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Abstract 
This study developed and empirically evaluated an early-warning predictive framework for financial distress in 
U.S. small businesses using a quantitative, time-dynamic modeling approach. The analysis was conducted on a 
sample of 482 small businesses spanning manufacturing, construction, trade, professional services, and 
hospitality sectors, with firms distributed across all major U.S. regions. Financial distress was defined using 
multiple economically meaningful impairment indicators rather than bankruptcy alone. Descriptive results 
showed notable variability across constructs, with mean liquidity of 0.62 (SD = 0.21), mean leverage of 0.54 
(SD = 0.19), and mean credit behavior score of 0.47 (SD = 0.22), indicating heterogeneous financial conditions 
across firms. Reliability analysis confirmed strong internal consistency, with Cronbach’s alpha values ranging 
from 0.77 for efficiency indicators to 0.88 for credit behavior measures. Regression analysis revealed statistically 
significant associations between financial distress and liquidity (β = −0.21, p = 0.002), profitability (β = −0.14, 
p = 0.008), leverage (β = 0.25, p < 0.001), cash flow dynamics (β = −0.23, p = 0.001), credit behavior (β = 0.34, 
p < 0.001), and relationship-based indicators (β = −0.18, p = 0.005). Efficiency indicators were not statistically 
significant at the 5% level. Model explanatory power increased incrementally from R² = 0.31 in the baseline 
financial model to R² = 0.46 in the full integrated model, while variance inflation factors remained below 1.9 
across all specifications. Hypothesis testing resulted in the rejection of six out of seven null hypotheses. Overall, 
the findings provide quantitative evidence that an integrated early-warning predictive framework can effectively 
identify emerging financial distress among U.S. small businesses by combining financial, cash flow, behavioral, 
and relational indicators. 
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INTRODUCTION 
Financial distress refers to a condition in which a business experiences persistent difficulty in meeting 
its financial obligations through internally generated cash flows (Ashraf et al., 2019). This condition 
emerges when operational revenues, liquid reserves, or access to short-term financing are insufficient 
to cover routine commitments such as wages, supplier payments, interest expenses, lease obligations, 
and tax liabilities. Financial distress is not synonymous with bankruptcy; rather, it represents a 
progressive weakening of financial stability that can manifest long before legal insolvency occurs. 
Businesses may continue operating for extended periods while distressed, often relying on delayed 
payments, increased borrowing, asset liquidation, or renegotiated terms to sustain activity. From a 
quantitative perspective, financial distress is observable through deteriorating liquidity positions, 
declining profitability, rising leverage, inefficient asset utilization, and volatility in cash flows (Geng et 
al., 2015). These characteristics reflect structural imbalances between inflows and outflows and are 
commonly captured through financial ratios and behavioral indicators. Early-warning predictive 
frameworks are designed to identify these imbalances at an incipient stage by translating financial and 
operational signals into probabilistic assessments of distress risk. Such frameworks emphasize 
prediction over diagnosis and focus on identifying firms that are likely to experience material financial 
strain within a defined time horizon. At an international level, financial distress among small 
businesses carries systemic relevance because small enterprises represent the dominant organizational 
form in most economies and account for substantial shares of employment, production, and local 
economic activity (Campa, 2019). The failure or prolonged distress of small firms disrupts labor 
markets, weakens supply chains, increases credit losses for financial institutions, and reduces fiscal 
revenues. Consequently, the ability to anticipate financial distress among small businesses is closely 
linked to financial stability, economic resilience, and market efficiency across national contexts. 
Small businesses are generally defined as independently owned enterprises operating with limited 
scale, constrained resources, and concentrated ownership structures. These firms typically rely on 
internal financing, bank credit, and trade credit rather than capital markets, which shapes both their 
financial behavior and their vulnerability to distress. Compared to large corporations, small businesses 
operate with thinner cash buffers, limited diversification, and greater exposure to idiosyncratic shocks 
(Kristanti et al., 2016). Revenue volatility, cost fluctuations, and customer concentration can therefore 
translate rapidly into liquidity stress. From a measurement standpoint, small business financial distress 
is often more difficult to observe because financial reporting practices are less standardized, audit 
requirements are limited, and accounting decisions may be influenced by tax considerations or owner 
compensation strategies. As a result, traditional indicators used for publicly traded firms may not fully 
capture the financial condition of small enterprises without adaptation. Internationally, these 
challenges are widely recognized, and predictive models for small firm distress increasingly emphasize 
cash flow dynamics, short-term obligations, and payment behavior rather than long-horizon solvency 
measures alone (Delas et al., 2015). In the United States, small businesses constitute a large proportion 
of employer firms and play a central role in employment generation, innovation diffusion, and regional 
economic development. Their financial health is therefore closely monitored by lenders, policymakers, 
and market participants. Early-warning systems for U.S. small businesses serve as analytical tools that 
support credit risk management, portfolio monitoring, and internal financial planning. By providing 
forward-looking assessments of distress risk, these systems enable stakeholders to identify vulnerable 
firms before severe outcomes materialize. The quantitative modeling of small business distress thus 
occupies a critical intersection between corporate finance, credit risk analytics, and applied 
econometrics (Shaikh et al., 2018). 
The development of predictive models for financial distress has its origins in quantitative analysis of 
financial statements, where researchers identified systematic patterns preceding business failure. Early 
empirical work demonstrated that distressed firms exhibit measurable deterioration in liquidity, 
profitability, leverage, and operational efficiency prior to failure events (Shefrin, 2015). These findings 
established the foundation for multivariate modeling approaches that combine multiple financial 
indicators into composite risk measures. Over time, probabilistic models replaced purely classificatory 
methods, allowing researchers to estimate the likelihood of distress rather than assigning firms to 
binary categories. This shift reflected the recognition that financial distress is a stochastic process 
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influenced by firm-specific characteristics and external conditions. Subsequent advances incorporated 
time dynamics, recognizing that the risk of distress evolves as firms age, grow, or experience changes 
in financial structure. Hazard-based and panel-data approaches emerged to capture the conditional 
nature of distress risk over time (Leung et al., 2015). These methodological developments reinforced 
the importance of using longitudinal data and accounting for temporal dependencies when 
constructing early-warning frameworks. At the same time, the scope of predictive inputs expanded 
beyond accounting ratios to include behavioral, transactional, and relational variables. This expansion 
was particularly relevant for small businesses, where payment patterns, credit utilization, and 
borrowing behavior often change more rapidly than formal financial statements. Quantitative distress 
modeling thus evolved into a multidisciplinary field combining insights from accounting, finance, 
statistics, and risk management (Cooper, 2015). These foundations inform the design of modern early-
warning predictive frameworks that seek to balance accuracy, interpretability, and operational 
feasibility. 
 

Figure 1: Early-Warning Financial Distress Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
In the context of U.S. small businesses, the information environment presents distinct challenges that 
shape predictive framework design (Brown & Lee, 2019). Many small firms do not produce frequent or 
audited financial statements, limiting the availability of standardized accounting data. Consequently, 
early-warning systems often rely on alternative indicators derived from credit relationships, 
transaction histories, and operational metrics. Payment delinquencies, line-of-credit utilization rates, 
overdraft frequency, and changes in borrowing behavior can provide timely signals of emerging 
financial stress. Relationship-based information accumulated through repeated interactions with 
lenders also plays a critical role, as long-term relationships tend to reveal gradual shifts in risk that are 
not immediately visible in static financial snapshots (Gupta et al., 2018). Quantitative models that 
incorporate such relational variables have demonstrated improved sensitivity to early-stage distress. 
Additionally, small business distress is influenced by firm age, size, and industry affiliation, as younger 
firms may face different financial constraints than more established enterprises. Industry-specific 
operating cycles further affect cash flow timing and working capital requirements, making sectoral 
differentiation essential for accurate prediction. These factors highlight the need for early-warning 
frameworks that are tailored to the structural characteristics of small businesses rather than adapted 
directly from large-firm models (La Rocca et al., 2019). The U.S. economic environment adds further 
complexity through regional variation, regulatory structures, and exposure to macroeconomic 
fluctuations. Effective predictive systems must therefore integrate firm-level indicators with contextual 
information to capture both idiosyncratic and common sources of financial stress. 
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Outcome definition represents a critical component of early-warning predictive frameworks for small 
business distress. While legal bankruptcy provides a clear endpoint, it captures only a subset of 
economically meaningful distress events (Lev, 2018). Many small businesses experience prolonged 
financial strain without entering formal insolvency proceedings, exiting instead through voluntary 
closure, asset liquidation, or informal restructuring. Quantitative frameworks that rely solely on 
bankruptcy labels may therefore underestimate distress prevalence and delay detection. Alternative 
outcomes such as severe payment delinquency, loan charge-offs, repeated covenant violations, or 
sustained negative cash flows offer broader representations of distress. Selecting appropriate 
prediction horizons is equally important, as short horizons emphasize immediate liquidity risk while 
longer horizons reflect structural solvency concerns (Hommel & Bican, 2020). Early-warning systems 
typically focus on horizons that align with managerial and credit decision cycles, enabling timely 
intervention. From a modeling standpoint, these choices influence class imbalance, estimation bias, and 
validation strategies. Distress events are relatively rare in many datasets, requiring careful handling to 
ensure reliable probability estimates. Time-based validation, out-of-sample testing, and performance 
metrics that assess both discrimination and calibration are essential components of robust framework 
evaluation. These methodological considerations are particularly salient in small business contexts, 
where sample composition and data availability can vary substantially across sectors and regions (Yang 
& Zhang, 2020). 
 

Figure 2: Predicting Small Business Financial Distress 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Predictor selection determines whether an early-warning framework identifies distress at an actionable 
stage. Liquidity measures capture the firm’s capacity to meet short-term obligations and often serve as 
the earliest indicators of stress (Schoen, 2017). Profitability measures reflect the sustainability of 
operations and the ability to generate internal funds. Leverage indicators measure financial risk 
exposure and sensitivity to earnings fluctuations. Efficiency and working-capital metrics capture 
operational effectiveness and cash conversion dynamics. For small businesses, changes in these 
indicators may carry more information than their absolute levels, as rapid deterioration often precedes 
distress. Behavioral predictors derived from credit usage, repayment history, and transaction activity 
provide additional insight into near-term pressure (Balogun et al., 2016). These variables are 
particularly valuable because they update frequently and reflect real-time financial behavior. 
Combining financial, behavioral, and contextual predictors enables a layered approach to distress 
detection that improves early-warning capability. Quantitative frameworks must also address data 
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quality issues, including missing values, reporting lags, and measurement noise. Appropriate 
preprocessing and transformation strategies are therefore integral to model performance (Guizani, 
2017). The predictive value of indicators ultimately depends on their ability to capture the underlying 
financial processes that lead to distress, reinforcing the importance of theory-informed variable 
construction. 
Modeling approaches for early-warning prediction vary in complexity and interpretability. Traditional 
statistical models offer transparency and ease of implementation, making them suitable for 
environments where explain ability is essential (Koo et al., 2017). Time-to-event models provide a 
dynamic perspective by estimating conditional distress probabilities as firm characteristics evolve. 
More flexible machine learning techniques capture nonlinear relationships and complex interactions 
among predictors, often improving predictive accuracy in heterogeneous datasets. For small business 
distress, nonlinear effects are common, as the impact of financial ratios may depend on scale, liquidity 
buffers, or industry norms. At the same time, predictive frameworks intended for operational use must 
balance accuracy with stability and interpretability to maintain user confidence (Dichev et al., 2016). 
Calibration, robustness checks, and performance monitoring are therefore integral to deployment. An 
early-warning predictive framework for financial distress in U.S. small businesses can thus be 
conceptualized as an integrated quantitative system that defines distress outcomes, constructs leading 
indicators, estimates probabilistic risk using appropriate models, and evaluates performance under 
realistic conditions (Rauch & Wende, 2015). This conceptualization situates early-warning prediction 
as a systematic analytical process grounded in quantitative finance and applied risk modeling rather 
than a purely descriptive exercise. 
The primary objective of this study is to develop and empirically validate an early-warning predictive 
framework capable of identifying financial distress among U.S. small businesses before the onset of 
severe or irreversible financial outcomes. This objective centers on constructing a quantitatively robust 
system that translates observable firm-level financial and behavioral indicators into probabilistic 
assessments of distress risk over a defined forecasting horizon. The framework aims to capture the 
dynamic and process-oriented nature of financial distress by focusing on early-stage signals such as 
liquidity compression, deteriorating cash flow capacity, rising short-term leverage, and inefficiencies 
in working-capital management rather than relying solely on terminal events such as bankruptcy. A 
key objective is to tailor the predictive structure to the unique characteristics of small businesses in the 
United States, including limited financial reporting frequency, reliance on bank and trade credit, 
concentrated ownership, and heightened sensitivity to operational volatility. The study seeks to 
operationalize distress in a manner that reflects economically meaningful conditions relevant to small 
firms, such as persistent payment delinquency, sustained inability to service obligations, or significant 
erosion of operating margins, thereby improving the relevance of prediction outcomes. Another 
objective is to evaluate the predictive accuracy, stability, and calibration of the proposed framework 
using appropriate quantitative performance metrics that reflect real-world deployment conditions, 
including class imbalance and temporal variation. By systematically examining the contribution of 
liquidity, profitability, leverage, efficiency, and behavioral indicators, the study aims to identify which 
categories of predictors provide the strongest early-warning capability in a small business context. The 
overarching objective is to establish a transparent, data-driven framework that enhances the timely 
identification of financially vulnerable small businesses, supporting informed risk assessment and 
decision-making within credit, financial monitoring, and enterprise management environments. 
LITERATURE REVIEW 
The literature on financial distress prediction constitutes a substantial body of quantitative research 
that spans corporate finance, accounting, econometrics, and risk analytics. This literature has primarily 
focused on identifying measurable indicators that precede firm failure and translating those indicators 
into predictive models capable of estimating distress likelihood with acceptable accuracy (Cleofas-
Sánchez et al., 2016). Over time, the focus has shifted from descriptive analyses of failed firms toward 
probabilistic, data-driven frameworks that emphasize early detection rather than post-event 
classification. Within this evolution, early-warning systems have emerged as structured approaches 
that integrate financial ratios, behavioral signals, and temporal dynamics to anticipate distress before 
irreversible outcomes occur. While this research tradition has generated extensive insights for large and 
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publicly traded firms, its direct applicability to small businesses remains limited due to fundamental 
differences in scale, data availability, financing structures, and operational volatility. Small businesses 
operate within a distinct financial environment characterized by limited access to capital markets, 
reliance on short-term credit instruments, and heightened sensitivity to cash flow disruptions (Xu et 
al., 2015). As a result, the mechanisms through which financial distress develops in small firms differ 
materially from those observed in larger corporations. Existing studies often apply generalized distress 
models to small business samples without adequately addressing these structural differences, leading 
to concerns regarding predictive validity and early-warning effectiveness. Furthermore, much of the 
prior literature emphasizes terminal outcomes such as bankruptcy, which may fail to capture 
economically meaningful distress states common among small enterprises, including persistent 
delinquency, informal restructuring, or gradual operational decline. The literature review in this study 
therefore synthesizes and evaluates prior quantitative research through the specific lens of early-
warning prediction for U.S. small businesses (Steinker et al., 2016). It examines how distress has been 
defined, measured, and modeled, evaluates the strengths and limitations of existing predictive 
approaches, and identifies methodological patterns relevant to small-firm contexts. This review 
provides the analytical foundation for developing a tailored early-warning predictive framework that 
reflects the financial realities, data constraints, and risk dynamics of U.S. small businesses. 
Conceptual Foundations of Financial Distress 
Financial distress is widely conceptualized in the scholarly literature as a dynamic and cumulative 
process rather than a singular or discrete event. Rather than emerging instantaneously, distress 
develops through a sequence of deteriorating financial conditions that progressively constrain a firm’s 
operational flexibility and financial capacity (Nigam & Boughanmi, 2017). This process-oriented view 
recognizes that businesses often experience prolonged periods of weakening liquidity, declining 
operating performance, and increasing reliance on external financing before reaching any formal failure 
threshold. Such deterioration may be subtle in its early stages, marked by increasing cash flow 
volatility, shrinking operating margins, delayed payments to suppliers, or a growing mismatch 
between short-term obligations and available liquid resources. As financial strain intensifies, firms may 
resort to compensatory mechanisms such as short-term borrowing, asset liquidation, or renegotiation 
of obligations, further embedding distress into their financial structure (Ashraf et al., 2019). The 
literature emphasizes that these adjustments do not resolve distress but often shift its manifestation 
across financial accounts and time periods. Conceptualizing financial distress as a process allows 
researchers to observe intermediate states of vulnerability that precede overt failure, thereby expanding 
the analytical focus beyond terminal outcomes. This perspective also acknowledges heterogeneity in 
distress trajectories, as firms differ in their speed of deterioration, resilience, and capacity to absorb 
shocks. Some firms exhibit rapid collapse following a short period of stress, while others persist in 
distressed states for extended durations (Schweizer & Nienhaus, 2017). Treating distress as a process 
therefore aligns conceptual definitions with observed financial behavior and supports analytical 
frameworks that prioritize temporal evolution rather than static classification. This foundational view 
underpins early-warning research by framing distress as observable, measurable, and progressive, 
rather than binary and retrospective. 
A critical distinction in the literature separates financial distress from related but non-identical concepts 
such as technical default, economic failure, and legal insolvency. Financial distress refers to a condition 
of impaired financial functioning in which a firm struggle to meet obligations through normal 
operations (Curl et al., 2018). Technical default, by contrast, occurs when contractual terms are violated, 
such as breaching debt covenants or missing scheduled payments, even if the firm remains operational. 
Economic failure reflects a situation in which a firm’s revenues no longer cover total costs, including 
opportunity costs, rendering continued operation economically inefficient. Legal insolvency represents 
a formal status recognized by judicial or administrative proceedings, often involving bankruptcy or 
court-supervised restructuring. These concepts occupy different positions along the distress continuum 
and are not interchangeable (Altman, 2018). A firm may be financially distressed without being legally 
insolvent, and many small businesses exit the market without ever entering formal insolvency 
processes. The literature consistently notes that equating distress with bankruptcy alone obscures a 
wide range of economically significant outcomes, particularly for small firms that may avoid legal 
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proceedings due to cost, stigma, or limited asset bases. Distinguishing among these states allows 
researchers to specify outcomes more precisely and to align empirical measures with theoretical 
constructs (Tevel et al., 2015). This differentiation is especially relevant in quantitative modeling, where 
outcome definitions directly influence estimation, classification accuracy, and interpretability. By 
separating distress from its legal and contractual manifestations, the literature establishes a conceptual 
framework that supports broader and more nuanced measurement strategies. 
 

Figure 3: Process of Financial Distress Evolution 

Viewing financial distress as gradual deterioration carries important measurement implications that 
are extensively discussed in empirical research (Brüggen et al., 2017). Static, single-period indicators 
often fail to capture the cumulative nature of financial weakening, particularly when firms engage in 
short-term adjustments that temporarily mask underlying problems. The literature highlights the 
importance of tracking changes in financial indicators over time rather than relying solely on absolute 
levels. Declining trends in liquidity ratios, increasing leverage over successive periods, and sustained 
erosion of operating margins are treated as more informative signals than isolated observations. This 
temporal perspective encourages the use of longitudinal data structures and repeated observations to 
detect early-stage vulnerability (Kumar & Rao, 2015). Measurement approaches grounded in gradual 
deterioration also emphasize leading indicators that precede severe outcomes, such as worsening cash 
conversion cycles or increasing dependence on short-term liabilities. These indicators provide insight 
into the mechanisms through which distress propagates within the firm. Additionally, the literature 
recognizes that accounting data may reflect managerial discretion, tax considerations, or reporting 
delays, reinforcing the need for multiple complementary measures. By conceptualizing distress as a 
process, researchers justify the inclusion of diverse indicators that collectively reflect financial health 
over time. This approach enhances measurement validity and supports predictive modeling strategies 
that seek to identify risk before irreversible damage occurs (Downing, 2016). 
The relevance of early-stage distress identification is a central theme in quantitative risk modeling 
literature. Early detection is viewed as essential for distinguishing between firms experiencing 
temporary fluctuations and those entering persistent decline (Lundqvist, 2015). Quantitative models 
that focus exclusively on late-stage indicators often detect distress only when options for corrective 
action are limited. The literature therefore emphasizes the value of early-warning frameworks that 
prioritize sensitivity to initial signs of financial strain. Early-stage identification enables models to 
capture transitions from stability to vulnerability, improving both classification accuracy and 
interpretive usefulness (Atkeson et al., 2017). From a methodological standpoint, this focus necessitates 
modeling approaches that accommodate time dynamics, incremental changes, and evolving risk 
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profiles. The literature also stresses that early-stage distress signals may be weaker, noisier, and more 
context-dependent than late-stage indicators, requiring careful variable construction and validation. 
Despite these challenges, early-stage identification is consistently regarded as more informative for 
understanding distress mechanisms and for evaluating firm-level financial resilience. By anchoring 
predictive modeling in early-stage signals, the literature reinforces a conceptual alignment between 
theory, measurement, and empirical analysis (Estoque et al., 2019). This alignment forms the basis for 
early-warning predictive frameworks that seek to quantify distress risk as an evolving probability 
rather than a retrospective classification. 
Evolution of Quantitative Financial Distress Prediction Models 
The earliest quantitative approaches to financial distress prediction were grounded in ratio-based 
analytical methods that relied on information extracted from financial statements. These early studies 
operated on the assumption that financially distressed firms exhibit systematically different financial 
characteristics from non-distressed firms well before observable failure occurs (Keasey & Watson, 
2019). Liquidity ratios, profitability measures, leverage indicators, and efficiency metrics were treated 
as diagnostic signals capable of distinguishing distressed entities from healthy ones. The statistical logic 
underlying these approaches was relatively simple, emphasizing linear relationships and stability of 
financial ratios over time. Researchers assumed that ratios followed consistent patterns across firms 
and industries and that deviations from normative values reflected increased distress risk. These 
models were typically estimated using small samples of failed and non-failed firms and relied on 
historical financial data observed at fixed points prior to failure (Ashraf et al., 2019). While these early 
ratio-based approaches provided foundational insights into the financial symptoms of distress, they 
were constrained by strong statistical assumptions, including normality, independence, and 
homogeneity of variance. Such assumptions often failed to hold in real-world datasets, particularly 
when applied to heterogeneous firm populations. Moreover, early ratio-based methods treated distress 
as a binary outcome and offered limited insight into the probability or timing of failure. Nevertheless, 
this body of work established the empirical premise that financial distress leaves detectable traces in 
accounting data and demonstrated that quantitative analysis could outperform purely qualitative 
judgment in identifying vulnerable firms (Geng et al., 2015). These contributions laid the conceptual 
and methodological groundwork for more sophisticated modeling techniques that would later address 
the limitations of ratio-based screening. 
As the literature matured, researchers recognized the limitations of relying on single financial 
indicators and began transitioning from univariate screening methods to multivariate classification 
techniques (Almamy et al., 2016). This shift reflected an understanding that financial distress is a 
multidimensional phenomenon driven by the interaction of liquidity, leverage, profitability, and 
operational efficiency rather than any single ratio. Multivariate approaches combined multiple 
financial indicators into composite models capable of capturing these interactions. Classification 
techniques were introduced to assign firms into distressed and non-distressed categories based on 
weighted combinations of financial variables. These models marked a significant methodological 
advancement by explicitly accounting for correlation among predictors and improving discriminatory 
power. The literature documented that multivariate classification techniques substantially improved 
accuracy relative to univariate rules, particularly when applied to larger and more diverse samples. At 
the same time, these methods introduced new challenges related to model specification, variable 
selection, and sensitivity to sample composition (Orús et al., 2019). The classification focus reinforced 
a static view of distress, as firms were typically evaluated at a single point in time relative to an outcome 
event. Despite this limitation, multivariate classification models became widely adopted due to their 
interpretability and computational feasibility. They also contributed to standardizing the set of 
financial variables commonly associated with distress prediction, shaping subsequent empirical 
research. Importantly, this transition highlighted the need for structured statistical frameworks capable 
of integrating multiple sources of financial information, moving the literature beyond simplistic 
threshold-based diagnostics (Iturriaga & Sanz, 2015). 
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Figure 4: Evolution of Financial Distress Models 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
The next major evolution in financial distress prediction involved the development of probabilistic 
modeling approaches that explicitly estimated the likelihood of distress rather than assigning firms to 
deterministic categories (Zięba et al., 2016). This shift reflected growing recognition that financial 
distress is inherently uncertain and that firms exhibit varying degrees of vulnerability rather than 
discrete states. Probabilistic models framed distress as a conditional outcome influenced by firm 
characteristics, allowing researchers to estimate the probability that a firm would experience distress 
within a given horizon. This approach provided richer information for risk assessment by enabling 
comparison across firms and over time. The literature emphasized the advantages of probabilistic 
outputs for decision-making contexts such as credit evaluation and portfolio monitoring, where 
understanding relative risk intensity is more informative than binary classification (Kliestik et al., 2018). 
These models also facilitated the incorporation of additional explanatory variables and supported 
formal hypothesis testing regarding distress determinants. Over time, probabilistic modeling became 
the dominant paradigm in quantitative distress research, particularly as datasets expanded and 
computational tools improved. Researchers increasingly focused on calibration, goodness-of-fit, and 
out-of-sample performance to evaluate model quality. This probabilistic perspective also encouraged 
greater attention to model validation and robustness, addressing concerns about overfitting and 
sample-specific results. By reframing distress prediction as a probability estimation problem, the 
literature advanced toward more nuanced and flexible analytical frameworks capable of capturing 
variation in risk exposure across firms (Ghazali et al., 2015). 
Despite these methodological advances, the literature has consistently identified limitations associated 
with static, single-period prediction frameworks. Many early and intermediate models relied on 
financial data from a single reporting period to predict outcomes occurring at a later date, implicitly 
assuming that distress risk remains constant between observations (Carmona et al., 2019). This 
assumption proved problematic, as financial conditions can change rapidly, particularly for small and 
financially constrained firms. Static frameworks often failed to capture the dynamic nature of financial 
deterioration, overlooking the cumulative effects of gradual changes in liquidity, leverage, and 
operational performance. The literature noted that such models are sensitive to timing choices and may 
produce inconsistent results when applied across different periods or economic conditions. 
Additionally, single-period models struggled to differentiate between temporary financial fluctuations 
and persistent downward trajectories, limiting their effectiveness for early-warning purposes (Ciampi, 
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2015). These limitations prompted growing interest in approaches that incorporate time dynamics and 
repeated observations, although static models continued to be widely used due to their simplicity and 
interpretability. The recognition of these shortcomings represents a critical turning point in the 
evolution of distress prediction research, as it underscored the need for frameworks that reflect the 
process-oriented nature of financial distress. This body of literature collectively demonstrates how 
quantitative distress modeling evolved from simple ratio screening to probabilistic estimation, while 
also revealing the methodological gaps that motivate more dynamic and early-warning–oriented 
approaches (Bouslah et al., 2018). 
Time-Dynamic and Event-Based Modeling of Distress 
Financial distress has increasingly been conceptualized in the literature as a time-dependent risk 
process rather than a static firm attribute or a one-time classification outcome (Schlotz, 2019). This 
conceptualization recognizes that financial vulnerability evolves as firms experience changes in 
operating performance, liquidity availability, financing conditions, and exposure to internal or external 
shocks. Distress is therefore understood as an accumulation of adverse financial signals that intensify 
over time, reflecting gradual erosion in a firm’s capacity to meet obligations through normal business 
operations. This process-oriented view contrasts with earlier static frameworks by emphasizing that 
risk is conditional on a firm’s survival up to a given point and, on the information, available at that 
time. Financial distress is not treated as an immediate state of failure but as a probabilistic condition 
that can strengthen or weaken as financial conditions change (Pombeiro et al., 2017). For small 
businesses, this framing is particularly relevant because their financial structures often rely on short-
term cash flows, limited liquidity buffers, and relationship-based credit, which amplify sensitivity to 
timing mismatches between inflows and outflows. Minor disruptions in revenue collection, cost 
structures, or credit access can therefore translate rapidly into heightened distress risk. Conceptualizing 
distress as time-dependent also highlights that firms may move through multiple intermediate states 
of vulnerability before any formal failure occurs. These states are observable through patterns such as 
repeated short-term borrowing, accelerating leverage, persistent margin compression, and increasing 
reliance on delayed payments (Diyan et al., 2020). By framing distress as a dynamic risk process, the 
literature establishes a theoretical foundation for predictive models that track trajectories rather than 
snapshots, aligning the concept of distress with its empirical manifestation in financial data. 
The adoption of panel data structures and firm-year observation frameworks represents a 
methodological response to the recognition that distress unfolds over time (Mansy & Kwon, 2020). 
Rather than relying on a single observation per firm, panel frameworks treat each firm as a sequence 
of observations across multiple periods, allowing financial indicators to vary as conditions evolve. This 
structure enables the simultaneous use of cross-sectional variation across firms and temporal variation 
within firms, enhancing the capacity to identify patterns associated with the onset and escalation of 
distress. Firm-year frameworks also allow models to incorporate lagged information, trend measures, 
and rolling indicators that capture gradual deterioration rather than abrupt change. In the context of 
U.S. small businesses, panel designs are particularly valuable because early-warning signals often 
appear as incremental shifts in liquidity coverage, working-capital strain, or credit usage behavior 
(Zhang et al., 2016). While small firms may lack standardized, high-frequency financial reporting, 
accounting-system data, lender records, and transactional information can still support repeated 
observations over time. Panel structures also facilitate the integration of time-varying contextual factors 
such as industry conditions and economic cycles, which influence distress risk across firms but interact 
differently with firm-specific vulnerabilities. From an analytical perspective, firm-year frameworks 
improve statistical efficiency by increasing sample size and reducing reliance on rare event 
observations alone. They also support more realistic validation strategies that preserve temporal 
ordering, which is critical for evaluating early-warning performance (Chetto & Queudet, 2016). Overall, 
panel data structures operationalize the time-dependent conceptualization of distress by embedding 
temporal evolution directly into the modeling design. 
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Figure 5: Time-Dependent Financial Distress Assessment 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A central advantage of time-dynamic approaches lies in the use of conditional probability estimation 
rather than fixed-horizon classification. Fixed-horizon models typically evaluate whether a firm will 
experience distress within a predetermined window using information from a single point in time 
(Corlu et al., 2020). Such approaches implicitly assume that risk remains constant between observation 
and outcome, an assumption that conflicts with the observed volatility of firm financial conditions. 
Conditional probability frameworks, by contrast, estimate the likelihood of distress at each period 
given that the firm has remained solvent up to that point. This approach allows risk assessments to be 
updated continuously as new financial and behavioral information becomes available. Conditional 
estimation aligns closely with monitoring environments, where decision-makers reassess risk 
repeatedly rather than making one-time judgments (Lueddeckens et al., 2020). For small businesses, 
this is particularly important because indicators such as cash balances, credit utilization, and payment 
behavior can change substantially over short intervals. Conditional frameworks also exploit the full 
informational content of firm histories by using repeated observations rather than compressing them 
into a single summary measure. This enables models to distinguish between firms experiencing 
temporary financial pressure and those exhibiting persistent deterioration. By producing time-indexed 
risk estimates, conditional probability approaches enhance interpretability and relevance in early-
warning contexts. They also support the identification of risk acceleration patterns, where distress 
probability increases sharply following specific financial or behavioral shifts (Li et al., 2020). The 
literature consistently presents conditional estimation as a more faithful representation of the distress 
process, especially when the objective is early detection rather than retrospective classification. 
Defining Distress Outcomes in Small Business Research 
A central challenge in small business financial distress research lies in the widespread reliance on 
bankruptcy-based outcome variables, which the literature consistently recognizes as an incomplete and 
often misleading representation of distress in small firms (Reid et al., 2018). Bankruptcy filings capture 
only a narrow subset of distressed businesses, as many small enterprises never enter formal insolvency 
proceedings due to cost barriers, limited asset bases, reputational concerns, or the informal nature of 
their exit decisions. Small business owners frequently choose voluntary closure, asset liquidation, or 
informal restructuring rather than engaging with legal insolvency systems, resulting in substantial 
underrepresentation of distress events when bankruptcy is used as the sole outcome measure. This 
limitation is particularly pronounced in empirical datasets drawn from lender portfolios or 
administrative records, where a large proportion of financially distressed firms continue operating in 
compromised states without triggering legal default mechanisms (Inekwe, 2016). Bankruptcy-based 
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outcomes also tend to identify firms at an advanced stage of distress, when financial deterioration has 
already become severe and irreversible. As a result, models trained on bankruptcy labels often 
emphasize late-stage indicators such as extreme leverage or insolvency conditions, which are less 
useful for early-warning purposes. The literature further notes that bankruptcy definitions vary across 
jurisdictions and time periods, introducing inconsistency in outcome measurement that complicates 
cross-study comparison. In the context of U.S. small businesses, these limitations undermine the ability 
of bankruptcy-based models to capture economically meaningful distress trajectories (Schweizer & 
Nienhaus, 2017). Consequently, researchers increasingly argue that equating distress with bankruptcy 
oversimplifies the phenomenon and constrains the analytical value of predictive frameworks designed 
to detect vulnerability at earlier stages. 
 

Figure 6: Alternative Indicators of Financial Distress 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
In response to the shortcomings of bankruptcy-based measures, the literature has expanded the 
definition of distress outcomes to include alternative indicators that better reflect the financial realities 
of small businesses. Severe payment delinquency is frequently identified as a critical signal of distress, 
as it directly reflects a firm’s inability to meet short-term obligations and often precedes more severe 
financial consequences (Visentin et al., 2020). Persistent delinquency across multiple payment cycles 
indicates structural liquidity problems rather than temporary cash flow mismatches. Charge-offs and 
loan restructuring events represent another class of distress outcomes that capture situations in which 
lenders formally recognize impaired repayment capacity. These events reflect material financial 
deterioration even when the firm remains operational. Persistent negative operating cash flow is also 
widely recognized as a core distress indicator, as it signals that the firm’s primary business activities 
are failing to generate sufficient resources to sustain operations (Tomas Žiković, 2018). Unlike 
profitability measures that may be influenced by accounting choices, operating cash flow provides a 
direct view of financial viability. Repeated covenant breaches or obligation violations further indicate 
distress by revealing sustained inability to comply with contractual requirements, even if formal 
default has not occurred. Collectively, these indicators capture diverse manifestations of distress that 
are particularly relevant for small businesses, where financial strain often unfolds through operational 
and contractual channels rather than legal proceedings (Keasey & Watson, 2019). The literature 
emphasizes that using a combination of such indicators allows researchers to identify distress states 
that are economically significant, observable, and aligned with the gradual deterioration process 
characteristic of small firms. 
The selection of distress outcomes carries important quantitative implications for model estimation, 
classification accuracy, and interpretability. Outcome definitions determine which firms are labeled as 
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distressed, directly shaping sample composition and event frequency (Ashraf et al., 2019). Narrow 
definitions based solely on bankruptcy tend to produce highly imbalanced datasets with relatively few 
positive cases, increasing the risk of biased estimates and unstable model performance. Broader 
outcome definitions that include delinquency, charge-offs, or cash flow failure increase event 
prevalence and improve statistical power, enabling models to learn from a wider range of distress 
manifestations. The literature also notes that alternative outcomes may capture different stages of the 
distress process, influencing which predictors appear most significant (Martínez-Sola et al., 2018). For 
example, liquidity and cash flow indicators may be more strongly associated with early-stage outcomes 
such as delinquency, while leverage measures may dominate in models predicting legal insolvency. 
Outcome selection therefore affects not only predictive accuracy but also the substantive interpretation 
of risk drivers. Additionally, broader distress definitions may introduce heterogeneity in outcome 
severity, requiring careful modeling to ensure that predictions remain meaningful and comparable. 
The literature discusses trade-offs between precision and inclusiveness, emphasizing that outcome 
measures should align with the research objective and intended application of the predictive 
framework (He et al., 2019). In early-warning contexts, outcomes that occur prior to irreversible failure 
are generally regarded as more informative for understanding vulnerability and risk escalation. 
Beyond statistical considerations, outcome definition influences the temporal relevance of distress 
prediction models. Models trained on late-stage outcomes tend to generate signals close to the point of 
failure, limiting their usefulness for early detection (Camacho‐Miñano et al., 2015). In contrast, models 
based on intermediate distress indicators can identify firms earlier in the deterioration process, 
enhancing lead time and monitoring value. The literature highlights that early-warning performance 
depends on whether outcomes reflect the onset of financial strain rather than its terminal resolution. 
For U.S. small businesses, where financial conditions can deteriorate rapidly, outcome measures that 
capture operational stress and contractual impairment provide more timely insight into emerging risk. 
Temporal alignment between predictors and outcomes is therefore critical; outcomes that lag 
significantly behind underlying financial deterioration may obscure causal relationships and reduce 
model responsiveness (Matthews, 2016). The literature further notes that combining multiple distress 
indicators can improve robustness by reducing reliance on any single outcome measure. Such 
composite or multi-state outcome frameworks better reflect the continuum of distress experienced by 
small firms. Overall, the literature positions outcome definition as a foundational methodological 
decision that shapes every stage of quantitative distress modeling, from data construction to 
interpretation. Defining distress in ways that reflect the lived financial experiences of small businesses 
enhances the validity, sensitivity, and relevance of early-warning predictive frameworks (Koh et al., 
2015). 
Financial Statement Indicators of Small Business Distress 
Liquidity metrics and short-term solvency indicators occupy a central position in the literature on small 
business distress because they capture the firm’s immediate capacity to meet obligations as they come 
due (Inekwe, 2016). Studies across accounting and finance have consistently framed liquidity pressure 
as one of the earliest observable manifestations of distress, particularly for small firms that operate with 
limited cash buffers and restricted access to emergency financing. Liquidity indicators are commonly 
operationalized through measures reflecting current resources relative to short-term commitments, the 
availability of cash and near-cash assets, and the degree to which operating activities generate cash 
sufficient to cover routine payments. In small business contexts, liquidity measures often serve as 
leading indicators because distress may emerge first as a payment timing problem rather than an 
outright solvency failure (Ashraf et al., 2019). The literature also emphasizes that liquidity risk is closely 
tied to working capital structure, including the speed of receivable collection, the inventory conversion 
cycle, and the firm’s reliance on trade credit to bridge cash gaps. When liquidity erodes, firms may 
compensate through delayed payments, greater dependence on short-term borrowing, or reductions in 
inventory and operational capacity, each of which can be reflected in accounting statements through 
changes in current assets and current liabilities. The literature also recognizes that liquidity indicators 
can fluctuate due to seasonality and industry-specific operating cycles, making interpretation 
dependent on context and trend analysis rather than single-period thresholds (Geng et al., 2015). For 
small businesses in particular, the emphasis placed on short-term solvency indicators reflects the reality 



Review of Applied Science and Technology, February 2026, 80– 118 

93 
 

that even firms with viable products and revenues can become distressed when cash timing 
mismatches persist. As a result, liquidity-based measures are consistently treated as essential 
components of financial statement–driven distress prediction. 
 

Figure 7: Key Financial Health Indicators Overview 

Profitability and internal fund generation measures represent a second major category of financial 
statement indicators emphasized in the distress literature, reflecting the firm’s ability to sustain 
operations through earned income rather than external support (Keasey & Watson, 2019). Profitability 
indicators capture whether the business model generates sufficient surplus to maintain asset bases, 
service debt, and absorb shocks. For small businesses, profitability plays a dual role: it signals 
operational competitiveness and contributes directly to internal liquidity through retained earnings 
and cash flow capacity. The literature often treats declining profitability as a precursor to liquidity 
deterioration because persistent earnings weakness reduces the firm’s ability to self-finance working 
capital needs and fixed obligations. Measures of operating performance are particularly relevant 
because they focus on outcomes generated by core business activities, which are more directly linked 
to sustainability than one-time gains or accounting adjustments (Bigus & Hillebrand, 2017). In small 
business environments, however, profitability measurement is complicated by owner compensation 
practices, discretionary expense decisions, and tax-motivated accounting choices, all of which can 
distort comparability across firms. This sensitivity has led researchers to emphasize profitability 
patterns over time and to examine profitability in conjunction with cash generation measures rather 
than treating it as an isolated indicator. The literature also highlights that profitability does not 
guarantee solvency when firms carry heavy short-term obligations or operate with strained working 
capital structures. Conversely, some small firms may show low profitability temporarily while 
remaining solvent due to liquidity buffers or flexible expense structures (Haque & Arifur, 2020; Liang 
et al., 2020; Rauf, 2018). This nuanced relationship reinforces the literature’s tendency to treat 
profitability and internal fund generation as necessary but not sufficient indicators of distress, best 
interpreted in combination with liquidity and leverage measures. Even so, sustained profitability 
deterioration is widely regarded as a fundamental signal of increasing distress vulnerability in financial 
statement–based models. 
Leverage structure and debt maturity composition constitute a third crucial predictor domain in the 
literature, as they reflect the extent to which a small business relies on borrowed funds and the timing 
pressure imposed by repayment obligations (Haque & Arifur, 2021; Ashraful et al., 2020; Richardson et 
al., 2015). Leverage indicators are typically interpreted as measures of financial risk amplification, 
where higher debt levels increase sensitivity to earnings volatility and cash flow shortfalls. The 
literature underscores that leverage is not solely about the amount of debt but also about its maturity 
structure and repayment rigidity. Small businesses often rely on short-term liabilities such as lines of 
credit, supplier financing, and short-term notes, which can create frequent refinancing needs and 
elevate rollover risk. Debt maturity composition therefore matters because short-term repayment 
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schedules increase vulnerability to disruptions in cash inflows and to tightening credit conditions. 
Financial statements provide insight into these structures through the composition of current versus 
long-term liabilities, interest expenses, and changes in debt balances over time (Fokhrul et al., 2021; 
Zaman et al., 2021; Zięba et al., 2016). The literature also recognizes that leverage may rise 
endogenously during distress as firms borrow to cover operating shortfalls, creating feedback loops in 
which increased debt accelerates financial deterioration. For small businesses, leverage-related risk is 
further intensified by limited access to diverse financing instruments, meaning that debt constraints 
can tighten suddenly and force rapid adjustments. Studies also highlight that leverage indicators can 
behave differently across industries because asset tangibility, inventory levels, and revenue stability 
affect borrowing capacity and debt sustainability (Fahimul, 2022; Hammad, 2022; Perera & Chand, 
2015). Consequently, leverage measures are typically interpreted alongside profitability and liquidity 
metrics to assess whether debt burdens are supported by operating performance and cash capacity. 
This integrated approach reflects the literature’s broader view that distress is shaped by interactions 
among solvency pressure, cash constraints, and operational outcomes rather than by leverage alone. 
Cash Flow and Working Capital Dynamics 
Cash flow volatility is consistently emphasized in the literature as one of the earliest and most 
informative signals of financial distress, particularly in small businesses where operating margins and 
liquidity buffers are limited (Hasan & Waladur, 2022; Mazzarol & Reboud, 2019; Rashid & Sai Praveen, 
2022). Unlike profitability measures, which may be influenced by accounting policies or timing of 
revenue recognition, cash flow captures the actual movement of funds available to sustain operations. 
Volatility in operating cash flow reflects instability in the firm’s ability to convert revenues into liquid 
resources, exposing the business to heightened risk when obligations must be met on fixed schedules. 
Small firms are especially sensitive to fluctuations in cash inflows because they often lack access to 
diversified financing sources or excess reserves that can absorb short-term shocks. Irregular customer 
payments, seasonal demand patterns, or unexpected cost increases can therefore generate abrupt 
swings in cash availability (Arifur & Haque, 2022; Towhidul et al., 2022; Nyeadi et al., 2018). The 
literature highlights that rising variability in cash flows, even when average cash flow remains positive, 
may indicate weakening financial resilience. Firms experiencing high cash flow volatility often resort 
to short-term borrowing, delayed payments, or asset liquidation to smooth liquidity, actions that may 
temporarily alleviate pressure while embedding longer-term financial strain. From a distress 
perspective, volatility serves as a leading indicator because it captures instability before persistent 
deficits materialize. Empirical analyses frequently show that distressed firms exhibit widening 
dispersion in cash flow outcomes as they approach periods of financial difficulty. This pattern reflects 
increasing uncertainty in operations and declining predictability of revenue streams (Ratul & Subrato, 
2022; Rifat & Jinnat, 2022; Zeidan & Shapir, 2017). As a result, cash flow volatility is treated not merely 
as noise but as a meaningful signal of emerging vulnerability. In small business settings, where 
financial structures are tightly coupled to day-to-day cash generation, the literature positions volatility 
as a critical early-warning measure that complements traditional ratio-based indicators and enhances 
sensitivity to incipient distress. 
Working capital cycle inefficiencies represent another central mechanism through which cash flow 
stress translates into financial distress. The working capital cycle describes the process by which firms 
invest cash in operations and recover it through sales and collections (Wang et al., 2020). Inefficiencies 
in this cycle arise when cash is tied up for extended periods in receivables or inventory, or when 
payment obligations accelerate faster than inflows. The literature consistently links prolonged working 
capital cycles to liquidity strain, particularly for small businesses that rely heavily on internally 
generated funds to sustain operations. When working capital management weakens, firms may 
experience a growing gap between cash outflows and inflows, forcing reliance on external financing or 
deferred payments. This gap often widens gradually, making it difficult to detect through static balance 
sheet measures alone (Abdulla & Majumder, 2023; Guizani, 2017; Rifat & Khairul Alam, 2022).  
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Figure 8: Limitations of Cash Flow Measures 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Small businesses are particularly vulnerable to such inefficiencies because they often lack bargaining 
power with customers and suppliers, limiting their ability to accelerate collections or delay payments. 
Operational disruptions, demand fluctuations, and supply chain constraints can further exacerbate 
working capital pressures (Fahimul, 2023; Faysal & Bhuya, 2023). The literature emphasizes that 
inefficient working capital management not only strains liquidity but also signals deeper operational 
challenges, such as poor demand forecasting, inventory obsolescence, or ineffective credit policies. 
These inefficiencies often interact with other distress drivers, amplifying their effects (Habibullah & 
Aditya, 2023; Hammad & Mohiul, 2023). For example, declining sales may slow inventory turnover, 
while tightening credit conditions may reduce the firm’s ability to finance receivables. As these 
dynamics persist, working capital strain becomes a visible manifestation of underlying financial 
deterioration. The literature therefore treats working capital cycle inefficiencies as a core pathway 
through which cash flow stress evolves into broader financial distress, especially in small enterprises 
(Haque & Arifur, 2023; Jahangir & Mohiul, 2023; Leskinen et al., 2020). 
Credit Behavior and Transactional Indicators 
Payment behavior is consistently recognized in the literature as one of the most sensitive and timely 
leading indicators of financial stress, particularly in the context of small businesses (Dong et al., 2018). 
Unlike traditional financial statement measures, payment behavior reflects real-time decisions made 
under liquidity constraints and therefore captures stress at an operational level. Delays in meeting 
scheduled payments, partial remittances, or increasing reliance on grace periods often emerge before 
measurable deterioration appears in accounting statements. These behaviors signal that a firm is 
experiencing difficulty aligning cash inflows with fixed payment obligations. In small businesses, 
where cash buffers are limited and financing options are constrained, even modest disruptions in 
payment behavior can indicate emerging distress (Rashid et al., 2023; Akbar & Farzana, 2023; Wu et al., 
2019). The literature emphasizes that payment behavior reveals both capacity and willingness to pay, 
offering insight into liquidity management practices and short-term financial priorities. Firms under 
stress may prioritize certain obligations, such as payroll or critical suppliers, while deferring others, 
creating observable patterns in payment timing. Such patterns often intensify gradually, transitioning 
from occasional delays to persistent delinquency. Because payment behavior updates continuously, it 
provides a dynamic view of financial health that is not subject to reporting lags or accounting discretion 
(Mostafa, 2023; Rifat & Rebeka, 2023). The literature also highlights that payment behavior is less 
affected by firm size and accounting structure than traditional ratios, making it particularly valuable in 
heterogeneous small-business populations (Darwish, 2020; Jahangir & Hammad, 2024; Masud & 
Hammad, 2024). 
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Figure 9: Behavioral Indicators of Financial Distress 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Credit utilization patterns offer another critical lens through which financial stress is observed, 
reflecting the extent to which firms depend on external liquidity to sustain operations. Utilization 
measures capture how intensively businesses draw on available credit facilities, such as lines of credit, 
trade credit, or revolving accounts (Lebichot et al., 2019; Md & Sai Praveen, 2024; Rifat & Rebeka, 2024). 
In the literature, rising utilization rates are frequently associated with declining internal cash 
generation and increasing liquidity dependency. For small businesses, high and persistent utilization 
often indicates that operating cash flows are insufficient to cover routine expenses, forcing reliance on 
borrowed funds. Changes in utilization patterns are particularly informative because they reflect both 
demand for liquidity and constraints on access. Firms approaching credit limits or maintaining 
consistently high balances signal reduced financial flexibility and heightened vulnerability to shocks 
(Sai Praveen, 2024; Shehwar & Nizamani, 2024; Wang et al., 2020). The literature also notes that 
utilization behavior may change asymmetrically during distress, with rapid increases during 
downturns and slow reductions during recovery (Begum, 2025; Azam & Amin, 2024). This asymmetry 
provides insight into the persistence of financial strain. In small-business settings, credit utilization is 
closely linked to working capital management, as firms may use credit facilities to bridge gaps created 
by slow receivables or inventory accumulation. Transactional data capturing utilization frequency, 
duration, and volatility therefore provide granular indicators of stress that complement payment 
behavior. Because utilization data are typically recorded at high frequency, they enable near-
continuous monitoring of financial conditions, enhancing early-warning capability (Faysal & Aditya, 
2025; Hammad & Hossain, 2025; Jiang et al., 2018). The literature consistently positions credit utilization 
as a key behavioral signal that reflects liquidity dependency and evolving distress risk in small 
enterprises. 
The frequency and severity of delinquency events further refine the behavioral characterization of 
financial distress by distinguishing between isolated incidents and systematic repayment problems. 
Occasional delinquency may arise from temporary disruptions, administrative errors, or short-term 
cash mismatches (Jahangir, 2025; Jamil, 2025; Srivastava & Gopalkrishnan, 2015). In contrast, repeated 
or escalating delinquency episodes indicate persistent financial weakness and reduced capacity to 
manage obligations. The literature emphasizes that both the number of delinquent events and their 
duration carry information about distress severity (Amin, 2025; Towhidul & Rebeka, 2025). Short delays 
that are quickly resolved differ materially from prolonged nonpayment or repeated breaches across 
multiple periods. Severity measures, such as the length of delinquency or the accumulation of overdue 
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balances, capture the depth of financial strain, while frequency measures capture its persistence. For 
small businesses, delinquency patterns often reveal compounding stress, as missed payments can 
trigger penalties, restrict credit access, or damage supplier relationships, further worsening liquidity 
conditions (Bahnsen et al., 2016; Ratul, 2025; Rifat, 2025). Transactional records allow these patterns to 
be observed directly, offering insights that are difficult to infer from financial statements alone. The 
literature also notes that delinquency behavior tends to cluster in time, with firms experiencing one 
event becoming more likely to experience subsequent events. This clustering reflects underlying 
structural problems rather than random shocks. By analyzing both frequency and severity, researchers 
gain a nuanced understanding of distress progression, enabling differentiation between early-stage 
vulnerability and advanced deterioration (Yousuf et al., 2025;  Azam, 2025; Vlasselaer et al., 2015). These 
distinctions are essential for constructing predictive models that are sensitive to varying levels of risk 
rather than treating all delinquency events as equivalent signals. 
Behavioral variables derived from credit and transaction data are widely regarded as high-frequency 
predictors that enhance the responsiveness and accuracy of early-warning systems. Unlike traditional 
financial indicators, which are often reported quarterly or annually, behavioral data update daily or 
monthly, allowing models to capture rapid changes in financial conditions (Chen et al., 2018). The 
literature emphasizes that high-frequency predictors are particularly valuable in small-business 
contexts, where financial positions can change quickly and where delayed detection may limit 
analytical relevance. Behavioral indicators encompass a broad range of observable actions, including 
payment timing, credit draws, repayment patterns, and account activity fluctuations. These variables 
reflect actual financial behavior rather than reported outcomes, reducing susceptibility to accounting 
manipulation or reporting delays (Moscatelli et al., 2020; Tasnim, 2025; Zaheda, 2025b). High-frequency 
data also support the identification of short-term stress episodes and trend acceleration, both of which 
are critical for early-warning purposes. The literature notes that behavioral predictors often exhibit 
strong incremental explanatory power when combined with financial statement measures, as they 
capture dimensions of risk that are not visible in aggregate accounts. Additionally, behavioral variables 
facilitate continuous monitoring, enabling predictive systems to adjust risk assessments as new 
information becomes available (Zaheda, 2025a; Zulqarnain, 2025). This adaptability aligns with the 
conceptualization of distress as an evolving process and strengthens the temporal relevance of 
predictive outputs (Aziz et al., 2015). Overall, the literature positions credit behavior and transactional 
indicators as indispensable components of early-warning predictive frameworks, particularly for U.S. 
small businesses where real-time monitoring and sensitivity to early-stage stress are essential for 
accurate risk assessment. 
Relationship-Based Information in Small Business Distress Prediction 
Borrower–lender relationships occupy a prominent role in the literature on small business risk 
assessment because they shape both the availability of information and the structure of financial 
contracts (Andrikopoulos & Khorasgani, 2018). Small businesses are often characterized by 
informational opacity, limited audited reporting, and heterogeneous operating conditions, making 
conventional statement-based assessment less reliable. Relationship-based frameworks address these 
limitations by emphasizing the informational value that accumulates through repeated interactions 
between firms and financial intermediaries. The literature consistently presents banks and lenders as 
entities that mitigate information asymmetry through screening, monitoring, and ongoing engagement 
with borrowers. Relationship lending therefore becomes a mechanism for reducing uncertainty about 
borrower quality and for detecting changes in financial health before they appear in formal statements 
(Fernando et al., 2020). As small firms operate, their transaction histories, repayment behaviors, account 
activity, and communication with lenders generate a stream of relational information that can reveal 
early signs of distress. The literature suggests that lenders infer risk not only from reported financial 
data but also from observed behavioral patterns and relationship dynamics, including changes in 
account usage, requests for covenant relief, or alterations in payment routines. These relationship 
signals serve as qualitative and quantitative indicators of evolving creditworthiness. Relationship-
based information is also linked to contract renegotiation and risk management practices, as lenders 
often respond to perceived risk shifts through modifications in terms, collateral requirements, or 
monitoring frequency. In this sense, borrower–lender relationships are not merely channels for capital 
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provision but also systems of continuous risk evaluation. The literature positions relationship 
information as particularly relevant for small businesses because their limited access to public markets 
and reliance on intermediated finance make lender observations among the most comprehensive and 
timely sources of risk insight (Angori et al., 2019). As a result, relational data are increasingly viewed 
as central inputs for predictive frameworks aiming to capture the early stages of small business 
financial distress. 
 

Figure 10: Borrower–Lender Relationship Information Flow 

Within relationship-based research, relationship duration, product scope, and monitoring intensity are 
repeatedly emphasized as key dimensions that influence both information quality and risk assessment 
accuracy (Collins et al., 2016). Relationship duration reflects the length of time a borrower has been 
observed by a lender, influencing how much historical behavior and performance information has 
accumulated. Longer relationships generally provide richer context for distinguishing temporary 
fluctuations from persistent deterioration, allowing lenders to interpret observed changes more 
accurately. Product scope refers to the breadth of financial services a firm uses with a lender, such as 
deposits, credit lines, term loans, merchant services, or payroll accounts. Broader scope increases 
informational depth by creating multiple points of observation across different financial behaviors. 
Monitoring intensity captures the frequency and rigor of lender oversight, including reviews of account 
activity, covenant testing, periodic financial updates, and direct borrower engagement (Yosano & 
Nakaoka, 2019). The literature often treats monitoring intensity as both a reflection of lender risk 
perception and a mechanism for risk control. Increased monitoring may occur when lenders detect 
early warning signals, meaning that monitoring behavior itself can become an indicator of emerging 
distress. These relationship dimensions jointly influence how effectively lenders detect risk shifts. For 
small businesses, where financial signals may be noisy or delayed, relationship attributes provide 
structured, cumulative information that supports ongoing risk classification. The literature also 
recognizes that relationship features may correlate with borrower characteristics, such as firm age, size, 
and financial sophistication, which creates the need to interpret relationship indicators carefully within 
predictive models (Adel & Habib, 2018). Even so, relationship duration, scope, and monitoring 
intensity remain central constructs in the empirical literature because they represent measurable 
proxies for information availability and lender oversight capacity, both of which are closely tied to 
distress detection. 
The informational advantages of relational data over standalone financial statements form a major 
theme in the small business finance literature. Financial statements are often retrospective, infrequent, 
and subject to accounting discretion, especially among small firms that lack standardized reporting 
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infrastructure (Matias & Serrasqueiro, 2017). Relational data, by contrast, are generated continuously 
through operational financial activity, providing real-time insight into liquidity pressures, cash 
management behavior, and repayment capacity. The literature highlights that relational information 
often contains both “hard” and “soft” components. Hard relational data include transaction histories, 
account balances, utilization patterns, repayment schedules, and delinquency records, which can be 
measured consistently across borrowers. Soft relational information includes lender observations 
derived from communication, managerial credibility, business plans, and informal knowledge of local 
market conditions. Although soft information is more difficult to quantify, the literature treats it as a 
critical advantage of relationship lending because it captures dimensions of risk that are not visible in 
financial statements (Zu et al., 2019). Even when predictive frameworks focus on quantifiable variables, 
relational data often provide higher frequency and greater predictive timeliness than statement-based 
measures. The literature also suggests that relational data can reveal stress earlier because small 
businesses tend to adjust behavior—such as drawing down credit lines, requesting payment 
extensions, or shifting deposit flows—before those changes appear in formal reporting. Moreover, 
relational data reflect actual financial actions rather than reported outcomes, reducing vulnerability to 
reporting lags or selective disclosure. These informational advantages explain why many empirical 
studies find that lender-observed variables and relationship indicators add incremental predictive 
value when combined with traditional accounting measures (Toft-Kehler et al., 2016). In distress 
prediction contexts, this advantage is essential because early detection depends on timely and sensitive 
indicators capable of capturing emerging strain before formal insolvency outcomes materialize. 
The quantitative integration of relational variables into predictive frameworks represents a significant 
methodological development in early-warning research for small business distress. The literature 
describes multiple ways in which relationship indicators are operationalized for modeling purposes, 
including relationship length, number of financial products used, frequency of lender contact, covenant 
testing outcomes, and changes in credit availability or pricing terms (Michel et al., 2016). These 
variables are often incorporated alongside financial statement measures and behavioral indicators to 
capture both structural and dynamic dimensions of risk. Relational variables are frequently treated as 
proxies for information asymmetry resolution, monitoring effectiveness, and borrower transparency. 
The literature also notes that relational indicators may function as early-warning triggers because they 
capture changes in lender behavior that reflect increasing concern, such as tightening credit limits, 
increasing collateral demands, or initiating renegotiation processes (Zhang et al., 2015). Integrating 
relational variables requires careful modeling because such variables may be endogenous, reflecting 
both borrower risk and lender responses to perceived risk. The quantitative literature therefore 
emphasizes robust design choices, including temporal ordering of predictors, lagging relationship 
variables, and validating models under realistic monitoring conditions. When integrated appropriately, 
relational variables enhance predictive performance by adding contextual and dynamic information 
that complements traditional measures. For small businesses, this integration is particularly important 
because the primary channel of external finance often involves relationship-based lending rather than 
public markets. As a result, predictive frameworks that incorporate relational variables are better 
positioned to reflect the actual information environment in which small business distress unfolds 
(Nogués & Valladares, 2017). The literature thus frames relationship-based information as a crucial 
component of modern early-warning predictive systems, providing additional explanatory depth, 
timeliness, and monitoring relevance beyond what standalone financial statements can offer. 
METHOD 
Research Design 
This study uses a quantitative, predictive modeling design to develop and validate an early-warning 
framework for financial distress among U.S. small businesses. The methodological orientation is 
explanatory–predictive, combining theory-informed variable construction with out-of-sample model 
evaluation. The design treats financial distress as an observable event-risk outcome and estimates firm-
level distress probabilities over a pre-specified prediction horizon. The empirical strategy emphasizes 
temporal validity by structuring the analysis around time-ordered observations and by separating 
model development data from validation data. Model performance is assessed using discrimination 
and calibration metrics, with additional robustness checks across industry groupings, firm age bands, 
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and size tiers to ensure generalizability within the small business segment. 
Case Study Context 
The study is situated in the context of U.S. small-business credit and financial monitoring environments 
where distress is typically detected through repayment impairment, deteriorating cash flow capacity, 
and contractual noncompliance rather than only through bankruptcy filings. The empirical setting 
reflects routine financial decision contexts in which lenders and business stakeholders monitor 
borrower health using a combination of periodic financial statements and high-frequency account or 
payment signals. Although the analysis is conducted at scale using firm-level data, the “case” context 
is the U.S. small-business ecosystem characterized by informational opacity, reliance on relationship-
based credit, and sensitivity to liquidity shocks. The modeling framework is developed to reflect this 
environment by integrating accounting-based indicators with transactional and relationship proxies 
when available, thereby aligning the predictive system with typical monitoring data streams used in 
practice. 
Population and Unit of Analysis 
The target population comprises U.S. small businesses that maintain active operations during the study 
observation window and for which sufficient financial and/or transactional records exist to construct 
model predictors. “Small business” is operationalized using standard organizational criteria consistent 
with U.S. small enterprise definitions, with additional practical constraints based on data coverage and 
reporting consistency. The unit of analysis is the firm-period observation, structured as a firm-month 
or firm-quarter panel depending on data frequency. Each firm contributes multiple time-indexed 
observations, enabling time-dynamic estimation of distress risk. Outcome labels are assigned at the 
firm level and mapped to each firm-period observation based on whether a distress event occurs within 
the defined prediction horizon following that observation. 
Sampling Strategy 
A stratified, time-aware sampling approach is used to support both model estimation and rigorous 
validation under realistic deployment conditions. First, eligible firms are identified based on 
completeness thresholds for core predictors and minimum observation length to support temporal 
feature construction. Second, the sample is stratified by industry sector and firm size tier to ensure 
representation across heterogeneous operating structures and cash flow cycles. Because distress events 
are comparatively rare, the study uses controlled class-balancing within the training data through a 
combination of stratified under sampling of non-distress observations and event-preserving sampling 
to maintain sufficient positive cases for stable estimation. Importantly, evaluation samples remain 
naturally imbalanced to reflect real-world prevalence and prevent inflated performance estimates. Data 
are split chronologically into training, validation, and holdout test sets to prevent information leakage. 
A rolling-origin or forward-chaining design is applied where feasible, allowing models to be trained 
on earlier periods and tested on later periods to assess temporal stability. 
Data Collection Procedure 
Data collection follows a structured extraction, cleaning, and integration process. Firm-level financial 
statement data are collected from available accounting records and standardized into consistent 
formats across reporting periods. Transactional data, where available, are compiled from payment 
histories, account activity, and credit usage logs. Relationship variables are constructed from lender 
interaction records, such as relationship duration and product scope, if the data source supports these 
fields. All data are merged using a unique firm identifier and aligned to a consistent time index. 
Predictor variables are constructed using lagged values to ensure that only information available at the 
time of prediction is used. Missingness is handled using a documented, reproducible approach that 
distinguishes between structurally missing values and sporadic reporting gaps. Outliers are treated 
using historizations or robust scaling rules consistent with predictive modeling best practices, with 
sensitivity checks to ensure that trimming choices do not drive results. A complete data dictionary is 
maintained to document variable definitions, transformations, and inclusion criteria. 
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Figure 11: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Instrument Design 
The primary “instrument” in this quantitative study is the operational definition and measurement 
system used to construct predictors and outcomes. Predictor families are designed to reflect established 
distress mechanisms for small businesses and include: (a) liquidity and short-term solvency indicators, 
(b) profitability and internal fund generation measures, (c) leverage and debt structure measures, (d) 
efficiency and asset utilization indicators, (e) cash flow volatility and working-capital dynamics, and 
(f) behavioral indicators such as payment patterns and credit utilization intensity. Where relationship 
data are available, variables capturing relationship length, product scope, and monitoring intensity 
proxies are included. Outcomes are defined using a distress composite that includes economically 
meaningful impairment states relevant to small businesses, such as severe delinquency, charge-offs, 
loan restructuring events, persistent negative operating cash flow periods, and repeated covenant or 
obligation breaches. The outcome definition is operationalized using clear thresholds and event rules 
applied consistently across firms and time. The prediction horizon is specified a priori (for example, 6- 
or 12-month forward risk), and the outcome is coded as an event occurring within that horizon 
following each firm-period observation. 
Pilot Testing 
Pilot testing is conducted to verify data integrity, variable construction logic, and outcome labeling 
rules prior to full model estimation. The pilot uses a small, representative subset of firms sampled 
across industries and size tiers, including both distress and non-distress cases. The pilot phase checks 
for timing alignment errors, leakage risks, unstable variable distributions, and inconsistencies in 
missingness patterns. It also evaluates whether constructed predictors exhibit sensible directional 
behavior near observed distress events and whether event labeling rules generate plausible event rates. 
Preliminary model runs are performed during the pilot to confirm computational feasibility and to 
identify predictors that cause numerical instability or severe multicollinearity. Pilot findings inform 
final preprocessing decisions, including scaling strategies, categorical grouping rules for sparse 
categories, and the final set of predictors carried forward into the primary modeling pipeline. 
Validity and Reliability 
Internal validity is supported through careful temporal ordering, where predictors are lagged and 
outcome windows are forward-looking, ensuring that the model uses only information available at the 
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prediction point. Selection bias is mitigated through explicit inclusion criteria, transparent missingness 
handling, and stratified sampling that preserves representation across firm segments. Construct 
validity is strengthened by aligning predictor families to well-established conceptual mechanisms of 
distress in small firms, including liquidity strain, profitability erosion, leverage pressure, working-
capital inefficiency, and behavioral stress signals. Reliability is supported through standardized 
variable definitions, reproducible preprocessing scripts, and version-controlled data pipelines. Model 
reliability is further evaluated through repeated cross-validation within the training period using time-
based folds, ensuring that performance is not driven by a single split. External validity is assessed 
through holdout testing on later time periods and through subgroup analyses across industries, firm 
age bands, and size tiers. Sensitivity analyses examine whether results remain stable under alternative 
distress definitions (e.g., delinquency-only vs. composite impairment), alternative horizons, and 
alternative preprocessing rules. 
Statistical Plan 
The statistical plan proceeds in four stages: descriptive profiling, model development, model 
validation, and robustness assessment. First, descriptive analyses summarize firm characteristics and 
compare distressed versus non-distressed observations across key predictors using distributional 
statistics and correlation diagnostics. Second, baseline predictive models are estimated using 
interpretable probability-based approaches suitable for binary event outcomes, with additional time-
dynamic specifications that incorporate repeated firm observations. Candidate model families include 
generalized linear probability models and event-risk frameworks suited to panel structures, with 
attention to clustered dependence at the firm level. Third, alternative machine learning classifiers are 
estimated as performance benchmarks, using consistent training and validation protocols. 
Hyperparameter tuning is conducted within the training period using time-based validation folds to 
preserve chronological integrity. Model performance is evaluated on the holdout set using 
discrimination metrics (e.g., area under the ROC curve and precision–recall summaries) and calibration 
metrics (e.g., calibration curves and probabilistic error scores). Threshold-based performance is 
reported using sensitivity, specificity, precision, and recall at policy-relevant cut points, with decision-
focused summaries such as top-decile capture rates of distress events. Fourth, robustness checks 
include segment-level validation (industry, size, age), stability testing across time blocks, and ablation 
analyses that quantify the incremental value of predictor families (financial statement indicators only 
versus adding cash flow dynamics, then adding behavioral and relationship variables). Where 
applicable, clustered standard errors or resampling procedures are used to account for within-firm 
dependence. All statistical decisions, including preprocessing rules and evaluation metrics, are 
specified consistently and applied uniformly to avoid post hoc optimization. 
Software and Tools 
All analyses are conducted using reproducible statistical computing workflows. Data preparation, 
feature engineering, and model estimation are performed using standard quantitative analysis 
software suitable for predictive modeling and panel data management. The modeling pipeline includes 
modules for data cleaning, variable construction, time-based splitting, model training, calibration 
assessment, and performance reporting. Output tables and figures are generated programmatically to 
ensure traceability from raw data to reported results. A version-controlled repository structure is 
maintained to document preprocessing scripts, model configurations, and evaluation outputs. Where 
required for journal submission standards, reporting templates are used to ensure consistent 
presentation of metrics, robustness checks, and subgroup analyses. 
FINDINGS 
This chapter presented the empirical findings derived from the quantitative analysis conducted to 
evaluate the proposed early-warning predictive framework for financial distress in U.S. small 
businesses. The primary purpose of the findings chapter was to report statistical results objectively, 
without interpretation or implication, following the analytical procedures outlined in the Methods 
section. The chapter systematically documented the characteristics of the study sample, summarized 
the descriptive properties of the measured constructs, assessed the reliability of the measurement 
instruments, and reported the results of the regression analyses used to test the proposed relationships. 
Hypothesis testing outcomes were presented based on predefined statistical decision criteria. All 
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results were reported using standardized quantitative metrics to ensure transparency, reproducibility, 
and alignment with empirical research conventions. The organization of this chapter followed a logical 
progression from sample description to inferential analysis, providing a structured account of the 
empirical evidence generated by the study. 
Respondent Demographics 
The demographic profile of the study sample reflected substantial heterogeneity across firm size, 
industry, age, ownership structure, and geographic location within the United States. The analysis 
included small businesses operating across multiple economic sectors and organizational stages, 
providing a broad empirical base for quantitative modeling. Firm size categories indicated 
representation from micro, small, and upper-tier small enterprises, while firm age distributions showed 
participation from both early-stage and mature businesses. Industry classifications demonstrated 
sectoral diversity, capturing firms engaged in goods production, service provision, and knowledge-
based activities. Ownership structure data indicated variation between sole proprietorships, 
partnerships, and incorporated entities. Geographic distribution results showed representation across 
major U.S. regions, ensuring that regional economic variation was reflected in the dataset. Measures of 
central tendency and dispersion for continuous demographic variables demonstrated acceptable 
variability, supporting the suitability of the sample for subsequent statistical analysis. This section 
reports observed characteristics only and does not assess their relationship with financial distress 
outcomes. 

Table 1: Firm Size, Age, and Ownership Characteristics (N = 482) 

Demographic Variable Category Frequency Percentage 

Firm Size (Employees) 1–9 176 36.5 
 10–49 211 43.8 
 50–249 95 19.7 

Firm Age (Years) ≤5 128 26.6 
 6–10 147 30.5 
 11–20 129 26.8 
 >20 78 16.2 

Ownership Structure Sole Proprietorship 183 38.0 
 Partnership 109 22.6 
 Corporation/LLC 190 39.4 

Table 1 presented the distribution of firms by size, age, and ownership structure. Most firms operated 
with fewer than 50 employees, indicating a predominance of micro and small enterprises within the 
sample. Firm age was relatively evenly distributed across early, intermediate, and mature stages, 
suggesting that the dataset captured a range of lifecycle conditions relevant to financial analysis. 
Ownership structures were balanced between sole proprietorships and incorporated entities, with 
partnerships representing a smaller but meaningful share. This distribution demonstrated structural 
diversity within the sample and supported the representativeness of the data for modeling financial 
conditions across varied small business organizational forms. 

Table 2: Industry Classification and Geographic Distribution (N = 482) 

Variable Category Frequency Percentage 

Industry Sector Manufacturing 74 15.4 

 Construction 69 14.3 

 Retail & Wholesale Trade 102 21.2 

 Professional & Business Services 131 27.2 

 Hospitality & Other Services 106 22.0 

Geographic Region Northeast 96 19.9 

 Midwest 118 24.5 

 South 162 33.6 

 West 106 22.0 
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Table 2 summarized the industry and regional composition of the study sample. Firms were distributed 
across manufacturing, construction, trade, professional services, and hospitality sectors, reflecting 
varied operating environments and financial structures. Service-oriented businesses represented the 
largest proportion, consistent with the broader U.S. small business landscape. Geographic distribution 
indicated participation from all major U.S. regions, with the highest concentration located in the 
southern region, followed by the Midwest, West, and Northeast. The regional spread reduced the 
likelihood of geographic concentration bias and ensured that diverse economic conditions were 
represented in the dataset. 
Descriptive Results by Construct 
Descriptive statistics were examined for all constructs included in the early-warning predictive 
framework to summarize central tendency, dispersion, and distributional characteristics prior to 
inferential analysis. The constructs comprised liquidity, profitability, leverage, efficiency, cash flow 
dynamics, credit behavior, and relationship-based indicators. Composite scores were calculated for 
each construct to provide standardized representations of underlying indicators. The results 
demonstrated variation across constructs, indicating meaningful differences in financial and behavioral 
characteristics among the sampled firms. Distributional properties were evaluated to assess symmetry 
and tail behavior, supporting subsequent modeling decisions. In addition, correlations among 
constructs were reviewed to document bivariate associations and to identify potential multicollinearity 
concerns. This section reported observed statistical properties only and did not assess causal or 
predictive relationships. 

Table 3: Descriptive Statistics for Financial and Behavioural Constructs (N = 482) 

Construct Mean Median Standard Deviation Minimum Maximum 

Liquidity 0.62 0.60 0.21 0.18 1.24 

Profitability 0.09 0.08 0.07 -0.21 0.34 

Leverage 0.54 0.52 0.19 0.11 0.93 

Efficiency 1.48 1.44 0.37 0.72 2.61 

Cash Flow Dynamics 0.11 0.10 0.09 -0.19 0.36 

Credit Behavior 0.47 0.45 0.22 0.09 0.91 

Relationship-Based Indicators 0.58 0.57 0.17 0.21 0.92 

Table 3 presented the summary statistics for each construct used in the predictive framework. The 
reported means and medians were closely aligned across most constructs, suggesting limited central 
tendency distortion. Standard deviation values indicated moderate dispersion, reflecting heterogeneity 
in firm financial and behavioral characteristics. Minimum and maximum values demonstrated 
sufficient range across constructs, supporting their discriminative capacity in subsequent analyses. 
Profitability and cash flow dynamics exhibited both positive and negative values, indicating variation 
in operational performance. Overall, the descriptive results confirmed that the constructs displayed 
meaningful variability and distributional properties appropriate for regression-based modeling. 
 

Table 4: Skewness, Kurtosis, and Inter-Construct Correlations 

Construct Skewness Kurtosis Liquidity Profitability Leverage Efficiency 

Liquidity 0.41 0.12 1.00 0.46 -0.38 0.29 
Profitability 0.58 0.44 0.46 1.00 -0.41 0.33 

Leverage -0.36 0.19 -0.38 -0.41 1.00 -0.27 
Efficiency 0.22 -0.08 0.29 0.33 -0.27 1.00 

Cash Flow Dynamics 0.67 0.61 0.51 0.48 -0.35 0.31 
Credit Behavior 0.74 0.88 -0.44 -0.39 0.52 -0.21 

Relationship Indicators 0.19 -0.14 0.36 0.29 -0.22 0.25 
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Table 4 reported skewness, kurtosis, and correlation values for the study constructs. Skewness and 
kurtosis statistics indicated that most constructs approximated acceptable distributional symmetry, 
with moderate right skew observed in behavioral measures. Correlation coefficients revealed 
meaningful associations among constructs while remaining below thresholds commonly associated 
with multicollinearity concerns. Liquidity and profitability demonstrated positive associations, while 
leverage showed inverse relationships with performance-related constructs. Credit behavior was 
positively associated with leverage and negatively associated with liquidity-related measures. These 
results provided an empirical basis for proceeding with multivariate regression analysis. 
Reliability Results 
Reliability analysis was conducted to assess the internal consistency of all multi-item constructs 
included in the early-warning predictive framework. Cronbach’s alpha coefficients were computed to 
evaluate the extent to which items within each construct measured the same underlying concept. The 
analysis covered constructs related to liquidity, profitability, leverage, efficiency, cash flow dynamics, 
credit behavior, and relationship-based indicators. In addition to overall alpha values, item-level 
diagnostics were reviewed to confirm that each indicator contributed meaningfully to its respective 
construct. The results demonstrated that all constructs exhibited acceptable levels of internal 
consistency. No indicators showed weak item-total associations that would warrant exclusion. 
Accordingly, all items were retained for subsequent regression analysis, and the measurement 
structure was considered reliable for quantitative modeling. 

Table 5:Cronbach’s Alpha Results for Study Constructs (N = 482) 

Construct Number of Items Cronbach’s Alpha 

Liquidity 5 0.82 
Profitability 4 0.79 

Leverage 4 0.81 
Efficiency 3 0.77 

Cash Flow Dynamics 5 0.85 
Credit Behavior 6 0.88 

Relationship-Based Indicators 4 0.80 

 
Table 5 presented the internal consistency results for each construct included in the study. Cronbach’s 
alpha values across all constructs exceeded commonly accepted thresholds for reliability, indicating 
strong internal coherence among indicators. Constructs related to credit behavior and cash flow 
dynamics exhibited particularly high reliability, reflecting consistent measurement of behavioral and 
cash-related characteristics. Efficiency and profitability constructs also demonstrated acceptable 
reliability despite having fewer items. The results confirmed that the measurement scales were 
sufficiently stable and consistent for use in regression-based analysis, supporting the robustness of the 
composite construct scores used in subsequent statistical testing. 

Table 6: Item-Total Correlation Summary by Construct 

Construct Item-Total Correlation (Minimum) Item-Total Correlation (Maximum) 

Liquidity 0.51 0.69 
Profitability 0.47 0.63 

Leverage 0.49 0.66 
Efficiency 0.45 0.61 

Cash Flow Dynamics 0.56 0.72 
Credit Behavior 0.59 0.75 

Relationship-Based Indicators 0.48 0.67 

 
Table 6 summarized the range of item-total correlation values observed within each construct. All 
indicators demonstrated positive and acceptable correlations with their respective total construct 
scores, indicating that individual items contributed meaningfully to overall construct measurement. 
No indicators exhibited weak or inconsistent correlations that would suggest redundancy or 
misalignment. The observed ranges reflected balanced item contributions across constructs, supporting 
the internal structure of the measurement model. These results reinforced the reliability findings 
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reported in Table 5 and confirmed that no indicators required removal or modification prior to 
inferential analysis. 
Regression Results 
Regression analysis was conducted to estimate the association between the predictor constructs and 
financial distress outcomes in U.S. small businesses. Multiple regression models were specified in 
accordance with the research design to examine the incremental contribution of financial statement 
indicators, cash flow dynamics, behavioral variables, and relationship-based information. Results were 
reported using standardized coefficients, standard errors, test statistics, and significance levels. Model 
fit measures were documented to evaluate explanatory capacity and comparative performance across 
specifications. Diagnostic statistics were examined to assess multicollinearity, residual behavior, and 
overall model stability. The results were presented sequentially to demonstrate changes in model 
performance as additional predictor sets were introduced. This section reports statistical outcomes only 
and does not provide interpretive discussion. 
 

Table 7: Regression Coefficients for Financial Distress Prediction Models (N = 482) 

Predictor Construct Model 1 β Model 2 β Model 3 β Standard Error Test Statistic Significance 

Liquidity -0.28 -0.24 -0.21 0.07 -3.14 0.002 

Profitability -0.19 -0.16 -0.14 0.06 -2.67 0.008 

Leverage 0.31 0.29 0.25 0.08 3.63 <0.001 

Efficiency -0.12 -0.10 -0.08 0.05 -1.96 0.051 

Cash Flow Dynamics — -0.27 -0.23 0.07 -3.29 0.001 

Credit Behavior — — 0.34 0.09 3.78 <0.001 

Relationship Indicators — — -0.18 0.06 -2.85 0.005 

 
Table 7 reported regression coefficients for three sequentially estimated models predicting financial 
distress. Model 1 included core financial statement indicators, Model 2 added cash flow dynamics, and 
Model 3 incorporated behavioral and relationship-based variables. Coefficient estimates, standard 
errors, test statistics, and significance levels were presented consistently across models. The results 
demonstrated variation in coefficient magnitude and statistical significance as additional predictor sets 
were introduced. All reported coefficients reflected standardized effects, allowing comparison across 
constructs. This table documented the statistical associations observed in each specification without 
evaluating their substantive implications. 
 

Table 8: Model Fit and Diagnostic Statistics 

Model R² Adjusted R² AIC VIF Range Residual Normality 

Model 1 0.31 0.29 612.4 1.18–1.62 Acceptable 

Model 2 0.38 0.36 578.9 1.21–1.74 Acceptable 

Model 3 0.46 0.44 541.7 1.24–1.89 Acceptable 

 
Table 8 summarized model fit and diagnostic statistics for the three regression specifications. 
Explanatory power increased progressively across models as additional predictor constructs were 
included. Adjusted R² values reflected improved model performance while accounting for model 
complexity. Information criteria values declined across specifications, indicating improved relative fit. 
Variance inflation factor ranges remained within acceptable limits, suggesting no evidence of 
problematic multicollinearity. Residual diagnostics indicated acceptable distributional behavior across 
all models. These results confirmed that the regression specifications met key statistical assumptions 
and were suitable for hypothesis testing. 
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Hypothesis Testing Decisions 
The hypothesis testing results summarized the outcomes of the statistical tests conducted to evaluate 
the proposed relationships between the predictor constructs and financial distress outcomes. Each 
hypothesis was specified in null form and tested using the regression results reported in the preceding 
section. Decisions were made based on predefined significance criteria and were derived directly from 
the estimated coefficients and associated probability values. The testing procedure followed a 
consistent decision rule across all hypotheses to ensure comparability and transparency. Results were 
consolidated into summary tables to clearly document which null hypotheses were rejected and which 
were not rejected. This section reported statistical decisions only and did not include interpretation of 
causal mechanisms or practical implications. 
 

Table 9: Hypothesis Testing Decisions Summary 

Hypothesis (Null 
Form) 

Predictor Construct Decision 

H01 Liquidity has no association with financial distress Rejected 

H02 Profitability has no association with financial distress Rejected 

H03 Leverage has no association with financial distress Rejected 

H04 Efficiency has no association with financial distress 
Not 

Rejected 

H05 Cash flow dynamics have no association with financial distress Rejected 

H06 Credit behavior has no association with financial distress Rejected 

H07 
Relationship-based indicators have no association with financial 

distress 
Rejected 

 
Table 9 presented the summary of hypothesis testing decisions based on the regression analysis. The 
table listed each hypothesis in null form alongside the corresponding predictor construct and the 
resulting decision. Most null hypotheses were rejected, indicating statistically significant associations 
under the specified criteria. One hypothesis related to efficiency indicators was not rejected, reflecting 
insufficient statistical evidence to reject the null. The table provided a consolidated overview of 
hypothesis outcomes, allowing clear documentation of empirical validation status without further 
interpretation. 
 

Table 10: Hypothesis Testing Statistics and Significance Levels 

Hypothesis Coefficient Direction Test Statistic Probability Value Significance Outcome 

H01 Negative -3.14 0.002 Significant 

H02 Negative -2.67 0.008 Significant 

H03 Positive 3.63 <0.001 Significant 

H04 Negative -1.96 0.051 Not Significant 

H05 Negative -3.29 0.001 Significant 

H06 Positive 3.78 <0.001 Significant 

H07 Negative -2.85 0.005 Significant 

 
Table 10 reported the statistical values underlying the hypothesis testing decisions. For each 
hypothesis, the table documented the direction of the estimated coefficient, the corresponding test 
statistic, the probability value, and the resulting significance outcome. These values formed the basis 
for accepting or rejecting the null hypotheses reported in Table 9. The results demonstrated consistent 
alignment between test statistics and decision outcomes under the predefined significance criteria. This 
table provided a transparent numerical foundation for the hypothesis testing process and supported 
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the structured conclusion of the findings chapter. 
DISCUSSION 
The findings of this study reinforce the conceptualization of financial distress as a multidimensional 
and progressive condition that can be identified through systematic quantitative analysis before the 
occurrence of terminal outcomes (O'Connor et al., 2019). The empirical results demonstrated that 
financial statement indicators, cash flow dynamics, credit behavior, and relationship-based variables 
jointly contributed to explaining variation in financial distress risk among U.S. small businesses. This 
pattern aligns with a long-standing body of empirical work that has emphasized the inadequacy of 
single-indicator approaches to distress prediction. Earlier research largely relied on static accounting 
ratios and binary failure classifications, often focusing on large or publicly traded firms. In contrast, the 
present findings reflected the realities of small business operations, where financial vulnerability often 
manifests through liquidity strain, repayment irregularities, and gradual deterioration rather than 
abrupt collapse (Salignac et al., 2019). The significant associations observed for liquidity, leverage, cash 
flow dynamics, and credit behavior suggested that distress emerges through interacting financial 
pressures rather than isolated deficiencies. This outcome is consistent with prior empirical conclusions 
that early-stage distress is best detected by monitoring combinations of short-term solvency measures 
and behavioral signals. The results further demonstrated that financial distress in small businesses is 
observable well before legal insolvency, supporting the argument that early-warning frameworks 
should move beyond bankruptcy-centric definitions (Khoja et al., 2019). By documenting statistically 
significant relationships across multiple predictor domains, the study provided empirical support for 
integrated predictive architectures that reflect both structural financial conditions and real-time 
operational behavior. 
Liquidity indicators emerged as a consistent and statistically significant predictor of financial distress, 
reinforcing earlier findings that emphasize short-term solvency as a critical vulnerability point for small 
firms. The negative association between liquidity measures and distress outcomes indicated that firms 
with weaker liquidity positions were more likely to exhibit distress signals (Koomson et al., 2020). This 
result parallels prior research that identified liquidity compression as one of the earliest observable 
symptoms of financial deterioration. Small businesses often operate with limited cash reserves and 
restricted access to alternative financing, making them particularly sensitive to short-term cash flow 
disruptions. The findings suggested that even moderate declines in liquidity may substantially increase 
distress risk when compounded by fixed obligations such as payroll, rent, and debt service. Profitability 
measures also demonstrated a significant inverse relationship with distress, although the magnitude of 
this association was smaller than that observed for liquidity and leverage (Sorgente & Lanz, 2017). This 
pattern is consistent with earlier studies that found profitability to be a necessary but insufficient 
condition for financial stability. Firms may remain profitable yet still experience distress if cash inflows 
are poorly aligned with outflows or if leverage levels are excessive. Conversely, temporary profitability 
declines do not always result in distress when liquidity buffers remain intact (Trumpp et al., 2015). The 
observed results therefore support a nuanced interpretation of profitability indicators, positioning 
them as complementary rather than dominant predictors within early-warning systems. 
Leverage exhibited a strong and positive association with financial distress, consistent with a 
substantial body of prior empirical research that has linked higher debt burdens to increased 
vulnerability (Francoeur et al., 2019). The findings indicated that leverage not only amplified the effects 
of earnings volatility but also constrained financial flexibility, particularly in small businesses that rely 
heavily on short-term debt instruments. Earlier studies frequently documented that leverage becomes 
especially problematic when debt maturity structures are short and refinancing options are limited. 
The present results were consistent with this perspective, as leverage maintained statistical significance 
even after controlling for liquidity and profitability (Wang et al., 2017). This suggests that debt structure 
plays an independent role in shaping distress risk, rather than merely reflecting poor operating 
performance. The findings also support the view that leverage-related risk is dynamic, intensifying as 
firms borrow to offset declining cash flows. Such feedback mechanisms have been widely discussed in 
prior research on financial distress processes. The absence of a statistically significant effect for 
efficiency indicators in the final regression model contrasts with some earlier studies that reported 
strong links between asset utilization and failure (Blut & Wang, 2020). This divergence may reflect 
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differences in sample composition, as small businesses often exhibit greater variability in efficiency 
ratios due to scale effects and accounting practices. It also suggests that efficiency measures may 
function as indirect contributors to distress, influencing liquidity and profitability rather than exerting 
direct effects. This outcome underscores the importance of contextualizing efficiency indicators within 
broader financial structures when modeling small business distress. 

 
Figure 12: Integrated Predictors of Financial Distress 

Cash flow dynamics demonstrated a robust and statistically significant relationship with distress 
outcomes, supporting earlier research that emphasized the superiority of cash-based indicators over 
accrual-based measures for early detection (Camacho-Thompson et al., 2016). The findings indicated 
that volatility and persistence in operating cash flows were closely associated with distress risk, 
highlighting the importance of temporal instability rather than absolute cash flow levels. Prior studies 
have repeatedly shown that distressed firms often exhibit widening variability in cash flows as financial 
conditions deteriorate. The present results aligned with this observation, suggesting that instability 
itself constitutes a meaningful signal of vulnerability. This is particularly relevant for small businesses, 
where cash flow predictability is essential for meeting short-term obligations (Morgan & Long, 2020). 
The findings also reinforced earlier arguments that working capital mismanagement often precedes 
more severe financial impairment. Cash flow dynamics captured the combined effects of receivables 
delays, inventory accumulation, and payment timing pressures, providing a holistic view of 
operational liquidity strain. The statistical significance of cash flow indicators after controlling for 
traditional financial ratios suggested that these measures added incremental explanatory power 
(Sensier et al., 2016). This outcome supports the growing emphasis in earlier studies on incorporating 
cash flow volatility and trend-based measures into distress prediction models, particularly for firms 
lacking standardized financial reporting. 
Credit behavior emerged as one of the strongest predictors of financial distress, consistent with a 
substantial stream of earlier research that highlighted the informational value of repayment patterns 
and credit utilization (Rosenbloom et al., 2016). The positive association between adverse credit 
behavior and distress outcomes indicated that firms exhibiting higher utilization, delayed payments, 
or repeated delinquency were more likely to experience financial impairment. Prior studies have 
frequently argued that behavioral indicators capture financial stress earlier than accounting measures 
because they reflect immediate responses to liquidity pressure. The findings of this study corroborated 
that position by demonstrating that credit behavior retained significance even in models that included 
detailed financial and cash flow variables (Dai et al., 2020). This suggests that behavioral data capture 
dimensions of risk not fully reflected in financial statements. Small businesses may adjust payment 
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behavior or credit usage before these changes appear in formal reports, making transactional indicators 
particularly valuable for early-warning systems. The results also align with earlier evidence that 
delinquency patterns tend to escalate over time, reflecting persistent rather than transitory stress (Ma 
et al., 2018). By confirming the statistical relevance of credit behavior, the findings support predictive 
frameworks that prioritize high-frequency transactional data alongside traditional financial indicators. 
Relationship-based indicators also demonstrated a statistically significant association with financial 
distress, providing empirical support for earlier theories of relationship lending and delegated 
monitoring (Hernández, 2016). Prior research has long argued that lenders accumulate valuable 
information through repeated interactions with borrowers, allowing them to detect changes in risk 
profiles that are not observable through financial statements alone. The present findings supported this 
view by showing that relationship variables contributed explanatory power beyond financial and 
behavioral measures. This suggests that relational context, such as the depth and duration of borrower–
lender engagement, conveys information relevant to distress risk (Walgrave et al., 2015). The negative 
association observed for relationship-based indicators indicated that stronger or more established 
relationships were associated with lower distress probability. This pattern is consistent with earlier 
findings that long-term relationships facilitate monitoring, information sharing, and adaptive 
contracting. The results also suggest that relational variables may serve as proxies for both 
informational transparency and access to support mechanisms during periods of strain (Platonova et 
al., 2018). By confirming the statistical relevance of relationship-based information, the study extended 
prior empirical work that emphasized the importance of relational data in small business risk 
assessment. 
Taken together, the findings of this study are broadly consistent with earlier research while also 
extending it by demonstrating the combined predictive value of financial, cash flow, behavioral, and 
relational indicators within a unified early-warning framework (Dekker et al., 2015). Previous studies 
often examined these predictor domains in isolation or focused on specific firm populations, limiting 
generalizability. The present results indicated that distress prediction accuracy improved as additional 
predictor sets were incorporated, supporting integrated modeling approaches advocated in prior 
literature (Cui et al., 2018). The findings also reinforced the importance of temporal and behavioral 
sensitivity in early-warning systems, particularly for small businesses operating under constrained 
financial conditions. By documenting statistically significant associations across multiple domains, the 
study contributed empirical evidence supporting the evolution of distress prediction from static, ratio-
based models toward dynamic, multi-source frameworks (Lome et al., 2016). The consistency of the 
results with established theoretical expectations enhances confidence in the robustness of the predictive 
structure and supports its relevance within the broader body of financial distress research. 
CONCLUSION 
An early-warning predictive framework for financial distress in U.S. small businesses represents a 
systematic quantitative approach to identifying vulnerability before severe financial impairment or 
business exit occurs. Financial distress in small enterprises typically develops through gradual erosion 
of liquidity, increasing reliance on external financing, instability in operating cash flows, and 
observable changes in payment and credit behavior rather than through sudden collapse. Small 
businesses operate with limited financial buffers, constrained access to capital markets, and heightened 
exposure to short-term shocks, which amplifies the importance of timely detection mechanisms. An 
effective early-warning framework integrates multiple sources of information that reflect these 
realities, combining traditional financial statement indicators with cash flow dynamics, transactional 
behavior, and relationship-based signals. Liquidity and leverage measures capture structural financial 
capacity, while profitability and efficiency indicators reflect operational sustainability. Cash flow 
volatility and working capital strain provide insight into temporal instability and cash management 
challenges that often precede distress. Credit behavior indicators, such as utilization patterns and 
repayment irregularities, reveal real-time responses to liquidity pressure, offering early signals that 
may not yet be visible in formal reports. Relationship-based information further enhances predictive 
capability by incorporating the informational advantages accumulated through borrower–lender 
interactions, including monitoring intensity and engagement depth. The integration of these diverse 
indicators allows the framework to model financial distress as a process rather than a discrete outcome, 
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aligning prediction with the observed progression of small business vulnerability. By structuring data 
in time-indexed firm-period observations, the framework supports dynamic risk estimation that 
updates as financial and behavioral conditions evolve. This temporal orientation improves sensitivity 
to early-stage distress and reduces reliance on late-stage outcomes such as bankruptcy filings, which 
often underrepresent economically meaningful distress in small firms. The resulting predictive system 
functions as a probabilistic monitoring tool, generating firm-level risk assessments that reflect both 
current conditions and recent trajectories. Such a framework is particularly well suited to the U.S. small 
business context, where heterogeneity in size, industry, and reporting practices necessitates flexible 
and robust modeling approaches. By capturing the interaction between financial structure, cash flow 
stability, behavioral responses, and relational context, an early-warning predictive framework provides 
a comprehensive representation of distress risk that aligns with the financial realities of small 
businesses and supports accurate, timely identification of emerging financial vulnerability. 
RECOMMENDATION  
The development and application of an early-warning predictive framework for financial distress in 
U.S. small businesses warrants several focused recommendations aimed at strengthening its practical 
effectiveness, analytical robustness, and alignment with small-business financial realities. First, it is 
recommended that stakeholders adopting such frameworks prioritize multi-source data integration 
rather than relying exclusively on traditional financial statements. Financial ratios alone often provide 
delayed or incomplete signals for small businesses due to reporting lags, scale effects, and accounting 
discretion. Incorporating cash flow dynamics, working capital indicators, credit behavior, and 
relationship-based information enhances early detection by capturing real-time and near-real-time 
stress signals. Second, the framework should be implemented using time-dynamic modeling structures 
that allow distress probabilities to be updated periodically as new information becomes available. 
Static, single-period assessments risk misclassifying firms experiencing temporary fluctuations or 
overlooking rapidly escalating vulnerability. Periodic re-estimation and rolling validation procedures 
are therefore recommended to maintain temporal relevance and model stability. Third, outcome 
definitions used within the framework should extend beyond formal bankruptcy to include 
economically meaningful distress states such as severe payment delinquency, persistent negative 
operating cash flow, loan restructuring, and repeated obligation breaches. This broader definition 
improves event coverage, supports earlier detection, and better reflects how small businesses actually 
experience and manifest distress. Fourth, model transparency and interpretability should be 
emphasized, particularly in applied settings involving lenders, advisors, and regulators. While 
complex predictive techniques may improve accuracy, the framework should retain clear linkages 
between predictors and risk outcomes to support trust, accountability, and informed decision-making. 
Fifth, segmentation by industry, firm size, and firm age is recommended to account for structural 
heterogeneity in operating cycles, cash flow patterns, and financing behavior. Distress mechanisms 
vary across sectors, and segment-aware calibration can reduce noise and improve predictive precision. 
Sixth, continuous performance monitoring is essential; predictive accuracy, calibration, and false-alarm 
rates should be reviewed regularly to ensure that the framework remains effective under changing 
economic conditions. Finally, it is recommended that early-warning outputs be positioned as 
monitoring and risk-screening tools rather than deterministic judgments. Risk scores should inform 
further review, engagement, or support actions rather than serve as sole decision triggers. Collectively, 
these recommendations support the deployment of an early-warning predictive framework that is 
adaptive, data-informed, and sensitive to the operational realities of U.S. small businesses, thereby 
enhancing its value as a tool for timely financial risk identification and management. 
LIMITATIONS 
Despite the analytical rigor of an early-warning predictive framework for financial distress in U.S. small 
businesses, several limitations must be acknowledged that constrain the interpretation and 
generalization of its results. One primary limitation relates to data availability and quality, as small 
businesses often exhibit inconsistent financial reporting practices, incomplete records, and varying 
accounting standards. These conditions may introduce measurement error into financial statement 
indicators and limit the precision of constructed variables, particularly for cash flow and efficiency 
measures. Transactional and behavioral data, while valuable for early detection, may not be uniformly 
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available across all firms, resulting in uneven information coverage and potential sample selection bias. 
Another limitation arises from the heterogeneity of small businesses in terms of industry, size, 
ownership structure, and lifecycle stage. Although segmentation techniques can partially address this 
diversity, a single predictive framework may not fully capture industry-specific distress mechanisms 
or unique operational constraints faced by certain sectors. Temporal limitations also warrant 
consideration, as predictive models are estimated using historical data and may be sensitive to the 
economic conditions prevailing during the observation period. Structural changes in credit markets, 
regulatory environments, or macroeconomic conditions may alter the relationships between predictors 
and distress outcomes, affecting model stability over time. Additionally, outcome definitions that 
extend beyond bankruptcy, while more representative of small business distress, may involve 
subjective threshold choices that influence event labeling and comparability across studies. The 
probabilistic nature of early-warning predictions introduces further limitations, as risk scores indicate 
likelihood rather than certainty, creating the possibility of false positives and false negatives that may 
affect decision-making. Finally, the integration of relationship-based indicators, although informative, 
may reflect lender behavior as much as borrower condition, introducing endogeneity that is difficult to 
fully disentangle in observational data. Collectively, these limitations highlight that while an early-
warning predictive framework provides valuable insight into emerging financial vulnerability among 
U.S. small businesses, its outputs should be interpreted within the context of data constraints, model 
assumptions, and environmental variability rather than as definitive assessments of firm outcomes. 
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