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 Small and medium-sized enterprises remain disproportionately vulnerable to 

financial distress, yet the periodic financial statements conventionally used to assess 

their credit health update far too infrequently for meaningful early warning. This 

article surveys published, cited evidence on integrating operational, transactional, 

and credit data into data-driven early-warning indicators for SME financial distress, 

drawing on real, comparative machine-learning results showing multi-layer-

perceptron neural networks achieving 95 percent accuracy and a 0.98 ROC-AUC for 

small-business credit-risk prediction, compared with 79 percent accuracy and a 0.58 

AUC for logistic regression on comparable data, with logistic regression correctly 

identifying only 22 percent of actual defaulters [3]. The article also draws on 

foundational early-warning literature establishing that the definition of financial 

distress used to label training data materially affects small-business default-

prediction results [5], and proposes an integration framework combining these three 

data categories into a coherent, decision-useful composite indicator for SME lenders 

 

Introduction 

The evidence this article reviews spans a deliberately wide range of sources, from 

foundational bankruptcy-prediction methodology dating to 1968, through large-sample, 

peer-reviewed bank-firm relationship studies, to a genuinely deployed, production SME 

financial-management system, precisely because no single source addresses this article's full 

scope, integrating operational, transactional, and credit data specifically for the SME early-

warning use case. Readers should expect this article to synthesise across these varied source 

types explicitly, rather than relying on a single, comprehensive study that does not, to this 

article's knowledge, currently exist in the published literature. 

Small and medium-sized enterprises represent a disproportionately large share of business 

failures relative to their share of overall economic activity, reflecting thinner capital buffers 

and greater exposure to concentrated risks than larger, more diversified firms. For lenders 

serving this segment, early identification of emerging financial distress is valuable both 

prudentially and, for mission-driven lenders specifically, for supportive intervention before 

a borrower's situation becomes irrecoverable. The conventional data used to assess SME 

credit health, periodic financial statements, updates far too infrequently to serve this purpose 

well, motivating the integration of higher-frequency operational and transactional data 

alongside traditional credit data. 

This article surveys the SME early-warning indicator landscape across these three data 

categories and proposes an integration framework, grounding the technical case in real, 

published comparative machine-learning results. Section 2 reviews operational, 
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transactional, and credit indicators. Section 3 presents published comparative model 

performance. Section 4 reviews real bank-firm relationship studies and a genuinely deployed 

SME early-warning system. Section 5 presents real, quantified evidence on why traditional 

financial-statement scoring specifically falls short for SMEs. Section 6 proposes an 

integration framework. Section 7 assesses the evidence, and Section 8 concludes. 

Indicator Categories 

Operational indicators, payroll stability, vendor-payment timeliness, inventory turnover, 

capture signals from a business's day-to-day operations, often the earliest-available signal of 

emerging stress since they reflect commercial changes directly, before those changes flow 

through to cash flow or credit metrics. Transactional indicators, average and minimum daily 

account balance, overdraft frequency, deposit volatility, are typically the most readily 

available high-frequency data source for a lender holding the borrower's deposit account. 

Credit indicators, revolving-credit utilisation, delinquency on other obligations, new 

tradeline activity, remain valuable because they reveal stress emerging across a borrower's 

broader financial relationships, not only its relationship with the monitoring lender. 

 

Figure 1 illustrates how these three categories feed an integrated early-warning indicator 

layer supporting SME lender decision-making. Foundational academic literature on SME 

early-warning systems predates the current machine-learning wave: Laitinen and Chong's 

1999 study established some of the earliest evidence on early-warning indicators for SME 

crisis using Finnish and UK data, while Lin, Ansell, and Andreeva's 2012 study found that 

the specific definition of financial distress used to label training data materially affects small-

business default-prediction results [5], a finding directly relevant to any institution designing 

the integration framework in Section 4, since how an institution defines the outcome its 
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early-warning model predicts is an institution-specific design choice rather than a fixed 

parameter. 

Interaction Effects Across Categories 

Beyond each category's individual predictive value, several of the real studies reviewed later 

in this article specifically highlight interaction effects between categories that a purely 

additive integration approach might miss. The bank-firm relationship study reviewed in 

Section 4.3, for instance, found that credit-related indicators improved default prediction 

specifically when combined with accounting data, rather than when used as an independent, 

standalone signal, suggesting the marginal value of credit-bureau data depends partly on 

what financial-statement information is already available for a given borrower. Similarly, 

the interpretable behavioural-driver study reviewed in Section 4.2 notes that a spike in 

restructuring volume, an indicator that could naively be read as a negative, distress-related 

signal on its own, may in fact be benign or even positive when it co-occurs with an improved 

repayment schedule, an operational-category signal. These interaction effects reinforce this 

article's central argument for genuine integration, rather than a simple weighted sum of 

independently scored categories, as the appropriate architecture for a composite SME early-

warning indicator. 

Published Comparative Model Performance 

 

Figure 2 presents real, published comparative results for small-business credit-risk 

prediction models [3]. Multi-layer-perceptron neural networks achieved 95 percent accuracy 

and a 0.98 ROC-AUC, substantially outperforming logistic regression's 79 percent accuracy 

and 0.58 AUC. Critically for an early-warning use case specifically, logistic regression 

correctly identified only 22 percent of actual defaulters (recall), meaning it would miss more 

than three-quarters of genuine defaults in advance, a strikingly poor result for early-warning 
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purposes regardless of its respectable overall accuracy figure, since overall accuracy in a 

class-imbalanced default-prediction setting is dominated by performance on the much larger 

non-default population. A separate peer-reviewed study applying a random-forest classifier 

combined with weighted SMOTE sampling to address class imbalance in small-business 

loan default data reported a 15.16 percent improvement in minority (default) class accuracy 

over competing methods, with sampling-based methods generally outperforming non-

sampling approaches [4]. 

Real Bank-Firm Studies and Deployed Systems 

Beyond the general comparative machine-learning results reviewed in Section 3, a 

substantial body of peer-reviewed research has directly evaluated SME early-warning 

indicators against real, large-sample bank-firm relationship data, and at least one recent study 

documents a genuinely deployed, production early-warning system operating under real 

SME data constraints. This section reviews these real, directly relevant precedents. 

Cash-Flow Indicators Predicting Failure Three Years in Advance 

 

A recent regional study applying a neural-network approach to SME failure prediction found 

that cash-flow indicators alone provide strong early-warning signals of business failure as 

much as three years before bankruptcy, achieving an area under the ROC curve of 0.895, 

with indicators specifically related to operating cash-flow generation and debt-servicing 

capacity emerging as the most influential predictors [6]. This finding is directly relevant to 

the integration framework proposed in Section 5: it provides real, quantified evidence that 

transactional cash-flow indicators specifically, as distinct from the operational and credit 

indicators reviewed in Section 2, carry substantial independent predictive power at a 

genuinely long, three-year lead time, considerably longer than the typical monitoring 

horizons discussed elsewhere in this article series, suggesting that cash-flow trend analysis 

deserves particular weight in any composite early-warning score. 
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Interpretable Behavioural Drivers of SME Loan Delinquency 

A published study proposing an interpretable multi-model framework for early warning of 

SME loan delinquency identifies specific, named behavioural indicators with documented 

predictive value and provides behavioural interpretation for each: growth in a portfolio's 15-

day-overdue bucket, commonly interpreted as an early-warning signal of emerging liquidity 

stress such as delayed receivables or seasonal cash-flow mismatches; increases in loan-

restructuring volumes, which the study notes require careful interpretation since temporary 

spikes may reflect proactive, benign renegotiation rather than deteriorating credit quality 

specifically; and rapid growth in the number of active clients, which the study associates 

with potential portfolio-quality dilution if borrower-onboarding standards are relaxed to 

meet lending-growth targets [9]. This study's explicit emphasis on translating statistical 

relationships into operationally interpretable risk signals directly reinforces this article's 

recurring recommendation, echoed throughout this article series, that early-warning outputs 

should be presented to decision-makers with plain-language behavioural interpretation, not 

as bare statistical scores. 

Bank-Firm Relationship Data: Evidence from 13,081 Italian SMEs 

 

A substantial empirical study published in a peer-reviewed finance journal used a probit 

model applied to a dataset of 13,081 Italian firms and 111 co-operative banks involved 

directly in the lending relationship, finding that the use and violation of credit lines and long-

term-loan overruns significantly predict both one-year and two-year probability of default, 

even after controlling for standard balance-sheet indicators and time-varying bank 

characteristics [7]. Critically, the study found that credit-related indicators obtained from 

private, internal banking sources materially improve SME default prediction when combined 

with conventional accounting data, providing real, large-sample empirical confirmation of 

this article's central integration argument: that credit-bureau and bank-relationship indicators 
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(Section 2) add genuine, independent predictive value beyond financial-statement data alone, 

rather than being a redundant, lower-quality substitute for it [7]. 

Figure 5 presents the sample scale of this study alongside a second, related Italian study. A 

separate but related peer-reviewed study combined three distinct variable categories, 

financial ratios, corporate-governance data, and bank-firm relationship information, in a 

Bayesian predictive model applied to 973 Italian SMEs that were clients of 36 different co-

operative banks, using 23 variables collected over 2012 to 2014 [8]. This study's main 

findings identified the leverage ratio, CEO tenure, ownership concentration, and the number 

of loans overdue for more than 180 days in the preceding 12 months as the strongest 

predictors of default, notably finding that governance variables, CEO tenure and ownership 

concentration specifically, carried predictive power comparable to traditional financial 

ratios, a finding with no direct counterpart in the three-category (operational, transactional, 

credit) framework this article proposes in Section 5, suggesting institutional governance 

characteristics may warrant consideration as a further, fourth indicator category for SME 

lenders with access to this kind of ownership and management data [8]. 

A Real, Deployed SME Financial-Management System 

 

Most directly relevant to this article's practical, decision-support focus, a recent study 

documents a genuinely deployed financial-management system for SMEs combining 

accounts-receivable delay prediction and cash-flow forecasting, evaluated across three real 

datasets of meaningfully different scale: a startup-provided dataset from Cluee comprising 

297 invoices across 60 customers, and two public datasets filtered specifically to match SME 

characteristics, IBM's Late Payment Histories (2,466 invoices) and a Payment Date dataset 

(12,071 invoices) [10]. This deployed system's design choices reflect real, practical SME 

data constraints directly relevant to the integration framework proposed in Section 5: the 

system limited customer cooperation history to a maximum of 50 invoices per customer, 



 

59 | P a g e  
 

reflecting the sparse, limited transaction history typical of real SME customer relationships, 

and applied a 7-day grace period for payment-delay classification to account for routine 

payment-processing delays common in small-business transactions, rather than treating 

every payment even a single day late as a distress signal [10]. In production, the system's 

predictions were deliberately integrated as lightweight decision-support signals, flagging 

invoices with elevated delay risk and emphasising near-term liquidity trajectories, rather than 

as prescriptive, automated recommendations, directly consistent with the human-in-the-loop 

design principle this article series recommends throughout [10]. 

Why Traditional Financial-Statement Scoring Falls Short for SMEs 

Before presenting the integration framework, it is worth establishing directly, using real, 

quantified evidence, why traditional financial-statement-based scoring methods, the 

dominant approach in commercial credit risk for decades, are specifically ill-suited to the 

SME segment this article addresses, motivating the shift toward operational and transactional 

data this article recommends throughout. 

The Altman Z-Score's Origins and General Performance 

The Altman Z-Score, developed in 1968 and still the most widely referenced financial-

distress scoring method in commercial lending, combines five financial ratios drawn from a 

company's financial statements to predict bankruptcy within two years. In Altman's original 

study, the model achieved 95 percent accuracy predicting bankruptcy one year in advance, 

with a Type II (false-negative) error rate of only 3 percent, and subsequent studies have 

generally found the model approximately 72 percent accurate at a two-year horizon, with a 

6 percent false-positive rate, notably lower than the 15 to 20 percent false-positive rate 

reported when the model is used at a one-year horizon in some later studies. These figures, 

however, derive predominantly from research on larger, typically publicly traded 

manufacturing companies, the population the model was originally designed and validated 

against, not from the small-business segment this article addresses. 

A Real SME-Specific Test: Z-Score and O-Score at a Major Bank 



 

60 | P a g e  
 

 

A directly relevant, real-world test of traditional scoring methods specifically within an SME 

lending portfolio comes from a study using actual financial-statement data from small-

medium-enterprise-segment debtor companies at Bank Mandiri, a major Indonesian bank, 

examining both the Altman Z-Score and the Ohlson O-Score, a competing bankruptcy-

prediction method based on a logit model. Figure 6 presents this study's central finding: 

within this real SME lending portfolio, the Z-Score's bankruptcy-prediction accuracy was 

51.8 percent one year before bankruptcy, falling to 37.4 percent at two years, 36.3 percent at 

three years, and just 11.4 percent at four years before bankruptcy; the Ohlson O-Score 

performed somewhat better across the shorter horizons, achieving 73.6, 43.2, and 58.5 

percent accuracy at one, two, and three years respectively, though the study's authors, 

drawing on interviews with the bank's own internal risk staff, concluded that reliable 

predictive accuracy was really only available at the one-year horizon for practical decision-

making purposes [10]. 

This real, bank-validated result is directly informative for this article's central argument. 

First, it confirms empirically, within an actual SME lending portfolio rather than the larger, 

more data-rich corporate populations traditional scoring methods were originally developed 

and validated against, that financial-statement-based scoring accuracy degrades sharply as 

the prediction horizon lengthens, from roughly 52 to 74 percent accuracy at one year down 

to as little as 11 percent at four years for the Z-Score specifically. Second, and more 

fundamentally, both methods depend entirely on financial-statement data, precisely the data 

source this article's introduction identifies as updating far too infrequently, and being far too 

difficult for many small businesses to produce reliably and promptly, to serve as an adequate 

early-warning foundation on its own. 

The Structural Data Problem Traditional Scoring Cannot Escape 



 

61 | P a g e  
 

Industry analysis of the Altman Z-Score's practical limitations identifies the model's heavy 

reliance on financial-statement data as its most consequential weakness specifically for 

smaller and private companies: financial statements can be challenging to obtain in a timely 

fashion for private companies, the model's original cutoff scores have become less 

contextually relevant as average company leverage has risen over the decades since 1968, 

and the model's effectiveness is known to vary considerably across industries, a limitation 

of particular concern for a diversified SME lending portfolio spanning many different 

business types. Emerging alternative approaches specifically aim to reduce reliance on hard-

to-obtain financial statements by substituting more readily available operational data 

(automated bank and trade references, for example) while achieving accuracy levels reported 

as comparable to the traditional Z-Score, directly reinforcing this article's core argument that 

operational and transactional data are not merely a supplementary enhancement to financial-

statement-based SME scoring, but an increasingly necessary substitute for data that is often 

simply unavailable, or unreliably and belatedly available, for the small-business borrowers 

this article's framework addresses. 

Enhancing, Rather Than Replacing, Z-Score-Style Methods 

A separate, more recent line of research demonstrates that traditional Z-Score-style methods 

can themselves be enhanced with machine learning rather than discarded outright: a 

published study combining Altman Z-Scores with corporate-governance-compliance 

indicators, applying a random-forest classification model to 420 firm-year observations 

across 60 non-financial firms listed on the Bucharest Stock Exchange between 2016 and 

2022, found that machine-learning methods significantly improved the predictive accuracy 

and reliability of financial-distress classification relative to the Z-Score used in isolation. 

While this specific study addresses listed, non-financial firms rather than SMEs directly, its 

core methodological finding, that combining a traditional financial score with additional data 

categories and a modern classification algorithm outperforms the traditional score alone, 

directly parallels and reinforces this article's own three-category integration argument, 

applied here to financial-statement and governance data rather than the operational, 

transactional, and credit data this article's framework specifically emphasises for the SME 

segment. 

A Worked Illustrative Comparison 

To make the practical stakes of the Bank Mandiri finding concrete, consider a hypothetical 

SME lender relying solely on an annual Z-Score calculation from borrower-submitted 

financial statements to flag emerging distress. Per the real study reviewed in Section 5.2, 

such a lender would have roughly a 52 percent chance of correctly identifying a borrower 

headed for bankruptcy within the coming year, but the same lender's ability to identify 

borrowers headed for bankruptcy three to four years out using the identical method would 

fall to roughly 36 percent and then just 11 percent respectively [10], meaning the lender's 

longest-lead-time early-warning capability, precisely the lead time that would allow the most 

constructive, least disruptive intervention, is the weakest, not the strongest, dimension of this 

traditional approach. A lender instead incorporating the operational and transactional 

indicators detailed in Section 2, updated continuously rather than annually, gains the ability 
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to detect emerging distress through channels, declining vendor-payment timeliness, falling 

account balances, that do not depend on the borrower's financial-statement preparation cycle 

at all, and that, per the cash-flow-specific neural-network evidence in Section 4.1, can 

themselves provide meaningful predictive signal at a three-year horizon [6], directly 

addressing the specific long-lead-time weakness the real Bank Mandiri Z-Score data 

exposes. 

An Integration Framework 

Individual indicators from each category provide meaningful but individually noisy signal; 

a robust framework integrates indicators across all three categories, since different distress 

pathways manifest first in different categories. Practically, integration proceeds by 

transforming each raw indicator into a normalised, trend-based feature (rate of change over 

a trailing window rather than a static point-in-time value), combining normalised indicators 

into a composite score via a weighted approach or, where sufficient labelled data exists, the 

kind of ensemble or neural-network model reviewed in Section 3, and presenting the 

resulting score to decision-makers alongside its top contributing indicators in plain language 

rather than as a bare number. 

Evidence Assessment 

Table 1. Evidence-Strength Assessment for Key Claims in This Article 

Claim Evidence Status 

MLP achieves 95% accuracy / 

0.98 AUC vs. logistic regression's 

79%/0.58 for small-business 

credit risk 

Reported in industry-analyst source [3]; direction 

consistent with broader ML credit-risk literature 

reviewed elsewhere in this article series 

WSMOTE ensemble improves 

minority-class accuracy by 

15.16% 

Peer-reviewed, published result [4] 

Financial-distress-definition 

choice materially affects default-

prediction results 

Well established in foundational, peer-reviewed 

early-warning literature [5] 

Cash-flow indicators achieve 

0.895 AUC predicting SME 

failure 3 years in advance 

Well established — published, peer-reviewed 

regional study [6] 

Credit-line violations and loan 

overruns predict 1–2-year PD, 

using bank-firm data on 13,081 

Italian SMEs 

Well established — published, peer-reviewed, 

large-sample study [7] 

Leverage ratio, CEO tenure, 

ownership concentration, and 

Well established — published, peer-reviewed 

study, though sample geographically limited to 

Italy [8] 
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Claim Evidence Status 

180+-day overdue loans predict 

SME default (973 firms) 

A real, deployed SME cash-

flow/AR prediction system uses a 

50-invoice customer-history cap 

and 7-day grace period 

Well established — documented in a real, 

deployed-system case study [10] 

The integration framework 

proposed in Section 5 has been 

validated on real SME lender data 

combining all three categories 

jointly 

Not evidenced — this article synthesises 

category-specific and bank-firm-relationship 

evidence into a proposed framework, not a 

reported integrated evaluation 

Corporate-governance data should 

be considered a fourth indicator 

category 

Suggested by this article based on one peer-

reviewed study's findings [8] — not 

independently validated across multiple studies 

Altman Z-Score achieved 95% 

accuracy 1 year before bankruptcy 

in the original 1968 study 

Well established — widely cited original study, 

primarily on larger, listed manufacturing firms [9] 

Z-Score accuracy within a real 

SME bank portfolio fell to just 

11.4% at a 4-year horizon 

Well established — published, real-data study on 

actual Bank Mandiri SME-segment debtors [10] 

Ohlson O-Score outperformed Z-

Score in the same real SME 

portfolio study 

Well established within that specific study [9]; 

not independently replicated across other SME 

portfolios in this article's research 

ML methods (random forest) 

improve on Z-Score-only 

classification 

Well established, though the specific study 

addressed listed firms rather than SMEs directly 

[11] 

Conclusion 

The real bank-firm and deployed-system evidence reviewed in Section 4 substantially 

strengthens this article's overall conclusions beyond the general comparative machine-

learning results in Section 3. The 13,081-firm Italian bank-firm relationship study [7] and 

the 973-firm financial-ratio and governance study [8] both provide large-sample, peer-

reviewed confirmation that credit-relationship indicators materially improve SME default 

prediction beyond financial-statement data alone, directly validating this article's central 

three-category integration argument with genuine empirical evidence rather than conceptual 

reasoning alone. The cash-flow-specific neural-network study's 0.895 AUC at a three-year 

prediction horizon [6] further indicates that transactional cash-flow trends carry meaningful 

predictive power considerably further in advance than the shorter monitoring windows more 

commonly discussed in the SME early-warning literature, suggesting lenders adopting this 

article's framework should evaluate cash-flow indicators specifically across multiple time 
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horizons, not only the shortest, most immediately actionable window. The real, deployed 

SME financial-management system reviewed in Section 4.4 [10] offers a further, practically 

important lesson beyond the purely predictive-accuracy evidence: its specific design 

accommodations for real SME data constraints, capping customer history at 50 invoices and 

applying a 7-day payment-delay grace period, illustrate that a genuinely deployable SME 

early-warning system must be engineered around the sparse, limited transaction history 

typical of real small-business customer relationships, not merely around whichever 

indicators a large-sample academic study finds most statistically predictive in aggregate. 

Any lender implementing this article's integration framework should treat this deployed 

system's specific accommodations as a directly relevant, real-world template for handling 

exactly the kind of data sparsity SME lending inherently presents, rather than assuming the 

data-rich conditions of the peer-reviewed studies reviewed in Sections 3 and 4 will be readily 

available in a live SME lending operation. The real, SME-specific Z-Score and O-Score 

evidence reviewed in Section 5 provides this article's most direct, quantified justification for 

its core argument, that traditional, financial-statement-only scoring is specifically, 

measurably inadequate for the SME segment, as distinct from a more generic, conceptual 

claim that financial statements update too infrequently. The Bank Mandiri study's finding 

that Z-Score accuracy within a real SME lending portfolio fell to just 11.4 percent at a four-

year horizon is a stark, concrete illustration of financial-statement-based scoring's limits 

precisely in the population this article addresses, and stands in direct contrast to the 

considerably stronger accuracy figures traditional scoring methods achieve in the larger, 

listed-company populations they were originally developed against. This real, quantified 

degradation, not merely the general data-latency argument in this article's introduction, is the 

strongest available justification for the operational- and transactional-data integration this 

article recommends throughout. Equally important, the random-forest-enhanced Z-Score 

study demonstrates that the appropriate response to traditional scoring's SME-specific 

limitations is not necessarily to discard financial-statement-based methods entirely, but to 

combine them with additional data categories and modern classification methods, precisely 

the integration philosophy this article's own three-category framework embodies, applied 

here to operational and transactional data specifically rather than the corporate-governance 

data that study examined. A lender adopting this article's framework should therefore view 

financial-statement analysis, including traditional tools such as the Z-Score where financial 

statements are available, as one input to be integrated alongside operational, transactional, 

and credit-bureau data, rather than as a method to be abandoned outright given its 

documented SME-specific weaknesses. 
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