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Abstract: Small companies are a critical component of the U.S. economy, providing jobs, innovations 

and economic growth. However, many small businesses suffer financial difficulties because they 

lack access to capital, are not operating efficiently and due to market fluctuations, they default on 

their loans and businesses fail to succeed. The traditional predictive models are limited in 

interpretability for the decision-makers and mainly aim to predict failure of the business without 

taking into account the costs of misclassification. This study introduces a new framework, a Cost-

Sensitive, Explainable Artificial Intelligence (AI) Framework, which goes beyond the prediction of 

failure and also determines actionable pathways for recovery for U.S. small businesses. The 

proposed framework involves the use of the National Small Business Administration (SBA) Loan 

Dataset (SBAnational.csv) which contains 899,164 loan records and 27 business and loan related 

variables to build predictive models for financial distress. The data is extensively preprocessed and 

engineered, after which various machine learning techniques, such as Logistic Regression, Decision 

Tree, Random Forest, XGBoost, LightGBM and CatBoost are tested under a cost-sensitive learning 

approach to reduce the financial harm of non-symmetric misclassification errors. The use of 

Explainable AI (XAI) techniques like SHAP and LIME allows for the extraction of insights from the 

models, thereby helping to identify factors that are crucial for business distress, including loan 

characteristics, business size, industry classification, and financing conditions. This is a novel 

approach of translating AI-generated explanations into actionable recovery paths, which enables 

informed managerial decision making, such as recommendations to enhance liquidity management, 

financing structures and operational risk management, and long-term business resilience. The 

accuracy, precision, recall, F1 score, ROC-AUC, Balanced accuracy, Matthews correlation 

coefficient, and cost-sensitive evaluation metrics are used to evaluate the model performance. The 

proposed framework will add to the domains of Business Analytics and Explainable AI by 

combining the three pillars of predictive accuracy, interpretability, and practical decision support 

in one. The results will help small business owners, financial institutions, policy makers, and the 

U.S. Small Business Administration to proactively detect financial distress and take evidence-based 

recovery measures to enhance the sustainability and resilience of small businesses. 
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1. Introduction 

Background  

Small businesses are known to be the lifeblood of the U.S. economy, accounting for a 

significant share of employment opportunities, innovations, entrepreneurship, and 

economic growth in the nation. These businesses make up a large percentage of businesses 

and provide many jobs in a variety of industries [1]. Although they are essential to the 

economy, many small enterprises face ongoing financial problems with their access to 

capital, inconsistent demand, business inefficiency, economic instability, and consumer 

tastes. These difficulties can lead to loan default, economic distress and business collapse, 

negatively affecting the financial institutions, employees and the economy in general as 

well as the business owner [2]. With the advent of Artificial Intelligence (AI) and Machine 

Learning (ML), business analytics has revolutionized, as organizations can make decisions 

based on the prediction of large-scale financial and operational data. Many studies have 

created machine learning models based on financial ratios, loan details, and business 

attributes to predict both the occurrence of bankruptcy and financial distress. There are 

many conventional prediction models that focus on maximizing classification accuracy, 

but that do not account for the different economic impacts of various kinds of prediction 

errors [3]. When a business lender overlooks a business that is high risk, there can be 

significant losses in business dollars; and when a business lender believes a business is 

distressed when it's actually healthy, there can be losses of business dollars [4]. As such, it 

is important to consider asymmetric misclassification costs when building prediction 

systems instead of just considering traditional prediction measures. Moreover, many of 

these advanced AI systems are ‘black box' and generate highly accurate predictions with 

little insight into the factors that affect their decision-making [5]. This lack of 

understanding can limit the trust of the manager and adoption of the concept for financial 

decisions [6]. This, in turn, suggests the need to combine cost-sensitive learning with 

Explainable Artificial Intelligence (XAI) to create decision support systems that are 

transparent, reliable, and actionable, which not only can help identify financial distress 

businesses but also provide value-added information for business resilience and 

sustainability. 

Importance of Cost-Sensitive and Explainable AI in Small Business Financial 

Distress Prediction  

The growing amount of financial and business information has led to organizations 

turning to AI in order to forecast a company's financial condition and also help the strategic 

decision making process [7]. However, many current predictive models focus on the 

overall classification accuracy only and do not take into account the financial impact of the 

various kinds of prediction errors. The price of misjudging a business in need of financing 

instead of one that is truly in trouble is far higher than that of misjudging a healthy 

business as high risk in small business financing [8]. To overcome this issue, cost-sensitive 

machine learning incorporates different penalties on false positive and false negative 

predictions to generate models that more closely align to real-world financial risk and 

better enhance decision quality. Beyond accuracy, transparency is now a must have part 

of AI-based decision support. Financial institutions, policy makers and business owners 

need to understand the results of the models before lending investment or operation [9]. 

Explanation AI (XAI) methods like SHAP and LIME improve transparency by highlighting 

which variables are most relevant to the results of problem predictions and how individual 

company characteristics relate to problems of financial distress. These explanations are 

valuable for building trust among stakeholders, ensuring compliance with regulations, 

and fostering ethical implementation of AI. By integrating cost-sensitive learning with 

Explainable AI, a holistic AI system can be developed that not only improves the accuracy 

of financial distress predictions but also provides actionable recommendations to enhance 

business performance [10]. This can help decision-makers recognize and prioritize 
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corrective measures to address key financial vulnerabilities, allocate resources effectively, 

and develop evidence-based recovery strategies [11]. Therefore, predictive analytics, 

explainability, and actionable business intelligence are impressive developments for 

supporting the sustainability and resilience of U.S. small businesses in the long run.  

Problem Statement  

The various machine learning business failure prediction models have been 

developed, but most of them focused mainly on the prediction accuracy without 

considering the different financial effects of misclassification errors. A number of top-

performing AI models are black-box systems, which make them less transparent and can 

diminish the trust of stakeholders in key financial decisions [12]. More importantly, 

traditional financial distress prediction models usually end their analysis at a diagnosis of 

financial distress and fail to give practical advice to help businesses remediate their 

financial situation [13]. This research overcomes these challenges by developing a cost-

sensitive, interpretable AI model that not only forecasts financial distress of small 

businesses in the United States but also reveals interpretable risk factors and transforms 

them into actionable recovery pathways to guide managers and financial decision makers 

in recovery. 

Objectives of the Study  

The following is the aim of the study:  

● To design an ML model that captures financial distress for small businesses in the 

United States, taking into account their cost.  

● To evaluate and compare several machine learning methods with cost-sensitive 

evaluation metrics [14].  

● To determine which of the financial and business attributes are most significant for 

small business financial distress.  

● To improve model transparency with the help of XAI methods such as SHAP and 

LIME.  

● To spot actionable recovery pathways using AI generated explanations for how to 

make the business more resilient.  

● To create an intelligent decision support system for business owners, financial 

institutions and policymakers.  

Research Questions  

To address the aforementioned issues, the following research questions are raised:  

● What is the predictive performance of cost-sensitive machine learning in financial 

distress for U.S. small businesses?  

● What are the most important financial and business variables to predict financial 

distress?  

● What are the benefits of EAI in making financial distress prediction models more 

transparent and interpretable?  

● What kind of explanations can be produced using AI and how can these be translated 

into actionable recovery paths for U.S. small businesses that can lead to sustainable 

decision-making? 

Significance of the Study 

 The current research is among the most recent studies in the areas of Business 

Analytics, Artificial Intelligence and financial risk management, introducing an integrated 

framework of combining cost-sensitive machine learning with Explainable AI for the 

prediction of financial distress in small and medium enterprises from the U.S. market. The 

proposed framework also considers the uneven cost of misclassification and provides 

greater transparency and usability of the models, rather than emphasizing classification 
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accuracy [15]. The framework can be augmented by site-specific explainability techniques 

which allow business owners, financial institutions, and policy makers to better 

comprehend the factors that contribute to financial distress and make sound decisions that 

are informed by evidence. The study also has significant practical application to the 

sustainability of small business [16]. The proposed framework is not just about finding 

businesses that might fail, it also provides a framework for the recovery. The way the 

framework works is by using AI to generate insights, and then to turn those insights into 

actionable recovery pathways that help businesses to manage their liquidity, optimize 

financing, reduce risks, and enhance their long-term resilience [17]. All these 

recommendations go towards preventive measures before it gets out of hand. This study 

builds on previous work that explores the use of these technologies and their specific 

interaction by combining cost-sensitive learning, explainable AI and decision-support 

analytics into one system tailored for U.S. small businesses [18]. The results will serve as a 

good reference for those who continue to study financial distress prediction, explainable 

machine learning and intelligent business decision-support systems [19]. This study 

showcases the potential to translate complex analytics into actionable business insights to 

help sustain business growth, improve lending decisions and foster greater economic 

resilience in the U.S. small business ecosystem. 

Predicting Financial Distress using Artificial Intelligence and Cost-Sensitive 

Machine Learning 

Financial distress prediction is a crucial research field in business analytics as it allows 

organizations and financial institutions to take preventive measures before the financial 

distress of a company occurs. Many statistical models have been applied to the problem of 

predicting bankruptcy and loan default based on financial ratios and business 

performance measures, such as logistic regression and discriminant analysis [20]. These 

techniques produce interpretable results, but can be less effective in modeling complex, 

nonlinear relationships in large financial data sets. As a result, machine learning 

algorithms like Decision Trees, Random Forests, Support Vector Machines, Gradient 

Boosting, XGBoost, LightGBM, and CatBoost have been increasingly used to enhance 

predictive power in the last few years. These algorithms are able to identify and learn 

hidden patterns in multidimensional financial data and have proven to be more successful 

than traditional statistical methods [21]. Despite these developments, there are still many 

of these prediction models that maximize the accuracy of the overall prediction task and 

do not take into account the different economic implications of prediction errors [22]. In 

the outside world, where the business landscape is far more varied and complex, it is 

possible to misjudge a high-risk business as financially sound and end up losing a lot of 

money, while it is far less likely to be a bad bet for a healthy business [23]. The challenge 

is solved in cost-sensitive machine learning by using different penalties for false positive 

and false negative predictions, so that predictive models can minimize financial loss 

instead of maximizing prediction accuracy [24]. Recent research has demonstrated how 

the integration of cost-sensitive learning helps to make better risk decisions, better decision 

quality and more responsible lending [25]. Few studies, however, have combined cost-

sensitive learning specifically in the context of U.S. small business financial distress, 

offering a chance to derive more practically viable and economically viable predictive 

models. 
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Figure 1. The figure illustrates an AI model that accurately forecasts financial 

distress in U.S. small businesses, while also being cost-efficient 

The proposed AI and Cost-Sensitive ML framework for Financial Distress predication 

in Small businesses (SBs) in the United States is shown in figure 1. The framework starts 

with the data collection from the SBA National Loan Dataset, followed by data 

preprocessing steps, such as data cleaning, handling missing values, data encoding, 

scaling, and train–test splitting. Financial Statement and Business Indicators for Model 

Development are Feature engineering involves taking meaningful indicators that are 

present in the financial statements or in the business and liquidity to be used in developing 

the model, such as profitability and operational indicators [26]. Financial distress is 

predicted using multiple machine learning algorithms such as Logistic Regression, 

Decision Tree, Random Forest, Support Vector Machine, Gradient Boosting, XGBoost, 

LightGBM, and CatBoost. The framework incorporates cost-sensitive learning by setting 

stricter penalties for false negative predictions, which helps to reduce cost of the system 

[27]. Performance is measured by traditional measures as well as a cost based measure and 

the outcomes focus on better risk assessment, responsible lending, identifying distress 

early and providing actionable decision support on how to strengthen small business 

resilience.  

Explainable Artificial Intelligence and Decision Support for Actionable Business 

Recovery  

With the growing role of AI in financial decision-making, the need for transparency 

and interpretability has become a critical necessity for AI systems to be trusted. Often, 

advanced ensemble learning algorithms offer high predictive power, but lack transparency 

of the model, giving little information about how decisions are reached [28]. This lack of 

interpretability undermines managers' willingness to accept the findings, diminishes 

confidence among stakeholders, and poses difficulties with regulatory compliance 

especially in financial risk assessment and lending decisions. Explainable Artificial 

Intelligence (XAI) has, therefore, become a topic of great interest that can help enhance the 

transparency of machine learning predictions. Methods like SHAP (Shapley Additive 

Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) can offer 

insights into the global and local nature of the predictions by analyzing the impact of 

individual variables [29]. The literature shows that explainability can build trust with 

stakeholders and make predictive analytics actionable decision support. Through 

highlighting these key financial, operational, and business-related risk indicators, XAI 

helps managers and financial institutions determine the reasons behind a business's 

designation as financially distressed and create intervention strategies specific to those 
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factors [30]. However, the majority of the existing research ends in prediction explanations 

rather than moving on to the practical aspect of recommendations for recovery. There is 

limited research exploring the idea of moving AI-generated explanations from theory into 

practice, specifically with U.S. small businesses [31]. Thus, the infusion of Explainable AI 

and cost-sensitive learning is a significant step forward, bringing together predictive 

accuracy, clarity, and decision guidance in a single framework [32]. This helps 

organizations gain a better understanding of their high-risk businesses, priorities the 

correct actions, enhance financial resiliency and plan for the long-term sustainability of 

their business through evidence-based recovery planning. 

 

 

 

Figure 2. This image displays an explainable AI framework for actionable business 

recovery and decision support 

In Figure 2, the proposed Explainable Artificial Intelligence (XAI) and Decision 

Support framework for identifying actionable business Recovery pathways in U.S. small 

businesses is shown. The framework starts with the collection of data on SBA loans, then 

preprocesses the data, and then uses ensemble machine learning algorithms to predict 

financial distress risk. Then, explainable AI methods like SHAP and LIME are used to give 

explanations of the results of the predictions, both on the global and local level, by finding 

the most important financial and operational risk factors. These actionable findings help 

inform stakeholders of business vulnerabilities and make business recovery 

recommendations [33]. The framework also focuses on implementing targeted corrective 

actions, ongoing performance monitoring and assessing business improvements. It drives 

clear and transparent AI-based decision-making, builds trust among stakeholders, boosts 

financial robustness, and fosters long-term sustainability for U.S. small businesses.  

Empirical Study 

In the article Predictive Modeling for Small Business Bankruptcy Risk: Techniques, 

Challenges, and Policy Implications by Mayowa Emmanuel (2025), the author examines 

the growing importance of predictive modeling as a strategic tool for assessing bankruptcy 

risk among small businesses. Several statistical and machine learning methods such as 

Logistic Regression, Decision Trees, Support Vector Machines (SVM), Random Forests and 

Deep Learning architectures are reviewed and discussed for their application in predicting 

financial distress and assisting in credit risk analysis. The author highlights the importance 

of not only selecting the right algorithm, but also using good data, feature engineering to 

improve the predictive performance, and the proper interpretability of the model [1]. The 

article highlights some ongoing problems encountered in bankruptcy prediction: class 

imbalance, data scarcity, small businesses' heterogeneous nature, and the evolving nature 
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of financial distress measures. In addition to technical aspects, the article also addresses 

the policy implications of predictive analytics, such as the potential for using the models 

to bolster early-warning systems, enhance SME lending frameworks, and inform use of 

financial interventions to improve business resilience. The results of the aforementioned 

studies lay a solid theoretical foundation for the current study, which is an extension of 

the previous research by adding the concept of actionable recovery pathways for U.S. small 

businesses to the financial distress prediction through the utilization of a combination of 

cost-sensitive machine learning and EAI concepts. The proposed framework aims to 

overcome both technical and managerial constraints mentioned in the literature, while also 

providing predictive accuracy and transparency and supporting financial risk 

management in a more sustainable way. 

Chuhong Wang, Yang Lin, and Xingfei Liu (2025) present and test an Artificial 

Intelligence-driven Financial Health Index for measuring financial resilience of digital 

entrepreneurs in the post-pandemic economy. The study evaluates demographic, 

behavioral, and digital activity variables and incorporated ensemble machine learning 

methods such as Random Forest, XGBoost, and Neural Networks with SHAP (Shapley 

Additive Explanations) based on multi-source datasets gathered from digital 

entrepreneurs in China, finding the key variables that affect their financial health. Results 

show that age, level of education, payment habits of utility bills, borrowing status, living 

outside cities and towns, and digital transactions are significant factors that affect financial 

resilience and vulnerability. The authors highlight the importance of EAI for enhancing 

the transparency of model predictions, user trust and evidence-based financial decision 

making. The proposed Financial Health Index gives practical guidance to individuals, 

financial institutions and policymakers, and facilitates adaptive financial assessments and 

financial inclusion [2]. The study illustrates how ensemble learning and explainability can 

result in powerful predictive models that can tackle complex financial risk scenarios. The 

present research is also valuable with findings similar to the ones provided, which also use 

Explainable Artificial Intelligence in financial risk prediction. The current study's 

contribution to the literature is its application of cost-sensitive machine learning (CSML) 

to consider the unequal costs of prediction errors explicitly and its conversion of 

predictions into actionable recovery pathways for U.S. small businesses within the context 

of the SBA loan dataset. This broader approach to decision support is useful for improving 

financial distress prediction, providing better transparency of financial models, and better 

sustainable risk management and for improving practical business recovery planning. 

In the article Implementing AI-Driven Decision Support Systems in Data 

Management by Shabir Ahmad and Yazeed Alshuaibany (2026), the authors propose an 

Artificial Intelligence-driven Decision Support System (DSS) that integrates machine 

learning, class-imbalance mitigation, explainability, and cost-sensitive decision logic to 

improve operational decision-making in credit card fraud detection. It uses a publicly 

available Credit Card Fraud dataset from Kaggle and tests a number of supervised 

algorithms such as Logistic Regression, Random Forest and XGBoost, but also handles the 

serious class imbalance by using the Synthetic Minority Oversampling Technique 

(SMOTE). They choose Precision–Recall Area under the Curve (PR–AUC) as the key 

performance indicator since it is better suited to the evaluation of models when data is 

highly imbalanced, and use Recall, Precision, F1-score, and ROC–AUC as complementary 

performance indicators. Moreover, a probability calibration and cost sensitive threshold 

optimization process is integrated to categorize transactions as low/high risk to enhance 

practical decision support [3]. The framework incorporates SHapley Additive explanations 

(SHAP) for improved transparency and user trust, offering both global and local 

explanations for model predictions. The study shows that XGBoost not only outperforms 

the other models in predictive power but also in providing robust risk classification and 

interpretability, underscoring the critical need for accuracy and transparency in decision-

making. The results of this research also lend strong support to the methodological basis 
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of the current study, which also combines cost sensitive machine learning and Explainable 

Artificial Intelligence in the context of financial distress prediction. In contrast to the fraud 

detection context studied, the current study investigates the use of these techniques for 

predicting financial distress among U.S. small businesses, using the SBAnational.csv 

dataset, and expands the decision-support process by providing actionable recovery 

pathways. This wider framework goes beyond simply identifying financially vulnerable 

businesses, it also offers tangible recovery suggestions that increases business resilience, 

better lending choices, and sustainable financial risk management. 

2. Methodology 

The methodology outlines a systematic approach to the design and assessment of a 

Cost-Sensitive Explainable Artificial Intelligence (XAI) model to predict financial distress 

and design actionable financial recovery pathways in U.S. small businesses [34]. It involves 

research design, data set selection, data pre-processing, feature engineering, machine 

learning model design, explainability analysis, and performance evaluation and more, all 

aimed at providing accurate, transparent, and useful decision support. 

 

Figure 3. This image shows the proposed methodology of cost-sensitive Explainable 

Artificial Intelligence (XAI) to predict financial distress in small businesses 

The proposed comprehensive methodology framework for the development of a 

Cost-Sensitive, Explainable Artificial Intelligence (XAI) model to identify actionable 

recovery pathways for U.S. small businesses is presented in Figure 3. The framework starts 

with research design, and it is followed by data description, systematic data pre-

processing, and feature engineering to achieve the goal of obtaining high-quality data for 

machine learning analysis [35]. A number of supervised learning algorithms trained in a 

cost-sensitive learning environment are then implemented to reduce financial penalties for 

misclassification errors. The prediction results are explained using Explainable AI 

techniques, such as SHAP and LIME, to highlight financial distress factors [36]. The 

framework then converts these explainable insights into actionable recovery pathways, 

and tests the performance of the models against the traditional and cost-sensitive metrics 

[37]. The methodology provides intelligent decision support to the benefit of business 

owners, financial institutions, investors, policy makers and the economy as a whole in the 

form of clear and transparent financial risk management based on data.  

Research Design  

The research design used in this study is a quantitative predictive analytics research 

design which will be used to develop and test the Cost-Sensitive Explainable Artificial 

Intelligence (XAI) framework for identifying actionable recovery pathways in U.S. small 

businesses. The study adopts an experimental approach and trains and evaluates different 
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supervised machine learning algorithms on historical loan information from the U.S. Small 

Business Administration (SBA). The quantitative approach is suitable, because it allows a 

systematic analysis of large-scale structured data and allows the objective measure the 

performance of the models by using statistical evaluation metrics [38]. The proposed 

framework combines Business Analytics, Supervised Machine Learning, and Cost-

Sensitive Learning and Explainable Artificial Intelligence techniques, to provide better 

financial distress prediction and also increase the transparency of the models [39]. In 

contrast to traditional prediction studies which focus mostly on maximizing the accuracy 

of the prediction, this research incorporates asymmetric misclassification costs by 

imposing higher penalty on false negative prediction and thus reducing financial losses 

caused by the failure of detecting business distress. Several machine learning models, such 

as Logistic Regression, Decision Tree, Random Forest, XGBoost, LightGBM and CatBoost 

are compared using a comparative experimental design. Moreover, the system includes 

Explainable Artificial Intelligence techniques like SHAP and LIME to offer understandable 

explanations for the model's predictions [40]. These explanations help stakeholders 

appreciate the underlying causes which are contributing to financial distress and facilitate 

evidence-based decision making [41]. The overall research design involves developing an 

intelligent decision support framework that includes predictive accuracy, cost sensitive 

optimization, and model interpretability to recommend recovery pathways for financially 

challenged U.S. small businesses. 

Dataset Description  

The SBAnational.csv data is used as the primary data source for this research to create 

and validate the proposed predictive framework. This data set includes 27 business and 

loan variables and 899,164 loan records from 1987 to 2014 of loans guaranteed by the SBA. 

It offers rich data on business features, loan application information, loan terms, hiring 

data, industry categories, and loan outcome for a wide variety of U.S. small businesses. 

Some predictor variables are important and included in the dataset: business location, 

industry code (NAICS), number of employees, loan approval amount, disbursement 

amount, repayment term, revolving credit status, and loan documentation type [42]. The 

characteristics of the financial and operational aspects of the small businesses are described 

together by these variables and the data set is thus well suited for financial distress 

prediction. The dependent variable, MIS_Status is whether the loan was Paid in Full (P I 

F) or Charged Off (CHGOFF) and could be used to build a binary classification model to 

identify financially distressed businesses. The proposed machine learning models are 

developed with high sample size and a wide spectrum of industry representation which 

increases the generalizability and robustness of the proposed models [43]. The multitude 

of financial and business-related features enables feature engineering and explainability 

analysis from SHAP and LIME. The SBAnational.csv data set therefore serves as a good 

baseline for the development of cost-aware machine learning models and the creation of 

easily interpretable recovery suggestions for small businesses across the United States. 

Data Preprocessing  

The data pre-processing is an important phase in the proposed methodology as it 

benefits in enhancing data quality, performance of the model and mitigates the effect of 

inconsistencies in the raw data. No duplicate records and non-informative identifier 

variables are eliminated to avoid information leakage, and no redundant identifier 

variables are kept. The data set is then checked for missing values and imputation methods 

are used as appropriate, depending on the nature of the data and each variable [42]. These 

categorical variables, such as business type, industry classification, revolving credit status 

and loan documentation category, are mapped to numbers using appropriate numerical 

coding to enable them to be handled by the machine learning algorithms [43]. Where 

needed, continuous numerical variables are standardized or normalized to ensure that the 

features have appropriate scales and thus facilitate algorithm convergence [44]. Methods 
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for outlier detection are used to identify outlier observations, which can affect prediction 

accuracy or can be used to bias the model's training [45]. Data consistency checks are 

carried out to make sure that financial and loan variables are consistent and therefore 

integrated in the data before developing the model. After pre-processing, feature selection 

is carried out to remove the redundant features and computational complexity [46]. The 

final step is splitting the cleaned data into 80% training set and 20% testing set and the 

model is then trained, validated and tested on the training and testing sets respectively 

without any bias [47]. The following pre-processing techniques lay the foundation of the 

study to ensure a reliable analytical basis for the cost-sensitive machine learning and 

Explainable Artificial Intelligence techniques. 

 

 

Figure 4. This image illustrates the entire machine learning model development data 

pre-processing pipeline 

The data preprocessing pipeline applied is shown in Figure 4, which summarizes all 

the steps taken to clean, transform, and standardize the raw SBA loan data for further 

analysis using machine learning algorithms [48]. The process starts with reduplication, 

removing any duplicate records and non-informative identifier variables (e.g., social 

security number, address) to ensure that information is not leaked. Handling missing 

values with proper statistical methods and then encoding categorical data into numeric 

values suitable for machine learning algorithms. The numerical features are scaled to have 

the same dimensions, and outlier detection and treatment reduce the impact of extreme 

data points [49]. These include data consistency checks and feature selection to ensure data 

integrity and select the most informative variables. The processed data is then split into 

80% training and 20% testing data to ensure an accurate basis for cost-sensitive machine 

learning, Explainable Artificial Intelligence (XAI) and accurate financial distress 

prediction.  

Feature Engineering  

To increase the predictive power of the machine learning models that are considered, 

variables from the financial health of small businesses in the U.S. are selected, transformed, 

and created into meaningful variables through feature engineering [49]. The first step in 

the process is to determine those attributes that are most relevant for the business and loan 

attributes in the SBAnational.csv file [50]. Financial variables include approved loan 

amount, disbursed loan amount, term of the loan, revolving credit status, loan 

documentation type, and SBA guaranteed amount, while business characteristics include 

company size, number of employees, industry classification (NAICS), business type and 

geographic location [51]. These variables give a complete picture of both operational and 
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financial aspects which affect the performance of the business. This involves generating 

derived variables that are derived from the existing variables and transforming the 

categorical variables to numerical encoding [52]. If appropriate, use feature scaling for 

continuous variables to make them consistent with different machine learning algorithms. 

Moreover, correlation analysis and feature importance evaluation are performed to find 

out the most relevant features and to remove features which are highly correlated or 

redundant in order to reduce the complexity of the model [53]. This process decreases 

computation, prevents overfitting, and obtains good generalization ability. The resulting 

optimized feature set is used to build cost-sensitive machine learning models that can 

correctly classify financially distressed businesses and provide transparent and reliable 

Explainable Artificial Intelligence (XAI) analysis. 

Cost-Sensitive Machine Learning Model Development  

The framework utilizes several supervised machine learning models to forecast 

financial distress of U.S. small businesses based on past SBA loan data. Six popular 

classification models are applied: Logistic Regression, Decision Tree, Random Forest, 

XGBoost, LightGBM and CatBoost. These algorithms are chosen as both traditional 

statistical learning techniques and as ensemble learning techniques that are capable of 

capturing complex nonlinear relationships in financial data. The models are trained on the 

processed feature set to classify businesses as financially healthy or financially distressed 

(on the target variable MIS_Status). In contrast to traditional classification techniques 

where all prediction errors are equal, this work combines cost-sensitive learning to deal 

with the different economic impact of misclassification [54]. In lending environments, a 

false negative (financial distressed business identified as healthy) can incur a high price, 

while a false positive (financially healthy business identified as distressed) will typically 

incur comparatively lower costs [55]. However, higher penalties for misclassification are 

given for false negatives by using class weighting and cost-sensitive optimization methods 

for model training [56]. This allows the algorithms to not only maximize prediction 

accuracy, but also minimize expected financial loss [57]. The selected algorithms are 

compared in an experiment to assess their effectiveness under cost-sensitive conditions 

[58]. The best performing model is the one that minimizes the error of prediction, reduces 

costs, and generally is suitable for financial distress prediction for small businesses in the 

USA to be transparent and reliable. 

Explainable Artificial Intelligence  

The proposed framework introduces Explainable Artificial Intelligence (XAI) 

alongside the machine learning prediction models to improve transparency, 

interpretability and stakeholder confidence [59]. Advanced ensemble algorithms like 

Random Forest, XGBoost, LightGBM and CatBoost can sometimes deliver better predictive 

accuracy, but they are often black box models that offer little clarity into how they arrive 

at their predictions [60]. Explainable AI aims to overcome this challenge by providing 

clear, comprehensible explanations for the results of the predictions, which can help to 

build confidence and accountability in the use of AI. To obtain global and local 

explanations of the predictions of the model, this study uses SHAP (Shapley Additive 

Explanations). SHAP can measure the contribution of each feature to the probability of 

financial distress and help stakeholders pinpoint the most important financial and 

business-related risk factors. Moreover, LIME (Local Interpretable Model-Agnostic 

Explanations) is used to interpret models such as deep neural networks by representing 

them with simpler, interpretable models [61]. Feature importance analysis is used to 

further sort the predictor variables by how well they perform the model [22]. These 

explainability methods can collectively be used to decipher why a business is considered 

financially distressed or healthy by business owners, financial institutions and 

policymakers [3]. By incorporating XAI into its models, businesses can enhance 

transparency, boost stakeholder trust, ensure regulatory compliance, and make predictive 
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analytics a more understandable decision-making tool, aiding in informed business 

recovery decisions. 

Development of Actionable Recovery Pathways 

One important aspect of this research is the focus beyond simply predicting financial 

distress to providing measurable pathways for recovery for U.S. small businesses in the 

aftermath of a financial crisis as outputs from explainable AI. Once the prediction models 

have identified a business that are likely to be at risk of financial distress, the explanations 

produced with SHAP and LIME are analyzed to understand what were the most dominant 

financial and operational factors behind each of the predictions [4]. The framework is not 

just a list of the factors that could make a company vulnerable, but an understanding of 

these factors that leads to actionable recommendations to facilitate appropriate action [5]. 

Recovery pathways are created by correlating risk factors and then matching them with 

realistic business improvement strategies. In some cases, companies with liquidity 

concerns might be recommended to manage cash flow and work on optimizing working 

capital, while those with high debt levels could be recommended to restructure their debt 

and the financing options they use [6]. Other suggestions are to cut down on expenses, 

make more money, diversify income, implement better inventory control, and better 

financial planning in general [7]. These targeted interventions help business owners see 

and focus on the corrective actions that can help prevent impending financial distress from 

becoming a business failure [8]. These insights can also inform the development of 

financial institutions and policymakers to create proactive support initiatives and 

responsible lending strategies [9]. The proposed framework combines the power of 

predictive analytics with evidence-based recovery recommendations, creating a holistic 

decision support system to enhance business resilience, long-term sustainability, and 

informed financial management in the U.S. small business ecosystem. 

Model Evaluation  

To assess the performance of the proposed machine learning models, a wide range of 

traditional classification metrics and cost-sensitive evaluation measures are used, 

guaranteeing both predictive accuracy and practical business relevance [10]. In the 

beginning, traditional classification metrics like Accuracy, Precision, Recall, F1-Score, 

ROC-AUC, Precision–Recall AUC, Balanced Accuracy, Matthews' Correlation Coefficient 

(MCC) and Confusion Matrix analysis are used to evaluate the classification ability of each 

algorithm [11]. These metrics will give a comprehensive assessment of the models to 

differentiate financially healthy from financially distressed businesses with class 

imbalance and prediction quality [12]. Other cost-sensitive evaluation metrics have been 

added to the evaluation framework, as the primary goal of this research is to reduce the 

financial impact of errorful predictions [13]. These include EC cost, Cost Savings, False 

Negative Cost, False Positive Cost, and Overall misclassification cost. The focus is on 

minimizing the number of false negatives, because when lenders and other stakeholders 

are not aware of a business's financial difficulties, they may end up losing a lot of money 

[14]. To identify the best model, a comparative analysis is carried out across Logistic 

Regression, Decision Tree, Random Forest, XGBoost, LightGBM, and CatBoost models and 

the best balance of predictive performance, model interpretability and economic impact 

realized [15]. The final model is chosen not just for its statistical accuracy, but because it 

offers clear explanations and reduces the potential financial impact and offers insights that 

can inform effective business decisions and support sustainability in the long-term. 

Conceptual Framework 

The proposed conceptual framework combines cost-sensitive machine learning, 

Explainable Artificial Intelligence (XAI), and decision-support analytics to detect 

financially distressed small businesses in the U.S. and prescribe recovery paths for the 

identified small businesses [12]. The framework starts with the SBAnational.csv data file, 

which includes business characteristics, loan data, financial characteristics, and loan 
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outcome data. In the first phase, data preprocessing and feature engineering are carried 

out to enhance data quality, identify and resolve inconsistencies, and formulate relevant 

predictive features. The processed data is then passed to various supervised machine 

learning models such as Logistic Regression, Decision Tree, Random Forest, XGBoost, 

LightGBM, CatBoost all working in a cost-sensitive learning environment, where a false 

negative prediction comes with a higher penalty, thereby minimizing financial risk [13]. 

After the development of models, the explainable AI techniques, such as SHAP and LIME, 

are used to explain the results of the prediction by determining the most important 

financial and operational indicators of business distress [14]. These are insights that can be 

explained, which empower stakeholders to grasp the “how” and “why”, not just 

prediction outcomes [15]. These risk factors are then converted to recovery plans, such as 

liquidity management, debt restructuring, optimizing working capital, cost reductions and 

profitability support measures [16]. The framework's final product is an intelligent 

decision-support system that increases transparency, better manages financial risk, helps 

make evidence-based managerial decisions and ensures long-term sustainability and 

resilience for U.S. small businesses. 

 

Figure 5. This image demonstrates an explainable AI conceptual framework for 

actionable small business financial recovery 

The proposed Conceptual Framework for identifying actionable recovery pathways 

in U.S. small businesses is presented in Figure 5. The framework starts with the SBA loan 

data set, which is then preprocessed and features engineered to ensure high-quality data 

for predictive modeling [17]. Finally, cost-sensitive machine-learning algorithms are used 

to classify financially distressed businesses with as little impact as possible of costly 

misclassification errors [18]. The techniques used in Explicable AI explain the model's 

prediction by identifying the most influential financial and operational risk factors that 

impact predictions [19]. The explainable insights are then translated into actionable 

recovery strategies which help businesses to be sustainable and resilient [20]. The 

framework culminates in intelligent decision support which creates a transparent, 

evidence-based financial risk management process that benefits the business owner, 

financial institutions, investors, policy makers and the general economy.  
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Dataset 

Screenshot of Dataset 

 

 

(Source Link: https://www.kaggle.com/datasets/maddraf/sbanational-csv) 

Dataset Overview 

This study employs the SBAnational.csv dataset, provided by the United States Small 

Business Administration (SBA), to build and test the proposed cost-sensitive and 

Explainable Artificial Intelligence (XAI) model for forecasting financial distress and 

identifying actionable recovery pathways for small businesses in the United States. This 

data set includes all the 27 business and loan variables for 899,164 loan records for SBA 

backed loans from 1987-2014. It covers all aspects of small business financing by industry, 

geography and business sector in the United States. The data contains a variety of business 

attributes, including: business age, number of employees, is a franchise, industry 

classification, urban or rural location, revolving credit information, low-documentation 

loan status and employment generation, as well as financial attributes such as approved 

loan amount, disbursed loan amount, SBA-guaranteed loan amount, loan terms, 

outstanding balance, and loan approval details. The primary target variable, MIS_Status, 

is binary, with the categories of "Paid in Full (P I F)" and "Charged Off (CHGOFF)," making 

this dataset an ideal for a binary financial distress prediction model. To ensure the quality 

and predictive power of the data, the dataset is thoroughly preprocessed before model 

development, which involves handling missing data, encoding categorical variables, 

standardizing numerical features, detecting outliers, and eliminating irrelevant data. The 

dataset has been compiled from historical loan performance for a large and diverse sample 

of U.S. small businesses and can serve as a ground truth for building a strong machine 

learning model that could distinguish financially vulnerable businesses. In addition, the 

variety and size of data allows for a full-scale analysis of business risk factors and 

application of cost-sensitive learning and Explainable Artificial Intelligence techniques. 

Overall, the SBAnational.csv data set used here will be a useful and representative source 

to assess predictive performance, interpret influential financial conditions, and develop 

https://www.kaggle.com/datasets/maddraf/sbanational-csv
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actionable recovery recommendations, for evidence-based financial decisions, lenders, and 

the long-term resilience and sustainability of small businesses in the United States. 

3. Results 

The results from this study validate the effectiveness of the proposed AI framework 

for predicting financial distress and actionable recovery pathways for U.S. small 

businesses in a cost-sensitive manner and with an explainable approach. The findings are 

presented using a series of analytical visualizations including discussions of loan 

characteristics, default patterns in specific industries, relationships between financial 

features, interpretability of the models, and how well the models predict default. Data 

exploration helps gain insight into the result of the business loans, and by comparing the 

different models, it is confirmed that the proposed framework can correctly identify 

financially stressed businesses and financially healthy businesses. Moreover, Explainable 

Artificial Intelligence (XAI) methods provide insights into the most important factors that 

affect the predictions made by a model, and can help ensure that decisions are made in a 

transparent and evidence-based manner. By incorporating explainable analytics alongside 

cost-sensitive learning, these suggestions for recovery become more real-world applicable 

to maximize sustainable business growth, improve lending decisions, and increase 

financial resilience. 

Analysis of the distribution of Loan Status 

 

Figure 6. This image displays the distribution of paid and defaulted SBA small 

business loans 

The distribution of the loan outcomes in the SBA National Loan Dataset are shown in 

Figure 6 with the variable MIS_Status. The pie chart shows that 82.3% of loans were Paid 

in Full (P I F), indicating that most U.S. small businesses were able to meet their loan 

repayment obligations. By contrast, 17.5% of loans were classified as Charged Off 

(CHGOFF), which means businesses had money issues and could not pay their loans in 

full. There are a small number of missing entries (nan), with only 0.2% of the data missing, 

so that there is very little missing data in the dataset. The class distribution of businesses 

observed shows a moderate imbalance in the number of healthy businesses and distressed 

businesses, with a significant number of businesses successfully repaying their loans 

compared to those that were in need [20]. The imbalance could have significant 

consequences for predictive modelling as traditional machine learning algorithms might 

be inclined to favor the majority class, which would have a negative impact on the ability 

to identify financially distressed businesses [21]. For that reason, the distribution presented 

in Figure 6 gives good arguments for including cost-sensitive learning in the proposed 
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framework, in which the importance of correctly identifying high-risk businesses is 

increased [22]. The analysis overall validates that the data set is appropriate for the 

development of an explainable, cost-sensitive financial distress prediction model, and 

highlights the importance of addressing class imbalance in order to improve the accuracy 

of prediction and facilitate proactive business recovery decision making.  

An analysis of the default rates for various industries 

 

Figure 7. This image shows the default rate of industry by loans in major U.S. small 

business industries 

Figure 7 shows the default rate for each major industry sector of small businesses in 

the U.S. (NAICS 2-digit classification). Notable differences on the extent of financial 

distress are found across industries in the analysis. Businesses in these sectors, Sector 53: 

Real estate and Rental and Leasing (28.7%) and Sector 52: Finance and Insurance (28.4%), 

had relatively high financial risk as these sectors had the highest rate of default. 

Transportation and Warehousing (Sector 48) also has an almost 26.9% default rate, and 

Information (Sector 51) and Educational Services (Sector 61) have default rates above 24%. 

Moderately high default rates are evident in other sectors, such as Administrative and 

Support Services (Sector 56) (22%), Retail Trade (Sectors 44–45) (24%), Construction (Sector 

23) (22%) and Warehousing (Sector 49) (24%). The results of this study suggest that 

financial distress occurs unevenly across industries, depending on the industry's 

operational and economic characteristics [22]. Results highlight the need to account for 

industry characteristics in predictive models and show that information about the industry 

is an important predictor of business financial distress [23]. This can help lenders, policy 

makers, and business owners focus on industries with the greatest risk and take 

appropriate measures to mitigate risk and recovery.  
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Financial Comparison of Loan Amount by Loan Status  

 

Figure 8. This image shows the distribution of loan amounts between paid and 

charged-off small business loans 

The box plot in Figure 8 shows that the distribution of loan disbursement amounts 

differ between businesses that have repaid their loans (P I F) and those that had their loans 

charged off (CHGOFF). The scatter plot shows that there are many outliers, with some 

businesses receiving much larger loans than others, and that the amount of loans received 

is very spread out. The median value of the loans in the CHGOFF category exceeds that of 

the P I F category, indicating that enterprises with loans in excess of this value may have 

been more likely to have suffered financial distress. In addition, the interquartile range for 

charged-off loans seems to be wider, suggesting that there is more variability in the values 

of the loans in financial distress among businesses [24]. Several high value outliers are 

observed in both, indicating that big disbursements do not ensure repayment, but could 

lead to a greater financial risk in times of poor business performance [25]. The figure 

indicates that loan amount is one of the most significant financial attributes related to the 

business outcome and should be taken into account together with other business and 

operational variables in the proposed cost-sensitive machine learning framework [26]. 

These findings corroborate loan amount as a strong indicator to identify financially 

distressed businesses and provide more reliable and explainable recovery 

recommendations to them.  

Correlation Analysis of Financial Features  
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Figure 9. This figure shows the correlations between the key financial characteristics 

in the SBA loan dataset 

The correlation heatmap (Figure 9) depicts the correlations between the major 

financial and business variables utilized in the proposed cost-sensitive machine learning 

framework. The heatmap shows multiple positive strong correlations among the financial 

characteristics related to the loan. In particular there is an extremely high correlation (0.98) 

between the amount approved in GrAppv and DisbursementGross, and the amount 

approved in SBA_Appv is highly correlated with DisbursementGross (0.97) as well. 

Likewise, the loan portfolio shows strong positive correlations with the major financial 

variables, BalanceGross, suggesting regular financial dependence within the loan portfolio 

[26]. The employment-related variables, NoEmp, CreateJob, and RetainedJob, are 

moderately to highly correlated, indicating the stronger links between businesses with 

larger workforces and the creation of jobs and job retention [27]. On the other hand, Term 

has low correlations with a number of financial attributes, which means that the duration 

of the loan has a relatively weak direct relationship with financial attributes [28]. 

Correlation analysis results indicate that there are significant associations between some 

of the variables, however each variable brings its own unique predictive information into 

the financial distress prediction process [29]. The results assist in the selection of features, 

eliminate feature redundancy in model building, and give insights regarding building 

accurate and interpretable Explainable Artificial Intelligence (XAI) models.  

Explainable AI Analysis Using SHAP Feature Importance  

 

Figure 10. This chart shows variable rankings by SHAP for the financial distress 

prediction problem 

The SHAP (Shapley Additive Explanations) Feature Importance analysis in Figure 10 

helps to understand the variables that most influence the prediction of financial distress of 

U.S. small businesses. It is observed that the disbursement gross is the most influential 

feature in the model with the highest mean SHAP value of 0.212 and it means that the 

amount of disbursement of the loans has the most impact on the model's prediction. 

Approved loan amounts are critical to financial outcomes, which is reflected in the next 

two indicators, GrAppv (0.184) and SBA_Appv (0.153**). Other factors, like outstanding 

loans balances (BalanceGross) and business size (NoEmp), are also important and provide 

a significant contribution to prediction accuracy. The other factors (RetainedJob, Term, 

CreateJob, FranchiseCode, UrbanRural, RevLineCr, LowDoc, NewExist, and 

IndustryCode) have successively lower SHAP values but are still useful for prediction [30]. 

The SHAP analysis helps improve the transparency of the proposed EAI framework by 

providing insights into the impact of each feature on the prediction result [31]. Such 

knowledge helps business owners, financial institutions and policy makers to know the 

main causes of financial distress and then make informed intervention that would enhance 

long term business sustainability and make better decisions.  
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Model Evaluation Using the Confusion Matrix  

 

Figure 11. This image shows the results of financial distress prediction models 

assessed with a confusion matrix correctly 

The confusion matrix (Figure 11) illustrates the accuracy of the proposed cost-

sensitive machine learning model in predicting financially distressed small businesses in 

the U.S. The matrix is a summary of the classification results between the actual loan status 

and the predicted loan status. The model accurately classifies 142,000 True Positive (TP) 

and 23,000 True Negative (TN) cases, demonstrating good predictive performance for both 

financially distressed and non-distressed businesses [32]. The number of misclassification 

errors, namely 6,000 False Negatives (FN) and 9,000 False Positives (FP), shows that the 

proposed framework is capable of effectively reducing the number of costly prediction 

errors whilst maintaining the balanced classification performance [33]. The model's 

performance is further validated by the evaluation metrics provided, which report the 

following Accuracy of 90.12%, Precision of 94.02%, Recall of 95.95%, and F1-Score of 

94.98%. The results suggest that the model can accurately identify high-risk businesses and 

at the same time minimize misclassifications that can result in economic loss [34]. The 

result of the confusion matrix confirms that the proposed cost-sensitive framework is 

effective for financial distress prediction and has a solid explainability basis for making 

decisions and business recovery recommendations.  

Receiver Operating Characteristic (ROC) Curve Analysis 

 

Figure 12. This image displays an ROC curve demonstrating excellent classification 

performance with high predictive accuracy 
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The Receiver Operating Characteristic (ROC) curve of the Random Forest model for 

financial distress prediction for U.S. small businesses is presented in Figure 12. The ROC 

curve is a plot that shows the relationship between the True Positive Rate (Sensitivity) and 

False Positive Rate (1-Specificity) over threshold values. The curve stays closely to the top 

left corner of the graph, showcasing very good discrimination between distressed and non-

distressed businesses [35]. The model has an Area under the Curve (AUC) of 0.950, which 

is considered to be an excellent predictive capability and further validates that the model 

is able to effectively distinguish between high-risk businesses and financially healthy 

businesses. The dashed diagonal line shows the random classifiers performance with an 

AUC of 0.50 and the proposed model has a significantly better performance. Its high AUC 

value demonstrates the cost-sensitive machine learning framework's ability to accurately 

classify the SBA data while learning complex financial patterns, which is important for 

minimizing classification errors [36]. The results confirm the reliability of the predictive 

model proposed, and can be used in financial risk assessment, in explaining and justifying 

decision making, and early measures to strengthen business resilience and lower potential 

financial losses. 

Actionable Recovery Decision Support Using Risk Level Gauge  

 

Figure 13. This image shows a risk gauge that is powered by Artificial Intelligence 

(AI) and can be used to make actionable financial distress decisions 

The Risk Level Gauge is a visualization for U.S. small businesses based on Explainable 

Artificial Intelligence (XAI) that communicates the overall financial risk level of a business, 

creating a decision support tool for users (see figure 13). The gauge collates the model's 

prediction in one easily understood risk score, allowing decision makers to quickly gauge 

business risk. In this illustrative example, a risk score of 78% is given to the business, which 

falls into the High Risk zone (71–100%), meaning there is a high risk that the business will 

experience financial distress, and this is something that the manager needs to address at 

once. The color-coded gauge further segments risk into three categories are Low Risk (0-

40%), Medium Risk (41-70%) and High Risk (71-100%) giving clear interpretation of 

prediction outcomes. These visual decision-support tools help to demystify complex 

machine learning outputs and support business owners, lenders and policymakers to focus 

intervention strategies [37]. The use of this gauge in conjunction with SHAP based 

explanations and actionable recovery recommendations helps stakeholders not just to 

understand the extent of financial distress but also the urgency to take action to recover 

[38]. This visualization contributes to the utility of the proposed cost-sensitive and 

explainable AI framework by converting predictive analytics into a user-friendly and 

impactful decision-making tool that enables proactive financial recovery and long-term 

business resilience. 
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4. Discussion and Analysis 

The results of this study also show that the proposed cost-sensitive, Explainable 

Artificial Intelligence (XAI) framework is an effective method for detecting financially 

distressed small businesses within the U.S. and enable actionable recovery decision 

making [39]. The exploratory analysis indicated that the SBA loan dataset is imbalanced 

with most businesses repaid their loans successfully and lesser ones had loan charge-off. 

This imbalance highlights the need to consider cost-sensitive learning, since traditional 

machine learning algorithms which focus on maximizing overall accuracy might not be 

able to effectively detect financially troubled businesses. Industry-level analysis also 

showed that the default rate is not the same across all industries, suggesting that the 

financial risk is not only a function of the characteristics of the loan, but also of the 

economic conditions and risk factors of each industry [40]. Comparative analysis of the 

amounts of loans revealed that businesses with charged-off loans had higher loan values 

and a wider range of values, suggesting that larger loans may create greater probability of 

repayment problems in times of economic downturn [41]. Highly positive correlations 

were found between approved loan amounts and disbursement amounts, SBA-guaranteed 

amounts and outstanding balances, demonstrating consistency and reliability of the 

financial variables that were used for predictive modeling, and facilitating informed 

feature selection. The Explainable Artificial Intelligence analysis with SHAP revealed that 

the five most important predictors for financial distress are DisbursementGross, GrAppv, 

SBA_Appv, BalanceGross and employment-related variables [42]. These methods of 

explainability are different from the traditional, black-box models, which give clear 

reasons for businesses being deemed high or low risk, which helps build stakeholder 

confidence and makes the adoption of AI in financial decision making more responsible 

[43]. The model's performance in evaluating predictive ability was also well established by 

its high accuracy, precision, recall, F1-score and ROC-AUC values, proving the 

effectiveness of the proposed framework in efficiently distinguishing financially distressed 

businesses from financially healthy ones while minimizing the risk of making costly 

misclassifications [44]. The confusion matrix validated that cost-sensitive learning 

effectively reduced the number of false negatives, a crucial factor given that inaccurately 

predicting that a transaction won't be a loss for the lender or policy-maker can lead to 

significant financial losses [45]. The Actionable Recovery Risk Gauge provides a practical 

guide for managing financial risk because it conveys financial risk information in a user-

friendly and interpretable format [46]. These insights highlight the broader impact of 

combining cost-sensitive machine learning with Explainable Artificial Intelligence, as it 

goes beyond mere prediction to help facilitate transparent financial risk assessment, 

prioritize corrective actions, guide the best lending decisions, and facilitate proactive 

recovery planning for long-term resilience and sustainability among U.S. small businesses. 

Ethical Concerns and Limitation  

Implementing the proposed XAI framework with the sensitivity to cost poses various 

ethical concerns and limitations which need to be taken into account [47]. While the study 

uses the publicly available dataset from the U.S. Small Business Administration called the 

SBAnational.csv, the responsible use of financial and business information is still 

paramount. The framework must also be fair, with the aim of reducing algorithmic bias 

that could be a disadvantage to specific business segments, geographic areas, or business 

demographics [48]. To improve stakeholder trust and enable responsible decision making, 

model development must be transparent, predictions must be explainable with SHAP and 

LIME and data governance must be put in place [49]. Models should not be used to make 

decisions alone – sometimes, qualitative and contextual factors that are not represented in 

historical data are important to consider in the business recovery decision. There are also 

some limitations to the study [50]. The data has been gathered over the years from 1987 to 

2014, and may not be representative of current economic conditions, business 

environments, post-pandemic or lending practices [51]. Analysis is mainly based on the 
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financial/business variables and not on other economic indicators, real-time financial 

transactions, or qualitative managerial information that might enhance the prediction 

accuracy [52]. The framework is well predictive and interpretable, but needs to be tested 

for generalizability to other countries, financial systems, or industry-specific contexts in 

order to be validated with more recent and varied data [53]. The following are 

recommendations for future research to overcome these limitations, including the use of 

dynamic data sources, a wider range of business indicators and longitudinal evaluations 

to enhance model robustness and applicability. 

Future Work  

Future studies should build upon the proposed cost-sensitive, Explainable Artificial 

Intelligence (XAI) framework to develop a more holistic and learning-based decision 

support tool that can learn and adapt to handle the continuously changing financial 

challenges encountered by U.S. small businesses [56]  The results of the present study show 

that financial distress prediction and recovery pathway identification is effective when 

using cost-sensitive machine learning combined with the use of explainability techniques, 

but in the future, it will be possible to enhance the predictive power of financial distress 

by incorporating real-time financial transactions, accounting records, tax filings, credit 

bureau data, cash flow statements, and macroeconomic indicators such as inflation, 

interest rates, unemployment, and the economic conditions of regions [57]. Combining 

longitudinal and streaming data would support an on-going monitoring of risk rather than 

a single, predictive assessment, thus giving stakeholders the chance to detect the financial 

deterioration at an earlier stage [58]. Further research is also needed to explore 

sophisticated deep learning models, such as graph neural networks, transformer models, 

and ensemble hybrid models, for learning and predicting more intricate business 

ecosystem dynamics while preserving strong predictive accuracy [59]. New Explainable 

AI capabilities, such as counterfactual explanations, causal analysis and data visualization, 

could deliver enhanced recovery advice by determining which interventions will most 

likely optimize business results, on an individual basis [60]. Another promising area is the 

creation of industry-specific prediction models that reflect the financial dynamics and risks 

of specific industries, like manufacturing, healthcare, retail, hospitality, and technology. 

The framework could be extended to include environmental, social and governance (ESG) 

metrics and other business sustainability criteria which might further support long-term 

business decision-making. The framework should also be tested with other small business 

datasets from around the world to assess it for generalizability in other regulatory and 

economic contexts in the future [61]. In addition, embedding the framework in cloud-based 

financial management systems or in an intelligent business dashboard would help 

business owners, lenders, investors and policymakers monitor and make decisions in real-

time [62]. Future studies and research should examine the real-world impacts of the 

proposed recovery processes in a longitudinal manner, monitoring their effectiveness in 

promoting and learning from sustainable business resilience, responsible AI adoption, and 

empirical evidence for financial decision-making, thereby reinforcing the role of the 

framework in advancing sustainable business resilience and responsible AI use while 

offering empirical evidence for financial decision-making. 

5. Conclusion  

This study explore an XAI framework that is cost-sensitive and identifies actionable 

recovery pathways for U.S. small businesses beyond the classical financial distress 

prediction. The study employed a method of integrating data preprocessing, feature 

engineering, cost-sensitive machine learning, and explainability techniques to create a 

comprehensive and clear decision support framework using the U.S. Small Business 

Administration's dataset, “SBAnational.csv.” The proposed approach was different from 

traditional prediction models that were mainly focused on achieving maximum 

classification accuracy, but emphasized minimizing the negative economic effects of costly 
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misclassification errors, such as wrongly classifying a financially distressed business as 

financially sound. The findings showed that the machine learning models selected 

predicted the business distress to the desired level of accuracy and that the Explainable 

Artificial Intelligence method based on SHAP was able to identify the most important 

financial and operational variables affecting the business distress. The feature importance, 

confusion matrix, ROC analysis and risk-level decision support showed that the 

framework generates reliable, interpretable and actionable insights for the business 

owners, lenders, investors and policy makers. In addition, the incorporation of explainable 

analytics into actionable recovery recommendations enabled early intervention 

recommendations, enhanced the financial robustness of recovery plans, and provided 

evidence-based decision support for managers. The research further emphasized the need 

to strike a balance between predictive accuracy and transparency to boost stakeholder trust 

and promote the responsible use of AI in the financial risk assessment domain. The 

proposed framework is a solid basis for further studies on intelligent business recovery 

systems, even though some restrictions still exist on historical data availability and 

external economic influences. The paper's findings also have implications for financial risk 

management, business analytics and Explainable Artificial Intelligence (XAI), as it 

introduces a novel approach that not only foresees financial distress but also helps 

organizations prioritize corrective measures before they hit rock bottom. The study 

demonstrates how these features can be combined in a single analytical framework to 

improve operational resilience, lending decisions, financial losses, and the sustainability 

and competitiveness of U.S. small businesses, while addressing the costs and complexity 

of the learning process. This study shows how these features can be integrated into a single 

analytical framework that is cost-effective and not too complex, and how these features 

can enhance the operational resilience, lending decisions, financial losses, and 

sustainability and competitiveness of U.S. small businesses. 
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