores, Decision Tree outperformed the other models with the best 

accuracy and F1 score out of all the models at 71% and 61%, respectively. The bar charts’ shapes 

are almost identical, although the maximum value for accuracy is around 71% versus 61% for the 

F1 score. 
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Figure 4.9: Accuracy and F1 Score of Supervised Learning Models by Cross-Validation 

Techniques for Testing Data using Under-sampling Method. 

Table 4.9 provides details of the best-supervised learning models for each algorithm for the testing 

data.   

Table 4.9: Summary of Supervised Learning Models using the Testing Data for 
Demographic Factors. 

Model Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

Number 
of Folds Criteria Testing 

Accuracy 
Testing 

F1 Score 
Linear 
SVC Original Normalize Stratified 

K-Fold 24 N/A 89% 47% 

Linear 
SVC Original Normalize K-Fold 25 N/A 89% 47% 

Linear 
SVC Original Standardize Stratified 

K-Fold 24 N/A 89% 47% 

Linear 
SVC Original Standardize K-Fold 25 N/A 89% 47% 

K-Nearest 
Neighbor 
(k-NN) 

Original Normalize Stratified 
K-Fold 12 8 89% 51% 

K-Nearest 
Neighbor 
(k-NN) 

Original Normalize K-Fold 6 6 89% 57% 

K-Nearest 
Neighbor 
(k-NN) 

Original Standardize Stratified 
K-Fold 12 3 87% 53% 

K-Nearest 
Neighbor 
(k-NN) 

Original Standardize K-Fold 5 5 89% 51% 

Decision 
Tree Original Original Stratified 

K-Fold 22 Entropy 90% 73% 
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Table 4.9: (continued). 

Decision 
Tree Original Original K-Fold 16 Gini 89% 67% 

Gradient 
Boosting Original Normalize Stratified 

K-Fold 14 0.02 89% 51% 

Gradient 
Boosting Original Normalize K-Fold 4 0.1 89% 54% 

Gradient 
Boosting Original Standardize Stratified 

K-Fold 14 0.02 89% 51% 

Gradient 
Boosting Original Standardize K-Fold 4 0.1 89% 54% 

Random 
Forest Original Original Stratified 

K-Fold 8 Gini 89% 57% 

Random 
Forest Original Original K-Fold 5 Gini 89% 57% 

Linear 
SVC Over-sample Normalize Stratified 

K-Fold 4 N/A 57% 47% 

Linear 
SVC Over-sample Normalize K-Fold 4 N/A 56% 46% 

Linear 
SVC Over-sample Standardize Stratified 

K-Fold 4 N/A 57% 47% 

Linear 
SVC Over-sample Standardize K-Fold 4 N/A 57% 47% 

K-Nearest 
Neighbor 
(k-NN) 

Over-sample Normalize Stratified 
K-Fold 20 2 79% 61% 

K-Nearest 
Neighbor 
(k-NN) 

Over-sample Normalize K-Fold 23 2 80% 61% 

K-Nearest 
Neighbor 
(k-NN) 

Over-sample Standardize Stratified 
K-Fold 23 2 82% 65% 

K-Nearest 
Neighbor 
(k-NN) 

Over-sample Standardize K-Fold 25 2 82% 65% 

Decision 
Tree Over-sample Original Stratified 

K-Fold 9 Entropy 89% 70% 

Decision 
Tree Over-sample Original K-Fold 21 Gini 89% 69% 

Gradient 
Boosting Over-sample Normalize Stratified 

K-Fold 23 0.1 81% 66% 

Gradient 
Boosting Over-sample Normalize K-Fold 7 0.09 78% 62% 

Gradient 
Boosting Over-sample Standardize Stratified 

K-Fold 23 0.1 81% 66% 

Gradient 
Boosting Over-sample Standardize K-Fold 7 0.09 78% 62% 

Random 
Forest Over-sample Original Stratified 

K-Fold 18 Gini 92% 76% 

Random 
Forest Over-sample Original K-Fold 12 Gini 91% 73% 
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Table 4.9: (continued). 

Linear 
SVC 

Under-
sample Normalize Stratified 

K-Fold 3 N/A 57% 47% 

Linear 
SVC 

Under-
sample Normalize K-Fold 4 N/A 54% 45% 

Linear 
SVC 

Under-
sample Standardize Stratified 

K-Fold 20 N/A 54% 45% 

Linear 
SVC 

Under-
sample Standardize K-Fold 4 N/A 54% 44% 

K-Nearest 
Neighbor 
(k-NN) 

Under-
sample Normalize Stratified 

K-Fold 6 8 49% 44% 

K-Nearest 
Neighbor 
(k-NN) 

Under-
sample Normalize K-Fold 9 7 60% 49% 

K-Nearest 
Neighbor 
(k-NN) 

Under-
sample Standardize Stratified 

K-Fold 3 10 57% 50% 

K-Nearest 
Neighbor 
(k-NN) 

Under-
sample Standardize K-Fold 19 2 36% 35% 

Decision 
Tree 

Under-
sample Original Stratified 

K-Fold 13 Gini 69% 57% 

Decision 
Tree 

Under-
sample Original K-Fold 19 Gini 71% 61% 

Gradient 
Boosting 

Under-
sample Normalize Stratified 

K-Fold 17 0.06 65% 55% 

Gradient 
Boosting 

Under-
sample Normalize K-Fold 19 0.06 67% 57% 

Gradient 
Boosting 

Under-
sample Standardize Stratified 

K-Fold 17 0.06 65% 55% 

Gradient 
Boosting 

Under-
sample Standardize K-Fold 19 0.06 67% 56% 

Random 
Forest 

Under-
sample Original Stratified 

K-Fold 19 Gini 64% 55% 

Random 
Forest 

Under-
sample Original K-Fold 25 Gini 65% 55% 

4.4.3. Best Overall Models 

This section will discuss the final results found through model training and testing. A summary of 

the top three models for each algorithm will be presented. In each case, the model’s key features 

will be described, as these are the critical factors in textile recycling. This section will conclude 

with the optimal model, including the key features, for this dataset.  Table 4.10 includes a summary 

of the best overall models for demographic factors. 
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Table 4.10: Summary of Best Overall Model Metrics for Demographic Factors. 

Model Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

# of 
Folds 

Criteri
a 

Trai
ning 
Acc
urac

y 

Trainin
g F1 

Score 

Testing 
Accura

cy 

Testin
g F1 

Score 

Total 
Run 
Time 
(secs) 

Linear 
SVC Original Normalize K-Fold 25 N/A 91% 52% 89% 47% 0.65 

K-Nearest 
Neighbor 
(k-NN) 

Original Standardiz
e 

Stratified 
K-Fold 12 3 89% 59% 87% 53% 0.21 

Decision 
Tree Original Original Stratified 

K-Fold 22 Entropy 90% 67% 90% 73% 0.39 

Gradient 
Boosting Original Normalize Stratified 

K-Fold 14 0.02 93% 63% 89% 51% 2.23 

Random 
Forest Original Original Stratified 

K-Fold 8 Gini 93% 68% 89% 57% 1.44 

Linear 
SVC 

Over-
sample Normalize K-Fold 4 N/A 68% 68% 56% 46% 0.07 

K-Nearest 
Neighbor 
(k-NN) 

Over-
sample 

Standardiz
e 

Stratified 
K-Fold 23 2 88% 88% 82% 65% 0.24 

Decision 
Tree 

Over-
sample Original Stratified 

K-Fold 9 Entropy 97% 97% 89% 70% 0.06 

Gradient 
Boosting 

Over-
sample Normalize K-Fold 7 0.09 84% 84% 78% 62% 1.00 

Random 
Forest 

Over-
sample Original Stratified 

K-Fold 18 Gini 98% 98% 92% 76% 4.50 

Linear 
SVC 

Under-
sample 

Standardiz
e K-Fold 4 N/A 70% 69% 54% 44% 0.04 

K-Nearest 
Neighbor 
(k-NN) 

Under-
sample Normalize K-Fold 9 7 68% 67% 60% 49% 0.07 

Decision 
Tree 

Under-
sample Original Stratified 

K-Fold 13 Gini 72% 71% 69% 57% 0.01 

Gradient 
Boosting 

Under-
sample Normalize Stratified 

K-Fold 17 0.06 74% 73% 65% 55% 1.75 

Random 
Forest 

Under-
sample Original Stratified 

K-Fold 19 Gini 74% 73% 64% 55% 3.54 

4.4.3.1. Linear Support Vector Classifier (Linear SVC) 

The best Linear SVC model based on the test data was different from the ones identified with the 

training data. The best model used normalized over-sampled data with four folds under K-Fold 

cross-validation. Using the F1 score and run time as the primary metrics, this model was the best, 

with an F1 score of 46% and a run time of 0.07. Table 4.11 displays all of the metrics. 
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Table 4.11: Summary of Best Overall Linear SVC Model Metrics for Demographic 
Factors. 

Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

Number 
of Folds Criteria Training 

Accuracy 
Training 
F1 Score 

Testing 
Accuracy 

Testing 
F1 Score 

Total 
Run 
Time 
(secs) 

Original Normalize K-Fold 25 N/A 91% 52% 89% 47% 0.65 
Over-sample Normalize K-Fold 4 N/A 68% 68% 56% 46% 0.07 

Under-sample Standardize K-Fold 4 N/A 70% 69% 54% 44% 0.04 

4.4.3.2. K-Nearest Neighbor (k-NN) 

The training model with the highest F1 score of 88% used standardized, over-sampled data with 

23 folds under Stratified K-Fold cross validation and K = 2. Based on the testing data, the best K-

Nearest Neighbor model was the same, using standardized over-sampled data with 23 folds under 

Stratified K-Fold cross-validation. Using the F1 score as the primary metric, this model was the 

best, with an F1 score of 65%. (Although the model with under-sampling had the lowest run time 

of 0.07 secs, all of the other metrics were low compared to every other model.) Table 4.12 displays 

all of the metrics. 

Table 4.12: Summary of Best Overall K-Nearest Neighbor Model Metrics for Demographic 
Factors. 

Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

Number 
of Folds Criteria Training 

Accuracy 
Training 
F1 Score 

Testing 
Accuracy 

Testing 
F1 Score 

Total 
Run 
Time 
(secs) 

Original Standardize Stratified 
K-Fold 12 3 89% 59% 87% 53% 0.21 

Over-sample Standardize Stratified 
K-Fold 23 2 88% 88% 82% 65% 0.24 

Under-sample Normalize K-Fold 9 7 68% 67% 60% 49% 0.07 

 

4.4.3.3. Decision Tree 

Based on the testing data, the best Decision Tree model used the original sample with 22 folds 

under Stratified K-Fold cross-validation. Using the F1 score as the primary metric, this model was 

the best at 73%. However, this model also had the highest run time. An argument can be made that 
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the best Decision Tree model was the one with over-sampling because it had a comparable testing 

accuracy (89%) and F1 score (70%) but a much lower run time (0.06 secs) than the model on the 

original sample. Table 4.12 displays all of the metrics. 

Table 4.13: Summary of Best Overall Decision Tree Model Metrics for Demographic 
Factors. 

Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

Number 
of Folds Criteria Training 

Accuracy 
Training 
F1 Score 

Testing 
Accuracy 

Testing 
F1 Score 

Total 
Run 
Time 
(secs) 

Original Original Stratified 
K-Fold 22 Entropy 90% 67% 90% 73% 0.39 

Over-sample Original Stratified 
K-Fold 9 Entropy 97% 97% 89% 70% 0.06 

Under-sample Original Stratified 
K-Fold 13 Gini 72% 71% 69% 57% 0.01 

4.4.3.4. Gradient Boosted Decision Trees (GBDT) 

Based on the testing data, the best Gradient Boosted Decision Trees or Gradient Tree Boosting 

models used the normalized over-sampled data with seven folds under K-Fold cross-validation. 

Using the F1 score as the primary metric, this model was the best at 62%. It also had the lowest 

run time of 1.00 secs.  Table 4.13 displays all of the metrics. 

Table 1.13: Summary of Best Overall Gradient Boosting Model Metrics for Demographic 
Factors. 

Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

Number 
of Folds Criteria Training 

Accuracy 
Training 
F1 Score 

Testing 
Accuracy 

Testin
g F1 

Score 

Total Run 
Time (secs) 

Original Normalize Stratified 
K-Fold 14 0.02 93% 63% 89% 51% 2.23 

Over-sample Normalize K-Fold 7 0.09 84% 84% 78% 62% 1.00 

Under-sample Normalize Stratified 
K-Fold 17 0.06 74% 73% 65% 55% 1.75 

4.4.3.5. Random Forest Trees  

The model with the highest accuracy of 98% and highest F1 score of 98% used over-sampled data 

with 18 folds under Stratified K-Fold cross-validation from the training data. Based on the testing 

data, this model was identified as the best Random Forest Tree model with an accuracy of 92% 
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and an F1 score of 76%. However, it had the highest run time at 4.50 secs. Table 4.14 displays all 

of the metrics. 

Table 4.14: Summary of Best Overall Random Forest Model Metrics for Demographic 
Factors. 

Sampling 
Type 

Type of 
Data 

CV Fold 
Type 

Number 
of Folds Criteria Training 

Accuracy 
Training 
F1 Score 

Testing 
Accuracy 

Testing 
F1 Score 

Total 
Run 
Time 
(secs) 

Original Original Stratified 
K-Fold 8 Gini 93% 68% 89% 57% 1.44 

Over-sample Original Stratified 
K-Fold 18 Gini 98% 98% 92% 76% 4.50 

Under-sample Original Stratified 
K-Fold 19 Gini 74% 73% 64% 55% 3.54 

4.4.4. Optimizing Best Performing Model 

The best overall performing model for demographic factors is Random Forest using over-sampling 

methods. See Appendix B. The Random Forest model can clearly get an accuracy of 92% and an 

F1 score of 76% on a test dataset. One of the major disadvantages of the Random Forest Trees is 

that they can be considered computationally expensive, which could explain why the total run time 

is 4.50 secs. A solution to this problem is to reduce the number of features used to train and test 

the model. One approach to reducing the number of features is by performing hierarchical 

clustering on the features’ Spearman rank-order correlations, determining an optimal threshold, 

and choosing a feature from each cluster. The feature importance plot shows zip code was the most 

important feature, with an importance value of 0.17. Zip code could be important because of its 

high cardinality. The permutation importance plot shows that permuting the ethnicity feature 

would drop the F1 score by at most 0.22, which would suggest that this feature is very important. 

See Appendices B.24 to B.27 for results. The permutation importance and feature importance were 

calculated on the training set to determine how important the feature is during training. 
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Figure 4.10: Dendrogram and Heatmap of Feature Correlation. 

After evaluating the dendrogram, we gradually increased the distance criteria by 0.1 until the 

minimum number of clusters was identified. This resulted in seven different ways to group the 

features into clusters. Next, we chose a feature from each cluster to keep by random selection or 

using a feature selection technique (i.e., feature importance and permutation feature importance). 

From the training and testing data, the accuracy and F1 score of the model slightly decreased, and 

the number of features decreased. The total run time decreased by approximately two secs 

compared to the random forest trained on the complete dataset.  

The major difference seen in the feature selection technique was shown when the number 

of features equals two. Based on the training data, any feature selection technique provided the 

best Random Forest Tree model with an accuracy of 99%, an F1 score of 99%, and the zip code 

and household income features. Based on the testing data, any feature selection technique provided 

the best Random Forest Tree model with an accuracy of 92%, F1 score of 77% and the features 

selected were ethnicity and household income. The accuracy and F1 score of the new random 
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forest did gradually decrease as the number of features decreased. Table 4.15 displays all of the 

metrics. 

Table 4.15: Summary of Best Performing Model Metrics for Demographic Factors using 
Feature Reduction Techniques. 

# of 
Feature

s 

Feature 
Selection 

Technique 
Feature Names Training 

Accuracy 

Trainin
g F1 

Score 

Testing 
Accuracy 

Testing 
F1 

Score 

Total 
Run 
Time 
(secs) 

11 Randomly 

'participant_type', 'zip_code', 'gender', 
'age', 'ethnicity', 'education', 
'occupation', 'marital_status', 

'household_income', 
'current_number_of_household_memb

ers', 'type_of_dwelling' 

99% 99% 92% 77% 3.90 

11 Feature 
Importance 

'participant_type', 'zip_code', 'gender', 
'age', 'ethnicity', 'education', 
'occupation', 'marital_status', 

'household_income', 
'current_number_of_household_memb

ers', 'type_of_dwelling' 

99% 99% 92% 77% 3.93 

11 
Permutation 

Feature 
Importance 

'participant_type', 'zip_code', 'gender', 
'age', 'ethnicity', 'education', 
'occupation', 'marital_status', 

'household_income', 
'current_number_of_household_memb

ers', 'type_of_dwelling' 

99% 99% 92% 77% 3.97 

9 Randomly 

'participant_type', 'zip_code', 'gender', 
'age', 'ethnicity', 'education', 

'occupation', 'household_income', 
'current_number_of_household_memb

ers' 

99% 99% 89% 69% 3.93 

9 Feature 
Importance 

'participant_type', 'zip_code', 'gender', 
'age', 'ethnicity', 'education', 

'occupation', 'household_income', 
'current_number_of_household_memb

ers' 

99% 99% 89% 69% 4.01 

9 
Permutation 

Feature 
Importance 

'participant_type', 'zip_code', 'gender', 
'age', 'ethnicity', 'education', 

'occupation', 'household_income', 
'current_number_of_household_memb

ers' 

99% 99% 89% 69% 3.86 

6 Randomly 

'participant_type', 'zip_code', 'gender', 
'education', 'household_income', 

'current_number_of_household_memb
ers' 

97% 97% 87% 68% 3.90 

6 Feature 
Importance 

'participant_type', 'zip_code', 'gender', 
'education', 'household_income', 

'current_number_of_household_memb
ers' 

97% 97% 87% 68% 4.02 

6 
Permutation 

Feature 
Importance 

'participant_type', 'zip_code', 
'ethnicity', 'education', 
'household_income', 

'current_number_of_household_memb
ers' 

98% 98% 87% 66% 3.97 
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Table 4.15: (continued). 

5 Randomly 

'participant_type', 'zip_code', 
'education', 'household_income', 

'current_number_of_household_memb
ers' 

95% 95% 83% 60% 3.96 

5 Feature 
Importance 

'participant_type', 'zip_code', 
'education', 'household_income', 

'current_number_of_household_memb
ers' 

95% 95% 83% 60% 3.70 

5 
Permutation 

Feature 
Importance 

'participant_type', 'ethnicity', 
'education', 'household_income', 

'current_number_of_household_memb
ers' 

90% 90% 80% 60% 3.62 

4 Randomly 

'participant_type', 'zip_code', 
'household_income', 

'current_number_of_household_memb
ers' 

89% 89% 75% 59% 3.77 

4 Feature 
Importance 

'participant_type', 'zip_code', 
'household_income', 

'current_number_of_household_memb
ers' 

89% 89% 75% 59% 4.43 

4 
Permutation 

Feature 
Importance 

'participant_type', 'ethnicity', 
'household_income', 

'current_number_of_household_memb
ers' 

85% 85% 71% 53% 3.70 

3 Randomly 'participant_type', 'zip_code', 
'household_income' 81% 81% 69% 52% 3.70 

3 Feature 
Importance 

'participant_type', 'zip_code', 
'household_income' 81% 81% 69% 52% 3.80 

3 
Permutation 

Feature 
Importance 

'participant_type', 'ethnicity', 
'household_income' 77% 77% 72% 57% 3.00 

2 Randomly 'participant_type', 'zip_code' 72% 72% 58% 47% 3.69 

2 Feature 
Importance 'zip_code', 'household_income' 79% 78% 70% 58% 3.65 

2 
Permutation 

Feature 
Importance 

'ethnicity', 'household_income' 72% 71% 78% 60% 3.45 

 Applying Unsupervised Learning Methods to Interpret Factors for Purchasing 

Decisions and Textile Recycling Motivation 

4.5.1. Methodology 

 Question 28 was not answered by some participants, so the previous data set was reduced to 984 

useable surveys and 16 motivational features for factor analysis. There were a total of 35 features 

for interpretation of results from clustering analysis: demographic features (e.g., age, gender, 

education, income, ethnicity, marital status, dwelling type, and living arrangement), general 
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recycling habits (e.g., paper, cardboard, glass, aluminum, electrics, and batteries), clothing and 

shoes recycling motivational features (e.g., helping the environment, financial benefits, helping 

others, convenience, awareness, and creating space), and purchasing decision features.  

4.5.1.1. Modification of Rezaei (2016) Survey Dataset for Clustering 

Some of the surveys were incomplete (i.e., question 28 was not answered), so the data set was 

reduced to 984 useable surveys and 16 features for factor analysis. A total of 35 features for factor 

interpretation analysis, including demographic features (e.g., age, gender, education, income, 

ethnicity, marital status, dwelling type, and living arrangement), general recycling habits (e.g., 

paper, cardboard, glass, aluminum, electrics, and batteries), clothing and shoes’ recycling 

motivational features (e.g., helping the environment, financial benefits, helping others, 

convenience, awareness, and creating space), and purchasing decision features.  

4.5.1.2. Roadmap of Machine Learning Analyses 

The data analyses in the results section follow the roadmap described in Figure 4.11 and was 

executed in Python. Chapter 2 explains each step of the analysis in detail. 

1) Data pre-processing 
2) Encoding 
3) Feature scaling 
4) Feature Reduction 
5) K-Means Clustering 
6) Interpretation of Clusters 

Figure 4.11: Clustering Data Analysis Roadmap. 

4.5.1.3. Definition of Terms 

The following are terms used in the Results section. 
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Table 4.16: Clustering Data Analysis Terms. 

Factors A collection or group of common features. 
Recycle Refers to participants donating, repurposing, reselling, or recycling their 

unwanted clothes and shoes. 

4.5.2. Results 

4.5.2.1. Data Preprocessing 

Out of the 1054 surveys remaining from the previous section, 70 were deemed incomplete and not 

usable for this objective because there was no answer to question 28. There was a total of 984 

completed, usable surveys to use for this clustering method. 

4.5.2.1.1. Encoding Data 

“LabelEncoder” was used to encode the 16 features for motivational factors. The responses to 

questions 21, “What motivates or would motivate you to donate, repurpose, resell, or recycle your 

unwanted clothes or shoes?” and 28, “Which of the following factors have an influence on your 

clothes and shoes purchasing decisions?” of the survey follow the encoding function (i.e., Strongly 

Agree => Strongly Disagree: 5 => 1) stated in Section 4.4.2.1. The responses to question 12, 

“Please indicate the most common way you usually recycle the following material?” were added 

to the demographic features and followed the encoding function created in Table 4.17. 

Table 4.17: Label Encoding for Recycling Method Groups. 

Recycling Method Found Encoded Value 
Take to a collection center 1 

Use curbside collection 2 
Use collection bins at my residence 3 

Recycle items at place of employment 4 
Other 5 

Do not recycle this material 6 
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4.5.2.1.2. Feature Scaling 

In the current objective, standardization scaling was used for the data set to improve model fitting 

for the distance metric in K-Means Clustering.  Scaling is recommended before model fitting when 

testing distance-based algorithms, so a feature is not skewed or weighted more than another. 

4.5.2.1.3. Definition of Features 

Questions 21 and 28 from the survey (See Appendix B.1)  provided the data to identify the 

motivational and purchasing decision features related to textile recycling. Table 4.18 displays the 

features used in the factor analysis. 

Table 4.18: Motivational and Purchasing Features Related to Textile Recycling. 

Features 
Creating Space in Closet 

Avoiding Feeling Guilty by not Throwing Away 
Helping Less Fortunate People 

Helping Support a Charity/Cause 
Helping Friends and Families 

Helping the Environment 
Making Money by Selling Them 

Receiving Discount/Coupon or Store Credit 
Receiving a Tax Deduction 

Quality 
Price 

Fashion 
Made in USA 

Made from Recycled Material 
Fair Trade Products 

Product Design to be Recycled After Use 

4.5.2.2. Feature Reduction 

Principle component analysis (PCA) followed by factor analysis with a varimax rotation was 

conducted to reduce the number of motivational and purchasing decision variables. These reduced 
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factors will be used in the K-means clustering algorithm. The output from the eigenvalues in Table 

4.19 shows five eigenvalues greater than one indicating five factors. Table 4.19 displays that the 

first eigenvalue accounts for 27.1% of the variation, the second eigenvalue accounts for 14.2%, 

the third eigenvalue accounts for 11.2%, the fourth eigenvalue accounts for 8.3%, and the fifth 

eigenvalue accounts for 6.3%, for a total of 67.1%. The Scree Plot in Figure 4.44 shows five factors 

above one and that the slope of the curve begins to flatten after five factors. Five motivational and 

purchasing decision factors contributed to most of the variance. 

Table 4.19: Eigenvalues for Motivational Factors for Students and General U.S. 
Population. 

Number Eigenvalue Percent Cum Percent 
1 4.3384 27.11499 27.11499 
2 2.27755 14.2347 41.3497 
3 1.7955 11.22187 52.57157 
4 1.32771 8.29821 60.86978 
5 1.00259 6.26621 67.13599 
6 0.85846 5.36537 72.50136 
7 0.75319 4.70747 77.20882 
8 0.70211 4.38819 81.59701 
9 0.65543 4.09645 85.69346 
10 0.55865 3.49158 89.18504 
11 0.49867 3.11667 92.30171 
12 0.42439 2.65246 94.95417 
13 0.25585 1.59906 96.55324 
14 0.2031 1.26937 97.8226 
15 0.18064 1.12901 98.95161 
16 0.16774 1.04839 100 
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Figure 4.12: Scree Plot for Textile Recycling Motivation Factors and Purchasing Decision 
Factors for Students and the General U.S. Population. 

Table 4.20 shows the factor loadings for each of the 16 motivational variables. The five factors 

were identified as economic, sustainability, helping, lifestyle, and satisfaction and will be referred 

to as motivation factors. The five motivation factors from the factor analysis were used in the K-

means clustering algorithm in the next section. 
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Table 4.20: Factor Loadings for Students and General U.S. Population. 

Motivational Features Economic 
Factor 

Sustainability 
Factor 

Helping 
Factor 

Lifestyle 
Factor 

Satisfaction 
Factor 

Creating Space in Closet 0.17401422 0.02907498 0.20360422 0.26838559 0.46215389 
Avoiding Feeling Guilty 
by not Throwing Away 

0.18435652 0.14919879 0.2524638 0.02498969 0.43675769 

Helping Less Fortunate 
People 

0.07846441 0.08587742 0.86912393 0.06585753 0.09987428 

Helping Support a 
Charity/Cause 

0.11905784 0.15510294 0.88301837 0.00149384 0.01670196 

Helping Friends and 
Families 

0.17558579 0.0467101 0.54530975 0.01769402 0.18577566 

Helping the 
Environment 

0.09231218 0.35863304 0.39385558 0.03428847 0.34682684 

Making Money by 
Selling Them 

0.80748427 0.04833633 0.08583915 0.0398408 0.1290945 

Receiving 
Discount/Coupon or 

Store Credit 

0.93861557 0.10000314 0.09813826 0.02600365 0.02068482 

Receiving a Tax 
Deduction 

0.69247958 0.10557424 0.12319519 0.05814176 0.05199537 

Quality 0.06060185 0.09680741 0.01663372 0.54452889 0.0646083 
Price 0.11447062 0.04831736 0.17574784 0.37853716 0.02389527 

Fashion 0.23595212 0.09957457 0.15681144 0.42642725 0.15437826 
Made in USA 0.10171428 0.46049144 0.06442127 0.02631992 0.04365275 

Made from Recycled 
Material 

0.08385579 0.87256502 0.10737189 0.00415396 0.01876396 

Fair Trade Products 0.0906331 0.83439854 0.08466514 0.05561069 0.02474407 
Product Design to be 
Recycled After Use 

0.0533221 0.90493646 0.09637304 0.01316488 0.04017835 

4.5.2.3. K-Means Clustering 

The elbow method (i.e., an aggregate factor is considered significant if the eigenvalue is greater 

than one) showed K=5 best in determining the number of clusters for the K-means clustering 

algorithm, as seen in Figure 4.12. Using K-means clustering with K=5 on the five-factor 

components, we clustered the data into five groups based on the motivation factors. See 

Appendices B.50 and B.51 for more information. 
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4.5.2.4. Interpretation of Clusters 

After the data points were divided into five different clusters, the aim was to describe the clusters 

using key features. One of the simplest ways to do this is by using a set of decision rules generated 

by a decision tree model. In this study, two sets of features (i.e., motivational and demographic) are 

used to interpret the clusters. Question 12 of the survey and textile recycling behavior (i.e., Question 

14) were also included as demographic features. 

Beginning with the 16 variables in the motivation factors as features and the cluster-id (i.e., 

0, 1, 2, 3, or 4) as a predictor, a Random Forest Tree model was generated to determine the important 

features using the cumulative percentage of the feature importance values. A threshold for the 

cumulative percentage of 95% was manual input to limit the number of features selected and 

maximize the accuracy. A Decision Tree model was created using the most important features, 

with the predictor variable as the cluster-id. The Decision Tree results were a set of binary decision 

rules used to interpret each individual cluster. 

Next, the demographic variables and Question 12 results were the features with five 

separate predictors. A separate Random Forest Tree model was constructed for each cluster. The 

predictor was coded zero or one (i.e., zero if not in cluster y and one if in cluster y). The zip code 

feature was removed because it was biased toward one specific region. The same feature 

importance selection technique used for the motivation features was used for the demographic 

features. Given the most important features, a Decision Tree model was created for each cluster 

separately.  The Decision Tree results were a set of binary decision rules used to interpret the 

individual clusters. 

In this study, we used single items (i.e., the individual questions that make up the 

motivational factors) to interpret the clusters. When evaluating concrete behaviors or well-
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researched constructs, single items can be valid and reliable measures  (Nielsen et al., 2016; Toma 

& Meneses Villagrá, 2019; Woods & Hampson, 2005). This study used the answers to the 

individual questions (e.g., making money by selling them, receiving discount/coupon or store 

credit, and receiving a tax deduction for economic factors) in the five factors to interpret the 

clustering results. 

The Decision Tree model trained on the motivational variables generated an accuracy score 

of 100%. Using Random Forest Trees, three features (i.e., quality, price, and made in the USA) 

were removed to create and train the Decision Tree model.  For the demographic variables, the 

Decision Tree model produced an accuracy of 99.7%, 99.5%, 99.8%,100%, and 99.8% for clusters 

zero, one, two, three, and four, respectively. Using Random Forest trees, two features (i.e., age and 

occupation) were removed to create and train the Decision Tree models for clusters zero and one. 

Three features (i.e., marital status, textile recycling, and occupation) were removed to create and 

train the Decision Tree models for cluster two. Two features (textile recycling and occupation) 

were removed to create and train the decision tree models for clusters three and four. The 

occupation was the least important feature in each cluster’s training model. The occupation was 

an ineffective demographic variable in interpreting the clusters (see Appendix B.54). From these 

Decision Tree models, decision rules were created to interpret each cluster. Each decision rule had 

a percentage of data points that reached that current node on the decision tree (i.e., decision rule). 

For the unique cases in which there was a compound inequality or decision rule (i.e., 3 < Helping 

support a charity/cause <= 4.5), the decision rules were assumed to be independent rules. The 

weighted percentage of the compound inequalities was calculated using the following equation.  

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑	𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒	 = (#$%&'!	
#$%&'"

×	decision	rule!(%)) × (1 ×	decision	rule"(%))      Equation 4.1 
Where, 𝑐𝑜𝑢𝑛𝑡! represents the number of data points that followed the path through decision rule i, 

𝑐𝑜𝑢𝑛𝑡" represents the number of data points that followed the path through decision rule j, 
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𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑟𝑢𝑙𝑒!  represents the percentage of data points that followed the path through decision rule 

i, and 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑟𝑢𝑙𝑒" represents the percentage of data points that followed the path through decision 

rule j. This was used for all future compound inequalities instances.  

4.5.2.4.1. Cluster 0. 

Given the decision tree results on motivation and demographic features, decision rules were 

created for cluster zero, as seen in Table 4.21.  Sixty-two percent of the participants did not strongly 

agree that helping less fortunate people is important (i.e., Helping less fortunate people <= 4.5). 

Less than half of the participants were motivated by discounts or supporting a charity (i.e., 

Receiving discount/coupon or store credit > 2.5). At least thirty-one percent of the were not 

motivated by product design to be recycled after use and fair-trade products (i.e., Product design 

to be recycled after use <= 2.5 and Fair trade products <= 2.5). Fifty-four percent of the 

participants are engineering students (i.e., participant type <= 0.5). At least fifty percent of the 

participants most commonly recycle batteries through the curbside collection, collection bins at 

my residence, recycle items at the place of employment, other or do not recycle batteries at all, 

and either own or rent their current living arrangement (i.e., batteries <= 1.5 and living 

arrangement > 0.5). 

Table 4.21: Summary Table of Decision Rules for Cluster 0. 

Motivational Features Demographic Features 
Decision Rule Percent Decision Rule Percent 

Helping less fortunate people <= 4.5 61.87 Participant type <= 0.5 54.41 

Receiving discount/coupon or store credit > 2.5 37.41 Batteries > 1.5 50 

Product design to be recycled after use <= 2.5 35.97 Living arrangement > 0.5 50 

Helping support a charity/cause > 3.5 33.81 Current number of household members > 1.5 37.5 

Fair trade products <= 2.5 30.94 Marital status > 1.5 36.76 
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4.5.2.4.2. Cluster 1. 

Given the decision tree results on motivation and demographic features, decision rules were 

created for cluster 1, as seen in Table 4.22. The majority of the participants are not strongly 

motivated by helping the less fortunate and agree about helping support a charity (i.e., Helping 

less fortunate people <= 4.5 and 3 < Helping support a charity/cause <= 4.5). At least ninety 

percent of the participants are motivated by discount and product design to be recycled (i.e., 

Receiving discount/coupon or store credit > 2.5 and Product design to be recycled after use > 

2.5). Eighty-two percent of the participants are living in a condo, apartment, or dorm room (Type 

of dwelling <= 3.5 in). At least sixty-six percent of the participants in = have between 1 and 7 

current number of household members (i.e., 0.5 < Current number of household members <= 7.5 

in Table 4.22). At least eighty percent of the participants are African American, Asian/Pacific 

Islander, Caucasian, or Hispanic/Latino (i.e., Ethnicity <= 4.0). At least seventy percent of the 

participants do not have an associate degree, bachelor’s degree, or four years of college (i.e., 

Education > 2.5). 

Table 4.22: Summary Table of Decision Rules for Cluster 1. 

Motivational Features Demographic Features 

Decision Rule Percent Decision Rule Percent 

Helping less fortunate people <= 4.5 96.28 Type of dwelling <= 3.5 81.57 

Receiving discount/coupon or store credit > 2.5 95.27 Current number of household members > 0.5 81.57 

Product design to be recycled after use > 2.5 90.54 Ethnicity <= 4.0 79.52 

Helping support a charity/cause > 3.5 80.74 Current number of household members <= 7.5 77.81 

Helping support a charity/cause <= 4.5 78.72 Education > 2.5 70.31 

4.5.2.4.3. Cluster 2. 

Given the decision tree results on motivation and demographic features, decision rules were 

created for cluster two, as seen in Table 4.23.  The majority of the participants strongly agree they 
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are motivated to help the less fortunate (i.e., Helping less fortunate people > 4.5 in), agree and 

strongly agree they are motivated by helping a charity (i.e., Helping support a charity/cause > 3), 

are motivated by discounts and products made from recycled material (i.e., Receiving 

discount/coupon or store credit > 2.5 and Made from recycled material > 2.5). A small percentage 

of participants strongly disagree that they are motivated by creating room in the closet (i.e., 

Creating space in closet > 1.5). Seventy-one percent of the participants are female (i.e., Gender 

<= 0.5). At least fifty-nine percent of the participants are textile students or the U.S. general 

population (i.e., Participant type > 0.5). At least fifty-five percent of the participants have five or 

less current number of household members (i.e., Current number of household members <= 5.5). 

Table 4.23: Summary Table of Decision Rules for Cluster 2. 

Motivational Features Demographic Features 
Decision Rule Percent Decision Rule Percent 

Helping less fortunate people > 4.5 99.22 Gender <= 0.5 71.48 

Receiving discount/coupon or store credit > 2.5 99.22 Participant type > 0.5 58.91 

Made from recycled material > 2.5 94.19 Current number of household members <= 5.5 55.03 

Helping support a charity/cause > 3.5 71.32 Age <= 0.5 49.61 

Creating space in closet > 1.5 71.32 Aluminum<=3.5 39.53 

4.5.2.4.4. Cluster 3. 

Given the decision tree results on motivation and demographic features, decision rules were 

created for cluster three, as seen in Table 4.24.  No one strongly agreed they were motivated by 

helping people (i.e., Helping less fortunate people <= 4.5), but most participants were motivated 

to help a charity (i.e., Helping support a charity/cause <= 3.5). At least half were motivated by 

discounts (i.e., Receiving discount/coupon or store credit > 2.5); weren’t motivated by product 

design (i.e., Product design to be recycled after use > 2.5); strongly motivated by avoiding feeling 

guilty (i.e., Avoiding feeling guilty by not throwing away <= 4.5). Ninety-six percent of the 
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participants are between 18 and 54 (i.e., Age <= 3.5). At least seventy-three percent of the 

participants earned under $20,000 or preferred not to answer (i.e., Household income > 6.5). At 

least seventy-three percent of the participants are male or female (i.e., Gender <= 1.5).  

Table 4.24: Summary Table of Decision Rules for Cluster 3. 

Motivational Features Demographic Features 
Decision Rule Percent Decision Rule Percent 

Helping less fortunate people <= 4.5 100 Age <= 3.5 95.6 

Receiving discount/coupon or store credit > 2.5 53.85 Household income > 6.5 72.53 

Product design to be recycled after use > 2.5 32.97 Gender <= 1.5 70.33 

Helping support a charity/cause <= 3.5 30.77 Education > 3.5 49.61 

Avoiding feeling guilty by not throwing away <= 
4.5 20.88 Living Arrangement > 0.5 39.56 

4.5.2.4.5. Cluster 4. 

Given the decision tree results on motivation and demographic features, decision rules were 

created for cluster four, as seen in  Table 4.25.  Most participants are not motivated by fair trade 

or products made from recycled materials (i.e., Fair trade products > 2.5 and made from recycled 

material > 2.5). About half are not motivated by product design or receiving a discount (i.e.,  

Product design to be recycled after use > 2.5 and Receiving discount/coupon or store credit <= 

2.5). A little less than half are strongly motivated to help less fortunate people (i.e., Helping less 

fortunate people <= 4.5). Fifty-one percent of the participants in cluster four are engineering 

students (i.e., Participant type <= 0.5). 
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Table 4.25: Summary Table of Decision Rules for Cluster 4. 

Motivational Features Demographic Features 
Decision Rule Percent Decision Rule Percent 

Helping less fortunate people <= 4.5 54 Participant type <= 0.5 50.51 

Receiving discount/coupon or store credit <= 
2.5 50.5 Marital Status> 1.0 40.40 

Product design to be recycled after use > 2.5 48 Marital Status <=1.0 39.39 

Fair trade products > 2.5 33 Batteries > 1.5 34.85 

Made from recycled material > 2.5 11.5 Gender <= 0.5 20.20 

 Conclusion 

For this study’s first and second aim, the best overall performing model for demographic features 

is Random Forest, given the F1 score is the key metric used for imbalanced datasets. This model 

consistently generated 90% accuracy on the original and oversampled training data and produced 

an F1 score of 98% on the oversampled training data. For Random Forest, the model’s top key 

features for textile recycling behavior were consistently gender, ethnicity, and zip code. The model 

predicts that 96% of females recycle textiles, while 89% of males recycle textiles. The model 

predicts that most African American and Hispanic/Latino participants recycle textiles (100%), 

while 95% of Caucasians recycle textiles, 80% of Asian or Pacific Islander recycle textiles, and 

66% of other/unknown ethnicities recycle textiles. 

For this study’s third and fourth aim, factor analysis was used to find motivational factors. 

Those factors were used to train the K-Means clustering algorithm resulting in five clusters. For 

the given clusters, the idea was to understand and describe each cluster in a practical sense. 

Decision trees were used to create decision rules to interpret the clusters by demographic and 

motivational variables. Cluster zero consists of a majority of engineering students (i.e., 54%), and 

most participants did not strongly agree that helping less fortunate people is important (i.e., 62%). 

Cluster one consists of the majority of participants who live in a condo, apartment, or dorm room 
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(i.e., 82%), and a majority of the participants are not strongly motivated by helping the less 

fortunate and agree about helping support a charity. Cluster two consists of majority participants 

are female (i.e., 71%), and a majority of the participants strongly agree they are motivated to help 

less fortunate; agree and strongly agree they motivated by helping a charity; are motivated by 

discounts and product made from recycled material. Cluster three consists of most participants 

between the ages of 18 and 54 (i.e., 96%), and at least half were motivated by discounts, were not 

motivated by product design, and were strongly motivated by avoiding feeling guilty. Cluster four 

consists of a majority of participants who are engineering students (i.e., 51%). Most participants 

are not motivated by fair trade or products made from recycled materials, while over half are not 

motivated by product design or receiving a discount. 

In conclusion, this study was successful at addressing some of the primary aims in 

reference to textile recycling. The study investigated the extent to which consumers are recycling 

unwanted clothing and shoes and the impact of demographic features on this behavior. It also 

demonstrated how to use machine learning algorithms to analyze survey data. In addition, the study 

used K-Means clustering to group participants by motivational and purchasing decision factors 

related to textile recycling and interpreted these clusters based on demographic factors using 

Decision Tree models. This research shows the real-world usage of data analysis and machine 

learning on survey datasets. 
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Textile Manufacturing Multi-Regression Problem 

 Overview  

Applying data mining and machine learning techniques to textile data is considered an emerging 

interdisciplinary research field. Data mining (DM) studies, including classification and clustering 

techniques and machine learning algorithms implemented in the textile industry, are becoming 

more prominent today. Creating a simple product such as a basic t-shirt may generate many data 

points in the textile industry. Textile industry data may include raw materials, machine settings, 

and quality parameters of the product. Multivariable and nonlinear data is generally processed to 

discover the relationship between fiber properties, process parameters, yarn properties, machine 

settings, and fabric performance. Technical textiles introduced significant innovations and 

improvements within the textile industry. Therefore, there is an increasing demand for processing 

this data using DM. 

Data mining in the textile industry (DMTI) is an interdisciplinary area. A few areas of 

DMTI are decision support systems, recommender systems, visual data analytics, information 

retrieval, database management system, and domain-driven DM. Computer science, textiles, and 

statistics are a combination of three main areas that make up DTMI. These three areas also create 

subareas related to DTMI, which are traditional software, traditional research, DM, and machine 

learning (ML). Traditional data analysis in the textile sector is assumption-driven when a 

hypothesis is formed against the data. In contrast, DM is discovery-driven, meaning that patterns 

from the data are automatically discovered. DM uses many ML methods and can generalize 

information from large datasets. These methods can offer automatic learning techniques to extract 

patterns from data (Yildirim, Birant, & Alpyildiz, 2018, p. e1228). 
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Microfibers are typically multifilament yarns with an individual filament of less than one 

decitex (i.e., the linear mass of yarn in decigrams, per 10,000 meters) and a filament diameter less 

than 10 microns (McIntyre & England, 2005). Because microfiber yarns can have up to four times 

as many filaments as traditional yarns of the same size, they have a much larger fiber surface area 

and lower bending stiffness, resulting in a softer hand, improved drape, and improved tactile 

aesthetics. Further, due to their high surface areas, bundles of nanofiber and microfibers are used 

in a wide range of applications, including sound insulation, wipes, medical delivery systems, tissue 

engineering scaffolding, and filtration. Many approaches are used to produce microfibers and 

nanofibers.  Kamiyama et al. (2012) provide an overview of the most common methods. Several 

non-woven manufacturing approaches are used to make microfiber and nanofiber webs, including 

spun-bonding and melt blowing, where control of the dimensions of individual fibers is less critical 

than in some other applications. Electrospinning is often used for high-value fibers where high 

production rates are less vital, such as tissue engineering (Matharu, Charani, Ciric, & Illangakoon,  

2018, p. 1-7; Sharifi et al., 2016, p. 1411-1431).   Other specialized spinning approaches such as 

rotary disc spinning and microfluidic solution spinning are also used, especially for tissue 

engineering, catalysis, and medical delivery systems.   

When high productivity levels are essential, along with better control of individual fiber 

morphology and dimensions, island-in-the-sea microfiber spinning is often the most advantageous 

technology for manufacturing. Sea island fibers are a type of bi-component fiber used to create 

micro-and nanofibers. They are composed of a “sea” polymer surrounding the “island” polymer 

fibers. The “sea” polymer is either soluble in alkali or other solutions or capable of being removed 

by thermal or mechanical action.  After the fabric is formed via knitting or weaving, the sea 

polymer is melted or dissolved, leaving behind the island microfibers (Kamiyama, Soeda, 
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Nagajima, & Tanaka, 2012, p. 987-994; Ozkan & Sasmazel, 2017, p. 853-860).  The sea polymer 

protects the microfibers during the harness of the knitting or weaving process. 

The yarn’s length in a loop determines the knit fabric dimensional properties along with 

the knit structure (i.e., jersey, interlock, etc.). The loop shape of the greige fabric changes during 

processing and is finalized upon relaxation and heat setting.  The wale density is determined by 

the knitting gauge (i.e., the number of needles per inch). Fabric construction is characterized by 

the stitch length, courses per inch (CPI), as well as wales per inch (WPI). These fabric properties 

and yarn denier impact the weight and thickness of the greige knitted fabrics produced (Ray, 2013, 

p. 243-264). 

The handle, moisture management, and thermal management properties of a fabric depend 

on the final geometry and process used for washing and heat setting.   When given customer 

specifications of final fabric dimensions (i.e., weight, thickness, CPIs, WPIs, etc.) for standard 

polyester, most knitting mills know how to produce greige fabrics that will meet those final 

specifications. However, the sea polymer’s final fabrics undergo many dimensional changes since 

the sea polymer is removed during the dying and washing process. Therefore, the yarn’s denier is 

reduced due to the removal of the water-soluble polymer. Therefore, the final thickness, weight, 

CPI, WPI, and stitch length differ substantially from the greige fabrics. 

Apparel manufacturers need to control the final geometry and fabric performance of their 

converted products.  This research aims to create and validate an empirical predictive model to 

direct the knitting of the initial greige fabrics for knitters and converters to produce knit, washed, 

and heat set sea polymer microfiber fabrics with the intended final construction. First, a model will 

be created to predict the final properties (i.e., weight, CPI, WPI, and thickness) from the initial 

greige fabric properties and the manufacturing process. 
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 Microfiber Dataset and Experimentation 

This chapter’s real dataset was collected through experimentation using Company A’s new 

microfiber polyester and process. This chapter will build on Thompson et al.’s (2020) initial work, 

who performed the experiment and created the datasets. The following input parameters were 

determined to impact the final fabric properties: yarn denier, process order (i.e., heat set, then wet 

process or wet process, and then heat set), stitch length, knit structure (i.e., jersey or interlock), 

and machine gauge. Other factors like heat set temperature and dwell time were shown not to be 

as sensitive if set at a proper level during a screening experiment. Figure 5.1 shows the two process 

orders used in the investigation and the input and output measurements taken.  As can be seen, the 

greige fabrics can be handled using two different process orders, which will classify as heat set 

first, then wet process (i.e., wash and dye) or wet process first, then heat set. Greige, intermediate, 

and final fabric properties were measured for each of the processes. A roll of the same knitted 

fabrics (i.e., stitch length, CPI, WPI, denier, gauge, etc.) is split into six smaller rolls to go through 

the two process orders and provide three samples (i.e., replications) each. For each sample roll, 

three different final measurements are conducted using standard methods. 

 

Figure 5.1: Process Order and Key Input and Output Variables. 
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The research team collected the dataset using the following design of experiments shown 

in Table 5.1. Note, the machine’s gauge depends on the denier of the fabric and the knit structure 

since the different types of machines are used and limited by the denier the machine can process. 

Table 5.2 describes the data that were produced by the experiment the research team performed. 

Note that five rolls were created for all combinations of the Jersey 120 denier yarn 24-gauge fabrics 

instead of the three rolls, which is why 76 rolls rather than 60 rolls were produced.  Finally, 

additional sample fabrics were knitted with target weights in the middle of the low and high greige 

weight range and 15% above the high weight values to test the final prediction models. 

Table 5.1: Design Variable and Levels for the DOE. 

Category Design Variable Levels 

Input Variables 
Yarn Denier 120 d, 180 d 

Process Order Heat Set First– Wet Process or Wet Process First- Heat 
Set 

Knitting 
Variables 

Structure Jersey, Interlock 
Greige Weight Low and High 
Knit Gauge (Jersey) 120 d (24,  28*, 32*) 180 d (24, 28*) 
Knit Gauge (Interlock) 120 d (24*, 28*, 32*) 180 d (18, 24*, 28*) 

*-The knitted fabrics for these two gauges were done by an outside mill 

Table 5.2: Description of the Data. 

Knit Structure 
Unique 
Fabrics 

Produced 

Total Number 
of Rolls 

Total Number of 
Observations Total Measurements 

Jersey 20  76 228 2682 
Interlock 24  72 216 2608 

 Methodology 

The initial work of Thompson et al. (2020) utilized simple regression models to predict the final 

weight, final CPI, or final WPI individually.  Different models were developed for each final output 

metric, knit construction (i.e., Jersey and Interlock), and processing type (Heat-set first or Wash 
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first). The initial models did an adequate job of predicting the weight but not the final CPI and 

WPI, as seen in Table 5.3. 

Table 5.3: Simple Regression Model Results of Training versus Test - R2 Values. 

Metric 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

Finished 
Weight 0.99 0.95 0.98 0.94 0.94 0.91 0.98 0.89 
Finished 

CPI 0.97 0.90 0.97 0.90 0.95 0.83 0.96 0.88 
Finished 

WPI 0.89 0.73 0.92 0.85 0.91 0.75 0.89 0.71 

5.3.1. Aim and Objectives 

The overall aim is to create a better set of process models that can predict the final fabric metrics 

using the knitting process input parameters of the greige fabrics and processing parameters.  Many 

studies using data mining and machine learning in the textile industry have used machine learning 

techniques to identify these factors.  

5.3.2. Initial Analysis of the Dataset 

Initial data analysis was be conducted independently of the study needed to address the research 

aims and objectives. Data preprocessing techniques were be applied to extract the useable data to 

produce optimal results. This analysis reduced any shortcomings due to data issues. The model 

produced trustworthy conclusions to predict fabrics’ final weight and geometry using knitting and 

heat setting variables based on several machine learning algorithms.  

5.3.3. Roadmap of Machine Learning Analyses 

The data analyses followed the roadmap described in Chapter 2 (i.e., data preprocessing, encoding, 

feature scaling, feature selection, and machine learning algorithm tuning and selection). All the 

data analyses were done using Python. 
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5.3.3.1. Data Preprocessing 

The previous data collected by the research team provided the data from the large design of 

experiments. There were 228 interlock knit structure observations and 216 jersey knit structure 

observations. The first step of data preprocessing is to import the data into Python using the 

‘pandas’ library. The predictors (y) for this dataset were the final weight, final CPI, and final WPI, 

individually.  Out of the 228 interlock knit structure observations, 18 of the data points (i.e., 

observations) were removed because the rows contained null values. In contrast, 15 out of the 216 

jersey knit structure observations were removed for the same reason.  

5.3.3.2. Encoding Data  

Ten features for the textile manufacturing process were encoded as features. The process type and 

knit stitch type features were categorical and converted into numerical data before a predictive 

model was built. The feature encoding followed the values displayed in Table 5.4. 

Table 5.4: Encoding Matrix using LabelEncoder for Features. 

Features 0 1 
Process type Heat Set First Wash First 
Stitch Type Interlock Jersey 

5.3.3.3. Feature Scaling 

For the current objective type (i.e., continuous), standardization scaling was used for the data set 

to improve model fitting when training gradient descent-based algorithms (i.e., Linear Regression 

and Multi-layer Perceptron (MLP) regressor).  A feature can skew the predictive model by being 

weighted more than another feature, so scaling is recommended before model fitting when testing 

gradient descent-based algorithms. 
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5.3.3.4. Feature Selection 

The previous data collected by the research team provided the data to address the research aim, 

which was to develop better prediction models to predict the effect of knitting, wet processing, and 

other parameters on the final knit constructed fabric. Table 5.5 defines the textile manufacturing 

main input features that were used in building the predictor models. 

Table 5.5: Main Input Features. 

Main Features Definition 
Process type (P) Represents the order of the wet processing steps (i.e., wash-first 

then heat-set versus heat-set then wash) 
Denier (D) A yarn unit of measurement for the linear mass density of fibers 

is the mass in grams per 9000m of the fiber 
Gauge (G) The number of needles per inch on the knitting machine 
Knit Stitch Type (ST) Represents the knit construction type (i.e., Jersey or Interlock) 
Stretch during Heat Set (%) The amount of stretch of the knitted fabric on the tenter frame 

during the heat set process 
Greige Weight (GW) The weight in grams of the greige fabric which is the fabric that 

has only been knitted 
Greige CPI (CPI) The counted number of horizontal row loops or stitches running 

across the width of the knitted fabric in an inch in the greige 
fabric 

Greige WPI (WPI) The number of vertical column loops running lengthwise in the 
fabric in an inch in the greige fabric 

 
Table 5.6 shows the 164 potential input features that could be used for the predictive models. From 

the previous study, adding polynomial terms improved the model, but there was no statistical 

significance in any interactions greater than three-way interactions.   

Table 5.6: Potential Input Features used to Build Prediction Model. 

Category Potential Features 

Main Effects Process Type (P), Denier (D), Gauge (G), Stitch Type (ST), %Stretch during Heat 
Set (%), Greige Weight (GW), Greige CPI (CPI), Greige WPI (WPI),  

Interaction Effects  28 – 2-way and 56 – 3-way terms (e.g., Denier * CPI, GW * CPI * WPI) 
Polynomial Effects  8 – square terms, 8 – cube terms (e.g., CPI2, CPI3), 56 – 2-way terms (CPI2 * WPI)   

Increasing the number of features could potentially cause overfitting in the models, 

especially with the regressor type algorithms. The metrics used to evaluate predictive models are 
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generally coefficient of determination (R2), adjusted coefficient of determination (R2), mean 

squared error (MSE), and average prediction error. The coefficient of determination (R2) value can 

be skewed by adding more features to the model, which could potentially cause overfitting, which 

is why the adjusted R2 value is used, which considers the number of features. However, adjusted 

R2 does not make sense for specific machine learning algorithms. Therefore, MSE and prediction 

error is used to measure how close the predictions are to the actual values. Also, using K-fold 

validation techniques helps minimize overfitting the data in the models. 

There were three different feature selection approaches used in this study, as seen in Table 

5.7. One method uses only the eight main effects to represent the input features for the predictor 

variable. The second approach uses all 165 polynomial features to predict the output metrics, 

which could cause over-fitting when creating a simple linear regression model. The final method 

uses stepwise regression to first reduce the features for the machine learning algorithms. Stepwise 

regression starts with all 164 features in the model. It then uses a combination of backward 

direction to remove the least significant features followed by forward addition of the most 

significant features until no more features can be removed or added. The reduced set of features 

(i.e., the most important ones) is then used to train and test each machine learning algorithm model. 

Table 5.7: Feature Selection Methods used to Train the Machine Learning Algorithms. 

Feature Selection Description 

Main effects only Only the eight main features are used to train the 
models. 

All main, interaction, and polynomial 
effects 

All 164 features are used to train the models. 

Reduced set of important effects 
A reduced set of important features determined via 
stepwise regression are used to train the random 
forest and MLP. 



 

194 

 

5.3.3.5. Machine Learning Algorithm Selection and Tuning 

Since the dataset in the current study is labeled (i.e., input mapped to outputs), supervised machine 

learning algorithms are suitable to address the problem in the current objective. In this study, the 

predictive variable is continuous. Many articles recommend using predictive regression models, 

and the ‘sklearn’ library has several predictive regression models. Many can be used for a given 

dataset—there is much ongoing research to determine the best models for different data types. 

There is research on the use of neural networks and other supervised machine learning models in 

the textile industry(Matusiak, 2017).  Figure 2.37 provides a valuable resource in narrowing down 

the regression model selection in ‘sklearn,’ which leads to the following potential methods: simple 

least-squares linear regression, ridge regression, support vector regression (SVR), multi-layer 

perceptron (MLP), and ensemble regressors. Therefore, the three predictive algorithms chosen 

were stepwise regression, the multi-layer perceptron, and random forest trees. Random forest trees 

were selected as the ensemble regressor based on the results from Chapter 4. The performance of 

each algorithm will be compared to identify the most robust model to predict final knit geometry 

(i.e., finished weight, CPI, and WPI) using the knitting and heat setting input variables. 

5.3.3.5.1. Training, Validation, and Testing 

Seven models were created, tested, and evaluated for each knit construction processing type 

combination along with an overall all data, jersey, and interlock models to predict the final output 

metrics (i.e., finished weight, finished CPI, and finished WPI). The study uses a standard 80/20 

training/test split (i.e., 80% of the data were included in the training dataset, while 20% was left 

for testing). Table 5.8 and Table 5.9 summarizes the number of observations in each data set. Using 

K-Fold cross-validation with K=5, the training data was split into five folds to evaluate the model 

and avoid overtraining/fitting. 
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Table 5.8: Data Split with 80% Training and 20% Testing by Knit Construction and 
Processing Type. 

CV 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

80/20 
Split 76 20 84 21 81 21 86 22 

 

Table 5.9: Data Split with 80% Training and 20% Testing by Knit Construction. 

CV 
Jersey Interlock All 

Training Test Training Test Training Test 
80/20 
Split 160 41 168 42 328 83 

5.3.3.5.2. Model Performance Evaluation 

The best model will be identified by coefficient of determination (R2) value, mean squared error 

(MSE), and average prediction error (i.e., average of absolute errors). Hyperparameters for random 

forest and MLP algorithms can be tuned to improve the model for the testing data. The grid search 

algorithm in Python was used. 

In this study, the number of hidden layers and size of the hidden layer (i.e., the number of 

nodes) were the hyperparameters tuned to improve the MLP model. Typically, the hidden layer 

size is two thirds the size of the input layer (i.e., number of input features) plus the output layer 

size  (Heaton, 2017). The hidden layer sizes were defined as the input layer size times a fraction 

of the input plus the output layer size times an output multiplier). The input layer size represents 

the number of features, fraction of input is the faction of input layer size, output layer size 

represents the number of distinct output values, and output multiplier is the coefficient of the output 

layer size. Table 5.10 displays the values of hyperparameters used for per MLP model.  
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Table 5.10: Description of MLP Hyperparameters. 

Hyperparameters MLP 
Number of Hidden Layers 1, 2, 3 

Hidden Layer Sizes fraction_of_input = 2/3 or 1 
output_multiplier = 1 or 2 

 

Table 5.11 displays the values of hyperparameters used for each random forest tree model. In this 

study, the number of estimators and split criterion was the hyperparameters tuned to improve the 

Random Forest tree model. 

Table 5.11: Description of Random Forest Trees Hyperparameters. 

Hyperparameters Random Forest Trees 
Number of Estimators 100, 300, 500 

Split Criterion MSE, MAE 

 Results 

Seven different models were trained, tested, and evaluated for each knit construction (i.e., Jersey 

and Interlock) and processing type (i.e., heat-set first or wash first) to predict the final output 

metrics (i.e., finished weight, finished CPI, and finished WPI) using all three feature selection 

methods. The following three sections summarize the results of all three predictive models (i.e., 

Stepwise Regression, Multi-Layer Perceptron (MLP), and Random Forest Trees). The summaries 

contain the best model and hyperparameters for a particular algorithm. The best model, identified 

by the coefficient of determination (R2) value, mean squared error (MSE), and average prediction 

error (APE), is discussed and seen in the table summaries below. Since there are three output 

metrics and seven different models, a linear mixed-effects model analysis approach will be used 

to determine which feature selection and algorithm are the best for each output metric.  Fixed 

mixed models remove variation due to both fixed and random effects and allow non-independent 

data handling.  Table 5.12 shows whether there was a difference among the three feature selection 



 

197 

 

methods based on the algorithms and output metric using a fixed mixed model. If there was a 

statistical difference, then a multiple means comparison Tukey’s test is utilized. For the analysis, 

the main effect is the feature selection method, with the random effects being the metric type (i.e., 

R2, MSE, and APE), training or test type, knit structure (i.e., jersey and interlock), and process 

type (i.e., wash-first vs. heat-set first).  There were only two instances where the selection method 

made a difference. Supplying all the features (i.e., main effects, interactions, and polynomial 

terms) is the best method for the stepwise regression algorithm since linear regression cannot 

model nonlinearity without the additional terms. Using only main features for MLP and Random 

Forest is an advantage of not having to know what interactions or polynomial effects to supply to 

the algorithm.  

Table 5.12: Comparing the Feature Selection Methods across Algorithms. 

Algorithm Metric P-
Value Which Features   

Stepwise Finished 
Weight 0.05000 All the Features/ 

Stepwise Features* A  

   Main Features Only  B 
 Finished CPI 0.1600    
 Finished WPI 0.3600    

MLP Finished 
Weight 0.8330    

 Finished CPI 0.0021 All the Features A  
   Stepwise Features  A  
   Main Features Only  B 
 Finished WPI 0.4287    
Random 
Forest 

Finished 
Weight 

0.9852    

 Finished CPI 0.2961    
 Finished WPI 0.7709    
*- All features and stepwise features are equivalent for the Stepwise 

Algorithm 
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5.4.1. Finished Weight 

The primary objective is to predict the finished weight of the fabric. Since the two features 

selection methods of all features and main features were statistically the same except for two cases, 

only the all features cases will be presented individually with selection of the best algorithm using 

all three predictors. 

5.4.1.1. All Feature Selection 

Table 5.13 and Table 5.14 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

random forest tree regressor models to predict the finished weight using all features (i.e., 

interactions and polynomial features).  The Random Forest model produces the highest R2 values 

for the majority of the models. However, the stepwise regression produces similar R2 values to 

predict the finished weight while the MLP model performed the worst in terms of R2 values. 

The Random Forest model provided the lowest training MSE and average prediction error 

values (PEV) across the models.  However, Random Forest and stepwise regression produced 

similar test MSE and PEV values. On average, the MLP algorithm produced large MSE and PEV 

values across the training and test datasets for the models. 
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Table 5.13: Model Results of Training versus Test to Predict Finished Weight using All 
Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.97 0.97 0.90 0.86 0.93 0.97 0.98 0.93 

MLP 0.97 0.95 0.95 0.80 0.92 0.88 0.94 0.77 

Random 
Forest 0.997 0.98 0.98 0.83 0.99 0.97 0.997 0.93 

MSE 
Values 

Stepwise 16.36 20.70 43.60 75.92 147.84 57.05 23.38 42.41 

MLP 18.33 31.94 22.06 111.65 159.74 191.12 77.39 140.03 

Random 
Forest 1.73 16.51 8.16 94.95 18.71 50.66 3.80 41.78 

Prediction 
Error 

Values 

Stepwise 3.12 3.92 5.02 6.63 8.57 5.85 3.73 4.89 

MLP 3.04 3.67 3.42 7.32 9.31 10.66 6.71 8.87 

Random 
Forest 1.06 3.15 1.99 6.44 2.56 5.37 1.54 4.55 
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Table 5.14: Model Results of Training versus Test to Predict Finished Weight using All 
Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.94 0.97 0.94 0.97 0.98 0.98 

MLP 0.93 0.97 0.95 0.96 0.97 0.97 

Random 
Forest 0.99 0.97 0.99 0.98 0.997 0.98 

MSE 
Values 

Stepwise 32.47 19.40 103.52 79.44 54.13 52.83 

MLP 36.15 20.79 85.52 105.34 98.27 80.77 

Random 
Forest 7.41 21.42 10.99 53.31 7.78 61.38 

Prediction 
Error 

Values 

Stepwise 3.94 3.49 7.08 7.45 5.05 4.97 

MLP 4.29 3.69 6.68 7.88 6.75 5.75 

Random 
Forest 1.78 3.58 2.15 4.50 1.87 5.38 

5.4.1.2. Algorithm Selection for Predicted Finished Weight 

From the data, the Random Forest model performed the best overall with the highest average and 

median R2 values and the average and median lowest mean squared error and prediction error 

values as seen in Figure 5.2 and Table 5.15.   
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Training Data Test Data 

Figure 5.2: Box plots of R2, MSE, and PEV values for Finished Weight. 

 

Table 5.15: Overall Summary Statistics for Measures for Finished Weight. 

 
R2 Value MSE Value PEV Value 

Training Test Training Test Training Test 

Avg Median Max Avg Median Max Avg Median Min Avg Median Min Avg Median Min Avg Median Min 

MLP 0.94 0.95 0.990 0.92 0.95 0.99 71.37 66.61 18.33 84.67 72.99 19.38 5.80 6.14 3.04 6.50 6.25 3.44 
Random 
Forest 0.99 0.99 0.998 0.95 0.97 0.98 9.75 7.78 1.73 48.63 47.78 16.00 1.96 1.87 1.06 4.67 4.79 3.10 

Stepwise 0.95 0.94 0.990 0.94 0.97 0.98 63.52 46.18 14.14 56.89 54.52 20.74 5.37 4.81 2.95 5.53 5.71 3.40 

 

Two fixed mixed models (i.e., one using all the data and one using only the test data) were created 

to determine if there is a difference among the algorithms since there are several output metric 
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types.  For the analysis, the main effect is the algorithm, with the random effects being the metric 

type (i.e., R2, MSE, and PEV), training or test type, knit structure (i.e., jersey and interlock), feature 

selection method (i.e., main, all, and stepwise features), and process type (i.e., wash-first vs. heat-

set first). The analysis determined at least one algorithm different for each model based on the p-

value of  <0.0001 and 0.0087, respectively. Table 5.16 shows the multiple means comparison for 

both cases along with the pairwise p-value comparisons. When including all the data, Random 

Forest was statistically different from both stepwise and MLP.   However, there was no statistical 

difference between the Random Forest and stepwise regression model when using only the test 

data.  After evaluation, the Random Forest or stepwise regression model is considered the best to 

predict finished weight for this dataset. Random Forest has the bonus of not needing additional 

features to be able to predict accurately. 

Table 5.16: Multiple Means Comparison of Algorithms for Finished Weight. 

Algorithm     Algorithm P-Value 
Random Forest A    Stepwise 0.0012 

Stepwise  B   MLP 0.1183 
MLP  B   Random Forest <.0001 

 

Algorithm     Algorithm P-Value 
Random Forest A    Stepwise 0.7514 

Stepwise A    MLP 0.0626 
MLP  B   Random Forest 0.0088 

 

Multiple Means Comparison All Data  Multiple Means Comparison Test Data Only 

Next, three fixed mixed model analyses were conducted looking at the impact of building smaller 

models (i.e., heat-set first, wash-first) versus the aggregate models of either jersey or interlock and 

all combined models. Table 5.17 shows the results of the fixed mixed models analyzing if simpler 

models (i.e., heat-set first and wash first) are better than the aggregate models (i.e., Jersey Both or 

All Data models).  There were only two cases where the simpler model was statistically better than 

the aggregate model and one instance where the aggregate model was better than the simpler 

model.  For finished weight and this data set, there does not seem to be a compelling reason to 

build simpler models. 
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Table 5.17: Comparing Simpler Models to Aggregate Models. 

Fixed Model Simpler Model Aggregate 

Model 

P-Value 

Model 1 
Jersey Both All Data 0.0318 

Interlock Both All Data 0.1535 

Model 2 

Interlock Heat-Set 

First 

InterlockBoth 0.0441 

Interlock Wash First InterlockBoth 0.9938 

Model 3 
Jersey Heat-Set First JerseyBoth 0.0002 (Negative Difference) 

Jersey Wash First JerseyBoth 0.6982 

5.4.1.3. Feature Importance   

For the finished weight,  the yarn denier was important for all the models as denier has a high 

correlation to greige weight. Greige weight had the most significant positive coefficient for the 

interlock and all data models. As expected, the process type was significant for the aggregate 

jersey, interlock, and all models, while the stitch type was very significant for the “All” model. 

Table 5.18 displays these heat maps of the coefficient values associated with the main effects. Note 

that these are the coefficients of the main effects, and a greige weight interaction or polynomial 

term may have higher coefficients.   
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Table 5.18: Coefficients of Stepwise Regression Model to Predict Finished Weight. 

Features 
Jersey 

Jersey 
Interlock 

Interlock All 
Wash 
First 

Heat-set 
First 

Wash 
First 

Heat-set 
First 

Process 
Type -- -- 10.91 -- -- 21.63 17.57 

Denier 19.63 19.28 18.24 15.54 15.48 11.28 4.24 

Gauge 4.98 3.22 -1.57 -10.63 -0.78 -2.55 3.01 

Stitch 
Type -- -- -- -- -- -- -22.85 

%Stretch -7.53 1.50 -7.92 -3.35 -0.91 -4.70 -9.04 

Greige 
Weight -1.45 -1.92 -0.66 28.56 20.89 24.75 35.47 

Greige 
CPI 9.39 9.80 9.61 4.16 5.12 4.33 8.19 

Greige 
WPI -0.24 2.39 3.94 15.05 3.46 3.04 -6.66 

 

The feature importance for Random Forest Models on training data was evaluated and is very 

similar to the stepwise regression model with a few exceptions. Greige weight was the most 

important feature for all the models. The second most important feature for jersey knit structure 

models was yarn denier, similar to the regression model. Greige weight and denier were 

determined to be important features to predict finished weight for these models. Table 5.19 

displays the heat map results for feature importance. 
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Table 5.19: Feature Importance of Random Forest Models to Predict Finished Weight. 

Features 
Jersey 

Jersey 
Interlock 

Interlock All 
Wash 
First 

Heat-set 
First 

Wash 
First 

Heat-set 
First 

Process 
Type -- -- 0.05 -- -- 0.27 0.12 

Denier 0.29 0.30 0.29 0.00 0.00 0.01 0.04 

Gauge 0.01 0.01 0.00 0.00 0.00 0.01 0.01 

Stitch 
Type -- -- -- -- -- -- 0.18 

%Stretch 0.20 0.15 0.08 0.03 0.04 0.13 0.09 

Greige 
Weight 0.29 0.32 0.44 0.95 0.95 0.53 0.52 

Greige 
CPI 0.19 0.21 0.13 0.01 0.01 0.03 0.03 

Greige 
WPI 0.02 0.02 0.01 0.01 0.00 0.02 0.01 

5.4.2. Finished CPI 

The primary objective is to predict the finished CPI of the fabric. As stated in the previous section, 

the all features selections method was evaluated to predict CPI using the three modelling 

algorithms. The results will be discussed in the next sections. 

5.4.2.1. All Feature Selection 

Table 5.20 and Table 5.21 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor Model to predict finished CPI using interactions and polynomial 

features.  Using the interactions and polynomial features, the Random Forest model provided the 

highest training R2 value of 99% on all the datasets except Jersey knit structure and heat-set first 

processing type. Based on the testing data, the Random Forest model (Jersey knit structure data or 

Interlock knit structure and heat-set first processing type) provided the highest R2 value of 98%. 
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The Random Forest model produced the highest R2 values for the majority of the models, however 

the stepwise regression produced similar R2 values to predict the finished CPI. MLP model 

performed the worst out of the three models with lower R2 values. 

The Random Forest model provided the lowest training MSE and average prediction error 

values (PEV) across the models.  However, the three models produced MSE and average PEV 

lower than 11 for all the datasets. This shows that all the created models predicted values are fairly 

close to the actual values. 

Table 5.20: Model Results of Training versus Test to Predict Finished CPI using All 
Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.91 0.95 0.87 0.89 0.84 0.87 0.94 0.95 

MLP 0.90 0.81 0.85 0.83 0.93 0.90 0.71 0.74 

Random 
Forest 0.99 0.93 0.97 0.91 0.99 0.96 0.99 0.98 

MSE 
Values 

Stepwise 3.44 1.59 7.47 6.81 4.17 3.72 2.09 1.64 

MLP 4.00 5.77 8.96 10.12 1.72 2.76 9.76 9.04 

Random 
Forest 0.29 2.18 1.59 5.14 0.39 1.00 0.43 0.72 

Prediction 
Error 

Values 

Stepwise 1.46 1.02 2.06 2.20 1.61 1.60 1.11 1.11 

MLP 1.43 1.75 2.17 2.54 0.99 1.25 2.41 2.31 

Random 
Forest 0.42 1.04 0.90 1.69 0.42 0.79 0.43 0.58 
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Table 5.21: Model Results of Training versus Test to Predict Finished CPI using All 
Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.94 0.97 0.94 0.97 0.98 0.98 

MLP 0.93 0.97 0.95 0.96 0.97 0.97 

Random 
Forest 0.99 0.97 0.99 0.98 0.997 0.98 

MSE 
Values 

Stepwise 32.47 19.40 103.52 79.44 54.13 52.83 

MLP 36.15 20.79 85.52 105.34 98.27 80.77 

Random 
Forest 7.41 21.42 10.99 53.31 7.78 61.38 

Prediction 
Error 

Values 

Stepwise 3.94 3.49 7.08 7.45 5.05 4.97 

MLP 4.29 3.69 6.68 7.88 6.75 5.75 

Random 
Forest 1.78 3.58 2.15 4.50 1.87 5.38 

5.4.2.2. Algorithm Selection for Predicted Finished CPI 

After evaluation, the Random Forest or MLP model were considered optimal to predict finished 

CPI for this dataset because there was no statistical difference between these models’ metric 

results, shown in Figure 5.3 and Table 5.22.    
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Training Data Test Data 

Figure 5.3: Box plots of R2, MSE, and PEV values for Finished CPI. 

 

Table 5.22: Overall Summary Statistics for Measures for Finished CPI. 

 
R2 Value MSE Value PEV Value 

Training Test Training Test Training Test 

Avg Median Max Avg Median Max Avg Median Min Avg Median Min Avg Median Min Avg Median Min 

MLP 0.75 0.90 0.96 0.69 0.86 0.97 8.95 4.31 1.72 11.07 5.77 1.12 2.01 1.50 0.98 2.26 1.81 0.86 
Random 
Forest 0.98 0.99 0.99 0.94 0.95 0.98 0.79 0.69 0.29 2.84 2.18 0.71 0.60 0.56 0.42 1.13 1.04 0.58 

Stepwise 0.91 0.92 0.96 0.94 0.94 0.97 3.85 3.30 1.30 3.04 1.98 0.85 1.42 1.37 0.77 1.27 1.17 0.68 
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After evaluating the two fixed mixed models (i.e., one using all the data and one using only the 

test data), the analysis determined the MLP algorithm different from the other models based on 

the p-values. Table 5.23 displays the multiple means comparison for both cases along with the 

pairwise p-value comparisons. When including all the data and the test data, Random Forest and 

stepwise is statistically different from MLP, and there was no statistical difference between the 

Random Forest and Stepwise regression model.  For this dataset, the Random Forest or stepwise 

regression model is the best to predict finished CPI. Random Forest is considered robust when 

features are removed for the model. 

Table 5.23: Multiple Means Comparison of Algorithms for Finished CPI. 

Algorithm     Algorithm P-Value 
Random Forest A    Stepwise 0.4908 

Stepwise A    MLP 0.0003 
MLP  B   Random Forest <.0001 

 

Algorithm     Algorithm P-Value 
Random Forest A    Stepwise 0.9928 

Stepwise A    MLP 0.0058 
MLP  B   Random Forest 0.0040 

 

Multiple Means Comparison All Data  Multiple Means Comparison Test Data Only 

When evaluating the impact of building smaller models versus the aggregate models, this indicated 

there was no statistical difference between majority of the models (i.e., p-values of 0.09 in building 

the smaller models versus the aggregate models). Table 5.24 shows the results of the fixed mixed 

models analyzing if simpler models (i.e., heat-set first and wash first) are better than the aggregate 

models (i.e., Jersey Both or All Data models).  The simpler model was statistically different when 

comparing the knit structure model to the all data model. The simple jersey model performed better 

than the all data model, however the all date model performed better than the simple interlock 

model. For finished CPI, there seems to be good reasoning to build aggregated models for the 

interlock and jersey data set. 
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Table 5.24: Comparing Simpler Models to Aggregate Models. 

Fixed Model Simpler Model Aggregate Model P-Value 

Model 1 

Jersey Both All Data 0.0081 (Negative 

Difference) 

Interlock Both All Data 0.0224 (Positive 

Difference) 

Model 2 

Interlock Heat-Set 

First 

InterlockBoth 0.3289 

Interlock Wash First InterlockBoth 0.2742 

Model 3 
Jersey Heat-Set First JerseyBoth 0.0979 

Jersey Wash First JerseyBoth 0.4186 

5.4.2.3. Feature Importance   

For the finished CPI, greige CPI had the largest or second largest positive coefficient for all 

datasets. Gauge, greige weight or denier was the second largest positive coefficient for all the 

datasets. The values for all the coefficients were greater than 1 for majority of the models. This 

signifies that the finished CPI value increases by at least 1 per 1 metric (e.g., greige CPI, gauge, 

greige weight or denier) unit increase for the interlock and all data models.  The largest negative 

coefficients out of all the models are -3.63 for greige WPI feature of all data model. Table 5.25 

displays these results. 
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Table 5.25: Coefficients of Stepwise Regression Model to Predict Finished CPI. 

Features 
Jersey 

Jersey 
Interlock 

Interlock All 
Wash 
First 

Heat-set 
First 

Wash 
First 

Heat-set 
First 

Process 
Type -- -- -0.93 -- -- -1.20 -0.89 

Denier 1.90 2.11 2.31 -0.17 -1.25 -0.91 1.47 

Gauge 2.14 6.33 5.71 4.50 -0.02 2.11 3.11 

Stitch 
Type -- -- -- -- -- -- -0.50 

%Stretch 0.27 -0.95 -0.03 0.06 -0.36 0.01 -0.27 

Greige 
Weight -0.96 -0.50 -0.72 0.33 1.58 1.14 -0.81 

Greige 
CPI 5.97 5.46 5.48 3.03 3.80 3.35 6.72 

Greige 
WPI 0.80 -3.63 -2.48 -2.22 1.18 -0.40 0.05 

 

The feature importance for Random Forest models on training data were evaluated. Greige CPI 

was the most important feature for the all the models. Their importance values were above 0.45.  

This demonstrates the greige CPI has a huge impact when predicting finished CPI for these models. 

Denier was determined to be least important feature to predict finished CPI for these models. Table 

5.26 displays these results. 
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Table 5.26: Feature Importance of Random Forest Models to Predict Finished CPI. 

Features 
Jersey 

Jersey 
Interlock 

Interlock All Wash 
First 

Heat-set 
First 

Wash 
First 

Heat-set 
First 

Process 
Type -- -- 0.03 -- -- 0.04 0.04 

Denier 0.00 0.01 0.01 0.01 0.01 0.01 0.01 

Gauge 0.01 0.02 0.01 0.14 0.06 0.07 0.08 

Stitch 
Type -- -- -- -- -- -- 0.00 

%Stretch 0.04 0.23 0.23 0.12 0.03 0.08 0.15 

Greige 
Weight 0.07 0.13 0.17 0.19 0.08 0.05 0.07 

Greige 
CPI 0.87 0.57 0.53 0.45 0.78 0.67 0.61 

Greige 
WPI 0.01 0.03 0.02 0.09 0.04 0.08 0.04 

 

5.4.3. Finished WPI 

The primary objective is to predict the finished WPI of the fabric. As stated in the previous section, 

the all features selections method will be evaluated to predict WPI using the three modelling 

algorithms. The results will be discussed in the next sections. 

5.4.3.1. All Feature Selection 

Table 5.27 and Table 5.28 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor model to predict finished WPI using interactions and polynomial 

features.  Using the interactions and polynomial features, the Random Forest model (Interlock knit 

structure) provided the highest training R2 value of 99%. Based on the testing data, the Random 

Forest model (Interlock knit structure) provided the highest R2 value of 95%. The MLP model had 
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trouble predicting the finished WPI for the jersey knit structure and wash first processing type 

data. The model produced negative R2 values for both the training and the testing set. 

The Random Forest model provided the lowest training MSE and average prediction error 

values (PEV) across the models.  However, The Random Forest and Stepwise Regression model 

produces the lowest MSE and average PEV for all models. Also, the models produce average PEV 

lower than 14 for all datasets. 

Table 5.27: Model Results of Training versus Test to Predict Finished WPI using All 
Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.68 0.39 0.58 0.33 0.86 0.92 0.81 0.86 

MLP -1.30 -11.39 0.62 0.25 0.87 0.84 0.57 0.65 

Random 
Forest 0.97 0.81 0.88 0.08 0.98 0.86 0.97 0.88 

MSE 
Values 

Stepwise 20.38 14.35 28.08 33.32 7.23 5.26 5.09 5.84 

MLP 146.58 291.73 25.39 37.38 6.45 10.71 11.62 14.60 

Random 
Forest 1.97 4.45 7.99 45.83 1.28 50.66 0.83 5.22 

Prediction 
Error 

Values 

Stepwise 3.65 2.99 4.77 4.75 2.15 9.47 1.78 2.09 

MLP 8.46 13.56 3.40 4.61 1.81 2.55 2.68 3.23 

Random 
Forest 1.05 1.90 1.53 4.95 0.87 2.25 0.71 1.85 
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Table 5.28: Model Results of Training versus Test to Predict Finished WPI using All 
Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.94 0.97 0.94 0.97 0.98 0.98 

MLP 0.93 0.97 0.95 0.96 0.97 0.97 

Random 
Forest 0.99 0.97 0.99 0.98 0.997 0.98 

MSE 
Values 

Stepwise 32.47 19.40 103.52 79.44 54.13 52.83 

MLP 36.15 20.79 85.52 105.34 98.27 80.77 

Random 
Forest 7.41 21.42 10.99 53.31 7.78 61.38 

Prediction 
Error 

Values 

Stepwise 3.94 3.49 7.08 7.45 5.05 4.97 

MLP 4.29 3.69 6.68 7.88 6.75 5.75 

Random 
Forest 1.78 3.58 2.15 4.50 1.87 5.38 

5.4.3.2. Algorithm Selection for Predicted Finished WPI 

After evaluation, finished WPI was harder to predict than finished weight or CPI, however 

Random Forest model outputted the best models’ metric results to predict the finished WPI, shown 

in Figure 5.4 and Table 5.29.   
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Training Data Test Data 

Figure 5.4: Box plots of R2, MSE, and PEV values for Finished WPI. 

 

Table 5.29: Overall Summary Statistics for Measures for Finished WPI. 

 
R2 Value MSE Value PEV Value 

Training Test Training Test Training Test 

Avg Median Max Avg Median Max Avg Median Min Avg Median Min Avg Median Min Avg Median Min 

MLP 0.56 0.72 0.95 -0.05 0.65 0.92 25.28 15.17 4.98 36.94 18.60 4.99 3.40 3.00 1.76 4.05 3.09 1.75 
Random 
Forest 0.94 0.97 0.99 0.69 0.81 0.95 3.80 1.97 0.83 18.92 9.57 3.24 1.16 1.04 0.71 2.65 2.25 1.40 

Stepwise 0.76 0.81 0.91 0.61 0.73 0.92 15.30 11.54 5.02 18.73 20.26 5.00 2.85 2.75 1.75 3.16 3.11 1.71 

 

The evaluation of the two fixed models determined there is at least one algorithm different from 

the other models based on the p-value of 0.0039. Table 5.30 displays the multiple means 
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comparison for both cases along with the pairwise p-value comparisons. When including all the 

data, Random Forest is not statistically different from stepwise, and stepwise is not statistically 

different from MLP. For the test data, there was no statistical difference between all the models, 

even though Random Forest is statistically different from MLP when including all the data. To 

conclude, either model could be considered the best to predict finished WPI, although the Random 

Forest has the best over metric results. 

Table 5.30: Multiple Means Comparison of Algorithms for Finished WPI. 

Algorithm     Algorithm P-Value 
Random Forest A    Stepwise 0.5666 

Stepwise A B   MLP 0.0713 
MLP  B   Random Forest 0.0039 

 

Algorithm     Algorithm P-Value 
Random Forest A    Stepwise 0.9998 

Stepwise A    MLP 0.2420 
MLP A    Random Forest 0.2332 

 

Multiple Means Comparison All Data  Multiple Means Comparison Test Data Only 

There was no statistical difference between majority of the models (i.e., p-values of 0.07 in 

building the smaller models versus the aggregate models) after evaluating the impact of building 

smaller models versus the aggregate models. Table 5.31 shows the results of the fixed mixed 

models analyzing if simpler models (i.e., heat-set first and wash first) are better than the aggregate 

models (i.e., Jersey Both or All Data models). There are no cases where the simpler model was 

statistically better than the aggregate model.  The results are unconvincing to build simpler models 

to predict finished WPI for this dataset. 
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Table 5.31: Comparing Simpler Models to Aggregate Models. 

Fixed Model Simpler Model Aggregate Model P-Value 

Model 1 
Jersey Both All Data 0.0741 

Interlock Both All Data 0.6796 

Model 2 

Interlock Heat-Set 

First 

InterlockBoth 0.9957 

Interlock Wash First InterlockBoth 0.8835 

Model 3 
Jersey Heat-Set First JerseyBoth 0.7487 

Jersey Wash First JerseyBoth 0.7702 

5.4.3.3. Feature Importance   

For the finished WPI, greige WPI or process type had the largest positive coefficient for the models.  

Denier, %stretch, or gauge had the largest negative coefficient for the models. This signifies that 

these features have a large impact when predicting the finished WPI value. For jersey, interlock, 

and all datasets, the coefficient for the models are above 7, which signifies that the finished WPI 

value increases by at least 7 per 1 denier unit increase.  Table 5.32 displays these results. 
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Table 5.32: Coefficients of Stepwise Regression Model for Finished WPI. 

Features 
Jersey 

Jersey 
Interlock 

Interlock All Wash 
First 

Heat-set 
First 

Wash 
First 

Heat-set 
First 

Process 
Type -- -- 7.01 -- -- 7.58 7.37 

Denier -4.86 -6.09 -5.92 -5.19 -5.06 -5.28 -6.67 

Gauge -0.08 -5.24 -7.31 -6.54 0.84 -2.49 -5.07 

Stitch 
Type -- -- -- -- -- -- 6.63 

%Stretch -5.68 0.23 -4.77 -1.68 -0.23 -1.59 -3.69 

Greige 
Weight 0.24 0.38 0.52 2.68 3.58 2.56 4.78 

Greige 
CPI 0.92 2.00 1.69 2.61 -0.59 1.27 1.16 

Greige 
WPI 1.25 5.42 6.58 6.35 0.61 2.93 5.30 

 

The feature importance for Random Forest Models on training data were evaluated. Greige weight, 

%stretch, greige CPI, and greige WPI summed up to over 0.50 of the normalized feature 

importance for the majority of the models. For interlock and all data, the process type feature above 

0.33. Greige weight, %stretch, greige CPI, greige WPI and process type was determined to be an 

important feature to predict finished WPI for these models. Table 5.33 displays these results. 
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Table 5.33: Feature Importance of Random Forest Models for Finished WPI. 

Features 
Jersey 

Jersey 
Interlock 

Interlock All Wash 
First 

Heat-set 
First 

Wash 
First 

Heat-set 
First 

Process 
Type -- -- 0.13 -- -- 0.54 0.33 

Denier 0.08 0.07 0.05 0.01 0.03 0.01 0.14 

Gauge 0.02 0.01 0.08 0.19 0.13 0.06 0.02 

Stitch 
Type -- -- -- -- -- -- 0.00 

%Stretch 0.73 0.27 0.45 0.09 0.21 0.05 0.14 

Greige 
Weight 0.09 0.47 0.16 0.08 0.16 0.04 0.10 

Greige 
CPI 0.04 0.16 0.08 0.47 0.22 0.17 0.07 

Greige 
WPI 0.03 0.02 0.06 0.16 0.26 0.13 0.19 

 Conclusion 

In conclusion, the predictive models was successful in predicting finished weight, CPI, and WPI.  

However, the models produced better results for finished weight than finished CPI or WPI. This 

could be due to the fact that the actual measurements for finished weight was calculated by a guage, 

while finished CPI and WPI was counted by a member of the research team. When physically 

counting the metrics (i.e., finished CPI and WPI), there is expected to be human error, so this could 

cause outliers, and makes these variables harder to predict. 

For finished weight, the best overall performing model is Random Forest after the analysis, 

given the R2 value is the key metric used for this study. This model consistently generated 0.997 

R2 value on training data and produced an R2 value of 0.98 on the testing data. The best overall 

performing model for finished CPI is Random Forest after the analysis. This model consistently 

generated 0.99 R2 value on training data and produced an R2 value of 0.98 on the testing data. For 
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finished WPI, the best overall performing model is Random Forest after the analysis, given the R2 

value is the key metric used for this study. This model consistently generated 0.99 R2 value on 

training data and produced an R2 value of 0.95 on the testing data. 

The Random Forest model did the best overall when predicting finished weight, CPI, and 

WPI. The stepwise also did well when predicting finished weight and CPI. The difference between 

these two models is that the Random Forest model was robust in feature selection or number of 

features. There was no statistical difference between the features added or removed from the 

Random Forest models when making predictions on the datasets. 
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Conclusion and Direction of Future Work  

 Conclusion 

This research aimed to investigate the use of data science to solve traditional research problems. 

This study analyzed data from three different case studies. The first study analyzed process data 

from healthcare and used data science to drive and optimize simulation models. The second case 

study used supervised and unsupervised machine learning tools on survey data and determined the 

critical factors associated with textile recycling behavior. The third study applied supervised 

machine learning regression techniques to data from an experiment to predict the final fabric 

metrics. Even though there are several studies within the textile and healthcare industries using big 

data analytic, few are using the specific techniques shown in this research. 

Chapter 3 focused on the first case study. Through simulation and optimization, we found      

communication nodes significantly impacted response times from the experiments. The nurse’s 

room assignment did not have a practical impact on most units owing to the size of the hospital. 

While not having a significant practical impact on response time, the nurse ratio contributed      

significantly to the variability of the system. For some units, the size of the layout had a significant 

impact on the response time, however it did not have significant practical impact on response time. 

When looking at the average or median of the results, none of the values were higher than the 

threshold of two minutes. After evaluating the 90% confidence interval of the 95% percentile of 

the dataset, we were 90% confident that the 95% response times would contain the value of two 

minutes, which is not a practical solution for this study. After evaluation of a mixed model, there 

were no statistical differences by hospital, but there were some statistical differences by unit. 

Therefore, the recommendations we would make for each unit in the hospital is implementing the 
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DTN method and using a 1:4 the nurse-to-patient ratio to minimize the cost of nurses and meet the 

two-minute criteria. 

The second case study was discussed in Chapter 4. We determined the best overall 

performing model to predict textile recycling behavior using demographic features was Random 

Forest Trees while using over-sampling.  The key features of the model were gender, ethnicity, 

and zip code. These features could be used to provide insight and into consumer textile recycling 

behavior. In addition to these results, we were able to analyze the motivational factors. The data 

points were clustered based on the motivational factors. Random Forest trees were used to identify 

the key features for the clusters, and decision trees were used to create decision rules to interpret 

the clusters by demographic and motivational variables.  The decision tree models were accurate 

(i.e., models with accuracy score of approximately 99%) when predicting interpreting the clusters. 

This case study shows the use of data science to model and interpret real-world survey dataset. 

Chapter 5 evaluated supervised models to predict the final fabric metrics for a textile 

manufacturing process. The predictive models were successful in predicting finished metrics (i.e., 

finished weight, CPI, and WPI). Like the previous case study, the best overall performing model 

when predicting finished weight, CPI, and WPI was the Random Forest. However, stepwise 

regression also did well when predicting finished weight and CPI. The advantage of Random 

Forest trees model was the robustness to feature selection techniques. 

According to these case studies, we can successfully apply big data analytics to a variety 

of real-world problems.  Simulation can be used to optimize response time in some healthcare 

situations. Random Forest models can be a robust machine learning model for survey research as 
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well as experimental research. Based on this research, we recommend researchers should not be 

hesitant to use these data science methods to analyze their real-world dataset. 

 Limitations and Directions for Future Work 

This research investigated the use of data science to solve traditional research problems. The 

limitations and directions for future research for each case study are summarized in the sections 

that follow.  

6.2.1. Case Study 1: Simulation Modeling 

This research investigated hospital layouts from four different hospitals. There were two 

limitations. First, we were not a part of the data collection process. Second, some data was limited 

to a specific period (i.e., range of years). Suggestions for future research are as follows. First, 

recruit more hospitals from other regions that employ new monitoring systems and technologies. 

Second, compare the results of different monitoring systems and produce a generic monitoring 

system guide for all hospitals. Third, investigate the impact of COVID-19 on the response time. 

6.2.2. Case Study 2: Textile Recycling Binary Classification and Clustering Problem 

This research investigated apparel recycling from the consumer's perspective. There were two 

limitations. First, recruit more participants from other regions. Second, the data was skewed toward 

participants that recycled textiles, so increasing the sample size will remove some of the bias. 

Suggestions for future research are as follows. First, evaluate and compare training cross-

validation metric results averages and standard deviations. Second, evaluate and analyze the 

impact of consumers’ non-textile recycling behavior, different textile recycling methods, 

motivations factors, and purchasing decisions on textile recycling. Third, investigate the impact of 
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COVID-19 on textile recycling behavior. Fourth, evaluate the difference between actual clustering 

and decision tree interpretation results. 

6.2.3. Case Study 3: Textile Manufacturing Multi-Regression Problem 

This research examined predictive modeling tools on Company A's dataset. There were two 

limitations. First, this dataset is relatively small, so collecting more data could help improve the 

predictive models. Second, the CPI and WPI metrics were manually counted by an experimenter, 

which brings into the issue of human error. Suggestions for future research are as follows. The 

dataset can predict a range of input variables (e.g., greige weight, CPI, WPI) that will produce the 

desired final fabric specifications (i.e., use reverse engineering techniques to take in one input 

variable and predict the features or setting variable).  
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APPENDIX A 

 EVALUATING THE IMPACT OF PARAMETERS ON RESPONSE TIMES FOR 

HOSPITAL A  

Figure A.1 shows the response times for the maximum number of telemetry patients being watched 

by the central telemetry using direct to nurse method. The average response time values of all 

observations made increased as the maximum numbers of telemetry patients increased. The 

minimum average is 0.4659 minutes, and the maximum average is 0.5343 minutes. The range 

between values is very minuscule. As stated previously, the increase in the maximum numbers of 

telemetry patients, increases the mean response time values of all observations made.  

 
Figure A.1: Unit 1 - Number of Monitored Telemetry Patients using Direct to Nurse 

Method. 

The figure below the response times for the maximum number of telemetry patients being watched 

by the central telemetry using call HUC/Nurse station method. The average values of all 

observations made increased as the maximum numbers of telemetry patients increased, which is 

like the results shown in Figure A.1. The minimum average is 1.2 minutes, and the maximum 

average is 1.2866 minutes. The range between these values is very minuscule. As stated earlier, 

the increase in the maximum numbers of telemetry patients, increases the mean response time 

values of all observations made. 



 

243 

 

 

 
Figure A.2: Unit 1 - Number of Monitored Telemetry Patients using HUC Method. 

The response times for direct to nurse vs. call HUC/Nurse station method are shown in Figure A.3. 

The response times for call HUC/Nurse station is much larger than the direct to nurse. The values 

increase by approximately 157% from direct to nurse response time values to call HUC/Nurse 

station response time values. The leads to a reduction of approximately 0.7341 minutes by using 

the direct to nurse method. 

 
Figure A.3: Unit 1 - Direct to Nurse vs. HUC Method. 

There are similar results between the nurse-to-patient ratio by communication nodes by 

communication nodes, shown in Figure A.4 and Figure A.5. The major difference is the minimum 

and maximum values of the response times. The range of response time values for direct call to 

nurse method are between 0.47 to 0.77 minutes, while the range of response time values for call 

HUC/Nurse station method are between 1.2 to 1.65 minutes. For direct call to nurse method, the 

response time values increase by approximately 75% from eight nurses to four nurses. This is a 
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reduction of approximately 0.2917 minutes or 17 seconds for response times by increasing the 

number of nurses by 4. The response time values increase by approximately 37% from eight nurses 

to four nurses for call HUC/Nurse station method. The response times reduce by around 0.4489 

minutes. The increase in nurses reduces the response time. Figure A.4 and Figure A.5 displays the 

response times by changing the nurse-to-patient ratio (i.e., direct to nurse, call HUC/Nurse station). 

  
Figure A.4: Unit 1 - Impact of Nurse-to-Patient Ratio using Direct to Nurse Method. 

 
Figure A.5: Unit 1 - Impact of Nurse-to-Patient Ratio using HUC Method. 

Figure A.6 and Figure A.7 display the response time results of between sequential and randomized 

bed assignments. Randomize bed assignments did not have a major impact on the mean response 

time results. The response time values increase by approximately 1% from sequential to 

randomized bed assignments. The response times increased by around 0.0004 minutes. The 

randomized bed assignments increase response times, but only slightly. Figure A.6 and Figure A.7 

displays the impact of bed assignment (i.e., Randomized and Sequential) on the response times. 
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Figure A.6: Unit 1 - Sequential vs. Random Bed Assignment. 

 
Figure A.7: Unit 1 - Sequential vs. Random Bed Assignment for 4 Nurses. 

There are similar results between the response times after a decrease in layout sizes, shown in 

Figure A.8, Figure A.9, and Figure A.10. Typically, decreasing the layout size did decrease the 

response times. There was not a major impact on the mean response time results by decreasing the 

layout size by 25%. The response time values decreased by approximately 1% by decreasing layout 

size. The response times were reduced by around 0.0005 minutes. Decreasing the layout size 

usually decrease response times, however only marginally. Figure A.8, Figure A.9, and Figure 

A.10 displays the response times by changing the layout size (i.e., increase walking speed by 25%). 

 
Figure A.8: Unit 1 - Impact of Decreasing Layout Size. 
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Figure A.9: Unit 1 - Impact of Decreasing Layout Size by Random Bed Assignment. 

 
Figure A.10: Unit 1 - Impact of Decreasing Layout Size by Random Bed Assignment with 4 

Nurses. 

 EVALUATING THE IMPACT OF PARAMETERS ON RESPONSE TIMES FOR 

HOSPITAL B 

UNIT 3. 

Figure A.11 shows the response times for Unit 3 of the maximum number of telemetry patients 

being watched by the central telemetry using direct to nurse method. The average response time 

values of all observations increased slightly as the maximum number of telemetry patients 

increased. The minimum average is 0.7994 minutes occurred at 24 patients being watched, and the 

maximum average is 0.8898 minutes at 32 patients being watched. The range of values is 

approximately 0.09 minutes. It’s hard to conclude any impact of the maximum number of 

telemetry patients watched from the figure below.  
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Figure A.11: Unit 3 - Number of Monitored Telemetry Patients using Direct to Nurse 

Method. 

In Figure A.12, the response times for Unit 3 of the maximum number of telemetry patients being 

watched by the central telemetry using call HUC/Nurse station method. The average values of all 

observations made increased as the maximum numbers of telemetry patients increased. The 

maximum value occurs at 32 telemetry patients watched with a value or 1.5529 minutes. The 

average increase or decrease in response time is approximately 3%. Typically, as the maximum 

numbers of telemetry patients increase, the mean response time values also increase. 

 
Figure A.12: Unit 3 - Number of Monitored Telemetry Patients using HUC Method. 

Figure A.13 illustrates the response times for Unit 3 of direct to nurse vs. call HUC/Nurse station 

method. The response time values decrease by around 78% by using the direct to nurse method 

and decreases the response times by 0.646 minutes. The call direct to nurse method improves 

response significantly compared to HUC/Nurse station method. 
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Figure A.13: Unit 3 - Direct to Nurse vs. HUC Method. 

In Figure A.14,  the figure shows the response times for Unit 3 by changed the nurse-to-patient 

ratio. The response time decreases as the number of nurses increase. The range of response time 

mean values are between 1.07 to 1.51 minutes for call HUC/Nurse station method. The nurse-to-

patient ratio to 1-to-2 has the best response time value (i.e., the lowest), which is 1.07 minutes. 

Response time values decrease as the number of nurses increase. The more nurses the better the 

performance. 

 
Figure A.14: Unit 3 - Impact of Nurse-to-Patient Ratio using HUC Method. 

The figure below displays the response time for Unit 3 results of between sequential and 

randomized bed assignments. There was not a major effect of randomizing bed assignments on the 

mean response time results. The response time values average approximately 1.08 minutes. The 



 

249 

 

randomized bed assignments response time values were slightly lower than the sequential bed 

response time values. There is no true conclusion of the impact of randomized bed assignments on 

the response time. 

 
Figure A.15: Unit 3 - Sequential vs. Random Bed Assignment. 

The response times for Unit 3 by changing the layout size (i.e., increase walking speed by 25%) is 

displayed in the figure below. The impact of changing the layout size is minuscule. The average 

increase in response times as the layout size increases by 25% is approximately 3%. As the layout 

sizes increase, the average response time also increases. 

 
Figure A.16: Unit 3 - Impact of Layout Size. 



 

250 

 

UNIT 4. 

The figure below shows that the average response time values for the lower number of patients 

watched (i.e., 16 and 24) were lower than the higher number of patients watched. Figure A.17 

shows the response times for Unit 4 of the maximum number of telemetry patients being watched 

by the central telemetry using direct to nurse method. The minimum average is 0.8616 minutes, 

and the maximum average is 0.9290. The larger the number of patients being watched, the larger 

the response time values.  

 
Figure A.17: Unit 4 - Number of Monitored Telemetry Patients using Direct to Nurse 

Method. 
The response times for Unit 4 of the maximum number of telemetry patients being watched by the 

central telemetry using call HUC/Nurse station method is displayed in the figure below. The 

average values of all observations made increased as the maximum numbers of telemetry patients 

increased, with an exception for 40 number of patients being watched. The response time of 1.4713 

minutes is the minimum, which occurred at 16 numbers of telemetry patients watched. The largest 

difference in response time is approximately 5% from 16 to 48 numbers of telemetry patients. The 

maximum numbers of telemetry patients increase, the mean response time values also increase, 

which is a reoccurring theme. 
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Figure A.18: Unit 4 - Number of Monitored Telemetry Patients using HUC Method. 

Figure A.19 displays the response times for Unit 4 of direct to nurse vs. call HUC/Nurse station 

method. The response time values decrease by an average of 0.67 minutes and 78%. Similar to 

Unit 3, the call direct to nurse method improves the response time compared to HUC/Nurse station 

method. 

 
Figure A.19: Unit 4 - Direct to Nurse vs. HUC Method. 

The figure below illustrates the response times for Unit 4 by changed the nurse-to-patient ratio. 

The response time decreases as the number of nurses increase. The response times are very 

sporadic based on the nurse-to-patient ratio. The nurse-to-patient ratio of 1-to-3 performs 

marginally better than the 1-to-2. The response time for a nurse-to-patient ratio of 1-to-3 is 1.1339 

minutes. From this figure, the nurse-to-patient ration has little to no impact on the response times. 

It is difficult to conclude that more nurses the better the performance for this unit. 
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Figure A.20: Unit 4 - Impact of Nurse-to-Patient Ratio using HUC method. 

There was not a major effect of randomizing bed assignments on the mean response time results, 

but there is a slight increase in the range of values. The response time is somewhat higher than 

Unit 3 at approximately 1.4 minutes. The larger increase in response time occurred with the first 

randomized bed assignment of 1.7%. The impact of randomized bed assignments on the response 

time is slim to none. Figure A.21 displays the response time for Unit 4 results of between sequential 

and randomized bed assignments. 

 
Figure A.21: Unit 4 - Sequential vs. Random Bed Assignment. 

Figure A.22 illustrates the response times for Unit 4 by changing the layout size (i.e., increase 

walking speed by 25%) is displayed in the figure below. The impact of the layout size is larger for 

Unit 4 than Unit 3. The response decreases by 5.38% when the layout size decreases by 25%. A 
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25% increase in the layout size causes an 8.22% increase in response time.  Decreasing the layout 

size by 50% could possibly reduce the response times by approximately 14%. As stated previously, 

the average response time also increases with the layout size increases. 

 
Figure A.22: Unit 4 - Impact of Layout Size. 

Figure A.23 illustrates the total response times of the maximum number of telemetry patients being 

watched by the central telemetry using direct to nurse method. Similar to Hospital A, the average 

response time values of all observations increased as the maximum numbers of telemetry patients 

increased. The minimum average is 0.8336 minutes, and the maximum average is 0.91 minutes. 

The largest increase in response was from 24 to 32 patients being watch. The range of values is 

approximately 0.07 minutes. The increase in the maximum numbers of telemetry patients, 

increases the mean response time values of all observations made just slightly.  
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Figure A.23: Unit 4 - Impact of Nurse-to-Patient Ratio using HUC Method. 

HOSPITAL B. 

The total response times of the maximum number of telemetry patients being watched by the 

central telemetry using call HUC/Nurse station method, shown in Figure A.24. Similar to the 

results shown in Figure A.23, the average values of all observations made increased as the 

maximum numbers of telemetry patients increased. The maximum average for response time is 

1.57 minutes, and the minimum average is 1.48 minutes. The average increase is approximately 

3%. The mean response time values increase for all observations made as the maximum numbers 

of telemetry patients increase.  

 
Figure A.24: Hospital B - Number of Monitored Telemetry Patients using HUC Method. 

The figure below shows the total response times of direct to nurse vs. call HUC/Nurse station 

method. The response times for call HUC/Nurse station is much larger than the direct to nurse. 
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The response time values increase by approximately 77.9% based on communication nodes. The 

decreases the response time be approximately 0.6584 minutes by using the direct to nurse method. 

  
Figure A.25: Hospital B - Direct to Nurse vs. HUC Method. 

The number of nurses increases the response on the nurse’s decrease is shown in the figure below. 

The range of response time mean values for the call HUC/Nurse station method are between 1.11 

to 1.32 minutes. This is a reduction of approximately 16% by increase the nurse-to-patient ratio to 

1-to-2. The response times decrease by around 0.21 minutes or 12.6 seconds. As stated previously, 

the increase in nurses reduces the response time. Figure A.26 shows the response times by changed 

the nurse-to-patient ratio. 

 
Figure A.26: Hospital B - Impact of Nurse-to-Patient Ratio using HUC Method. 
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The total response time results of between sequential and randomized bed assignments are shown 

in Figure A.27. Randomize bed assignments did not have a major impact on the mean response 

time results. The response time values average around 1.1 minutes. The randomized bed 

assignments neither increase nor decreases values. This is possibly a result of the floor plan bed 

layout being optimized. 

 
Figure A.27: Hospital B - Sequential vs. Random Bed Assignment. 

Figure A.28 displays the total response times by changing the layout size (i.e., increase walking 

speed by 25%). The response time decreases by approximately 4% by reducing the layout size by 

25%, and the response time increases by about 5.5% by enlarging the layout size by 25%. This 

shows that increasing the layout size has a slightly larger impact than decreasing the layout size. 

The larger the layout, the slower the response times. 

 
Figure A.28: Hospital B - Impact of Layout Size. 
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APPENDIX B 

 REZAEI (2016) SURVEY QUESTIONS 
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 ENCODING DATA USING “ONEHOTENCODER”  

The Implementation of “OneHotEncoder” is typically used on non-ordinal data and “LabelEnoder” 

on the rest. Table B.1 shows the number of features added to the demographic features when 

“OneHotEncoder” is implemented, resulting in a total of 214 features for the analyses. Although 

zip code was recorded as regions earlier, for confirmation of bias, the 5-digit zip codes were 

retained for encoding. In this study, the “OneHotEncoder” was not implemented because it would 

greatly increase run time. 
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Table B.1: Implementation of “OneHotEncoder” on Demographic Features. 

Features Ordinal? Sklearn Encoder # of Features Added 
Participant 

type No OneHotEncoder 3 

Zip code No OneHotEncoder 178 
Age Yes LabelEncoder 0 

Ethnicity No OneHotEncoder 6 
Gender No OneHotEncoder 3 

Education Yes  0 
Occupation No OneHotEncoder 5 

Marital status No OneHotEncoder 5 
Household 

income Yes LabelEncoder 0 

The current 
number of 
household 
members 

Yes LabelEncoder 0 

Living 
arrangement No OneHotEncoder 3 

Types of 
dwelling No OneHotEncoder 7 

 

 PIE AND BAR CHARTS FOR THE DEMOGRAPHIC FEATURES 

 
Figure B.1: Percentage and Count of Gender by Participant Type. 
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Figure B.2: Percentage and Count of Age by Participant Type. 

 

 
Figure B.3: Percentage and Count of Ethnicity by Participant Type. 

    
  

 
Figure B.4: Percentage and Count of Education by Participant Type. 
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Figure B.5: Percentage and Count of Occupation by Participant Type. 

 

 
Figure B.6: Percentage and Count of Marital Status by Participant Type. 

 

 
Figure B.7: Percentage and Count of Household Income by Participant Type. 
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Figure B.8: Percentage and Count of Number of Household Members by Participant Type.  

 

 
Figure B.9: Percentage and Count of Living Arrangement by Participant Type. 

 

 
Figure B.10: Percentage and Count of Number of Type of Dwellings by Participant Type. 
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 HISTOGRAM, KERNEL DENSITY ESTIMATION (KDE), AND RUG PLOT OF 

THE ORIGINAL, NORMALIZED AND STANDARDIZED DATA 

 
Figure B.11: Scaled Data Visualization for Participant Type. 

 
Figure B.12: Scaled Data Visualization for Zip Code. 

 

 
Figure B.13: Scaled Data Visualization for Gender. 

 

 
Figure B.14: Scaled Data Visualization for Age. 



 

272 

 

 

 
Figure B.15: Scaled Data Visualization for Ethnicity. 

 

 
Figure B.16: Scaled Data Visualization for Education. 

 

 
Figure B.17: Scaled Data Visualization for Occupation. 

 

‘  
Figure B.18: Scaled Data Visualization for Marital Status. 
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Figure B.19: Scaled Data Visualization for Household Income. 

 

 
Figure B.20: Scaled Data Visualization for Current Number of Household Members. 

 

 
Figure B.21: Scaled Data Visualization for Living Arrangement. 

 

 
Figure B.22: Scaled Data Visualization for Types of Dwellings. 
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 INITIAL ANALYSIS OF DEMOGRAPHIC FEATURES 

 

 
Figure B.23:  Marimekko Chart of Textile Recycling Behaviors by Participant Type. 

 
Figure B.24:  Marimekko Chart of Textile Recycling Behaviors by Gender. 
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Figure B.25: Marimekko Chart of Textile Recycling Behaviors by Age. 

 

 
Figure B.26: Marimekko Chart of Textile Recycling Behaviors by Ethnicity. 
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Figure B.27: Marimekko Chart of Textile Recycling Behaviors by Education. 

 

 
Figure B.28: Marimekko Chart of Textile Recycling Behaviors by Occupation. 
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Figure B.29: Marimekko Chart of Textile Recycling Behaviors by Marital Status. 

 

 
Figure B.30: Marimekko Chart of Textile Recycling Behaviors by Household Income. 
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Figure B.31: Marimekko Chart of Textile Recycling Behaviors by Current Number of 

Household Members. 
 

 
Figure B.32: Marimekko Chart of Textile Recycling Behaviors by Living Arrangement. 
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Figure B.33: Marimekko Chart of Textile Recycling Behaviors by Type of Dwelling. 

 

 MODEL ALGORITHM SELECTION FOR CASE STUDY 2 

 

Figure B.34: Model Algorithms for Classification Approach (Pedregosa et al., 2011). 

In the current study, the steps followed in the cheat sheet are: 

i. >50 samples: Yes 
ii. Predicting a category:  Yes 

iii. Do you have labeled data: Yes 
iv. <100K samples: Yes 
v. Text Data: No 
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 MODEL PERFORMANCE EVALUATION FOR TRAINING DATA BY SAMPLING 

TYPE 

Figure B.35 shows the training accuracy, F1 scores, and associated standard deviations for the five 

supervised machine learning algorithms when over-sampling and under-sampling are used. 

Accuracy values were always better than the F1 scores. In all models except Decision Tree and 

Random Forest, the training accuracy decreased from Original to Over-sample to Under-sample. 

The Random Forest model generated the highest accuracy at 98%. The largest decrease was in 

Linear SVC, where the accuracy decreased from over 91% for the original sample to 68% for 

oversampling. In contrast, the smallest decrease was in the KNN model, where the accuracy of 

89% dropped by 1% from original to oversampling. The Random Forest model also had a 

reasonably small decrease in accuracy from 98% for original to 93% for oversampling. For the F1 

score, it was the oversampling method that produced the highest score for all the models. Linear 

SVC had the lowest F1 score in all three sampling techniques (Original, Over-sample, Under-

sample). The largest increase was in Decision Tree, where the F1 score increased from over 67% 

to 96% from original to oversampled. The standard deviation for the metrics was larger for the 

under-sampled models except for the Linear SVC model, where the original produced the largest 

standard deviation. Although all the models performed reasonably well, Random Forest produced 

the highest accuracy and F1 score of all the models at 98%. Original and oversampling techniques 

outperform under-sampling on this data set. 
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Figure B.35: Metric Results by Sampling Techniques for Training Data. 

 RESULTS OF VARYING NUMBER OF FOLDS BY CROSS-VALIDATION 

TECHNIQUE ON ORIGINAL TRAINING DATA 

Figure B.36 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Decision Tree model by the number of folds for the original data's Stratified K-Fold and K-Fold 

cross validation. The highest accuracy was 89%, achieved at 22 folds by both Stratified K-Fold 

and K-Fold cross-validation. The highest F1 score was approximately 67%, achieved at 22 folds 

for only Stratified K-Fold cross-validation. The standard deviations for the F1 scores were larger 

than the accuracy values for all numbers of folds for both Stratified K-Fold and K-Fold cross-

validation.  

 
Figure B.36: Decision Tree Metric Results for Training Data. 
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Figure B.37 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Linear SVC model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 

the normalized data. The highest accuracy was roughly 91%, for all numbers of folds by both 

Stratified K-Fold and K-Fold cross-validation. The highest F1 score was approximately 52%, 

achieved at 25 folds for K-Fold cross-validation. The standard deviation for the F1 scores was 

largest at 25 folds for K-Fold cross-validation.  

 
Figure B.37: Linear SVC Metric Results for Normalized Training Data. 

 
Figure B.38 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Linear SVC model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 

the standardized data. The highest accuracy was roughly 91%, for all numbers of folds by both 

Stratified K-Fold and K-Fold cross-validation. The highest F1 score was approximately 52%, 

achieved at 25 folds for K-Fold cross-validation. The standard deviation for the F1 scores was 

largest at 25 folds for K-Fold cross-validation.  
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Figure B.38: Linear SVC Metric Results for Standardized Training Data. 

 
Figure B.39 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

normalized data. The highest accuracy was roughly 90%, achieved at 25 folds for both Stratified 

K-Fold and K-Fold cross-validation. The highest F1 score was approximately 57%, achieved at 21 

folds for Stratified K-Fold cross-validation. The accuracy standard deviations were relatively small 

and uniform for Stratified K-Fold and K-Fold cross-validation. However, in comparison, they were 

larger for the F1 scores and became larger as the number of folds increased.  

 
Figure B.39: KNN Metric Results for Normalized Training Data. 

 
Figure B.40 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

standardized data. The highest accuracy was around 90%, achieved at 25 folds for both Stratified 

K-Fold and K-Fold cross-validation. The highest F1 score was approximately 58%, achieved at 8 
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folds for Stratified K-Fold cross-validation. The standard deviation for accuracy increased as the 

number of folds increased for Stratified K-Fold and K-Fold. The standard deviations for F1 scores 

increased at a larger rate than the accuracy ones. 

 
Figure B.40: KNN Metric Results for Standardized Training Data. 

 
Figure B.41 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

normalized data. The highest accuracy was approximately 92%, achieved at 24 folds for both 

Stratified K-Fold and K-Fold cross-validation. The highest F1 score was approximately 63%, 

achieved at 10 folds for Stratified K-Fold cross-validation. For Stratified K-Fold and K-Fold cross-

validation, the standard deviations increased as the number of folds increased. The increase in the 

number of folds had a larger impact on the standard deviation of the F1 scores. 

 
Figure B.41: GBDT Metric Results for Normalized Training Data. 
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Figure B.42 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

standardized data. The highest accuracy was approximately 92%, achieved at 24 folds for both 

Stratified K-Fold and K-Fold cross-validation. The highest F1 score was approximately 63%, 

achieved at 10 folds for Stratified K-Fold cross-validation. For Stratified K-Fold and K-Fold cross-

validation, the standard deviations increased as the number of folds increased. The increase in the 

number of folds had a larger impact on the standard deviation of the F1 scores. 

 
 

Figure B.42: GBDT Metric Results for Standardized Training Data. 
 

Figure B.43 shows the training accuracy, F1 scores, and associated standard deviations for the 

Random Forest model by the number of folds for Stratified K-Fold and K-Fold cross-validation 

on the original data. The highest accuracy was approximately 93%, achieved at 23 folds for 

Stratified K-Fold cross-validation. The highest F1 score was approximately 68%, achieved at 10 

folds for Stratified K-Fold cross-validation. As the number of folds increased, the standard 

deviations of the accuracy and F1 score increased for Stratified K-Fold and K-Fold cross-

validation. The largest standard deviation is at 25 folds for the F1 score for K-Fold cross validation. 
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Figure B.43: Random Forest Model Metric Results for Training Data. 

 RESULTS OF VARYING NUMBER OF FOLDS BY CROSS-VALIDATION 

TECHNIQUE ON OVER-SAMPLED TRAINING DATA 

Figure B.44 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Decision Tree model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 

data using the over-sampling method. The highest accuracy was 96%, achieved at 25 folds by both 

Stratified K-Fold and K-Fold cross-validation. The highest F1 score was approximately 96%, 

achieved at 25 folds by both Stratified K-Fold and K-Fold cross-validation. For both cross-

validation methods, the standard deviations of accuracy and F1 score were small. Also, for both 

cross validation methods, the increase in the number of folds increased the accuracy. 

 
Figure B.44: Decision Tree Metric Results for Over-sampled Training Data. 

 
Figure B.45 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Linear SVC model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 
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the normalized data using the over-sampling method. The highest accuracy was 68%, achieved at 

3 folds for K-Fold cross-validation. The highest F1 score was approximately 68%, achieved at 3 

folds for K-Fold cross-validation. For both cross-validation methods, the training accuracy and F1 

scores were pretty constant ranging from 66% to 68%. As the number of folds increased, the 

accuracy increased and the F1 score decreased for the Linear SVC model. The standard deviations 

for accuracy and the F1 score increased as the number of folds increased for both cross validation 

methods. 

 
Figure B.45: Linear SVC Metric Results for Over-sampled & Normalized Training Data. 

 
Figure B.46 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Linear SVC model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 

the standardized data using the over-sampling method. The highest accuracy was 68%, achieved 

at 3 folds for K-Fold cross-validation. The highest F1 score was approximately 68%, achieved at 

3 folds for K-Fold cross-validation. The training accuracy and the F1 score were pretty constant 

ranging from 66% to 68%. For both cross-validation methods, as the number of folds increased, 

the accuracy increased and the F1 score decreased for the Linear SVC model. The standard 

deviations for accuracy and the F1 score increased as the number of folds increased. 
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Figure B.46: Linear SVC Metric Results for Over-sampled & Standardized Training Data. 

 
Figure B.47 displays the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

normalized data using the over-sampling method. The highest accuracy was approximately 88%, 

achieved at 25 folds by both Stratified K-Fold and K-Fold cross-validation. The highest F1 score 

was approximately 87%, achieved at 25 folds by both Stratified K-Fold and K-Fold cross-

validation. The standard deviations of the accuracy and F1 scores remained small and close to 

constant. For both cross-validation methods, the accuracy and F1 scores gradually increased as the 

number of folds increased. The F1 score began to outperform the accuracy as the number of folds 

increased for both Stratified K-Fold and K-Fold cross-validation. The shapes of all four bar graphs 

are very similar. 

 
Figure B.47: KNN Metric Results for Over-sampled & Normalized Training Data. 
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Figure B.48 displays the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

standardized data using the over-sampling method. The highest accuracy was approximately 88%, 

achieved at 25 folds by both Stratified K-Fold and K-Fold cross-validation. The highest F1 score 

was approximately 87%, achieved at 25 folds by both Stratified K-Fold and K-Fold cross-

validation. For both Stratified K-Fold and K-Fold cross-validation, the F1 score and accuracy for 

the KNN model respective standard deviations remained close to constant. The F1 score began to 

outperform the accuracy metrics as the number of folds increased. The shapes of all four bar graphs 

were very similar, and the range of values was 83% to 88%. As the number of folds increased, the 

F1 score and accuracy for the KNN model also increased, while the associated standard deviations 

remained constant. 

 

 
Figure B.48: KNN Metric Results for Over-sampled & Standardized Training Data. 

 
Figure B.49 displays the training accuracy, F1 scores, and associated standard deviations for the 

GBDT model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

normalized data using the over-sampling method. The highest accuracy was approximately 84%, 

achieved at 7 folds for K-Fold cross-validation. The highest F1 score was approximately 84%, 

achieved for 7 folds for K-Fold cross-validation. For Stratified K-Fold and K-Fold cross-
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validation, as the number of folds increased, the training accuracy, F1 score, and associated 

standard deviations increased. 

 
Figure B.49: GBDT Metric Results for Over-sampled & Normalized Training Data. 

 
Figure B.50 displays the training accuracy, F1 scores, and associated standard deviations for the 

GBDT model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

standardized data using the over-sampling method. The highest accuracy was approximately 84%, 

achieved at 7 folds for K-Fold cross-validation. The highest F1 score was approximately 84%, 

achieved for 7 folds for K-Fold cross-validation. For Stratified K-Fold and K-Fold cross-

validation, as the number of folds increased, the training accuracy, F1 score, and associated 

standard deviations increased. 

 

 
Figure B.50: GBDT Metric Results for Over-sampled & Standardized Training Data. 
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Figure B.51 displays the training accuracy, F1 scores, and associated standard deviations for the 

Random Forest model by the number of folds for Stratified K-Fold and K-Fold cross-validation 

on the original data. The highest accuracy was approximately 98%, achieved at 22 folds for 

Stratified K-Fold cross-validation. The highest F1 score was approximately 98%, achieved for 24 

folds for Stratified K-Fold cross-validation. Since the data were oversampled, the standard 

deviation was smaller, which increased precision. As the number of folds increased, the accuracy 

and F1 score were close to uniform for Stratified K-Fold and K-Fold cross validation techniques. 

For the F1 score and accuracy, the values remained between the values of 97% and 98% for both 

Stratified K-Fold and K-Fold cross-validation.  

 
Figure B.51: Random Forest Metric Results for Over-sampled Training Data. 

 RESULTS OF VARYING NUMBER OF FOLDS BY CROSS-VALIDATION 

TECHNIQUE ON UNDER-SAMPLED TRAINING DATA 

Figure B.52 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Decision Tree model by the number of folds for the original data's Stratified K-Fold and K-Fold 

cross-validation. The maximum overall accuracy was approximately 72% for Stratified K-Fold at 

25 folds. The maximum overall F1 score was approximately 70% for Stratified K-Fold at 13 folds. 

For both cross-validation techniques, accuracy and F1 score never stabilized. The standard 
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deviations of the accuracy and F1 scores were above 0.03. As the number of folds increased, all 

the standard deviations increased. 

 
Figure B.52: Decision Tree Metric Results for Under-sampled Training Data. 

 
Figure B.53 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Linear SVC model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 

the normalized data using the under-sampling method. The highest accuracy was approximately 

64% achieved at 14 folds by both Stratified K-Fold and K-Fold cross-validation. The highest F1 

score was approximately 64% for Stratified K-Fold at 13 folds. The associated standard deviations 

increased as the number of folds increased. For both cross-validation methods, The increase in the 

number of folds did not have a noticeable impact on the model's accuracy and F1 score. For both 

scaling techniques, the training accuracy and F1 score were above 58% consistently. 

 
Figure B.53: Linear SVC Metric Results for Under-sampled & Normalized Training Data. 
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Figure B.54 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Linear SVC model by the number of folds for Stratified K-Fold and K-Fold cross-validation on 

the standardized data using the under-sampling method. The maximum overall accuracy was 

approximately 64% achieved at 14 folds by both Stratified K-Fold and K-Fold cross-validation. 

The maximum overall F1 score was approximately 64% for Stratified K-Fold at 13 folds. The 

associated standard deviations increased as the number of folds increased. For botThe increase in 

the number of folds did not have a noticeable impact on the model's accuracy and F1 score. For 

both scaling techniques, the training accuracy and F1 score were above 58% consistently. 

 
Figure B.54: Linear SVC Metric Results for Under-sampled & Standardized Training 

Data. 
 

Figure B.55 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

normalized data using the under-sampling method. The maximum overall accuracy was 

approximately 69% achieved at 25 folds for K-Fold cross-validation. The maximum overall F1 

score was approximately 67% for K-Fold at 9 folds. The standard deviations for both accuracy and 

F1 scores increased as the number of folds increased. There was high standard deviation both 

metrics in the K-Fold cross-validation results. The minimum and maximum values for accuracy 

were 64% and 68%, respectively. 
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Figure B.55: KNN Metric Results for Under-sampled & Normalized Training Data. 

 
Figure B.56 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

standardized data using the under-sampling method. The maximum overall accuracy was 

approximately 63% achieved at 3 folds for Stratified K-Fold cross-validation. The maximum 

overall F1 score was approximately 63% for Stratified K -Fold at 3 folds. The associated standard 

deviations increased as the number of folds increased.  The KNN model using standardized and 

normalized data performs very similarly. For both scaling techniques, the accuracy and F1 score 

remain almost constant for both cross-validation techniques. The range of accuracy and F1 score 

values were approximately 3% and 7%, respectively both cross-validation techniques. 

 
Figure B.56: KNN Metric Results for Under-sampled & Standardized Training Data. 

 
Figure B.57 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 
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normalized data using the under-sampling method. The maximum overall accuracy was 

approximately 74% achieved at 25 folds for Stratified K-Fold cross-validation. The maximum 

overall F1 score was approximately 73% for Stratified K -Fold at three folds. The standard 

deviations for accuracy and F1 scores increased as the number of folds increased for both cross-

validation methods. 

 
Figure B.57: GBDT Metric Results for Under-sampled & Normalized Training Data. 

 
Figure B.58 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT model by the number of folds for Stratified K-Fold and K-Fold cross-validation on the 

standardized data using the under-sampling method. The maximum overall accuracy was 

approximately 74% achieved at 25 folds for Stratified K-Fold cross-validation. The maximum 

overall F1 score was approximately 73% for Stratified K -Fold at 3 folds. The standard deviations 

for accuracy and F1 scores increased as the number of folds increased for both cross-validation 

methods. 



 

296 

 

 

 
Figure B.58: GBDT Metric Results for Under-sampled & Standardized Training Data. 

 
Figure B.59 displays the training accuracy, F1 scores, and associated standard deviations for the 

Random Forest model by the number of folds for Stratified K-Fold and K-Fold cross-validation 

on the original data using an under-sampling method. The maximum overall accuracy was 

approximately 74% achieved at 19 folds for Stratified K-Fold cross-validation. The maximum 

overall F1 score was approximately 73% for Stratified K -Fold at 19 folds. The fewer the number 

of folds, the smaller the standard deviation values for both cross-validation techniques. For 

Stratified K-Fold, and K-Fold Cross Validation techniques, the accuracy and F1 score fluctuated 

as the number of folds increased. 

 
Figure B.59: Random Forest Metric Results for Under-sampled Training Data. 
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 RESULTS OF VARYING DECISION TREE HYPERPARAMETERS WITH 

ORIGINAL DATA 

Figure B.60 illustrates the training accuracy, F1 score, and associated standard deviations for the 

Decision Tree model by misclassification hyperparameters for the different cross-validation 

techniques on original data. The highest accuracy was 89%, achieved by the Gini index for 

Stratified K-Fold cross-validation. The highest F1 score was approximately 67%, achieved by the 

Gini index for Stratified K-Fold cross validation. The standard deviations for Stratified K-Fold 

Cross-Validation were higher than K-Fold Cross-Validation in all cases.   For the Decision Tree 

model, the Gini index seemed to outperform entropy more often. 

 
Figure B.60: Impact of Decision Tree Hyperparameters on Training Data. 

 RESULTS OF VARYING K-NEAREST NEIGHBOR (K-NN) 

HYPERPARAMETERS WITH ORIGINAL DATA 

Figure B.61 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by varying the ‘K’ hyperparameter for Stratified K-Fold and K-Fold cross validation 

on the normalized data. The highest accuracy was roughly 90%, achieved at 10 nearest neighbors 

(K=10) for both Stratified K-Fold and K-Fold cross-validation. The highest F1 score was 

approximately 60%, achieved at 2 nearest neighbors (K=2) for Stratified K-Fold cross-validation. 

The standard deviations were largest for F1 scores for Stratified K-Fold cross-validation. For both 
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cross-validation techniques, the increase in nearest neighbors had a positive impact on accuracy 

and F1 scores. Also, the accuracy of the model progressively increased as the number of nearest 

neighbors increased for both cross-validation techniques. 

 

 
Figure B.61: Impact of KNN Hyperparameters on Normalized Training Data. 

 
Figure B.62 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by varying the ‘K’ hyperparameter for Stratified K-Fold and K-Fold cross validation 

on the standardized data. The highest accuracy was roughly 90%, achieved at 10 nearest neighbors 

(K=10) for both Stratified K-Fold and K-Fold cross-validation. The highest F1 score was around 

60%, achieved at 2 nearest neighbors (K=2) for K-Fold cross-validation. The standard deviations 

were larger for F1 scores for Stratified K-Fold cross-validation. For both cross-validation 

techniques, the increase in nearest neighbors had a positive impact on accuracy and F1 scores. For 

all the KNN models, the increase in nearest neighbor positively impacted accuracy and F1 score, 

and the standard deviations remained constant. 
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Figure B.62: Impact of KNN Hyperparameters on StandardizedTraining Data. 

 RESULTS OF VARYING GRADIENT BOOSTING DECISION TREES 

HYPERPARAMETERS WITH ORIGINAL DATA 

Figure B.63 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT by varying the learning rate for Stratified K-Fold and K-Fold cross validation on the 

normalized data. The highest accuracy of approximately 93% was achieved at the learning rate of 

0.1 for Stratified K-Fold cross-validation. The highest F1 score was around 64%, achieved at the 

learning rate of 0.1 for Stratified K-Fold cross-validation. The standard deviations of the F1 score 

for Stratified K-Fold Cross-Validation were larger than those for K-Fold. For both cross-validation 

techniques, the accuracy and F1 score looked pretty stable and slightly increased as the learning 

rate increased. 

 
Figure B.63: Impact of GBDT Hyperparameters on Normalized Training Data. 
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Figure B.64 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT by varying the learning rate for Stratified K-Fold and K-Fold cross validation on the 

standardized data. The highest accuracy of approximately 93% was achieved at the learning rate 

of 0.1 for Stratified K-Fold cross-validation. The highest F1 score was around 64%, achieved at 

the learning rate of 0.1 for Stratified K-Fold cross-validation. The standard deviations of the F1 

score for Stratified K-Fold Cross-Validation were larger than K-Fold. The accuracy and F1 score 

looked pretty stable and slightly increased as the learning rate increased for both cross-validation 

methods. 

 
Figure B.64: Impact of GBDT Hyperparameters on Standardized Training Data. 

 RESULTS OF VARYING RANDOM FOREST TREES HYPERPARAMETERS 

WITH ORIGINAL DATA 

Figure B.65 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Random Forest by misclassification hyperparameters for Stratified K-Fold and K-Fold cross 

validation on the original data. The highest accuracy was approximately 92% achieved by entropy 

for Stratified K-Fold cross-validation. The highest F1 score was around 67%, achieved by entropy 

for Stratified K-Fold cross-validation. The standard deviations for accuracy and F1 scores were 

high for Stratified K-Fold Cross-Validation compared to all other results. 
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Figure B.65: Impact of Random Forest Hyperparameters on Training Data. 

 RESULTS OF VARYING DECISION TREE HYPERPARAMETERS WITH OVER-

SAMPLED DATA 

Figure B.66 illustrates the training accuracy, F1 score, and associated standard deviations for the 

Decision Tree model by misclassification hyperparameters for the different cross-validation 

techniques on data using the over-sampling method. The highest accuracy was 97%, achieved by 

the Gini index for Stratified K-Fold cross-validation. The highest F1 score was approximately 

97%, achieved by the Gini index for Stratified K-Fold cross-validation. The standard deviations 

for Stratified K-Fold Cross-Validation were lower than K-Fold Cross-Validation in all cases. For 

the Decision Tree model, the Gini index seemed to outperform entropy more often. 

 
Figure B.66: Impact of Decision Tree Hyperparameters on Over-Sampled Training Data. 
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 RESULTS OF VARYING K-NEAREST NEIGHBOR (K-NN) 

HYPERPARAMETERS WITH OVER-SAMPLED DATA 

Figure B.67 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by varying the ‘K’ hyperparameter for Stratified K-Fold and K-Fold cross-validation 

on the normalized data using over-sampling. The highest accuracy was roughly 87%, achieved at 

ten nearest neighbors (K=10) for both Stratified K-Fold and K-Fold cross-validation. The highest 

F1 score was approximately 87%, achieved at 10 nearest neighbors (K=10) for Stratified K-Fold 

cross-validation. For both cross-validation techniques, the standard deviations remained constant 

for both the F1 score and the accuracy. As the nearest neighbors increased, the standard deviations 

remained constant. Accuracy and F1 score of the model slowly increased as the number of nearest 

neighbors increased. 

 
Figure B.67: Impact of KNN Hyperparameters on Over-sampled & Normalized Training 

Data. 
 

Figure B.68 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by varying the ‘K’ hyperparameter for Stratified K-Fold and K-Fold cross-validation 

on the standardized data using over-sampling. The highest accuracy was roughly 90%, achieved 

at eight nearest neighbors (K=8) for Stratified K-Fold cross-validation. The highest F1 score was 

approximately 90%, achieved at eight nearest neighbors (K=8) for Stratified K-Fold cross-
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validation. The standard deviations gradually increased for both the F1 score and the accuracy, as 

the nearest neighbors increased for both cross-validation techniques. For both cross-validation 

techniques, the Accuracy and F1 score of the model slowly increased as the number of nearest 

neighbors increased. For the normalized and standardized data, the KNN models performed very 

similarly.  

 
Figure B.68: Impact of KNN Hyperparameters on Over-sampled & Standardized Training 

Data. 

 RESULTS OF VARYING GRADIENT BOOSTING DECISION TREES 

HYPERPARAMETERS WITH OVER-SAMPLED DATA 

Figure B.69 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT by varying the learning rate for Stratified K-Fold and K-Fold cross-validation on the 

normalized data using over-sampling. The highest accuracy was approximately 86%, achieved at 

the learning rate of 0.05 for Stratified K-Fold cross-validation. The highest F1 score was around 

86%, achieved at the learning rate of 0.05 for Stratified K-Fold cross-validation. The smallest 

standard deviations were achieved at the learning rate of 0.02 for Stratified K-Fold cross-

validation. For both cross-validation methods, the accuracy and F1 score looked pretty stable and 

slightly increased as the learning rate increased. The training accuracy and F1 score remained close 

to uniform as the learning rate increased. 
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Figure B.69: Impact of GBDT Hyperparameters on Over-sampled & Normalized Training 

Data. 
 

Figure B.70 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT by varying the learning rate for Stratified K-Fold and K-Fold cross-validation on the 

normalized data using over-sampling. The highest accuracy was approximately 86%, achieved at 

the learning rate of 0.05 for Stratified K-Fold cross-validation. The highest F1 score was around 

86%, achieved at the learning rate of 0.05 for Stratified K-Fold cross-validation. The smallest 

standard deviations were achieved at the learning rate of 0.02 for Stratified K-Fold cross-

validation. For both cross-validation methods, the accuracy and F1 score looked stable and slightly 

increased as the learning rate increased. The training accuracy and F1 score remained close to 

uniform as the learning rate increased. 
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Figure B.70: Impact of GBDT Hyperparameters on Over-sampled & Standardized 

Training Data. 

 RESULTS OF VARYING RANDOM FOREST TREES HYPERPARAMETERS 

WITH OVER-SAMPLED DATA 

Figure B.71 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Random Forest by misclassification hyperparameters for Stratified K-Fold and K-Fold cross-

validation on the original data using over-sampling. The Gini Index achieved the highest accuracy 

of approximately 99% for Stratified K-Fold cross-validation. The highest F1 score was around 

99%, achieved by the Gini Index for Stratified K-Fold cross-validation. The standard deviations 

for accuracy and F1 score were relatively low for both K-Fold and Stratified K-Fold cross-

validation approaches. Entropy outperformed the Gini index for K-Fold cross-validation, and the 

Gini index performed better than entropy for Stratified K-Fold cross-validation for the Random 

Forest models. 
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Figure B.71: Impact of Random Forest Hyperparameters on Over-sampled Training Data. 

 RESULTS OF VARYING DECISION TREES HYPERPARAMETERS WITH 

UNDER-SAMPLED DATA 

Figure B.72 illustrates the training accuracy, F1 score, and associated standard deviations for the 

Decision Tree model by misclassification hyperparameters for the different cross-validation 

techniques on data using under-sampling. The highest accuracy was 74%, achieved by entropy for 

Stratified K-Fold cross-validation. The highest F1 score was approximately 74%, achieved by 

entropy for Stratified K-Fold cross-validation. The standard deviations were consistently about 

0.09. The entropy hyperparameter performed better than the Gini Index for the Decision Tree 

models for testing accuracy and F1 score. 

 
Figure B.72: Impact of Decision Tree Hyperparameters on Under-sampled Training Data. 
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 RESULTS OF VARYING K-NEAREST NEIGHBOR (K-NN) 

HYPERPARAMETERS WITH UNDER-SAMPLED DATA 

Figure B.73 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by varying the ‘K’ hyperparameter for Stratified K-Fold and K-Fold cross-validation 

on the normalized data using under-sampling. The highest accuracy was roughly 77%, achieved 

at nine nearest neighbors (K=9) for Stratified K-Fold cross-validation. The highest F1 score was 

approximately 76%, achieved at ten nearest neighbors (K=10) for Stratified K-Fold cross-

validation. The standard deviations were consistently about 0.1. For K-Fold Cross-Validation, the 

accuracy and F1 score increased as the number of nearest neighbors increased. Accuracy for the 

models ranged from 50% to 77%, and the F1 score of the models ranged from 49% to 76%.  

 

 
Figure B.73: Impact of KNN Hyperparameters on Under-sampled & Normalized Training 

Data. 
 

Figure B.74 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

KNN model by varying the ‘K’ hyperparameter for Stratified K-Fold and K-Fold cross-validation 

on the standardized data using under-sampling. The highest accuracy was roughly 68%, achieved 

at seven nearest neighbors (K=7) for K-Fold cross-validation. The highest F1 score was 

approximately 67%, achieved at 7 nearest neighbors (K=7) for K-Fold cross-validation. The 
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standard deviations for accuracy and F1 score are higher for K-Fold cross-validation than Stratified 

K-Fold cross-validation. 

 
Figure B.74: Impact of KNN Hyperparameters on Under-sampled & Standardized 

Training Data. 

 RESULTS OF VARYING GRADIENT BOOSTING DECISION TREES 

HYPERPARAMETERS WITH UNDER-SAMPLED DATA 

Figure B.75 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT by varying the learning rate for Stratified K-Fold and K-Fold cross-validation on the 

normalized data using under-sampling. The highest accuracy was approximately 74%, achieved at 

the learning rate of 0.1 for Stratified K-Fold cross-validation. The highest F1 score was around 

73%, achieved at the learning rate of 0.1 for Stratified K-Fold cross-validation. For both cross-

validation methods, the standard deviations were above 0.13 for accuracy and F1 score. The 

training accuracy and F1 score marginally increased as the learning rate increased for Stratified K-

Fold validation. The accuracy ranged from 64% to 73%, and the F1 score ranged from 62% to 

72%. 
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Figure B.75: Impact of GBDT Hyperparameters on Under-sampled & Normalized 

Training Data. 
 

Figure B.76 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

GBDT by varying the learning rate for Stratified K-Fold and K-Fold cross validation on the 

standardized data using under-sampling. The highest accuracy was approximately 74%, achieved 

at the learning rate of 0.1 for Stratified K-Fold cross-validation. The highest F1 score was around 

73%, achieved at the learning rate of 0.1 for Stratified K-Fold cross-validation. For both cross-

validation methods, the standard deviation was above 0.13 for accuracy and F1 score. The training 

accuracy and F1 score marginally increased as the learning rate increased for Stratified K-Fold 

validation. The accuracy ranged from 64% to 73%, and the F1 score ranged from 62% to 72%. 

 
Figure B.76: Impact of GBDT Hyperparameters on Under-sampled & Standardized 

Training Data. 
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 RESULTS OF VARYING RANDOM FOREST TREES HYPERPARAMETERS 

WITH UNDER-SAMPLED DATA 

Figure B.77 illustrates the training accuracy, F1 scores, and associated standard deviations for the 

Random Forest by misclassification hyperparameters for Stratified K-Fold and K-Fold cross 

validation on the original data using under-sampling. The highest accuracy was approximately 

72% achieved by entropy for Stratified K-Fold cross-validation. The highest F1 score was around 

71%, achieved by entropy for Stratified K-Fold cross-validation. The standard deviations for 

accuracy and F1 score are similar per hyperparameter. Entropy outperformed the Gini index for 

both K-Fold and Stratified K-Fold cross validation. 

 
Figure B.77: Impact of Random Forest Hyperparameters on Under-sampled Training 

Data. 

 SUMMARY OF F1 SCORES AND ACCURACY VALUES FOR MODEL 

PERFORMANCE EVALUATION FOR TRAINING DATA 

Figure B.78 displays the comparison of training accuracy, F1 score and associated standard 

deviations for the supervised learning models with original data. This chart shows that accuracy 

was always higher than F1 scores. All models had over 89% accuracy. The Random Forest tree 

model produced the highest accuracy and F1 score on the original dataset at roughly 92% and 67%, 

respectively. Linear SVC had a lowest F1 score value of 52%, and Decision Tree had the lowest 
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accuracy at 89%. The standard deviation for the F1 score was much larger than that for the 

accuracy for every model. For the original data, the Random Forest model generated the best 

training accuracy and F1 score.  

 
Figure B.78: Comparison of Metrics for Original Training Data. 

 
Figure B.79 shows the comparison of training accuracy, F1 score and associated standards for the 

supervised learning models using oversampling. Similar to the original data shown in Figure B.78, 

Figure B.79 shows that the accuracy was always higher than the F1 score, but only slightly in some 

cases. The Linear SVC model produced the lowest accuracy and F1 score at 68%.  For the data 

using oversampling, the Random Forest model has the highest accuracy and F1 score both at 98%, 

along with the lowest standard deviations. 

 
Figure B.79: Comparison of Metrics for Over-sampled Training Data. 
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In Figure B.80, the bar graph shows the comparison of training accuracy, F1 score and associated 

standard deviations for the supervised learning models using under-sampling. The graph shows 

that F1 scores were slightly lower than accuracy. GBDT and Random Forest performed the best, 

and Linear SVC performed the worst of all the models but had the lowest standard deviation. The 

Linear SVC Model had accuracy and F1 scores that were roughly 66%. In comparison, the GBDT 

and Random Forest models on under-sampled data had accuracy and F1 scores of approximately 

74% and 73%, respectively. For under-sampling, the GBDT had the best accuracy and F1 score, 

and Random Forest was a close second because the metrics were 0.001% less than the GBDT 

model. 

  
Figure B.80: Comparison of Metrics for Under-sampled Training Data. 
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 RESULTS OF FEATURE SELECTION USING ORIGINAL DATA 

 
Figure B.81: Permutation Feature Importance for Original Training Data. 

 
Figure B.82: Feature Importance for Original Training Data. 
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 RESULTS OF FEATURE SELECTION USING OVER-SAMPLED DATA 

 
Figure B.83: Permutation Feature Importance for Over-sampled Training Data. 

 

 
Figure B.84: Feature Importance for Over-sampled Training Data. 
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 RESULTS OF FEATURE SELECTION USING UNDER-SAMPLED DATA 

 
Figure B.85: Permutation Feature Importance for Under-sampled Training Data. 

 

 
Figure B.86: Feature Importance for Under-sampled Training Data. 
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 RESULTS OF FEATURE SELECTION FOR LINEAR SVC USING 

COEFFICIENTS 

 
Figure B.87: Coefficients of Linear SVC Model for Original Training Data. 

 
Figure B.88: Coefficients of Linear SVC Model for Over-sampled Training Data. 

 

  
Figure B.89: Coefficients of Linear SVC Model for Under-sampled Training Data. 
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 MODEL PERFORMANCE EVALUATION FOR TESTING DATA BY SAMPLING 

TYPE 

The chart below shows the testing accuracy and F1 score of the supervised learning models for the 

different sampling techniques in reference to the demographic factors used during this study. These 

charts show that the accuracy results were always higher than the F1 score values. In all models 

except Random Forest, the testing accuracy decreased from Original to Oversample to Under-

sample. The largest decrease was in Linear SVC, where the accuracy decreased from over 89% to 

54%. In contrast, the smallest increase was in the Decision Tree model, where the accuracy of 90% 

dropped by 1% from original to oversampled data. KNN model also had a reasonably small 

decrease in accuracy from 87% to 81%, and the GBDT model was not far behind with a decrease 

of almost 11 %. In Random Forest, the accuracy of the model increased by 2% from original to 

over-sampled data. For the F1 score, the oversampling method produced the highest score for all 

the models except Decision Tree and Linear SVC. Linear SVC had the lowest score in all three 

sampling techniques (Original, Over-sampling, Under-sampling). The most massive increase was 

in Random Forest, where the F1 score increased from over 57% to 76% from original to 

oversampled data. KNN model also had a small increase in the F1 score from 51% to 62%, and 

the GBDT model was not far behind with an increase of almost 12%. In Decision Tree and Linear 

SVC, the F1 score of the model decreased from Original to Over-sample to Under-sample. 

Although all the models performed reasonably well, Random Forest produced the highest accuracy 

and F1 score out of all the models. Original and oversampling techniques seem to outperform 

under-sampling on this data set definitively. 
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Figure B.90: Metric Results by Sampling Techniques for Testing Data. 

 RESULTS OF VARYING NUMBER OF FOLDS BY CROSS-VALIDATION 

TECHNIGUE ON ORIGINAL TESTING DATA 

Figure B.91 illustrates the testing accuracy and F1 score for the Decision Tree model by the 

number of folds for Stratified K-Fold and K-Fold cross validation on the original data. The highest 

accuracy was 93%, achieved at 20 to 21 folds for Stratified K-Fold cross-validation. The highest 

F1 score was approximately 78%, achieved at 20 to 21 folds for Stratified K-Fold cross-validation. 

The testing accuracy gradually fluctuated as the number of folds increased—the accuracy ranged 

from 87% to 93%. The number of folds had more impact on the variability of the F1 score than 

the accuracy. 

 

 
Figure B.91: Decision Tree Metric Results for Testing Data. 



 

319 

 

 

Figure B.92 illustrates the testing accuracy and F1 score for the Linear SVC model by the number 

of folds for Stratified K-Fold and K-Fold cross-validation on the normalized data. The highest 

accuracy was roughly 89%, for all folds for both Stratified K-Fold and K-Fold cross-validation. 

The highest F1 score was approximately 47% for all folds for both Stratified K-Fold and K-Fold 

cross-validation. The Linear SVC accuracy and F1 score were uniformly distributed (i.e., remained 

the same as the number of folds increased).  

 
Figure B.92: Linear SVC Metric Results for Normalized Testing Data. 

 
Figure B.93 illustrates the testing accuracy and F1 score for the Linear SVC model by the number 

of folds for Stratified K-Fold and K-Fold cross-validation on the standardized data. The highest 

accuracy was roughly 89%, for all folds for both Stratified K-Fold and K-Fold cross-validation. 

The highest F1 score was approximately 47% for all folds for both Stratified K-Fold and K-Fold 

cross-validation. The Linear SVC accuracy and F1 score were uniformly distributed (i.e., remained 

the same as the number of folds increased). 
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Figure B.93: Linear SVC Metric Results for Standardized Testing Data. 

 
Figure B.94 illustrates the testing accuracy and F1 score for the KNN model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the normalized data. The highest 

accuracy was roughly 89%, achieved at 4 folds for both Stratified K-Fold and K-Fold cross-

validation. The highest F1 score was approximately 61%, achieved at 25 folds for K-Fold cross-

validation. Accuracy peaked early at four folds for Stratified K-Fold cross-validation, compared 

to 25 for K-Fold. There was more variability in the F1 score than accuracy.  

 
Figure B.94: KNN Metric Results for Normalized Testing Data. 

 
Figure B.95 illustrates the testing accuracy and F1 score for the KNN model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the standardized data. The highest 

accuracy was around 89%, achieved at 3 folds for K-Fold cross-validation. The highest F1 score 

was approximately 57%, achieved at 4 folds for K-Fold cross-validation. The distributions of 
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accuracy and F1 score are approximately uniform for Stratified K-Fold cross-validation. However, 

the same is not true for the distributions of accuracy and F1 score for K-Fold cross-validation. 

 
Figure B.95: KNN Metric Results for Standardized Testing Data. 

 
Figure B.96 illustrates the testing accuracy and F1 score for the GBDT model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the normalized data. The highest 

accuracy was approximately 89%, achieved at 3 folds for K-Fold cross-validation. The highest F1 

score was approximately 58%, achieved at 3 folds for K-Fold cross-validation. For Stratified K-

Fold and K-Fold cross-validation, the accuracy began to stabilize around 4 folds at approximately 

89%.  

 
Figure B.96: GBDT Metric Results for Normalized Testing Data. 

 
Figure B.97 illustrates testing accuracy and F1 score for the GBDT model by the number of folds 

for Stratified K-Fold and K-Fold cross-validation on the standardized data. The highest accuracy 

was approximately 89%, achieved at 3 folds for K-Fold cross-validation. The highest F1 score was 
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approximately 58%, achieved at 3 folds for K-Fold cross-validation. For Stratified K-Fold cross-

validation, the model's accuracy began to stabilize around 4 folds at approximately 89%.  

 
Figure B.97: GBDT Metric Results for Standardized Testing Data. 

 
Figure B.98 shows the testing accuracy and F1 score for the Random Forest model by the number 

of folds for Stratified K-Fold and K-Fold cross-validation on the original data. The highest 

accuracy was approximately 90%, achieved at 11 folds for K-Fold cross-validation. The highest 

F1 score was approximately 66% achieved at 11 folds for K-Fold cross-validation. The testing 

accuracy remained relatively consistent for Stratified K-Fold and K-Fold cross-validation at 

approximately 90%. The number of folds had more impact on the variability of F1 score than 

accuracy. 

 
Figure B.98: Random Forest Metric Results for Testing Data. 
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 RESULTS OF VARYING NUMBER OF FOLDS BY CROSS-VALIDATION 

TECHNIQUE ON OVER-SAMPLED TESTING DATA 

Figure B.99 illustrates the testing accuracy and F1 score for the Decision Tree model by the 

number of folds for Stratified K-Fold and K-Fold cross-validation on data using over-sampling. 

The highest accuracy was 91%, achieved at 14 folds for Stratified K-Fold cross-validation. The 

highest F1 score was approximately 77%, achieved at 8 folds for K-Fold cross-validation. The 

distribution of accuracy is approximately uniform for Stratified K-Fold and K-Fold cross-

validation. However, the same is not true for the distribution of F1 score. 

 
Figure B.99: Decision Tree Metric Results for Over-sampled Testing Data. 

 
Figure B.100 illustrates the testing accuracy and F1 score for the Linear SVC model by the number 

of folds for Stratified K-Fold and K-Fold cross-validation on the normalized data using over-

sampling. The highest accuracy was 59%, achieved at 14 folds for K-Fold cross-validation. The 

highest F1 score was approximately 48%, achieved at 14 folds for K-Fold cross-validation. The 

training accuracy and the F1 score were ranged from 66% to 68%.  
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Figure B.100: Linear SVC Metric Results for Over-sampled & Normalized Testing Data. 

 
Figure B.101 illustrates the testing accuracy and F1 score for the Linear SVC model by the number 

of folds for Stratified K-Fold and K-Fold cross-validation on the standardized data using the over-

sampling method. The highest accuracy was 59%, achieved at 14 folds for K-Fold cross-validation. 

The highest F1 score was approximately 48%, achieved at 14 folds for K-Fold cross-validation. 

The training accuracy and F1 score ranged from 66% to 68%. For normalized and standardized 

data, the testing accuracy ranged from 50% to 60% and the F1 score ranged from 40% to 50%.  

 
Figure B.101: Linear SVC Metric Results for Over-sampled & Standardized Testing Data. 

 
Figure B.102 displays the testing accuracy and F1 score for the KNN model by the number of folds 

for Stratified K-Fold and K-Fold cross-validation on the normalized data using over-sampling. The 

highest accuracy was approximately 80%, achieved at 7 folds for K-Fold cross-validation. The 

highest F1 score was approximately 63%, achieved at 7 folds for K-Fold cross-validation.   
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Figure B.102: KNN Metric Results for Over-sampled & Normalized Testing Data. 

 
Figure B.103 displays the testing accuracy and F1 score for the KNN model by the number of folds 

for Stratified K-Fold and K-Fold cross-validation on the standardized data using over-sampling. 

The highest accuracy was approximately 82%, achieved at 10 folds for Stratified K-Fold cross-

validation. The highest F1 score was approximately 65%, achieved at 10 folds by both Stratified 

K-Fold and K-Fold cross-validation. The F1 score was consistently higher than 60% for both cross-

validation techniques.  

 
Figure B.103: KNN Metric Results for Over-sampled & Standardized Testing Data. 

 
Figure B.104 displays the testing accuracy and F1 score for the GBDT model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the normalized data using over-

sampling. The highest accuracy was approximately 82%, achieved at 19 to 21 folds for K-Fold 

cross-validation. The highest F1 score was approximately 67%, achieved at 15 folds for Stratified 

K-Fold cross-validation.  
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Figure B.104: GBDT Metric Results for Over-sampled & Normalized Testing Data. 

 
Figure B.105 displays the testing accuracy and F1 score for the GBDT model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the standardized data using over-

sampling. The highest accuracy was approximately 82%, achieved at 19 to 21 folds for K-Fold 

cross-validation. The highest F1 score was approximately 67%, achieved at 15 folds for Stratified 

K-Fold cross-validation. The F1 score gradually increased and decreased as the number of folds 

increased for Stratified K-Fold and K-Fold cross-validation 

 
Figure B.105: GBDT Metric Results for Over-sampled & Standardized Testing Data. 

 
Figure B.106 displays the testing accuracy and F1 score for the Random Forest model by the 

number of folds for Stratified K-Fold and K-Fold cross-validation on the original data using over-

sampling method. The highest accuracy was approximately 92%, achieved at 13 folds for Stratified 
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K-Fold cross-validation. The highest F1 score was approximately 77%, achieved at 13 folds for 

Stratified K-Fold cross-validation. 

 
Figure B.106: Random Forest Metric Results for Over-sampled Testing Data. 

 RESULTS OF VARYING NUMBER OF FOLDS BY CROSS-VALIDATION 

TECHNIQUE ON UNDER-SAMPLED TESTING DATA 

Figure B.107 illustrates the testing accuracy and F1 score for the Decision Tree model by the 

number of folds for Stratified K-Fold and K-Fold cross-validation on using under-sampling 

method. The highest accuracy was approximately 72% achieved at 6 folds for K-Fold cross-

validation. The highest F1 score was approximately 61% achieved at 19 folds for K-Fold cross-

validation. Generally, the testing accuracy and F1 score steadily increased as the number of folds 

increased for both Stratified K-Fold and K-Fold cross-validation. 

 
Figure B.107: Decision Tree Metric Results for Under-sampled Testing Data. 
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Figure B.108 illustrates the testing accuracy and F1 score for the Linear SVC model by the number 

of folds for Stratified K-Fold and K-Fold cross-validation on the normalized data using under-

sampling. The highest accuracy was approximately 57% achieved at 3 folds for Stratified K-Fold 

cross-validation. The highest F1 score was approximately 47% achieved at 3 folds for Stratified 

K-Fold cross-validation. For Stratified K-Fold cross-validation, the accuracy and F1 score were 

highest at 3 folds and then decreased as the number of folds increased.  The K-Fold cross-

validation metrics performed the opposite of Stratified K-Fold. The metrics began to increase as 

the number of folds increased and then began to stabilize slightly. 

 
Figure B.108: Linear SVC Metric Results for Under-sampled & Normalized Testing Data. 

 
Figure B.109 illustrates testing accuracy and F1 score for the Linear SVC model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the normalized data using under-

sampling. The highest accuracy was approximately 57%, achieved at 17 folds for Stratified K-

Fold cross-validation. The highest F1 score was approximately 47%, achieved at 17 folds for 

Stratified K-Fold cross-validation. The accuracy and F1 score gradually increased as the number 

of folds increased. 
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Figure B.109: Linear SVC Metric Results for Under-sampled & Standardized Testing 

Data. 
 

Figure B.110 illustrates testing accuracy and F1 score for the KNN model by the number of folds 

for Stratified K-Fold and K-Fold cross-validation on the normalized data using under-sampling. 

The highest accuracy was approximately 64%, achieved at 14 folds for Stratified K-Fold cross-

validation. The highest F1 score was approximately 53%, achieved at 14 folds for K-Fold cross-

validation. For Stratified K-Fold cross-validation, both accuracy and F1 scores decreased initially 

but then increased sharply at 13 folds. The accuracy values increased by 25%, and the F1 score 

increased by 18% from 13 to 14 folds. There was variability in the K-Fold cross-validation results 

also. 

 
Figure B.110: KNN Metric Results for Under-sampled & Normalized Testing Data. 

 
Figure B.111 illustrates testing accuracy and F1 score for the KNN model by the number of folds 

for Stratified K-Fold and K-Fold cross-validation on the standardized data using under-sampling. 

The highest accuracy was approximately 60%, achieved at 16 folds for K-Fold cross-validation. 
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The highest F1 score was approximately 49%, achieved at 3 folds for Stratified K -Fold cross-

validation. The KNN model's accuracy has various values as the number of folds increases for 

both cross-validation techniques. The accuracy does level out 17 and 24 number of folds for K-

Fold. However, for K-Fold cross-validation, there was a decrease of about 28% in accuracy from 

16 to 17 folds and it remained constant between 17 and 24 folds. The F1 score for both cross-

validation techniques ranged from 30% to 50%.  

 
Figure B.111: KNN Metric Results for Under-sampled & Standardized Testing Data. 

 
Figure B.112 illustrates testing accuracy and F1 score for the GBDT model by the number of folds 

for Stratified K-Fold and K-Fold cross-validation on the normalized data using under-sampling. 

The highest accuracy was approximately 73%, achieved at 6 folds for K-Fold cross-validation. 

The highest F1 score was approximately 60%, achieved at 6 folds for Stratified K -Fold cross-

validation. For Stratified K-Fold cross-validation, the accuracy and F1 score gradually increased 

as the number of folds increased and began to plateau at 19 folds at approximately 65% for 

accuracy and 55% for F1 score. For K-Fold cross-validation, accuracy frequently performed 

between 55% and 85% and F1 score between 50% and 65%. 
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Figure B.112: GBDT Metric Results for Under-sampled & Normalized Testing Data. 

 
Figure B.113 illustrates the testing accuracy and F1 score for the GBDT model by the number of 

folds for Stratified K-Fold and K-Fold cross-validation on the standardized data using under-

sampling. The highest accuracy was approximately 73%, achieved at 6 folds for K-Fold cross-

validation. The highest F1 score was approximately 60%, achieved at 6 folds for Stratified K -Fold 

cross-validation. For Stratified K-Fold cross-validation, the accuracy and F1 score gradually 

increased as the number of folds increased and began to reach a steady-state at 19 folds at 65% for 

accuracy and 55% for F1 score. For K-Fold cross-validation, accuracy frequently performed 

between 55% and 85% and F1 score between 50% and 65%.  

 
Figure B.113: GBDT Metric Results for Under-sampled & Standardized Testing Data. 

 
Figure B.114 illustrates the testing accuracy and F1 score for the Random Forest model by the 

number of folds for Stratified K-Fold and K-Fold cross-validation on the original data using under-

sampling. The highest accuracy was approximately 69%, achieved at 4 folds for K-Fold cross-



 

332 

 

validation. The highest F1 score was approximately 58%, achieved at 4 folds for K -Fold cross-

validation. For Stratified K-Fold and K-Fold Cross Validation, as the number of folds increased, 

accuracy remained above 58% and the F1 score above 49%, Both metrics began to stabilize after 

21 folds.   

 
Figure B.114: Random Forest Metric Results for Under-sampled Testing Data. 

 RESULTS OF VARYING DECISION TREE HYPERPARAMETERS WITH 

ORIGINAL TESTING DATA 

Figure B.115 illustrates the testing accuracy and F1 score for the Decision Tree model by 

misclassification hyperparameters for the different cross-validation techniques on original data. 

The highest accuracy was 90%, achieved by entropy for Stratified K-Fold cross-validation. The 

highest F1 score was approximately 73%, achieved by entropy for Stratified K-Fold cross 

validation. Entropy is higher than the Gini index in testing accuracy and F1 score, except for K-

Fold Cross-Validation, where the Gini index has a higher accuracy.  
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Figure B.115: Impact of Decision Tree Hyperparameters on Testing Data. 

 RESULTS OF VARYING K-NEAREST NEIGHBOR (K-NN) 

HYPERPARAMETERS WITH ORIGINAL TESTING DATA 

Figure B.116 illustrates the testing accuracy and F1 score for the KNN model by varying the ‘K’ 

hyperparameter for Stratified K-Fold and K-Fold cross validation on the normalized data. The 

highest accuracy was roughly 89%, achieved at 6 nearest neighbors (K=6) for both Stratified K-

Fold and K-Fold cross-validation. The highest F1 score was approximately 61%, achieved at 4 

nearest neighbors (K=4) for Stratified K-Fold cross-validation. The accuracy of the model 

progressively increased as the number of nearest neighbors increased. For the F1 score, the values 

decreased as the number of nearest neighbors increased. The increase in the nearest neighbor 

positively impacted the accuracy and negatively impacted the F1 score.  
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Figure B.116: Impact of KNN Hyperparameters on Normalized Testing Data. 

 
Figure B.117 illustrates the testing accuracy and F1 score for the KNN model by varying the ‘K’ 

hyperparameter for Stratified K-Fold and K-Fold cross validation on the standardized data. The 

highest accuracy was roughly 89%, achieved at 5 nearest neighbors (K=5) for both Stratified K-

Fold and K-Fold cross-validation. The highest F1 score was around 66%, achieved at 2 nearest 

neighbors (K=2) for K-Fold cross-validation. For both cross-validation techniques, accuracy 

progressively increased as the number of nearest neighbors increased. For the F1 score, there was 

a considerable decrease of 13% from 2 to 3 nearest neighbors for Stratified K-Fold cross-validation 

and an 8% decrease from 2 to 3 nearest neighbors for K-Fold cross-validation. Overall, the increase 

in nearest neighbor positively impacted the accuracy and negatively impacted the F1 score.  
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Figure B.117: Impact of KNN Hyperparameters on Standardized Testing Data. 

 RESULTS OF VARYING GRADIENT BOOSTING DECISION TREES 

HYPERPARAMETERS WITH ORIGINAL TESTING DATA 

Figure B.118 illustrates the testing accuracy and F1 score for the GBDT by varying the learning 

rate for Stratified K-Fold and K-Fold cross-validation on the normalized data. The highest 

accuracy was approximately 90%, achieved at the learning rate of 0.05 for both Stratified K-Fold 

and K-Fold cross-validation. The highest F1 score was around 55%, achieved at the learning rate 

of 0.03 for Stratified K-Fold cross-validation. For both cross-validation techniques, the accuracy 

of the model decreased slightly and the F1 score increased as the learning rate increased. Accuracy 

was consistently above 80%. The learning rate has little to no effect on the accuracy, while the F1 

score increases as the learning rate increases. 
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Figure B.118: Impact of GBDT Hyperparameters on Normalized Testing Data. 

Figure B.119 illustrates the testing accuracy and F1 score for the GBDT by varying the learning 

rate for Stratified K-Fold and K-Fold cross validation on the standardized data. The highest 

accuracy was approximately 90%, achieved at the learning rate of 0.05 for both Stratified K-Fold 

and K-Fold cross-validation. The highest F1 score was around 55%, achieved at the learning rate 

of 0.03 for Stratified K-Fold cross-validation. The accuracy of the model looks pretty stable or 

slightly decrease as the learning rate increases. The F1 score increases as the learning rate 

increases. The accuracy of the model consistently performs better than 80%. Overall, the learning 

rate had little to no effect on the accuracy, while the F1 score increased as the learning rate 

increased. 

 
Figure B.119: Impact of GBDT Hyperparameters on Standardized Testing Data. 
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 RESULTS OF VARYING RANDOM FOREST TREES HYPERPARAMETERS 

WITH ORIGINAL TESTING DATA 

Figure B.120 illustrates the testing accuracy and F1 score for the Random Forest Trees by 

misclassification hyperparameters for Stratified K-Fold and K-Fold cross validation on the original 

data. The highest accuracy was approximately 90%, achieved by entropy for Stratified K-Fold 

cross-validation. The highest F1 score was around 63%, achieved by entropy for Stratified K-Fold 

cross-validation. Entropy is higher than the Gini index in testing accuracy and F1 score for 

Stratified K-Fold cross-validation. The Gini index is higher than entropy for K-Fold cross-

validation.  

 

 
Figure B.120: Impact of Random Forest Hyperparameters on Testing Data. 

 RESULTS OF VARYING DECISION TREE HYPERPARAMETERS WITH OVER-

SAMPLED TESTING DATA 

Figure B.121 illustrates the testing accuracy and F1 score for the Decision Tree model by 

misclassification hyperparameters for the different cross-validation techniques on data using over-

sampling. The highest accuracy was 90%, achieved by the Gini index for Stratified K-Fold cross-

validation. The highest F1 score was approximately 75%, achieved by the Gini index for Stratified 

K-Fold cross-validation. For the Decision Tree model, the Gini Index performs better than entropy 
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criteria in testing accuracy and F1 score except for K-Fold Cross-Validation, where the entropy 

criteria beat Gini's F1 score index. The Gini index is higher than entropy in testing accuracy and 

F1 score, except for K-Fold Cross-Validation, where entropy has a higher F1 score.  

 

 
Figure B.121: Impact of Decision Tree Hyperparameters on Over-sampled Testing Data. 

 RESULTS OF VARYING K-NEAREST NEIGHBOR (K-NN) 

HYPERPARAMETERS WITH OVER-SAMPLED TESTING DATA 

Figure B.122 illustrates the testing accuracy and F1 score for the KNN model by varying the ‘K’ 

hyperparameter for Stratified K-Fold and K-Fold cross-validation on the normalized data using 

over-sampling. The highest accuracy was roughly 80%, achieved at 2 nearest neighbors (K=2) for 

K-Fold cross-validation. The highest F1 score was approximately 61%, achieved at 2 nearest 

neighbors (K=2) for Stratified K-Fold cross-validation. Overall, accuracy and F1 scores gradually 

decreased as the number of nearest neighbors increased. 
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Figure B.122: Impact of KNN Hyperparameters on Over-sampled & Normalized Testing 

Data. 
 

Figure B.123 illustrates testing accuracy and F1 score for the KNN model by varying the ‘K’ 

hyperparameter for Stratified K-Fold and K-Fold cross-validation on the standardized data using 

over-sampling. The highest accuracy was roughly 82%, achieved at 2 nearest neighbors (K=2) for 

both Stratified K-Fold and K-Fold cross-validation. The highest F1 score was approximately 65%, 

achieved at 2 nearest neighbors (K=2) for both Stratified K-Fold and K-Fold cross-validation. 

Overall, accuracy and F1 scores gradually decreased as the number of nearest neighbors increased, 

which is the same as we saw for the standardized data shown in Figure 1.141.  

 
Figure B.123: Impact of KNN Hyperparameters on Over-sampled & Standardized Testing 

Data. 
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 RESULTS OF VARYING GRADIENT BOOSTING DECISION TREES 

HYPERPARAMETERS WITH OVER-SAMPLED TESTING DATA 

Figure B.124 illustrates the testing accuracy and F1 score for the GBDT by varying the learning 

rate for Stratified K-Fold and K-Fold cross validation on the normalized data using over-sampling. 

The highest accuracy of approximately 82%, was achieved at the learning rate of 0.1 for K-Fold 

cross-validation. The highest F1 score was around 67%, achieved at the learning rate of 0.1 for K-

Fold cross-validation. Overall, the testing accuracy and F1 score slightly increased as the learning 

rate increased.  

 

 
Figure B.124: Impact of GBDT Hyperparameters on Over-sampled & Normalized Testing 

Data. 
 

Figure B.125 illustrates testing accuracy and F1 score for the GBDT by varying the learning rate 

for Stratified K-Fold and K-Fold cross validation on the standardized data using over-sampling. 

The highest accuracy of approximately 82%, was achieved at the learning rate of 0.1 for K-Fold 

cross-validation. The highest F1 score was around 67%, achieved at the learning rate of 0.1 for K-

Fold cross-validation. Overall, the testing accuracy and F1 score slightly increased as the learning 

rate increased.  
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Figure B.125: Impact of GBDT Hyperparameters on Over-sampled & Standardized 

Testing Data. 

 RESULTS OF VARYING RANDOM FOREST TREES HYPERPARAMETERS 

WITH OVER-SAMPLED TESTING DATA 

Figure B.126 illustrates the testing accuracy and F1 score for the Random Forest by 

misclassification hyperparameters for Stratified K-Fold and K-Fold cross validation on the original 

data using over-sampling. The highest accuracy of approximately 92% was achieved by entropy 

for Stratified K-Fold cross-validation. The highest F1 score was around 78%, achieved by entropy 

for Stratified K-Fold cross-validation. Entropy is higher than the Gini index for K-Fold cross-

validation also.  

 
Figure B.126: Impact of Random Forest Hyperparameters on Over-sampled Testing Data. 



 

342 

 

 RESULTS OF VARYING DECISION TREE HYPERPARAMETERS WITH 

UNDER-SAMPLED TESTING DATA 

Figure B.127 illustrates testing accuracy and F1 score for the Decision Tree model by 

misclassification hyperparameters for the different cross-validation techniques using under-

sampling. The highest accuracy was 71%, achieved by the Gini Index for K-Fold cross-validation. 

The highest F1 score was approximately 60%, achieved by the Gini Index for K-Fold cross 

validation. The Gini index was also higher than entropy for Stratified K-Fold cross-validation.  

 
Figure B.127: Impact of Decision Tree Hyperparameters on Under-sampled Testing Data. 

 RESULTS OF VARYING K-NEAREST NEIGHBOR (K-NN) 

HYPERPARAMETERS WITH UNDER-SAMPLED TESTING DATA 

Figure B.128 illustrates the testing accuracy and F1 score for the KNN model by varying the ‘K’ 

hyperparameter for Stratified K-Fold and K-Fold cross validation on the normalized data using 

under-sampling. The highest accuracy was roughly 64%, achieved at 5 nearest neighbors (K=5) 

for K-Fold cross-validation. The highest F1 score was approximately 54%, achieved at 5 nearest 

neighbors (K=5) for Stratified K-Fold cross-validation. For both cross-validation techniques, the 

accuracy and F1 scores of odd number nearest neighbors were higher than those for the even 

number nearest neighbors. Overall, the accuracy ranged from 31% to 63%, and the F1 score ranged 

from 30% to 53%.  
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Figure B.128: Impact of KNN Hyperparameters on Under-sampled & Normalized Testing 

Data. 
 

Figure B.129 illustrates the testing accuracy and F1 score for the KNN model by varying the ‘K’ 

hyperparameter for Stratified K-Fold and K-Fold cross validation on the standardized data using 

under-sampling. The highest accuracy was roughly 59%, achieved at 9 nearest neighbors (K=9) 

for Stratified K-Fold cross-validation. The highest F1 score was approximately 50%, achieved at 

10 nearest neighbors (K=10) for K-Fold cross-validation. For both cross-validation techniques, the 

accuracy and F1 scores of odd number nearest neighbors were higher than those for the even 

number nearest neighbors, which is the same as the normalized data shown in Figure 1.147. The 

KNN model seems to perform very similarly for the normalized and standardized data. 

 
Figure B.129: Impact of KNN Hyperparameters on Under-sampled & StandardizedTesting 

Data. 
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 RESULTS OF VARYING GRADIENT BOOSTING DECISION TREES 

HYPERPARAMETERS WITH UNDER-SAMPLED TESTING DATA 

Figure B.130 illustrates the testing accuracy and F1 score for the GBDT by varying the learning 

rate for Stratified K-Fold and K-Fold cross validation on the normalized data using under-

sampling. The highest accuracy was approximately 68%, achieved at the learning rate of 0.07 for 

Stratified K-Fold cross-validation. The highest F1 score was around 57%, achieved at the learning 

rate of 0.09 for Stratified K-Fold cross-validation. Overall, testing accuracy and F1 scores 

increased slightly as the learning rate increased. Overall, accuracy ranged from 58% to 68%, and 

the F1 score ranged from 53% to 58%.  

 
Figure B.130: Impact of GBDT Hyperparameters on Under-sampled & Normalized 

Testing Data. 
 

Figure B.131 illustrates the testing accuracy and F1 score for the GBDT by varying the learning 

rate for Stratified K-Fold and K-Fold cross validation on the standardized data using under-

sampling. The highest accuracy was approximately 68%, achieved at the learning rate of 0.07 for 

Stratified K-Fold cross-validation. The highest F1 score was approximately 57%, achieved at the 

learning rate of 0.09 for Stratified K-Fold cross-validation. Overall, testing accuracy and F1 scores 

slightly increased as the learning rate increased. Overall, accuracy ranged from 58% to 68%, and 

the F1 score ranged from 53% to 58%.  
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Figure B.131: Impact of GBDT Hyperparameters on Under-sampled & Standardized 

Testing Data. 

 RESULTS OF VARYING RANDOM FOREST TREES HYPERPARAMETERS 

WITH UNDER-SAMPLED TESTING DATA 

Figure B.132 illustrates the testing accuracy and F1 score for the Random Forest by 

misclassification hyperparameters for Stratified K-Fold and K-Fold cross validation on the original 

data using under-sampling. The highest accuracy was approximately 65% achieved by the Gini 

Index and entropy for K-Fold cross-validation. The highest F1 score was around 56%, achieved 

by entropy for Stratified K-Fold cross-validation. The criteria’s metrics performance is the same 

for K-Fold Cross-Validation, entropy and the Gini Index had an F1 score of 55%.  

 
Figure B.132: Impact of Random Forest Hyperparameters on Under-sampled Testing 

Data. 
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 SUMMARY OF METRIC VALUES FOR MODEL PERFORMANCE 

EVALUATION FOR TESTING DATA 

Figure B.133 displays the comparison of testing accuracy and F1 score for the supervised learning 

models in reference to the demographic factors used during this study. This graph shows that the 

accuracy results were always higher than the F1 score values. All models had over 85% accuracy. 

The Decision Tree Model produced the best accuracy and F1 score on the original sample data at 

90% and 72%, respectively. The Linear SVC model had the smallest F1 score of 41%. The KNN 

model had the lowest accuracy of roughly 87%. 

 
Figure B.133: Comparison of Metrics for Original Testing Data. 

 
The comparison of testing accuracy and F1 score for the supervised learning models using over-

sampling in reference to the demographic factors used during this study is shown in Figure B.134. 

Like the original sample data shown in Figure B.133, the graph shows that the accuracy results 

were always higher than the F1 score values. The Random Forest model on oversampled data 

produced the highest accuracy and F1 score of 91% and 76%, respectively. The Linear SVC Model 

produced the worst accuracy and F1 score at 56% and 46%, respectively.   
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Figure B.134: Comparison of Metrics for Over-sampled Testing Data. 

 
In Figure B.135, the graph shows the comparison of testing accuracy and F1 score for the 

supervised learning models using under-sampling in reference to the demographic factors used 

during this study. The graph shows that the accuracy results were always higher than the F1 score 

values. The Decision Tree model performed the best, and the Linear SVC model performed the 

worst of all the models. The Decision Tree model produced the highest accuracy and F1 score at 

69% and 57% respectively. The Linear SVC Model produced the lowest accuracy and F1 score at 

54% and 44%, respectively, For the data using under-sampling, the Decision tree model was the 

best and GBM was a close second place. 

 
Figure B.135: Comparison of Metrics for Under-sampled Testing Data. 
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 BEST PERFORMING MODEL METRIC RESULTS USING FEATURE 

REDUCTION TECHNIQUES 

 
Figure B.136: Impact of Feature Reduction Techniques on Training Accuracy. 

 
Figure B.137: Impact of Feature Reduction Techniques on Training F1 Score. 
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Figure B.138: Impact of Feature Reduction Techniques on Testing Accuracy. 

 
Figure B.139: Impact of Feature Reduction Techniques on Testing F1 Score. 

 SUMMARY OF ALL PAIRWISE COMPARISON BEST PERFORMING MODEL 

METRIC VALUES USING FEATURE REDUCTION TECHNIQUES 

One fixed mixed model was created to determine if there is a difference among the number of 

features based on the F1 score.  For the analysis, the main effect is the number of features, with 

the random effects being the feature selection technique (i.e., random, feature importance, and 

permutation feature importance), and training or test type. Table B.2 shows the multiple means 

comparison for the number of features. The analysis shows that there is a difference between the 

smaller versus larger number of features. However, there was no statistical difference between the 
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range of 6 and 12 number of features.  After evaluation, any number of features above 6 for the 

Random Forest model is considered the best to predict textile recycling behavior for this dataset. 

Table B.2: All Pairwise Difference Between Number of Features. 

Number of Features       
2 A     
3 A B    
4  B C   
5   C D  
6    D E 
9     E 
11     E 
All     E 

 

 SUMMARY OF BEST PERFORMING MODEL METRICS FOR DEMOGRAPHIC 

FEATURES USING DIFFERENT OVER-SAMPLING PERCENTAGES 

When evaluating the different over-sampling percentages, it was determined that there is no 

distinct difference output metrics. From the training data, the model accuracy remained consistent 

at 99% and the model remained consistent F1 score at 99%. The noticeable difference seen in the 

different over-sampling percentages was displayed when the over-sampling percentage of 25%. 

For 25% over-sampling percentage, the testing accuracy decreased by 1% to 90% and the testing 

F1 score decreased by 8% to 65%. 

Table B.3: Summary of the Impact of Over-Sampling Percentages. 

Over-
sampling 

Percentage 

Training 
Accuracy 

Training 
F1 Score 

Testing 
Accuracy 

Testing F1 
Score 

Total Run 
Time 
(secs) 

75% 99% 99% 91% 73% 4.40 
50% 99% 99% 91% 73% 4.43 
25% 99% 99% 90% 65% 4.66 
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 BEST PERFORMING MODEL METRIC RESULTS USING DIFFERENT OVER-

SAMPLING PERCENTAGES 

 
Figure B.140: Impact of Over-sampling Percentages on Training Accuracy. 

 
Figure B.141: Impact of Over-sampling Percentages on Training F1 Score. 
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Figure B.142: Impact of Over-sampling Percentages on Testing Accuracy. 

 
Figure B.143: Impact of Over-sampling Percentages on Testing F1 Score. 

 SUMMARY OF TUKEY HSD (HONESTLY SIGNIFICANT DIFFERENCE) ALL 

PAIRWISE COMPARISONS 

One fixed mixed model was created to determine if there is a difference among the algorithms 

since there are different metrics.  For the analysis, the main effect is the algorithms, with the 

random effects being the metric (i.e., F1 score and accuracy), type of data (i.e., normalization and 

standardization), cross-validation (i.e., stratified k-fold cross-validation and k-fold cross-

validation), and training or test type. The analysis determined at least one algorithm different for 

each model. Table B.4 shows the multiple means comparison for the model algorithms. This study 

displays Random Forest (RF) Trees is not statically different from Decision Tree and Gradient 
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Boosting Decision Trees (GBDT). After evaluation, the RF, Decision Trees, and GBDT model is 

considered the best to predict textile recycling behavior for this dataset. However, Random Forest 

trees reduces the overfitting of Decision Trees, and trains faster than GBDT because trees are built 

in parallel. This ideally makes RF models a more practical model and a better algorithm for this 

given dataset. 

Table B.4: All Pairwise Difference Between Model Algorithms. 

Model      
Decision Tree A    

Random Forest A B   
Gradient Boosting  B C  

K-Nearest Neighbor (k-NN)   C  
Linear SVC    D 

 

One fixed mixed model was created to determine created to determine if there is a difference 

among the sampling techniques based on the F1 score.  For the analysis, the main effect is the 

sampling techniques, with the random effects being type of data (i.e., normalization and 

standardization) and modelling algorithms. The analysis determined at least one algorithm 

different for each model. Table B.5 shows the multiple means comparison for the model sampling 

techniques. This analysis illustrates that over-sampling technique produces mean F1 score that is 

statistically different from under-sample or original (i.e., no sampling). The average difference 

between the F1 score of Over-sampling technique is 13.63 from under-sampling and 16.22 for no 

sampling. To conclude, the over-sampling technique is the best sampling technique to predict 

textile recycling behavior in for the given dataset. 
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Table B.5: All Pairwise Difference Between Sampling Type by F1 Score. 

Sampling Type    Difference 
Over-sample A  0 

Under-sample  B 13.63 
Original  B 2.59 

 

 K-MEANS CLUSTERING USING FACTOR ANALYSIS WITH VARIMAX 

ROTATION 

 
Figure B.144: Pair-Wise Scatter Matrix of K-Means Clustering Result (K=5). 

 INITIAL ANALYSIS OF CLUSTERS 

The participants (i.e., data points) were divided into the five different clusters. Most of the data 

points were grouped in cluster 1 (30.08%), while 26.22% were grouped in cluster 2, 20.33% were 

grouped in cluster 4, 14.13% were grouped in cluster 0, and 9.25% were grouped in cluster 3. 

Approximately 70.93% of the participants in cluster 2 strongly agree that creating space in their 

closet motivates them to recycle. Most of the participants in cluster 2 strongly agree that avoiding 

feeling guilty by not throwing away motivates them to donate, re-purpose, resell, or recycle your 
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unwanted clothes and shoes, while 49.66% data points in cluster 1 agree that avoiding feeling 

guilty by not throwing away motivates them to donate, re-purpose, resell, or recycle your unwanted 

clothes and shoes. For cluster 1, 87.16% of the participants agree that helping the less fortunate 

people motivates them to recycle, and approximately 99.22% of the participants cluster 2 strongly 

agree that helping the less fortunate people motivates them to recycle. Around 99.22% of the 

participants cluster 3 neither agree nor disagree that helping the less fortunate people motivates 

them to recycle. Nearly 84.8% of the participants cluster 1 agree, 91.47% of the participants cluster 

2 strongly agree, and 91.47% of the participants cluster 3 neither agree nor disagree that helping 

support a charity/cause motivates them to recycle. Approximately 67.91% of the participants in 

cluster 1 agree that helping friends and families motivates them to recycle, while 74.42% of the 

participants cluster 2 strongly agree that helping friends and families motivates them to recycle. 

Majority of all participants in cluster 2 strongly agree that helping the environment motivates them 

to recycle and shoes (62.4%), and 53.72% agree that helping the environment motivates them to 

recycle. Approximately 48.06% of the participants in cluster 2 agree that making money by selling 

them motivates them to recycle. Roughly 50.5% of the participants in cluster 4 disagree that 

receiving discount/coupon or store credit motivates them to recycle. Nearly 44.26% of the 

participants in cluster 3 neither agree nor disagree that receiving a tax deduction motivates them 

to recycle. Many of the participants in each cluster strongly agree that quality has an influence on 

their clothes and shoes purchasing decisions, and the highest percentage of the participants that 

strongly agree occurred in cluster 3 at 72.53%. Most of the participants in each cluster strongly 

agree that price has an influence on their clothes and shoes purchasing decisions, and the highest 

percentage of the participants that strongly agree occurred in cluster 2 at 79.07%.  Approximately 

52.33% of the participants in cluster 2 agree that fashion has an influence on their clothes and 
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shoes purchasing decisions. Most of the participants in most of the clusters neither agree nor 

disagree that made in USA has an influence on their clothes and shoes purchasing decisions, 

however approximately 43.88% of the participants in cluster 0 disagree that made in USA has an 

influence on their clothes and shoes purchasing decisions. Many of the participants in most of the 

clusters neither agree nor disagree that made from recycled materials has an influence on their 

clothes and shoes purchasing decisions, however approximately 58.27% of the participants in 

cluster 0 disagree that made from recycled materials has an influence on their clothes and shoes 

purchasing decisions. Most of the participants in many of the clusters neither agree nor disagree 

that fair trade products have an influence on their clothes and shoes purchasing decisions, however 

approximately 52.52% of the participants in cluster 0 disagree that fair trade products have an 

influence on their clothes and shoes purchasing decisions. Many of the participants in majority of 

the clusters neither agree nor disagree that product design to be recycled after use have an influence 

on their clothes and shoes purchasing decisions, however approximately 52.52% of the participants 

in cluster 0 disagree that product design to be recycled after use have an influence on their clothes 

and shoes purchasing decisions. 

 
Figure B.145: Heatmap of Creating Space in Closet Motivational Factor by Clusters. 
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Figure B.146: Heatmap of Avoiding Feeling Guilty by Not Throwing Away Motivational 

Factor by Clusters. 

 
Figure B.147: Heatmap of Helping Less Fortunate People Motivational Factor by Clusters. 

 
Figure B.148: Heatmap of Helping Support a Charity/Cause Motivational Factor by 

Clusters. 
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Figure B.149: Heatmap of Helping Friends and Family Motivational Factor by Clusters. 

 
Figure B.150: Heatmap of Helping the Environment Motivational Factor by Clusters. 

 

Figure B.151: Heatmap of Making Money by Selling Them Motivational Factor by 
Clusters. 
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Figure B.152: Heatmap of Receiving Discount/Coupon or Store Credit Motivational Factor 

by Clusters. 

 
Figure B.153: Heatmap of Receiving a Tax Deduction Motivational Factor by Clusters. 

 
Figure B.154: Heatmap of Quality Purchasing Decision Factor by Clusters. 
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Figure B.155: Heatmap of Price Purchasing Decision Factor by Clusters. 

 
Figure B.156: Heatmap of Fashion Purchasing Decision Factor by Clusters. 

 
Figure B.157: Heatmap of Made in USA Purchasing Decision Factor by Clusters. 
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Figure B.158: Heatmap of Made from Recycled Material Purchasing Decision Factor by 

Clusters. 

 
Figure B.159: Heatmap of Fair-Trade Product Purchasing Decision Factor by Clusters. 

 

Figure B.160: Heatmap of Product Design to be Recycled After Use Purchasing Decision 
Factor by Clusters. 
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 HEATMAPS WITH BREAKDOWNS OF THE DEMOGRAPHIC FACTORS AND 

RECYCLING METHODS BY CLUSTERS 

 
Figure B.161: Heatmap of Participant Type by Clusters. 

 
Figure B.162: Heatmap of Gender by Clusters. 

 
Figure B.163: Heatmap of Age by Clusters. 
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Figure B.164: Heatmap of Ethnicity by Clusters. 

 
Figure B.165: Heatmap of Education by Clusters. 

 
Figure B.166: Heatmap of Occupation by Clusters. 



 

364 

 

 
Figure B.167: Heatmap of Marital Status by Clusters. 

 
Figure B.168: Heatmap of Household Income by Clusters. 

 
Figure B.169: Heatmap of Current Number of Household Members by Clusters. 
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Figure B.170: Heatmap of Living Arrangement by Clusters. 

 
Figure B.171: Heatmap of Type of Dwelling by Clusters. 

 
Figure B.172: Heatmap of Paper Recycling Method by Clusters. 
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Figure B.173: Heatmap of Cardboard Recycling Method by Clusters. 

 
Figure B.174: Heatmap of Glass Recycling Method by Clusters. 

 
Figure B.175: Heatmap of Aluminum Recycling Method by Clusters. 
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Figure B.176: Heatmap of Electronics Recycling Method by Clusters. 

 
Figure B.177: Heatmap of Batteries Recycling Method by Clusters. 

 
Figure B.178: Heatmap of Textile Recycling Behavior by Clusters. 
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 ENCODING DATA FOR DECISION TREES TO INTERPRETATE OF K-MEANS 

CLUSTERING 

Table B.6: Encoding Matrix using LabelEncoder for Features. 

Features 0 1 2 3 4 5 6 7 8 
Participant 

type 
Engineer-

ing General Textile       

Age 18-24 25-34 35-44 45-54 55-64 65+    

Ethnicity African-
American 

Asian or 
Pacific 
Islander 

Caucasia
n 

Hispanic/ 
Latino 

Native 
American 

or 
American

-Indian 

Other 
(please 
specify) 

   

Gender Female Male Other       

Education 

Associate
s degree 

(Two 
year 

college) 

Bachelors 
degree 
(Four 
year 

college) 

Four 
years of 
college 

(Bachelor
’s degree) 

Graduate 
degree 

High 
school or 

GED 

Less than 
high 

school 

Professio
nal 

degree 
(MD, JD, 

etc.) 

Some 
college 

Two 
years of 
college 

(Associat
es degree) 

Occupation 

Employ-
ed by a 

company/
organiza-

tion 

Other 
(please 
specify) 

Self-
Employe

d 
Student Unemplo

yed     

Marital Status Married 

Single, 
but 

cohabitin
g with a 

significan
t other 

Single; 
never 
been 

married 

Single; 
not 

currently 
married 

Single; 
widowed     

Household 
Income 

$100,000 
to 

$119,999 

$120,000 
to 

$139,999 

$20,000 
to 

$39,999 

$40,000 
to 

$59,999 

$60,000 
to 

$79,999 

$80,000 
to 

$99,999 

Over 
$140,000 

Prefer not 
to answer 

Under 
$20,000 

Living 
Arrangement 

Other 
(please 
specify) 

Own Rent       

Types of 
Dwelling 

Condo or 
apartment 
that is not 

a high-
rise 

Dorm 
room 

High-rise 
condo or 
apartment 

House 
Other 

(please 
specify) 

Townhou
se 

Trailer/ 
mobile 
home 

  

 

 DECISION TREES FOR INTERPRETATION OF K-MEANS CLUSTERING 

 
Figure B.179: Interpretation of K-Means Clustering using Factors. 
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Figure B.180: Interpretation of Cluster 0 using Demographic Features. 

 
Figure B.181: Interpretation of Cluster 1 using Demographic Features. 
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Figure B.182: Interpretation of Cluster 2 using Demographic Features. 

 
Figure B.183: Interpretation of Cluster 3 using Demographic Features. 

 

 
Figure B.184: Interpretation of Cluster 4 using Demographic Features. 



 

371 

 

APPENDIX C 

 MODEL ALGORITHM SELECTION FOR CASE STUDY 3 

 

Figure C.1: Model Algorithms for for Regression Approach (Pedregosa et al., 2011). 

In Case Study 3 (i.e., Chapter 5), the steps followed in the cheat sheet are: 

i. >50 samples: Yes 
ii. Predicting a category:  No 

iii. Predicting a quantity: Yes 
iv. <100K samples: Yes 
v. Few features should be important: No 

 RESULTS OF MODEL STEPWISE AND MAIN FEATURE SELECTION 

METHODS ACROSS ALGORITHMS TO PREDICT FINISHED WEIGHT 

Stepwise Regression Feature Selection 

Table C.1 and Table C.2 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor Model to predict finished weight using stepwise regression feature 

selection.  Using stepwise regression, the features (GW2 * GC, % * GW2, G * GW* CPI, D, D2, 

D3, G * % * WPI) were found statistically significant to predict finished weight for the Jersey knit 

structure using wash first processing type. The features (D, D2, D3, GW * GC2) were found 
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statistically significant to predict finished weight for the Jersey knit structure using heat set first 

processing type. The features (D * G * GW, G2 *GW, D * G * %, % * CPI) were found statistically 

significant to predict finished weight for the Interlock knit structure using wash first processing 

type. The features (D * GW2, G * CPI2, D2 * GW, % * GW2, % * GW, GW * CPI2, %2 * GW, %2, 

GW2) were found statistically significant to predict finished weight for the Interlock knit structure 

using heat set first processing type. The features (D2 * G, GW * CPI2, P2 * D, P * D * %, P * D, D 

* G * GW, % * GW2, P * D * GW, %, D, %2) were found statistically significant to predict finished 

weight for the Jersey knit structure. The features (D * G * GW, P * D * CPI, G, D2 * %, P *% * 

GPI) were found statistically significant to predict finished weight for the Interlock knit structure. 

When modeling all the data without splitting the dataset on knit structure and processing type, the 

features (GW2, P2 * GW, P * GW, ST * % * WPI, G3, P * CPI * WPI, G * GW, P *ST, P * D2, P2 

* ST, P * ST2, D * % * CPI, GW2 * CPI, GW * CPI * WPI, D * G * CPI, G *ST * CPI, % * GW2, 

P * ST * %, D * G2, D * GW2, % * CPI * WPI, ST * % * CPI, % * WPI, ST * %2) were found 

statistically significant to predict finished weight.  

The Random Forest model (Interlock knit structure and Heat-set first processing type or all 

data points) provided the highest training R2 value of 99.7%. Based on the testing data, the 

Stepwise Regression, MLP, and Random Forest model (all data points) provided the highest R2 

value of 98%. The Random Forest model produces the highest R2 values for majority of the 

models, however the stepwise regression and MLP models produce R2 values above 86% to predict 

the finished weight. 

The Random Forest model (Jersey knit structure and wash first processing type) provided 

the lowest training MSE and average prediction error value of 2.53, 1.21, respectively. Based on 

the testing data, the model (Jersey knit structure and wash first processing type) provided the 
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lowest MSE and average prediction error value of 18.02, 3.18, respectively. The Random Forest 

and Stepwise Regression model produces the lowest MSE and average prediction error values for 

all models. 

Table C.1: Model Results of Training versus Test to Predict Finished Weight using 
Stepwise Regression Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.97 0.97 0.90 0.86 0.93 0.97 0.98 0.93 

MLP 0.96 0.95 0.91 0.89 0.92 0.94 0.92 0.74 

Random 
Forest 0.996 0.97 0.92 0.86 0.99 0.95 0.997 0.92 

MSE 
Values 

Stepwise 16.36 20.70 43.60 75.92 147.84 57.05 23.38 42.41 

MLP 22.45 30.06 39.96 58.83 158.06 100.37 107.77 152.60 

Random 
Forest 2.53 18.02 30.41 78.05 16.92 75.55 4.03 47.41 

Prediction 
Error 

Values 

Stepwise 3.12 3.92 5.02 6.63 8.57 5.85 3.73 4.89 

MLP 3.65 4.61 4.28 5.17 8.75 7.82 8.18 9.92 

Random 
Forest 1.21 3.18 3.50 5.91 2.66 6.35 1.59 5.00 
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Table C.2: Model Results of Training versus Test to Predict Finished Weight using 
Stepwise Regression Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.94 0.97 0.94 0.97 0.98 0.98 

MLP 0.95 0.96 0.89 0.90 0.98 0.98 

Random 
Forest 0.98 0.96 0.99 0.98 0.997 0.98 

MSE 
Values 

Stepwise 32.47 19.40 103.52 79.44 54.13 52.83 

MLP 29.44 25.77 183.27 254.71 75.06 71.66 

Random 
Forest 8.73 23.84 12.20 44.62 8.00 55.87 

Prediction 
Error 

Values 

Stepwise 3.94 3.49 7.08 7.45 5.05 4.97 

MLP 3.66 3.91 9.79 12.27 5.92 5.57 

Random 
Forest 1.97 3.72 2.24 4.75 1.90 5.11 

Main Effects Feature Selection 

Table C.3 and Table C.4 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor Model to predict finished weight using main effects.  Using the 

main effects as features, the Random Forest model (Interlock knit structure and Heat-set first 

processing type or Jersey knit structure and wash first processing type or all data points) provided 

the highest training R2 value of 99.7%. Based on the testing data, the Stepwise Regression, MLP, 

and Random Forest model (all data points) provided the highest R2 value of 98%. The model 

produces training R2 values over 90% for all models. The three models produce the lowest testing 

R2 values when predicting the final weight for the jersey knit structure and heat-set first processing 

type of less that 86%. 
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The Random Forest model (Jersey knit structure and wash first processing type) provided 

the lowest training MSE and average prediction error value of 2.94, 1.13, respectively. Based on 

the testing data, the model (Jersey knit structure and wash first processing type) provided the 

lowest MSE and average prediction error value of 16.24, 3.14, respectively. The Random Forest 

and Stepwise Regression model produces the lowest MSE and average prediction error values for 

all models.  

Table C.3: Model Results of Training versus Test to Predict Finished Weight using Main 
Effects Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.97 0.97 0.90 0.86 0.93 0.97 0.98 0.93 

MLP 0.96 0.92 0.93 0.84 0.93 0.95 0.93 0.88 

Random 
Forest 0.997 0.98 0.98 0.82 0.99 0.97 0.997 0.92 

MSE 
Values 

Stepwise 16.36 20.70 43.60 75.92 147.84 57.05 23.38 42.41 

MLP 28.01 55.43 31.03 86.76 139.60 82.50 89.56 72.99 

Random 
Forest 1.94 16.24 8.30 94.17 18.96 47.74 3.81 45.24 

Prediction 
Error 

Values 

Stepwise 3.12 3.92 5.02 6.63 8.57 5.85 3.73 4.89 

MLP 4.14 5.15 4.08 6.93 8.16 7.08 7.74 6.25 

Random 
Forest 1.13 3.14 2.00 6.47 2.74 4.79 1.54 4.89 
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Table C.4: Model Results of Training versus Test to Predict Finished Weight using Main 
Effects Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.94 0.97 0.94 0.97 0.98 0.98 

MLP 0.93 0.94 0.95 0.95 0.98 0.98 

Random 
Forest 0.99 0.97 0.99 0.98 0.997 0.98 

MSE 
Values 

Stepwise 32.47 19.40 103.52 79.44 54.13 52.83 

MLP 38.62 32.88 89.71 137.06 73.91 68.89 

Random 
Forest 7.20 21.45 13.18 64.00 8.30 69.49 

Prediction 
Error 

Values 

Stepwise 3.94 3.49 7.08 7.45 5.05 4.97 

MLP 4.42 4.74 7.08 9.31 6.14 5.66 

Random 
Forest 1.78 3.47 2.29 4.64 1.92 5.37 

 BEST OVERALL MODEL METRICS FOR FINISHED WEIGHT 

Table C.5 displays a summary for all three feature selection methods for the algorithm that 

performed the best in terms of R2 values and MSE values for each model. 



 

377 

 

Table C.5: Summary of Best Overall Model Metrics for Finished Weight. 

Feature 
Selection 

Knit 
Structure 

Processing 
Type Model Training 

R2 Values 
Testing 

R2 Values 

Training 
MSE 

Values 

Testing 
MSE 

Values 

Training 
Prediction 

Error 

Testing 
Prediction

Error 

Stepwise 

Jersey Wash first Random 
Forest 0.996 0.97 2.53 18.02 1.21 3.18 

Jersey Heat-set 
first 

Random 
Forest 0.92 0.86 30.41 78.05 3.50 5.91 

Interlock Wash first Random 
Forest 0.99 0.95 16.92 75.55 2.66 6.35 

Interlock Heat-set 
first Stepwise 0.98 0.93 23.38 42.41 3.73 4.89 

Jersey N/A Stepwise 0.94 0.97 32.47 19.40 3.94 3.49 

 Interlock N/A Random 
Forest 0.99 0.98 12.20 44.62 2.24 4.75 

All N/A Random 
Forest 0.997 0.98 8.00 55.87 1.90 5.11 

Main Effects 

Jersey Wash first Random 
Forest 0.997 0.98 1.94 16.24 1.13 3.14 

Jersey Heat-set 
first Stepwise 0.90 0.86 43.60 75.92 6.63 8.57 

Interlock Wash first Random 
Forest 0.99 0.97 18.96 47.74 2.74 4.79 

Interlock Heat-set 
first Stepwise 0.98 0.93 23.38 42.41 3.73 4.89 

Jersey N/A Random 
Forest 0.99 0.97 7.20 21.45 1.78 3.47 

 Interlock N/A Random 
Forest 0.99 0.98 13.18 64.00 2.29 4.64 

All N/A Random 
Forest 0.997 0.98 8.30 69.49 1.92 5.37 

All Effects 

Jersey Wash first Random 
Forest 0.997 0.98 1.73 16.51 1.06 3.15 

Jersey Heat-set 
first Stepwise 0.90 0.86 43.60 75.92 5.02 6.63 

Interlock Wash first Random 
Forest 0.99 0.97 18.71 50.66 2.56 5.37 

Interlock Heat-set 
first 

Random 
Forest 0.997 0.93 3.80 41.78 1.54 4.55 

Jersey N/A Random 
Forest 0.99 0.97 7.41 21.42 1.78 3.58 

 Interlock N/A Random 
Forest 0.99 0.98 10.99 53.31 2.15 4.50 

All N/A Random 
Forest 0.997 0.98 7.78 61.38 1.87 5.38 

 RESULTS OF MODEL STEPWISE AND MAIN FEATURE SELECTION 

METHODS ACROSS ALGORITHMS TO PREDICT FINISHED CPI 

Stepwise Regression Feature Selection 

Table C.6 and Table C.7 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor Model to predict finished CPI using stepwise regression feature 

selection.  Using stepwise regression, the features (CPI2 * WPI, G * GW * WPI) were found 
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statistically significant to predict finished CPI for the Jersey knit structure using wash first 

processing type. The features (G * CPI2, % * CPI, % * GW2) were found statistically significant 

to predict finished CPI for the Jersey knit structure using heat set first processing type. The features 

(GW * CPI2, D * CPI2) were found statistically significant to predict finished CPI for the Interlock 

knit structure using wash first processing type. The features (GW * WPI2, D * WPI2, GW * CPI2, 

D2 * G, GW * CPI, GW3, G * GW2, D * G * GW, G * CPI * WPI, D * G * %) were found 

statistically significant to predict finished CPI for the Interlock knit structure using heat set first 

processing type. The features (G * CPI2, G2 * GW, P * GW * WPI, % * CPI * WPI, %2, D2 * %, 

P * D2, P * CPI * WPI) were found statistically significant to predict finished CPI for the Jersey 

knit structure. The features (G * CPI2, P * CPI2, GW * WPI2, CPI3, D * CPI * WPI, P * G * GW, 

P * GW * WPI, G * WPI2, P * WPI, P2 * WPI) were found statistically significant to predict 

finished CPI for the Interlock knit structure. When modeling all the data without splitting the 

dataset on knit structure and processing type, the features (G * CPI, P * G * WPI, D2 * G, P * D * 

G, G2 * GW, ST * CPI2, G2 * CPI, D * ST * CPI, D * GW * CPI, P * %, G * % * CPI, P2 * %, P 

* WPI, P2 * WPI, P * % * CPI, D2 * %, GW2, GW2 * CPI, % * GW * CPI) were found statistically 

significant to predict finished CPI.  

The Random Forest model (Interlock knit structure and Heat-set first processing type or all 

data points) provided the highest training R2 value of 99%. Based on the testing data, the Stepwise 

Regression, MLP, and Random Forest model (Interlock knit structure and Heat-set first processing 

type) provided the highest R2 value of 98%. The MLP model did not perform well on the Jersey 

data. For the jersey data, the MLP models provided negative R2 values for both the training and 

testing dataset. The other models produced R2 values over 87%. 
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The Random Forest model (Interlock knit structure and Heat-set first processing type) 

provided the lowest training MSE and average prediction error value of 0.43, 0.42, respectively. 

Based on the testing data, the model (Interlock knit structure and Heat-set first processing type) 

provided the lowest MSE and average prediction error value of 0.71, 0.58, respectively. All of the 

models consistently produced the low MSE and average prediction error values below 7 for all 

models, however the MLP model for the Jersey data provided a high MSE value for the training 

and testing data of 76.32, 71.21, respectively. 

Table C.6: Model Results of Training versus Test to Predict Finished CPI using Stepwise 
Regression Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.91 0.95 0.87 0.89 0.84 0.87 0.94 0.95 

MLP 0.94 0.95 0.88 0.87 0.87 0.91 0.95 0.95 

Random 
Forest 0.97 0.91 0.97 0.91 0.96 0.95 0.99 0.98 

MSE 
Values 

Stepwise 3.44 1.59 7.47 6.81 4.17 3.72 2.09 1.64 

MLP 2.54 1.49 6.91 8.04 3.39 2.53 1.73 1.76 

Random 
Forest 1.31 2.77 1.55 5.37 1.18 1.45 0.43 0.71 

Prediction 
Error 

Values 

Stepwise 1.46 1.02 2.06 2.20 1.61 1.60 1.11 1.11 

MLP 1.25 0.93 1.93 2.43 1.46 1.37 0.95 0.91 

Random 
Forest 0.90 1.26 0.88 1.67 0.81 1.00 0.42 0.58 

 



 

380 

 

Table C.7: Model Results of Training versus Test to Predict Finished CPI using Stepwise 
Regression Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.88 0.92 0.92 0.94 0.95 0.95 

MLP -0.52 -0.32 0.92 0.95 0.96 0.96 

Random 
Forest 0.98 0.87 0.96 0.97 0.99 0.94 

MSE 
Values 

Stepwise 6.21 4.49 2.46 1.94 3.57 3.34 

MLP 76.32 71.21 2.75 1.80 2.96 3.18 

Random 
Forest 0.83 6.95 1.36 1.15 0.71 4.09 

Prediction 
Error 

Values 

Stepwise 1.94 1.61 1.24 1.17 1.39 1.32 

MLP 6.99 6.62 1.31 1.16 1.29 1.43 

Random 
Forest 0.66 1.87 0.80 1.78 0.57 1.37 

 

Main Effects Feature Selection 

Table C.8 and Table C.9 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor Model to predict finished CPI using main effects.  Using the main 

effects as features, the Random Forest model (Interlock knit structure and Heat-set first processing 

type or Jersey knit structure and wash first processing type or Interlock data or all data points) 

provided the highest training R2 value of 99%. Based on the testing data, the Random Forest model 

(Interlock knit structure and Heat-set first processing type) provided the highest R2 value of 98%. 

The MLP model did not perform well on the Interlock data by processing type. For the heat-set 

and wash first processing type, the MLP models provided negative R2 values for both the Interlock 

training and testing dataset. 
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The Random Forest model (Jersey knit structure and wash first processing type) provided 

the lowest training MSE value of 0.34. For the interlock knit structure and heat-set first processing 

type data, the Random Forest provided the lowest training average prediction error value of 0.43. 

Based on the testing data, the model (Interlock knit structure and heat-set first processing type 

data) provided the lowest MSE and average prediction error value of 0.80, 0.63, respectively. The 

Random Forest and Stepwise Regression model produces the lowest MSE and average prediction 

error values for all models.  

Table C.8: Model Results of Training versus Test to Predict Finished CPI using Main 
Effects Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.91 0.95 0.87 0.89 0.84 0.87 0.94 0.95 

MLP 0.75 0.32 0.85 0.76 -0.88 -0.86 -0.15 -0.52 

Random 
Forest 0.99 0.92 0.97 0.91 0.98 0.97 0.99 0.98 

MSE 
Values 

Stepwise 3.44 1.59 7.47 6.81 4.17 3.72 2.09 1.64 

MLP 9.95 20.43 8.64 14.52 49.60 52.46 39.18 53.84 

Random 
Forest 0.34 2.45 1.70 5.28 0.47 0.95 0.43 0.80 

Prediction 
Error 

Values 

Stepwise 1.46 1.02 2.06 2.20 1.61 1.60 1.11 1.11 

MLP 2.50 3.85 2.22 2.96 6.06 5.92 4.82 5.71 

Random 
Forest 0.46 1.10 0.93 1.76 0.45 0.79 0.43 0.63 
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Table C.9: Model Results of Training versus Test to Predict Finished CPI using Main 
Effects Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.88 0.92 0.92 0.94 0.95 0.95 

MLP 0.90 0.89 0.93 0.94 0.94 0.95 

Random 
Forest 0.98 0.87 0.99 0.95 0.99 0.95 

MSE 
Values 

Stepwise 6.21 4.49 2.46 1.94 3.57 3.34 

MLP 4.84 6.22 2.21 1.97 4.31 3.94 

Random 
Forest 0.89 7.21 0.38 1.78 0.71 3.75 

Prediction 
Error 

Values 

Stepwise 1.94 1.61 1.24 1.17 1.39 1.32 

MLP 1.50 1.82 1.17 1.17 1.58 1.55 

Random 
Forest 0.69 1.90 0.43 0.85 0.57 1.30 

 

 BEST OVERALL MODEL METRICS FOR FINISHED CPI 

Table C.10 displays a summary for all three feature selection methods for the algorithm that 

performed the best in terms of R2 values and MSE values for each model.  From the data, the MLP 

model performed the best to predict finished CPI when all the data points were inputted into the 

predictive model. Although, the Random Forest model consistently produced the best metric 

results for many of the datasets. 
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Table C.10: Summary of Best Overall Model Metrics for Finished CPI. 

Feature 
Selection 

Knit 
Structure 

Processing 
Type Model Training 

R2 Values 
Testing 

R2 Values 

Training 
MSE 

Values 

Testing 
MSE 

Values 

Training 
Prediction 

Error 

Testing 
Prediction

Error 

Stepwise 

Jersey Wash first MLP 0.94 0.95 2.54 1.49 1.25 0.93 

Jersey Heat-set 
first 

Random 
Forest 0.97 0.91 1.55 5.37 0.88 1.67 

Interlock Wash first Random 
Forest 0.96 0.95 1.18 1.45 0.81 1.00 

Interlock Heat-set 
first 

Random 
Forest 0.99 0.98 0.43 0.71 0.42 0.58 

Jersey N/A Stepwise 0.88 0.92 6.21 4.49 1.94 1.61 

Interlock N/A Random 
Forest 0.96 0.97 1.36 1.15 0.80 1.78 

All N/A MLP 0.96 0.96 2.96 3.18 1.29 1.43 

Main Effects 

Jersey Wash first Stepwise 0.91 0.95 3.44 1.59 1.46 1.02 

Jersey Heat-set 
first 

Random 
Forest 0.97 0.91 1.70 5.28 0.93 1.76 

Interlock Wash first Random 
Forest 0.98 0.97 0.47 0.95 0.45 0.79 

Interlock Heat-set 
first 

Random 
Forest 0.99 0.98 0.43 0.80 0.43 0.63 

Jersey N/A Stepwise 0.88 0.92 6.21 4.49 1.94 1.61 

Interlock N/A Random 
Forest 0.99 0.95 0.38 1.78 0.43 0.85 

All N/A MLP 0.99 0.95 0.71 3.75 0.57 1.30 

All Effects 

Jersey Wash first Stepwise 0.91 0.95 3.44 1.59 1.46 1.02 

Jersey Heat-set 
first 

Random 
Forest 0.97 0.91 1.59 5.14 0.90 1.69 

Interlock Wash first Random 
Forest 0.99 0.96 0.39 1.00 0.42 0.79 

Interlock Heat-set 
first 

Random 
Forest 0.99 0.98 0.43 0.72 0.43 0.58 

Jersey N/A Random 
Forest 0.99 0.98 0.43 0.72 0.43 0.58 

Interlock N/A Random 
Forest 0.99 0.96 0.42 1.39 0.44 0.84 

All N/A MLP 0.96 0.96 2.80 2.96 1.21 1.40 

 RESULTS OF MODEL STEPWISE AND MAIN FEATURE SELECTION 

METHODS ACROSS ALGORITHMS TO PREDICT FINISHED WPI 

Stepwise Regression Feature Selection 

Table C.11 and Table C.12 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor model to predict finished WPI using stepwise regression feature 

selection.  Using stepwise regression, the features (D * % * GW, G2 * WPI) were found statistically 
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significant to predict finished WPI for the Jersey knit structure using wash first processing type. 

The features (D2, D2 * CPI, G * CPI2, GW * CPI2) were found statistically significant to predict 

finished WPI for the Jersey knit structure using heat set first processing type. The features (CPI * 

WPI2, D2 * %, D * % * CPI, G2 * %, D2, D, D3, D * GW * WPI, GW * WPI2, D2 * CPI) were 

found statistically significant to predict finished WPI for the Interlock knit structure using wash 

first processing type. The features (GW * WPI2, D * G, D * GW * WPI, GW3) were found 

statistically significant to predict finished WPI for the Interlock knit structure using heat set first 

processing type. The features (P * G2, D * G * GW, P * %2, GW3, G * GW * CPI, G2 * %, % * 

CPI, P * % * CPI, %) were found statistically significant to predict finished WPI for the Jersey 

knit structure. The features (P * CPI * WPI, G, G3, D * G * GW, P2 * CPI, D2 * %, P * CPI, P * 

D * G) were found statistically significant to predict finished WPI for the Interlock knit structure. 

When modeling all the data without splitting the dataset on knit structure and processing type, the 

features (P * WPI2, D3, G * % * WPI, P * GW * CPI, CPI * WPI, P * % * CPI, P * WPI, P2 * 

WPI, P * D2, P * D * WPI, % * GW * CPI, D * % * GW, P * % * GW, ST * % * WPI, %3, ST * 

GW2, G * ST * WPI) were found statistically significant to predict finished WPI.  

The Random Forest model (Interlock knit structure) provided the highest training R2 value 

of 99%. Based on the testing data, the Random Forest model (Interlock knit structure) provided 

the highest R2 value of 95%. Based on the R2 values, the models were better predicting the finished 

CPI for the Interlock knit structure data than the jersey knit structure dataset.  The Random Forest 

model produces testing R2 values lower than 0.34 for the jersey knit structure and wash first 

processing type data. 

The Random Forest model (all data points) provided the lowest training MSE and average 

prediction error value of 2.48, 1.09, respectively. Based on the testing data, the model (Jersey knit 
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structure and wash first processing type) provided the lowest MSE and average prediction error 

value of 3.51, 1.75, respectively. The Random Forest and Stepwise Regression model produces 

the lowest MSE and average prediction error values for all models. 

Table C.11: Model Results of Training versus Test to Predict Finished WPI using Stepwise 
Regression Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.68 0.39 0.58 0.33 0.86 0.92 0.81 0.86 

MLP 0.77 0.77 0.54 0.11 0.84 0.92 0.80 0.85 

Random 
Forest 0.96 0.85 0.66 0.14 0.97 0.87 0.90 0.84 

MSE 
Values 

Stepwise 20.38 14.35 28.08 33.32 7.23 5.26 5.09 5.84 

MLP 14.66 5.45 30.58 44.54 8.07 5.29 5.40 6.14 

Random 
Forest 2.51 3.51 22.90 42.97 1.40 8.26 2.73 6.58 

Prediction 
Error 

Values 

Stepwise 3.65 2.99 4.77 4.75 2.15 1.75 1.78 2.09 

MLP 2.92 1.79 4.00 5.27 2.22 1.59 1.76 2.19 

Random 
Forest 1.14 1.75 3.18 5.07 0.88 2.19 1.23 2.24 
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Table C.12: Model Results of Training versus Test to Predict Finished WPI using Stepwise 
Regression Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.69 0.50 0.90 0.88 0.81 0.73 

MLP 0.80 0.65 0.85 0.74 0.76 0.68 

Random 
Forest 0.93 0.41 0.99 0.95 0.97 0.73 

MSE 
Values 

Stepwise 22.88 30.65 9.56 7.41 15.58 21.18 

MLP 14.66 21.70 13.72 16.02 19.25 25.22 

Random 
Forest 5.02 35.99 1.31 3.19 2.48 20.62 

Prediction 
Error 

Values 

Stepwise 3.71 3.85 2.35 2.21 2.97 3.13 

MLP 2.46 3.12 2.85 2.98 3.33 3.69 

Random 
Forest 1.28 3.54 0.89 1.39 1.09 2.69 

Main Effects Feature Selection 

Table C.13 and Table C.14 displays the training versus testing coefficient of determination (R2), 

mean squared error (MSE), and prediction error values for the stepwise regression, MLP, and 

Random Forest Tree Regressor model to predict finished WPI using main effects.  Using the main 

effects as features, the Random Forest model (Interlock knit structure) provided the highest 

training R2 value of 99%. Based on the testing data, the Random Forest model (Interlock knit 

structure) provided the highest R2 value of 94%. Based on the R2 values, the models were better 

predicting the finished CPI for the Interlock knit structure data than the jersey knit structure data. 

However, the MLP model produces negative R2 values for all Interlock knit structure and heat-set 

processing type dataset. 

The Random Forest model (Interlock knit structure and heat-set first processing type) 

provided the lowest training MSE and average prediction error value of 0.83, 0.71, respectively. 
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Based on the testing data, the model (Interlock knit structure) provided the lowest MSE and 

average prediction error value of 3.91, 1.51, respectively. For the training data, the Random Forest 

model produces the lowest MSE and average prediction error values for all models. The testing 

average prediction error values were very similar for all models, and the testing MSE values were 

higher for the MLP models. 

Table C.13: Model Results of Training versus Test to Predict Finished WPI using Main 
Effects Features by Knit Construction and Processing Type. 

 

Metric Model 
Jersey Interlock 

Wash First Heat-set First Wash First Heat-set First 
Training Test Training Test Training Test Training Test 

R2 Values 

Stepwise 0.68 0.39 0.58 0.33 0.86 0.92 0.81 0.86 

MLP 0.84 0.75 0.57 -0.11 0.70 0.83 -0.83 -0.44 

Random 
Forest 0.98 0.78 0.87 0.16 0.97 0.85 0.97 0.88 

MSE 
Values 

Stepwise 20.38 14.35 28.08 33.32 7.23 5.26 5.09 5.84 

MLP 9.99 6.00 28.78 55.63 15.17 11.27 49.02 60.12 

Random 
Forest 1.49 5.16 8.36 42.15 1.31 9.57 0.83 5.21 

Prediction 
Error 

Values 

Stepwise 3.65 2.99 4.77 4.75 2.15 1.75 1.78 2.09 

MLP 2.58 2.01 4.06 5.90 3.07 2.75 5.77 6.60 

Random 
Forest 0.88 2.03 1.61 4.80 0.89 2.27 0.71 1.87 
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Table C.14: Model Results of Training versus Test to Predict Finished WPI using Main 
Effects Features by Knit Construction. 

 

Metric Model 
Jersey Interlock All 

Training Test Training Test Training Test 

R2 Values 

Stepwise 0.69 0.50 0.90 0.88 0.81 0.73 

MLP 0.72 0.43 0.95 0.92 0.84 0.76 

Random 
Forest 0.93 0.49 0.99 0.94 0.97 0.79 

MSE 
Values 

Stepwise 22.88 30.65 9.56 7.41 15.58 21.18 

MLP 20.43 35.16 4.98 4.99 12.77 18.60 

Random 
Forest 5.20 31.13 1.30 3.91 2.45 16.64 

Prediction 
Error 

Values 

Stepwise 3.71 3.85 2.35 2.21 2.97 3.13 

MLP 3.34 4.34 1.76 1.75 2.59 2.86 

Random 
Forest 1.33 3.41 0.87 1.51 1.03 2.54 

 BEST OVERALL MODEL METRICS FOR FINISHED WPI 

Table C.15 displays a summary for all three feature selection methods for the algorithm that 

performed the best in terms of R2 values and MSE values for each model.  From the data, the 

Random Forest model performed the best to predict finished WPI when all the data points were 

inputted into the predictive model. The models created performed better on the interlock dataset 

than the jersey dataset. 
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Table C.15: Summary of Best Overall Model Metrics for Finished WPI. 

Feature 
Selection 

Knit 
Structure 

Processing 
Type Model Training 

R2 Values 
Testing 

R2 Values 

Training 
MSE 

Values 

Testing 
MSE 

Values 

Training 
Prediction 

Error 

Testing 
Prediction 

Error 

Stepwise 

Jersey Wash first Random 
Forest 0.96 0.85 2.51 3.51 1.14 1.75 

Jersey Heat-set 
first Stepwise 0.58 0.33 28.08 33.32 4.77 4.75 

Interlock Wash first Stepwise 0.86 0.92 7.23 5.26 2.15 1.75 

Interlock Heat-set 
first Stepwise 0.81 0.86 5.09 5.84 1.78 2.09 

Jersey N/A MLP 0.80 0.65 14.66 21.70 2.46 3.12 

 Interlock N/A Random 
Forest 0.99 0.95 1.31 3.19 0.89 1.39 

All N/A Random 
Forest 0.97 0.73 2.48 20.62 1.09 2.69 

Main Effects 

Jersey Wash first Random 
Forest 0.98 0.78 1.49 5.16 0.88 2.03 

Jersey Heat-set 
first Stepwise 0.58 0.33 28.08 33.32 4.77 4.75 

Interlock Wash first Stepwise 0.86 0.92 7.23 5.26 2.15 1.75 

Interlock Heat-set 
first 

Random 
Forest 0.97 0.88 0.83 5.21 0.71 1.87 

Jersey N/A Stepwise 0.69 0.50 22.88 30.65 3.71 3.85 

 Interlock N/A Random 
Forest 0.99 0.94 1.30 3.91 0.87 1.51 

All N/A Random 
Forest 0.97 0.79 2.45 16.64 1.03 2.54 

All Effects 

Jersey Wash first Random 
Forest 0.97 0.81 1.97 4.45 1.05 1.90 

Jersey Heat-set 
first Stepwise 0.58 0.33 28.08 33.32 4.77 4.75 

Interlock Wash first Stepwise 0.86 0.92 7.23 5.26 2.15 1.75 

Interlock Heat-set 
first 

Random 
Forest 0.97 0.88 0.83 5.22 0.71 1.85 

Jersey N/A Stepwise 0.69 0.50 22.88 30.65 3.71 3.85 

 Interlock N/A Random 
Forest 0.99 0.95 1.36 3.30 0.89 1.45 

All N/A Random 
Forest 0.97 0.75 2.41 19.62 1.07 2.67 

 

 

 

 


