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This thesis investigates whether the elements of the DuPont analysis, including Net Profit 
Margin, Asset Turnover, and Financial Leverage, can serve as independent explanatory 
variables for estimating Return on Equity. To provide a broader understanding of the 
effectiveness of these elements ROE estimation was also conducted using lagged ROE and 
raw financial data for comparison with the DuPont-based model. A panel dataset is used 
based on firms listed in the S&P 500, the thesis applies both traditional econometric methods 
(Panel Data Analysis) and machine learning technique (XGBoost Regressor) to evaluate 
estimation performance. The findings reveal that Net Profit Margin, Asset Turnover, and 
Financial Leverage can each be effectively used to estimate ROE, with Net Profit Margin 
consistently identified as the most influential factor across both modeling techniques. 
Furthermore, the DuPont-based model outperforms the model using raw financial data or 
lagged ROE, achieving higher accuracy and interpretability, especially in the XGBoost 
framework. While the panel regression model offers theoretical transparency, the machine 
learning model demonstrates superior estimation power and better handles nonlinearity and 
data irregularities.  
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1  Introduction 

Return on Equity (ROE) measures corporate performance: the higher the ROE, the higher 

the efficiency of a firm’s management in turning its equity into income and business growth, 

i.e., its profitability (Higgins, Koski & Mitton, 2022). ROE is one of the key inputs utilized 

in many financial models, allowing managers to evaluate financial performance, optimize 

capital allocation, and adjust their business strategies and dividend policies to enhance 

shareholder value. The Dividend Discount Model (DDM), for instance, relies on ROE to 

derive future earnings and dividend projections, which are then discounted to determine the 

present value of a stock, while the Gordon Growth Model (GGM) calculates firm sustainable 

growth rate by multiplying ROE with Retention Ratio to indicate how much a firm can grow 

its dividends based on reinvested earnings (Higgins, Koski & Mitton, 2022). Estimating 

ROE is also an important task to manage financial risks and maintain a balance between 

leverage and profitability in the long term. Across financial institutions, such as banks and 

credit agencies, estimated ROE is used to assess a firm’s creditworthiness and potential risks 

before providing financing. 

The DuPont analysis, developed by the DuPont Corporation in the 1920s, represents a 

structured approach to decomposing ROE into separate financial drivers, including NPM, 

AT, and FL, which allow analysts to identify the underlying factors influencing corporate 

performance (Osteryoung & Constand, 1992). When managers, investors, and financial 

analysts gain a better understanding of these key factors affecting profitability and how 

efficiently a company generates revenue over time, they can make more informed decisions 

regarding stock valuation, corporate governance, and risk management. Due to its 

effectiveness in highlighting sources of profitability, DuPont analysis has been widely used 

to estimate a firm’s financial health and future performance (Bauman, 2014).  

Recent advancements in machine learning techniques, neural networks, and support vector 

machines (SVMs) present novel modeling tools and produce new opportunities to improve 

and propel beyond traditional models and analysis in financial analytics. This thesis deploys 

Extreme Gradient Boosting models (XGBoost), a machine learning technique, due to its 

proven effectiveness in balancing estimation accuracy, computational efficiency, and 

interpretability. XGBoost makes data interpretation more straightforward while being less 
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prone to overfitting, particularly when dealing with structured financial data, often 

outperforming traditional modeling approaches. Recent studies have shown that XGBoost is 

effective in predicting earnings changes (Chen et al., 2022), assessing bankruptcy risk 

(Barboza et al., 2017), and forecasting stock price movements (Ye & Schuller, 2021). Its 

ability to capture nonlinear patterns and interactions among features makes it particularly 

well-suited for financial forecasting and estimating tasks (Drobetz & Otto, 2021).  

Prior research into ROE estimation using different machine learning techniques, e.g., 

artificial neural networks, multiple linear regression, or decision tree regression (Tutcu et 

al., 2024), demonstrated that machine learning overall can enhance the power of estimation 

by providing effective solutions to redress nonlinearity and multicollinearity in financial data 

sets. This thesis contributes to this literature by taking a new approach based on input 

variables derived from the DuPont components that break down ROE, and the use of an 

XGBoost regressor. From the analysis, XGBoost model significantly outperforms the 

traditional panel regression model in terms of estimation accuracy for ROE by using DuPont 

elements. The results of the classical specification tests suggest potential violations of key 

linear regression assumptions which can lead to inefficient estimators and biased inference 

in traditional linear models. In contrast, XGBoost helps relax the linearity assumption 

between independent and dependent variables, and, moreover, the requirement of constant 

error variance so as to ignore heteroscedasticity problem, thus making it apt for capturing 

nonlinear relationships. 

1.1  The research problem and research questions 

In financial analysis, financial ratios are typically broken down into more specific ratios by 

dividing one financial statement variable by another. Looking at an example of 

disaggregating ROE into operating and financial components helps identify which factors 

impacting ROE and how to improve estimation accuracy. In DuPont analysis, NPM, AT, 

and FL interact in a multiplicative manner to calculate overall ROE, so that any increase or 

decrease in any single component could proportionally impact ROE through multiplication. 

Previous studies on ROE and DuPont analysis have mainly applied the rate method, 

correlation analysis, and other qualitative approaches (e.g., comparison, classification) 

(Burns, Sale & Stephan, 2008). The main approach to arrive at ROE estimations in these 
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studies follows linear regression models based on historical ROE data and an industry-

related factor (Amor-Tapia & Tascón Fernández, 2013) or based solely on historical ROE 

data (Esplin et al. 2014). This type of model is referred to as a benchmark model, as it does 

not disaggregate financial components and assumes a consistent linear relationship over 

time. It is commonly used for comparison against more detailed models. Although traditional 

methods and econometric models are widely used, past research has largely ignored the 

components of DuPont analysis in ROE estimation using a linear regression model, as 

indicated in the literature review of this thesis.  

This thesis delineates ROE as a linear combination of NPM, AT, and FL, with implication 

that each component independently contributes to the outcome under linearity assumption. 

Conceptually, however, DuPont elements are fundamentally interdependent and are 

primarily used as a framework to break down and understand the key drivers of ROE, rather 

than to model them as standalone estimators and include time series data in a multiplication 

relationship. Therefore, relying solely on linear models may risk oversimplifying the true 

relationships among these factors in certain contexts. Against this background, this thesis 

examines whether modeling ROE through independent linear contributions fully captures 

the essence and interaction structure embedded in the DuPont system. The main research 

question guiding this study is:  

“Can the elements of DuPont analysis act as independent variables, each contributing 

separately to the estimation of ROE using traditional and machine learning methods, and 

which approach performs better?” 

To answer the main research question, this thesis constructs a ROE estimation model by 

applying both panel analysis and machine learning to above variables. On one hand, panel 

analysis can isolate the true impact of DuPont elements on estimated ROE and show both 

differences between firms and how they change over time, thereby depicting the cause-and-

effect relationships as well as internal interaction between variables in question. This method 

is selected for this study since it allows for the observation of both cross-sectional and time 

series variations in ROE across multiple firms. Analyzing data across firms over multiple 

years also grants panel regression the control for unobserved heterogeneous firm-specific 

characteristics that remain constant over time but might have potential effects on ROE. On 

the other hand, the use of machine learning can help redress problems inherent in the 

characteristic feature of financial data, e.g., skewness tendency, non-normality, 
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multicollinearity, thus improve the power of estimated model. In brief, the rationale behind 

using a traditional regression method in parallel with a machine learning technique is to 

compare the estimated ROEs generated from the models. 

In addition, this research also aims to highlight the separate impact of DuPont factors on 

ROE by performing other ROE estimation models that consider other variables differing 

from DuPont elements. This way, ROE estimation models based on DuPont variables can 

be distinguished from those based on other financial indicators. It is essentially the process 

of condensing amount of historical financial ratios from accounting statements into a more 

concise and relevant set of information that supports decision-making. To sum up, the 

answer to the main research question rests upon answering the following sub-questions. 

The sub-questions for the study would be: 

• Using DuPont elements as independent variables, which method – panel analysis or 

machine learning –more accurately estimates ROE? 

• Can DuPont variables better explain ROE estimates compared to raw financial data? 

• Which factor within and between the DuPont-based models has the biggest impact 

on estimated ROE? Is there a difference in the most influential variable when 

comparing Panel Analysis and Machine Learning? 

1.2  Framework for the research 

This study examines how DuPont elements as independent variables influence the results of 

estimated ROE through the use of panel data regression and machine learning methods, in 

comparison to the use of normal raw financial data. The subsequent chapters of the thesis 

consists of a literature review, data, methodology, results and discussion, and conclusion. 

The literature review chapter provides a background on ROE and other financial factors 

impacting ROE as well as a brief account of DuPont analysis. It also recapitulates the use of 

machine learning techniques in financial modeling. The chapter on data details the dataset 

used in this thesis, including the source of data, an understanding of data, and the processes 

involved in cleaning missing values. This section will also cover the calculations of the 

independent variables and the reasoning behind their selection. The methodology chapter 

discusses in detail the use of panel data regression method and machine learning (XGBoost 
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regressor) method to analyze the dataset and how the ROE estimation model is built. The 

thesis reports and discusses the main findings from the analysis in the result and discussion 

chapter before moving on to the conclusion chapter where the contribution of this thesis is 

laid out together with limitations and suggestions for future research. 

The analysis framework of this study is illustrated in the following graph: 

 

 
Figure 1. The model of the study 
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2  Literature Review 

This chapter provides a comprehensive review of prior studies related to DuPont analysis, 

with a particular focus on the use of DuPont components in estimating ROE. It also examines 

empirical research that investigates the relationship between raw financial data and ROE, 

along with an analysis of the application of machine learning techniques in financial 

analysis. The objective is to synthesize existing literature, highlight methodological 

developments, and identify research gaps related to the integration of traditional financial 

metrics and modern data-driven approaches in performance estimation. 

2.1  Return on Equity and DuPont Analysis 

ROE is considered one of the most critical performance indicators as it measures how 

effectively a firm generates profit relative to the shareholders’ equity invested (Bauman, 

2014). It directly reflects the returns that investors receive from their equity contributions 

(Kijewska, 2016), making it a useful metric for comparison with the firm’s cost of equity. 

Additionally, ROE assesses how well a firm utilizes its invested capital, including 

contributions from investors, reserves, and retained earnings. Ideally, a firm’s ROE should 

exceed the prevailing interest rate. However, an excessively high ROE may suggest 

insufficient equity capital, implying the need for shareholders to inject additional capital to 

align the equity structure with the overall scale of the business (Mubin et al., 2014). Together 

with the ROE estimation can enhance the quality of financial decision-making by providing 

deeper insights into a firm’s profitability and operational efficiency. By understanding the 

underlying drivers of ROE, managers, investors, and analysts are better equipped to evaluate 

stock value, assess governance effectiveness, and identify potential financial risks. 

The DuPont analysis, developed by the DuPont Corporation in the 1920s, represents a 

structured approach to decomposing ROE into separate financial drivers, including NPM, 

AT, and FL, which allow analysts to identify the underlying factors influencing corporate 

performance (Osteryoung & Constand, 1992). Indeed, Lev & Thiagarajan (1993) found that 

ROE can be derived from DuPont-related financial ratios, i.e., NPM, AT, and FL. DuPont 

analysis is particularly useful for its role in firm performance assessment. As an example, 



 

 

14 

Dehning & Stratopoulos (2002) employed DuPont analysis to illustrate how firms with IT-

enabled competitive advantages demonstrate superior financial performance. Chang et al. 

(2014) conducted a DuPont analysis in the healthcare industry to prove that ROE clearly 

reflects the share of profits distributed to shareholders.  

Decomposing ROE into three elements clarifies how it changes over time. For instance, an 

increase in the profit margin means that a firm generates more profit per unit of sales, which 

directly contributes to a higher ROE. Similarly, a rise in AT implies greater sales efficiency 

from existing assets, thereby also enhancing ROE. Finally, increased FL indicates a greater 

reliance on debt financing relative to equity, which can amplify returns. However, while 

higher FL may initially enhance profitability, companies must carefully manage liquidity, as 

maintaining adequate cash flows can be more critical than achieving short-term profit gains 

(Goldmann, 2017; Hacklin, 2018). 

Extant literature suggests that analyzing financial ratios individually often fails to provide a 

comprehensive view required for analyzing company performance (Nissim & Penman, 

2001). To overcome this challenge, researchers have developed an expanded DuPont 

analysis, which connects ROE with other key operational aspects (Soliman, 2008). This 

expanded analysis breaks down ROE to identify and evaluate the factors influencing 

profitability. In their study on Romanian energy sector, Bunea et al. (2019) examined the 

influence of financial indicators such as AT, price to earnings ratio, and FL on ROE in an 

attempt to estimate firm profitability. 

Previous research has also utilized DuPont analysis to investigate ROE and the factors that 

influence it. Nissim & Penman (2001) decomposed ROE into three multiplicative 

components: NPM, AT, and FL. They emphasized the critical role of Return on Net 

Operating Assets (RNOA), which is calculated as the product of NPM and AT, in assessing 

equity valuation. In addition, they argued that AT demonstrates greater persistence compared 

to profit margin, as profit margin tends to be more easily affected by competitive forces. 

Fairfield & Yohn (2001) further examined the explanatory strength of DuPont components, 

particularly focusing on NPM and AT, regarding changes in RNOA. Their findings 

highlighted that changes in AT provided significant estimation power for future profitability 

growth, indicating its effectiveness as a forecasting measure. Penman & Zhang (2003) also 

used RNOA and DuPont components to evaluate the sustainability of profitability. They 
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concluded that AT primarily reflects the efficiency of asset utilization, whereas profit margin 

is more influenced by pricing power and competitive positioning. 

Recent research implemented by Esplin et al. (2014), disaggregating profitability into 

operating and financial components, enhances the accuracy of estimated ROE, particularly 

when using the “components” approach. This method involves separately forecasting key 

ROE drivers such as RNOA, Net Borrowing Cost, and Leverage, and then recombining 

them, rather than directly forecasting ROE using lagged values, as in the “aggregate” 

approach. The study finds that the components method consistently outperforms the 

aggregate method across various settings, due to its ability to capture the differences in 

persistence among ROE components. Moreover, forecasting ROE based solely on its lagged 

values is insufficient. Accurate forecasts require supplemental disaggregated information, 

especially when accounting for differences between operating versus financing activities, as 

well as the impact of transitory items (Esplin et al., 2014). 

2.1.1  Return on Equity (ROE) 

Return on Equity is a metric that measures a company’s profitability relative to its total 

equity (Higgins, Koski, & Mitton, 2022). This ratio demonstrates how effectively 

management can generate profits by utilizing shareholders’ funds. 

𝑅𝑂𝐸 =  
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦 

It is commonly considered to compare businesses within the same industry and to assess 

financial performance over time.  

A strong ROE shows that a company effectively converts its equity into earnings, making it 

attractive to investors, and ROE serves as an important factor in stock valuation alongside 

other financial ratios (Palepu & Healy, 2015). Therefore, from the perspective of 

management and investors, estimating ROE can provide valuable insights that help adjust 

strategies toward improving profits and managing potential risks. 

ROE can be identified by simply multiplying the three main components in terms of NPM, 

AT, and FL (Bunea et al., 2019). This approach is often referred to as the DuPont analysis, 

and the formula is expressed as follows: 
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𝑅𝑂𝐸 =  𝑁𝑒𝑡 Profit Margin ×  Asset Turnover ×  Financial Leverage 

2.1.2  Net Profit Margin (NPM) 

Net Profit Margin is a ratio between net income and total revenue. It represented in decimal 

form in this study. This metric suggests how much profit is earned for each unit of sales and 

is considered as one of the important ratios to diagnose the financial health of company. 

Managers and Investors can evaluate current strategies and estimate future profits by 

tracking the changes in NPM since it can be easily comparison among companies of different 

sizes and helps businesses assess their own performance. 

𝑁𝑃𝑀 =  
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑠 

2.1.3  Asset Turnover (AT) 

Asset Turnover ratio reveals the efficiency of how well a company utilize its assets to 

produce revenues: the higher the ratio, the more the efficient use of assets. Outdated 

inventory or slow sales can decrease the AT ratio (Higgins, 2012). Receivables accumulated 

through long payment terms can also have an effect on AT, while non-current assets can 

reduce total efficiency of assets due to being not in full capacity. This ratio varies among 

firms and is calculated yearly based on financial reports. 

𝐴𝑠𝑠𝑒𝑡 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟 =  
𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠  

2.1.4  Financial Leverage (FL) 

Financial Leverage, also known as Equity Multiplier, shows the extent to which a firm’s 

assets is financed by its total equity value. This ratio is a risk indicator reflecting a firm’s 

ability to meet its financial commitments. It can also help calculate how a firm’s operating 

expenses impact its profitability as production levels change. In the DuPont model, the 

leverage ratio is represented by the equity multiplier. Analyzing this ratio allows investors 

and analysts to determine how well a firm can maintain its debt payments. In contrast to 
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profit margin and asset turnover where higher values are typically desirable, financial 

leverage is not a metric that companies always aim to maximize, even if boosting it leads to 

a higher ROE (Higgins, Koski, & Mitton, 2022). 

𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒 =  
𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦 

2.2  Other Determinants 

Previous studies used financial ratios to forecast and identify which factors affect the ROE 

for making estimations. However, their estimation power is often limited due to assumptions 

of linearity and inability to capture complex interactions between financial variables. Nissim 

& Penman (2001) found that ROE and financial ratios significantly impact movements of 

stock price, supporting their role in valuation models. Ou & Penman (1989) created a single 

measure from multiple financial ratios to estimate future stock returns. Holthausen & 

Larcker (1992) expanded on this approach by directly using these ratios to estimate future 

returns. 

Nezamy (2006) studied the combination of operating profit, free cash flow, and financial 

outcomes such as stock returns, ROE, return on assets (ROA), and the growth in net value 

of operational assets from 1998 to 2004. His findings showed no significant relationship 

between free cash flow and indicators such as stock returns, ROE, or ROA. However, he did 

identify a negative relationship between free cash flow and the growth of operational assets. 

Other researchers have highlighted the importance of looking at both ROA and ROE together 

when evaluating firm performance. According to Higgins (2012) and Ross, Westerfield, & 

Jaffe (2016), studying these two ratios simultaneously gives a more comprehensive view of 

business performance. ROA shows how well a firm uses its assets to make profits, while 

ROE shows how much profit is earned from shareholders’ equity. 

Recent study by Alvi & Ikram (2015) demonstrates that net income has a significant and 

positive impact on ROE, confirming a strong linear relationship. This finding aligns previous 

research by Abor (2007) and Cassar & Holmes (2003). Additionally, total assets also 

influence ROE, though to a lesser extent compared to net income. From a practical 

perspective, the findings suggest that SMEs in Pakistan can improve their ROE by 

optimizing operational efficiency to increase net income. 
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Furthermore, the relationship between ROE and debt-to-equity ratio tends to be strong and 

positive in industries such as Technology, Health Care, and Telecommunications (Herciu & 

Ogrean, 2017). In contrast, sectors like Energy and Motor Vehicles & Parts show a weaker 

correlation, suggesting that capital structure plays a less critical role in profitability. From a 

debt usage perspective, companies with low debt ratios (Debt-to-Equity < 1) generally 

exhibit higher ROE. Nevertheless, some firms with high leverage (Debt-to-Equity > 3) still 

achieve high ROE, indicating diverse financial strategies. Finally, when analyzing by 

performance, firms with ROE above 20% often display higher debt-to-equity ratios, 

implying that FL contributes positively to profitability in those cases. 

2.2.1  Net Income (NI) 

Net income is a key metric to evaluate a firm’s profitability, representing the excess of 

revenue over expenses (Higgins, Koski & Mitton, 2022). It reflects a firm’s financial 

performance over a specific period, but not directly related to economic profit or cash flow. 

This means that net income differs from actual cash flow generated by the business since it 

includes non-cash expenses like depreciation, amortization, and stock-based compensation. 

Net income is the numerator in ROE formula, so a growing net income generally leads to an 

improving ROE, which is considered as a good signal of strong financial health and effective 

management. 

2.2.2  Total Equity (TE) 

Total equity, or shareholders’ equity, represents the amount that shareholders can receive if 

a firm liquidated all its assets and settled its debts. It also reflects the book value of a firm, 

showing the net worth that belongs to its shareholders. Firms use equity as an underlying 

source of capital to purchase assets, invest in projects, and fund operations on the daily basis. 

Total equity is the denominator of ROE, meaning any change in equity impacts ROE. 
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2.2.3  Debt-to-Equity Ratio (DTE) 

Debt-to-equity ratio is calculated by dividing a firm’s total liabilities to its total shareholder 

equity, showing that how much a firm relies on debt compared to its own equity to fund its 

operations. A high debt-to-equity ratio is generally linked to greater financial risk, but it can 

also boost earnings growth if debt financing leads to higher profits than borrowing costs. 

Nevertheless, if the debt servicing expenses outweigh the gains, the company’s stock price 

may decline. 

𝐷𝑒𝑏𝑡/𝐸𝑞𝑢𝑖𝑡𝑦 =  
𝑇𝑜𝑡𝑎𝑙 𝐷𝑒𝑏𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦
 

When using the accounting equation, the relationship between debt-to-ratio and equity 

multiplier is clearly delineated. 

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠 =  𝑇𝑜𝑡𝑎𝑙 𝐷𝑒𝑏𝑡 + Total Equity 
 

Dividing both sides with total shareholder’s equity, the equation can be rewritten as 

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
𝑇𝑜𝑡𝑎𝑙 𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦 =  

𝑇𝑜𝑡𝑎𝑙 𝐷𝑒𝑏𝑡𝑠
𝑇𝑜𝑡𝑎𝑙 𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦 + 1 

 
=>  𝐸𝑞𝑢𝑖𝑡𝑦 𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑒𝑟 =  𝐷𝑒𝑏𝑡 𝑡𝑜 𝑒𝑞𝑢𝑖𝑡𝑦 + 1 

2.2.4  Total Asset (TA) 

An asset is defined as any valuable resource owned or controlled by a firm, with the 

expectation that it will provide future economic benefits. Total assets include resources that 

can help firms to generate cash flow, lower costs, or boost sales, whether tangible or 

intangible.  

The relationship between total assets and ROE is through both operational efficiency (asset 

turnover) and financial leverage (equity multiplier). When total assets increase, ROE may 

either increase or decrease based on how efficiently a firm uses those assets. If total assets 

grow without a relatively increase in revenue, leading to a lower ROE because of decreases 

in Asset Turnover. However, if the increase in assets results from debt financing rather than 
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equity, the Equity Multiplier rises, which can boost ROE provided the firm generates enough 

profit to cover the cost of debt. 

2.2.5  Operating Cash Flow (CFO) 

Operating cash flow represents the cash generated from a firm’s core business operations 

within a specific period. It includes cash inflows and outflows directly related to producing 

and selling goods or services but excludes investing and financing activities (Palepu & 

Healy, 2015). When analyzing financial performance, operating cash flow should be 

considered alongside net income, free cash flow, and other financial metrics to gain a 

comprehensive understanding of a company’s financial health.  

Furthermore, operating cash flow and ROE are closely linked in evaluating a firm’s 

profitability. A strong operating cash flow indicates that a firm efficiently converts revenue 

into cash, leading to higher net income and potentially improving ROE. In DuPont analysis, 

ROE is influenced by NPM and AT, both of which are affected by operating cash flow. 

Therefore, a firm with healthy operating cash flow is more likely to maintain a stable and 

sustainable ROE over time. 

2.2.6  Return on Asset (ROA) 

Return on asset (ROA) measures a firm’s profitability relative to its total assets. This metric 

reveals how much profit a firm earns from its assets and how effectively it uses them. It 

helps management, analysts, and investors assess whether the firm is making good use of its 

assets to generate profits (Palepu & Healy, 2015). A higher ROA means that a firm is more 

efficient in using its assets to drive profitability. However, when evaluating a firm’s ROA, 

it needs to compare the other competitors within the same industry and sector to have a 

meaningful assessment.  

𝑅𝑂𝐴 =  
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒
𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠 

Considering both ROA and ROE together gives a better overall view of a firm’s performance 

(Westerfield & Jaffe, 2016). These two ratios help understand how a firm uses debt and 
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manages financial risk. Because of this, they are considered important financial measures in 

research and should be analyzed together to fully evaluate a business’s financial health. 

𝑅𝑂𝐸 =  𝑅𝑂𝐴 × (1 +  𝐷𝑒𝑏𝑡 𝑡𝑜 𝐸𝑞𝑢𝑖𝑡𝑦 𝑅𝑎𝑡𝑖𝑜) 

2.3  Machine Learning Model 

Research by Kristianti et al. (2024) has emphasized the effectiveness of ensemble learning 

models, particularly XGBoost and Random Forest in accurately forecasting corporate 

financial distress. These models outperformed others such as the long short-term memory 

and the support vector machine, achieving the highest classification accuracy. A key 

advantage of machine learning highlighted in this study is its ability to handle class 

imbalance, a common challenge in estimating financial distress. 

The study conducted by Raudys & Goldstein (2022) compares the effectiveness of two time 

series data transformation techniques (logarithmic transformation and fractional 

differencing) in forecasting price volatility and financial risk using long short-term memory 

and XGBoost models. Among the two machine learning methods, XGBoost generally 

outperformed long short-term memory, particularly when fractional differencing was 

applied. 

A machine learning technique, the XGBoost algorithm can estimate the risk of financial 

failure in banks across the Eurozone during the period 2006 – 2016 (Climent et al., 2019). 

The results showed that XGBoost performed exceptionally well, reaching an overall 

accuracy of 81.69% when using data from two years before a crisis. The most significant 

variables for estimation included total assets, the ratio of unusual income to net income, the 

equity-to-loan ratio, and the liquid assets to total short-term funding ratio. XGBoost also 

displayed several advantages over traditional models. It can handle missing data, is not 

affected by multicollinearity, performs well with non-linear and non-normal data, and avoids 

overfitting by using regularization techniques (Chen & Guestrin, 2016). In addition, 

XGBoost can be used to build early warning systems, helping banks and regulators take 

action before a crisis happens. Other key strengths of XGBoost include its ability to handle 

imbalanced data, improve through cross-validation, and measure the importance of each 

input variable. 
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More recently, a study by Ben Jabeur, Stef & Carmona (2023) proposes a novel approach 

combining XGBoost with feature selection techniques, to estimate corporate bankruptcy. 

The results demonstrate that this method significantly outperforms traditional models such 

as discriminant analysis and logistic regression, both in terms of estimation accuracy and 

model interpretability. It is established through the study that XGBoost is able to handle 

complex financial data, including non-linear relationships, imbalanced datasets, and 

multicollinearity. 

Further comparison study among machine learning models, including Linear Regression, 

Random Forest, XGBoost, and Neural Networks to estimate the return on assets of 

construction companies in Vietnam showed that Random Forest gave the best overall 

performance; however it was more prone to overfit data (Pham & Le, 2024). The most 

important factors for estimating ROA identified were ROE, financial leverage, earnings 

before interest and tax (EBIT), and current ratio. The study revealed that machine learning 

can help firms in quickly and accurately estimating profitability, even before full financial 

reports are available, which enables managers to make better and faster business decisions. 

Using XGBoost together with Shapley Additive exPlanations (SHAP) offers advantages for 

estimating and analyzing financial data. XGBoost often produces more accurate results than 

traditional statistical models, especially when dealing with complex or non-linear data. 

SHAP, on the other hand, provides clear and visual explanations of how the model works by 

illustrating the impact of each input variable on the final estimation. In a study by Yang et 

al. (2021), XGBoost and SHAP were used to analyze the causes of truck accidents in Los 

Angeles. The results showed that SHAP was instrumental in identifying the most important 

factors influencing the model’s estimations, thereby enhancing the interpretability of the 

model's decisions. This shows that XGBoost and SHAP can be valuable in many complex 

fields, such as finance and transportation. 

2.3.1  Ensemble Learning 

Ensemble Learning is one of the machine learning approaches that focuses on combining 

several classification models to produce more accurate and stable estimations. It has done a 

strong performance across various domains, including data science and industrial 
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applications. In finance, even slight improvements in estimation accuracy, such as a 1% 

increase, can significantly minimize investment risks. (Chan, 2020) 

There is no single model that can solve every problem, so instead of relying on one solution, 

it is crucial to first analyze the data and select an appropriate learning algorithm. Through 

trial and error, an effective model can be introduced and applied to the specific problem. 

According to Dietterich (2002), Ensemble Learning operates by running the same base 

model several times and then combining the results through a voting process. Ensemble 

models can be built through two main methods in terms of bagging and boosting. 

2.3.2  Bagging and Boosting 

The Bagging approach randomly creates multiple training datasets, each the same size as the 

original and created through sampling with replacement. Each model is trained 

independently, ensuring that both accurate and different from the others. Breiman's (1996) 

study, as cited in Quinlan (2006), tested bagging technique on seven medium-sized datasets 

and found that using 50 different models reduced the error rate. In fact, the average error of 

the combined model was between 57% and 94% of the error from using just one model 

alone. 

As for Boosting approach, it is an ensemble learning technique that improves model 

performance by training a series of models sequentially. In each step, a new model is trained 

on a modified version of the data, specifically focusing on the errors made by the previous 

model. This process allows each subsequent model to compensate for the weaknesses of its 

predecessor, gradually improving overall accuracy. Models that perform better have a 

greater influence, ensuring that the final estimation closely fits the actual data (Dietterich, 

2002). There are several types of Boosting Algorithm, including AdaBoost (Freund & 

Schapire, 1996), Gradient Boosting Machine (Friedman, 2001), Extreme Gradient Boosting 

(Chen & Guestrin, 2016), among others. It is concluded that boosting gave better results 

when comparing the two methods (Machová et al., 2006). Bagging is simpler, and in tests, 

it outperformed a perfect decision tree only when the class being estimated appeared rarely. 

Boosting, nevertheless, consistently gave much better outcomes. 
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2.3.3  Extreme Gradient Boosting 

Extreme Gradient Boosting (XGBoost) is a high performance and scalable machine learning 

library designed for gradient-boosted decision trees, created by Tianqi Chen (Chen & 

Guestrin, 2016). XGBoost is an improved version of Gradient Boosting Machines that uses 

regularization to help reduce overfitting effectively (Liang et al., 2022). It works by adjusting 

the model in the direction that reduces the estimation error step by step, making the algorithm 

more stable. The algorithm includes both a loss function to reduce errors and regularization 

to control complexity and avoid overfitting (Liang et al., 2020).  

XGBoost is applied in many fields. Xia et al. (2017) introduced a credit scoring model using 

XGBoost that improves traditional models by adding regularization to prevent overfitting, 

and concluded that the XGBoost model outperformed traditional models in terms of 

estimation quality. Another example is the research implemented by Climent et al. (2019), 

in which the scholars tested how well XGBoost can estimate bank failure and focused on 

how accurate the estimations are, rather than explaining why things happen with the 

intention to build a model that is reliable, avoids overfitting, and can be applied to new 

situations. 
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3  Data 

This chapter outlines the data source used in this research and how it is processed. To collect 

historical financial data for firms in the S&P 500 index, a structured data extraction process 

was implemented using the Refinitiv Eikon API (LSEG Workspace). The S&P 500 is 

commonly considered the most reliable benchmark for large-cap U.S. stocks. It consists of 

500 top-performing companies and represents around 80% of the total market value of 

publicly traded U.S. equities (S&P Dow Jones Indices, 2024). A list of target firms, 

identified by their Reuters Instrument Codes (RICs), was imported from an Excel file. A set 

of financial indicators was defined for extraction, including key variables relevant to DuPont 

analysis and firm-level performance: Total Assets, ROE, ROA, Debt-to-Equity Ratio, 

Operating Cash Flow, Total Equity etc. The data request was structured to retrieve values 

for fiscal years from 2014 to 2024 using annual frequency and preserving native currency 

values. 

A loop was executed to query each RIC individually. The retrieved data were appended to a 

list, which was then concatenated into a unified DataFrame. To maintain consistency, the 

financial reporting dates were standardized by converting the period end date to a datetime 

format.  

To ensure data quality and consistency, financial data were pre-processed using Python. The 

data cleaning process involved several key steps. Firstly, any observations containing 

missing values were removed to avoid distortion in subsequent analyses. Secondly, financial 

ratios expressed as percentages, including Debt-to-Equity, ROE, ROA, and NPM, were 

converted to decimal form by dividing their values by 100. This standardization facilitates 

numerical computation and model training. Additionally, to ensure robust time-series 

consistency for each company, only firms (identified by their RIC code) with a minimum of 

11 annual observations were retained. This selection step guarantees that the retained firms 

have sufficient historical data for longitudinal analysis.  

The goals of the above-mentioned pre-processing step is to enhance data integrity and to 

ensure that the inputs used in subsequent statistical or machine learning models are both 

reliable and analytically consistent. 
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3.1  Group Variables 

The sole dependent variable is Return of Equity (ROE); independent variables are grouped 

into two sets. The first set consists of DuPont elements, i.e., NPM, AT, and FL. The second 

set comprises raw financial data in terms of Net Income, Total Equity, Debt-to-Equity ratio, 

Total Asset, Operating Cash Flow and Return of Asset.  

Group 1: DuPont Analysis Data 

 

Table 1. Group 1 Variable - DuPont Elements 

Variable Formula 
Net Profit Margin Net Income / Revenue 
Asset Turnover Revenue / Total Assets 
Financial Leverage Total Assets / Total equity 

 

Group 2: Raw Financial Data  

 

Table 2. Group 2 Variable - Raw Financial Data 

Variable Formula 
Net Income Net income after taxes 
Total Equity Shareholders’ equity 
Debt-to-Equity ratio Total Debt / Shareholders’ Equity 
Total Asset Total Asset 
Operating Cash Flow Cash generated from operations 
ROA Net Income / Total Assets 

 

3.2  Data Description 

3.2.1  Before Cleaning Missing Value 

The dataset covers a diverse and substantial sample of firms, ranging from 5,083 to 5,472 

observations per variable. It captures a wide range of financial performance, size, and 

structure. Table 3 below presents descriptive statistics for key financial indicators collected 
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from this large sample. The variables include maximum (MAX), minimum (MIN), average 

(AVG), median, standard deviation (STD), and sample size. 

Total Assets of firms within the dataset exhibit considerable variability, ranging from 33.10 

million to over 4 billion, with an average of 76.5 million and a median of 20.7 million. This 

signals a right-skewed distribution and highlights a wide disparity in firm sizes. Profitability 

metrics, including ROE and ROA, show high variability, with ROE ranging from -248.50% 

to 225.74% and an average of only 0.38%. This disparity reflects a broad range of 

performance among firms, from those in distress to those that are highly profitable. The 

average NPM is 0.12, with a tight distribution around a median of 0.11, suggesting relatively 

stable margins for most firms. 

Efficiency ratios, such as AT, present a moderate average of 0.71, while FL and Debt-to-

Equity ratios demonstrate a significant variation, with some firms showing high levels of 

leverage. Also, Operating Cash Flow data further reinforces this variability with some firms 

reporting extreme negative and positive cash flow values, leading to a high standard 

deviation relative to the mean. 

Overall, the firms in the sample reveal substantial diversity in terms of size, capital structure, 

and operational performance. A few firms are characterized by substantial asset bases, 

elevated FL, and strong profitability; while the majority fall within average or smaller 

ranges. Financial risk appears to be higher among firms with elevated debt-to-equity ratios 

and significant leverage. Finally, asset efficiency and profitability tend to remain at moderate 

levels across the sample, though there is considerable variation between firms. 

 

Table 3. Data Description Before Cleaning Missing Value 

 
MAX MIN AVG MEDIAN STD SAMPLE 

SIZE 
Total Assets 4,002,814.00  33.10  76,513.76  20,718.17  249,397.82  5,452  

Debt-to-Equity 422.10  0.00  1.97  0.77  12.11  5,083  
ROE 225.74  (248.50) 0.38  0.15  5.58  5,197  

Operating  
Cash Flow 522,855.00 (157,371.00) 4,810.33 1,689.37 15,551.74 5,459 

ROA 1.47  (0.88) 0.07  0.06  0.09  5,420  
Asset Turnover 5.91  0.02  0.71  0.54  0.65  5,416  

Financial Leverage 1,601.25  1.05  6.10  2.74  39.74  5,194  
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Net Income  103,982.00  (23,276.00) 2,644.34  970.31  7,163.83  5,465  
Total Equity 649,368.00  (22,884.00) 16,383.42  6,407.00  36,330.08  5,445  

Net Profit Margin 4.39  (8.54) 0.12  0.11  0.26  5,472  
 

3.2.2  After Cleaning Missing Value 

After addressing missing values, the dataset experienced a reduction in sample size of 

approximately 25% compared to the original data comprising 4,070 observations per 

variable. This reduction primarily resulted from the filtering condition that retained only 

firms with at least 11 annual observations. Missing or incomplete entries were removed to 

enhance the reliability and longitudinal consistency of the data. Moreover, the removal of 

outliers with excessively high leverage or capital ratios contributed to a significant decrease 

in extreme values. For example, the FL metric decreased from 1,601.25 to 103.01. This 

adjustment results in the exclusion of firms with highly abnormal or unstable financial 

structures, which could otherwise skew results. Consequently, the median values moved 

closer to the mean, which improves their ability to represent the central tendency of the 

dataset. The quality of the data is also enhanced, as illustrated by the Total Equity variable; 

its minimum value shifts from a large negative figure (–22,884) to a positive one (34.05). 

Overall, the cleaning process created a more refined and statistically consistent dataset. It 

enhanced accuracy by standardizing ratio formats and using decimals instead of percentages; 

reduced the impact of extreme outliers; and strengthened the robustness of the dataset. 

 

Table 4. Data Description After Cleaning Missing Value 

 

MAX MIN AVG MEDIAN STD SAMPLE 
SIZE 

Total Assets 4,002,814.00 184.60  91,401.10 24,036.90  281,825.00  4,070  
Debt-to-Equity 1.98 0.00  0.0116  0.0076  0.036  4,070  

ROE 0.064  (0.018) 0.0019  0.0014  0.0031  4,070  
Operating  
Cash Flow 522,855.00 (157,371.00) 5,489.36 1,911.5 17,631.30 4,070 

ROA 0.0082 (0.0035) 0.0006  0.0005  0.0007  4,070  
Asset Turnover 4.48 0.02  0.64  0.50  0.58  4,070  

Financial Leverage 103.01  1.05  3.80 2.71  3.74  4,070  
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Net Income  103,982.00  (23,276.00) 2,947.13 1,065.67  7,945.01  4,070  
Total Equity 649,368.00  34.05 19,661.90 8,238.00  40,374.4  4,070  

Net Profit Margin 0.0185  (0.0695) 0.0012  0.0011  0.0022  4,070  

 

To understand how the variables are related, a correlation matrix and the Variance Inflation 

Factor (VIF) are used before running models in detail. By checking the strength of the 

relationships between pairs of variables, it is possible to determine how a change in one 

variable might affect the others. 

Considering the correlation matrix values of three DuPont elements, all pairwise correlations 

are relatively low, with the highest absolute value of -0.1259 between AT and FL. Weak 

negative correlations, such as -0.1119 between NPM and AT, show only slight inverse 

relationships among the variables. Likewise, there is a minimal positive correlation of 0.0309 

between NPM and FL. The VIF values for all three variables are significant below the 

commonly used threshold of 10 (Gujarati, 2004, p. 362), with the highest being 1.4336 for 

FL. These results confirm that the independent variables are sufficiently distinct and can be 

included in the same regression model without concern for multicollinearity distorting the 

analysis. 

 

Table 5. Correlation Matrix and VIF Values - DuPont Elements 

 
Net Profit 

Margin 
Asset 

Turnover 
Financial 
Leverage VIF 

Net Profit Margin 1.0000  (0.1119) 0.0309 1.1416 

Asset Turnover  (0.1119) 1.0000  (0.1259) 1.3498 

Financial Leverage 0.0309  (0.1259) 1.0000 1.4336 

 

As for raw financial data, the correlation matrix and VIF values from this set reveal a 

moderate degree of multicollinearity among several firm-specific financial variables. 

Notably, Total Assets and Total Equity exhibit a high positive correlation (0.7443), while 

Total Assets is also strongly correlated with Operating Cash Flow (0.7174) compared to the 

benchmark of 0.8 (Gujarati, 2004, p. 359). These relationships are further reflected in the 

VIF values, with Total Equity reaching 4.4058 and Total Assets at 3.5629, suggesting these 

variables may share overlapping explanatory power in a regression model. Although VIF 
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values remain below the conventional threshold of 10, they approach the half limit, 

indicating potential multicollinearity issues that warrant caution. In contrast, variables such 

as Debt to Equity and ROA show low correlations with other variables and maintain low 

VIFs (1.1638 and 1.3614, respectively), implying minimal redundancy. When compared to 

DuPont elements, the current matrix introduces more multicollinearity concerns. Previous 

VIF values were all well below 1.5, while correlations between variables were weak, making 

that set more statistically stable and independent. 

 

Table 6. Correlation Matrix and VIF Values - Raw Financial Data 

 
Total 
Assets 

Debt-to- 
Equity 

Operating 
Cash Flow ROA Net 

Income 
Total 

Equity VIF 

Total Assets 1.0000 0.0539 0.7174  (0.1379) 0.4918 0.7443 3.5629 
Debt-to-Equity 0.0539 1.0000 0.0222  (0.0836)  (0.0122)  (0.0486) 1.1638 
Operating Cash 
Flow 0.7174 0.0222 1.0000 0.0028 0.5793 0.6233 2.6099 

ROA (0.1379)  (0.0836) 0.0028 1.0000 0.2433  (0.0647) 1.3614 
Net Income 0.4918  (0.0122) 0.5793 0.2433 1.0000 0.7339 3.2116 

Total Equity 0.7443  (0.0486) 0.6233  (0.0647) 0.7339 1.0000 4.4058 

 

Figure 2 presents scatter plots that act as a visual overview into the linearity and strength of 

each variable’s relationship with ROE, aiding in the evaluation of their suitability for 

regression analysis. Among the variables, ROA stands out with a strong, positive, and linear 

relationship with ROE, suggesting it a strong estimator in a regression model.  In contrast, 

variables such as AT, Net Income, and Operating Cash Flow show scattered distributions 

with no clear trend, which points to weaker or potentially non-linear relationships. FL 

exhibits an upward pattern with ROE, yet the wide dispersion of data points and presence of 

outliers raise concerns about its consistency. For Total Assets and Total Equity, most 

observations cluster at lower values, though a few firms reported extremely high figures. 

This imbalance makes it difficult to discern a stable pattern across the dataset. Taken 

together, these patterns indicate that some variables may require transformation, or that non-

linear modeling techniques might be more appropriate to capture the underlying dynamics 

influencing ROE. 
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Figure 2. Scatter Plot of Independent Variables and Dependent Variable  
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4  Methodology 

The methodology developed in this study aims to evaluate the performance of models based 

on DuPont elements or Raw Financial data against a baseline model that relies solely on 

lagged ROE (Esplin et al., 2014). The first approach involves the application of panel 

regression techniques, where the selection between Fixed Effects Model (FEM) and Random 

Effects Model (REM) is guided by Hausman tests. The second approach utilizes XGBoost, 

a machine learning method recognized for its ability to capture nonlinear interactions and 

enhance estimation accuracy. Both methods leverage the same input variables, drawn from 

both time series and cross-sectional data. Such dual method framework aids the assessment 

of whether DuPont decomposition holds superior estimation power over raw financial 

variables, as well as whether statistical techniques or machine learning methods are more 

effective in estimating ROE. 

The original data was cleaned of missing values, then each Reuters Instrument Code (RIC) 

was checked to ensure complete data of all 11 years. Any RIC not fulfilling this condition 

was removed from the dataset. The final sample was then divided into training and testing 

parts before further exploration. 

4.1  Panel Regression  

The components of the DuPont analysis are inherently interrelated and were originally 

developed to decompose ROE into its fundamental drivers, rather than to function as 

independent variables in explanatory models. Nevertheless, Fairfield & Yohn (2001) 

introduced a novel approach by constructing three regression models to evaluate the 

predictive capacity of ROA components—specifically, AT and NPM—and their influence 

on future profitability. Their findings suggest that this disaggregated approach can be more 

beneficial than those provided by traditional financial indicators. Moreover, the out-of-

sample estimation results stress the value of decomposing these components to enhance the 

estimation of profitability forecasts.  

In this thesis, panel regression analysis is employed to investigate the effects of DuPont 

components and raw financial metrics on ROE. These variables encapsulate key dimensions 
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of a firm’s profitability, operational efficiency, and financial structure. Incorporating them 

as independent variables, the analysis aims to isolate the individual contribution of each 

factor to ROE, while accounting for firm-specific heterogeneity and temporal dynamics. 

Panel data methodology is particularly well-suited for this purpose, as it captures both cross-

sectional differences across firms and longitudinal changes over time. 

To estimate the model parameters in panel data analysis, two commonly employed 

techniques are considered: the Fixed Effects Model (FEM) and the Random Effects Model 

(REM). Each model has its own advantages depending on the nature of the data and the 

assumptions regarding individual-specific effects. 

4.1.1  The Fixed Effects model (FEM) 

FEM is used in panel analysis to handle the relationship between input variables (estimators) 

and outcome variables (results) within the same individual or group. Each individual or 

group has its own unique traits, which might or might not affect the input variables. The 

intercepts (μi) are allowed to vary across different firms to capture unobserved, time-

invariant characteristics unique to each firm, such as management style or industry culture, 

which may impact ROE. The independent variables, including DuPont elements and other 

Raw Financial Data, are assumed to have constant slopes over time and across firms, 

indicating that their impact on ROE remains consistent across RIC. Similarly, error variances 

are assumed to be constant. 

The model equation (Brooks, 2014) can be written as: 

𝑅𝑂𝐸𝑖𝑡 =  𝛼 + 𝛽1𝑅𝑂𝐸𝑖𝑡−1 + 𝜇𝑖  +  𝜐𝑖𝑡                                               (1) 

𝑅𝑂𝐸𝑖𝑡 =  𝛼 + 𝛽1𝑁𝑃𝑀𝑖𝑡 + 𝛽2𝐴𝑇𝑖𝑡 + 𝛽3𝐹𝐿𝑖𝑡 + 𝜇𝑖  + 𝜐𝑖𝑡 (2) 

𝑅𝑂𝐸𝑖𝑡 =  𝛼 + 𝛽1𝑁𝐼𝑖𝑡 + 𝛽2𝑇𝐸𝑖𝑡 + 𝛽3𝐷𝑇𝐸𝑖𝑡 + 𝛽4𝑇𝐴𝑖𝑡                       (3) 

+ 𝛽5𝐶𝐹𝑂𝑖𝑡 + 𝛽6𝑅𝑂𝐴𝑖𝑡 + 𝜇𝑖  + 𝜐𝑖𝑡 

ROEit: dependent variables 

α: intercept term 

𝛽i: parameter 
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xit: explanatory variables (independent variables) 

μi: an firm specific effect 

υit: the remainder disturbance 

i: the individual unit (company – RIC) 

t: the time period (year) 

 

Although FEM captures unobserved, time-invariant characteristics specific to each firm, it 

is unable to estimate the effects of independent variables that do not change over time. This 

is because time-constant characteristics are absorbed into the firm-specific intercepts. Still, 

one advantage of the FEM is its effectiveness in removing unobserved differences between 

entities, which helps to mitigate endogeneity issues in the analysis. 

4.1.2  The Random Effects Model (REM) 

REM is an alternative to the fixed effects model; it is also referred to as the error components 

model. Compared to FEM, REM allows each firm to have its own intercept, which remains 

constant over time. It assumes that the relationship between the input (explanatory) and 

output (dependent) variables is uniform across all firms and time periods. 

A primary distinction between the two models is how the intercepts are treated (Brooks, 

2014). In REM, the intercept for each entity consists of two parts: a common intercept that 

is the same for all firms, and a random part that varies from one firm to another but remains 

consistent over time. The model’s equation can be expressed as follows: 

𝑅𝑂𝐸𝑖𝑡 =  𝛼 + 𝛽1𝑅𝑂𝐸𝑖𝑡−1 + 𝜖𝑖  +  𝜐𝑖𝑡                                                (4) 

𝑅𝑂𝐸𝑖𝑡 =  𝛼 + 𝛽1𝑁𝑃𝑀𝑖𝑡 + 𝛽2𝐴𝑇𝑖𝑡 + 𝛽3𝐹𝐿𝑖𝑡 + 𝜖𝑖  + 𝜐𝑖𝑡 (5) 

𝑅𝑂𝐸𝑖𝑡 =  𝛼 + 𝛽1𝑁𝐼𝑖𝑡 + 𝛽2𝑇𝐸𝑖𝑡 + 𝛽3𝐷𝑇𝐸𝑖𝑡 + 𝛽4𝑇𝐴𝑖𝑡                       (6) 

+ 𝛽5𝐶𝐹𝑂𝑖𝑡 + 𝛽6𝑅𝑂𝐴𝑖𝑡 + 𝜖𝑖  + 𝜐𝑖𝑡 

ϵi: random variable measures the random deviation of each firm’s intercept term from the α 
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The downside is that REM only performs well if the error terms are not correlated with the 

explanatory variables. This is a strong assumption that does not often hold. If these errors 

are related to the explanatory variables, then the random effects results will be biased, thus 

the fixed effects model is safer to use. 

4.1.1  Hypothesis Testing 

To determine which effect is significant and relevant in panel data analysis, the Hausman 

specification is implemented to compare between REM and FEM. The Hausman test checks 

whether the REM estimates are significantly different from the unbiased FEM estimates 

(Kennedy, 2008, as cited in Park, 2011). In the event of rejection of null hypothesis, which 

assumes no correlation between the individual effects and the regressors, there is likely a 

correlation between the individual effects (ϵi) and at least one of the explanatory variables. 

In such case, FEM is instead more appropriate than REM. 

The hypotheses: { 𝐻0:Random-effects is preferred
𝐻1:Fixed-effects is preferred  

If the p-value is greater than 0.05, there is insufficient evidence to reject null hypothesis, 

indicating that REM is more appropriate. Conversely, a p-value of less than 0.05 leads to the 

rejection of the null hypothesis, in which case FEM should be more favored. 

Once the appropriate model—REM or FEM—has been selected, a series of specification 

tests are conducted to ensure that the assumptions of classical linear regression have not been 

violated. The following tests are operated by Python: 

• Normality of residuals was assessed visually using histogram and kernel density 

estimation (KDE) plots of the residuals - (sns.histplot(model.resids, kde=True))  

• Linearity between the explanatory variables and ROE was checked through residual 

plots, with locally weighted scatterplot smoothing (LOWESS) to detect non-linear 

patterns - sns.residplot 

• Using Goldfeld-Quandt test to check Heteroscedasticity, which evaluates whether 

the variance of the error term remains constant across observations. The hypotheses 

will be tested { 𝐻0: homoscedasticity
𝐻1: heteroscedasticity  if the p-value is greater than 0.05, it fails to 
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reject the null hypothesis; the evidence is insufficient to conclude that 

heteroscedasticity is present in the chosen model. 

• The autocorrelation of residuals is examined using the Durbin-Watson (DW) 

statistic, which helps identify the presence of first-order autocorrelation (Brooks, 

2014). The DW statistic ranges from 0 to 4, with a value of 2 suggesting no 

autocorrelation in the residuals. In the case of DW being near 2, it suggests that there 

is minimal evidence of autocorrelation in the residuals. 

Finally, the selected model is used to estimate ROE for the years 2022–2024. Model 

accuracy is evaluated using standard forecast performance metrics, including R-squared 

(R2), Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). A scatter plot 

comparing estimated versus actual ROE values is created to visually assess explanatory 

strength. 

4.2  Machine Learning Model 

4.2.1  Extreme Gradient Boosting (XGBoost) Regression Framework 

Supervised learning is a machine learning paradigm that involves training an algorithm to 

identify and recognize patterns in labelled data (Mitchell, 1997). Once the model has been 

effectively trained on the labelled data, it can then be applied to make predictions or 

estimations on new, unseen data. As a result, XGBoost has become popular in recent years, 

particularly in financial estimation and various other fields (Kristanti et al., 2024). 

According to Kavzoglu & Teke (2022), the principal of XGBoost can be interpreted as 

below: considering the dataset DS = {(xi, yi)} where xi ∈ Rm is the feature vector representing 

DuPont elements and raw financial data in chapter 3.1, and yi ∈ R is the target variable ROE. 

The estimated ROE 𝑦𝑖̂ is generated by an ensemble of additive regression trees, with the 

formula:  

𝑅𝑂𝐸𝑖 ̂ =  𝜙(𝑁𝑃𝑀𝑖, 𝐴𝑇𝑖, 𝐹𝐿𝑖) =  ∑ 𝑓𝑎(𝑁𝑃𝑀𝑖, 𝐴𝑇𝑖, 𝐹𝐿𝑖),
𝐴

𝑎=1

 𝑓𝑎  ∈  𝐹  

𝑅𝑂𝐸𝑖 ̂ =  𝜙(𝑁𝐼𝑖, 𝑇𝐸𝑖, 𝐷𝑇𝐸𝑖, 𝑇𝐴𝑖, 𝐶𝐹𝑂𝑖, 𝑅𝑂𝐴𝑖) 
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                                      =  ∑ 𝑓𝑎(𝑁𝐼𝑖, 𝑇𝐸𝑖, 𝐷𝑇𝐸𝑖, 𝑇𝐴𝑖, 𝐶𝐹𝑂𝑖, 𝑅𝑂𝐴𝑖),
𝐴

𝑎=1

 𝑓𝑎  ∈  𝐹  

 

Where each 𝑓𝑎 is a regression tree, and F is the functional space of all possible trees. Each 

function 𝑓𝑎 maps the input features xi to an estimation via the structure q of the tree and 

associated leaf weights 𝑤; T shows the number of leaves in the individual tree: 

𝐹 = { 𝑓(𝑥) =  𝑤𝑞(𝑥)}    (𝑞 ∶  𝑅𝑚  → 𝑇, 𝑤 ∈  𝑅𝑇) 

With x = (NPM, AT, FL) ∈ R3 or x = (NI, TE, DTE, TA, CFO, ROA) ∈ R6 

To optimize the ensemble model, XGBoost minimizes the following regularized objective 

function at iteration: 

𝐿(𝑡) =  ∑ 𝑙 (𝑅𝑂𝐸𝑖, 𝑅𝑂𝐸̂𝑖
(𝑡−1) + 𝑓𝑡(𝑁𝑃𝑀𝑖, 𝐴𝑇𝑖, 𝐹𝐿𝑖)) +  Ω(𝑓𝑡)

𝑛

𝑖=1

 

𝐿(𝑡) =  ∑ 𝑙 (𝑅𝑂𝐸𝑖, 𝑅𝑂𝐸̂𝑖
(𝑡−1) +  𝑓𝑡(𝑁𝐼𝑖, 𝑇𝐸𝑖, 𝐷𝑇𝐸𝑖, 𝑇𝐴𝑖, 𝐶𝐹𝑂𝑖, 𝑅𝑂𝐴𝑖)) +  Ω(𝑓𝑡)

𝑛

𝑖=1

 

 

𝑙 is the loss function measuring the difference between the estimated and actual ROE values, 

typically the squared error for regression tasks. The regularization term Ω(𝑓𝑡) penalizes 

model complexity to avoid overfitting and is given by: 

𝑓𝑘 =  𝛾𝑇 + 
1
2  𝜆 ‖𝑤2‖ 

With 𝛾 and 𝜆 are regularization parameters. 
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Figure 3. Model Training and Estimation Workflow (Kavzoglu & Teke, 2022) 

 
 
The methodology in using Machine Learning - XGBoost to estimate ROE of this study 

followed three main processing steps:  

(1) Developing a regression model to estimate ROE using the XGBoost algorithm. The 

model is trained on financial indicators as input features, utilizing the XGBoost Regressor 

implementation to capture complex nonlinear relationships. 

(2) Using R-square, MAE and RMSE along with statistical significance testing for 

performance comparison to evaluate the explanatory strength of regression models. 

(3) Interpreting the generated ROE using the SHAP approach. 

4.2.2  Hyperparameter 

GridSearchCV is a technique used for hyperparameter tuning, which helps identify the 

optimal combination of parameter values for a given machine learning model. It evaluates 

all possible combinations of the parameters to determine how well each combination 

performs using cross-validation (Great Learning, 2024). For each set of hyperparameters, 

the model is trained multiple times on different splits of the training data to ensure a robust 

and unbiased evaluation. Once the best performing set of parameters is identified based on 

a chosen scoring metric, the final model is refitted using these optimal values.  
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According to the XGBoost Documentation (2024), GridSearchCV method can be 

implemented to determine max_depth, learning_rate, n_estimators, subsample, and 

colsample_bytree to enhance estimation performance. 

 

Table 7. Hyperparameter Description 

Parameter Meaning Interpretation 
colsample_bytree The subsample ratio of columns 

when constructing each tree.  
Subsampling occurs once for every tree 
constructed. No feature is dropped during 
training. 

learning_rate The step size the model takes to 
learn. 

Faster learning but still controlled. 

max_depth Maximum depth of a tree Helps prevent overfitting and complex. 0 
indicates no limit on depth 

n_estimators Number of trees More trees improve accuracy. 
Subsample Subsample ratio of the training 

instances 
Adds randomness to reduce overfitting 

 

This systematic approach helps avoid underfitting or overfitting and ensures that the model 

generalizes well to unseen data. 

4.2.3  Model Evaluation 

Three metrics, including R-squared, RMSE and MAE quantify the accuracy and explanatory 

power of the model’s estimations compared to the actual observed values.  

• MAE measures the average absolute error in a set of estimations, so the smaller the 

MAE is, the better the estimation. It is calculated as: 

𝑀𝐴𝐸 =  
1
𝑁 ∑ | 𝑅𝑂𝐸𝑖 − 𝑅𝑂𝐸̂𝑖|

𝑁

𝑖=1

 

• RMSE also measures the average estimation error but gives more weight to larger 

errors because the differences are squared. The smaller the RMSE is, the higher level 

of estimation. It is determined by the formula: 
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𝑅𝑀𝑆𝐸 =  √∑
(𝑅𝑂𝐸̂𝑖 − 𝑅𝑂𝐸𝑖)2

𝑛

𝑛

𝑖=1

 

• R-squared is the coefficient of determination measuring the proportion of the 

variance in the dependent variable that can be explained by the independent 

variables. It is better when R-squared is nearly 1. 

𝑅2 = 1 − 
∑ (𝑅𝑂𝐸𝑖 − 𝑅𝑂𝐸̂𝑖)2𝑛

𝑖=1

∑ (𝑅𝑂𝐸𝑖 − 𝑅𝑂𝐸̅̅ ̅̅ ̅̅ 𝑖)2𝑛
𝑖=1

 

4.2.4  Shapley Additive exPlanations (SHAP) 

Interpreting and evaluating the outputs of machine learning models is an essential aspect of 

the modeling process. This phase points out potential areas for model improvement and 

clarifies the role that each feature plays in the model’s overall performance. A method for 

explaining estimations made by machine learning models, SHAP can be utilized to calculate 

the average marginal contribution of each feature to the model’s output (Štrumbelj, 2014). 

It is based on cooperative game theory and proposes a systematic approach to attribute the 

contribution of each feature to the final model output (Lundberg & Lee, 2021). For example, 

in an XGBoost model with a set of input features (N), SHAP assigns a value ϕi  to each 

feature i in order to represent its contribution to the estimated output v(N). 

𝜙𝑖 =  ∑
|𝑆|! (𝑛 − |𝑆| − 1)!

𝑛!
𝑆 ∈ 𝑁

[𝑣 (𝑆 ∪ {𝑖}) − 𝑣(𝑆)] 

Where: 

|𝑆|: The number of features in subset S 

|𝑆|!(𝑛−|𝑆|−1)!
𝑛!

 : the probability of feature i. It ensures fairness by averaging over all possible 

permutations. 

𝑣(𝑆 ∪ {𝑖}): Model output when feature i is added 

𝑣(𝑆): Model output using only features in S 
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5  Results and Discussion 

This chapter discusses the results related to the primary research question: Can the elements 

of DuPont analysis serve as independent variables, each contributing separately to the 

estimation of ROE using traditional and machine learning methods, and which approach 

performs better? To explore this question, three sub-questions were developed and addressed 

sequentially. Initially, the first sub-question is addressed by comparing the explanatory 

power of the DuPont-based models using two methodologies: Panel data regression and the 

XGBoost regressor. This comparison utilizes evaluation metrics such as R-squared, RMSE, 

and MAE. Secondly, to determine whether the elements of DuPont analysis offer greater 

explanatory power than raw financial data, model comparisons will be conducted within 

each methodology, again employing the same performance metrics to ensure consistency. 

Lastly, in determining which elements of DuPont analysis have the most significant impact 

on ROE, the study analyzes coefficient estimates from the Panel Regression model and 

interprets feature importance using SHAP values in the XGBoost model. 

5.1  Panel Regression  

5.1.1  Fixed Effects Model (FEM) Estimation 

Table 8 presents a FEM estimation where the lagged value of ROEit-1 is used to estimate 

ROE. The estimated coefficient of 0.2524 for ROEit-1 is highly significant (t = 12.994, p < 

0.0001), suggesting that past ROE has a strong and positive effect on ROE. The intercept is 

also significant, with an estimate of 0.1418. However, the model’s explanatory power is 

relatively low, with an R-squared value of 0.0710, indicating that lagged ROE alone explains 

only about 7.1% of the variation in ROE. 

 

Table 8. Model Estimation (FEM) - Lagged ROE 

Variable Estimate Std.Error t-value Pr(>|t|) 
(Intercept)  0.1418 0.0050 28.179 0.0000 
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ROEit-1 0.2524 0.0194 12.994 0.0000 
R-square  0.0710    
 

On the other hand, Table 9 uses DuPont decomposition elements, NPM, AT, and FL, to 

estimate ROE through a FEM. All three independent variables are statistically significant 

with high t-values and p-values of 0.0000. NPM (β1 = 0.3556) has the largest positive effect 

on ROE, followed by AT (β2 = 0.3085) and FL (β3 = 0.0738). The R-squared of 0.4678 

indicates a substantial improvement in explanatory power compared to the lagged ROE 

model, accounting for 46.8% of the variance in ROE. 

 

Table 9. Model Estimation (FEM) - DuPont Elements 

Variable Estimate Std.Error t-value Pr(>|t|) 
(Intercept)  -0.3312 0.0158 -21.008 0.0000 
Net Profit Margin 0.3556 0.0137 25.920 0.0000 
Asset Turnover 0.3085 0.0206 14.970 0.0000 
Financial Leverage 0.0738 0.0020 37.254 0.0000 
R-square  0.4678    
 

Table 10 evaluates a broader range of raw financial variables in explaining ROE. Among the 

variables, ROA has the most significant positive impact (β6 = 2.7504, t = 35.792), followed 

by Debt-to-Equity (β3 = 0.0411), while Net Income and Total Equity also contribute to the 

estimation of ROE, albeit less pronounced (β1 = 4.841e-06 and β2 = -1.617e-06). Whereas, 

independent variables such as Total Assets and Operating Cash Flow have no significance 

to ROE (with p-value being greater than the significance level). The model achieves an R-

squared of 0.4159, suggesting moderate explanatory power. 

 

Table 10. Model Estimation (FEM) - Raw Financial Data 

Variable Estimate Std.Error t-value Pr(>|t|) 
(Intercept)  -0.0133 0.0103 -1.297 0.1948 
Total Assets 7.765E-08 1.09E-07 0.7101 0.4777 
Debt-to-Equity 0.0411 0.0028 14.881 0.0000 
Operating Cash Flow -1.625E-07 3.37E-07 -0.4824 0.6296 
ROA 2.7504 0.0768 35.792 0.0000 
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Net Income 4.841E-06 1.20E-06 4.025 0.0001 
Total Equity -1.617E-06 4.49E-07 -3.605 0.0003 
R-square  0.4159    

 

Examining the three models, it becomes evident that the DuPont-based model (as shown in 

Table 9) exhibits the strongest explanatory power for its, achieving an R-squared value of 

0.4678, closely followed by the raw financial data model (Table 10, R-squared = 0.4159). In 

contrast, the lagged ROE model (Table 8), presents a statistically significant coefficient; 

however, it falls short in effectiveness, with an R-squared value of merely 0.0710, suggesting 

that only 7.10% of the variability in ROE is captured by it. Comparison between models 

reveals that model-based disaggregating ROE into its DuPont elements provides a more 

robust and interpretable framework for understanding firm profitability than relying solely 

on historical ROE or a broad set of raw financial indicators. 

5.1.2  Random Effects Model (REM) Estimation 

Table 11 presents the estimation results from a REM using ROEit-1 to estimate the current 

ROE. The coefficient for ROEit-1 is 0.7678 and is highly statistically significant (t = 59.473, 

p < 0.0000); and this figure is higher than that of FEM. The difference features the model 

specification’s impact on inference and suggests that REM may better capture differences 

between firms (between-entity), while FEM mainly looks at changes within the same firm 

(within-entity) over time. 

 

Table 11. Model Estimation (REM) - Lagged ROE 

Variable Estimate Std.Error t-value Pr(>|t|) 
(Intercept)  0.0493 0.0048 10.317 0.0000 
ROEit-1 0.7678 0.0129 59.473 0.0000 
R-square  0.5785    
 

Table 12 shows the results of a REM using the DuPont elements to explain variations in 

estimated ROE. All three explanatory variables are statistically significant at the 1% level. 

NPM has the highest coefficient (0.3655), followed by AT (0.2355) and FL (0.0660), all 
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positively related to ROE. When comparing the FEM in Table 9, the REM in Table 12 has 

a lower R-squared of 0.2817 compared to 0.4678 of FEM, meaning FEM explains more of 

the variation in ROE. This suggests that when firm-specific characteristics are controlled 

for, as they are in FEM, the explanatory power of these variables improves. 

 

Table 12. Model Estimation (REM) - DuPont Elements 

Variable Estimate Std.Error t-value Pr(>|t|) 
(Intercept)  -0.2560 0.0163 -15.666 0.0000 
Net Profit Margin 0.3655 0.0136 26.894 0.0000 
Asset Turnover 0.2355 0.0142 16.527 0.0000 
Financial Leverage 0.0660 0.0018 36.906 0.0000 
R-square  0.2817    
 

Table 13 presents the results of a REM that uses raw financial data to estimate ROE. At both 

1% and 5% significance levels, most variables are statistically significant to be included in 

the regression equation. Specifically, Debt-to-Equity, ROA, Net Income, Total Equity, and 

the Intercept all have p-values below 0.01, which signifies strong statistical significance at 

the 1% level. Total Assets with a p-value of 0.0268 is only significant at the 5% level but 

not at 1%, hence its inclusion depends on how strict the model criteria are. On the other 

hand, Operating Cash Flow with a high p-value (0.4523) makes it statistically insignificant 

at both 5% and 1% levels. 

 

Table 13. Model Estimation (REM) - Raw Financial Data 

Variable Estimate Std.Error t-value Pr(>|t|) 
(Intercept)  -0.0397 0.0100 -3.9649 0.0001 
Total Assets 9.612e-08 4.34e-08 2.2150 0.0268 
Debt-to-Equity 0.0550 0.0026 21.302 0.0000 
Operating Cash Flow -2.065e-07 2.747e-07 -0.7517 0.4523 
ROA 2.8093 0.0709 39.639 0.0000 
Net Income 4.431e-06 1.105e-06 4.0112 0.0001 
Total Equity -1.214e-06 3.05e-07 -3.9805 0.0001 
R-square  0.5215    
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The three models offer distinct perspectives on the estimated ROE by using REM. Lagged 

ROE model demonstrates strong explanatory strength (R-square = 0.5785), and thus 

indicates strong performance persistence, meaning firms with high ROE in the past are likely 

to keep performing well in the future. In contrast, the estimated ROE by using DuPont 

elements has the lowest R-squared (0.2817); nevertheless it provides a clearer economic 

interpretation. The raw financial data model offers a good balance by using detailed firm-

level measures. Many of these variables have a strong and clear interaction with ROE, and 

the model explains a solid portion of the variation in ROE (R-squared = 0.5215). 

5.1.3  Model Selection Tests 

The comparison of performance between FEM and REM based on R-squared value and 

statistical significance reveals notable differences. Particularly, in the lagged ROE group, 

REM demonstrates a significantly higher R-squared value of 0.5785 compared to FEM’s 

value of 0.0710, meaning REM provides superior explanatory power for variations in ROE. 

Conversely, in the DuPont elements group, FEM achieves a higher R-squared (0.4678) 

relative to REM (0.2817), suggesting FEM is more appropriate in this scenario. In the raw 

financial data group, REM again shows superior explanatory capacity for its higher R-

squared (0.5215) as compared to FEM (0.4159). With regards to statistical significance, 

variables in both FEM and REM consistently exhibit significant p-values (below 0.05). The 

estimated coefficients, nonetheless, differ significantly; for instance, the lagged ROE 

variable has a considerably higher coefficient in REM (0.7678) compared to FEM (0.2524), 

highlighting important methodological differences in estimation approaches. 

The Hausman test (Table 14) evaluates whether there are systematic differences between 

FEM and REM by testing whether unobserved individual-specific effects are correlated with 

the regressors. The null hypothesis (H0) shows that REM is appropriate with implication of 

zero correlation; the alternative hypothesis (H1) supports FEM, indicating the presence of 

correlation. Across all variable groups, lagged ROE, DuPont elements, and raw financial 

data, the p-values are 0.0000, which lead to rejecting H0 and accepting FEM as the more 

appropriate model. It is clear from the test that REM estimates become biased due to 

unobserved heterogeneity, meaning that individual specific effects are not accounted for by 

the model, while FEM removes this bias using within estimation. Although REM may show 
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a higher R-squared value in the lagged ROE estimation, this does not guarantee unbiased 

estimates.  

Based on the statistical results, the lower coefficient of lagged ROE in FEM (0.2524) 

compared to that of REM (0.7678) for example suggests that REM may overestimate the 

effect due to uncontrolled heterogeneity. Therefore, the Hausman test is prioritized when the 

objective is causal analysis rather than forecasting, as it ensures consistency in coefficient 

estimates. 

 

Table 14. Hausman Test Specification 

 Lagged ROE DuPont Elements Raw Financial Data 
Statistic 1262.0484 72.0854 212.4238 
p-value 0.0000 0.0000 0.0000 
Model  FEM FEM FEM 

 

The Durbin-Watson (DW) test results in Table 15 assess autocorrelation in the residuals of 

the three models. A DW value close to 2 suggests no autocorrelation. Of the three, the lagged 

ROE model yields a DW statistic of 2.0579, indicating no significant autocorrelation 

problem; the DuPont Elements model (DW = 1.5991) and raw financial data model (DW = 

1.7265) fall below the ideal value, suggesting the potential presence of positive 

autocorrelation in these two models. Autocorrelation can lead to inefficient estimates, which 

may affect the reliability of statistical inference. 

The Goldfeld-Quandt test is used to detect heteroskedasticity, whether the variance of errors 

is constant across observations. All three models (lagged ROE, DuPont elements, and raw 

financial data) have a p-value of 0.0000 in this test, indicating that the null hypothesis of 

homoskedasticity is rejected. This further implies that all models likely suffer from 

heteroskedasticity that violates a key Ordinary Least Squares (OLS) assumption. 

The Ramsey RESET test checks for model misspecification by examining whether nonlinear 

combinations of the fitted values help explain the dependent variable. Both the DuPont 

Elements and raw financial data models show possible misspecification issues, with best 

power levels at 4 and 5, respectively. This shows that these models might be missing 
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important variables or contain incorrect functional forms, thereby reducing the reliability of 

the conclusions.  

 

Table 15. Durbin-Watson, Goldfeld-Quandt and Ramsey RESET Test 

 Lagged ROE DuPont Elements Raw Financial Data 
Durbin-Watson Test 2.0579 1.5991 1.7265 
Goldfeld-Quandt Test 
(p-value) 

0.0000 0.0000 0.0000 

Ramsey RESET Test  Best Power = 4 
=> Possible model 
misspecification 

Best Power = 5 
=> Possible model 
misspecification 

 

5.1.4  Model Evaluation and Interpretation 

Table 16 and figure 4 present a clear comparison between the quantitative structure of three 

ROE estimation models and their visual estimation performance, respectively. Table 16 

outlines the mathematical equations of the lagged ROE, DuPont Elements, and raw financial 

data models to emphasize how each model incorporates different financial drivers after the 

result of the Hausman Test. The lagged ROE model estimates current ROE by using previous 

year ROE. The DuPont model decomposes ROE into three parts: how profitable a company 

is (NPM), how efficiently it uses its assets (AT), and how much debt it uses (FL), with the 

first two components showing stronger influence. The raw financial data model includes 

more detailed numbers like ROA and Total Equity, but some of these variables, such as Net 

Income and Total Equity, have a minimal impact on estimating ROE. 

 

Table 16. Model Equation 

 Model Estimation 

Lagged ROE 𝑅𝑂𝐸𝑖𝑡 =  0.1418 +  0.2524 𝑅𝑂𝐸𝑖𝑡−1 + 𝜇𝑖  +  𝜐𝑖𝑡                                                        

DuPont Elements 
𝑅𝑂𝐸𝑖𝑡 =  −0.3312 +  0.3556 𝑁𝑃𝑀𝑖𝑡 + 0.3085 𝐴𝑇𝑖𝑡 +  0.0738 𝐹𝐿𝑖𝑡 + 𝜇𝑖  

+  𝜐𝑖𝑡 

Raw Financial Data 
𝑅𝑂𝐸𝑖𝑡 =  0.0411 𝐷𝑇𝐸𝑖𝑡  +  2.7504 𝑅𝑂𝐴𝑖𝑡  +  4.841𝑒−6𝑁𝐼𝑖𝑡  

− 1.617𝑒−6𝑇𝐸𝑖𝑡 + 𝜇𝑖  + 𝜐𝑖𝑡 
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After estimating the panel data model, the process continues with generating estimated ROE 

values and validating the model’s performance. The estimated ROE values are then 

compared against the actual ROE from the test set to assess how well the model generalizes 

to unseen data, as shown in Figure 4. The lagged ROE model shows a moderate fit due to 

external variability, making estimations less tight. Whereas, the DuPont model shows more 

accurate and consistent results, supporting its robustness in capturing key ROE components. 

In contrast, the raw financial data model has more spread-out estimations, likely because 

some of the input variables do not strongly influence ROE. 

 

Lag ROE DuPont Elements Raw Financial Data 

   

Figure 4. Scatter plot: Actual vs Estimated ROE 

 

Table 17 presents the performance metrics of three models. The R-squared values, which 

reflect the proportion of variance in ROE explained by each model, reveal that the DuPont 

Elements model performs the best (R-squared = 0.4678), followed by the raw financial data 

model (R-squared = 0.4159), while the lagged ROE model explains only 7.1% of the 

variance, indicating a limited explanatory power. However, in assessing estimation 

accuracy, the raw financial data model stands out with the lowest RMSE and MAE, with the 

respective figures being at 0.2271 and 0.0822. This suggests that it yields more precise 

estimations, despite having a slightly lower R-squared value compared to the DuPont model.  

Meanwhile, the DuPont model, even though it is relatively less accurate based on RMSE 

and MAE, performs well overall by breaking ROE into meaningful components that help 
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explain how firms generate returns. The lagged ROE model, with the highest RMSE and 

MAE, appears to be the weakest among the three in terms of both explanatory power and 

estimation accuracy. From these results, there appears to be a trade-off between 

interpretability and estimation performance when choosing among financial modeling 

approaches. 

 

Table 17. FEM Estimation Metrics 

Metrics Lagged ROE DuPont Elements Raw Financial Data 
R-square 0.0710 0.4678 0.4159 

RMSE 0.2698 0.2846 0.2271 
MAE 0.1228 0.1740 0.0822 

 

Overall, the findings presented in this chapter has several implications. Firstly, if the goal is 

accuracy in estimating ROE values, the raw financial data model performs better. On the 

contrary, if the aim is to understand the components driving ROE, the DuPont model 

provides clearer insights. Secondly, from the DuPont-based model, the factor with the 

biggest impact on estimated ROE is NPM, while it is ROA in the case of raw financial data 

model. Finally, all models show signs of heteroscedasticity, with both DuPont Elements and 

raw financial data model potentially suffering from functional form misspecification. 

5.2  XGBoost  

5.2.1  Hyperparameter 

The hyperparameter tuning process for the XGBoost Regressor models played a critical role 

in optimizing performance when estimating ROE. As shown in Table 18, both models, 

DuPont elements and Raw Financial data, were adjusted using a grid search with 5-fold 

cross-validation to find the best settings across multiple parameters. Both models share 

similar tuning configurations: a learning rate of 0.2, a maximum tree depth (max_depth) of 

3, colsample_bytree and subsample both set at 1.0 and 0.8, respectively. This setting helps 

mitigate overfitting and ensures consistent learning, which is important when working with 

financial data that can be noisy or unpredictable.  
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The primary distinction between the two models is the number of boosting rounds 

(n_estimators): the DuPont-based model uses 300 estimators; the raw financial data model 

200 estimators. This difference suggests that the DuPont model is advantageous due to its 

larger ensemble size by requiring more iterations to reach optimal learning to capture more 

complex relationships. The Raw Financial Data model, in contrast, uses more detailed 

company data such as Total Assets, ROA, Net Income, etc. These specific variables may 

have helped the model learn faster with fewer training steps, while still capturing ROE 

dynamics effectively. 

 

Table 18. Hyperparameter Estimation 

Parameter DuPont Elements Raw Financial Data 
colsample_bytree 1.0 1.0 
learning_rate 0.2 0.2 
max_depth 3 3 
n_estimators 300 200 
Subsample 0.8 0.8 

 

5.2.2  XGBoost Model Metrics 

Table 19 compares the estimation performance of XGBoost Regressor models using DuPont 

Elements and raw financial data as input features. The DuPont-based model clearly 

outperforms the raw financial data model across all three key metrics (R-square, RMSE, 

MAE). DuPont model has a higher R-squared of 0.8531, meaning it can explain 85.3% of 

the changes in ROE, while the raw financial data model only explains 61.8%. This indicates 

that the DuPont model is more effective at explaining the patterns and changes in ROE. 

In terms of error metrics, the DuPont model also demonstrates lower estimation errors. Its 

RMSE is 0.1070, while the raw financial data model yields a higher RMSE of 0.1726. This 

implies that estimations from the DuPont model are generally closer to the actual ROE 

values. Additionally, the DuPont model’s MAE is 0.0322, compared to 0.0484 for the raw 

financial data model, showing it produces more accurate estimations on average. 
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Table 19. XGBoost Model Metrics 

Metrics DuPont Elements Raw Financial Data 
R-square 0.8531 0.6177 

RMSE 0.1070 0.1726 
MAE 0.0322 0.0484 

 

The two scatter plots (figure 5) compare the actual and estimated ROE values generated by 

the XGBoost model using two different sets of input variables, including DuPont elements 

and raw financial data. In both plots, the red dashed line indicates the estimated values which 

exactly equal to actual ones (knowing that y = x). The result based on DuPont elements, 

shows a tight clustering of data points around the reference line, indicating high estimation 

accuracy and strong model performance. In contrast, the plot based raw financial data 

displays a slightly wider spread of points, suggesting greater variance and less consistent 

alignment with actual ROE values. This visual comparison reinforces that the DuPont-based 

model delivers more accurate and reliable ROE estimations than the model based on broader 

financial inputs. 

 

DuPont Elements Raw Financial Data 

  

 

Figure 5. Scatter plot: Actual vs Estimated ROE 
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5.2.3  SHAP Analysis 

Figure 6 presents SHAP summary plots for the XGBoost models based on DuPont elements 

and raw financial data. In the DuPont model, NPM clearly has the highest SHAP impact, 

meaning it plays the most significant role in shaping the model’s estimations and implying 

that firms with higher profit margins tend to maintain higher ROE. AT and FL also affect 

the estimation values, but their impact is smaller and more spread out around zero. This 

means that both indicate less explanatory strength compared to NPM.  

The color gradient from blue to red shows that high feature values (in red) tend to push 

SHAP values higher, especially for NPM. In contrast, the raw financial data model 

demonstrates that ROA is the most influential feature, with a consistently strong and wide 

SHAP distribution. This is in line with financial theory, as ROA measures how efficiently 

assets are used to generate profit (Higgins, Koski, & Mitton, 2022). Total Equity and Net 

Income also play an important role, but not as strongly as ROA. Debt-to-Equity and Total 

Assets have smaller effects, while Operating Cash Flow seems to have very little influence 

on the estimation. Overall, the DuPont model emphasizes margin-based efficiency, while 

the raw financial data model points out firm-level operational returns. 

 

DuPont Elements Raw Financial Data 

 

 

Figure 6. SHAP Value 

 

To sum up the findings from this chapter, two conclusions can be drawn from the results. 

Firstly, the DuPont-based model outperforms the raw financial data model in estimating 



 

 

53 

ROE using XGBoost. Secondly, NPM in the DuPont model and ROA in the raw financial 

data model have the greatest impact on estimated ROE, as shown by their highest SHAP 

value ranges. 

5.3  Summary of Research Question and Findings 

Based on the metrics results of Panel Analysis and XGBoost in chapters 5.1.4 and 5.2.2, 

respectively, the study can address the first sub-question. 

Using DuPont elements as independent variables, which method – panel analysis or 

machine learning –more accurately estimates ROE? 

When comparing Table 17 and Table 19, XGBoost, a machine learning approach, provides 

better estimations of ROE when using DuPont elements as independent variables compared 

to the panel-based FEM. Particularly, the XGBoost model achieves a much higher R-squared 

value (0.8531 vs. 0.4678 of FEM), meaning it explains a larger portion of the variation in 

ROE. Moreover, XGBoost produces smaller estimation errors, with RMSE dropping from 

0.2846 to 0.1070 and MAE from 0.1740 to 0.0322, indicating improved accuracy and more 

stable performance. These differences showcases that the machine learning model can more 

effectively capture complex and nonlinear relationships in the data, which the FEM approach 

might miss.  

Many previous studies have shown that using Machine Learning model to estimate financial 

performance indicators such as ROE and ROA is effective for profitability analysis. This has 

been particularly evident in studies employing techniques such as artificial neural networks, 

multiple linear regression, and decision tree regression for financial forecasting (Tutcu et al., 

2024). However, the application of XGBoost with variables such as NPM, AT, and FL for 

estimating ROE has not been previously investigated. In this thesis, XGBoost is utilized to 

estimate ROE by leveraging both time-series and cross-sectional data from S&P 500. The 

results show that XGBoost provides better estimation performance compared to the panel 

data regression model, again confirm the power of Machine Learning model. 

Answering the second sub-question: 

Can DuPont variables better explain ROE estimates compared to raw financial data? 
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DuPont elements provide better ROE estimations than using raw financial data (the results 

from chapters 5.1.4 and 5.2.2). In the XGBoost model, the DuPont elements achieve a higher 

R-squared value (0.8531 compared to 0.6177) and produce lower estimation errors, with 

RMSE reduced to 0.1070 from 0.1726 and MAE to 0.0322 from 0.0484. These results 

suggest that the DuPont framework explains variations in ROE more effectively and 

consistently. While raw financial data provides detailed firm-level information, the DuPont 

approach groups this information into key financial dimensions in terms of profitability, 

efficiency, and leverage, which enhances the model’s overall estimation accuracy. 

As for the final sub-question: 

Which factor within and between the DuPont-based models has the biggest impact on 

estimated ROE? Is there a difference in the most influential variable when comparing 

Panel Analysis and Machine Learning? 

Based on both the Panel Analysis (Table 16) and the SHAP values (figure 5) from the 

XGBoost model, NPM is the most important factor for estimating ROE when using the 

DuPont-based model. In the Panel Analysis results, it holds the highest coefficient (0.3556), 

reflecting a strong and positive influence on ROE outcomes. These outcomes are also 

supported by the SHAP value plot, which shows that NPM has the greatest impact on 

changes in the estimated ROE. Both analytical methods identify the same key variable, 

especially, the SHAP plot gives more detail by showing how much each explanatory 

variables influence the output, thus confirming that NPM consistently plays the most 

important role across both models. 

The results reported in chapters 5.1 and 5.2 together with the preceding discussion of the 

sub-research questions lay the foundation for answers to the main research question of this 

thesis. The main research question is: 

“Can the elements of DuPont analysis act as independent variables, each contributing 

separately to the estimation of ROE using traditional and machine learning methods, 

and which approach performs better?” 

The elements of the DuPont analysis in terms of NPM, AT, and FL, can be used as 

independent variables in a model estimating ROE. Both the panel regression and XGBoost 

results consistently show that these components, when used separately, contribute 

meaningfully to estimated ROE. Particularly, XGBoost regressor approach achieves greater 
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accuracy in estimating ROE when DuPont variables are utilized as independent predictors, 

as evidenced by superior R-squared values being over 80% and reduced prediction errors. 

Among three independent variables, NPM has the strongest impact, as indicated by its 

highest coefficient in the FEM and its dominant SHAP value in XGBoost model. This 

suggests that separating the DuPont elements in the modeling process not only preserves 

their interpretive value but also enhances estimation accuracy. Decomposition enables the 

model to reflect multiple dimensions of firm performance, namely profitability, efficiency, 

and leverage, each exerting a distinct influence on return on equity. 

Employing the XGBoost model to estimate ROE has yielded a strong R-squared value, 

underscoring XGBoost’s effectiveness in analyzing the influence of variables, including 

NPM, AT, and FL on ROE estimate. Each independent variable within the DuPont 

framework holds its own strategic importance. Specifically, NPM signifies profit 

optimization, AT aims to enhance asset utilization efficiency, and FL impacts strategies 

related to capital and FL. By interpreting each element as an independent variable, managers 

can identify their company’s strengths and weaknesses in comparison to a broader dataset, 

enabling the creation of more targeted strategies to enhance ROE. 

When evaluating firms with low profit margins but efficient asset and capital usage, it is 

essential to prioritize cost control, optimize operational processes, and invest in research to 

enhance product value, all in an effort to improve profit margins. For firms that possess 

significant assets demonstrate low asset utilization efficiency, managers can involve 

strategies such as improving inventory turnover and optimizing distribution processes to 

boost asset utilization, along with combining NPM and FL to optimize ROE. Additionally, 

for firms exhibiting strong profitability and efficiency but not fully capitalizing on their FL, 

there may be opportunities to judiciously increase debt in order to scale operations. 

When multiple factors are effectively leveraged, investors can realize a company's value 

creation strategy, enabling them to make more informed investment choices. Shareholders 

will have a solid foundation for anticipating improvements and sustained growth in ROE. 

Meanwhile, the management board will gain clearer insights for resource allocation, and 

capital funding organizations will be better positioned to evaluate the risk associated with 

lending to the company. 
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6  Conclusion and Future Direction 

This chapter concludes the study’s findings, discusses its limitations, and suggests potential 

areas for further research. It starts by looking at the results and how they compare with 

previous studies. Then, it briefly explains the limitations of the research. Finally, it ends with 

recommendations for future research topics. 

6.1  Contribution of the study 

This thesis targets to evaluate whether the elements of the DuPont analysis (NPM, AT, and 

FL) can be used as independent variables to estimate ROE using both traditional econometric 

method and machine learning technique. Drawing from a comprehensive dataset of firm-

level financial statements over 11 years, two modelling approaches were implemented, 

namely, panel regression and XGBoost regressor. 

The results provide evidence that the DuPont elements, i.e., NPM, AT, FL, contribute 

significantly and separately to the estimation of ROE. Furthermore, the XGBoost method 

provides greater accuracy in ROE estimates compared to panel data analysis. Among the 

three independent variables, NPM is consistently the most important variable in both 

statistical and machine learning models. This finding differs from the traditional 

multiplication approach to analyze ROE, such as the study by Bunea, Corbos & Popescu 

(2019) on the Romanian energy sector, which found that AT was the strongest driver of 

ROE. Such difference bears significant implications for firms in devising and assessing 

strategies. On one hand, if NPM is the most important factor, it means firms can focus on 

boosting the amount of profit for every unit of revenue by cutting costs, improving 

efficiency, or offering higher value products and services. On the other hand, if AT is the 

key driver, firms could concentrate on improving the efficiency of their existing assets 

instead of significant new investments in infrastructure or equipment. 

Importantly, however, linear analysis permits each DuPont elements to be treated as an 

independent estimator to facilitate the assessment of their individual contributions to ROE. 

This overcomes the limitation of the multiplicative formula, which does not clarify the 

separate influence of each factor, especially in complex and volatile financial environments. 
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Using XGBoost, a novel nonlinear machine learning model, the analysis is no longer 

restricted by traditional assumptions such as linearity or normality of residuals. The model 

can capture nonlinear relationships, variable interactions, and is more robust to outliers, 

which significantly improves the accuracy of ROE estimates.  

In the field of Corporate Finance, firms can leverage this machine learning model to gain a 

more comprehensive understanding of the factors that significantly influence ROE within 

various contexts of a common sample set. The model developed by XGBoost in this thesis 

is intended to estimate ROE using a dataset that spans multiple companies over several years. 

The XGBoost algorithm, at its core, automatically learns the interactions between variables, 

thus removing the necessity for manual feature engineering. This characteristic makes it 

suitable for handling large datasets where complex relationships may be hidden and is 

particularly advantageous in scenarios that demand extensive training iterations. As a result, 

businesses can perform more insightful what-if analyses. For instance, if NPM increases by 

3%, the XGBoost model can estimate the resulting change in ROE. This insight can support 

strategic decision-making and scenario planning, allowing businesses to evaluate the 

potential financial impact of operational changes. Additionally, the ROE estimates produced 

by the model can serve as indicators of potential risks related to an abnormal or unsustainable 

financial structure. If the model projects an ROE that is significantly lower than the actual 

reported value, it may imply that the business is engaging in unconventional accounting 

practices or depending excessively on leverage, both of which could pose risks to long-term 

viability.  

In portfolio management, XGBoost aids in the identification of companies with high-quality 

ROE, delivering reliable input for valuation models and sophisticated investment strategies, 

such as quantitative models. This capability not only helps lower forecast errors but also 

reduces the likelihood of poor stock selection, as the model generally exhibits greater 

accuracy compared to linear regression. 

6.2  Study limitations 

Despite offering insights, this thesis has several limitations that should be acknowledged. 

Firstly, it focuses solely on corporations within the S&P 500 index, which may limit the 

generalizability of the results to other regions or emerging markets with different financial 
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structures and reporting standards. Secondly, while the DuPont elements and raw financial 

indicators provide meaningful predictors of ROE, the model does not account for qualitative 

factors such as management quality, market competition, or macroeconomic shocks, which 

may also influence firm performance.  

Additionally, even though panel data models and XGBoost can explain and estimate ROE 

well, the panel regression model might still have problems in terms of missing important 

factors or unclear cause-and-effect relationships, which could make the fixed effect results 

less reliable. Finally, the forecasting is based on historical financial data up to 2024, and 

sudden shifts in economy or regulatory environments could reduce the accuracy of these 

models in future periods. 

6.3  Future Research Suggestion 

To expand on the findings of this thesis, future research could take several valuable 

directions. One possible direction is to apply the DuPont-based forecasting approach to firms 

outside the S&P 500, including those in emerging markets or within specific industries 

instead of the target of estimation and explanation. This would enable researchers to test 

whether the model is effective in different economic settings. Another significant 

improvement would be to include non-financial variables such as ESG ratings, 

macroeconomic data, or industry-level trends, which could offer a broader and more realistic 

understanding of what affects ROE. Another perspective, instead of relying solely on simple 

linear models, future studies could consider alternative combinations of financial data. This 

approach may offer greater flexibility and improve overall performance. By implementing 

these suggestions, future research could enhance both the accuracy and relevance of ROE 

estimations. 
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