
Journal of Information Systems Engineering and Management 
2025, 10(34s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

919 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

PREDMAC A Stochastic Monte Carlo-Driven Predictive 

Analytics Framework Integrating Regression Modelling for 

Macroeconomic Factor Evaluation and Forecasting of WTI 

Crude Oil Price Volatility  
 

Dr. M. Kathiravan*1, Dr Arumugam S S2, Dr Terrance Frederick Fernandez3, Dr. A. Mohan4, Dr. M Vijayakumar5,  

Dr. M. Manikandan6 
Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences (SIMATS), 

Saveetha University, Thandalam, Chennai-602105. 
E-Mail: kathiravanm.sse@saveetha.com 

Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences (SIMATS), 
Saveetha University, Thandalam, Chennai-602105. 

E-Mail:  ssarumugam.me@gmail.com 
Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences (SIMATS), 

Saveetha University, Thandalam, Chennai-602105. 
E-Mail: frederick@ptuniv.edu.in 

Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences (SIMATS), 
Saveetha University, Thandalam, Chennai-602105. 

E-Mail: annamalaimohan@gmail.com 
Department of Computing Technologies, School of Computing, SRM Institute of Science and Technology, 

Kattankulathur, Chennai – 603203 
E-Mail: vijayakm10@srmist.edu.in 

Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences (SIMATS), 
Saveetha University, Thandalam, Chennai-602105. 

E-Mail: manikandanm10@gmail.com 
 

 

ARTICLE INFO ABSTRACT 

Received: 26 Dec 2024 

Revised: 14 Feb 2025 

Accepted: 22 Feb 2025 

Introduction: WTI crude oil prices are influenced by multiple macroeconomic factors, 

primarily related to supply. This study employs regression equations and Monte Carlo 

simulations to analyze these dependencies and predict price trends. 

Objectives: This research aims to establish the relationship between WTI crude oil prices and 

eight key macroeconomic indicators. Historical data from the past 15 months is compiled to 

support this analysis. 

Methods: A multiple regression model is used to quantify the impact of macroeconomic 

variables. Multicollinearity is assessed to ensure model robustness, and Monte Carlo 

simulations are applied for scenario generation. 

Results: Findings reveal that certain macroeconomic variables significantly affect crude oil 

price fluctuations. The model successfully captures dependencies and provides insights into 

potential price movements. 

Conclusions: This study enhances understanding of crude oil price dynamics, aiding 

investors and policymakers in decision-making. The proposed framework can be extended for 

further analysis of commodity markets. 

Keywords: WTI crude oil, Monte Carlo simulation, multiple regression, macroeconomic 

factors, predictive modeling. 

 

INTRODUCTION 

In the dynamic landscape of the global economy, few commodities wield as much influence as crude oil. Crude oil is 

a vital energy supply and a basic driver of economic activity, thus changes in price have a significant impact on 

investors and policymakers. Unprecedented geopolitical events, environmental concerns, and revolutionary 

changes in energy production have all occurred in recent years. In light of this, it is now critical to comprehend and 

mailto:kathiravanm.sse@saveetha.com
mailto:ssarumugam.me@gmail.com
mailto:frederick@ptuniv.edu.in
mailto:annamalaimohan@gmail.com
mailto:vijayakm10@srmist.edu.in
mailto:manikandanm10@gmail.com


Journal of Information Systems Engineering and Management 
2025, 10(34s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

920 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

forecast the movements of crude oil prices in order to effectively navigate the intricately linked worldwide market. 

Dramatic price swings are common in the history of the crude oil market, frequently caused by disruptions in 

supply, changes in geopolitical tensions, or shifts in demand around the world. These fluctuations highlight how 

crucial it is to understand what influences crude oil prices and the wide-ranging effects they have on financial 

markets, inflation rates, and overall economic stability. Scholars and researchers have embarked on a quest to 

unravel these complex dynamics. The likes of Smith et al. (2018) have delved into the role of supply factors in 

shaping crude oil prices, while Brown and Johnson (2019) have explored the influence of geopolitical events. These 

groundbreaking studies have shed light on the complex relationships that influence crude oil prices, emphasizing 

the necessity for a comprehensive and flexible forecasting framework that can account for the changing dynamics of 

this essential good. We set out to address this imperative in this paper. Our strategy is a painstakingly designed trip 

that includes sophisticated statistical approaches, stress testing methods, and in-depth data analysis. It includes a 

number of important steps: 

To begin our investigation, we pull up historical data about West Texas Intermediate (WTI) crude oil prices for the 

previous fifteen months. This extensive dataset forms the basis for our analytical efforts. To facilitate our analysis, 

we merge this dataset on a monthly basis, amalgamating critical information regarding WTI crude oil prices and the 

various macroeconomic factors that we deem pertinent. This structured dataset sets the stage for our comprehensive 

analysis. Our analytical journey proceeds with the application of multiple regression modeling techniques. This step 

allows us to unearth the intricate relationships that exist between WTI crude oil prices, denoted as 'Y', and the 

selected macroeconomic variables. 

In order to make our study easier, we combine this dataset once a month, which includes important data on WTI 

crude oil prices as well as other macroeconomic variables that we think are relevant. Our thorough study is based on 

this structured dataset. We continue our analytical journey by using approaches for multiple regression modeling. 

Using this phase, we may uncover the complex correlations between the chosen macroeconomic factors and the WTI 

crude oil prices, represented by the letter 'Y'. We utilize scenario creation approaches in order to obtain a more 

profound comprehension of possible future price fluctuations.  

To improve our prediction framework, related aspects are carefully examined to simulate different market scenarios. 

It is crucial to make sure our model is resilient. In order to achieve this, we carefully evaluate the independent 

variables' multicollinearity. Our objective is to maintain meaningful association’s with WTI crude oil prices while 

eschewing excessive intercorrelations among the independent variables. The culmination of our analytical odyssey 

results in a comprehensive regression equation. Rooted in the relationships between dependent and independent 

variables, this equation forms the bedrock of our predictive framework, taking the form: 

WTIcrude=Intercept+Coefficient1×Var1+Coefficient2×Var2 

To further enhance the accuracy and robustness of our predictions, we employ Monte Carlo simulation techniques, 

executing a staggering 1000 iterations. This enables us to capture and quantify the inherent uncertainty that 

pervades commodity markets. We refine our analysis by segmenting our output into three distinct categories: high, 

low, and medium scenarios. This meticulous segmentation, yielding a total of 15 scenarios, furnishes a nuanced 

understanding of potential price movements.  

In sum, our research represents a concerted effort to respond to the pressing need for an enhanced predictive 

framework for WTI crude oil prices within the contemporary global landscape. By synthesizing historical data, 

leveraging sophisticated modelling techniques, and building upon the collective wisdom of prior researchers, we 

endeavour to contribute valuable insights to the realms of investment and policymaking. Our aim is to empower 

stakeholders with a deeper understanding of the volatile and ever-evolving crude oil markets, enabling more informed 

decision-making amidst the complex interplay of supply, demand, and global events.  

OBJECTIVES 

This study develops a comprehensive stress-testing framework to evaluate financial and economic risks using 

historical data and statistical modelling. Scenario-based and model-driven approaches assess market volatility, 

economic downturns, and financial stability. Economic indicators such as GDP, stock values, and inflation rates 
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undergo analysis to identify risk patterns and enhance predictive accuracy. Advanced techniques, including Monte 

Carlo simulations, regression analysis, and machine learning models, contribute to improving stress-test reliability. 

Back-testing methodologies validate financial models and ensure data-driven decision-making for effective risk 

mitigation. 

LITERATURE WORK 

Stress testing plays a crucial role in assessing financial and economic risks by simulating potential crises and 

market disruptions. Historical data from 2020 to 2023, including key indicators such as US GDP, global stock 

values, the ISM Index, oil production, and market fluctuations, provide valuable insights into economic 

vulnerabilities (Federal Reserve, 2023; IMF, 2023). Analysing these datasets using descriptive statistics helps 

identify patterns and assess financial resilience (Borio et al., 2022). 

Different approaches exist for stress testing, with scenario-based and model-based methods being widely used. 

Scenario-based stress tests construct hypothetical situations based on past trends and current economic conditions, 

allowing institutions to examine the impact of economic downturns, market volatility, and supply chain disruptions 

(Basel Committee on Banking Supervision, 2021). Model-based approaches, such as Monte Carlo simulations, 

employ statistical techniques to generate probabilistic outcomes, offering a structured way to evaluate risks 

(Glasserman et al., 2020). The use of descriptive statistics ensures that parameter selection and scenario 

development align with real-world economic fluctuations (Jorion, 2022). 

Advanced simulation methods like dynamic Monte Carlo modeling allow for a deeper analysis of economic trends 

over time, capturing variations in key financial indicators (Kupiec, 2021). Hypothetical scenarios further help 

assess emerging risks, enabling institutions to prepare for potential market shocks (Bank of England, 2022). 

Market stress scenarios focus on extreme fluctuations, using statistical tools to estimate potential losses and ensure 

financial stability (Borio & Drehmann, 2020). Regression analysis aids in understanding how different economic 

variables influence financial outcomes, helping organizations pinpoint significant risk factors (Hull, 2021). 

Correlation analysis provides another layer of insight by examining the relationships between different economic 

indicators, allowing for a more comprehensive risk assessment (Litterman, 2021). Principal Component Analysis 

(PCA) simplifies complex datasets by identifying dominant factors that contribute to financial variability, making 

stress test models more efficient and interpretable (Stock & Watson, 2022). 

With advancements in technology, machine learning techniques such as Random Forest and Neural Networks 

enhance the predictive accuracy of stress tests by identifying non-linear relationships in financial data (Goodfellow 

et al., 2020). Sensitivity analysis is also crucial, as it evaluates how changes in input parameters affect financial 

projections, improving institutions’ ability to anticipate risks (Basel Committee on Banking Supervision, 2023).  

Ensuring the reliability of stress test models requires robust back testing and validation methods. Accurate data 

collection and processing play a vital role in developing reliable financial risk models, as historical economic 

indicators must be thoroughly analyzed to extract meaningful insights (Acharya et al., 2021). Descriptive statistics 

help quantify market trends, central tendencies, and variations, forming a strong foundation for financial risk 

assessment (Fama & French, 2022). 

By integrating statistical analysis, predictive modeling, and machine learning techniques, stress testing becomes a 

powerful tool for financial institutions to navigate uncertainty. The combination of historical data, scenario-based 

evaluations, and advanced simulations strengthens risk management strategies, enhancing financial resilience 

against potential economic disruptions (World Bank, 2023). 

MATERIALS 

Data Submissions 

Accurate and timely data submissions are critical for effective stress testing, as highlighted by Smith and Chen 
(2016) [15]. The study utilized a diverse dataset including variables such as US GDP, global stock indices, ISM 
Index, Kilian Index, non-OPEC supply disruptions, US refinery utilization, steel rebar futures prices, and global 
crude oil production. These inputs provide the economic and industrial context necessary for meaningful stress test 
scenarios. 
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Descriptive Statistics 
Descriptive statistics were employed to evaluate data quality and identify patterns, trends, and anomalies. The 
dependent variable was the price of WTI crude oil (2020–2023), influenced by the following eight independent 
variables: 

• US GDP (Trillion USD, Monthly) – Highlights economic trends impacting oil demand. 

• Global Closing Stock – Reflects investor sentiment and its correlation with oil prices. 

• ISM Index – Captures industrial activity trends relevant to oil consumption. 

• Kilian Index – Measures oil supply disruptions affecting price volatility. 

• Non-OPEC Supply Disruptions – Evaluates non-OPEC impact on global oil supply. 

• US Refinery Utilization (%) – Indicates refining capacity influencing crude demand. 

• Steel Rebar Futures (CNY/Ton) – Serves as an industrial demand proxy. 

• Global Crude Oil Production (Million Barrels/Day) – Contextualizes global supply dynamics. 

These statistics offered foundational insights for modeling by revealing central tendencies, dispersion, and outliers. 
They supported sound model design, parameter selection, and stress scenario construction, ultimately improving 
the reliability of advanced techniques like Monte Carlo simulations and regression analysis. 

MATHODS 

Data Acquisition and Preparation 

 

Figure 1: WTI crude oil prices from last 15 months 

The methodology begins with the collection of historical data on WTI (West Texas Intermediate) (Fig.1) crude oil 

prices spanning the last 15 months. TIn our analysis, the dependent variable (Y) is these prices. Knowing WTI and 

its importance in relation to the crude oil markets is crucial. In Fig.1, the given table consist of 5 columns 

describing about Date, mean, STD,    min and max. The mean value of the variable is relatively stable over time, but 

the standard deviation is quite high. From this we can infer that the variable is quite volatile. The minimum and 

maximum values of the variable are also quite high indicating that the variable can take on a wide range of values. 

Understanding WTI Crude Oil 

 

 

Figure 2: General information about the acquired dataset 
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WTI is a key benchmark for crude oil prices in North America and serves as a reference point for pricing many crude 

oils worldwide. It represents light, In Fig.2, sweet crude oil extracted primarily from the Permian Basin in West 

Texas and the Eagle Ford Shale in South Texas. WTI is known for its low sulfur content and high API gravity, making 

it relatively easy to refine into gasoline and diesel fuel. WTI prices are influenced by various factors, including 

production levels in the United States, geopolitical events in North America, and changes in global supply and 

demand for crude oil. Understanding WTI is crucial because its pricing dynamics have a significant impact on the 

broader crude oil market, including Brent crude and OPEC (Organization of the Petroleum Exporting Countries) 

reference price[16]. 

Data Integration 

Figure 3: Line plot between crude oil production and time 

Figure 3 shows that crude oil production has been increasing steadily since the early 2000s, with the exception of 

a brief dip in 2009 due to the global financial crisis. In 2022, global crude oil production reached a record high of 

93.9 million barrels per day. 

The graph also shows that the top three crude oil producers in 2022 were the United States, Saudi Arabia, and 

Russia. The United States produced 762 thousand barrels of crude oil per day, Saudi Arabia produced 601 thousand 

barrels per day, and Russia produced 539 thousand barrels per day. Figure 3 also shows that there has been a 

significant increase in crude oil production from shale oil in recent years. Shale oil is a type of crude oil that is 

extracted from shale rock formations. In 2022, shale oil production accounted for approximately 60% of total crude 

oil production in the United States. 
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Figure 4: Scatterplot between date and ism index 

Figure 4 shows that the SM index has been generally trending upwards since the early 2000s, with some short-term 

fluctuations. This depicts that the manufacturing sector in the United States has been growing over the past two 

decades. However, Figure 4 also shows that there have been a few periods of time when the SM index has declined 

significantly. This suggests that the manufacturing sector is vulnerable to economic downturns. Figure 4 shows that 

there is a negative correlation between the S&P 500 index and the VIX index. This means that when the S&P 500 

index is rising, the VIX index is typically falling, and vice versa. This is because the VIX index is a measure of 

expected volatility. When the S&P 500 index is rising, investors are typically more confident about the future of the 

economy and the stock market. This leads to lower expected volatility, which is reflected in a lower VIX index. 

 

Figure 5: Scatterplot between date and disruption 

The merged dataset is structured on a monthly basis, aligning WTI crude oil prices with eight macroeconomic 

factors. Fig.3, Fig.4, Fig.5 depicts the relationship between Date and those 9 independent variables namely: 

• US GDP in Trillion USD 

• Global Closing Stock 
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• ISM Index 

• Kilian Index 

• Non-OPEC Supply Disruption 

• US Refinery Utilization (in %) 

• Steel Rebar Futures Price in Chinese Yuan per Tonne 

• Global Crude Oil Production - Million Barrels per Day 

In Figure 5, the x-axis of the scatter plot represents the number of data points, and the y-axis represents the 

number of dispersion points. The scatter plot shows that there is a positive correlation between the number of data 

points and the number of dispersion points. This means that as the number of data points increases, the number of 

dispersion points also increases. This is because as the number of data points increases, the data is more likely to be 

spread out over a wider range of values. This is because it is more likely that there will be outliers in a larger 

dataset. 

Figure 6: Scatterplot between date and US percent utilization of ROC 

Regression Analysis  

From Figure 6 we can observe that crude oil production reached a peak of 82 million barrels per day in September 

2023. This is the highest level of crude oil production since 2019.The increase in crude oil production is likely due 

to a number of factors, including the strong global economy and the recovery from the COVID-19 pandemic. The 

United States is the world's largest producer of crude oil, followed by Saudi Arabia and Russia. The United States 

produced an average of 11.6 million barrels of crude oil per day in September 2023.OPEC, the Organization of the 

Petroleum Exporting Countries, is a cartel of 13 oil-producing countries that controls a large share of the world's 

crude oil production. OPEC has been increasing its crude oil production in recent months to meet growing 

demand[17].  
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Figure 7: Scatterplot between date and steel rebar future prices per tonne in Chinese Yuan 

The methodology proceeds with regression analysis, with WTI crude oil prices (Y) as the dependent variable. 

Scatterplot performed as per Fig.6, Fig.7, we need to determine the relationship between variables to identify the 

variables to run regression. A multiple regression model is employed to establish relationships between WTI crude 

oil prices and the eight macroeconomic factors, guided by the regression equation: 

WTI crude=Intercept+Coefficient1×Var1+Coefficient2×Var2 

The graph shows that crude oil production reached a peak of 82 million barrels per day in September 2023. This is 

the highest level of crude oil production since 2019. The increase in crude oil production is likely due to a number of 

factors, including the strong global economy and the recovery from the COVID-19 pandemic. The United States is 

the world's largest producer of crude oil, followed by Saudi Arabia and Russia. The United States produced an 

average of 11.6 million barrels of crude oil per day in September 2023. OPEC, the Organization of the Petroleum 

Exporting Countries, is a cartel of 13 oil-producing countries that controls a large share of the world's crude oil 

production. OPEC has been increasing its crude oil production in recent months to meet growing demand. 

Data Preprocessing 

In this initial data preprocessing step, we addressed the 'TIME_PERIOD' column's format, which was initially 

stored as strings, and successfully converted it into a more meaningful and analytically valuable date format. This 

In order to accomplish this, date conversion functions and strategies that were specially designed for the needs of 

the dataset were used. 

Temporal Analysis: We made the dataset compatible with time-based operations and temporal queries by 

converting 'TIME_PERIOD' to date format. This modification allowed us to investigate phenomena, trends, and 

patterns that change over time, which is especially important when doing time series analysis. 

Chronological Insights: By giving the data a chronological context, the conversion enabled us to look into the 

relationships between variables, values, and events at various points in time. Understanding time-dependent 

relationships and evaluating changes over time require this chronological alignment. 

Time Series Analysis: Enabling time series exploration was a crucial component of this conversion. Now, by taking 

advantage of the temporal structure of the dataset, detailed analysis and forecasting could be carried out, including 

the identification of trends, cyclic patterns, and seasonality in the data. 
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 Filtering For Relevant Data  

Figure 8: Crude oil Price Trends (open and close price of stocks) 

In order to refine our dataset and include only the information relevant to the research or analysis goals, data 

filtering is an essential step in the data analysis process. In this particular step, we used data filtering to identify 

rows in our dataset that contained the term "CLOSTLV" in the 'FLOW_BREAKDOWN' column. This strategy 

produced a number of noteworthy advantages: 

Relevance and Context: We made sure that the ensuing analysis was carried out within a precisely defined and 

contextually relevant subset of the data by filtering the dataset based on the existence of 'CLOSTLV' in the 

'FLOW_BREAKDOWN' column. This targeted approach helps researchers to focus their attention on the specific 

data segments of interest, which is especially useful when working with large and diverse datasets. The Dependent 

Variable "Crude Oil Prices" is broken down into Open, High, Low, and Close in Figure 8. The entry 'CLOSTLV' in 

the 'FLOW_BREAKDOWN' column in this instance most likely denotes a specific kind of data that may be relevant 

to the investigation or analysis in question. Enhanced Accuracy: By removing unnecessary information from the 

analysis, noise and interference are less likely to occur. It makes it possible to examine the dataset's important 

patterns, trends, and features with greater accuracy. Efficiency: Filtered datasets facilitate more efficient 

subsequent analyses. Because the dataset is narrower in scope, calculations, visualizations, and interpretations can 

be carried out more precisely and efficiently. 

Data Integrity: By guaranteeing that the dataset only includes high-quality, contextually relevant information, 

the filtering process contributes to the preservation of data integrity. Figure 8 shows that crude oil prices have 

been volatile over the past eight years, but have generally trended upwards. In 2015, crude oil prices fell to a multi-

year low of $26 per barrel due to a combination of factors, including oversupply and a slowdown in global economic 

growth. However, prices began to recover in 2016 and reached a peak of $147 per barrel in 2022 due to the ongoing 

conflict in Ukraine and disruptions to global supply chains. Figure 8 also shows that crude oil prices have fallen 

sharply since reaching a peak in 2022. This is due to a number of factors, including a slowdown in global economic 

growth, rising interest rates, and a release of oil from strategic reserves by the United States and other countries. 

Data Analysis and Visualization 

By using the 'DATE' variable as a crucial grouping factor, we were able to analyze the 'OBS_VALUE' attribute of the 

dataset. Through the process, we were able to group data into time-based clusters and extract a variety of crucial 

statistical metrics. This included, but wasn't limited to, figuring out the mean, which gave a general idea of central 

tendencies, the standard deviation, which revealed the variability of the data, and the quartiles, which helped 

identify important percentiles. In the end, these summary statistics provided us with the necessary information for 
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a thorough temporal analysis by providing a useful window into the behavior of the 'OBS_VALUE' variable over 

various time periods. 

 

Figure 10: Scatterplot between date and crude oil production 

Figure 10 shows that crude oil production has been increasing over time, with the exception of a brief dip in 2020 

due to the COVID-19 pandemic. The trend line shows that crude oil production is expected to continue to increase 

in the future. There are a few factors that are contributing to the increase in crude oil production. 

 

 

Figure 11: Scatterplot between date and US GDP 

As a potent data visualization tool, we used scatterplots (Figs. 10 and 11) to understand the relationships between 

the various variables in our dataset.  Scatterplots have multiple important uses. 

• Visual Relationship Analysis: Scatterplots provide a natural method for analyzing the 

connections between two numerical variables. 

• Since every data point is shown as a point on the graph, it is simple to spot any obvious trends, 

patterns, or outliers. 

•  Correlation Assessment: Scatterplots allow us to examine the existence and strength of 
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correlations by graphing one variable against another. A scatterplot with a positive slope 

indicates a positive correlation, whereas one with a negative slope suggests a negative 

correlation. 

• Outlier Detection: Outliers, which are data points significantly different from the majority, 

can often be spotted on a scatterplot. These outliers may carry important information or 

indicate data quality issues. 

• Pattern Recognition: Patterns such as clusters, curves, or groupings can be detected through 

scatterplots. This assisted us in identifying connections. 

• Variable Selection: The evaluation of our independent variables was aided by scatterplots. 

We can understand from Figure 11 that there is an upward trend over time, indicating that the US GDP has grown 

significantly over the past two centuries. The US GDP reached $28 Trillion USD in 2023, up from $18 Trillion USD 

in 2003. This growth can be attributed to a number of factors, including population growth, technological 

advancement, and increased productivity. 

Line Plot for Time Series Data 

The complex patterns and trends buried in our time series data were largely revealed through the use of line plots. 

Gaining a better understanding of how different variables changed over time was the main goal. We carefully 

created these line plots, setting 'DATE' as the x-variable to represent the time progression chronologically, in order 

to accomplish this. A carefully chosen selection of parameters, including "open," "high," "low," and "close," were 

included in the y-variables. Line plots, a fundamental tool in time series analysis, hold the capacity to unveil a 

wealth of information. The curves and trajectories of each variable over time were visually depicted, allowing for 

intuitive recognition of fluctuations, periodic oscillations, or any significant deviations. By employing this graphical 

approach, we obtained a holistic visualization of how each variable evolved, thus facilitating the identification of 

potential seasonality, trends, or irregularities. Such an exploration is crucial in various domains, particularly in 

financial analysis, and stress testing where open, high, low, and close prices provide essential insights for decision-

making. The line plots presented a dynamic storyline of the data's temporal behavior, equipping us with a deeper 

comprehension of the relationships. 

Correlation Analysis 

 

 

 

 

 

 

 

The "Correlation Analysis" is a crucial step that involved the computation of a correlation matrix. This matrix 

provided a numerical representation of how variables in our dataset were related to one another. It revealed not 

only whether these relationships existed but also the strength and direction of these associations. Fig.12, Shows the 

correlation between variables. Correlation coefficients, typically ranging from -1 to 1, indicated the degree of 

correlation. A value close to 1 indicated a strong positive correlation, implying that as one variable increased, the 

other also increased. Conversely, a value close to -1 indicated a strong negative correlation, where as one variable 

increased, the other decreased. There may be little to no linear correlation when the value is close to 0. We were 

able to understand how the variables were related to one another by displaying the correlation matrix as a table or 

heat map. With the help of this realization, we were able to determine which variables had a tendency to move in 

opposite directions when they were negatively correlated, and which way they were positively correlated. This 



Journal of Information Systems Engineering and Management 
2025, 10(34s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

930 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

knowledge was essential for feature selection because highly correlated independent variables have the potential to 

cause multicollinearity in regression models, which could have an impact on the interpretability and functionality 

of the model. As such, one of the most important components of our methodology for understanding the intricate 

relationships in our dataset was the correlation analysis. 

Heat – map Visualization 

 

Figure 13: Correlation matrix to determine the relationship between variables in the dataset 

There may be little to no linear correlation when the value is close to 0. We were able to understand how the 

variables were related to one another by displaying the correlation matrix as a table or heat map. With the help of 

this realization, we were able to determine which variables had a tendency to move in opposite directions when they 

were negatively correlated, and which way they were positively correlated. This knowledge was essential for feature 

selection because highly correlated independent variables have the potential to cause multicollinearity in regression 

models, which could have an impact on the interpretability and functionality of the model. As such, one of the most 

important components of our methodology for understanding the intricate relationships in our dataset was the 

correlation analysis. 

Highlighting Patterns: The heat map made patterns in the data easier to see. In the visual representation, 

clusters of variables with positive or negative correlations stood out as unique patterns. It was possible to quickly 

grasp the interactions between subsets of variables thanks to this visual summary. 

Data exploration: The heat-map served as a useful exploratory instrument, offering a foundation for more in-

depth examinations. It inspired more research into relevant relationships and guided later modeling and research 

choices. 

Statistical Analysis 

VIF (Variance Inflation Factor) 

Figure 14: VIF calculated between each variable in the dataset 
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It is crucial to comprehend how the dependent (y) and independent (X) variables interact when performing 

regression analysis. When independent variables in a regression model show strong correlations or predictability 

among themselves, it is known as multicollinearity, and it can make the model difficult to interpret and use 

accurately. In this situation, the Variance Inflation Factor (VIF) is a potent instrument that provides insightful 

information about the correlations between these independent variables. Evaluating multicollinearity's existence 

and degree is the main goal of VIF. These are the main goals that this statistical method achieves: 

Finding Multicollinearity: We can systematically ascertain whether independent variables in a regression 

model are correlated by using the VIF. High multicollinearity indicates that one or more variables can be predicted 

with the help of other variables, which may result in erratic coefficient estimates and impair the model's capacity to 

identify the particular impact of each variable on the dependent element. A VIF execution is shown in Fig. 14. 

Measuring Multicollinearity's Extent: The Variance Inflation Factor (VIF) offers a numerical assessment of 

the degree of multicollinearity. Each independent variable's VIF score indicates the proportion of its variance that 

can be accounted for by the other independent variables in the model. Significant multicollinearity is indicated by a 

high VIF score, usually greater than 10. 

Finding Problematic Variables:  We can identify the precise independent variables that have the biggest 

impact on multicollinearity by using VIF analysis. This understanding helps us decide whether to keep these 

variables in the model, change them, or eliminate them in order to lessen the multicollinearity problem. 

Regression Analysis 

We used multiple regression analysis in an effort to gain a thorough understanding of the dataset and the variables 

influencing the behavior of the dependent variable. This method was an effective means of revealing the complex 

interactions that exist between the independent and dependent variables. Gaining understanding of the ways in 

which different attributes or factors, represented by the independent variables, impacted the behavior of the 

dependent variable was the main goal of this process. The following steps encapsulate our regression analysis: 

Multiple Regression Models: To explore the multivariate relationships in the dataset, multiple regression models 

were carefully constructed. These models took into account multiple independent variables at once, acknowledging 

that real-world phenomena are usually impacted by a wide range of variables. We were able to take into 

consideration how different attributes combined to affect the dependent variable. The multiple regression between 

each variable is shown in Fig. 15. 

Feature Matrix and Target Vector: We carefully arranged our data into a feature matrix (X) and a target vector 

(y) to make the regression analysis easier. The features that we thought might have some explanatory powers were 

represented by the independent variables in the feature matrix (X). The dependent variable functioned as the focal 

point and was contained by the target vector (y). We were able to quantify and examine the connections between 

the independent and dependent variables thanks to this distinct demarcation. 
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Figure 15: Multiple regression between each variable to understand relationship between dependent and 

independent variables 

This regression analysis was significant in two ways: Quantitative insights: Using multiple regression modeling, we 

were able to measure each independent variable's effect on the dependent variable quantitatively by utilizing 

statistical analysis. As a result, we were able to give each variable a coefficient that represented the strength and 

direction of its influence. Testing Hypotheses: Specific hypotheses regarding the ways in which the independent 

variables contributed to variations in the dependent variable were assessed through the use of regression analysis. 

The significance and applicability of these variables could be determined with the help of statistical tests and 

inference, which are supported by data. 

Scatter Plot for Regression 

The scatter plot shows a positive correlation between WTI prices and steel rebar futures prices, meaning that as 

WTI prices increase, steel rebar futures prices also tend to increase. This is because steel is a key input in the 

production of oil and gas, and rising oil prices can lead to higher costs for steel producers. Additionally, rising oil 

prices can lead to increased economic activity, which can boost demand for steel. Figure 16 also shows that there 

is a lot of variation in the relationship between WTI prices and steel rebar futures prices. This is because there are a 

number of other factors that can affect steel prices, such as global economic conditions and government policies. 
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Figure 16: Scatterplot between WTI prices and Steel rebar future prices 

 

Figure 17: Scatterplot between WTI price and crude oil production 

Figure 17 shows a positive correlation between WTI prices and crude oil production million barrels/day, meaning 

that as WTI prices increase, crude oil production million barrels/day tends to increase. This is because crude oil is a 

key input in the production of oil and gas, and rising WTI prices can lead to increased exploration and production 

of crude oil. The scatter plot also shows that there is a lot of variation in the relationship between WTI prices and 

crude oil production million barrels/day. This is because there are a number of other factors that can affect crude 

oil production, such as global economic conditions, geopolitical factors, and technological advancements. 

 



Journal of Information Systems Engineering and Management 
2025, 10(34s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

934 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

Figure 18: Scatterplot between WTI prices and US percent utilization of refinery operable capacity 

We created scatter plots in this step (Fig. 18) to show the relationships between the dependent variable, "WTI 

Crude," and the other independent variables. In order to interpret the results of the regression model, it is crucial to 

investigate relationships and patterns between the variables, and these scatter plots provided as a fundamental tool 

for doing so. We can see how "WTI Crude" relates to each independent variable separately thanks to the scatter 

plots (Figs. 16 and 17). Plotting the data points allowed us to visually evaluate the distribution of the data overall, 

possible outliers, and linear or nonlinear associations. The underlying structure of the data and the formation of 

preliminary hypotheses regarding the relationships between variables were greatly aided by these visualizations. 

Figure 18 shows a positive correlation between WTI prices and US percent utilization of refinery operable capacity 

percent, meaning that as WTI prices increase, US percent utilization of refinery operable capacity percent tends to 

increase. This is because when WTI prices are high, refineries are more likely to operate at full capacity in order to 

produce more gasoline and other petroleum products [18]. Figure 18 also shows that there is a lot of variation in 

the relationship between WTI prices and US percent utilization of refinery operable capacity percent. This is 

because there are a number of other factors that can affect refinery utilization rates, such as inventory levels, 

maintenance schedules, and unexpected events such as hurricanes or refinery figures [19]. 

Estimation of Model 

We As a crucial first step in our analysis, we estimated the statistical model. Finding the regression coefficients, 

which are essential for comprehending the relationship between the independent and dependent variables, was the 

main goal of this stage, as shown in Fig. 19. These coefficients offer crucial information by clarifying the direction 

and strength of each independent variable's influence on the dependent variable. The determined coefficients 

showed the relationship between changes in an independent variable's unit and changes in the dependent variable. 

Comprehending these correlations is essential for deriving conclusions, forecasting, and analyzing the model's 

output. Several parts of our analysis were based on the results of this estimation process. Several parts of our 

analysis were based on the results of this estimation process. It gave us more insight into the underlying dynamics 

of the dataset in addition to enabling us to forecast the dependent variable based on the values of the independent 

variables. 
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Figure 19: Regression coefficients for each variable 

Hypothesis Testing 

The phase of hypothesis testing was essential to our process. Its main objective was to evaluate the regression 

coefficients in our model for statistical significance. At this point, we used statistical methods that required figuring 

out two-tailed p-values and t-values. We employed these values to assess the reliability of our conjectures 

concerning the correlations between the independent and dependent variables. 

The core objectives of hypothesis testing were twofold: 

Coefficient Significance: One of the primary goals was to determine whether individual regression coefficients 

(representing the effect of each independent variable on the dependent variable) were statistically significant. By 

doing so, we could ascertain which variables had a substantial impact on the model's outcome. 

Model Assessment: In the broader context, hypothesis testing contributed to the overall assessment of our 

regression model's validity and effectiveness. It allowed us to understand which variables should be retained in the 

model and which could be omitted, streamlining the model's complexity while preserving its predictive power. 

Regression Equation 

In the context of our analysis, the regression equation served as a fundamental outcome derived from the estimated 

coefficients of the multiple regression model. This equation stands as a mathematical model that plays a central 

role in predicting the dependent variable concerning variations in the independent variables. It encapsulates the 

linear relationship between these variables and is expressed in a mathematical form. The regression equation's 

essence lies in its predictive capability. By inputting specific values for the independent variables, this equation 

generates an estimated value for the dependent variable. In essence, it quantifies how changes in the independent 

variables contribute to changes in the dependent variable, facilitating predictions and understanding the effect of 

each independent variable on the outcome. 

Probability Distribution Identification 

Figure 20 shows that the KS test statistic is 1.0 and the p-value is 0.0. This means that the probability of obtaining a 

test statistic of 1.0 or greater under the null hypothesis that the data is normally distributed is 0.0. Therefore, we 

can reject the null hypothesis and conclude that the data is not normally distributed. 
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Figure 20: Normal distribution for WTI prices 

The slope in the data is likely due to the presence of outliers or non-normality in the data. Outliers can cause the KS 

test to reject the null hypothesis even if the data is approximately normally distributed. Non-normality in the data 

can also cause the KS test to reject the null hypothesis. 

Figure 21: Normal distribution for Crude oil production 

Figure 21 explains that the distribution is right-skewed, with a median production of 74 million barrels per day and 

a maximum production of 84 million barrels per day. The Kolmogorov-Smirnov test statistic is 1.0 and the p-value 

is 0.0, which indicates that the distribution is significantly different from a normal distribution. This distribution 

can be explained by the fact that crude oil production is concentrated in a few key regions of the United States, such 

as the Permian Basin and the Gulf of Mexico. These regions have very high production rates, which skew the 

distribution to the right. 
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Figure 22: Normal distribution for Steel rebar future price 

In Figure 22 the distribution is skewed to the right, which means that there are more futures contracts at lower 

prices than at higher prices. The median price is 3,980 yuan per tonne, and the maximum price is 6,000 yuan per 

tonne. The Kolmogorov-Smirnov (KS) test statistic is 1.0 and the p-value is e.e, which means that the distribution is 

significantly different from a normal distribution. This is likely due to the fact that steel rebar futures prices are 

affected by a number of factors, including supply and demand, economic growth, and government policies. 

Figure 23: Normal distribution for Killian Index 

We employed the Kolmogorov-Smirnov test (Fig.20, Fig.21, Fig.22, and Fig.23) to evaluate the suitability of a 

specific probability distribution for the dataset. The main goal was to determine how closely the observed data fit 

the parameters of a chi-squared distribution. We were able to determine whether the selected distribution was 

appropriate thanks to this statistical test, which also helped us comprehend how the data adhered to or deviated 

from the expected distribution pattern. It was an essential step in confirming the underlying hypotheses and offered 

insightful information about the statistical behavior of the data. Figure 23 shows a graph of a normal distribution 

with a slope of 0.5. This means that the distribution is skewed to the right, with more values on the right-hand side 
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of the distribution than on the left-hand side. The distribution also has a relatively long tail on the right-hand side, 

which means that there is a small chance of observing very high values. 

Calculation of Quartiles 

Figure 24: Calculation of 1st and 3rd quartiles 

In order to obtain a better understanding of the dataset's distribution, we computed the first quartile (Q1) and the 

third quartile (Q3) for Fig. 24 during this methodology phase. The quartiles offered helpful benchmarks for 

comprehending the distribution and properties of the variables being studied. Determining Q1 and Q3 allowed us to 

gain the following advantages: Distribution Assessment: One important step in determining the dataset's 

distribution was to compute the quartiles. It enabled us to pinpoint the locations in the dataset where specific 

percentages of the data—25% and 75%—were concentrated. Quartiles were crucial instruments for the 

identification of outliers. A comparison with quartile values made it simple to identify outliers, or data points that 

differ significantly from the majority of the data [25]. Data points falling below Q1 or above Q3 could be potential 

outliers warranting further investigation. 

Data Segmentation: Understanding quartiles also facilitated data segmentation. It served as a foundation for 

grouping data points into various quartile-based ranges or groups, which is particularly helpful when examining 

how a variable behaves across various dataset segments. 

Moving Average  

 

 

 

 

Figure 25: Three point moving average 

We used a 3-point moving average on all of the dataset's variables. This operation's main goal was to smooth the 

data so that underlying trends and patterns could be easier to identify. By implementing a moving average, we 

reduced the impact of short-term fluctuations or noise in the data, making it easier to discern meaningful trends 

and variations [24]. In Fig.25, This process helped in revealing the broader patterns and movements that might not 

have been apparent in the raw data. In essence, the application of a 3-point moving average served as a data 

preprocessing technique that enhanced the dataset's suitability for time series analysis, ultimately enabling us to 

extract more accurate and actionable insights from the data [20]. 
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Natural Logarithm Transformation  

 

Figure 26: Natural log transformation to handle exponential values 

As part of our data preparation process, we applied a natural logarithm transformation to all fields (columns) 

within the dataset. This transformation played a crucial role in ensuring that the data met the fundamental 

assumptions required for regression analysis, with a particular focus on datasets exhibiting exponential growth 

characteristics, this is represented in Fig.26. The natural logarithm transformation is widely used in 

statistical modeling to address two primary issues: 

Variance Stabilization: Data with exponential growth tendencies often exhibit increasing variance as the values 

grow larger. This can lead to heteroscedasticity, a violation of the homoscedasticity assumption in regression 

analysis. By applying the natural logarithm transformation, we mitigated this issue, making the variance more 

consistent across the range of values. This, in turn, aids in producing reliable and interpretable regression models. 

Linearity Enhancement: Regression models, including linear regression, assume a linear relationship between 

the independent and dependent variables. However, in practice, some variables may not exhibit linear relationships 

in their raw form [23]. The natural logarithm transformation can linearize such relationships, making the data 

more amenable to regression analysis. 
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RESULTS ANALYSIS 

Figure 27: Regression model performance 

In Fig.27, The analysis of the regression model's performance is essential to understand how well it fits the data. In 

this section, we present the results of the model by comparing the actual and estimated values through scatterplots 

and analyzing the confusion matrix for classification tasks. From Fig.27 We can see that the R-squared value is 

88.31%, which indicates that the model explains a high proportion of the variation in WTI crude oil prices. The F-

statistic is also highly significant, which means that the model is a good fit for the data. The coefficient for crude oil 

production is negative, which indicates that an increase in crude oil production leads to a decrease in WTI crude oil 

prices. This is because an increase in supply leads to downward pressure on prices. The coefficient for U.S. percent 

utilization of refinery operable capacity is positive, which indicates that an increase in refinery utilization leads to 

an increase in WTI crude oil prices. This is because an increase in demand for crude oil leads to upward pressure on 

prices. The coefficient for OPEC disruption is negative, which indicates that an increase in OPEC disruption leads to 

a decrease in WTI crude oil prices. This is because OPEC is a major producer of crude oil, and a disruption to OPEC 

production can lead to a decrease in global supply and an increase in prices. 

Actual vs Estimated Scatterplot 

Making scatterplots that show the actual values versus the estimated values is a popular method in regression 

analysis to assess the effectiveness of the model. These scatterplots in Figure 28 give an idea of how closely the 

model predictions match the actual data. The "Actual vs. Estimated Scatterplot" shows how the regression model's 

predicted values and true values relate to one another. We can evaluate the accuracy of the model visually by 

charting these values. A diagonal line should ideally be closely aligned by the points to show that the model's 

predictions and the actual data points are nearly identical [21], these graphs in Figure 28 also shows a confidence 

interval for the estimated prices. The confidence interval is a range of values that is likely to contain the true value 

of the parameter being estimated. In this case, the confidence interval is for the estimated WTI prices. 
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Figure 28: Scatterplot between Actual and Estimated value 

The confidence interval is wider in some areas than in others. This means that the model is more uncertain about 

the estimated prices in those areas [22]. 

Confusion Matrix Analysis 

 

Figure 29: confusion matrix 

Analyzing the confusion matrix is necessary to evaluate the model's performance for classification tasks in Fig. 29. 

A tabular representation of a classification model's performance that provides a thorough breakdown of true 

positive, true negative, false positive, and false negative predictions is called a confusion matrix. We analyze the 

confusion matrix to determine how well the model performs. We look at metrics like accuracy, recall, F1-score, and 

precision. These metrics shed light on how well the model classifies instances into the appropriate categories. We 

can evaluate the classification model's advantages and disadvantages and decide how best to apply it in practice by 

looking at the confusion matrix. 

CONCLUSION 

In Conclusion, this analysis for assessing dependencies provides valuable insights into crude oil markets, the 

impact of financialization on these markets, and the broader landscape of risk assessment in the energy sector. The 

methodologies and principles outlined underscore the importance of robust risk management practices in 

safeguarding energy security. The interplay of market risk, macroeconomic scenarios, and supply and demand 

factors reveals the intricate web of challenges that energy companies, policymakers, and researchers must navigate. 

Furthermore, the evolving nature of crude oil markets and the impact of financialization on these markets shed 

light on the need for continuous monitoring and adaptation. The studies on diversification benefits, extreme risk 

modeling, and the common factors influencing crude oil prices contribute to a more comprehensive understanding 

of these complex markets. In this context, the works emphasize the importance of staying current with the latest 

methodologies and market trends, adapting to changing market dynamics, and ensuring that energy companies are 

well-prepared to withstand various stress scenarios. As a result, the knowledge and insights gained from this body 
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of work are crucial for practitioners, policymakers, and researchers seeking to navigate through crude oil market 

dynamics and risk management 
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