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 This study investigates the role of frontier operational efficiency in predicting financial 
performance within Egypt’s emerging market. Data Envelopment Analysis (DEA) quantifies 
operational efficiency, and its predictive power is assessed within a machine learning (ML) 
framework, extending beyond traditional financial ratios. A Super Learner ensemble is developed, 
integrating Random Forest (RF) and Categorical Gradient Boosting (CatBoost) with a linear 
regression meta-learner. The Super Learner enhances accuracy and robustness by dynamically 
weighting and combining predictions from diverse base models, using a meta-learner to minimize 
error, reduce overfitting, and improve generalization. Empirical results demonstrate that 
incorporating DEA significantly improves predictive performance, increasing R² by 3.8% (t = 5.45, 
p < 0.01). The Super Learner achieves an R² of 0.612, with an RMSE of 0.061 and MAE of 0.046, 
outperforming both linear regression and state-of-the-art ML models. Feature importance analysis 
(via CatBoost) identifies net working capital (11.5%) and DEA efficiency (10.0%) as the top 
predictors. SHapley Additive exPlanations (SHAP) and partial dependence analyses further 
indicate that DEA efficiency, net working capital, and cash holdings exhibit positive but nonlinear 
associations with financial performance, while leverage demonstrates a concave, nonlinear 
relationship. These findings provide practical implications for investors, managers, and 
policymakers, highlighting the strategic value of operational efficiency. Additionally, the study 
introduces a scalable, interpretable framework combining frontier efficiency metrics with 
explainable ML, offering a robust tool for financial decision-making. 
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1. Introduction 

Firm performance prediction models are widely used to assess the financial health and future outcomes of companies, offering 
valuable support for data-driven decision-making (Borchert et al., 2023). These models are instrumental for loan officers 
evaluating corporate creditworthiness, insurance brokers setting premiums, investment analysts assessing potential risks and 
returns, credit agencies advising on business reliability, and banking regulators monitoring systemic financial stability. 
Consequently, accurate and robust financial performance prediction models carry significant economic relevance and serve 
as essential tools for informed financial and strategic decision-making (Arno et al., 2025). While many earlier studies on 
financial performance and corporate failure (Lukason & Laitinen, 2019; Önder & Altintaş, 2017) have relied heavily on 
financial ratios, this approach has notable limitations. Adnan Aziz & Dar (2006) contend that such ratios can be effective in 
forecasting performance. However, several critiques highlight their potential unreliability—particularly for small and 
medium-sized enterprises that may not consistently publish financial statements. Moreover, financial reports can be 
manipulated to serve strategic interests (Mousa et al., 2022; Yu et al., 2014), leading to distorted ratio values and potentially 
flawed predictions. As a result, decision-makers relying solely on ratio-based models may be misled, reducing the practical 
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utility and validity of such approaches. Understanding the key determinants of financial performance remains a core focus in 
both corporate finance and strategic management. Managerial capability and efficiency are essential metrics for evaluating 
the performance of business operations (Amirteimoori & Allahviranloo, 2025). In particular, operational efficiency has gained 
increasing attention due to its ability to drive profitability, enhance competitiveness, and support long-term sustainability. 
Despite its theoretical relevance, the integration of efficiency metrics—especially those derived from non-parametric frontier 
techniques like Data Envelopment Analysis (DEA)—into predictive models is still relatively underexplored, particularly in 
emerging market contexts. Traditional models often rely on linear regression techniques and financial ratios, which may fail 
to capture the complex, nonlinear relationships between firm attributes and performance outcomes. 
 
To overcome these limitations, the present study explores the role of firm efficiency in predicting financial performance, 
proposing an alternative approach that goes beyond conventional financial ratios. By incorporating DEA-based efficiency 
scores into a machine learning (ML) framework, the research aims to deliver more reliable and accurate performance 
predictions. The focus is on non-financial firms listed on the Egyptian Stock Exchange from 2016 to 2022—a context where 
operational and financial constraints often differ significantly from those in developed markets. The study is guided by two 
primary objectives: (1) to assess whether the inclusion of DEA-based efficiency measures enhances the predictive accuracy 
of performance models, and (2) to identify the key variables that drive financial performance while developing a robust 
prediction model using interpretable advanced ML techniques. These objectives are particularly important in the Egyptian 
context, where the adoption of advanced data-driven methodologies remains in its early stages. This research offers significant 
and original contributions to the literature by introducing a novel hybrid approach to predicting financial performance, 
combining DEA-based efficiency measures with advanced ML. While prior research has examined the firm efficiency on 
financial performance (Baik et al., 2013; Dahunsi & Soetan, 2022; Peng et al., 2025; Thien et al., 2024), most studies have 
relied on traditional statistical techniques that present several limitations. These conventional methods typically emphasize 
the direction of relationships—positive or negative—when identifying significant predictors, often overlooking the form of 
the relationship, whether linear or nonlinear. Such oversights may lead to biased or incomplete findings.  
 
To address the limitations of traditional statistical methods and individual ML models, I develop a Super Learner ensemble 
that integrates a tuned Random Forest (RF) and Categorical Gradient Boosting (CatBoost) with a linear regression meta-
learner. The Super Learner, introduced by van der Laan et al., is a stacking-based ensemble learning algorithm designed to 
enhance predictive performance by optimally combining multiple base models through a meta-learning framework. Unlike 
single-model approaches, the Super Learner adaptively weights and integrates predictions from diverse algorithms, thereby 
improving both accuracy and robustness. Its dynamic selection of the most effective base models for a given task enables it 
to consistently outperform individual models across various datasets. Furthermore, by minimizing the influence of poorly 
performing models, the Super Learner reduces overfitting and enhances generalization to new data. The meta-learner plays a 
pivotal role in this process, learning the optimal combination of base model predictions to minimize overall error. As a result, 
the Super Learner ensemble offers a powerful and reliable predictive framework, well-suited for capturing complex 
relationships and delivering accurate forecasts of financial performance. 
 
This study makes several important contributions to the existing literature. First, it provides empirical support for 
incorporating DEA-based efficiency scores into financial performance prediction models, particularly in the context of a 
developing economy. Second, it introduces a novel Super Learner ensemble regression model, specifically designed to address 
the complexities of financial performance prediction, demonstrating significant improvements over traditional approaches. 
Third, the model’s performance is rigorously evaluated using a range of statistical metrics and compared against baseline 
statistical models, individual ML algorithms, and other ensemble methods, including bagging, boosting, voting, and stacked 
ensembles. The findings consistently highlight the superior predictive accuracy and robustness of the proposed model. Fourth, 
by employing CatBoost for feature importance analysis, the study identifies the most influential variables driving financial 
performance, offering valuable insights for investors and other stakeholders aiming to make well-informed decisions. Finally, 
to enhance interpretability, SHapley Additive exPlanations (SHAP) and Partial Dependence Plots (PDP) are used to explain 
the global structure of the model and the effect of each variable, ensuring transparency without compromising performance. 
Collectively, these contributions advance the literature on firm efficiency and performance prediction, while offering practical 
guidance for investors, policymakers, and corporate managers operating in complex and dynamic market environments. 
 
Empirical results confirm that the Super Learner model that incorporated DEA substantially outperforms both traditional 
linear regression and standalone ML approaches in predicting financial performance. The model achieves the highest 
performance across multiple metrics, including an R-squared (R²) of 0.612, root mean squared error (RMSE) of 0.061, and 
mean absolute error (MAE) of 0.046. The results provide strong empirical support for the inclusion of firm efficiency in 
predictive models. A t-test confirms that the 3.8% increase in R² from including DEA is statistically significant at the 1% 
level. SHAP and partial dependence analyses show that while DEA efficiency, net working capital, and cash holdings maintain 
positive nonlinear relationships with performance, leverage follows a distinct concave pattern. 
 
The remainder of the study is organized as follows: Section 2 provides an overview of the relevant theories; Section 3 reviews 
the existing literature; Section 4 outlines the research methodology; Section 5 presents and discusses the experimental 
findings; and Section 6 concludes the study. 
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2. Theoretical Underpinnings 
 
Firm efficiency has long been recognized as a critical driver of financial performance, rooted in several foundational theories 
in economics and management. The efficient-structure hypothesis, as discussed by Dudu & Kilicaslan (2009), posits that firms 
with superior operational, technological, or managerial efficiency can achieve higher profitability and dominate market share, 
leading to naturally concentrated markets without necessarily reducing consumer welfare. In contrast, the market-power 
hypothesis contends that profitability often stems from anti-competitive practices rather than genuine efficiency gains. Their 
empirical study of Turkish manufacturing firms using stochastic frontier analysis revealed that the relevance of these 
competing hypotheses varies across industries, suggesting that financial performance is context-dependent and shaped by both 
efficiency and market dynamics. Several economic and management theories explain how operational efficiency influences 
firm profitability. These theories emphasize cost reduction, competitive advantage, and resource optimization as key drivers 
of financial performance. Below are the primary theoretical perspectives: 

 
2.1 Resource-Based View (RBV) 

The Resource-Based View (RBV) posits that firms achieve sustained profitability by leveraging unique, valuable, and 
difficult-to-imitate resources (Barney, 1991). Efficiency improvements—such as better utilization of physical assets (PP&E), 
cost management (COGS, SG&A), and workforce productivity—enhance a firm’s competitive advantage. Efficient firms 
generate higher returns by minimizing waste and maximizing output from limited inputs. Empirical studies confirm that firms 
with superior efficiency metrics (e.g., DEA scores) exhibit stronger profitability (Demerjian et al., 2012). 
 
2.2 Dynamic Capabilities Theory 

Teece et al. (1997) argue that firms with dynamic capabilities—abilities to adapt processes and resources—sustain profitability 
by continuously improving efficiency. For example, efficient firms optimize supply chains (e.g., just-in-time inventory) or 
adopt advanced production technologies, reducing costs and boosting margins. The Malmquist index in DEA captures such 
improvements by separating technical efficiency change (better resource use) from technology change (innovation) (Färe et 
al., 1992). 
 
2.3 Agency Theory 

Jensen & Meckling (1976) emphasize that agency costs—such as managerial slack—can diminish profitability. They argue 
that efficient firms mitigate these costs by aligning managerial incentives with performance goals, thereby minimizing 
resource waste. Additionally, they advocate for downsizing as a means to reduce organizational slack, lower overhead costs, 
and enhance operational efficiency, ultimately leading to improved financial performance (Geoffrey Love & Nohria, 2005; 
Williamson (2008)). 

2.4 Transaction Cost Economics (TCE) 

Transaction Cost Economics (TCE) suggests that firms reduce costs by minimizing inefficiencies in operations and 
governance. Efficient firms reduce production and coordination costs (e.g., via economies of scale or lean management), 
directly improving profitability. Studies using frontier analysis (e.g., SFA) show that firms with lower inefficiency scores 
achieve higher ROA and ROE  (Greene & Segal, 2004). 
 
2.5 Industrial Organization (IO) Theory 

IO theory links market structure to financial performance (Porter, 1981). Efficient firms exploit cost leadership strategies, 
undercutting rivals on price while maintaining margins. Empirical work shows that efficient firms (measured via DEA/SFA) 
outperform peers in competitive industries (Caves & Barton, 1990). 
 
2.6 X-Efficiency Theory 

Leibenstein (1966) argues that firms often operate below maximum efficiency due to organizational slack. Eliminating such 
inefficiencies (e.g., via benchmarking with DEA) directly raises profitability. Research confirms that efficiency gains predict 
future earnings (Baik et al., 2013). 
 
3. Literature Review 
 
The measurement of operational efficiency and its impact on performance varies significantly across methodological 
approaches. Nguyen et al. (2021) employed DEA to estimate three distinct efficiency measures - technical, pure technical, 
and scale efficiency - finding through panel regression analysis that these measures have differential effects on ROA and 
market-to-book ratios, with controlling shareholders significantly moderating these relationships. Similarly, (Baik et al., 2013) 
utilized both DEA and Stochastic Frontier Analysis (SFA), complemented by Malmquist index calculations, to demonstrate 
that changes in these efficiency measures positively predict future profitability beyond traditional financial ratios. 
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In the Nigerian manufacturing sector, Dahunsi and Soetan (2022) applied SFA with a Cobb-Douglas production function to 
derive technical efficiency scores, revealing through System-GMM estimation that these scores explained 29% of output 
variation and positively correlated with firm performance. Contrasting results emerged from financial market studies: Nguyen 
and Swanson (2009) used SFA efficiency measures to show inefficient firms surprisingly outperformed efficient ones in 
equity returns, while Chuan’Chewie’Ang et al. (2021) replicated this paradoxical finding in Australian markets using similar 
SFA-derived efficiency scores. Ting et al. (2024)  implemented a novel approach by combining DEA efficiency scores with 
bootstrapped mediation analysis (5,000 samples) on Malaysian firms, demonstrating these efficiency measures partially 
mediate the ownership-performance relationship.  
 
The application of ML in predicting firm performance has evolved significantly, with studies demonstrating the superiority 
of these approaches over traditional statistical methods. Early work by Anand et al. (2019) established the effectiveness of 
random forests with classification trees, achieving 57-64% accuracy in predicting directional changes in five profitability 
measures (ROE, ROA, RNOA, CFO, FCF), particularly for cash flow-based metrics. Their findings revealed that accruals 
provided incremental predictive power beyond cash flows, with consistent accuracy across 1-5 year horizons. Building on 
this foundation, Vukovic et al. (2023) conducted a comprehensive comparison of methods for retail firms, testing random 
effects regression against various ML approaches including DNN, LSTM, and Random Forest, as well as ensemble methods. 
Their analysis of 551 firms demonstrated that previous profitability showed the strongest predictive power (β = 0.42, p<0.01), 
with sales growth and web traffic exhibiting nonlinear positive effects. Notably, advanced ensembles outperformed single 
algorithms, with LSTM networks proving particularly effective at capturing temporal patterns. 
 
Recent advances in neural network applications have pushed the boundaries of predictive performance. Montesinos (2022) 
implemented deep learning with 15 financial variables as inputs, comparing DNN against four baseline models for next-year 
profitability prediction. The DNN achieved an impressive F1-score of 0.81 (versus 0.68 for the best baseline), with feature 
importance analysis revealing current ROA (22% contribution), debt ratio (18%), and inventory turnover (15%) as key 
predictors. Similarly, Tutcu et al. (2024) focused on the IT sector with a three-hidden-layer ANN architecture (32-16-8 nodes), 
demonstrating superior performance (RMSE = 0.14) compared to MLR and decision trees, while also noting the increasing 
importance of market-specific factors post-2018. Zhou et al. (2022) introduced a new deep learning model, SNN-CNN, which 
combines self-organizing maps (SOM) and convolutional neural networks (CNN) for predicting financial performance. Using 
web-scraped financial data, the model classifies company performance into five levels. Findings revealed that high-performing 
enterprises have balanced financial indicators and stable development, while low-performing ones struggle with profitability 
and growth. Their proposed SNN-CNN model achieved a high prediction accuracy compared to traditional risk prediction 
models. 
 
Specialized applications have further expanded the scope of ML in performance prediction. Ylinen & Ranta (2024) employed 
XGBoost with SHAP/SAGE values to analyze corporate culture using 250,000 employee reviews, identifying overall culture 
(SAGE = 0.29), organizational pride (0.25), and job security (0.22) as top predictors of firm value and operating performance. 
D’Amato et al. (2024) incorporated ESG factors for EuroStoxx-600 firms, using partial dependence plots to reveal a nonlinear 
threshold effect at an ESG score of 65/100, with the strongest EBIT prediction occurring in the 70-85 range. SHAP values 
further demonstrated that environmental factors were most impactful among ESG components. Hybrid approaches combining 
traditional efficiency measures with ML have yielded particularly insightful results. Nandy and Singh (2020) developed an 
innovative two-stage framework that first applied DEA efficiency scoring to 450 paddy farms, followed by Random Forest 
analysis of efficiency determinants. Their results identified land ownership as the top predictor (Gini importance = 0.38), with 
education and credit access also playing significant roles, and demonstrated that the hybrid approach improved prediction R² 
by 22% compared to DEA alone. Expanding this methodology to manufacturing, Perroni et al. (2024) compared DEA versus 
SFA efficiency inputs across six ML algorithms applied to 7,548 US firms. Their analysis revealed that DEA-VRS with 
Random Forest achieved the best performance (AUC = 0.87), while SFA-LOG with SVM showed the strongest regression fit 
(R² = 0.63), highlighting the context-dependent nature of model effectiveness. 
 
These studies collectively demonstrate how the choice of efficiency measurement - whether DEA, SFA, or hybrid approaches 
- fundamentally shapes our understanding of the efficiency-performance relationship. The consistency of frontier methods 
(DEA/SFA) across studies allows for meaningful comparisons, while the growing incorporation of ML techniques points to 
new avenues for capturing complex, nonlinear relationships between efficiency and performance outcomes. The 
methodological evolution from early random forest applications to contemporary ensemble and deep learning architectures 
reveals several key trends. First, increasing model complexity has been matched by improved accuracy, though at the cost of 
greater computational requirements. Second, there has been growing emphasis on interpretability through techniques like 
SHAP and SAGE values. While ML has significantly enhanced the accuracy of financial performance prediction, several 
methodological gaps remain. Notably, few studies have explored the use of advanced ML to identify nonlinear or threshold 
effects in the relationship between efficiency and performance. A major limitation lies in the lack of explainability and 
interpretability; most ML models, such as deep learning and ensemble methods, function as “black boxes,” providing high 
predictive accuracy but limited insight into how input variables influence outcomes. Although tools like SHAP, LIME (Local 
Interpretable Model-agnostic Explanations), and counterfactual analysis offer potential for greater transparency, their 
adoption in the literature remains limited. This lack of interpretability poses challenges for both regulatory compliance and 
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managerial decision-making, as most existing research continues to prioritize predictive performance over model 
explainability. 
 
Collectively, the reviewed literature highlights the debated role of operational efficiency in forecasting financial performance. 
The connection between operational efficiency and financial outcomes appears to be influenced by the choice of efficiency 
measure and the limitations of traditional statistical models employed in earlier research. However, more recent studies 
incorporating ML techniques have shown enhanced predictive accuracy in estimating financial performance. Based on these 
developments, the following hypothesis is proposed: 
 
Hypothesis 1: The inclusion of DEA-based operational efficiency in the Super Learner model enhances the prediction of 
financial performance. 
 
4. Proposed Framework 
 
4.1 General Context 
 
This section outlines the methodology used in the study. It starts by detailing the dataset, then explains the steps involved in 
data preprocessing, feature extraction, and feature selection. Next, the methodology introduces the Super Learner ensemble 
model, which integrates RF and CatBoost, with Linear Regression serving as the Meta Learner. Fig. 1 presents a block diagram 
of the workflow, highlighting the main elements of the proposed intelligent decision model for predicting firm performance. 
The ML system functions in two key stages: training and testing. The subsequent subsections delve into each component of 
the system and its implementation. 
 

 
Fig. 1. Flowchart of the Proposed System. 

4.2 Phase 1: Preparing the Data 
 
Step 1: Dataset Description 
 
The sample comprises non-financial firms registered on the Egyptian Stock Exchange from 2016 to 2022. This study outlines 
specific criteria for selecting companies for inclusion. Consistent with previous research, financial services companies are 
excluded due to their distinct financial characteristics and limited comparability to non-financial firms. Companies reporting 
financial statements in foreign currencies are omitted. Ultimately, the final sample consists of 104 companies, resulting in 728 
firm-year observations overall for the specified period.  

 
Step 2: Data Preprocessing 
 
Real-world data, such as corporate annual reports, often contain missing values, errors, inconsistencies, and inaccuracies that 
can negatively impact model performance. Therefore, data preprocessing is a critical step in ML. To enhance model reliability 
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and accuracy, the dataset undergoes several preprocessing techniques, including cleaning, and instance selection (Nguyen et 
al., 2021). Missing values are addressed using median imputation, while outliers are mitigated through Winsorization, which 
caps extreme values at the 5th and 95th percentiles (Kwak & Kim, 2017). After preprocessing, the final dataset comprises 699 
observations. 

 
Step 3: Feature Extraction and Validation 
 
Feature extraction involves identifying the most influential variables affecting financial performance (ROA) to enhance 
prediction accuracy. Table 1 lists the 13 extracted variables, derived from previous ROA research.  The main variable of 
interest in the current study, operational efficiency, is measured using DEA. DEA is a non-parametric method used to evaluate 
the relative efficiency of decision-making units (DMUs), such as firms or departments, by comparing their ability to convert 
multiple inputs into multiple outputs (Charnes et al., 1978). Unlike traditional financial ratios, DEA constructs a "best-practice 
frontier" based on observed data, where DMUs on the frontier are considered fully efficient (assigned a score of 1), while 
those below the frontier are deemed inefficient (scores < 1). This approach allows for a more nuanced assessment of 
performance by accounting for multiple operational factors simultaneously (Cooper et al., 2007).  A key advantage of DEA is 
its ability to handle multiple inputs and outputs without requiring predefined weights. The study uses total assets (TA), cost 
of goods sold (COGS), and selling, general, and administrative expenses (SG&A) as inputs, with sales revenue as the sole 
output. This flexibility allows DEA to capture complex trade-offs—such as higher SG&A expenses potentially driving 
disproportionate sales growth—that simple financial ratios (e.g., asset turnover) cannot (Demerjian et al., 2012).   
 
Table 1  
Variables included in the predictive models of financial performance 
Panel A DEA input/output variables 

Inputs Symbol Output Symbol 
Total Assets TA Net Sales Revenue REV 
Cost of Goods Sold COGS 
Selling & Adm. Exp. SA 

 
Panel B 

Variables  Symbol Measure 
Financial performance  ROA Net income divided by the total assets of a business. 
Operational Efficiency  DEA Provided in Table 1, panel A 
Net Capital NETCAP The ratio of working capital to total assets 
Cash Holdings CASH The ratio of cash and cash equivalents to the total assets 
Firm size FSIZE Logarithm of total assets 
Financial leverage LEV Total debts/total assets 
Market-to-book ratio MTB The ratio of corporate market value to book value 
Dividend Payout DIVPAY The company declared dividend payments to shareholders, recorded as a dummy variable (1 if paid, 0 if not) 
Dividend Payout ratio DIV The ratio of declared and paid dividends to earnings before interest and taxes (EBIT). 
 Trade Ratio TRADE Percentage change in accounts payable during the year divided by the cost of goods sold. 
Firm Age AGE The number of years since a company's founding date 
Industry INDUSTRY Industry effects were controlled by using Industry dummies. 
Years YEAR The data were collected for 2016 through 2022. I control for year effects by using year dummies. 

 
To assess multicollinearity, correlation analyses and variance inflation factor (VIF) were conducted.  
 

Table 2  
The Correlation Matrix  

 FSIZE LEV CAPEX CASH MTB NETCAP DIVPAY DIV TRADE AGE DEA 
FSIZE 1.0*** 0.14*** -0.11* -0.02 -0.01 -0.19*** 0.29*** 0.13** 0.09* 0.1* 0.09* 
LEV 0.14*** 1.0*** 0.12** 0.01 0 -0.44*** -0.15*** -0.18*** 0.06 0.21*** -0.03 
CAPEX -0.11* 0.12** 1.0*** -0.03 0.01 -0.26*** -0.04 0.02 -0.07 0.04 0.07 
CASH -0.02 0.01 -0.03 1.0*** 0.13** 0.28*** 0.25*** 0.16*** -0.08 -0.07 0.19*** 
MTB -0.01 0 0.01 0.13** 1.0*** 0.02 0.05 0.06 -0.08* -0.05 0.06 
NETCAP -0.19*** -0.44*** -0.26*** 0.28*** 0.02 1.0*** 0.18*** 0.12** -0.04 -0.09* 0.16*** 
DIVPAY 0.29*** -0.15*** -0.04 0.25*** 0.05 0.18*** 1.0*** 0.55*** -0.02 -0.07 0.28*** 
DIV 0.13** -0.18*** 0.02 0.16*** 0.06 0.12** 0.55*** 1.0*** -0.08* -0.09* 0.14*** 
TRADE 0.09* 0.06 -0.07 -0.08 -0.08* -0.04 -0.02 -0.08* 1.0*** -0.03 0.04 
AGE 0.1* 0.21*** 0.04 -0.07 -0.05 -0.09* -0.07 -0.09* -0.03 1.0*** 0.01 
DEA 0.09* -0.03 0.07 0.19*** 0.06 0.16*** 0.28*** 0.14*** 0.04 0.01 1.0*** 
*** , ** and * denote a significant correlation coefficient at the two-tailed thresholds of 0.001, 0.01 and 0.05, respectively. 

 
Table 2 presents the correlation matrix of the independent variables.  The results indicate that DEA exhibits a statistically 
significant positive correlation with FSIZE, CASH, NETCAP, DIVPAY, and DIV. NETCAP shows significant correlations 
with all variables except MTB and TRADE. However, the correlation matrix does not reveal evidence of severe 
multicollinearity, as the majority of correlation coefficients fall well below the commonly accepted threshold of 0.8. The 
highest correlation is observed between DIVPAY and DIV (0.55), which, while moderate, does not suggest a level of 
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dependence that would typically compromise the stability of regression estimates. Other moderately correlated pairs, such as 
LEV and NETCAP (-0.44), NETCAP and CASH (0.28), and DEA and DIVPAY (0.28), remain within acceptable bounds and 
are unlikely to introduce substantial multicollinearity. Nonetheless, some of these associations—particularly among dividend-
related variables—may reflect overlapping constructs. To ensure robustness, Variance Inflation Factors (VIF) was computed 
to detect multicollinearity (James et al., 2013). As illustrated in Fig. 2, all variables exhibited VIF values substantially below 
the threshold of 10, suggesting no significant multicollinearity concerns and confirming model stability for subsequent 
analysis. 
 

 
 

Fig. 2. VIF for the Study Variables. 
4.3 Phase 2: Building the Model 
 
Step 1: the Super Learner Model Specifics 
 
This study employs ensemble learning to construct a predictive model, leveraging the principle that combining multiple weak 
learners can result in a more accurate and robust outcome. By compensating for the limitations of individual algorithms and 
benefiting from their collective strengths, ensemble methods have been shown to outperform single models in predictive 
accuracy (Kunapuli, 2023; Mohammed & Kora, 2023; Thabet et al., 2024). Ensemble techniques are broadly classified into 
homogeneous and heterogeneous categories. Homogeneous ensembles use the same algorithm across different data subsets 
and include methods such as bagging and boosting. Bagging algorithms like RF and Extra Trees train models in parallel; RF 
is used as a base learner in this study. Boosting algorithms, which train models sequentially to correct prior errors, include 
AdaBoost, Gradient Boosted Regression Trees (GBR), LightGBM, CatBoost, and XGBoost, with CatBoost also serving as a 
base learner in this research and others used for benchmarking. 
 
Heterogeneous ensembles, on the other hand, combine different types of ML models to improve predictive accuracy and 
generalization. This approach involves training diverse base learners on the same dataset, selecting the most effective models, 
and aggregating their outputs through either voting schemes or a meta-learning framework. Voting methods include majority, 
average, and weighted voting—the latter assigning importance based on each model’s performance. Meta-learning, by 
contrast, uses a second-level model (meta-learner) to determine the optimal way to combine the predictions of base learners, 
thereby constructing a stacked ensemble. These strategies are particularly effective in capturing complex patterns in both 
regression and classification tasks by leveraging model diversity and data-driven aggregation. 
 
The Super learner model is a stacking-based ensemble learning algorithm introduced by Van der Laan et al. (2007). The Super 
Learner is designed to overcome limitations of traditional ML approaches. By optimally combining multiple base models 
through a meta-learning framework, it achieves asymptotically optimal performance (Dey & Mathur, 2023; Naimi & Balzer, 
2018; Phillips et al., 2023). Unlike single-model approaches, the Super Learner intelligently weights and integrates predictions 
from diverse algorithms, maximizing both accuracy and robustness. This makes it particularly valuable for complex prediction 
tasks where no single model consistently performs best. 
 
Research demonstrates the Super Learner's consistent outperformance of individual models across diverse datasets. This 
adaptability stems from its ability to dynamically select and weight the most effective base models for each specific prediction 
task. The method also reduces overfitting by excluding poorly performing models, thereby improving generalization on new 
data (Wong et al., 2019). The Super Learner's meta-learner plays a crucial role in its success. During training, this component 
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minimizes estimation errors by finding the optimal combination of base model predictions. Studies in behavior classification 
have shown this approach yields higher accuracy and lower variance compared to both individual models and traditional 
ensembles (Ladds et al., 2017). The meta-learning framework ensures the ensemble leverages each algorithm's strengths while 
mitigating weaknesses, leading to more reliable predictions. The Super Learner ensemble machine learning approach offers 
several advantages in predictive modeling and anomaly detection. It combines diverse base algorithms to create a powerful 
prediction function through metalearning, asymptotically performing at least as well as the best candidate (Davies & van der 
Laan, 2016; LeDell, 2015). This method has shown superior performance in spatial prediction problems and network security 
applications (Davies & van der Laan, 2016; Vanerio & Casas, 2017).  
 
Step 2: Model Selection Process 
 
The selection of ML algorithms was conducted through 10-fold cross-validation. Table 3 presents the outcomes, ranking the 
algorithms from highest to lowest performance based on four statistical metrics: R², RMSE, and MAE. Two decision-tree-
based algorithms—CatBoost and, RF Regressor—demonstrated superior performance compared to the others. 

 
1- Categorical Gradient Boosting  
 
CatBoost developed by Dorogush et al. (2018), is an advanced gradient boosting algorithm designed to enhance model 
performance and efficiency. It utilizes a balanced level-wise tree structure, which accelerates the training process and 
introduces several innovations to mitigate overfitting. Unlike traditional methods, CatBoost trains on the entire dataset and 
applies random permutations for each data instance. Additionally, it employs a novel approach for computing leaf values 
during tree construction, which helps address the issue of biased gradients commonly encountered in standard boosting 
algorithms (Lee et al., 2023). 
 
2- Random Forest 
 

To enhance predictive accuracy and minimize overfitting, the RF algorithm builds multiple decision trees and combines their 
outputs. For regression tasks, it calculates the average of all tree predictions as follows: 

𝑦𝑦 � =
1
𝐾𝐾
� 𝑇𝑇𝑘𝑘

𝐾𝐾

𝑘𝑘=1
(𝑥𝑥) 

(1) 

where 𝑦𝑦 �  is the predicted outcome, the total number of decision trees is represented by K, and 𝑇𝑇𝑘𝑘(𝑥𝑥) is the prediction from the 
k-th decision tree for a given input 𝑥𝑥. This ensemble strategy is particularly effective when working with data from annual 
reports, as it captures complex interactions and patterns, handles high-dimensional inputs, and is robust to missing values, 
ultimately leading to more reliable forecasts (Sánchez et al., 2025). 
 
Step 3: Model Development 
 
As shown in Fig. 3, the Super-learner model was constructed using RF, and CatBoost as base models with linear regression 
as the meta learner. To ensure robustness and prevent overfitting, the dataset was first split into a training set (80%) and a 
validation set (20%). The training set was further divided into ten folds for 10-fold cross-validation, where each fold served 
once as a test set while the remaining were used for training.  
 
Table 3  
Performance of base regression models obtained by k-fold cross validation. 

Model R2 RMSE MAE 
RF 0.432 0.07 0.05 
CAT 0.43 0.07 0.05 
GBR 0.42 0.07 0.05 
XGB 0.42 0.07 0.05 
ET 0.41 0.07 0.05 
LGBM 0.388 0.073 0.052 
Bagging 0.377 0.073 0.051 
RIDGE 0.34 0.08 0.06 
LR 0.34 0.08 0.06 
LASSO 0.332 0.077 0.058 
BR 0.33 0.08 0.06 
HUBER 0.33 0.08 0.06 
SVR-Linear 0.31 0.08 0.06 
ADA 0.23 0.08 0.07 
MLP 0.16 0.09 0.07 

 
During each cross-validation iteration, the training folds were used to train the base models (RF, CatBoost). These models 
then generated predictions on the held-out test fold and the full validation set. The predictions from the test folds were 
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combined to form a new training dataset, while the validation set predictions were averaged and stacked to create a new 
validation dataset. The final step involved training the Super-learner (meta-model) on the newly constructed training dataset. 
This meta-model learns the optimal way to combine the predictions from the base models to maximize accuracy. Its 
performance was then evaluated using the stacked validation dataset. This approach ensures a robust and high-performing 
model by leveraging the strengths of multiple ML algorithms through stacked generalization. 
 
The top two algorithms underwent hyperparameter tuning using Random Search to optimize their predictive performance. As 
demonstrated in prior research (Dash et al., 2023; Kwak & Kim, 2017), this method efficiently explores parameter spaces by 
sampling from predefined distributions rather than exhaustively testing all combinations. Hyperparameter tuning not only 
enhances model accuracy but also helps prevent overfitting (Dash et al., 2023), ensuring more reliable predictions. The tuned 
parameters are detailed in Table 4. The tuned algorithms were combined using the Super Learner ensemble approach to further 
boost prediction quality.  
 

 
 
 

Fig. 3. Structure of Super Learner Ensemble Model with Two Base Learners: RF and CatBoost. 
 
Table 4  
Tuned Parameters of the Super Leaner ’s Base Learners 

Model Hyperparameter Value 
RF 1- The tree’s maximum depth  100 
 2- The tree count in the forest 1600 
 3- The minimal number of samples needed at a leaf node 1 
 4- The smallest number of samples needed for dividing an internal node 2 
 5- Bootstrap True 
 6- The number of variables to take account of while searching for the best split sqrt(n_features) 
CAT The number of trees within the ensemble 

Learning rate 
100 
0.09 

 
 

After experimentation, the optimal ensemble consisted of the tuned RF and CatBoost as base learners, with linear regression 
serving as the meta-learner. As shown in Table 5, the Super Learner model achieved a consistent improvement over the best 
individual algorithm (Table 3), demonstrating its effectiveness in refining predictive performance. The final ensemble model 
successfully integrated the strengths of each algorithm, resulting in more accurate and reliable predictions. This approach 
highlights the value of combining multiple tuned models through an advanced stacking technique to achieve optimal results. 
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Table 5  
Summary of performance metrics of the Super Learner model. 

Regressor R-Squared RMSE MAE 
Super Learner 0.612 0.061 0.046 

 
Step 4: Model Evaluation 

Several comparisons are conducted to evaluate the effectiveness of the proposed Super Learner model in predicting ROA. 
This in-depth analysis examines the model’s robustness by benchmarking it against linear regression models, standalone ML 
algorithms, alternative ensemble techniques, and a version of the model that excludes the operational efficiency variable, 
thereby testing the study's hypothesis. Three metrics—R2, RMSE, and MAE—are calculated to evaluate each model's 
performance using test data (Eqs. (2-4)) (Erdebilli & Devrim-İçtenbaş, 2022; Nguyen et al., 2021). 
 

𝑅𝑅2 =  1 −
� (𝑦𝑦𝑖𝑖−𝑥𝑥𝑖𝑖)2 𝑛𝑛
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𝑖𝑖=1
   (2) 
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𝑖𝑖=1

𝑛𝑛
 

(4) 
 

where 𝑥𝑥𝑖𝑖: predicted value for the ith observation,  𝑥̅𝑥𝑖𝑖: mean of predicted values, 𝑦𝑦𝑖𝑖: actual value for the ith observation, 𝑛𝑛: 
Number of observations. Models with larger R2  values indicate a stronger ability to account for the variability in the actual 
data, thereby reflecting superior predictive performance (Erdebilli & Devrim-İçtenbaş, 2022). 

Step 5: Feature Importance Analysis 

Understanding the key factors influencing the prediction of financial performance is crucial for various firm stakeholders. To 
provide these insights, the CatBoost method is employed to assess the relative importance of each variable in forecasting 
ROA. 

Step 6: Model Explanation 

To interpret the results of the proposed model for corporate stakeholders, tree-based ML is applied, offering strong 
interpretability alongside a robust theoretical foundation through the use of TreeExplainer. This method identifies the most 
influential predictors and explains their impact on ROA. TreeExplainer utilizes Shapley values to aggregate individual 
prediction explanations, thereby enabling a comprehensive interpretation of the global model structure (Lundberg et al., 2020). 
Partial Dependency Plots are also utilized to show the impact of each of the top four predictors on financial performance. 

5. Experimental Results and Discussion 
 
This section starts by presenting a descriptive analysis of the variables used in the study. It then assesses the predictive 
performance of the proposed model through multiple comparisons with a range of regression models, evaluated across 
different performance metrics. Additionally, the significance of selected features is examined to support more informed 
decision-making. Lastly, SHAP values and partial dependency plots are employed to provide deeper interpretability of the 
model’s outcomes. 
 
5.1 Descriptive Analysis 
 
The descriptive statistics (i.e., mean, standard deviation, minimum, median, and maximum) are shown in Table 6. The dataset 
consists of 559 observations across key financial and firm-specific variables. Firm size (FSIZE) exhibits moderate variation, 
with a mean of 9.05 (log-transformed) and a standard deviation of 0.72, indicating that most firms cluster around the median 
value of 9.03. Leverage (LEV) averages 0.49, suggesting that firms maintain a balanced debt-to-asset ratio, thought the range 
extends from 0.04 to 1.37, revealing some highly leveraged firms. Capital expenditures (CAPEX) display significant 
dispersion, with a mean of 0.22 and a median of 0.15, reflecting that while some firms invest heavily (up to 0.76), others 
report minimal capital spending. Cash holdings (CASH) are relatively low on average (mean = 0.10), but the right-skewed 
distribution (median = 0.05) indicates that a subset of firms maintains substantial liquidity. The market-to-book ratio (MTB) 
has a mean of 1.81 but a high standard deviation (2.25), suggesting considerable heterogeneity in market valuations, with 
some firms being deeply undervalued (minimum 0.05) and others significantly overvalued (maximum 8.90). 
 
Dividend policies also vary widely. While 53% of firms pay dividends (DIVPAY mean = 0.53), the median dividend yield 
(DIV) is zero, indicating that many firms distribute no dividends, whereas a few provide high payouts (up to 1.58). Trading 
activity (TRADE) is slightly positive on average (mean = 0.08), but extreme values (ranging from -2.87 to 2.26) suggest 
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divergent trading strategies across firms. Firm age (AGE) spans a broad spectrum (15 to 82 years), with a median of 32 years, 
implying a mix of young and mature firms in the sample. Finally, the main variable of interest DEA efficiency scores average 
0.57, with some firms achieving full efficiency (1.00) while others operate far below optimal levels (minimum 0.05). Overall, 
the dataset exhibits substantial variation across financial and operational metrics, highlighting diverse firm characteristics and 
strategies. 
 
5.2 Analysis of Experimental Results 
 
To assess the effectiveness of the proposed model in predicting financial performance, its performance is benchmarked against 
various algorithms. These comparative models are organized into four categories: (1) linear regression and standalone ML 
models, (2) alternative ensemble methods, and (3) a version of the proposed model that excludes efficiency measures. 
 
Table 6  
Descriptive Statistics  

 FSIZE LEV CAPEX CASH MTB NETCAP DIVPAY DIV TRADE AGE DEA 
count 559 559 559 559 559 559 559 559 559 559 559 
mean 9.05 0.49 0.22 0.10 1.81 0.19 0.53 0.25 0.08 38.50 0.57 
std 0.72 0.33 0.23 0.13 2.25 0.29 0.50 0.42 0.96 18.88 0.28 
min 7.84 0.04 0.00 0.00 0.05 -0.33 0.00 0.00 -2.87 15.00 0.05 
0.25 8.53 0.25 0.03 0.02 0.49 0.00 0.00 0.00 -0.06 23.00 0.36 
0.50 9.03 0.48 0.15 0.05 1.04 0.18 1.00 0.00 0.05 32.00 0.59 
0.75 9.52 0.65 0.33 0.13 2.00 0.37 1.00 0.35 0.29 53.00 0.78 
max 10.35 1.37 0.76 0.49 8.90 0.82 1.00 1.58 2.26 82.00 1.00 

 
 
5.2.1 Comparison of the Super Learner with Linear Models and Individual ML Models  
 
This section aims to compare the predictive accuracy of the Super Learner with linear regression approaches and individual 
ML algorithms in forecasting financial performance, evaluating results based on R², RMSE, and MAE. As shown in Table 3 
and Fig. 4, the Super Learner exhibits substantially stronger predictive performance compared to both linear models and 
nonlinear ML alternatives, including Support Vector Regression (SVR) and Multilayer Perceptron (MLP).  
 

  

Fig. 4. Bar Plots Showing the R2 and RMSE Results for Linear Regression and Individual ML Models Against the Super 
Learner Model for Predicting ROA. 

 
Traditional linear regression approaches—such as Ordinary Least Squares (LR), Ridge Regression (RIDGE), and Lasso 
Regression (LASSO)—demonstrate limited effectiveness, with R² values clustered around 0.33–0.34, RMSE of 0.077–0.08, 
and MAE of 0.058–0.06. These results suggest that linear assumptions fail to capture the underlying complexity of the data, 
leading to suboptimal predictions. Nonlinear Individual ML models, including SVR (Linear Kernel) and MLP, perform even 
worse, with SVR achieving an R² of 0.31 and MLP dropping to 0.16—the lowest among all tested models. This poor 
performance may stem from their sensitivity to hyperparameter tuning or inherent limitations in handling the data structure. 
In stark contrast, the Super Learner achieves an R² of 0.612, representing an 81–283% improvement over these models, while 
simultaneously reducing RMSE by 24–32% (from 0.08–0.09 to 0.061) and MAE by 23–34% (from 0.06–0.07 to 0.046). The 
dramatic performance gap highlights the Super Learner’s ability to overcome the limitations of both linear and nonlinear 
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standalone models. While linear methods are too rigid to capture complex relationships, SVR and MLP may suffer from 
optimization challenges or data-specific inefficiencies. The Super Learner’s success likely stems from its capacity to 
strategically combine diverse models, compensating for individual weaknesses through meta-learning.  

 
5.2.2 Performance Comparison of the Super Learner with Ensemble Approaches 
 
This section aims to compare the predictive accuracy of the Super Learner with various ensemble approaches in forecasting 
financial performance, evaluating results based on R², RMSE, and MAE. As shown in Table 3 and Fig. 5, The Super Learner 
demonstrates superior predictive performance when compared to alternative ensemble techniques. Among homogenous 
ensembles, tree-based models—including RF, CatBoost, Gradient Boosting (GBR), and XGBoost (XGB)—achieve moderate 
performance, with R² values ranging from 0.41 to 0.432, RMSE around 0.07, and MAE at 0.05. While these models 
outperform traditional linear methods (e.g., linear regression, LASSO, RIDGE, which exhibit R² ≤ 0.34), they still fall 
significantly short of the Super Learner’s performance (R²: 0.612, RMSE: 0.061, MAE: 0.046). This suggests that while tree-
based algorithms capture non-linear patterns better than linear models, their standalone implementations lack the meta-
optimization that the Super Learner employs to combine model strengths effectively. 
 
In comparison to other ensemble strategies—such as Voting and Stacked Ensembles—the Super Learner maintains a decisive 
advantage as shown in Table 7 and Fig. 5. The Voting Ensemble (R²: 0.451) and Stacked Ensemble (R²: 0.391) both 
underperform relative to the Super Learner, despite leveraging multiple base models. This discrepancy highlights the 
limitations of fixed-weight aggregation (Voting) and sequential stacking (Stacked Ensemble) compared to the Super Learner’s 
adaptive weighting mechanism, which dynamically optimizes model contributions. Notably, the Super Learner reduces 
prediction errors by 12-20% compared to these alternative ensembles (RMSE: 0.061 vs. 0.069–0.073; MAE: 0.046 vs. 0.048–
0.052). The results indicate that the Super Learner’s meta-learning framework successfully integrates the strengths of diverse 
models—including tree-based algorithms—while mitigating their individual weaknesses. While tree-based models alone 
provide reasonable accuracy, their integration into the Super Learner’s weighted ensemble yields substantially improved 
performance. Similarly, other ensemble fusion techniques (Voting, Stacking) are outperformed due to their less flexible 
aggregation methods. These findings underscore the Super Learner’s robustness in financial prediction tasks, positioning it as 
a preferred choice when predictive accuracy is prioritized over model simplicity.  
 
Table 7  
Results of the Super Learner in Comparison with other Ensemble Strategies 

Regressor R-Squared RMSE MAE 
Super Learner 0.612 0.061 0.046 
Voting Ensemble 0.451 0.069 0.048 
Stacked Ensemble 0.391 0.073 0.052 

 
 

  
Fig. 5. Bar Plots Showing the R2 and RMSE Results for Various Ensemble Models Against the Super Learner Model for 
Predicting ROA. 

 
5.2.3 Performance Comparison of Super Learner Model with and without Frontier Operational Efficiency  
 
Regarding the role of operational efficiency, Table 8 compares the results of the Super Learner model with and without the 
inclusion of the DEA variable. The findings suggest that incorporating a frontier efficiency measure enhances the performance 
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of predictive models. Specifically, Table 5 presents the R² values for both versions of the model. Since both models are trained 
on the same dataset, comparisons are based on test data results. A t-test was conducted to assess whether the observed 
difference in R² values is statistically significant (Kuhn, 2008). The results indicate that the 3.8% increase in R² is significant 
at the 0.01 level, with a t-statistic of 5.45 and a p-value of 0.00. Thus, Hypothesis 1 (H1) is supported, providing statistical 
evidence that incorporating frontier efficiency—measured via DEA—significantly improves the predictive performance of 
the model in terms of R². 
 
Table 8   
Results of the Suggested Model with and without Efficiency Measure 

Regressor R-Squared      t-test 
Super Learner 0.612 5.45*** 

P-value= 0.0000 Super Learner (Excluding DEA) 0.574 
A significance at the 0.01 level is denoted by *** 
 

5.2.4 Feature Importance Analysis Using CatBoost  
 
Understanding the key drivers of financial performance is critical for making informed financial decisions. The CatBoost 
model was used to evaluate the explanatory power of key performance determinants (Fig. 6). The analysis reveals that 
NETCAP (net working capital) and DEA (operational efficiency) are the most significant predictors, contributing 11.5% and 
10.0% of explanatory power respectively, highlighting the crucial role of working capital management and operational 
efficiency. DIV (dividend payout) and LEV (leverage ratio) follow closely, each accounting for approximately 9.0%, 
demonstrating the importance of capital structure decisions and shareholder returns. Similarly, CASH (cash holdings) and 
FSIZE (firm size) both contribute 8.8%, reinforcing the influence of liquidity and economies of scale. These findings provide 
valuable guidance for investors and managers, emphasizing that operational efficiency, capital structure, liquidity 
management, and dividend policy are the most impactful levers for enhancing financial performance and financial health. 
 

 
 

Fig. 6. Relative Feature Importance using CATBoost Model . 
 
 
5.2.5 Model Explanation with SHapley Additive exPlanations  
 
SHAP analysis provides valuable insights into the key drivers of financial performance by quantifying each feature's 
contribution to the CatBoost model's predictions. This approach, rooted in cooperative game theory, offers several advantages 
over traditional feature importance methods by revealing both the magnitude and direction of each variable's impact. As 
illustrated in Fig. 7, the SHAP value analysis reveals that net working capital (NETCAP) is the strongest positive predictor, 
with values around 0.06, suggesting that firms with higher liquidity generally achieve better overall performance. Dividend 
payout (DIV) follows as another significant driver for financial performance. However, the pattern implies that increasing 
dividends does not enhance financial performance and may even reduce it, possibly due to the opportunity cost of retained 
earnings that could otherwise be reinvested for growth.  
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The analysis reveals more nuanced relationships for other financial metrics of interest. Operational efficiency (DEA) and Cash 
holdings (CASH) show moderate positive effects, with SHAP values in the 0.02-0.03 range, suggesting that operational 
efficiency and liquidity management contribute meaningfully to performance. Interestingly, Leverage ratio (LEV) exhibits 
negative impacts (SHAP ~ -0.03), potentially indicating that excessive reliance on debts in the capital structure detract from 
overall financial performance. These findings complement traditional financial ratio analysis by providing empirical evidence 
of how these factors interact within the predictive model. Several variables, including market-to-book ratio (MTB), firm size 
(FSIZE), have weaker positive effects, suggesting they have relatively minor direct impacts on performance predictions in 
this model. This outcome may reflect the specific context of our study or indicate that these factors influence performance 
through more complex, indirect pathways. 
 
5.2.6 Partial Dependence Plots 
 
The partial dependence plots (Fig. 8) reveal a nonlinear relationship between operational efficiency - measured using DEA - 
and performance. At DEA levels below approximately 0.6, expected financial performance rises gradually but remains below 
average, suggesting modest performance gains from marginal efficiency improvements. As DEA approaches and surpasses 
0.8, financial performance accelerates significantly, indicating substantial advantages for highly efficient firms. Despite a brief 
dip around DEA = 0.85, the upward trend resumes and plateaus near full efficiency, reflecting the benefits of operating near 
optimal efficiency. The vertical and horizontal dashed lines mark the average DEA and performance values, highlighting that 
firms above average efficiency tend to outperform their peers. The accompanying histogram shows a broad distribution of 
firms, with a concentration near full efficiency. Overall, the plot underscores efficiency as a key driver of financial 
performance, particularly at higher DEA levels. 
 

 
Fig. 7. Global Interpretability Plot of the Super Learner Model. 

 
The plot also reveals a nonlinear relationship between net working capital (NETCAP) and financial performance. At low or 
negative NETCAP values, performance remains flat and subdued, indicating that inadequate working capital is linked to 
weaker outcomes. As NETCAP increases to around 0.4, performance improves markedly, suggesting significant gains from 
maintaining moderate liquidity. Beyond this point, the curve flattens, reflecting diminishing returns to further increases in 
NETCAP. The dashed lines denote average NETCAP and performance levels, indicating most firms operate where NETCAP 
positively influences outcomes. The histogram shows a concentration of firms within this effective range. Overall, while 
adequate working capital enhances performance, excess levels provide limited additional benefit. 
 
Similarly, the partial dependence plot shows a positive, nonlinear relationship between cash holdings (CASH) and financial 
performance. At very low cash levels, performance is unstable and below average, reflecting the vulnerability of 
undercapitalized firms. As CASH exceeds 0.05, the trend turns upward, with pronounced gains between 0.1 and 0.3, indicating 
that firms with moderate to high cash reserves benefit from greater financial flexibility. Beyond 0.3, the curve levels off, 
signaling diminishing returns to additional cash. Dashed lines indicate average values of CASH and performance, with most 
firms positioned where cash still positively affects outcomes. The histogram reveals a skew toward lower cash levels, 
emphasizing the strategic importance of liquidity. Thus, while adequate cash reserves support performance, excess holdings 
yield limited gains. 
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Lastly, the figure illustrating leverage ratio (LEV) shows a concave, nonlinear effect on financial performance. Initially, 
performance rises with LEV, peaking around 0.2, suggesting that modest leverage improves outcomes, possibly via tax 
benefits or managerial discipline. However, beyond this point, performance declines steadily, likely due to financial distress 
risks. The lowest performance occurs around LEV = 0.8–0.9, after which there is a modest recovery, though not reaching the 
earlier peak. Dashed lines mark the mean values of LEV and performance, indicating that optimal outcomes occur below 
average leverage. The histogram suggests most firms maintain LEV under 1.0. Overall, the results point to an optimal leverage 
threshold, beyond which financial performance deteriorates. 
 

  

  
 

Fig. 8 Partial Dependency Plots for the Top Predictive Variables. 
5.3 Results Discussion 
 
The findings of this study align closely with the theoretical frameworks that posit operational efficiency as a critical 
determinant of performance. Drawing from the Resource-Based View (RBV), the significant contribution of DEA efficiency 
scores to predictive performance supports the idea that operational efficiency constitutes a unique and valuable resource that 
firms can leverage to gain competitive advantage (Barney, 1991; Demerjian et al., 2012). The enhancement in model accuracy 
upon the inclusion of the DEA variable—an R² increase of 3.8% with a statistically significant t-statistic of 5.45—corroborates 
empirical studies that emphasize the predictive power of frontier efficiency measures (Baik et al., 2013; Nguyen et al., 2021). 
Moreover, the results validate principles of Dynamic Capabilities Theory by illustrating how high-efficiency firms outperform 
others, particularly at DEA levels exceeding 0.8. The nonlinear pattern revealed in the partial dependence plots supports the 
concept that firms continuously improving their operational configurations—through just-in-time systems or technology 
adoption—achieve sustainable performance gains (Färe et al., 1992; Teece et al., 1997). These nonlinearities, undetectable in 
traditional linear models, are made visible through ML techniques, reinforcing recent methodological innovations in 
performance prediction (Montesinos, 2022; Perroni et al., 2024). The observed threshold effects also echo findings from 
Transaction Cost Economics (TCE) and Agency Theory. This reflects Williamson’s (2008) view that efficient governance 
minimizes costs, and Jensen & Meckling (1976) argument that reducing agency slack through efficient operations leads to 
improved outcomes. The SHAP analysis further reinforces this view, showing that DEA and liquidity-related variables 
(NETCAP and CASH) positively influence financial performance. In line with X-Efficiency Theory (Leibenstein, 1966), the 
study shows that firms operating below optimal efficiency—indicated by DEA scores under 0.6—fail to realize substantial 
performance gains, whereas those nearing full efficiency benefit disproportionately. This trend is similarly evident in variables 
like NETCAP and CASH, where gains taper off after certain thresholds, consistent with the findings of Ting et al. (2024). 
Additionally, the results confirm the advantages of hybrid methodologies. The superior performance of the Super Learner 
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model (R² = 0.612) relative to both individual models and traditional ensembles supports the literature’s emphasis on model 
integration to capture complex efficiency-performance dynamics (Anand et al., 2019; Vukovic et al., 2023). The model’s 
ability to outperform linear and nonlinear baselines highlights the relevance of ML frameworks in complementing frontier 
efficiency methods (Nandy & Singh, 2020; Perroni et al., 2024). 
 
Importantly, the inclusion of interpretable ML techniques such as SHAP adds further value. These tools illuminate how 
specific variables affect model predictions, addressing longstanding criticisms regarding the opacity of ML (Ylinen & Ranta, 
2024). For instance, the identification of NETCAP as the strongest predictor of financial performance, along with the nuanced 
impact of dividends and leverage, provides practical implications for financial management and strategic planning. In sum, 
this study’s findings substantiate the theoretical claims that operational efficiency—measured via DEA—significantly 
contributes to financial performance. The integration of advanced ML techniques, particularly the Super Learner ensemble, 
not only enhances predictive accuracy but also enables deeper insights into the mechanisms through which efficiency and 
financial indicators influence outcomes. These insights are especially critical in emerging markets, such as Egypt, where firm 
characteristics and regulatory contexts may differ significantly from those in more developed economies. Thus, this research 
bridges the gap between theoretical expectations and empirical application, offering a robust and interpretable framework for 
understanding and predicting financial performance. 
 
6 Conclusion 
 
This study provides compelling evidence that incorporating operational efficiency—measured through DEA—significantly 
enhances the predictive accuracy of financial performance models. By leveraging a Super Learner ensemble framework, 
which integrates RF and CatBoost algorithms with a linear regression meta-learner, the research demonstrates that efficiency 
is not only a statistically significant predictor but also one of the most influential factors shaping firm outcomes. The 
improvement in predictive performance, as indicated by the increase in R² from 0.574 to 0.612, underscores the added value 
of DEA in capturing dimensions of operational effectiveness that are often overlooked by traditional financial metrics. 
 
The findings carry important implications for various stakeholders. For corporate managers, the results highlight the critical 
role of operational efficiency, working capital management, and prudent capital structure in driving financial performance. 
This suggests that beyond financial reporting, attention to internal resource utilization can yield substantial strategic benefits. 
Investors and financial analysts can use efficiency scores as complementary indicators when assessing firm quality and future 
profitability, particularly in emerging markets where conventional financial signals may be noisy or distorted. Policymakers 
and regulators, especially in developing economies like Egypt, may also find value in promoting transparency and 
benchmarking practices that encourage firms to enhance their efficiency, ultimately contributing to broader economic 
development and competitiveness. Despite its contributions, the study is not without limitations. First, the sample is limited 
to non-financial firms listed on the Egyptian Stock Exchange, which may restrict the generalizability of the findings to other 
contexts or industries. Second, while DEA provides a robust framework for measuring efficiency, it does not account for 
random noise or measurement errors, which stochastic frontier models might better capture. Third, although the Super Learner 
ensemble improves prediction, it adds model complexity and requires higher computational resources. Future research can 
address these limitations by extending the analysis to different sectors, countries, or time periods to enhance external validity. 
Incorporating alternative efficiency measures, such as Stochastic Frontier Analysis (SFA) or hybrid DEA-SFA models, may 
offer a more nuanced understanding of financial performance dynamics. 
 
In conclusion, this study bridges a critical gap between theoretical insights and practical application by demonstrating that 
operational efficiency is not only conceptually important but also empirically potent in predicting financial performance. By 
combining frontier efficiency analysis with cutting-edge ML, it provides a scalable and interpretable framework for 
performance forecasting, offering tangible benefits for both academic inquiry and real-world decision-making. 
 

Acknowledgment  

This study is supported via funding from Prince Sattam bin Abdulaziz University project number (PSAU/2025/R/1447). 

References 
 
Adnan Aziz, M., & Dar, H. A. (2006). Predicting corporate bankruptcy: where we stand? Corporate Governance: The 

International Journal of Business in Society, 6(1), 18–33. 
Amirteimoori, A., & Allahviranloo, T. (2025). Performance and managerial ability analysis in banking sector: a fuzzy data 

envelopment analysis approach. Soft Computing. https://doi.org/10.1007/s00500-025-10556-5 
Anand, V., Brunner, R., Ikegwu, K., & Sougiannis, T. (2019). Predicting profitability using machine learning. Available at 

SSRN 3466478. 
Arno, H., Mulier, K., Baeck, J., & Demeester, T. (2025). Business Failure Prediction From Textual and Tabular Data With 

Sentence-Level Interpretations. Annals of Operations Research, 1–26. 



G. M. Ali  /Journal of Project Management 11 (2026) 

 

 

167 

Baik, B., Chae, J., Choi, S., & Farber, D. B. (2013). Changes in operational efficiency and firm performance: A frontier 
analysis approach. Contemporary Accounting Research, 30(3), 996–1026. 

Barney, J. (1991). Firm resources and sustained competitive advantage. Journal of Management, 17(1), 99–120. 
Borchert, P., Coussement, K., De Caigny, A., & De Weerdt, J. (2023). Extending business failure prediction models with 

textual website content using deep learning. European Journal of Operational Research, 306(1), 348–357. 
Caves, R.E., & Barton, D.R. (1990). Efficiency in U.S. manufacturing industries. 194. 

https://mitpress.mit.edu/9780262031578/efficiency-in-u-s-manufacturing-industries/ 
Charnes, A., Cooper, W. W., & Rhodes, E. (1978). Measuring the efficiency of decision making units. European Journal of 

Operational Research, 2(6), 429–444. 
Chuan’Chewie’Ang, T., Azad, A. S. M. S., Pham, T. A. T., & Zhong, A. (2021). Firm efficiency and stock returns: Australian 

evidence. International Review of Financial Analysis, 78, 101935. 
Cooper, W. W., Seiford, L. M., & Tone, K. (2007). Data envelopment analysis: a comprehensive text with models, applications, 

references and DEA-solver software (Vol. 2). Springer. 
Dahunsi, O. J., & Soetan, O. R. (2022). Resource-use efficiency and firm performance in Nigeria’s manufacturing industry. 

Economy, 9(1), 1–8. 
D’Amato, V., D’Ecclesia, R., & Levantesi, S. (2024). Firms’ profitability and ESG score: A machine learning approach. 

Applied Stochastic Models in Business and Industry, 40(2), 243–261. https://doi.org/10.1002/ASMB.2758 
Dash, R. K., Nguyen, T. N., Cengiz, K., & Sharma, A. (2023). Fine-tuned support vector regression model for stock 

predictions. Neural Computing and Applications, 35(32), 23295–23309. https://doi.org/10.1007/S00521-021-05842-
W/METRICS 

Demerjian, P., Lev, B., & McVay, S. (2012). Quantifying managerial ability: A new measure and validity tests. Management 
Science, 58(7), 1229–1248. 

Dey, R., & Mathur, R. (2023). Ensemble learning method using stacking with base learner, a comparison. International 
Conference on Data Analytics and Insights, 159–169. 

Dorogush, A. V., Ershov, V., & Gulin, A. (2018). CatBoost: gradient boosting with categorical features support. ArXiv Preprint 
ArXiv:1810.11363. 

Dudu, H., & Kilicaslan, Y. (2009). Concentration, profitability and (in) efficiency in large scale firms. In Productivity, 
efficiency, and economic growth in the Asia-Pacific region (pp. 39–58). Springer. 

Erdebilli, B., & Devrim-İçtenbaş, B. (2022). Ensemble Voting Regression Based on Machine Learning for Predicting Medical 
Waste: A Case from Turkey. Mathematics 2022, Vol. 10, Page 2466, 10(14), 2466. 
https://doi.org/10.3390/MATH10142466 

Färe, R., Grosskopf, S., Lindgren, B., & Roos, P. (1992). Productivity changes in Swedish pharamacies 1980–1989: A non-
parametric Malmquist approach. Journal of Productivity Analysis, 3(1), 85–101. 

Geoffrey Love, E., & Nohria, N. (2005). Reducing slack: The performance consequences of downsizing by large industrial 
firms, 1977–93. Strategic Management Journal, 26(12), 1087–1108. 

Greene, W. H., & Segal, D. (2004). Profitability and efficiency in the US life insurance industry. Journal of Productivity 
Analysis, 21, 229–247. 

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2013). An introduction to statistical learning (Vol. 112, Issue 1). Springer. 
Jensen, M. C., & Meckling, W. H. (1976). Theory of the firm: Managerial behavior, agency costs and ownership structure. 

Journal of Financial Economics, 3(4), 305–360. https://doi.org/10.1016/0304-405X(76)90026-X 
Kuhn, M. (2008). Building predictive models in R using the caret package. Journal of Statistical Software, 28, 1–26. 
Kunapuli, G. (2023). Ensemble Methods for Machine Learning. Simon and Schuster. 
Kwak, S. K., & Kim, J. H. (2017). Statistical data preparation: management of missing values and outliers. Korean Journal 

of Anesthesiology, 70(4), 407. https://doi.org/10.4097/KJAE.2017.70.4.407 
Ladds, M. A., Thompson, A. P., Kadar, J.-P., J Slip, D., P Hocking, D., & G Harcourt, R. (2017). Super machine learning: 

improving accuracy and reducing variance of behaviour classification from accelerometry. Animal Biotelemetry, 5, 1–9. 
Lee, S., Nguyen, N., Karamanli, A., Lee, J., & Vo, T. P. (2023). Super learner machine‐learning algorithms for compressive 

strength prediction of high performance concrete. Structural Concrete, 24(2), 2208–2228. 
Leibenstein, H. (1966). Allocative efficiency vs." X-efficiency". The American Economic Review, 56(3), 392–415. 
Lukason, O., & Laitinen, E. K. (2019). Firm failure processes and components of failure risk: An analysis of European 

bankrupt firms. Journal of Business Research, 98, 380–390. 
Lundberg, S. M., Erion, G., Chen, H., DeGrave, A., Prutkin, J. M., Nair, B., Katz, R., Himmelfarb, J., Bansal, N., & Lee, S.-

I. (2020). From local explanations to global understanding with explainable AI for trees. Nature Machine Intelligence, 
2(1), 56–67. https://doi.org/10.1038/s42256-019-0138-9 

Mohammed, A., & Kora, R. (2023). A comprehensive review on ensemble deep learning: Opportunities and challenges. 
Journal of King Saud University - Computer and Information Sciences, 35(2), 757–774. 
https://doi.org/10.1016/J.JKSUCI.2023.01.014 

Montesinos, A. (2022). Profit prediction based on financial statements using deep neural network. 2022 IEEE World AI IoT 
Congress (AIIoT), 533–537. 

Mousa, G. A., Elamir, E. A. H., & Hussainey, K. (2022). Using machine learning methods to predict financial performance: 
Does disclosure tone matter? International Journal of Disclosure and Governance, 19(1), 93–112. 
https://doi.org/10.1057/s41310-021-00129-x 



 168 

Naimi, A. I., & Balzer, L. B. (2018). Stacked generalization: an introduction to super learning. European Journal of 
Epidemiology, 33, 459–464. 

Nandy, A., & Singh, P. K. (2020). Farm efficiency estimation using a hybrid approach of machine-learning and data 
envelopment analysis: Evidence from rural eastern India. Journal of Cleaner Production, 267, 122106. 
https://doi.org/10.1016/J.JCLEPRO.2020.122106 

Nguyen, G. X., & Swanson, P. E. (2009). Firm characteristics, relative efficiency, and equity returns. Journal of Financial 
and Quantitative Analysis, 44(1), 213–236. 

Nguyen, X. C., Nguyen, T. T. H., La, D. D., Kumar, G., Rene, E. R., Nguyen, D. D., Chang, S. W., Chung, W. J., Nguyen, X. 
H., & Nguyen, V. K. (2021). Development of machine learning - based models to forecast solid waste generation in 
residential areas: A case study from Vietnam. Resources, Conservation and Recycling, 167, 105381. 
https://doi.org/10.1016/J.RESCONREC.2020.105381 

Önder, E., & Altintaş, A. T. (2017). Financial performance evaluation of Turkish construction companies in Istanbul Stock 
Exchange (BIST). International Journal of Academic Research in Accounting, Finance and Management Sciences, 7(3), 
108–113. 

Peng, Z., Zhang, Y., & Sun, T. (2025). Big Data-Driven Carbon Trading and Industrial Firm Value Based on DEA and DID. 
Journal of Theoretical and Applied Electronic Commerce Research 2025, Vol. 20, Page 43, 20(1), 43. 
https://doi.org/10.3390/JTAER20010043 

Perroni, M. G., Veiga, C. P. da, Forteski, E., Marconatto, D. A. B., da Silva, W. V., Senff, C. O., & Su, Z. (2024). Integrating 
Relative Efficiency Models with Machine Learning Algorithms for Performance Prediction. SAGE Open, 14(2). 
https://doi.org/10.1177/21582440241257800/ASSET/96C69FFD-5A2F-4D8C-A3DF-
91DCF440DB31/ASSETS/IMAGES/LARGE/10.1177_21582440241257800-FIG10.JPG 

Phillips, R. V, Van Der Laan, M. J., Lee, H., & Gruber, S. (2023). Practical considerations for specifying a super learner. 
International Journal of Epidemiology, 52(4), 1276–1285. 

Porter, M. E. (1981). The Contributions of Industrial Organization to Strategic Management. The Academy of Management 
Review, 6(4), 609. https://doi.org/10.2307/257639 

Sánchez, J. C. M., Mesa, H. G. A., Espinosa, A. T., Castilla, S. R., & Lamont, F. G. (2025). Improving wheat yield prediction 
through variable selection using Support Vector Regression, Random Forest, and Extreme Gradient Boosting. Smart 
Agricultural Technology, 100791. 

Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic management. Strategic Management Journal, 
18(7), 509–533. 

Thabet, H. H., Darwish, S. M., & Ali, G. M. (2024). Measuring the efficiency of banks using high-performance ensemble 
technique. Neural Computing and Applications, 1–19. https://doi.org/10.1007/S00521-024-09929-Y/TABLES/5 

Thien, N. H., Asif, J., Kweh, Q. L., & Ting, I. W. K. (2024). Firm efficiency and corporate performance: the moderating role 
of controlling shareholders. Benchmarking: An International Journal, 31(8), 2602–2623. 

Ting, I. W. K., Asif, J., Kweh, Q. L., & Phuong, T. T. K. (2024). Mediating effect of firm efficiency on the controlling 
shareholdings–firm performance nexus: evidence from public listed firms in Malaysia. Financial Innovation, 10(1), 1–20. 
https://doi.org/10.1186/S40854-023-00518-X/TABLES/8 

Tutcu, B., Kayakuş, M., Terzioğlu, M., Ünal Uyar, G. F., Talaş, H., & Yetiz, F. (2024). Predicting Financial Performance in 
the IT Industry with Machine Learning: ROA and ROE Analysis. Applied Sciences, 14(17), 7459. 

Van der Laan, M. J., Polley, E. C., & Hubbard, A. E. (2007). Super learner. Statistical Applications in Genetics and Molecular 
Biology, 6(1). 

Vukovic, D. B., Spitsina, L., Gribanova, E., Spitsin, V., & Lyzin, I. (2023). Predicting the performance of retail market firms: 
regression and machine learning methods. Mathematics, 11(8), 1916. 

Williamson, O. E. (2008). The economic institutions of capitalism. The Political Economy Reader: Markets as Institutions, 
27. 

Wong, J., Manderson, T., Abrahamowicz, M., Buckeridge, D. L., & Tamblyn, R. (2019). Can hyperparameter tuning improve 
the performance of a super learner?: a case study. Epidemiology, 30(4), 521–531. 

Ylinen, M., & Ranta, M. (2024). Employer ratings in social media and firm performance: Evidence from an explainable 
machine learning approach. Accounting & Finance, 64(1), 247–276. https://doi.org/10.1111/ACFI.13146 

Yu, Y.-S., Barros, A., Tsai, C.-H., & Liao, K. H. (2014). A comparison of ratios and data envelopment analysis: Efficiency 
assessment of Taiwan public listed companies. International Journal of Academic Research in Accounting, Finance and 
Management Sciences, 4(1), 212–219. 

Zhou, M., Liu, H., & Hu, Y. (2022). Research on corporate financial performance prediction based on self‐organizing and 
convolutional neural networks. Expert Systems, 39(9), e13042. 

  
  

    

© 2026 by the authors; licensee Growing Science, Canada. This is an open access article 
distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) 
license (http://creativecommons.org/licenses/by/4.0/). 

 


	6 Conclusion

