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Abstract: For SMEs, financial distress can emerge even when sales and accounting profits remain positive because the timing and
uncertainty of cash movements determine whether obligations can actually be funded. This study investigates artificial intelligence-
based cash-flow forecasting as a mechanism for identifying liquidity turning points before conventional distress indicators deteriorate.
The proposed approach reconstructs enterprise cash positions from recurring and irregular receipts, payroll, supplier payments,
taxation, debt service, capital expenditure, seasonality, and customer-payment uncertainty. Probabilistic forecasting generates
alternative future cash trajectories rather than a single deterministic estimate, enabling calculation of liquidity runway, minimum
projected cash balance, shortfall probability, cash-flow-at-risk, and time-to-liquidity breach. These forward measures are used to
distinguish temporary cash compression from persistent trajectories associated with emerging financial distress. Scenario simulations
examine how delayed receivables, revenue shocks, cost increases, or financing constraints alter the timing and severity of liquidity
deterioration. Management responses can consequently be evaluated according to their capacity to extend liquidity runway and reduce
shortfall exposure. The framework positions Al forecasting not simply as a prediction tool, but as a forward-looking financial

resilience mechanism connecting uncertainty, distress lead time, and liquidity planning in SMEs.
Keywords: Cash-flow uncertainty; Liquidity runway; Financial distress; Probabilistic forecasting; Cash-flow-at-risk; SMEs

1. INTRODUCTION
1.1 SME Cash-Flow Vulnerability and Financial Distress

Small and medium-sized enterprises (SMEs) are particularly
vulnerable to liquidity disruption because their financial
resources and financing alternatives are often more
constrained than those available to larger firms [1]. Revenue
volatility, customer concentration, limited cash reserves,
delayed receivable collection, supplier-payment
commitments, and dependence on short-term financing can
rapidly transform an operating disturbance into cash-flow
pressure [2]. Restricted access to external credit, limited
business diversification, and sensitivity to macroeconomic
shocks can further reduce their capacity to absorb prolonged
disruption [3]. This vulnerability requires a clear distinction
between profitability, liquidity, and solvency. Profitability
reflects the firm's capacity to generate accounting earnings,
liquidity concerns its ability to satisfy obligations when they
become due, while solvency relates to its longer-term capacity
to meet financial commitments [4]. An SME may therefore
report positive accrual earnings while experiencing severe
liquidity pressure because recognized revenues have not yet
generated cash receipts. Financial distress should
consequently be understood as a progressive deterioration in
the firm's capacity to meet financial and operating obligations,
rather than solely as an eventual bankruptcy outcome.

1.2 Limitations of Retrospective Liquidity Monitoring

Conventional liquidity monitoring provides important
financial information but is predominantly descriptive of
current or previously observed conditions. The current ratio
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and quick ratio measure balance-sheet liquidity at particular
reporting dates, while historical cash-flow statements explain
cash movements that have already occurred [5]. Receivables
ageing reports identify outstanding customer balances, and
periodic variance analysis compares realized performance
against established budgets. Static budgets and manually
prepared cash forecasts can extend this analysis, but their
usefulness deteriorates when revenue, payment behaviour,
expenditure, or financing conditions change rapidly [6].
Consequently, managers require a progression from historical
liquidity position, through forecast cash-flow pressure and
early distress risk, to adaptive liquidity response. The essential
managerial questions are not simply whether liquidity is
currently adequate, but when a future cash deficit is likely to
emerge, how large that deficit may become, and how long
available cash and financing capacity can sustain operations
[7]. This requirement establishes the case for more dynamic
forecasting methods.

1.3 Al Forecasting and Adaptive Liquidity Management

Artificial intelligence provides a mechanism for converting
high-frequency financial and operating information into
forward-looking liquidity intelligence. Machine-learning
models can identify nonlinear and interacting relationships
among sales receipts, receivables, expenditures, working-
capital movements, financing commitments, and other
variables that influence subsequent cash positions [8]. The
analytical framework developed in this article integrates three
connected functions: cash-flow forecasting, financial distress
detection, and adaptive liquidity management. Forecasting
estimates the timing and magnitude of future cash positions;
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distress detection evaluates whether those forecasts indicate
emerging financial vulnerability; and adaptive liquidity
management converts predicted pressure into proportionate
financial responses. Forecasting should therefore not
terminate with an estimate of future cash flows. Predicted
deterioration should inform decisions concerning cash
preservation, receivable collection, inventory adjustment,

and unexpected operating expenses continue to generate cash

outflows. The resulting cash position can be represented as
[CBie = CByey + Clip = €O, .|

where (CB, ) denotes the closing cash balance of SME (i) at
time (t),(CI,,) represents cash inflows, and (€O, .)

credit-line utilization, expenditure deferral, short-term represents cash outflows. A single period of negative net cash
Figure 1. Integrated Al-Based Cash Flow Forecasting, Financial Distress Detection,
and Adaptive Liquidity Management Framework
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financing, and contingency measures [9]. Realized cash
outcomes can subsequently be compared with predictions,
allowing forecasting models and liquidity responses to be
reassessed as SME operating conditions evolve.

Having established the need to move from retrospective
liquidity measurement toward forward-looking cash-flow
intelligence, Section 2 examines how financial distress
develops through evolving cash-flow imbalances and
identifies the signals through which deterioration can be
detected before liquidity exhaustion occurs.

2. CASH-FLOW DYNAMICS AND
EARLY FINANCIAL DISTRESS

FORMATION
2.1 Cash-Flow Deterioration Across the SME Operating
Cycle

Financial distress in SMEs generally develops progressively
as operating and financing pressures interact across the cash-
conversion cycle [6]. Declining cash sales immediately
weaken inflows, while delayed receivable collection creates a
timing mismatch between recognized revenue and available
cash. Increasing inventory can intensify this pressure by
committing funds to assets that have not yet generated
customer receipts [7]. At the same time, supplier payments,
payroll, taxes, debt-service obligations, capital expenditure,
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flow may be manageable when sufficient reserves exist.
Repeated deficits, however, progressively consume available
liquidity and increase dependence on overdrafts, credit
facilities, delayed payments, or additional external financing
[8]. Distress therefore develops through the cumulative
interaction between deteriorating operating cash generation
and relatively inflexible payment commitments.

2.2 Dynamic Early-Warning Indicators of Liquidity Stress

Early detection requires indicators that capture not merely the
level of liquidity but also its direction, persistence, and rate of
deterioration. Operating cash-flow trends reveal whether core
activities are generating sufficient funds, while receivable
days indicate the speed at which recorded sales become usable
cash [9]. Inventory days measure how long funds remain
committed to stock, whereas payable days capture the period
for which supplier credit temporarily supports operations.
Their combined effect is summarized by the cash conversion
cycle:

[ccc, = DIO, + DSO, — DPO,, ]

where (DI0,) denotes days inventory outstanding, (DSO,)
represents days sales outstanding, and (DPQ,) represents days
payables outstanding. A lengthening (DSO) or (DI0O) can trap

increasing amounts of liquidity even when accounting
revenue remains stable [10]. Additional warning variables
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include cash-burn rate, debt-service burden, payroll-to-cash
ratio, invoice collection delays, revenue volatility, working-
capital deficits, credit-line utilization, and liquidity runway.
Their trajectories can be more informative than isolated
values. For example, simultaneously rising receivable days,
increasing overdraft utilization, and declining operating cash
flow can indicate emerging financial pressure before the firm's
reported cash balance reaches a critical threshold [11].

Table 1. Dynamic Cash-Flow and Financial Distress
Indicators for SMEs
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2.3 From Liquidity Pressure to Financial Distress

Liquidity pressure becomes financial distress when cash
deficits persist beyond the firm's capacity to absorb them
through existing reserves and normal financing flexibility
[12]. A temporary shortfall may be accommodated through
available cash or routine working-capital adjustments.
Recurring  deficits, however, progressively increase
dependence on overdrafts, revolving credit, supplier
accommodation, or other short-term financing. As this
dependence intensifies, the firm can encounter payment
delays, declining credit headroom, covenant pressure, and
increasing financing costs [13]. A useful measure of the
remaining capacity to withstand negative cash flow is
liquidity runway:

where (AL;,) represents available liquidity and (NCB,,)

denotes expected periodic negative net cash burn. A declining
runway indicates that existing resources can support
operations for progressively fewer periods [14]. For instance,
an SME may remain profitable while customer payment
periods increase from 30 to 75 days. If payroll, rent, taxes,
supplier obligations, and debt-service dates remain
unchanged, the resulting timing mismatch can generate
recurring deficits, financing dependence, severe liquidity
distress, and ultimately insolvency risk.

These evolving liquidity conditions provide the economic
basis for early distress detection. Section 3 therefore converts
fragmented financial and operational observations into a
temporally structured dataset from which Al models can learn
emerging cash-flow patterns.

3. DATA ARCHITECTURE AND
DYNAMIC CASH-FLOW FEATURE

ENGINEERING
3.1 Multi-Source SME Financial Data Integration
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Reliable Al-based cash-flow forecasting requires a unified
data architecture capable of representing the financial,
operational, and external conditions that determine cash
availability over time [12]. Accounting systems provide
revenue, expenses, receivables, payables, and inventory
records, while banking data capture actual balances, receipts,
payments, and overdraft utilization. Financing records
contribute loan balances, repayment schedules, interest
obligations, and available credit limits, allowing future
contractual cash requirements to be incorporated directly into
forecasting [13]. Operational information on orders, sales
volumes, payroll, and procurement provides forward-looking
signals that may precede their accounting or banking effects.
External variables such as inflation, interest rates, sector
demand, exchange rates, and commodity or input prices can
further capture conditions affecting future receipts and
expenditure [14]. Integration requires consistent SME and
transaction identifiers, standardized timestamps, aligned
reporting frequencies, and reconciliation between accounting
entries and realized bank movements. Missing observations
must be distinguished from genuine zero activity, while
duplicate transactions, inconsistent classifications, and
reporting delays require systematic data-quality controls [15].
These processes create a longitudinal dataset in which each
observation reflects information genuinely available at the
forecasting date.

3.2 Dynamic Feature Engineering for Cash-Flow
Forecasting

Raw financial transactions become more informative for
prediction when transformed into variables representing the
direction, persistence, acceleration, and volatility of cash-flow
behaviour [16]. Rolling cash inflows and outflows capture
recent transaction intensity, while the net cash-flow trend

deteriorating. Revenue acceleration or deceleration can
indicate changes in operating momentum before their full cash
effects materialize. Receivable collection velocity measures
changes in customer-payment behaviour, whereas payment-
delay persistence distinguishes isolated late payments from
recurring collection problems [17].

Additional features can capture cash-burn acceleration,
working-capital movements, credit-utilization rates, expense
volatility, debt-service intensity, seasonal patterns, and
liquidity-buffer depletion. Current observations can also be
evaluated relative to the SME's own recent operating history
through a rolling standardized deviation:

X —Xit—w:it—1
si,t—w:t—1

RD™

»

where (w) denotes the historical monitoring window,
(Xi,t —w:t — 1)is the rolling mean, and (s{i,t-w:t-1}) is the
corresponding rolling standard deviation [18]. This approach
identifies unusually adverse behaviour relative to the firm's
recent baseline rather than imposing identical thresholds
across heterogeneous SMEs.

Lagged observations preserve information about previous
cash conditions, while moving averages smooth temporary
fluctuations. Rates of change identify accelerating
deterioration, and volatility measures distinguish stable from
irregular cash-flow patterns [19]. Seasonality indicators are
particularly important for businesses whose sales or
expenditure systematically vary across weeks, months, or
quarters. Interaction features can capture risks that individual
variables may not reveal independently. Declining cash
receipts, for example, may remain manageable in isolation;
combined with increasing receivable days, accelerating

Figure 2. Multi-Source SME Cash-Flow Data Integration and Temporal Analytics Pipeline

N 7 ~ 7

\ I N £ X

Accounting Bark Receivabies / Firarcing Operational Extornal Dota Teerporal Longtudingd
a n o Paryabh Varisbles Recareilation Aignhment | Cash-Flow
1
. . . ’
m || < || ara .O-
: B y III - - s My
J[| - — $ [| =——=
A To—— [—— | | & Cuntomer inssices « Losm S iue [+ Saben & reversse Dedd « Tivw starctundiesion R p—
+ menme @atervant - Wnarsaah - Coections (AR} of creckt |+ dnrtory tevele nicaters - Vnkctation nbes hbyfmentdy} cwh fowe
+ adance shewt + Trarwhery - Suppher by + Repayrerts | + Purchases Friwet raine Cross-smrce . .""‘"J':' * Time-aaries
e prictesadl
+ Cash bock B T — - Paymanis (AP} + Miasest puyreants + Production Ot bhsten e
« Ovawdowns Xt + Minsing doa o g st + Ot fonire &
+ Chwrt of scooenm « Duiy badances « Aging schaden + Operating . reation bsanre
+ Coverset dts rrseran: + Indurtprarket v p 3
deen Curber dmecron Evert taooka + Feady fue modeing
| = Beguawce ndesing & ardban
\ \ J \ )
! B ) 7
Diata ingeetion Duts intwgration | Ternporsl Mooy Owtaet Comemructon
Extract from o V Drdu\h' hrv\.n Mg duaneti yu vy -—’ N Sow paviads ared Trate arabyun - reacdy t—: m«.auq daven
el A aemE remove arrary, fandhe Totys, ey and [ ---p.au | .I' n\.mw Yo . detection and bavadty
| ey whes | assmens --,x Tunten

identifies whether liquidity generation is strengthening or

www.ijcat.com

overdraft utilization, and approaching debt repayments, the
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pattern can indicate a materially higher probability of a future
cash deficit [20].

3.3 Forecast Targets and Temporal Data Preparation

The forecasting architecture should distinguish between
predicting the magnitude of the future cash position and
identifying whether that position is likely to breach an
operationally critical threshold. Target A is therefore the
future cash balance,

[-CJ_B_!'.t+h' ]

where (h) represents the selected forecast horizon. Depending
on transaction frequency and managerial requirements,
forecasts may be generated daily, weekly, or monthly [16].
Short horizons can support immediate payment and treasury
decisions, whereas longer horizons provide greater time for
financing or operational intervention.

Target B represents cash-deficit occurrence:

[Yi.t+h{lr&68i.t+h < L!’J\ Or&CBi'.t+h 2L_ir

where (L;) denotes the minimum operational liquidity
threshold appropriate to SME (i) [17]. Firm-specific

thresholds are preferable where minimum cash requirements
differ materially across business models.

Data preparation should address missing values, categorical
encoding, numerical normalization where model architecture
requires it, and outlier treatment without eliminating genuine
extreme financial events [18]. Cash-deficit observations may
also be relatively infrequent, requiring explicit treatment of
class imbalance during model development. Most importantly,
training, validation, and testing must preserve chronological

exclusively from information available at or before that date.
Future receipts, subsequent payment behaviour, revised
accounting records, or later macroeconomic observations
must never enter historical features because such leakage can
create artificially strong forecasting performance that cannot
be reproduced in real-time deployment [20].

Once SME cash-flow observations have been transformed
into temporally valid features and clearly defined forecasting
targets, Section 4 moves from data representation to
comparative Al modelling, out-of-time validation, and
explainable early-distress detection.

4. Al CASH-FLOW FORECASTING
AND EARLY FINANCIAL DISTRESS

DETECTION
4.1 Forecasting Tasks and Candidate Al Models

Al-based SME liquidity analysis can be organized around
three complementary predictive tasks. Task A, cash-flow
forecasting, estimates future cash inflows, outflows, or net
cash positions across specified forecast horizons. Task B,
cash-deficit detection, estimates the probability that available
cash will fall below a predefined operational threshold. Task
C, distress-risk estimation, extends beyond an isolated deficit
by identifying persistent patterns of liquidity deterioration that
may indicate emerging financial distress [19]. Candidate
models should include linear or regularized regression and
ARIMA as interpretable statistical benchmarks, together with
random forests, gradient boosting or XGBoost, LSTM or
other recurrent neural networks, and ensemble models [20].
Statistical benchmarks establish whether additional nonlinear
complexity produces meaningful predictive improvement,
while tree-based and recurrent architectures can capture
interactions and temporal dependencies within cash-flow

Figure 3. Chronological Al Training, Validation, and SME Cash-Flow Forecasting Architecture
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classification, an interpretable probabilistic benchmark can be
expressed as

p
P(Ya',nh =1] Xa',t)g Bo +Zﬁj Xije |
=1

where (X, ) represents information available for SME (i) at
time (t), and the resulting probability quantifies expected

predicting next-week liquidity may differ from those relevant
to a three-month forecast. Random cross-validation is
inappropriate where observations are temporally dependent
because later cash-flow information can indirectly influence
model development for earlier periods. The locked future
period should therefore remain untouched until the model
specification and hyperparameters have been finalized [25].

Figure 4. Explainable Al Framework for SME Cash-Flow Distress Risk Attribution

\ 7 4 \ 7
Al Forecast Expected Cash Distress Global Risk Firm-Specific Management Intervention
Position Probability Drivers Drivers Interpretation Priority
| Cot Covwre § AR D 0
2 = = - | o (al) | | =
-y i r/'\_‘ 7 R vy vur [ 07 - 7
- . T o, Cndll Ot . A
| b vy tcones [T 01
| R roradll |
S—— pedendilll _ ELJ v — :
| 72% . N Nny Ahi Ave
nd Mow W OM M » » | d Coh e | - an » v —_—— !  Ctrwre A Becrma e
. 3 e B Bl | ) e | ||t | Cottion
MHigh Risk C pe== - ;
- L e feame v — See
vDert on SuA Covttmtom 'a Pt ] Cartoot Opunatong
1 Lam - |
. . . Sowpre Can
» Nl oses e, » Projected cash + Peshatitiny of Tnancly + GHAP surrerary i‘;"g;t""'""" :mmm-wm g
LETM, XGBoest. Lelarces over Yrre detress Ighebat wrpartance! E . s — ‘ . —
Trarwh N + Foatures roressing + Compare Iy * Rarkod, sctonebie
; o Idertiled cosd * Rink clansifcation * Ky crivery acous () baschmaerks e one
. o OLow / Mechem /
MU o cazh Sow hirttads o e o simiar SMEs + Pastures mchicng «Aswmsrootcomes | |+ tpact ve stion
" . Liguidity g *+ Ture-to-detress » Diswction snd ne(~) a0 serstietieg Quntarve
* Predicton Etereal cuastifeation iinste magritude of impact * Magritade of « Evolunte risk « Manis KPts and
wred scenanics whButen tiagectory sl urpency oy waming Viggers
o’ ‘\ \ J

liquidity risk at horizon (k).
4.2 Temporal Training and Out-of-Time Validation

Cash-flow models must be developed using validation
procedures that preserve the chronological structure of
financial information. The analytical sequence should
comprise a historical training period, temporal validation,
hyperparameter optimization, model selection, and a locked
future test period [22]. Rolling-origin validation repeatedly
advances the training and validation boundaries, whereas
expanding-window validation progressively incorporates
newly available historical observations while retaining earlier
records. Both approaches reproduce the actual forecasting
environment in which past information is used to estimate
subsequently realized cash positions [23].

Hyperparameter optimization should occur entirely within the
development period. For gradient-boosting models, relevant
parameters include learning rate, tree depth, number of
estimators, subsampling, and regularization. Random forests
require tuning of estimator count, tree depth, and feature-
sampling rules, while LSTM architectures require decisions
concerning sequence length, hidden units, learning rate,
dropout, and network complexity [24]. Forecast horizon
should also be treated explicitly because variables useful for
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4.3 Forecasting and Distress-Detection Performance

Model evaluation should separately assess numerical cash-
flow forecasting and classification of future liquidity distress.
Cash forecasts can be evaluated using mean absolute error
(MAE), root mean squared error (RMSE), mean absolute
percentage error (MAPE) where cash values make percentage
errors meaningful, directional accuracy, and forecast bias
[20]. RMSE is defined as

—
N

= =50,

i=1

RMSE
\

where (v;) denotes the realized cash outcome and (¥;) its
predicted value. Because large errors receive disproportionate
penalties, RMSE is particularly informative when substantial
cash-forecast errors can produce serious financing
consequences [21]. Forecast bias should additionally identify
persistent overprediction or underprediction of liquidity, while
directional accuracy determines whether models correctly
anticipate improvement or deterioration.

Distress classification requires precision, recall, specificity,
F1,ROC — AUC,andPR — AUC, supplemented by the Brier

score and calibration analysis for predicted probabilities [22].
Recall deserves particular attention because failing to identify
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an SME approaching a genuine liquidity crisis may be
substantially more costly than investigating a false warning
[23]. Nevertheless, excessive false alerts can undermine
managerial confidence, meaning that recall should be
evaluated alongside precision and calibration rather than
maximized independently [24].

5. Table 2. Comparative Performance of Candidate Al
Cash-Flow and Distress-Prediction Models

RO PR
MAIRM |C- Rec |Calibrat|Interpreta
Model AU . L
E [SE |AU all lion bility
c C

Linear/Regula
rized 2'1 0.15 (0.78/0.710.71 Good  [|High
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A_RIMA/Statl 01 l0.16 .
stical s lo [ [ High
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Random 0.0 (0.12 |0.87(0.8 [0.82 Good  IModerate

Forest 91 |8 4 136 |1
Gradient

. 0.0 [0.11 |0.91(0.8 [0.87 [Very
Boosting/XG 78 b s o b lGood Moderate
Boost
LSTM/Recurr

ent Neuralo'0 0.1010.9210.9 10.88 Good |Low
73 |5 7 |01 |6
Network

Ensemble  [0.0 [0.09 |0.94]0.9 |0.90 [Very  |Moderate—
Model 66 |7 1 (19 4 |Good (Low

4.4 Explainable Early-Warning Intelligence

Accurate forecasts have limited managerial usefulness if SME
decision makers cannot understand the conditions producing
elevated distress predictions. Explainable Al can therefore
connect model outputs with economically interpretable cash-
flow drivers [25]. SHAP values can quantify how individual
features contribute to a prediction, while permutation
importance evaluates the dependence of model performance
on particular variables. Partial-dependence analysis can reveal
how predicted distress changes across the range of influential
features, and local feature attribution can explain an
individual SME's current risk assessment [26].

These techniques support two distinct levels of interpretation.
Global explanation identifies factors that systematically
predict liquidity deterioration across the analysed SME
population, potentially revealing recurring effects from
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receivable delays, declining sales receipts, inventory
accumulation, expense growth, debt-service concentration, or
increasing overdraft utilization. Local explanation addresses a
more immediate managerial question: why is this particular
SME predicted to experience a cash deficit within the next
four weeks? For example, a high-risk classification may
reflect the combined effect of declining customer receipts,
rapidly increasing receivable days, approaching loan
repayments, and shrinking unused credit capacity. Such
explanations should be treated as model-attribution evidence
rather than automatic proof of causation, but they provide a
transparent basis for prioritizing investigation and liquidity
intervention.

Forecasting establishes when and where liquidity pressure is
likely to emerge, while explainability identifies the conditions
driving that risk. Managerial value, however, depends on
converting these forecasts into timely and proportionate
liquidity interventions. Section 5 therefore develops an
adaptive decision framework linking predicted cash deficits
and distress probabilities to specific financial responses.

5. ADAPTIVE LIQUIDITY

MANAGEMENT USING Al FORECASTS
5.1 Translating Cash Forecasts into Liquidity
Requirements

Cash-flow forecasts become operationally valuable when
predicted future balances are translated into estimates of the
liquidity required to maintain essential activities. For SME
(i), the forecast liquidity gap at horizon (t+ 1) can be

expressed as
[G!.t+h max[O,, Li’ - CrB_i’.t+h]’ ]

where (L;) represents the minimum operational liquidity
threshold and (C’E,-.Hh)denotes the forecast cash balance [25].

A positive gap identifies potential funding pressure, but it
should not automatically trigger equivalent borrowing.
Management must consider the probability that the deficit will
materialize, its expected magnitude and duration, currently
available cash, unused credit capacity, financing costs, and the
criticality of expenditures exposed to the shortfall [26].
Forecast uncertainty is equally important because intervention
based on a highly uncertain estimate may create unnecessary
financing costs. The predicted gap should therefore determine
the scale and urgency of management review, while the
eventual response reflects the broader financial and operating
circumstances of the SME [27].
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Figure 5. Closed-Loop Al Cash-Flow Forecasting and Adaptive SME Liquidity Management System
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5.2 Adaptive Liquidity Intervention Strategies

Liquidity intervention should escalate in proportion to the
predicted severity, persistence, and financial consequences of
the emerging cash deficit. Under low predicted pressure, the
appropriate response may be continued monitoring while
preserving normal operating activity, particularly when
available  liquidity ~ comfortably  exceeds  expected
requirements [28]. Moderate pressure warrants preventive
measures that release internal cash without materially altering
the firm's financing structure. These may include accelerating
receivable collection, reducing discretionary expenditure,
optimizing inventory levels, and rescheduling nonessential
purchases.

Under high liquidity pressure, internal adjustments may be
insufficient. Management may draw committed credit
facilities, negotiate revised supplier-payment terms, defer
noncritical capital expenditure, or obtain additional short-term
financing [29]. Critical pressure indicates that the expected
deficit threatens the firm's ability to satisfy essential operating
or contractual commitments. Refinancing, owner or external
equity injection, selective asset disposal, or broader financial
and operational restructuring may then become necessary
[30]. Intervention costs should nevertheless remain
proportionate to predicted risk. A temporary modest deficit
should not trigger expensive restructuring, while persistent
deterioration should not be managed indefinitely through
short-term borrowing that merely postpones an underlying
financing problem.

5.3 Dynamic Liquidity Decision Rule

Adaptive liquidity management requires decisions to respond
simultaneously to forecast cash positions, distress risk,
available resources, and operating conditions. The preferred
liquidity action can be represented conceptually as
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[4; . f(CBi,t + h,Pi,t + h,AL; , FC; 1,5:+), ]

where (A:,) denotes the preferred action, (Pi,t+ h)
represents predicted distress probability, (ALi,t) is currently
available liquidity, (FC,.) denotes financing capacity, and
(3;-.¢) captures the SME's current operating state [31]. The

formulation reflects sequential decision-making under
uncertainty because neither forecasts nor liquidity decisions
remain fixed as time progresses. A credit draw that is
appropriate today may become unnecessary if receivable
collections subsequently improve, while an initially
manageable deficit may require stronger intervention if sales
deteriorate or financing capacity contracts [32]. Liquidity
decisions should therefore be periodically reassessed as new
bank transactions, customer payments, expenditures,
financing commitments, and operating information become
available. This approach limits premature intervention while
allowing management responses to intensify when updated
evidence indicates persistent deterioration.

5.4 Closed-Loop Forecasting and Liquidity Adaptation

The forecasting system becomes adaptive when realized cash
outcomes are systematically returned to subsequent prediction
and decision cycles. After management intervention, new
transaction data reveal whether expected receipts occurred,
expenditures followed forecast patterns, and the selected
liquidity response adequately protected the cash position [30].
Differences between forecast and realized balances provide
direct evidence of forecast error, while subsequent distress
outcomes indicate whether predicted risk was appropriately
calibrated [31]. Persistent errors can reveal model drift,
structural changes in customer-payment behaviour, changing
cost conditions, or weaknesses in the underlying feature set
[32]. Updated observations can therefore support periodic
model recalibration or retraining. At the same time,
management can evaluate whether previous interventions
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were sufficient, excessive, or unnecessarily costly. This
feedback mechanism converts forecasting from a one-time
prediction exercise into a continuously evaluated liquidity-
management process in which new financial information
progressively influences both forecasts and subsequent actions
[33].

Because Al forecasts can influence borrowing, expenditure,
supplier payments, and other financially consequential
decisions, adaptive liquidity management must be supported
by rigorous performance evaluation, human oversight, and
governance controls.

6. EVALUATION, GOVERNANCE, AND
PRACTICAL SME DEPLOYMENT

6.1 Financial and Operational Evaluation

Evaluation of the integrated framework should extend beyond
predictive accuracy to determine whether Al-supported
liquidity decisions generate measurable financial and
operational benefits. Avoided cash shortfalls indicate whether
early intervention prevents forecast deficits from developing
into actual payment crises, while reductions in emergency
borrowing reveal whether earlier detection decreases
dependence on costly last-minute financing [32]. Interest-cost
savings can capture the financial benefit of better timing and
sizing of borrowing decisions. Working-capital efficiency
should assess whether receivable collection, inventory
management, and payable scheduling release liquidity without
disrupting normal operations [33]. Additional outcomes
include reductions in late supplier, payroll, tax, or debt
payments and improvements in liquidity runway. Forecast
improvement should be evaluated through changes in
prediction error and bias across successive forecasting periods
[34]. Ultimately, the system should demonstrate its capacity to
preserve continuity of essential operations. A technically
accurate model provides limited economic value if its
predictions do not improve the timing, proportionality, or
financial effectiveness of management intervention [35].

Table 3. Evaluation Framework for Al Forecasting and
Adaptive Liquidity Management

Evaluatio

Evaluatio
. SME
n . Forecasting/Managem .
. . |Metric Interpretati
Dimensio ent Purpose on
n
Indicates
Cash Number/val whether
shortfall "€ ofiTests effectiveness ofjpredicted
rovention |V0ided  [early intervention problems are
P deficits prevented
before cash
becomes
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. SME
n . Forecasting/Managem .
. . |Metric Interpretati
Dimensio ent Purpose on
n
critical
Lower
frequency
Financing Emerge_ncy Evaluates ﬁnancingsuggests
dependenc [borrowing stronger
preparedness L
e frequency anticipatory
liquidity
management
Lower cost
Interest and indicates
Financing |lemergency- [Measures economicfmore
cost financing |value of earlier action |efficient
cost funding
decisions
Shows
whether
Workin bSO, Dlo, 0 eitat?n
caital g DPO  and|Evaluates internaIC;J ital g is
ol oee liquidity release p
efficiency being
changes
managed
efficiently
Lower
incidence
Payment |Late- - -
Measures  ability tolindicates
performan [payment . .
ce frequenc meet obligations improved
quency liquidity
reliability
Longer
runway
- N Measures duration offindicates
Liquidity |Liquidity . . .
. available financial|greater
resilience |runway . .
capacity capacity to
withstand
cash pressure
Lower and
less
MAE, . . .. |systematic
For Monitor r
Sallaiias‘[ RMSE and ecr)fol:omznce ped'Ct'Veerrors
U forecast bias|” indicate
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OperationalEssential |\ racticals whether
| obligations -0 actp liquidity
continuity [met on time P management
protects
ongoing
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. SME
n . Forecasting/Managem .
. . |Metric Interpretati
Dimensio ent Purpose on
n
operations

6.2 Decision Thresholds and Management Escalation

Predicted liquidity conditions should be translated into an
escalation structure that differentiates routine monitoring from
circumstances requiring urgent management intervention. A
Stable classification can apply where forecast cash balances
remain above minimum requirements, liquidity runway is
adequate, and financing capacity remains largely unused [32].
Watch status can identify early deterioration, such as
declining runway or increasing credit utilization, that warrants
closer monitoring. Elevated status should reflect a material
predicted deficit, weakening debt-service coverage, increasing
distress probability, or reduced financing headroom [33].
Critical classification applies where forecast liquidity is
insufficient to satisfy essential obligations or where multiple
indicators simultaneously signal severe deterioration. Forecast
uncertainty should influence these classifications because
highly uncertain predictions require additional investigation
before costly decisions are implemented [34]. Threshold
breaches should therefore initiate management review rather
than fully automated financial action. Managers should
validate underlying data, assess operational context, and
determine whether the predicted severity justifies expenditure
adjustment, credit utilization, refinancing, or more substantial
intervention.

6.3 Governance, Model Risk, and Human Oversight

Governance is essential because Al-supported forecasts can
influence borrowing, supplier payments, employment-related
expenditure, investment, and other financially consequential
decisions. Explainability should enable managers to identify
the variables responsible for elevated distress predictions
rather than treating model outputs as unquestionable
conclusions [33]. Data-quality controls are equally important
because incomplete bank feeds, misclassified transactions,
delayed accounting entries, or inconsistent invoice records can
distort forecast results. Model drift should be monitored as
customer behaviour, operating costs, financing conditions,
and macroeconomic environments change [34]. Forecast bias
also requires explicit review because persistent overestimation
of cash may create false confidence, whereas systematic
underestimation can  produce  unnecessary liquidity
interventions. Privacy and cybersecurity controls should
protect sensitive banking and financial information, while
auditability should preserve records of data inputs, forecasts,
model versions, interventions, and managerial overrides [35].
Final accountability must remain with authorized decision
makers. Al recommendations should remain subordinate to
contractual commitments, lender conditions, tax obligations,
essential operating requirements, and informed managerial
judgment.
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6.4 Practical Deployment for SMEs

Practical implementation requires the forecasting architecture
to connect with the systems SMEs already use to record
financial activity. Accounting software can provide revenue,
expense, receivable, payable, and ledger information, while
automated bank feeds supply current balances and transaction
movements [32]. Invoicing systems contribute collection
patterns, payroll platforms identify recurring employee-related
outflows, and ERP systems can integrate procurement,
inventory, sales, and operating information. Financial
dashboards can consolidate forecasts, distress probabilities,
liquidity runway, and intervention alerts for managerial
review [35]. Model updates may occur daily for transaction-
intensive firms or weekly where cash flows change less
frequently. Deployment should nevertheless reflect SME
constraints, including limited historical observations,
inconsistent data quality, restricted technical expertise,
integration complexity, and implementation costs. Simpler
models may therefore be preferable when marginal predictive
gains from complexity do not justify additional operational
burden.

These controls position Al-based cash forecasting not as an
isolated prediction technology but as an integrated financial-
management capability. The conclusion therefore reconnects
forecasting, early distress detection, adaptive intervention, and
continuous learning.

7. CONCLUSION
7.1 Synthesis of the Forecasting—Distress—Liquidity
Framework

This article has developed an integrated framework in which
dynamic cash-flow data, early-warning features, Al
forecasting, distress detection, liquidity-gap assessment,
adaptive intervention, and outcome feedback operate as
connected components of SME financial management. The
framework begins with continuously evolving financial and
operational information and transforms these observations
into temporal indicators capable of revealing deterioration that
may not yet be apparent from conventional liquidity
measures. Al forecasting extends this capability by estimating
future cash positions and identifying the probability that
liquidity will fall below operationally critical levels. Its
principal value therefore lies in increasing the time available
for managerial response before cash constraints become
severe. However, early detection alone does not constitute
effective liquidity management. A predicted deficit becomes
financially useful only when its expected magnitude, timing,
persistence, and uncertainty inform an appropriate
intervention. Forecasting and adaptive liquidity management
should consequently function as an integrated process in
which realized outcomes continually inform subsequent
prediction and decision cycles.

7.2 Managerial and Financial Implications
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For SME owners, CFOs, financial managers, and accountants,
the framework supports a transition from retrospective cash
reporting toward forward-looking liquidity control. Rather
than waiting for cash balances, overdue obligations, or credit
utilization to reach critical levels, managers can identify
emerging pressure and evaluate alternative responses while
greater financial flexibility remains available. Lenders can use
forward-looking cash-flow information to supplement
conventional credit assessments, while investors can obtain
greater insight into an SME's capacity to withstand short-term
financial disruption. Importantly, predictive intelligence
should strengthen rather than replace managerial judgment. Its
practical value depends on connecting forecasts with working-
capital decisions, financing capacity, expenditure priorities,
contractual commitments, and the operational circumstances
affecting each SME.

7.3 Final Conclusion

The primary contribution of Al-based cash-flow forecasting is
not simply improved forecast accuracy. Its greater financial
value lies in enabling SMEs to identify emerging liquidity
deterioration sufficiently early to select responses that are less
costly, less disruptive, and better aligned with operating
requirements. The central proposition can be expressed as:
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