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Abstract

Purpose: The study examines whether cash flow management indicators can serve as reliable early predictors of
small and medium-sized enterprise (SME) business failure. Specifically, it investigates the ability of cash flow—
based indicators to forecast business failure three years before the initiation of formal bankruptcy proceedings.
Methodology: A multilayer perceptron (MLP) neural network with two hidden layers is applied to analyze a
dataset of Serbian SMEs operating in the Trade and Manufacturing sectors. The model relies exclusively on cash
flow indicators and is evaluated using a training—test data split and classification metrics derived from the
confusion matrix.

Findings: The results indicate that cash flow indicators provide early signals of SME business failure three years
in advance. The model demonstrates high predictive performance, achieving an area under the ROC curve (AUC)
of 0.895. Indicators related to operating cash flow generation and debt-servicing capacity emerge as the most
influential predictors in this sample, highlighting the importance of liquidity and sustainable cash flow management
for long-term business survival.

Originality/value: The study contributes to the literature by focusing exclusively on cash flow indicators and
applying a neural network approach to predict SME failure three years in advance. It represents one of the first
regional studies combining a cash flow—centered perspective with machine learning methods and long prediction
horizon, while analyzing firms within specific industry segments.

Practical implications: The findings offer early warning signals that can support credit risk assessment, financial
monitoring, and timely interventions by managers, lenders, and policymakers.

Limitations: The study is limited by a relatively small sample size. While the sector-specific focus reduces
structural heterogeneity, it may limit generalizability. Future research could extend the dataset across Balkan
economies and incorporate additional or dynamic cash flow indicators capturing year-to-year changes.

Keywords: cash flow management, SMEs, neural networks, machine learning, bankruptcy prediction.
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CaxeTak
Uums: Lurs papa je fa vucnuta ga nv MHAMKATOPW yrpaBrbaka HOBYAHUM TOKOBMMA MOTY MOCIYXWUTM Kao
noy3gaHn paHW MPeauKTopu MOCMOBHOM Heycnexa Manux W cpeatoux npedyseha (MCIT). KoHkpeTHo,
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UCTPaXmMBake aHanuanpa CrnocobHOCT MHAOWKATOpa 3aCHOBAHWX HA HOBYaHWUM TOKOBMMA fAa npensuae
MOCHOBHW HEYCTEX TPW rofuMHe npe nokpeTakba PopManHor CTevajHor nocTynka.

Metoponoruja: Y papy je npumerseHa ,multilayer perceptron” HeypoHcka Mpexa (eH. MLP) ca aBa ckpueeHa
cnoja Ha ysopky cpnckux MCI u3 cektopa TproBuHe M npepafuBadke wHoycTpuje. Mogen ce ocnakba
WCKIbYYMBO Ha MHOWKATOpEe HOBYAHOr TOKa, a HeroBe nepopMaHce Cy NpouereHe NoJenoMm ysopka Ha
TPEHWHI 1 TECT CKyn nofaTtaka, kao 1 NPUMEHOM KNacuuKaLMOHNX MeTpUKa U3BELEHUX U3 MaTpULie KOHAY3uje.
Pesyntatu: Pesyntatv ykasyjy fa UHAMKaTOPW HOBYAHMX TOKOBA MPYXajy paHe curHane nocroBHOr Heycrnexa
MCTI Tpu roguHe npe crevaja. Mogen nokasyje BUCOKe npeawkTUBHe nepdopmaHce, ocTBapyjyhn BpeaHoCT
nospwuHe ucnog ROC kpuee (AUC) og 0,895. WHamkaTtopm Koju ce OfHOCE Ha reHepucare onepaTyBHOr
HOBYaHOTr TOKa W CMOCOBHOCT cepBucMpatba Ayra nokasyjy ce Kao HajaHayajHuju MpeavKkTopu y OBOM Y30pKY,
Harnawasajyhn 3Havaj MMKBMOHOCTW M OFPKVBOT YNpaerbaka HOBYAHUM TOKOBUMA 33 [AYrOPOYHM ONCTaHaK
npeayseha.

OpuruHanHocTt/BpegHocT: Pag ponpuHocu nutepatypu bokycupajyin ce MCKIbYYMBO Ha MHOMKaTope
HOBYaHWX TOKOBA W NPUMEHY HeypoHCKkux Mpexa y npeasufary Heycnexa MCI1 Tpu roguHe yHanpeq. Takohe
npeacTaBrba jefHo Of MPBUX MCTPaXMBaHa Y PErMOHANHOM KOHTEKCTY Koje KOMOWHYyje MpuUCTyn 3acHOBaH Ha
HOBYAHMM TOKOBMMA Ca MeTO4ama MaLUWMHCKOT y4yewa, Ca AYrM XMPWU3OHTOM Mpeaukuuvje, y3 aHanuay
npeay3seha y okBupY cneumuyHNX MHAYCTPHJCKUX CeKTopa.

MpaktnuHa npumeHa: Hanasu paga obesbefyjy paHe curHane ynosopera Koju MOry nogpxati npoLeHy
KpeauTHOT puaunka, duHaHCHiCkW Haa3op 1 BnaroBpemMeHe VHTEPBEHLMjE MeHallepa, KpeauTtopa W kpeatopa
€KOHOMCKE MOMNTHKE.

OrpaHuyetba UCTpaxuBarba: VCTpaxuBakbe je orpaHWyeHo penatuBHO ManuM y30pkoM. Mako cokyc Ha
oapeheHn CeKTop CMatbyje CTPYKTYPHY XETEpOreHoCT, OH MOXEe OrpaHMuUTU TeHepanuaoBare pesynrata.
Byayha ucTpaxvBara mormia 61 npowmpuTi CKyn nogaraka Ha npvepeae bankaHa v ykmbyuuTn gogatHe vnm
AVHaMUYKe NHAMKATOPE HOBYAHMX TOKOBA KOjU NpaTe NPOMEHE W3 FOANHE Y rOauHY.

Krby4He peum: ynpaBrbatbe HOBYAHUM TOKOBMMA, Mana 1 cpeftba npegy3seha, HeypoHcke Mpexe, MaLUMHCKO
yyerbe, npeasuharbe cTeyaja.

JEN knacudmkaumja: C53, C38, G33, L26, C10

Introduction

Balance sheets and income statements have traditionally served as the primary sources of
information for researchers, analysts, and investors in both academic inquiry and practical
decision-making. The well-known phrase “Cash is King” has become increasingly
acknowledged and respected, reflecting the reality that it is cash (not accounting income)
that ultimately sustains business activity. Cash enables firms to purchase inputs, pay
salaries, service debt, and reward shareholders, making it a more direct indicator of
financial resilience than accrual-based earnings. Profit-based indicators in particular may be
subject to earnings management, potentially limiting their reliability as predictors of
financial distress (Karas & Reznakova, 2020). This limitation may call into question the
reliability of purely accrual-based models and underscores the potential benefits of
incorporating alternative measures such as cash flow indicators. Managing cash flow
involves overseeing the inflow and outflow of funds within a business, which affects its
ability to acquire assets, remunerate staff, meet debt obligations, and maintain operational
efficiency to achieve strategic goals. Often referred to as treasury management, this practice
entails the careful monitoring of cash movements across a firm’s operational, financing,
and investment activities (Nasimiyu, 2024). Cash represents a crucial resource for both
individuals and organizations, necessary for fulfilling financial commitments and
increasingly central to corporate operational strategies (Fisher, 1998). Sound cash
management is vital for ensuring organizational stability, enabling future planning, and
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honoring obligations. Moreover, effective control over cash flows has been shown to
enhance a firm’s financial performance (Kroes & Manikas, 2014). The impact of small
businesses on national economies is both substantial and multifaceted. Worldwide, they are
regarded as key drivers of economic development, fostering entrepreneurship, innovation,
and the efficient use of resources (Aren & Sibindi, 2014). In developing countries, SMEs
are especially important for promoting economic growth and reducing poverty. Yet, these
enterprises frequently face difficulties due to limited stakeholder awareness of effective
cash flow management practices (Kongolo, 2010). For instance, in Serbia, an emerging
European economy, SMEs account for 42.5% of the total business income (Business
Registers Agency, 2023). The primary objective of this study is to examine and quantify
the long-term capacity of cash flow indicators for predicting business failure within the
SME sector in the Republic of Serbia. Specifically, the research aims to develop a
classification model based on Multilayer Perceptron (MLP) neural networks (NN) to detect
business failure signals three years in advance. By doing so, the study seeks to overcome
the limitations of traditional models that mostly rely on accounting profitability and
accrual-based metrics. Research hypothesis is defined as follows: 4 predictive model based
on Multilayer Perceptron (MLP) neural networks, utilizing cash flow indicators, can
accurately identify business failure risk in Serbian SMEs from the Trade and
Manufacturing industry three years prior to the formal initiation of bankruptcy
proceedings.

This study is organized into four sections. The first section presents a literature
review, initially covering studies that utilize comprehensive financial data for predicting
business failure, followed by research highlighting the specific role of cash flows. The
second section, “Sample, Materials, and Methods,” details the research design, including
sampling strategies and methodological considerations. Statistical analysis and model
development were performed using IBM SPSS Statistics. To capture complex non-linear
relationships within the financial data, a Multilayer Perceptron (MLP) neural network
architecture was employed. The third section presents the findings, along with the
developed model and its performance evaluation. The fourth section, “Discussion”,
examines the advantages and limitations of the study and explores its practical implications,
preceding the conclusion.

1. Literature review

Research on business failure and bankruptcy prediction has drawn extensively on statistical
and machine learning approaches, with logistic regression, decision trees, and k-nearest
neighbors among the most widely applied techniques. Early work by Ohlson (1980) marked
a turning point, demonstrating that simple financial ratios such as net income to total assets
and total liabilities to assets could serve as powerful predictors of bankruptcy. Since then,
logistic regression has remained a benchmark method, although its performance is often
outpaced by newer approaches. For instance, Papik & Papikova (2024), analyzing nearly
10,000 Slovak firms, reported that logistic regression achieved an overall accuracy of
68.3%, making it the weakest performer when compared against six alternative machine
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learning algorithms. Similarly, in the Serbian context, Besli¢-Obradovi¢ et al. (2018)
applied logistic regression to medium and large enterprises and obtained 82.5% accuracy,
while Kuster et al. (2025) developed a general log regression bankruptcy prediction model
for Serbian market incorporating both financial and non-financial indicators, achieving an
overall accuracy of 72.2% on the test sample for predictions three years in advance.

Decision tree models have also received significant attention. Wang et al. (2014)
demonstrated the potential of DTs by developing two models on datasets of 240 and 132
firms, achieving predictive accuracies of 71.6% and 76%, respectively. Expanding this line
of inquiry, Lee et al. (2020) constructed a decision tree framework using over 4,300 SMEs
and showed that non-financial variables alone could deliver strong predictive power, with
82.7% accuracy on the test set. Even higher predictive performance was achieved by
DiDonato & Nieddu (2015), who applied the CRT decision tree algorithm to 100 SMEs and
attained 91.6% accuracy using cross-validation, relying exclusively on financial predictors.
These findings highlight the flexibility of decision trees in incorporating both financial and
non-financial data. In recent years, the k-nearest neighbors method has emerged as a
competitive alternative. Aker & Karavardar (2023) applied k-NN models to Turkish SMEs
and achieved predictive accuracies ranging from 87% to 92% for horizons of one to three
years ahead, outperforming several competing approaches. Similarly, Abdullah (2021)
tested k-NN on firms listed on the Dhaka Stock Exchange, finding accuracies of 82% on
training data and 85% on test data, underscoring the method’s robustness across different
contexts. Importantly, methodological innovations have further enhanced the performance
of k-NN models. For example, Smiti & Soui (2020) demonstrated that applying
oversampling techniques substantially improved the AUC of k-NN predictions, raising it
from as low as 0.48-0.64 to consistently strong levels of 0.86—0.86 across five-year
horizons.

Inam et al. (2018) showed that neural networks can outperform traditional tools like
logistic regression and discriminant analysis, requiring fewer assumptions about input
variables while still delivering strong accuracy in classifying firms. Chen & Du (2009) also
reported encouraging results, with their backpropagation neural network correctly
predicting bankruptcy for Taiwanese companies with over 80% accuracy two years in
advance. Barboza et al. (2017) investigated firms in the United States and Canada,
comparing neural networks with a range of machine learning approaches. Their findings
indicated that models built on indicators such as growth, size, liquidity, and profitability
outperformed neural networks, which trailed by roughly 10% in predictive accuracy.
Several studies have examined the role of cash flow indicators as primary predictors of
business failure. Veronica et al. (2020) developed a business failure prediction model for
Indonesian manufacturing companies, using a sample of 92 firms and applying logistic
regression. Their findings showed that cash flow measures can reliably predict bankruptcy.
Similarly, Bhandari & Iyer (2013) analyzed 100 firms, incorporating seven predictor
variables into a discriminant analysis (DA) model. Four of these predictors were cash flow—
based, while the remainder were derived from balance sheet and profit and loss accounts.
Their matched sample design (50 failed and 50 non-failed firms) enabled the prediction of
business failure one year in advance. Ozcan (2020) examined business failure prediction in
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Turkey, analyzing 66 firms (balanced 1:1 between solvent and failed companies) from
various industries. Using logistic regression, the study developed three models to forecast
bankruptcy one, two, and three years ahead, achieving accuracies of 87%, 74%, and 68%,
respectively, with all predictors derived from cash flow measures. In another study, Karas
& Rezidkova (2020) investigated 4,350 Czech manufacturing SMEs over the period 2013—
2018. Although the dataset was imbalanced (only 40 failed firms), they employed
classification and regression trees (CART) and logistic regression based on 17 cash flow
ratios. Best reached AUC value is 0.82. In the developed European markets, Rizzo et al.
(2020) used cash flow ratios to predict bankruptcy in a couple of economies (Germany,
Spain, France, Great Britain and Italy) and multiple activities (Agriculture, Industry,
Services, Construction, Commerce and Food). The model has performed well across most
tested countries and sectors. The results obtained are almost all adequate; in particular, in
Germany and Spain, results have been particularly good, with the best AUC of 0,855 in
Spanish “Industry” sector.

2. Sample, materials and methods

Predicting business failure is complicated by a fundamental data imbalance: the number of
firms that actually experience failure (bankruptcy) is typically much smaller than those that
remain solvent. This imbalance often constrains the effectiveness of predictive models in
correctly identifying firms at risk (Masten & Masten, 2012). To mitigate this, prior research
frequently applies a 1:1 matching strategy, constructing balanced samples of failed and
solvent firms to enhance model reliability and classification accuracy (Altman, 1968;
Fletcher & Goss, 1993; McKee, 1995; Cho et al., 2010; Cheong & Ramasamy, 2019). The
empirical analysis in this study draws on a sample of 108 Serbian SMEs operating in Trade
and Manufacturing industries. Prior models that pool firms of all sizes and sectors often
overlook the unique financial dynamics of specific SMEs, which makes a sector-specific
approach essential. Accordingly, the dataset here is restricted to SMEs, with equal
representation of solvent firms (n=54) and failed firms (n=54), where failure is defined as
the initiation of bankruptcy proceedings. Consistent with established practice (Theobald,
2021), the sample was divided into training and testing subsets using an ~80:20 ratio,
including 88 SMEs in the training dataset, and 20 in the testing.

In this study, the variables are divided into dependent and independent categories.
The dependent variable is defined in binary form, distinguishing between two outcomes:
firms that entered bankruptcy proceedings (coded as 0) and firms that remained solvent and
operational (coded as 1). The independent side is represented by nine cash flow
management indicators, summarized in Table 1. These indicators serve as explanatory
factors, helping to capture financial characteristics linked to a firm’s probability of failure.
The variables were prepared in MS Excel using data collected from publicly available
financial statements, and for each firm, financial information was traced up to three years
prior to its observed status (failed or solvent), which allowed capturing early signals of
financial issues in the years leading up to the outcome.
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Table 1: Independent variables

# | Label Calculation Literature Source
Back et al. (1996), Atiya (2001), Neophytou & Molinero
Operating Cash (2004), Ryu & Yue (2005), Abdelwahed & Amir (2005),
1 | OCFTA Flow / Total Charitou et al. (2004), Callejon et al. (2013), Bapat & Nagale
Assets (2014), Douglas (2014), Sehgal et al. (2021), Chinedu et al.
(2023)
Operating Cash
2 | OCFTD Flow / Total Debt Back et al. (1996), Ryu & Yue (2005), Alfaro (2008)
3 | ocFs Operating Cash | Neophytou & Molinero (2004), Charitou et al. (2004), Bapat
Flow / Sales & Nagale (2014), Chinedu et al. (2023)
Back et al. (1996), Ryu & Yue (2005), Alfaro (2008), Chung
4| ccL Cash/ Current 1 1 (2008), Zebardast et al. (2014), Fedorova et al. (2013),
Liabilities
Inam et al. (2018)
Operating Cash | Back et al. (1996), Charitou et al. (2004), Neophytou &
5 | OCFCL Flow / Current Molinero (2004), Bapat & Nagale (2014), Lin (2009),
Liabilities Chinedu et al. (2023)
Cash Flow Net Leshno & Spector (1996), Virag & Kristof (2005), Brockett
6 | CFNID Result / Total et al. (2006), Chen & Du (2009), Ravisankar et al. (2010),
Debt Kouki & Elkhaldi (2011), Inam et al. (2018)
7 | OCF Operating Cash Mossman et al. (1998), Anandarajan et al. (2001)
Flows
Back et al. (1996), Lee et al. (1996), Liang et al. (2016),
8 [ CS Cash / Sales Brenes et al. (2022), Ryu & Yue (2005), Ravisankar et al.
(2010)
9 | CFTL Cash / Total Back et al. (1996), Bryant (1997), Tung et al. (2004), Brenes
Liabilities et al. (2022)

Source: Author

The modeling process was conducted using a machine learning approach based on a
neural network (NN), implemented in IBM SPSS software. The predictive power of the
model was evaluated using a confusion matrix and the standard performance metrics
derived from it (Table 2).

Table 2: Neural Network performance metrics

Metric Formula

Accuracy (TP + TN) / (TP + TN + FP + FN)
Precision TP / (TP + FP)

Sensitivity (Recall) TP /(TP + FN)

Specificity TN /(TN + FP)

F1-Score 2 x (Precision x Recall) / (Precision + Recall)
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Negative Predictive Value

(NPV) TN /(TN + FN)
False Positive Rate (FPR) FP / (FP + TN)
False Negative Rate (FNR) FN /(TP + FN)
False Discovery Rate (FDR) FP /(TP + FP)

Matthews Correlation

Cooffiotont (TPXTN — FPxFN) / N((TP+FP)(TP+FN)(TN+FP)(TN+FN))

Source: Author

3. Analysis and results

One neural network (MLP) was developed to predict SMEs failure based on cash flow
management indicators three years in advance. The network consists of two hidden layers,
with 8 neurons in the first and 6 neurons in the second hidden layer, both including bias
units. The activation functions were selected through empirical testing: the hyperbolic
tangent function was applied in the hidden layers, while a sigmoid function was used in the
output node. The sigmoid activation is well-suited for binary classification, as it maps the
output to a probability in the (0, 1) range, and this combination yielded the best overall
classification performance. The model was trained using the gradient descent algorithm
with batch learning, applying an initial learning rate of 0.001 and a momentum parameter
of 0.9. All the independent variables were standardized. The neural network model
achieved strong predictive performance on both the training and testing datasets (Table 3).
These outcomes demonstrate that cash flow—based indicators, when analyzed through a
neural network, provide a reliable framework for anticipating business failure among
SMEs. The boxplot (Figure 1) illustrates the distribution of predicted pseudo-probabilities
generated by the neural network for failed (0) and solvent (1) SMEs. The model clearly
differentiates between the two groups. For failed firms, the predicted probabilities are
concentrated at higher levels for the “failed” class (blue) and substantially lower for the
“solvent” class (red), with limited overlap between distributions. Conversely, solvent firms
display higher predicted probabilities for the “solvent” class and markedly lower values for
the “failed” class. Although some overlap and outliers are present, indicating instances
where the model misclassified or was less confident, the median values and interquartile
ranges demonstrate a strong separation between the two statuses. This separation suggests
that the neural network, based on cash flow ratios, is effective in discriminating between
solvent (healthy) and failed SMEs (that initiated bankruptcy proceedings). The relatively
small degree of misalignment in predictions highlights areas for further refinement but does
not detract from the overall predictive validity of the model.

Table 3: NN Results — assessment metrics

Sample Training Testing
Accuracy 87.5% 85.0%
Precision 85.1% 81.8%

Sensitivity 90.9% 90.0%
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Specificity 84.1% 80.0%
F1-Score 87.9% 85.7%
Negative Predictive Value 90.2% 88.9%
False Positive Rate 15.9% 20.0%
False Negative Rate 9.1% 10.0%
False Discovery Rate 14.9% 18.2%
Matthews Correlation Coefficient 0.75 0.70

Source: Author

Figurel: The Boxplot
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The receiver operating characteristic (ROC) curve is a widely used tool for assessing
the performance of binary classification models, as it illustrates the trade-off between
sensitivity and specificity (Klepa¢ & Hampel, 2018). The area under the curve (AUC)
provides a single scalar measure that summarizes overall classification accuracy. An AUC
of 0.5 indicates performance equivalent to random guessing, while a value of 1 reflects
perfect classification, although the latter is rarely attainable in practice. According to
established guidelines for interpreting AUC values (Al-Milli et al., 2021), the AUC score
obtained for the business failure prediction model (0.895) demonstrates a high level of
accuracy. The ROC curve is displayed in Figure 2. The curve for failed firms (blue, coded
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as 0) and the curve for solvent firms (red, coded as 1) both lie well above the diagonal line
that represents random guessing. This pattern indicates that the model performs well in
separating failed SMEs from those that remain solvent. The overall trajectory of curves
demonstrates a favorable balance between sensitivity and specificity. Taken together, the
curves confirm that the model provides reliable discriminatory power, supporting its use as
an early-warning tool for failure prediction in SMEs from the Trade and Manufacturing
sectors.

Figure2: ROC Curve
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The results (Figure 3) highlight several cash flow—based indicators as the most
influential predictors of business failure, providing practical insights for SME managers.
The two strongest predictors, Cash Flow Net Result to Total Debt (CFNID) and Operating
Cash Flow (OCF), emphasize the critical role of liquidity and debt servicing capacity.
SMEs that generate insufficient cash relative to their debt obligations are at heightened risk
of failure, underlining the importance of careful debt management and ensuring that
operating activities consistently produce positive cash flows. Other indicators, such as
Operating Cash Flow to Total Debt (OCFTD) and Cash to Current Liabilities (CCL),
reinforce this point by showing that firms must be able to cover both short- and long-term
obligations from internal resources rather than relying excessively on external financing.
Similarly, Operating Cash Flow to Total Assets (OCFTA) signals how effectively assets are
being used to generate cash, which is crucial for SMEs with limited resource bases. The
importance of cash-based ratios relative to sales (OCFS and CS) suggests that revenue
growth alone is insufficient; firms must ensure that sales translate into actual cash inflows,
as profits may otherwise remain unrealized due to poor collection practices. Meanwhile,
Cash Flow to Total Liabilities (CFTL) and Operating Cash Flow to Current Liabilities
(OCFCL) underscore the necessity of balancing working capital and maintaining adequate
liquidity buffers.
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Figure3: Independent variables normalized importance
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Taken together, these findings provide a clear message for SME managers: focusing
solely on profitability indicators may overlook early warning signals of financial issues.
Instead, proactive cash flow management, carefully monitoring the ability to convert sales
into cash, cover liabilities, and sustain operations is vital for financial resilience.
Policymakers and financial institutions can also use these insights to design more effective
support mechanisms and credit assessment tools tailored to SMEs in emerging markets.

4. Discussion

Among the failed firms in the sample, 44 out of 54 reported at least some level of
profitability (ROA > 1%); 18 had ROA above 5%. This highlights an important insight:
profitability alone does not safeguard firms from failure. Cash flow management should
remain at the forefront of financial status assessment, complementing traditional
profitability indicators.

Research results suggest that business failure can be predicted up to three years in
advance relying exclusively on cash flow management indicators, using a neural network
(NN) framework. The study represents a contribution to the still limited body of regional
evidence on cash flow—based failure prediction in emerging European economies, where
liquidity constraints and structural vulnerabilities of SMEs make such early warning tools
particularly relevant. To the best of the author's knowledge, this study contributes to the
literature in several ways. In contrast to several prior studies, which employ broad sets of
financial ratios dominated by accrual-based measures, this work focuses exclusively on
cash flow indicators as predictors of business failure. Compared with existing evidence, this
research contributes by focusing on an emerging European economy. Furthermore, this
cash flow model is tailored to the SME sector and further narrowed to industries
particularly exposed to liquidity pressures. Moreover, the model extends the predictive
horizon beyond the commonly adopted one-year benchmark in the literature, showing that
early warning signals can be reliably extracted three years in advance.
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From a practical perspective, the findings carry meaningful implications. For
entrepreneurs and managers in SMEs, the identified indicators offer a tangible set of
measures that can be tracked proactively to assess financial vulnerability well before
default becomes unavoidable. Lenders, investors, and policymakers can similarly benefit
from such a focused model, since cash flows directly capture repayment capacity and
resilience to shocks. The simplicity of cash flow—based metrics enhances interpretability
and makes the monitoring process more accessible for smaller businesses with limited
analytical resources. Nevertheless, certain limitations should be acknowledged. Neural
networks, while powerful in uncovering non-linear relationships, are often criticized as
“black-box” models, offering limited transparency into how decisions are made. This raises
challenges for adoption in professional practice, where stakeholders may demand more
interpretable justifications for predictions. Future research could address this by integrating
explainable Al techniques or hybrid approaches that balance predictive accuracy with
transparency. Additionally, the analysis is restricted to SMEs in Serbia’s trade and
manufacturing sectors, which may limit generalizability. Expanding the scope across other
European emerging markets would strengthen the external validity of the findings.

Conclusion

The findings of this study suggest that business failure among SMEs can be anticipated up
to three years in advance using exclusively cash flow management indicators analyzed
through a neural network framework in Serbia. The model delivered strong results: on the
training set, it achieved 87.5% accuracy. On the testing set, performance remained robust,
with 85.0% accuracy. The Matthews Correlation Coefficient reached 0.75 for training and
0.70 for testing, underscoring the overall predictive validity of the model. These outcomes
suggest that cash flow—based ratios, particularly those capturing liquidity and debt-
servicing capacity, may provide a reliable basis for forecasting SME failure. The analysis
identified several variables as the most influential predictors, including Cash Flow Net
Result to Total Debt (CFNID) and Operating Cash Flow (OCF). These indicators highlight
the central role of liquidity and the ability to meet debt obligations, as firms generating
insufficient cash relative to their commitments faced the greatest risk of failure. Measures
such as Operating Cash Flow to Total Debt (OCFTD) and Cash to Current Liabilities
(CCL) further underline the importance of internal financing for both short- and long-term
obligations, while ratios relative to assets or sales (OCFTA, OCFS, CS) emphasize the need
for efficiency in converting operations and revenues into actual cash inflows. The findings
also reveal that profitability alone cannot safeguard firms from business failure. Among
failed companies, 44 out of 54 reported positive ROA (=1%), 18 had ROA above 5%. In
contrast to several prior studies, this work focuses exclusively on cash flow management
indicators and applies a neural network to assess their predictive power. It also extends the
forecast horizon beyond the commonly adopted one-year benchmark to three years ahead,
while tailoring the model to SMEs in Trade and Manufacturing within an emerging
European economy, thereby addressing a segment that remains relatively underrepresented
in the existing literature. The results support the hypothesis H;, as the MLP model
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demonstrated a high area under the ROC curve (AUC = 0.895), indicating its ability to
recognize patterns of business failure in Serbian SMEs even three years in advance.

In conclusion, the findings of this study highlight the important role of cash flow
management in long-term business sustainability and contribute to the development of more
focused, practical, and forward-looking tools for predicting SME failure.
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