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Abstract 
Liquidity risk represents a critical financial challenge for project-based enterprises because uncertainty in revenue 
realization, project costs, payment timing, schedules, and financing conditions can generate substantial 
mismatches between cash inflows and contractual obligations. This study quantitatively assessed the effectiveness 
of Monte Carlo simulation and stochastic cash-flow modeling for identifying, measuring, and reducing liquidity 
risk in project-based enterprises. A longitudinal retrospective dataset comprising 42 enterprises, 286 projects, and 
8,964 project-month observations was analyzed, with data completeness of 97.4% and financial reconciliation 
accuracy of 98.8%. Historical analysis showed that actual project costs exceeded planned costs by 8.3%, project 
duration increased by 9.4%, 38.6% of project-month observations recorded negative net cash flow, and 41.3% of 
projects experienced cumulative cash deficits. Monte Carlo simulation generated 50,000 iterations per project, 
representing approximately 14.30 million stochastic cash-flow trajectories. The stochastic model estimated a 
47.8% probability of negative cumulative cash balance, a 35.6% liquidity-breach probability, and a 15.9% debt-
service failure probability. Mean expected shortfall reached $3.27 million, while the 5th-percentile minimum cash 
balance declined to −$3.64 million. Sensitivity analysis identified payment delays, cost overruns, revenue 
reductions, and schedule extensions as the dominant liquidity-risk drivers, collectively accounting for 74.0% of 
attributable liquidity variability. Mitigation analysis showed that a 10% cash reserve reduced liquidity-breach 
probability to 22.1%, while accelerating receivable collection by 20 days reduced it to 19.8%. Combined portfolio 
cash pooling and project-start sequencing reduced enterprise-level external financing requirements by 38.4% and 
financial-distress probability to 4.8%. Compared with deterministic forecasting, stochastic modeling reduced 
MAE from $128,400 to $91,600, RMSE from $181,700 to $132,900, and MAPE from 18.6% to 12.4%. Overall, 
the findings demonstrated that Monte Carlo-based stochastic cash-flow modeling provided a robust, statistically 
validated, and practically useful framework for quantifying downside liquidity exposure, identifying major risk 
drivers, optimizing liquidity protection, and strengthening financial resilience in project-based enterprises. 
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INTRODUCTION 

Monte Carlo simulation is a quantitative computational technique that represents uncertainty by 

repeatedly sampling values from specified probability distributions and generating a large number of 

possible outcomes for a financial, operational, or investment system (Yousefi et al., 2019). Rather than 

treating project revenues, expenditures, payment dates, activity durations, financing costs, and other 

financial variables as fixed quantities, Monte Carlo simulation recognizes that these variables may 

fluctuate within empirically or theoretically justified ranges. Stochastic cash-flow modeling applies this 

probabilistic principle specifically to the timing, magnitude, variability, and interdependence of cash 

inflows and cash outflows. A stochastic cash-flow model therefore represents project cash positions as 

distributions of possible outcomes rather than as a single deterministic forecast. Liquidity risk refers to 

the probability or severity of an enterprise becoming unable to meet its financial obligations when they 

fall due because sufficient cash or readily accessible financing is unavailable. Within project-based 

enterprises, liquidity risk can arise even when individual projects are economically profitable because 

accounting profitability and cash availability are fundamentally different financial conditions. Project-

based enterprises are organizations whose revenues, expenditures, resource commitments, financing 

requirements, and commercial performance are substantially organized around temporary projects, 

contracts, assignments, or client engagements (Liu et al., 2020). Such enterprises are common in 

construction, engineering, infrastructure, energy, information technology, consulting, shipbuilding, 

aerospace, defense contracting, research and development, and other capital- or knowledge-intensive 

sectors. Their cash-flow structures are frequently characterized by irregular progress payments, 

milestone billing, retention amounts, advance payments, procurement commitments, subcontractor 

payments, payroll obligations, financing charges, delayed receivables, and uncertain project 

completion dates. More than 30 studies across project finance, construction management, financial 

engineering, investment appraisal, corporate liquidity management, stochastic modeling, and risk 

analysis have examined components of these relationships, showing that uncertainty in project 

schedules, costs, prices, payments, financing conditions, and external economic variables can 

materially alter expected cash positions. Earlier quantitative research has consequently distinguished 

deterministic cash-flow forecasting from probabilistic cash-flow analysis, because deterministic 

forecasts typically assign one expected value to each variable while stochastic approaches generate 

distributions describing multiple feasible financial states (Liu et al., 2019). Monte Carlo methods 

provide a mechanism for combining these uncertainties simultaneously and estimating distributions 

for cumulative cash balance, maximum cash deficit, financing requirement, net present value, 

profitability, debt-service capacity, and other project outcomes. Research has also emphasized that 

correlations among uncertain inputs require explicit consideration because revenues, costs, schedules, 

inflation, exchange rates, and financing conditions may move jointly rather than independently.  

Liquidity management has substantial international significance because project-based economic 

activity connects contractors, clients, governments, financial institutions, suppliers, subcontractors, 

employees, and investors through complex networks of contractual cash flows. Large infrastructure, 

construction, energy, industrial, technology, and engineering projects frequently involve substantial 

initial expenditures followed by revenues received through progress payments, milestones, 

commissioning payments, operating receipts, or long-term contractual arrangements. This temporal 

separation between expenditure and collection creates financing gaps that can expose enterprises to 

liquidity shortages throughout the project life cycle (Caralis et al., 2016). International projects 

introduce additional sources of financial uncertainty because transactions may involve multiple 

currencies, different inflation environments, variable interest rates, import costs, taxation systems, 

payment practices, regulatory conditions, and contractual arrangements. Research conducted across 

developed and emerging economies has repeatedly examined project cash-flow risk as a central 

element of financial sustainability, particularly where organizations operate simultaneously across 

several projects. International construction research has identified exchange-rate changes, cost 
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escalation, interest-rate movements, project-specific uncertainty, contractual payment structures, and 

scheduling variability as important determinants of cash-flow behavior. Studies of project financing 

have similarly demonstrated that macroeconomic and financial variables can alter distributions of 

project value and downside outcomes, while simulation-based analyses have shown that deterministic 

approaches may fail to represent the full range of adverse financial states (Schiel et al., 2019). The 

international significance becomes particularly pronounced when project-based firms maintain 

portfolios containing contracts with different durations, currencies, clients, billing schedules, cost 

structures, and risk profiles. A cash surplus generated by one project may temporarily support another 

project experiencing delayed payments, while simultaneous adverse events across several contracts can 

intensify enterprise-level financing requirements. Cross-project dependence therefore transforms 

liquidity management from a project accounting activity into an enterprise risk-management problem. 

More than 30 studies considered across the wider literature have examined cash-flow forecasting, 

financial risk, project valuation, stochastic simulation, working-capital management, contractor 

insolvency, payment delays, project financing, cost uncertainty, and probabilistic investment analysis. 

Collectively, this body of quantitative work establishes cash availability as a multidimensional outcome 

influenced by internal project execution and external financial conditions. Research on corporate cash 

pooling further indicates that organizations with large, diverse, and volatile cash flows can obtain 

material benefits from coordinated liquidity management, illustrating the importance of considering 

liquidity at organizational rather than isolated transaction levels (Myagkova et al., 2020). Consequently, 

the international project environment provides a quantitatively complex setting in which stochastic 

cash-flow distributions can represent the interaction between contractual, operational, market, and 

financing uncertainties. 

 

Figure 1: Monte Carlo Enterprise Liquidity Framework 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Cash-flow uncertainty in project-based enterprises originates from the combined variability of cash 

inflows, cash outflows, project schedules, contractual arrangements, operational events, and financial-

market conditions. Cash inflows may include advance payments, progress payments, milestone 

receipts, reimbursements, change-order payments, final settlements, operating revenues, asset 

disposals, and financing proceeds (Kayser, 2016). Cash outflows may include labor costs, material 

purchases, equipment expenditures, subcontractor payments, overhead expenses, taxes, insurance 

premiums, debt repayments, interest charges, mobilization expenses, and contingency expenditures. 

Each component can vary in amount and timing, creating differences between planned and realized 

liquidity positions. Earlier project cash-flow studies have identified project duration, measurement 

differences, variations, and material-cost changes as major factors influencing capital requirements and 
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financial performance. Subsequent research has incorporated broader combinations of schedule, cost, 

payment, and external economic uncertainties into probabilistic cash-flow models. Construction-

oriented studies, for example, have identified advance payments, shortages of materials and 

equipment, delays in payment certification, design deficiencies, change orders, equipment purchases, 

retention arrangements, price fluctuations, delayed client payments, and inflation as important sources 

of cash-flow uncertainty (Tang et al., 2017). These variables are relevant beyond construction because 

project-based enterprises generally experience a temporal mismatch between commitments and 

receipts. Schedule uncertainty can shift both revenues and expenditures across accounting periods; cost 

escalation can increase required cash before additional revenue becomes available; delayed customer 

payments can extend receivable periods; and contractual retention can postpone access to earned 

revenue. Financing conditions introduce another layer of stochastic behavior through interest-rate 

variability, credit limits, borrowing costs, covenant restrictions, and refinancing requirements. 

Research on project finance demonstrates that contractual covenant breaches may also influence project 

risk profiles and financial outcomes, meaning that liquidity assessment cannot always be reduced to 

simple insolvency measures. External variables such as inflation, foreign-exchange movements, 

commodity prices, energy prices, and macroeconomic conditions may simultaneously affect project 

costs and revenues. Statistical dependence among these variables is particularly important because 

independent sampling can underestimate or distort combined exposure when underlying financial 

drivers are correlated (Pomulev & Kalmykov, 2020). Quantitative project-valuation research has 

therefore emphasized the need to represent correlations among stochastic inputs when simulating 

project cash flows. Liquidity exposure consequently reflects not only the expected size of individual 

financial variables but also their volatility, timing, distributional form, dependence structure, and 

cumulative interaction across the project horizon. 

Traditional project cash-flow planning commonly relies on deterministic budgets, point forecasts, 

baseline schedules, expected payment dates, planned cost curves, and single-value financial 

projections. These methods provide structured representations of expected financial performance, yet 

they compress uncertainty into one assumed scenario. A deterministic forecast may indicate that an 

enterprise maintains a positive cumulative cash position while providing limited information about the 

probability that delayed receipts, cost overruns, schedule changes, or correlated adverse events could 

generate a temporary cash deficit. Quantitative research spanning several decades has consequently 

developed increasingly flexible approaches to project cash-flow forecasting. Early and subsequent 

models have incorporated project characteristics, contractual variables, activity schedules, risk factors, 

cost distributions, and stochastic simulation to improve the representation of financial uncertainty (Kim 

et al., 2017). Research using numerous cash-flow variables has shown that incorporating stochastic risk 

factors can increase the flexibility and reliability of forecasting and that project cash positions can be 

highly sensitive to variations, cost differences, duration changes, and measurement uncertainty. Other 

simulation studies have randomly varied activity start times and periodic cash transactions to generate 

probability distributions for project duration, financing cost, maximum negative cumulative balance, 

and project profit. This distinction is important because liquidity risk is inherently probabilistic. The 

expected cash balance alone does not identify the frequency, magnitude, or duration of negative cash 

positions. Stochastic modeling permits each uncertain variable to be represented through probability 

distributions based on historical observations, expert estimates, contractual parameters, statistical 

fitting, or combinations of these sources. Thousands of simulated combinations can then produce 

distributions of monthly or weekly cash balances, cumulative cash positions, funding gaps, borrowing 

requirements, and liquidity ratios (Boloș et al., 2019). Simulation-based project-finance research has 

demonstrated that sufficiently large iteration sets can produce stable estimates while showing that 

assumptions concerning volatility and correlations can materially influence simulation results. Monte 

Carlo simulation therefore changes the analytical question from determining a single expected cash 

balance to estimating the probability distribution of alternative cash positions. Such measurement can 



International Journal of Scientific Interdisciplinary Research, June 2022, 382–431 
 

386 
 

include the probability of negative cash, expected cash shortfall, maximum funding requirement, 

duration of liquidity deficits, percentile-based cash reserves, frequency of credit-line utilization, 

probability of covenant violation, and distribution of financing costs. The resulting framework aligns 

project cash-flow analysis with statistical risk measurement rather than relying exclusively on 

deterministic accounting projections (Salas-Molina, 2020). 

 

Figure 2: Monte Carlo project liquidity framework 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The quantitative architecture of Monte Carlo cash-flow simulation begins with the identification of 

uncertain financial and operational inputs, specification of their probability distributions, 

representation of statistical dependencies, repeated random sampling, recalculation of project cash 

flows, and aggregation of simulated outcomes into empirical probability distributions (Bergmann et 

al., 2020). Project revenue can be modeled using distributions describing contract realization, sales 

quantities, output prices, milestone completion, or collection timing. Costs can be represented through 

stochastic labor rates, material prices, equipment expenses, subcontractor charges, overheads, and 

contingency expenditures. Schedule uncertainty can be incorporated through activity durations, start 

dates, completion dates, productivity levels, and delay events. Financial variables can include inflation, 

exchange rates, interest rates, borrowing costs, credit availability, and debt-service obligations. 

Research on investment assessment has structured Monte Carlo analysis around quantitative 

forecasting of stochastic inputs, selection and specification of risk factors, mathematical modeling of 

economic criteria, repeated simulation, and statistical assessment of the resulting risk distribution. In 

project-based enterprises, each iteration can generate a complete time series of cash inflows and 

outflows, allowing the model to calculate net periodic cash flow and cumulative cash balance across 

the project horizon (Berk & Podhraski, 2018). When several projects are modeled simultaneously, 

enterprise cash flow can be calculated by aggregating simulated project-level positions while retaining 

appropriate correlations. This structure is particularly important because project risks can interact. A 

schedule delay may increase labor and overhead expenditure while simultaneously postponing 
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customer receipts. Inflation may increase procurement costs, while currency depreciation may increase 

imported-material expenditure and alter foreign-currency revenues. Interest-rate increases may raise 

financing costs precisely when project delays increase borrowing requirements. Quantitative research 

has shown that neglecting correlations among uncertain inputs can influence project valuation and risk 

estimates, reinforcing the need for coherent dependence assumptions in simulation design. Simulation 

outputs can subsequently be summarized using means, standard deviations, medians, percentiles, 

confidence intervals, probabilities of shortfall, downside-risk measures, and sensitivity statistics. 

Scenario distributions may also support comparisons among baseline, moderate-risk, and severe-risk 

conditions (Gu et al., 2018). Earlier project-finance work has extended Monte Carlo modeling to default 

and value-at-risk analysis by simulating uncertain project cash flows across multiple periods. Thus, 

stochastic cash-flow modeling integrates operational uncertainty and financial uncertainty within a 

common quantitative system capable of representing both the temporal structure and distributional 

characteristics of enterprise liquidity. 

Liquidity risk in a stochastic cash-flow framework can be quantified through a broad set of 

complementary indicators rather than through a single cash-balance measure. Fundamental indicators 

include minimum cumulative cash balance, maximum negative cash balance, probability of cash 

deficit, expected funding gap, peak financing requirement, duration of negative cash positions, 

frequency of liquidity breaches, cash-buffer adequacy, borrowing utilization, financing cost, and 

probability of failing to meet scheduled obligations (Cont et al., 2020). Additional corporate measures 

can include current and quick liquidity ratios, operating cash-flow coverage, cash conversion measures, 

debt-service coverage, working-capital requirements, available credit capacity, and reserve-to-

expenditure ratios. At the project level, financial measures may include net present value, internal rate 

of return, capital requirement, financing cost, project profit, and debt-service capacity. Previous cash-

flow forecasting research has specifically used capital requirements and internal rate of return to 

evaluate the financial consequences of uncertain project conditions. Simulation research has also 

produced distributions for financing cost, maximum negative cumulative balance, project duration, 

and profit, allowing financial risk to be assessed through multiple dimensions simultaneously. A key 

statistical characteristic of Monte Carlo modeling is its ability to estimate tail outcomes that 

deterministic forecasts cannot explicitly describe. For example, a project may have a positive mean cash 

balance while still exhibiting a meaningful probability of severe temporary deficits in the lower tail of 

its distribution. Percentile measures can estimate the cash reserve required to maintain a selected level 

of liquidity confidence, while expected shortfall can quantify the average severity of deficits occurring 

beyond a defined risk threshold (Alamad, 2016). Sensitivity analysis can identify variables responsible 

for the largest changes in liquidity outcomes, and regression or variance-based methods can quantify 

the relative contribution of individual risk drivers. Probabilistic financial analysis has been applied to 

large investment projects to evaluate operational, profitability, and liquidity dimensions 

simultaneously, illustrating how Monte Carlo outputs can connect financial feasibility with downside 

exposure. Liquidity resilience can additionally be represented through the ability of the enterprise to 

absorb adverse cash-flow shocks without interrupting project activities or breaching financial 

obligations. In a multi-project environment, resilience depends on cash reserves, unused credit 

capacity, diversification of payment schedules, synchronization of inflows and outflows, and the 

correlation of project-specific shocks (Galletta & Mazzù, 2019). Quantitative liquidity assessment 

therefore requires measurement of central tendency, dispersion, downside probability, tail severity, 

temporal persistence, and financing capacity across simulated cash-flow paths. 

The quantitative literature surrounding Monte Carlo simulation, stochastic cash-flow analysis, project 

finance, contractor financial management, investment appraisal, probabilistic scheduling, corporate 

liquidity, and financial risk provides an extensive analytical foundation for examining liquidity in 

project-based enterprises. Across more than 30 studies represented within these interconnected 

research streams, recurring variables include project revenue, direct and indirect cost, payment timing, 
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activity duration, cost escalation, change orders, retention, receivable delays, inflation, exchange rates, 

interest rates, borrowing requirements, financing costs, project profitability, cumulative cash balance, 

and capital requirements (Liu & Zeng, 2017). Research has progressively combined these variables 

through stochastic simulation because the financial outcome of a project is determined by their joint 

behavior rather than by any individual factor. Probabilistic construction cash-flow research has 

demonstrated that simulation can incorporate both systemic and project-specific risks and generate 

cash-flow patterns that more closely represent uncertain operating conditions. Risk-integrated 

international project research has separately emphasized financial and project-specific uncertainties 

affecting payment conditions and financing schedules. Advanced cash-flow frameworks have 

combined probabilistic analysis with detailed project information systems, reflecting increasing 

methodological attention to the integration of cost estimation, project scheduling, financial risk, and 

Monte Carlo simulation. At the enterprise level, the analytical problem becomes more complex because 

multiple projects create overlapping cash requirements and receipts. Projects can differ in size, 

duration, contractual payment structure, client reliability, sector, geography, currency, cost 

composition, and risk intensity. Aggregating deterministic project forecasts may therefore conceal the 

probability that adverse timing combinations will produce enterprise-wide cash shortages (Georgescu 

et al., 2020). A stochastic portfolio representation can preserve project-level uncertainty while 

estimating aggregate distributions for cash availability, peak funding requirements, financing costs, 

and liquidity deficits. Such analysis also permits quantitative comparison of liquidity-management 

configurations, including alternative reserve levels, credit facilities, payment schedules, procurement 

timing, project-start sequencing, and cash-pooling arrangements. Research on corporate cash pooling 

has demonstrated that organizations with diverse and volatile cash flows can obtain measurable 

liquidity-management benefits from centralized cash arrangements. Within this quantitative setting, 

Monte Carlo simulation and stochastic cash-flow modeling constitute an integrated statistical 

framework for representing uncertain project cash movements, measuring their joint distributions, 

estimating the probability and severity of liquidity shortages, identifying dominant sources of cash-

flow variability, and comparing financial conditions across projects, enterprise characteristics, and 

alternative liquidity structures (Giordana & Schumacher, 2017). 

The primary objective of this study is to quantitatively assess the effectiveness of Monte Carlo 

simulation and stochastic cash-flow modeling in identifying, measuring, and reducing liquidity risk in 

project-based enterprises operating under uncertain financial and operational conditions. Specifically, 

the study seeks to develop an integrated probabilistic framework that represents uncertainty in project 

cash inflows, cash outflows, payment timing, activity duration, project costs, revenue realization, 

receivable collection, inflation, interest rates, exchange rates, financing costs, and other variables that 

influence enterprise liquidity. The study aims to estimate the probability, magnitude, duration, and 

frequency of cash deficits by generating multiple simulated cash-flow paths rather than relying 

exclusively on deterministic point forecasts. It also seeks to quantify key liquidity indicators, including 

expected periodic cash balance, cumulative cash position, minimum cash balance, maximum cash 

deficit, peak financing requirement, probability of negative cash flow, expected liquidity shortfall, cash-

buffer adequacy, credit-line utilization, working-capital requirements, financing costs, and debt-service 

capacity. Another objective is to determine the extent to which stochastic variability and 

interdependence among project revenues, expenditures, schedules, payment delays, and financial-

market variables influence liquidity exposure at both individual-project and enterprise-portfolio levels. 

The study further aims to identify the most influential liquidity-risk drivers through sensitivity 

analysis, correlation analysis, regression-based assessment, and comparative statistical procedures and 

to examine whether variations in project size, duration, sector, contractual payment structure, cost 

intensity, client characteristics, financing arrangements, and enterprise characteristics produce 

statistically significant differences in liquidity outcomes. In addition, the study seeks to compare 

deterministic cash-flow forecasts with Monte Carlo–based stochastic estimates to determine differences 
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in predicted funding requirements, downside exposure, cash-deficit probabilities, and financial 

resilience. The analysis also aims to evaluate alternative liquidity-management scenarios involving 

cash reserves, contingency buffers, credit facilities, payment restructuring, procurement timing, 

project-start sequencing, and portfolio-level cash coordination. Through repeated simulation and 

statistical evaluation of resulting cash-flow distributions, this study seeks to establish a measurable 

relationship between uncertainty-aware cash-flow planning and the reduction of liquidity exposure, 

thereby providing a rigorous quantitative basis for evaluating financial stability, funding adequacy, 

cash-flow volatility, and liquidity resilience across heterogeneous project-based enterprise 

environments. 

 
LITERATURE REVIEW 
The quantitative literature on project-based enterprises has consistently identified variability in 
periodic cash inflows and outflows as a fundamental source of liquidity exposure. Across more than 
ten empirical studies examining construction, engineering, infrastructure, energy, information 
technology, consulting, and other project-intensive environments, researchers have measured cash-
flow behavior through periodic receipts, operating expenditures, net cash flow, cumulative cash 
balance, operating cash generation, minimum cash holdings, and the frequency of negative cash 
positions (Debasish, 2021; Pae et al., 2018). The evidence indicates that project cash flows are rarely 
distributed evenly throughout the contract period because expenditure commitments and revenue 
collections follow different temporal patterns. Early project stages commonly require mobilization 
expenditure, procurement payments, labor costs, equipment commitments, subcontractor advances, 
and administrative expenses before equivalent customer receipts are collected. During execution, 
progress payments can improve liquidity, although certification procedures, milestone achievement, 
billing intervals, and collection delays generate substantial month-to-month variation. Quantitative 
studies have therefore employed means and medians to establish typical cash-flow conditions, 
standard deviations and coefficients of variation to measure volatility, and minimum–maximum 
ranges and percentiles to capture extreme financial positionsn (Abdur & Iftekhar, 2021; Micán et al., 
2019). Studies comparing projects of different durations and contract values generally show that larger 
absolute cash flows do not automatically correspond to stronger liquidity because high-value projects 
can simultaneously create larger short-term funding requirements. Long-duration projects also tend to 
experience greater cumulative exposure to schedule changes, price movements, payment delays, and 
cost escalation. The literature further demonstrates that average net cash flow can conceal temporary 
liquidity stress when positive receipts in later periods compensate statistically for substantial negative 
balances earlier in the project. Consequently, researchers have increasingly examined the number and 
duration of periods in which cumulative cash balances fall below predetermined thresholds. Across 
the reviewed studies, the distribution and timing of cash movements, rather than total project revenue 
alone, emerge as central quantitative characteristics of baseline liquidity exposure (Bergmann et al., 
2020; Debasish, 2022). Quantitative research on working-capital management in project-based 
enterprises has demonstrated that accounts receivable, accounts payable, collection periods, supplier-
payment schedules, and operating cash requirements collectively determine the amount of liquidity 
required to sustain project execution (Bergmann et al., 2020; Mahbubul et al., 2022). More than ten 
studies across project finance and project-oriented industries have examined working-capital 
requirements using receivable balances, payable balances, collection days, payment days, current 
assets, current liabilities, operating cash flow, cash conversion periods, and short-term financing needs. 
A recurring empirical pattern is that reported revenue and recognized project earnings do not 
necessarily translate into immediately available cash because substantial amounts may remain 
outstanding as receivables. Longer collection periods increase the interval between expenditure and 
cash recovery, causing enterprises to finance labor, materials, subcontractors, equipment, and overhead 
expenses from internal cash reserves or external credit. 
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Figure 3: Baseline project liquidity exposure 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Accounts payable can partially offset this requirement when supplier credit allows expenditure 
settlement to occur after revenue collection, although short supplier-payment terms can intensify cash 
pressure when customer collection cycles remain comparatively long. Studies comparing project types 
have also found considerable heterogeneity in working-capital requirements according to contract size, 
execution period, procurement intensity, billing frequency, customer characteristics, and sector 
(Campbell & Anderson, 2019; Ashfaq & Mohammad, 2022). Descriptive statistics such as mean and 
median collection periods have been widely used to establish central payment behavior, while standard 
deviations, interquartile ranges, percentiles, and observed minimum–maximum values reveal 
substantial variation around average conditions. Coefficients of variation are particularly informative 
when comparing projects with substantially different financial scales because they distinguish relative 
volatility from absolute monetary differences. Empirical studies have additionally examined current 
and quick liquidity ratios alongside cash-based indicators, showing that balance-sheet liquidity 
measures can provide different assessments from actual periodic cash availability. The wider evidence 
therefore treats working capital as a dynamic financing requirement rather than a static accounting 
quantity (Sheak & Risha, 2022; Wong et al., 2018). Variability in receivable conversion, payable 
settlement, operating expenditures, and short-term obligations determines how much liquidity must 
remain accessible throughout project execution. 
Contractual cash-flow mechanisms constitute another major quantitative dimension of baseline 
liquidity exposure because project contracts determine when enterprises become entitled to receive 
cash and when those receipts become practically available (Rashedul & Kaium, 2022; Wong et al., 2018). 
Empirical studies of construction, infrastructure, engineering, energy, and other contract-based sectors 
have repeatedly evaluated progress payments, advance payments, milestone payments, retention 
amounts, certification periods, delayed payments, change-order settlements, final-account payments, 
and contractual payment intervals. The collective evidence indicates that these mechanisms can 
produce materially different cash-flow distributions even among projects with comparable contract 
values and profitability. Advance payments generally provide greater initial liquidity and can reduce 
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early reliance on borrowing when mobilization and procurement expenditures are concentrated near 
project commencement. Progress-payment arrangements distribute receipts across project execution, 
although their liquidity effectiveness depends on billing frequency, measurement procedures, 
certification time, client approval, and actual collection performance (Chowdhury & Tonay, 2022; 
Ramanuj et al., 2019). Retention arrangements create a distinct cash-flow constraint because a 
proportion of earned revenue remains unavailable until contractual conditions are satisfied, often 
extending the cash-recovery period beyond physical completion. Payment delays intensify this 
mismatch by shifting expected receipts into later periods without necessarily postponing payroll, 
supplier, tax, subcontractor, and debt-service obligations. Quantitative studies have compared 
scheduled and realized payment dates, average delay periods, median collection lags, variability in 
payment timing, proportions of overdue receivables, and frequencies of delayed-payment events to 
evaluate these effects. Research has also reported differences across public and private clients, domestic 
and international contracts, and small and large projects, indicating that contractual structure and 
counterparty characteristics influence liquidity distributions. Percentile analysis and minimum–
maximum ranges are particularly relevant because average payment delays may conceal a relatively 
small group of severely delayed transactions responsible for disproportionate liquidity pressure 
(Hossan, 2022; Pinha & Sagawa, 2020). Across the broader literature, contractual cash-flow structure is 
therefore closely connected with the magnitude, timing, and persistence of negative cash positions, 
demonstrating that baseline liquidity cannot be adequately evaluated without incorporating actual 
payment practices alongside contractual revenue values. 
The broader quantitative literature has evaluated baseline liquidity exposure through the interaction 
among internally generated cash, minimum cash balances, debt-service requirements, borrowing 
capacity, available credit, and simultaneous funding demands across project portfolios (Conforto & 
Amaral, 2016; Kaniz, 2022). More than ten studies examining contractor finance, infrastructure projects, 
corporate liquidity, working-capital management, and project portfolio conditions have shown that 
temporary negative project cash flow does not necessarily result in immediate financial failure when 
enterprises possess adequate cash reserves or unused financing capacity. For this reason, empirical 
assessments commonly measure minimum observed cash balances, cash-to-current-liability ratios, 
operating cash-flow coverage, debt-service capacity, credit-line utilization, unused borrowing capacity, 
short-term debt, interest obligations, and frequencies of liquidity threshold breaches. Descriptive 
comparisons indicate that enterprises with similar project revenues can experience markedly different 
liquidity exposure according to their reserve positions and access to external finance. Available credit 
provides a financial buffer against temporary cash-flow deficits, while high utilization of existing 
facilities reduces the remaining capacity to absorb unexpected payment delays or cost increases. Debt-
service obligations can further amplify liquidity pressure because principal and interest payments 
generally follow predetermined schedules that may not coincide with uncertain project receipts (Gasik, 
2016; Nishat & Kaniz, 2022). Portfolio structure introduces additional heterogeneity because enterprises 
frequently execute several projects concurrently, allowing positive cash generated by one contract to 
offset temporary deficits in another. This diversification effect becomes weaker when projects share 
similar customers, economic exposures, payment cycles, or adverse operating conditions. Quantitative 
studies comparing project sizes, durations, sectors, contractual arrangements, and organizational 
characteristics have therefore used mean and median liquidity indicators together with standard 
deviations, coefficients of variation, percentiles, minimum–maximum ranges, and frequencies of 
negative cash positions to distinguish typical financial conditions from severe downside observations 
(Shaiful et al., 2022; Vulkan et al., 2016). Collectively, the empirical literature demonstrates that baseline 
liquidity exposure is multidimensional, reflecting not only cash-flow volatility but also working-capital 
intensity, contractual payment timing, minimum cash reserves, debt commitments, available credit, 
and the synchronization of financial requirements across concurrent projects. 
Stochastic Modeling of Project Revenue and Financing Uncertainty 
The quantitative literature on project-based financial management has consistently demonstrated that 
project revenues and expenditures cannot always be represented adequately by fixed deterministic 
values because both are exposed to substantial variability throughout project execution (Akron & 
Gelbard, 2020). Across more than ten empirical and simulation-based studies covering construction, 
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infrastructure, engineering, energy, information technology, manufacturing projects, and capital 
investment, researchers have treated contract revenue, sales receipts, change-order income, operating 
revenue, labor expenditure, material costs, equipment expenses, subcontractor payments, and 
overhead costs as stochastic variables. Deterministic models generally assign single expected amounts 
to revenues and costs, whereas stochastic models represent these variables through ranges or 
probability distributions derived from historical observations, project records, expert assessments, or 
statistical estimation. Revenue realization has been found to vary according to achieved project output, 
contractual modifications, milestone completion, customer acceptance, market conditions, and the 
timing of revenue recognition and collection. Cost uncertainty has similarly been associated with 
changes in labor productivity, wage rates, material prices, procurement conditions, equipment 
utilization, subcontractor performance, design modifications, and unexpected operational events 
(Hasija & Bhattacharya, 2016). Empirical studies have repeatedly shown that cost overruns are not 
distributed uniformly across projects, with certain projects experiencing comparatively limited 
deviations while others exhibit substantial increases relative to planned expenditure. This 
heterogeneity produces corresponding differences in periodic net cash flow and cumulative cash 
positions. Studies using stochastic cost estimates have demonstrated that increases in cost variability 
broaden the distribution of financing requirements even when average expected project expenditure 
remains comparatively stable. Revenue and cost uncertainty can also interact because delays or 
operational disruptions may simultaneously reduce expected receipts and increase expenditures. 
Research comparing deterministic and probabilistic financial assessments has consequently shown that 
single-point estimates can conceal the range of feasible cash-flow outcomes (Richardson et al., 2016). 
The accumulated evidence therefore characterizes stochastic revenue and cost modeling as a 
quantitative representation of the variability surrounding project financial performance, allowing 
differences in expected cash generation, downside cash positions, funding requirements, and project 
value to be evaluated across alternative realizations of uncertain financial inputs. 
Payment timing has emerged as a distinct stochastic component of project cash-flow modeling because 
the recognition of project revenue does not guarantee that corresponding cash will be received at the 
expected date. More than ten quantitative studies examining project payment systems, contractor cash 
flows, infrastructure finance, working-capital requirements, and receivable management have 
demonstrated considerable variation between scheduled and realized cash receipts 
(Grammatikopoulou et al., 2020).  
 

Figure 4: Stochastic cash-flow modeling framework 
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Stochastic payment models have therefore incorporated progress-payment intervals, milestone 
achievement, certification periods, invoice-processing times, customer approval delays, retention 
releases, advance payments, receivable collection periods, and probabilities of late or incomplete 
payment. Milestone-based contracts create particularly important timing uncertainty because receipt 
of cash depends on technical or operational achievements whose completion dates can vary. 
Quantitative studies have represented milestone completion dates as uncertain variables and examined 
how shifts in these dates alter monthly or quarterly cash-flow profiles. Longer payment delays 
generally increase the duration for which enterprises must finance wages, procurement, equipment, 
subcontractors, overheads, and other obligations using internal reserves or short-term borrowing. 
Variation in receivable collection periods can consequently produce negative periodic cash flows even 
when total contractual revenue remains unchanged. Several studies have also identified asymmetric 
payment behavior, where most invoices are collected relatively close to contractual dates while a 
smaller proportion experience exceptionally long delays (Fiala, 2017). Such patterns make average 
collection periods insufficient for representing the complete distribution of payment risk. Stochastic 
models address this limitation by allowing payment timing to vary across repeated financial scenarios. 
Research has further demonstrated that advance payments can reduce early-stage financing 
requirements, whereas high retention percentages and delayed retention releases can shift liquidity 
pressure toward later stages of the project. The interaction between milestone uncertainty and 
receivable delays can produce cumulative effects because a delayed milestone postpones invoicing 
while subsequent administrative or client-related delays postpone actual collection further (Jung et al., 
2018). Across the reviewed literature, stochastic representation of payment timing provides a more 
comprehensive characterization of liquidity variability than deterministic payment schedules because 
it captures the probability, timing, duration, and financial magnitude of deviations between expected 
and realized project receipts. 
The quantitative literature has also established project schedule uncertainty as an important 
determinant of stochastic cash-flow behavior because the timing of financial transactions is closely 
connected with activity commencement, progress, milestone completion, and project termination. 
Across numerous studies of construction scheduling, engineering projects, infrastructure development, 
capital investment, and project finance, researchers have represented activity durations and project 
completion times as uncertain rather than fixed quantities (Shariatmadari & Nahavandi, 2020). 
Deterministic scheduling assumes that activities begin and end according to predefined dates, while 
stochastic approaches recognize variability arising from productivity differences, resource constraints, 
weather conditions, technical difficulties, supply interruptions, design modifications, approval 
processes, equipment failures, and coordination problems. Changes in project duration influence cash 
flows through several mechanisms. Extended activity durations can increase labor expenses, 
equipment rental, supervision costs, site overhead, administrative expenditure, financing charges, and 
other time-dependent costs. Schedule extensions can simultaneously postpone milestone receipts, final 
payments, retention releases, and operational revenues, creating a combined deterioration in 
cumulative cash position. Quantitative studies have shown that stochastic project life can materially 
affect both the expected level and dispersion of project financial outcomes, particularly where large 
portions of revenue are concentrated near completion (Creemers, 2018). Treating project duration as 
deterministic can therefore underrepresent variability in project value and financing requirements. 
Simulation-based research has also examined uncertainty in activity start times and demonstrated that 
alternative scheduling sequences generate different patterns of negative cumulative cash balance, 
financing cost, project duration, and profitability. Time-dependent cash-flow models have extended 
this analysis by allocating receipts and expenditures to weekly, monthly, quarterly, or activity-specific 
intervals rather than aggregating financial outcomes only at project completion. This temporal 
structure enables identification of temporary liquidity shortages that may disappear when cash flows 
are viewed only on a whole-project basis. Studies of concurrent projects further indicate that schedule 
changes can affect enterprise liquidity when delays cause funding requirements from several projects 
to overlap (Mohaghar et al., 2016). Overall, the literature demonstrates that stochastic duration and 
scheduling variables are central to cash-flow modeling because uncertainty in project time changes not 
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only when cash moves but also the amount of expenditure, financing demand, and project value 
associated with different execution paths. 
Probability-Distribution Fitting and Stochastic Cash-Flow Calibration 
The quantitative literature on stochastic project-finance modeling has consistently emphasized that the 
credibility of simulated cash-flow outcomes depends heavily on the probability distributions assigned 
to uncertain financial and operational inputs (Elouerkhaoui et al., 2017). Across more than ten empirical 
and simulation-based studies in project finance, construction, infrastructure, energy investment, 
engineering economics, capital budgeting, and corporate risk analysis, researchers have used normal, 
lognormal, triangular, uniform, beta, gamma, Weibull, and empirical distributions to represent 
uncertainty in project revenues, costs, activity durations, payment delays, interest rates, exchange rates, 
commodity prices, and financing requirements. Normal distributions have commonly been applied 
when uncertain variables are approximately symmetric around an expected value, particularly where 
large historical samples support estimation of central tendency and dispersion. Lognormal 
distributions have been preferred for strictly positive variables such as project costs, revenue amounts, 
price indices, and expenditure components that display positive skewness and occasional extreme 
observations. Triangular distributions have been widely used when historical information is limited 
but minimum, most likely, and maximum estimates can be established from project records or expert 
assessments. Uniform distributions have represented conditions in which all values within a specified 
range are treated as equally plausible, while beta distributions have been used for bounded variables 
such as completion proportions, recovery rates, productivity levels, or normalized risk indicators 
(Odeh et al., 2018). Gamma and Weibull distributions have been applied to positively skewed costs, 
waiting times, failure intervals, and project-duration variables. Empirical distributions derived directly 
from historical observations have also been increasingly used when available data exhibit complex 
shapes that cannot be represented adequately by conventional parametric families. The reviewed 
studies consistently indicate that distribution selection materially affects estimated means, dispersions, 
percentiles, downside probabilities, and extreme cash-flow outcomes. Consequently, stochastic cash-
flow models generally distinguish between variables requiring symmetric, skewed, bounded, heavy-
tailed, or data-driven representations rather than assigning one distributional form indiscriminately 
across all project inputs (Madan & Schoutens, 2019). 
 

Figure 5: Stochastic cash-flow calibration framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
A second major stream of quantitative literature has concentrated on how probability distributions are 
calibrated from observed project and financial data before their use in stochastic cash-flow simulation. 
More than ten studies have applied combinations of descriptive statistics, maximum-likelihood 
estimation, percentile matching, moment-based estimation, historical frequency analysis, expert 
elicitation, and distribution-fitting procedures to determine realistic parameters for uncertain inputs 
(Yoo et al., 2018). Historical calibration typically begins with the collection of repeated observations 
relating to project cost deviations, revenue realization, payment delays, activity durations, interest 
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rates, exchange-rate changes, inflation, commodity prices, receivable periods, and financing costs. 
Researchers commonly examine mean, median, standard deviation, skewness, kurtosis, minimum and 
maximum values, interquartile ranges, and selected percentiles to identify the statistical characteristics 
of each variable before selecting a candidate distribution. Goodness-of-fit procedures are then 
employed to determine whether observed data are adequately represented by the proposed 
distribution. Quantitative studies have used Kolmogorov–Smirnov tests, Anderson–Darling tests, chi-
square assessments, likelihood comparisons, information criteria, probability plots, and graphical 
inspection to differentiate among competing distributions. Several studies report that extreme financial 
observations and right-skewed cost distributions make simple normal assumptions inappropriate for 
some project variables, while empirical or heavy-tailed distributions better preserve observed 
downside behavior (Ritzenhofen & Spinler, 2016). Historical calibration has also been conducted 
separately across project categories because projects of different size, duration, sector, geographic 
location, contractual form, and financing structure frequently exhibit different statistical characteristics. 
Rolling estimation and time-window calibration have been used for inflation, interest rates, foreign-
exchange movements, and commodity prices when parameters change across economic periods. 
Where data availability is limited, researchers have combined historical information with expert-
defined ranges to avoid excessive dependence on subjective assumptions. Collectively, the literature 
demonstrates that cash-flow calibration is not simply a process of selecting plausible minimum and 
maximum values; it requires systematic estimation and validation of distributional characteristics so 
that simulated scenarios remain statistically connected to actual historical variability (Kryzia et al., 
2020). 
The quantitative literature has increasingly demonstrated that accurate stochastic cash-flow modeling 
requires explicit treatment of dependence among uncertain inputs because project revenues, costs, 
schedules, prices, and financing conditions rarely evolve independently. Across more than ten studies 
examining project valuation, infrastructure finance, energy projects, construction risk, investment 
appraisal, and stochastic capital budgeting, correlation structures have been shown to influence the 
dispersion and downside characteristics of simulated financial outcomes. Pearson correlation has 
frequently been used to quantify linear relationships among continuous variables such as revenues, 
material costs, inflation rates, exchange rates, interest rates, project expenditures, and activity 
durations, while Spearman rank correlation has been employed where relationships are monotonic, 
nonlinear, or affected by non-normal distributions and extreme observations (Krah et al., 2020a). 
Covariance matrices have enabled researchers to preserve multiple pairwise relationships when 
simulating groups of related variables simultaneously. Empirical evidence frequently identifies 
positive dependence between inflation and material costs, project duration and overhead expenditure, 
schedule delays and financing costs, and project size and absolute funding requirements. Negative 
relationships can also occur when exchange-rate movements increase imported input costs while 
simultaneously raising the domestic value of foreign-currency revenues, depending on project 
structure (Dolan et al., 2018). Revenue and cost variables may share common market drivers, while 
commodity prices, inflation, and exchange rates can create clusters of correlated financial shocks. 
Research has shown that ignoring such dependence can either understate or overstate project-value 
dispersion, liquidity shortfalls, and financing requirements because independently sampled inputs 
may generate unrealistic combinations of financial conditions. Factor-based approaches have therefore 
been used to identify common underlying drivers that explain simultaneous variation across several 
variables. Principal-component and latent-factor structures have also appeared in quantitative financial 
modeling when the number of correlated inputs is large. The broader empirical evidence demonstrates 
that dependence structures influence not only average simulated outcomes but also the probability of 
severe cumulative cash deficits, because simultaneous adverse movements in multiple correlated 
variables can create substantially larger liquidity shocks than those implied by isolated risk 
assumptions (Consigli et al., 2017). 
A further body of literature has extended stochastic cash-flow calibration beyond static probability 
distributions and contemporaneous correlations by examining time dependence, autocorrelation, 
stochastic processes, and alternative multivariate dependence structures (Lee, 2018). More than ten 
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quantitative studies in project finance, energy economics, financial engineering, infrastructure 
investment, and risk simulation have recognized that interest rates, exchange rates, inflation, 
commodity prices, revenues, and certain operating costs frequently exhibit temporal persistence. 
Autocorrelation analysis has therefore been used to determine whether current observations are 
statistically related to values observed in preceding periods. When strong temporal dependence is 
present, independently drawing a new value in every simulation period can generate unrealistic 
financial paths by eliminating persistence, trend, clustering, or mean-reverting behavior observed 
historically. Time-series and stochastic-process approaches have consequently been incorporated to 
represent evolving economic and financial variables across monthly, quarterly, or annual project 
horizons. Researchers have applied autoregressive structures, moving-average components, mean-
reverting processes, random-walk specifications, and volatility-sensitive processes according to the 
behavior of the underlying data (Varsakelis et al., 2019). Multivariate calibration has also incorporated 
covariance-based sampling, rank-correlation procedures, copula structures, conditional dependence, 
and scenario-specific correlations to represent relationships that are not adequately described by 
constant linear coefficients. Copula-based approaches are particularly relevant where dependence 
becomes stronger in extreme conditions, because ordinary correlations may fail to capture 
simultaneous tail events. Quantitative sensitivity studies have compared independent-input 
assumptions with weak-, moderate-, and strong-dependence scenarios and frequently report 
meaningful differences in cash-flow volatility, project-value distributions, minimum cash balances, and 
required financing. Calibration studies also emphasize validation by comparing simulated 
distributions with historical observations, including their central tendency, dispersion, tail behavior, 
autocorrelation, and cross-variable dependence (Monge et al., 2016). Taken together, this literature 
establishes probability-distribution fitting, parameter estimation, correlation modeling, temporal 
dependence, and historical validation as interconnected components of stochastic cash-flow 
calibration, with each component influencing the statistical realism and reliability of simulated 
liquidity-risk outcomes. 
Monte Carlo Iteration Design and Cash-Flow Forecast Accuracy 
The quantitative literature on Monte Carlo simulation has consistently treated iteration design as a 
central determinant of the reliability of stochastic cash-flow analysis in project-based enterprises (Krah 
et al., 2018). Across more than ten empirical and simulation-based studies in project finance, 
construction economics, infrastructure investment, energy projects, engineering management, 
corporate risk analysis, and capital budgeting, researchers have generated repeated random 
combinations of uncertain revenues, expenditures, activity durations, payment schedules, interest 
rates, exchange rates, and other financial inputs to construct distributions of possible project outcomes. 
Iteration counts have varied substantially according to model complexity, computational resources, 
and the required precision of the resulting estimates. Studies using approximately 1,000 iterations have 
often demonstrated the general direction and shape of financial risk distributions, while larger 
simulations involving 5,000, 10,000, 50,000, or more replications have been employed to improve 
stability in means, percentiles, downside probabilities, and extreme cash-flow estimates. Random 
sampling allows each iteration to represent a distinct combination of uncertain project conditions, 
producing alternative paths for periodic net cash flow, cumulative cash balance, financing 
requirements, and project value (Krah et al., 2020b). Researchers have also examined simulation 
horizons ranging from short monthly or quarterly project periods to multi-year investment horizons, 
with the selected time interval influencing the amount of temporal detail captured in financial 
variability. Monthly intervals are frequently used in project cash-flow studies because they align closely 
with progress billing, operating expenditure, debt servicing, and management reporting cycles, while 
weekly or daily intervals provide greater resolution in projects with rapid financial turnover. Annual 
intervals are more common in long-term capital investment studies. The literature further emphasizes 
consistency between simulation time intervals and the frequency of available historical data because 
mismatched temporal structures can distort volatility and correlation patterns (Zhao et al., 2016). 
Collectively, the evidence indicates that iteration count, sampling design, simulation horizon, and time-
step selection jointly determine how accurately Monte Carlo models represent the dynamic distribution 
of project cash-flow outcomes. 
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Figure 6: Monte Carlo Reliability Framework 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
A substantial body of quantitative research has examined convergence and output stability to 
determine whether Monte Carlo simulations contain a sufficient number of iterations to produce 
dependable financial estimates. More than ten studies across financial engineering, project risk 
management, capital investment, construction finance, and stochastic forecasting have evaluated 
convergence by observing whether estimated means, medians, percentiles, standard deviations, and 
downside-risk measures stabilize as the number of simulation runs increases (Rout et al., 2018). The 
literature generally shows that smaller iteration sets can generate noticeable fluctuations in estimated 
results, particularly for lower-tail and upper-tail outcomes where relatively few observations represent 
extreme events. Increasing the number of replications typically reduces sampling variability and 
produces more stable estimates of expected project value, minimum cash balance, maximum funding 
requirement, and probability of cash deficit. Studies comparing 1,000, 5,000, 10,000, and 50,000 
simulation runs have commonly reported that central estimates converge faster than extreme 
percentiles because tail outcomes require larger samples for reliable estimation. Random seeds also 
play an important computational role because they control the sequence of pseudo-random values used 
during simulation. Researchers frequently repeat models under different random seeds to test whether 
results are robust to alternative random-number sequences. Where major output measures remain 
similar across seeds, the simulation is considered more stable; large differences may indicate 
insufficient iteration counts or highly volatile input structures. Confidence intervals have also been 
used to assess simulation precision, with narrower intervals generally associated with larger samples 
and improved convergence (Barbaro & Castro, 2020). Some studies have adopted sequential 
convergence checks in which simulations continue until changes in selected statistics fall below 
predefined tolerance levels. Computational time increases with iteration count, creating a trade-off 
between statistical precision and processing burden. The reviewed literature therefore treats 
convergence testing as a necessary component of Monte Carlo model validation because iteration size 
alone does not establish reliability unless the resulting financial distributions demonstrate stability 
across repeated runs and alternative random-number sequences (Bayliss et al., 2020). 
The quantitative literature has also emphasized scenario generation as a major strength of Monte Carlo 
simulation because repeated sampling creates a large set of internally consistent cash-flow paths rather 
than a limited number of manually constructed scenarios. Across numerous studies of infrastructure, 
construction, energy investment, corporate finance, engineering projects, and project portfolio 
management, simulation models have generated baseline, favorable, adverse, and extreme financial 
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conditions through probabilistic combinations of uncertain inputs (Chatterjee et al., 2016). Each 
simulated path can incorporate different revenue realization rates, cost overruns, payment delays, 
schedule extensions, inflation levels, borrowing costs, exchange-rate movements, and unexpected 
expenditures, thereby producing a distinct sequence of periodic financial outcomes. Scenario 
distributions have enabled researchers to examine not only average cash-flow performance but also the 
frequency with which specific liquidity conditions occur. For example, studies have evaluated how 
often cumulative cash balances fall below zero, how frequently credit facilities are required, how long 
negative cash positions persist, and what proportion of simulations produce severe financing gaps. 
Percentile-based scenario analysis has commonly been used to distinguish typical cases from downside 
and extreme-risk conditions (Wang et al., 2020). The median simulation can represent a central 
outcome, while lower percentiles can characterize adverse liquidity states and upper percentiles can 
represent favorable cash positions. Researchers have also compared independent-input scenarios with 
correlated-input scenarios and have shown that dependence among variables can materially change 
the distribution of financial paths. Stress-oriented simulations frequently impose more severe 
assumptions regarding payment delays, cost escalation, or financing conditions to evaluate the 
resilience of project cash positions. Portfolio-level studies extend this approach by combining cash-flow 
scenarios from several simultaneous projects, revealing how timing overlaps and common financial 
shocks influence enterprise liquidity. The literature therefore demonstrates that Monte Carlo scenario 
generation provides a richer representation of uncertainty than a small set of deterministic cases 
because it captures the full distribution of possible financial trajectories and their associated frequencies 
(Duong, 2019). 
Probability of Cash Deficit Maximum Liquidity-Gap Estimation 
The quantitative literature on project finance and liquidity management has consistently identified the 
probability of a negative cumulative cash balance as one of the most direct measures of downside 
liquidity exposure in project-based enterprises (Liu et al., 2017). Across more than ten empirical and 
simulation-based studies covering construction, infrastructure, engineering, energy, capital 
investment, and corporate financial risk, researchers have assessed whether available project cash 
remains sufficient to meet scheduled expenditures under uncertain revenue, cost, payment, and 
financing conditions. Rather than evaluating liquidity solely through an average or expected cash 
balance, stochastic studies estimate the proportion of simulated cash-flow paths in which cumulative 
cash falls below zero or another predetermined liquidity threshold. This approach distinguishes 
enterprises that exhibit similar expected cash positions but materially different probabilities of financial 
shortage. The literature has also measured deficit frequency by counting how often negative cash 
positions occur across weekly, monthly, quarterly, or project-stage intervals. Deficit duration provides 
additional information because a brief liquidity shortage may create a different financing burden from 
a persistent negative position extending across several periods (Campbell et al., 2018). Studies 
examining payment delays and schedule uncertainty have generally found that the probability and 
duration of negative cash balances increase when customer receipts are postponed while payroll, 
procurement, subcontractor, overhead, tax, and financing obligations remain payable according to 
established schedules. Cost overruns can produce similar effects by increasing cash requirements 
without creating corresponding increases in immediate receipts. Portfolio-level studies further indicate 
that simultaneous negative cash positions across multiple projects can substantially increase enterprise 
liquidity-breach probability, particularly where projects share correlated economic or contractual risk 
factors. Researchers have therefore compared breach frequencies across project sizes, contract 
structures, payment arrangements, sectors, and financing conditions (Schwab et al., 2019). Collectively, 
the literature demonstrates that probability, frequency, and duration provide complementary measures 
of liquidity exposure because they describe whether a deficit occurs, how repeatedly it occurs, and how 
long the enterprise remains financially constrained once a negative cash position has developed. 
 



International Journal of Scientific Interdisciplinary Research, June 2022, 382–431 
 

399 
 

Figure 7: Project liquidity downside risk framework 
 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A substantial quantitative literature has adapted risk-at-percentile concepts from financial risk 
management to project cash-flow and project-finance settings. Across more than ten studies, Cash-
Flow-at-Risk and Value-at-Risk approaches have been applied to characterize potential adverse 
deviations in project cash generation or financial value at selected probability levels (Bornmann & 
Williams, 2020). Cash-Flow-at-Risk focuses specifically on uncertainty surrounding cash availability 
and allows analysts to identify a downside cash-flow threshold associated with a defined confidence 
level, while Value-at-Risk has been used more broadly to measure potential losses in project or 
investment value. Monte Carlo simulation supports both approaches by producing large empirical 
distributions from which downside percentiles can be extracted without assuming that all project 
outcomes are represented adequately by a single central estimate. Quantitative studies have commonly 
examined the 5th, 10th, 90th, and 95th percentiles to differentiate adverse, central, and favorable 
financial conditions (Wormald et al., 2017). In liquidity analysis, lower percentiles of cumulative cash 
balance are particularly informative because they identify cash positions associated with relatively 
severe simulated scenarios. The literature shows that percentile estimates can differ substantially from 
expected values when project cash-flow distributions are skewed, heavy-tailed, or influenced by 
correlated risks. This distinction is important in projects where relatively infrequent payment delays, 
cost overruns, schedule extensions, currency movements, or financing shocks generate 
disproportionately large financial consequences. Studies comparing deterministic forecasts with 
percentile-based stochastic estimates have generally demonstrated that point forecasts provide limited 
information about the likelihood of severe downside outcomes. Risk-at-percentile measures also allow 
liquidity conditions to be compared across projects with different contract values and financial 
structures when appropriately standardized (Alakortes et al., 2017). The broader literature therefore 
treats Cash-Flow-at-Risk, Value-at-Risk, and percentile analysis as complementary quantitative tools 
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for transforming simulated cash-flow distributions into interpretable downside thresholds that 
describe financial exposure beyond average project performance. 
Quantitative studies have increasingly supplemented percentile-based liquidity measures with 
expected shortfall, maximum cash deficit, minimum simulated cash balance, and peak financing 
requirement because a threshold measure alone does not fully describe the severity of extreme liquidity 
conditions (Kirchner & Wijnbergen, 2016). Across more than ten studies in project finance, financial 
engineering, construction cash-flow management, infrastructure investment, and stochastic capital 
budgeting, researchers have examined the magnitude of adverse outcomes occurring within the lower 
tail of simulated cash-flow distributions. Expected shortfall provides information about the average 
severity of outcomes beyond a selected downside threshold and is particularly useful where extreme 
cash deficits are substantially larger than the corresponding percentile boundary. Maximum cash 
deficit measures the largest cumulative funding shortage encountered within a simulated project path, 
while minimum simulated cash balance identifies the lowest liquidity position reached during the 
analytical horizon (Stoian & Iorgulescu, 2020). Peak financing requirement translates these shortages 
into the maximum amount of external or internal funding required to maintain project operations and 
meet contractual obligations. The literature has shown that these indicators are strongly affected by the 
timing of revenues and expenditures because projects with comparable total costs and revenues can 
generate markedly different peak funding needs when their payment schedules differ. Delayed 
progress payments, retention amounts, schedule extensions, cost overruns, and concentrated 
procurement expenditures have repeatedly been associated with deeper minimum cash positions and 
larger financing requirements. Studies examining multiple project portfolios have also found that 
overlapping expenditure peaks can increase enterprise-level funding gaps even where individual 
projects appear financially manageable when assessed separately (Karras, 2019). Extreme-tail measures 
become particularly important when distributions are asymmetric because average deficits may 
substantially underrepresent the magnitude of severe simulated shortages. By evaluating expected 
shortfall alongside maximum deficits and minimum balances, quantitative research provides a more 
complete characterization of both the likelihood and financial severity of liquidity stress across 
heterogeneous project conditions. 
Sensitivity Analysis and Statistical Determinants of Cash Shortfalls 
The quantitative literature on project liquidity management has extensively applied sensitivity analysis 
to determine which uncertain financial and operational inputs account for the greatest changes in cash-
flow outcomes (Galletta & Mazzù, 2019). Across more than ten empirical and simulation-based studies 
in construction, infrastructure, engineering, energy, capital investment, project finance, and corporate 
financial risk, researchers have evaluated the sensitivity of periodic net cash flow, cumulative cash 
balance, maximum cash deficit, financing requirements, project value, and probability of liquidity 
shortage to variations in major project inputs. Payment delays, revenue reductions, cost overruns, 
schedule extensions, material-price increases, labor-cost escalation, inflation, exchange-rate 
movements, and interest-rate changes repeatedly emerge as important sources of liquidity variability. 
Sensitivity coefficients have been used to quantify how strongly financial outcomes respond to changes 
in individual inputs, while rank-based sensitivity measures have been particularly useful in Monte 
Carlo environments containing non-normal and nonlinear variables. Studies commonly report that 
payment timing can exert substantial influence on short-term liquidity because even profitable projects 
may experience negative cash positions when expected receipts are postponed while expenditures 
continue according to contractual and operational schedules (Dottori & Micucci, 2018). Cost overruns 
similarly reduce net cash generation and can increase borrowing requirements, especially where 
contractual arrangements restrict immediate recovery of additional expenditure from clients. Revenue 
reductions have generally produced direct deterioration in cumulative cash balances and project value, 
while schedule extensions generate multiple financial effects by postponing receipts and increasing 
time-dependent costs. Quantitative comparisons also indicate that the relative importance of individual 
risk drivers varies by project type, duration, cost structure, financing arrangement, and contractual 
payment system (Sun et al., 2017). Large capital-intensive projects are often more sensitive to 
procurement and financing variables, whereas labor-intensive projects can exhibit stronger sensitivity 
to wage rates and productivity conditions. Collectively, the reviewed literature demonstrates that 
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sensitivity analysis provides a systematic statistical basis for ranking uncertain inputs according to their 
contribution to liquidity variability rather than treating all project risks as financially equivalent. 
 

Figure 8: Five-tier liquidity risk analysis pyramid 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A substantial stream of quantitative research has extended basic sensitivity analysis through regression 
modeling, standardized effects, variance decomposition, and probability-based assessment to estimate 
the relative contribution of multiple variables to liquidity outcomes. Across more than ten studies 
examining project cash flows, investment risk, construction finance, infrastructure performance, and 
corporate liquidity, regression coefficients have been used to quantify relationships between financial 
risk factors and outcomes such as minimum cash balance, maximum funding requirement, financing 
cost, cumulative cash position, and project value (Fontana & Scheicher, 2016). Standardized coefficients 
are particularly useful when predictors are measured in different units because they allow the relative 
statistical importance of payment delays, cost changes, schedule deviations, revenue fluctuations, 
inflation, interest rates, and exchange-rate movements to be compared on a common basis. Variance-
contribution analysis has similarly been applied to identify the proportion of total output variability 
associated with individual stochastic inputs or groups of related risk factors. Studies using Monte 
Carlo-generated observations have shown that a small number of high-impact variables can account 
for a substantial share of simulated cash-flow dispersion, although their rankings may change across 
different project stages or economic conditions (Rahman et al., 2020). Probability-based analyses have 
examined how changes in explanatory variables alter the likelihood of negative cash balances, severe 
funding gaps, or debt-service difficulties. Payment delays and schedule extensions frequently increase 
the probability of cash shortfalls by shifting receipts into later periods, whereas cost escalation increases 
required expenditure and reduces available liquidity. Higher borrowing costs can intensify shortages 
after external financing becomes necessary, creating an additional relationship between initial cash 
deficits and subsequent financing expenditure. Research has also distinguished statistical significance 
from practical financial importance because a variable can demonstrate a statistically detectable 



International Journal of Scientific Interdisciplinary Research, June 2022, 382–431 
 

402 
 

association while producing only a limited monetary change in liquidity (Iachini & Nobili, 2016). The 
combined evidence supports the use of regression coefficients, standardized effects, probability 
changes, and variance contributions as complementary methods for identifying the statistical 
determinants and financial magnitude of project cash shortages. 
The quantitative literature increasingly emphasizes that liquidity-risk drivers cannot always be 
assessed independently because project revenues, costs, schedules, market conditions, and financing 
variables frequently exhibit meaningful correlation. More than ten studies in project valuation, 
stochastic capital budgeting, construction risk, infrastructure finance, energy investment, and financial 
engineering have examined dependence among uncertain inputs and demonstrated that correlation 
assumptions can materially change simulated financial distributions (Padovani et al., 2018). Positive 
correlations between project duration and overhead costs, inflation and material expenditure, schedule 
delays and financing costs, or commodity prices and procurement costs can amplify liquidity pressure 
because unfavorable changes occur simultaneously. Revenue and market variables may also move 
together, particularly when several projects depend on common customers, industries, currencies, or 
economic conditions. Pearson correlations have commonly been used to evaluate linear relationships 
among continuous financial variables, while Spearman rank correlations have been applied where 
distributions are skewed or relationships are monotonic rather than strictly linear. Rank-correlation 
analysis has also been widely used to identify which simulated inputs are most strongly associated 
with maximum cash deficits, minimum cumulative balances, and financing requirements. Studies 
comparing independent and correlated simulation structures generally show that independence 
assumptions can produce materially different downside distributions when significant 
interdependencies exist among project inputs (Mselmi et al., 2019). Correlation can either increase or 
reduce aggregate liquidity exposure depending on the direction and magnitude of the relationships. 
Simultaneous cost increases and revenue reductions intensify downside outcomes, whereas certain 
natural hedging relationships can offset part of the financial impact. Covariance structures and 
common-factor models have consequently been incorporated into multivariate simulations to preserve 
relationships observed in historical data. Portfolio-based research has further demonstrated that cross-
project correlations matter because concurrent projects exposed to the same economic, customer, 
currency, or commodity conditions may experience cash-flow deterioration at the same time (Leo et al., 
2019). The literature therefore establishes dependence modeling as an essential component of 
sensitivity assessment because the financial effect of one risk variable may change substantially when 
correlated variables move concurrently. 
A further body of quantitative literature has investigated interaction effects and combined stress 
conditions because severe liquidity shortages frequently result from multiple adverse events rather 
than from isolated changes in a single variable (Ünvan & Yakubu, 2020). Across more than ten studies 
involving project finance, infrastructure investment, construction cash-flow management, energy 
economics, and enterprise risk analysis, researchers have compared single-factor sensitivity tests with 
scenarios containing simultaneous payment delays, cost overruns, schedule extensions, revenue 
reductions, inflation shocks, exchange-rate movements, and higher financing costs. The evidence 
generally demonstrates that combined scenarios can generate liquidity effects substantially different 
from the sum of isolated changes when variables interact through project timing and financing 
mechanisms. A schedule extension, for example, may postpone milestone revenue while 
simultaneously increasing labor, equipment, overhead, and interest expenditure. Payment delays 
occurring during the same period can further reduce available cash, requiring additional borrowing 
that increases subsequent financing costs (Babalos & Stavroyiannis, 2017). Exchange-rate depreciation 
can raise imported material expenditure at the same time that inflation increases domestic costs, while 
higher interest rates increase the cost of financing the resulting liquidity gap. Quantitative studies have 
assessed such interactions through multivariable regression terms, conditional sensitivity analysis, 
scenario comparisons, stress testing, correlation structures, and changes in simulated shortfall 
probabilities. Comparisons among baseline, moderate-stress, and severe-stress conditions commonly 
reveal nonlinear increases in maximum cash deficits and peak financing requirements as multiple 
adverse assumptions accumulate. Studies have also found that risk-driver rankings can change under 
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stressed conditions because variables that exert moderate effects independently may become dominant 
when combined with correlated financial shocks. Enterprise-level analyses further show that 
simultaneous stress across several projects can reduce the effectiveness of internal cash transfers and 
portfolio diversification (López-Espinosa et al., 2017). Overall, the literature demonstrates that 
liquidity-risk determination requires consideration of individual sensitivity, statistical dependence, 
interaction effects, and combined scenario severity, since the probability and magnitude of cash 
shortfalls are shaped by the joint behavior of operational, contractual, market, and financing 
uncertainties. 
Quantitative Effects of Cash Reserves 
The quantitative literature on project finance and corporate liquidity management has consistently 
examined minimum cash reserves and contingency buffers as primary mechanisms for reducing 
exposure to uncertain cash-flow shortages (Ghosh, 2016). Across more than ten empirical, optimization, 
and simulation-based studies involving construction, infrastructure, engineering, energy, capital-
intensive projects, and corporate finance, researchers have compared alternative reserve levels using 
measures such as cash-deficit probability, expected shortfall, minimum cash balance, maximum 
funding gap, buffer utilization, financing cost, and probability of financial distress. The accumulated 
evidence indicates that maintaining additional liquid reserves generally reduces the frequency with 
which uncertain expenditures and delayed receipts translate into externally financed cash deficits. 
Reserve adequacy is particularly important in project-based enterprises because cash outflows 
associated with payroll, procurement, subcontractors, equipment, taxes, and debt obligations may 
continue even when milestone payments or customer collections are delayed. Monte Carlo studies have 
assessed this relationship by applying different opening cash balances or minimum liquidity thresholds 
across thousands of simulated cash-flow paths and measuring corresponding changes in downside 
outcomes (Matousek et al., 2019). Results generally indicate a nonlinear relationship between reserve 
size and liquidity protection. Initial increases from very low reserve levels can substantially reduce 
shortfall probability, while progressively larger buffers may generate smaller incremental risk 
reductions and greater opportunity costs from holding idle liquidity. Contingency reserves have also 
been evaluated separately from ordinary operating cash because they are intended to absorb 
unexpected cost escalation, schedule disruption, emergency procurement, and other adverse events. 
Quantitative comparisons demonstrate that projects characterized by greater payment volatility, longer 
duration, higher cost uncertainty, or weaker access to external finance typically require larger buffers 
to achieve comparable levels of liquidity protection. Studies additionally distinguish between reserve 
availability and reserve utilization, since frequent depletion of buffers indicates persistent structural 
cash-flow pressure (Riet, 2017). Overall, the literature demonstrates that cash reserves and contingency 
buffers reduce downside liquidity exposure most effectively when their magnitude is calibrated to the 
distribution of potential cash deficits rather than established solely as a fixed percentage of project value 
or expenditure. A second major stream of quantitative research has evaluated revolving credit facilities, 
overdraft arrangements, short-term loans, and other committed financing sources as mechanisms for 
covering temporary cash-flow deficits without requiring enterprises to maintain excessively large cash 
balances (Alamad, 2019). More than ten studies across project finance, working-capital management, 
infrastructure investment, contractor finance, and corporate liquidity have assessed external financing 
through credit-line utilization, peak borrowing, unused borrowing capacity, interest expenditure, 
financing duration, expected shortfall after financing, and probabilities of exhausting available credit. 
Simulation evidence generally indicates that committed credit can materially reduce the probability 
that temporary cash shortages interrupt project obligations, particularly where deficits arise from 
timing mismatches rather than fundamental project unprofitability. The effectiveness of credit facilities, 
however, varies according to facility size, borrowing cost, drawdown restrictions, repayment 
schedules, collateral requirements, and the persistence of negative cash positions. Monte Carlo analyses 
allow credit usage to be measured across alternative cash-flow paths, distinguishing projects that rarely 
require financing from those that repeatedly approach or exceed borrowing limits (Olivares-Caminal 
& Miglionico, 2017). 
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Figure 9: Enterprise liquidity risk mitigation framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Larger facilities typically reduce uncovered liquidity gaps, although higher utilization can substantially 
increase interest expense and reduce remaining capacity to absorb subsequent shocks. Interest-rate 
uncertainty introduces additional variability because the cost of maintaining liquidity through debt can 
increase during periods when financing requirements are already elevated. Research has also 
demonstrated interaction between cash reserves and credit capacity. Enterprises combining moderate 
reserves with committed borrowing facilities may achieve lower liquidity-breach probabilities without 
holding the full amount of potential funding requirements as idle cash. Excessive dependence on credit 
can create refinancing and debt-service exposure when project receipts remain delayed for extended 
periods (Papaioannou, 2020). Quantitative studies therefore evaluate both immediate shortfall 
reduction and the secondary financial consequences of borrowing, including higher interest costs, debt-
service burdens, leverage, and financial-distress probability. Collectively, the literature characterizes 
revolving credit as a flexible liquidity buffer whose effectiveness depends on balancing available 
capacity, utilization frequency, borrowing cost, repayment ability, and the severity and persistence of 
simulated project cash deficits. 
Quantitative research has also demonstrated that liquidity risk can be reduced by altering the timing 
structure of project receipts and expenditures rather than relying exclusively on additional cash 
reserves or borrowing (Neveu, 2018). Across more than ten studies of construction cash flows, 
engineering contracts, infrastructure finance, working-capital management, and project scheduling, 
researchers have evaluated accelerated receivable collection, advance payments, renegotiated 
milestone arrangements, more frequent progress billing, reduced retention, faster certification, 
procurement rescheduling, supplier-credit extensions, and expenditure sequencing. Accelerating 
receivable collection directly reduces the time between revenue recognition and cash availability, which 
can decrease working-capital requirements and shorten the duration of negative cumulative cash 
positions. Studies comparing alternative collection periods generally show that even relatively modest 
reductions in payment delays can produce meaningful improvements in minimum cash balances when 
projects contain large recurring expenditures. Advance payments provide a related benefit by 
transferring liquidity toward the beginning of the project, where mobilization, equipment acquisition, 
procurement, and workforce deployment frequently generate substantial financing requirements. 
Renegotiated milestone payments can improve alignment between project progress and expenditure 
patterns when receipts are otherwise concentrated at widely separated contractual points (Allen et al., 
2018). Research on retention arrangements similarly indicates that reducing the proportion or duration 
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of withheld payments can improve available cash without altering total project revenue. Expenditure-
side restructuring provides another mechanism for managing liquidity. Procurement rescheduling can 
shift discretionary or noncritical purchases away from periods characterized by severe projected cash 
deficits, while negotiated supplier terms can postpone cash outflows until corresponding project 
receipts become available. Quantitative scenario comparisons have measured these strategies through 
changes in maximum funding gaps, deficit duration, borrowing requirements, interest costs, and 
liquidity-breach frequencies. Combined restructuring strategies often generate larger reductions than 
isolated interventions because earlier receipts and better-timed expenditures improve cash 
synchronization simultaneously (Bholat et al., 2018). The literature therefore demonstrates that 
contractual and operational timing adjustments can reduce liquidity exposure by addressing the 
underlying temporal mismatch between project cash inflows and outflows rather than merely financing 
the deficit after it occurs. 
Model Validation, Robustness Testing 
The quantitative literature comparing deterministic and stochastic financial models has consistently 
emphasized the need to establish whether differences in liquidity estimates are statistically meaningful 
rather than merely numerical (Montesi & Papiro, 2018). Across more than ten empirical, simulation-
based, and project-finance studies involving construction, infrastructure, engineering, energy 
investment, capital budgeting, and corporate liquidity management, researchers have compared 
predicted cash balances, funding requirements, financing costs, project values, and downside outcomes 
under fixed-value and uncertainty-based modeling conditions. Descriptive comparisons commonly 
include means, medians, standard deviations, interquartile ranges, minimum and maximum values, 
percentiles, and confidence intervals. Deterministic forecasts generally produce a single projected cash-
flow path based on expected revenue, expenditure, duration, and payment assumptions, whereas 
stochastic models generate distributions that reveal variation around these central expectations (Dias 
& Peters, 2020). Paired statistical comparisons have been applied when deterministic and stochastic 
outcomes are evaluated for the same projects or periods, with paired t-tests used when difference 
distributions satisfy relevant assumptions and Wilcoxon signed-rank procedures applied when 
normality is not supported. Studies comparing several simulation specifications, project groups, or risk 
scenarios have also employed analysis of variance and corresponding nonparametric alternatives to 
determine whether differences across modeling conditions are statistically significant. Effect sizes 
provide additional information regarding practical magnitude because statistical significance alone 
may become easier to obtain in large simulated samples. Across the reviewed literature, uncertainty-
aware models generally report wider dispersion in minimum cash balances, maximum funding 
deficits, financing requirements, and project values than deterministic projections. Earlier stochastic 
capital-budgeting research has also demonstrated that treating uncertain project life as fixed can 
produce biased assessments of expected project value and its variability (Jacobs Jr, 2020). Confidence 
intervals further demonstrate the range of plausible estimates surrounding financial outcomes, while 
deterministic point estimates provide no equivalent representation of sampling or stochastic 
uncertainty. The literature therefore supports comparative statistical evaluation as an important 
mechanism for determining whether deterministic and stochastic liquidity models generate materially 
different assessments of enterprise cash-flow exposure. A second major stream of quantitative research 
has examined model validation through comparisons between predicted cash-flow outcomes and 
financial observations that were not used directly to construct or calibrate the model. More than ten 
studies in financial forecasting, project cash-flow management, investment analysis, construction 
finance, and stochastic risk modeling have used historical back-testing, holdout samples, rolling 
validation periods, and out-of-sample comparisons to assess predictive reliability (Avkiran & Zhu, 
2016). Back-testing commonly involves applying a calibrated model to historical project periods and 
comparing simulated ranges or central estimates with realized revenues, costs, payment dates, cash 
balances, and financing requirements. Holdout validation separates available observations into 
calibration and evaluation samples so that model performance can be assessed against previously 
unseen project data. Quantitative measures used across the literature include mean absolute error, root-
mean-square error, percentage-based forecast error, prediction-interval coverage, bias, and deviations 
between estimated and observed cash balances. Stochastic models can also be evaluated according to 
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whether realized outcomes occur within predicted percentile or confidence ranges at approximately 
the expected frequency (Belke et al., 2017). 

 
Figure 10: Deterministic and stochastic model validation 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This distributional perspective is particularly important because a probabilistic model should represent 
both central outcomes and the observed variability around them. Studies comparing deterministic 
forecasts with Monte Carlo estimates generally indicate that deterministic models may perform 
adequately when project conditions remain close to baseline assumptions, while their information 
content decreases as cost, payment, schedule, or financing uncertainty becomes more pronounced. 
Stochastic models provide additional evidence concerning the probability and magnitude of deviations 
from baseline conditions, although their reliability depends on appropriate calibration of input 
distributions and dependence structures. Validation research also shows that excessive model 
complexity does not automatically improve predictive performance, particularly where historical 
samples are limited or uncertain inputs are poorly estimated (Mandes & Winker, 2017). The 
accumulated evidence therefore treats forecast error, back-testing, holdout validation, and 
distributional coverage as complementary measures for determining whether stochastic liquidity 
models reproduce observed project behavior rather than merely generating theoretically plausible 
simulations. 
Robustness testing represents another major component of the quantitative literature because Monte 
Carlo liquidity estimates can be affected by iteration counts, random sampling, probability-distribution 
assumptions, correlation structures, simulation horizons, and scenario severity. Across more than ten 
studies of stochastic project evaluation, project finance, construction risk, infrastructure investment, 
and financial engineering, researchers have assessed whether principal conclusions remain stable when 
modeling assumptions are systematically modified (González-Hermosillo & Johnson, 2017). 
Convergence diagnostics commonly examine whether simulated means, standard deviations, 
percentile estimates, cash-deficit probabilities, maximum funding gaps, and other outputs stabilize as 
the number of iterations increases. Comparisons among smaller and larger simulation samples have 
generally shown that central estimates stabilize more rapidly than extreme downside measures, 
making larger iteration sets particularly important when the analysis focuses on severe liquidity 
shortages. Stress testing provides a complementary robustness assessment by imposing adverse 
conditions involving delayed payments, reduced revenues, cost escalation, schedule extensions, higher 
interest rates, exchange-rate shocks, or combinations of these events. Scenario testing allows baseline, 
moderate, adverse, and severe conditions to be compared in terms of minimum cash balances, required 
liquidity buffers, financing costs, and distress probabilities. Researchers have also tested alternative 
distributional specifications by replacing normal assumptions with lognormal, triangular, beta, 
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gamma, empirical, or other distributions and observing changes in simulated results (Milhaud & 
Dutang, 2018). Correlation sensitivity is equally important because models assuming independent 
inputs can produce different downside distributions from models preserving historical relationships 
among revenue, costs, schedules, inflation, currencies, and financing variables. Random-seed 
replication has additionally been used to determine whether conclusions are sensitive to particular 
pseudo-random sequences. Across the reviewed literature, a robust stochastic liquidity model is 
therefore characterized by reasonable stability under alternative iteration counts and random seeds 
while responding appropriately to economically meaningful changes in distributional assumptions, 
dependence structures, and stress conditions. Such testing distinguishes genuine project risk from 
numerical variation generated by simulation design (Rundo et al., 2019). 
The broader quantitative literature demonstrates that the principal difference between deterministic 
and stochastic liquidity modeling lies in the amount and structure of financial-risk information 
produced for project evaluation (Aslam et al., 2020). More than ten studies across stochastic capital 
budgeting, infrastructure finance, engineering economics, construction cash-flow forecasting, energy 
investment, and enterprise risk management have compared these approaches using minimum cash 
balances, maximum cash deficits, required liquidity reserves, peak borrowing, financing costs, 
probabilities of negative cash positions, expected shortfalls, debt-service risks, and project-value 
dispersion . Deterministic models provide transparent baseline projections and are computationally 
efficient, but their single-path structure generally does not quantify the likelihood of deviations caused 
by uncertain revenues, expenditures, payment timing, schedules, or financial-market variables. 
Stochastic models generate distributions across alternative financial states and therefore permit direct 
estimation of downside probabilities, percentile-based liquidity requirements, and extreme funding 
conditions. Comparative studies have shown that expected or median outcomes from stochastic models 
may sometimes remain close to deterministic forecasts while the lower tail reveals materially larger 
cash deficits and financing needs (Özbuğday et al., 2020). This distinction is especially important 
because liquidity decisions depend not only on the most likely cash position but also on the enterprise's 
capacity to absorb unfavorable realizations. Project-value dispersion has similarly been shown to 
increase when uncertain project lives, correlated costs and revenues, market variables, and financing 
conditions are represented explicitly. Robust stochastic models also allow liquidity buffers and credit 
facilities to be calibrated against selected confidence levels rather than solely against average funding 
requirements. Statistical comparisons, validation exercises, stress tests, and sensitivity analyses 
collectively demonstrate that the relative advantage of stochastic modeling becomes more pronounced 
as uncertainty, volatility, project duration, payment irregularity, and dependence among risk factors 
increase (Nasir & Du, 2018). The synthesized literature therefore establishes deterministic forecasting 
as an informative baseline and Monte Carlo–based stochastic modeling as a broader quantitative 
framework for measuring dispersion, downside exposure, financing uncertainty, and the statistical 
reliability of liquidity-risk estimates. 
METHOD 
Study Design and Theoretical Framework 
This study employed a quantitative longitudinal retrospective design combined with stochastic 
financial modeling and Monte Carlo simulation to evaluate liquidity risk in project-based enterprises. 
The analytical framework treated project liquidity as a time-dependent probabilistic outcome 
determined by uncertainty in revenue realization, project expenditure, payment timing, activity 
duration, inflation, exchange rates, interest rates, financing costs, and unexpected expenditures. 
Historical project and enterprise financial records covering a five-year observation period were used to 
establish baseline cash-flow characteristics, estimate stochastic input distributions, calibrate 
dependence structures, and validate simulated outcomes. The unit of analysis was the completed 
project, while enterprise-level analyses aggregated concurrent project cash flows to measure portfolio 
liquidity exposure. Deterministic cash-flow forecasts were reconstructed from approved project 
budgets, contractual payment schedules, baseline completion dates, and expected financing conditions 
and were used as benchmarks against which stochastic estimates were compared. Monte Carlo 
simulation generated alternative monthly cash-flow paths by repeatedly sampling calibrated uncertain 
inputs and recalculating periodic net cash flow, cumulative cash balance, minimum cash position, 
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maximum cash deficit, financing requirement, and downside liquidity indicators. The theoretical 
framework integrated stochastic cash-flow theory, working-capital management, project-finance risk, 
and liquidity-buffer principles to assess whether uncertainty-aware modeling provided statistically 
different estimates from conventional deterministic forecasting and whether alternative liquidity-
management strategies reduced the probability and severity of cash shortages. 
Participants, Materials, Sampling Strategy, and Eligibility Criteria 
The analytical population consisted of completed and substantially completed projects undertaken by 
project-based enterprises operating in construction, engineering, infrastructure, energy, information 
technology, and professional project services. A stratified purposive sampling strategy was applied to 
obtain heterogeneous projects across enterprise size, industry, project value, contract duration, 
financing structure, and payment arrangement while ensuring that sufficiently detailed financial 
records were available for quantitative analysis.  
 

Figure 11: Methodology of this study 
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Projects were eligible when they contained documented contract values, approved budgets, actual 
revenues and expenditures, monthly cash-flow records, receivable and payable information, 
contractual payment schedules, planned and realized completion dates, financing information, and 
identifiable project-level cash movements covering the principal execution period. Projects with 
substantial missing financial periods, irreconcilable accounting records, unresolved currency 
conversions, incomplete contractual payment information, or insufficient observations for distribution 
calibration were excluded. Duplicate transactions, canceled projects without meaningful execution, and 
records that could not be reconciled with enterprise financial statements were also excluded. Project 
observations were classified according to sector, project-value category, duration, payment structure, 
financing arrangement, and enterprise size to support subgroup analysis. Financial variables extracted 
for each eligible project included periodic cash inflows and outflows, operating cash flow, receivables, 
payables, working-capital requirements, payment delays, retention, advance and progress payments, 
debt-service obligations, available credit, financing costs, minimum cash balances, and realized 
funding gaps. 
Instrumentation, Data Collection, and Stochastic Input Calibration 
Financial and project data were collected using a standardized extraction protocol from enterprise 
accounting systems, project-management databases, enterprise resource planning records, contractual 
documents, payment certificates, invoices, bank and financing records, and approved project 
schedules. Data preparation and statistical analyses were conducted using R and SPSS, while Monte 
Carlo simulation was implemented in R to provide reproducible stochastic sampling and scenario 
analysis. Financial records were standardized to consistent monthly intervals and a common monetary 
basis, and reconciliation checks were conducted between project ledgers, payment records, and 
enterprise financial statements. Data quality was assessed through completeness, consistency, 
duplication, range, and temporal-sequence checks before statistical modeling. Historical observations 
were used to calibrate probability distributions for project revenue realization, labor and material costs, 
payment delays, activity duration, inflation, exchange-rate movements, interest rates, and unexpected 
expenditure. Candidate normal, lognormal, triangular, uniform, beta, gamma, Weibull, and empirical 
distributions were evaluated according to their statistical suitability and historical behavior. 
Distributional fit was assessed using descriptive diagnostics, probability plots, Kolmogorov–Smirnov 
and Anderson–Darling procedures where applicable, and information-based comparisons among 
competing distributions. Pearson correlations were estimated for approximately linear continuous 
relationships, while Spearman correlations were used for skewed, ordinal, or monotonic relationships. 
Covariance and correlation matrices were constructed to preserve statistically meaningful dependence 
among revenues, costs, schedules, prices, and financing variables during simulation. 
Experimental Procedure and Monte Carlo Simulation 
The analytical procedure was conducted chronologically in several integrated stages. Historical project 
records were first cleaned, reconciled, standardized, and organized into monthly cash-flow panels. 
Deterministic baseline forecasts were then reconstructed using planned revenue, expenditure, 
payment, schedule, and financing assumptions. Actual project outcomes were compared with these 
baseline forecasts to estimate historical variability and identify the principal stochastic inputs. 
Probability distributions were subsequently fitted to uncertain variables, and statistically supported 
dependence structures were incorporated into the simulation framework. Monte Carlo simulations 
were initially conducted using 1,000, 5,000, 10,000, and 50,000 iterations to evaluate convergence, after 
which 50,000 iterations per principal model were retained for the main analysis when output statistics 
demonstrated adequate stability. Each iteration generated an alternative project cash-flow trajectory 
over the observed project horizon and produced monthly net cash flow, cumulative cash balance, 
minimum cash position, maximum cash deficit, peak financing requirement, deficit frequency, deficit 
duration, and probability of liquidity breach. Lower-tail percentiles were used to characterize adverse 
liquidity conditions, while expected shortfall summarized the severity of extreme outcomes. Baseline 
simulations were subsequently compared with liquidity-management scenarios involving alternative 
cash reserves, contingency buffers, revolving credit facilities, accelerated receivable collection, advance 
and milestone-payment restructuring, procurement rescheduling, project-start sequencing, and 
portfolio cash pooling.   
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Simulations were repeated under alternative random seeds, probability distributions, correlation 
assumptions, and moderate and severe stress scenarios to evaluate numerical and structural 
robustness. 
Data Analysis and Statistical Plan 
Statistical analysis was conducted using R and SPSS with a two-sided significance threshold of p < 0.05 
and 95% confidence intervals. Continuous variables were summarized using means, standard 
deviations, medians, interquartile ranges, minimums, maximums, and selected percentiles, while 
categorical and liquidity-breach outcomes were summarized using frequencies and percentages. 
Coefficients of variation were used to compare relative cash-flow volatility across projects of different 
financial scales. Normality and distributional characteristics were assessed before inferential testing. 
Pearson or Spearman correlation analysis was used to quantify relationships among payment delays, 
cost overruns, schedule deviations, revenue variation, inflation, exchange rates, interest rates, financing 
costs, and liquidity outcomes.  
Multiple linear regression was used to identify predictors of continuous outcomes such as maximum 
cash deficit, minimum cash balance, peak financing requirement, and financing cost, while logistic 
regression was used to estimate the probability of liquidity breaches and debt-service failure. 
Deterministic and stochastic estimates for matched projects were compared using paired t-tests when 
assumptions were satisfied and Wilcoxon signed-rank tests otherwise. Analysis of variance was used 
to compare liquidity outcomes across multiple project, sector, financing, and simulation conditions, 
with nonparametric alternatives applied where assumptions were violated. Effect sizes and 95% 
confidence intervals accompanied significance tests to quantify practical magnitude. Forecast accuracy 
was assessed through mean absolute error, root-mean-square error, and percentage-based prediction 
error. Historical back-testing and holdout validation were used to compare simulated distributions 
with realized cash-flow observations. Sensitivity analysis, standardized regression effects, rank 
correlations, and variance contributions were used to identify dominant liquidity-risk drivers. Model 
robustness was evaluated across iteration counts, random seeds, alternative input distributions, 
correlation assumptions, and stress scenarios, while convergence was established by examining 
stability in simulated means, percentiles, cash-deficit probabilities, expected shortfalls, and maximum 
funding requirements. The final comparative analysis quantified changes in liquidity-breach 
probability, maximum funding gaps, expected shortfalls, financing costs, buffer utilization, credit 
usage, and financial-distress risk across deterministic forecasts, baseline stochastic simulations, and 
alternative liquidity-risk-reduction strategies. 
FINDINGS 
The final analytical dataset comprised 42 project-based enterprises and 286 eligible projects observed 
over a five-year study period. Following data screening and reconciliation, 8,964 project-month 
observations were retained for quantitative analysis, representing 96.7% of the initially eligible 
observations. The sampled projects were distributed across construction and infrastructure (34.3%), 
engineering services (22.0%), energy and utilities (16.8%), information technology (14.0%), and 
professional project services (12.9%), providing substantial variation in operating and financial 
characteristics. Mean project contract value was $18.74 million (SD = $13.26 million), with values 
ranging from $1.42 million to $78.60 million. Mean planned project cost was $15.21 million, compared 
with a mean realized cost of $16.48 million, indicating an average cost increase of approximately 8.3% 
relative to planned expenditure. Projects had a mean planned duration of 28.6 months, whereas the 
realized mean duration reached 31.3 months, representing an average schedule extension of 
approximately 9.4%. Fixed-price contracts accounted for 46.2% of projects, cost-reimbursable 
arrangements represented 21.7%, and unit-price or hybrid arrangements represented 32.1%. Progress-
payment structures were dominant at 61.5%, while milestone-based and mixed payment structures 
represented 24.8% and 13.7%, respectively. Approximately 57.3% of projects used combinations of 
internal funds and external credit, while 26.9% relied primarily on internal liquidity and 15.8% were 
predominantly debt financed. 
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Table 1. Final Sample and Project Characteristics 
 

Characteristic Numerical Result 

Project-based enterprises 42 
Initially eligible projects 304 
Final eligible projects 286 
Projects excluded 18 
Final project retention rate 94.1% 
Initial project-month observations 9,270 
Final project-month observations 8,964 
Observation retention rate 96.7% 
Data completeness 97.4% 
Financial reconciliation accuracy 98.8% 
Construction/infrastructure projects 98 (34.3%) 
Engineering services projects 63 (22.0%) 
Energy/utilities projects 48 (16.8%) 
Information technology projects 40 (14.0%) 
Professional project services 37 (12.9%) 
Mean contract value $18.74 million 
Contract value, SD $13.26 million 
Contract value, median $15.38 million 
Contract value, IQR $9.24–$23.71 million 
Contract value, range $1.42–$78.60 million 
Mean planned project cost $15.21 million 
Mean actual project cost $16.48 million 
Mean cost increase 8.3% 
Mean planned duration 28.6 months 
Mean actual duration 31.3 months 
Mean schedule extension 9.4% 
Fixed-price contracts 132 (46.2%) 
Cost-reimbursable contracts 62 (21.7%) 
Unit-price/hybrid contracts 92 (32.1%) 
Progress-payment structure 176 (61.5%) 
Milestone-payment structure 71 (24.8%) 
Mixed-payment structure 39 (13.7%) 

 
Table 1 demonstrated that the analytical sample represented a heterogeneous portfolio of 286 projects 
across 42 enterprises and five major project sectors. The retention of 96.7% of project-month 
observations, combined with 97.4% data completeness and 98.8% reconciliation accuracy, indicated a 
strong quantitative foundation for subsequent stochastic analysis. Actual project costs exceeded 
planned costs by 8.3%, while realized project duration exceeded planned duration by 9.4%, confirming 
meaningful historical cost and schedule uncertainty. The distribution of contract and payment 
structures also indicated substantial financial heterogeneity, supporting subsequent comparisons of 
liquidity exposure across different contractual and operational conditions. 
Cash-flow characteristics showed considerable month-to-month variability and demonstrated that 
positive average project economics did not eliminate short-term liquidity pressure. Mean monthly cash 
inflow per active project was $612,400 (SD = $294,700), compared with mean monthly cash outflow of 
$641,800 (SD = $307,900). Consequently, mean monthly net cash flow was −$29,400, although the 
median was $18,600, indicating that a smaller number of severe negative periods materially influenced 
the average. The coefficient of variation reached 48.1% for monthly inflows and 48.0% for monthly 
outflows, confirming substantial temporal volatility. Mean accounts receivable amounted to $2.84 
million, compared with accounts payable of $2.16 million, while mean working-capital requirement 
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was $1.47 million. Contractual receipts were collected an average of 18.7 days later than scheduled, 
with the 90th percentile of payment delay reaching 41 days. Retention averaged 6.8% of certified project 
value, while advance payments averaged 9.6% of contract value among projects receiving advances. 
Mean available committed credit was $3.26 million per project, and average credit-line utilization 
reached 43.7%, indicating that external financing represented a material component of project liquidity 
management. 

Table 2. Baseline Cash-Flow and Liquidity-Risk Characteristics 
 

Financial/Liquidity Indicator Mean / 
Rate 

SD Median Selected Downside / 
Range 

Monthly cash inflow $612,400 $294,700 $574,600 $74,300–$1.84M 
Monthly cash outflow $641,800 $307,900 $598,200 $96,800–$2.03M 
Monthly net cash flow −$29,400 $228,600 $18,600 −$1.17M–$0.91M 
Cumulative cash balance $1.36M $1.92M $1.18M −$4.86M–$9.72M 
Accounts receivable $2.84M $1.76M $2.39M $0.18M–$10.62M 
Accounts payable $2.16M $1.31M $1.82M $0.12M–$8.14M 
Working-capital requirement $1.47M $1.08M $1.19M $0.09M–$6.38M 
Payment delay 18.7 days 14.3 

days 
15.0 
days 

90th percentile: 41 days 

Retention 6.8% 2.4% 6.5% 2.0%–12.0% 
Advance payment 9.6% 4.1% 10.0% 0%–20.0% 
Available committed credit $3.26M $2.18M $2.74M $0.25M–$12.50M 
Credit-line utilization 43.7% 22.6% 40.9% 95th percentile: 86.2% 
Financing cost $214,600 $176,800 $168,900 $12,400–$1.08M 
Negative net cash-flow project-months 38.6% — — 3,460 of 8,964 
Projects experiencing cumulative cash 
deficit 

41.3% — — 118 of 286 

Mean deficit frequency 3.7 
episodes 

2.2 3.0 1–11 episodes 

Mean deficit duration 2.8 
months 

1.9 2.0 1–9 months 

Minimum observed cash balance −$4.86M — — Portfolio extreme 
Maximum historical funding gap $5.42M — — Portfolio extreme 
Projects experiencing debt-service 
difficulty 

12.6% — — 36 of 286 

 
Table 2 revealed substantial baseline liquidity pressure despite relatively strong aggregate project 
values. Negative net cash flow occurred in 38.6% of project-month observations, while 41.3% of projects 
experienced at least one negative cumulative cash position. The mean deficit lasted 2.8 months and 
occurred 3.7 times among affected projects. Payment delays averaged 18.7 days, while credit-line 
utilization averaged 43.7%, demonstrating reliance on external liquidity support. The minimum 
observed cash balance reached −$4.86 million, and the maximum historical funding gap reached $5.42 
million. Furthermore, 12.6% of projects experienced debt-service difficulty, confirming economically 
meaningful baseline liquidity exposure. 
Comparison of planned and realized financial conditions further demonstrated the uncertainty 
underlying project liquidity. Actual costs exceeded planned expenditure by 8.3%, realized project 
duration exceeded scheduled duration by 9.4%, and realized customer receipts were delayed by an 
average of 18.7 days relative to contractual expectations. Across the 8,964 retained project-month 
observations, 3,460 months (38.6%) recorded negative net cash flow. At the project level, 118 projects 
(41.3%) experienced at least one negative cumulative cash position, with affected projects averaging 3.7 
deficit episodes and a mean deficit duration of 2.8 months. The most adverse historical project cash 
position reached −$4.86 million, while the maximum observed financing gap reached $5.42 million. 
Credit-line utilization rose to the 95th-percentile level of 86.2% during high-liquidity-pressure 
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conditions, demonstrating that several projects operated close to their available borrowing capacity. In 
addition, 36 projects (12.6%) experienced at least one period of debt-service difficulty associated with 
insufficient internally generated cash at the scheduled payment date. These baseline findings 
established substantial variability in project revenue, expenditure, payment timing, duration, and 
financing requirements and provided the empirical distributions and downside conditions 
subsequently incorporated into the Monte Carlo simulation and stochastic cash-flow models. 
Monte Carlo Cash-Flow Distributions and Primary Downside Liquidity-Risk Outcomes 
The calibrated Monte Carlo analysis generated 50,000 stochastic cash-flow iterations for each of the 286 
projects, representing approximately 14.30 million simulated project trajectories. The simulations 
incorporated uncertainty in revenue realization, actual project costs, payment delays, project duration, 
inflation, exchange-rate movements, interest rates, and unexpected expenditure while preserving 
statistically meaningful correlations among related inputs. The resulting distributions demonstrated 
substantially greater downside liquidity exposure than was apparent from deterministic cash-flow 
projections. Across the simulated portfolio, the mean minimum cumulative cash balance was −$1.18 
million (SD = $1.37 million), while the median minimum balance was −$0.84 million. The 10th-
percentile minimum balance declined to −$2.76 million, and the 5th percentile reached −$3.64 million, 
indicating considerable lower-tail exposure. Conversely, the 90th and 95th percentiles were $0.42 
million and $0.81 million, respectively. The probability of experiencing at least one negative cumulative 
cash balance was 47.8%, exceeding the historical observed project-level deficit prevalence of 41.3%. The 
overall liquidity-breach probability, defined relative to project-specific minimum liquidity 
requirements, reached 35.6%, while the probability of insufficient internally generated cash to satisfy 
scheduled debt service was 15.9%. These distributions indicated that almost one-half of the modeled 
projects encountered a negative cumulative position under at least some plausible combinations of 
uncertain financial conditions. 
 

Table 3. Monte Carlo Distribution of Primary Liquidity-Risk Outcomes 
 

Liquidity-Risk 
Indicator 

Mean SD Median 5th 
Percentile 

10th 
Percentile 

90th 
Percentile 

95th 
Percentile 

Minimum 
cumulative cash 
balance 

−$1.18M $1.37M −$0.84M −$3.64M −$2.76M $0.42M $0.81M 

Maximum cash 
deficit 

$1.46M $1.29M $1.12M $0.08M $0.19M $3.18M $4.07M 

Peak financing 
requirement 

$1.92M $1.54M $1.53M $0.21M $0.39M $3.96M $4.88M 

Cash-Flow-at-Risk $1.31M $1.06M $1.04M $0.16M $0.27M $2.74M $3.41M 
Value-at-Risk-
related exposure 

$2.06M $1.58M $1.68M $0.29M $0.48M $4.12M $5.06M 

Expected shortfall $3.27M $1.74M $2.91M $0.74M $1.09M $5.64M $6.47M 
Deficit frequency 4.3 

episodes 
2.5 4.0 1.0 1.0 8.0 9.0 

Average deficit 
duration 

3.4 
months 

2.1 3.0 1.0 1.0 6.0 7.0 

Maximum deficit 
duration 

6.8 
months 

3.7 6.0 2.0 2.0 12.0 14.0 

Negative 
cumulative balance 
probability 

47.8% 18.6% 46.9% 18.4% 23.1% 73.6% 79.8% 

Liquidity-breach 
probability 

35.6% 16.9% 33.8% 10.7% 15.2% 59.4% 66.8% 

Debt-service 
failure probability 

15.9% 10.8% 13.2% 2.1% 3.8% 30.7% 36.9% 
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Table 3 demonstrated substantial dispersion and lower-tail liquidity exposure across the Monte Carlo 
simulations. The mean minimum cumulative cash balance was −$1.18 million, deteriorating to −$3.64 
million at the 5th percentile. Mean maximum cash deficit reached $1.46 million, while expected shortfall 
averaged $3.27 million, demonstrating that severe downside realizations were materially larger than 
typical deficits. Projects experienced an average of 4.3 deficit episodes lasting 3.4 months. Negative 
cumulative cash-balance probability reached 47.8%, liquidity-breach probability reached 35.6%, and 
debt-service failure probability reached 15.9%, confirming meaningful stochastic financial vulnerability 
across the sampled project portfolio. 
Downside severity became more pronounced when the analysis focused on extreme simulated 
outcomes rather than central estimates. Mean maximum cash deficit reached $1.46 million, whereas the 
corresponding 90th- and 95th-percentile deficits increased to $3.18 million and $4.07 million, 
respectively. Peak financing requirement averaged $1.92 million, but increased to $3.96 million at the 
90th percentile and $4.88 million at the 95th percentile. Cash-Flow-at-Risk averaged $1.31 million, while 
the Value-at-Risk-related project exposure averaged $2.06 million. Expected shortfall was substantially 
larger at $3.27 million, demonstrating that the average magnitude of severe tail outcomes exceeded the 
corresponding risk thresholds. Liquidity deficits occurred an average of 4.3 times per affected 
simulated project, compared with the historical average of 3.7 episodes. The average simulated deficit 
duration was 3.4 months, while maximum deficit duration averaged 6.8 months and reached 14 months 
at the 95th percentile. The combination of deficit frequency, persistence, and magnitude indicated that 
liquidity risk was not limited to isolated temporary shortages. Figure 1 showed a negatively skewed 
distribution of minimum simulated cash balances, with a pronounced lower tail associated with 
concurrent payment delays, cost escalation, and schedule extensions. Figure 2 showed widening 
dispersion among cumulative cash-flow trajectories as the project horizon increased, particularly under 
adverse percentile paths. 
 

Table 4. Deterministic versus Stochastic Estimates of Downside Liquidity Exposure 
 

Outcome Deterministic 
Estimate 

Stochastic 
Median 

Stochastic 
10th-
Percentile 
Downside 

Stochastic 5th-
Percentile 
Downside 

Difference: 
Deterministic vs. 
Median 

Minimum cash 
balance 

−$0.46M −$0.84M −$2.76M −$3.64M −$0.38M 

Maximum cash 
deficit 

$0.71M $1.12M $3.18M* $4.07M* +$0.41M 

Peak financing 
requirement 

$0.96M $1.53M $3.96M* $4.88M* +$0.57M 

Required 
liquidity buffer 

$1.08M $1.67M $3.74M* $4.59M* +$0.59M 

Financing cost $0.215M $0.294M $0.487M* $0.574M* +$0.079M 
Project-value 
downside 
exposure 

$1.12M $1.68M $4.12M* $5.06M* +$0.56M 

Negative 
cumulative 
cash 
probability 

29.4% 46.9% 73.6%* 79.8%* +17.5 pp 

Liquidity-
breach 
probability 

21.8% 33.8% 59.4%* 66.8%* +12.0 pp 

Debt-service 
failure 
probability 

8.7% 13.2% 30.7%* 36.9%* +4.5 pp 
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*For deficit, financing, cost, and probability indicators, the corresponding adverse upper-tail percentile 
was reported to maintain consistent downside interpretation. 
Table 4 showed that deterministic forecasting systematically produced less severe liquidity estimates 
than the stochastic model. The deterministic minimum cash balance was −$0.46 million compared with 
a stochastic median of −$0.84 million, while median peak financing requirement increased from $0.96 
million to $1.53 million. The estimated probability of negative cumulative cash rose from 29.4% under 
deterministic assumptions to 46.9% at the stochastic median. Liquidity-breach and debt-service failure 
probabilities also increased materially. Lower-tail simulations produced substantially larger deficits, 
required buffers, financing costs, and project-value exposure, demonstrating that deterministic 
forecasts concealed economically important downside variation. 
Comparison of the two modeling approaches demonstrated that deterministic forecasts materially 
understated both the magnitude and probability of liquidity stress. The deterministic model estimated 
an average minimum cash position of −$0.46 million, whereas the stochastic median was −$0.84 million, 
representing an additional median downside exposure of $0.38 million. The deterministic peak 
financing requirement of $0.96 million increased to a stochastic median of $1.53 million, indicating 
approximately 59.4% greater funding demand under uncertainty-aware modeling. Similarly, the 
required liquidity buffer increased from $1.08 million to $1.67 million, an increase of approximately 
54.6%. The deterministic probability of negative cumulative cash was 29.4%, compared with a 
stochastic median probability of 46.9%, while estimated liquidity-breach probability increased from 
21.8% to 33.8%. Debt-service failure probability increased from 8.7% to 13.2%. More severe percentile 
outcomes produced considerably larger differences, with peak financing requirements approaching 
$4.88 million and required liquidity buffers reaching approximately $4.59 million under the most 
adverse 5% of modeled conditions. Collectively, these findings demonstrated that uncertainty in 
revenue, expenditure, payment timing, project duration, and financing conditions materially widened 
the cash-flow distribution and increased downside liquidity requirements beyond those indicated by 
conventional deterministic projections. 
Liquidity-Risk Drivers and Subgroup Differences 
Sensitivity and multivariable analyses demonstrated that liquidity exposure was concentrated around 
a relatively small set of financial and operational uncertainties rather than being distributed uniformly 
across all stochastic inputs. Payment delay was the strongest individual liquidity-risk driver, showing 
a Spearman correlation of 0.64 with maximum cash deficit and 0.61 with peak financing requirement. 
Cost overrun followed closely, with correlations of 0.59 and 0.57, respectively, while revenue reduction 
showed a strong relationship with maximum cash deficit (r = 0.56) and the strongest negative 
relationship with minimum cash balance (r = −0.60). Schedule extension was moderately associated 
with both maximum cash deficit (r = 0.48) and peak financing requirement (r = 0.51). Inflation, 
exchange-rate volatility, interest-rate changes, and unexpected expenditures produced smaller but 
statistically significant effects. Variance decomposition indicated that payment delays accounted for 
22.8% of simulated liquidity variability, followed by cost overruns at 19.4%, revenue reductions at 
17.6%, and schedule extensions at 14.2%. Collectively, these four variables explained 74.0% of the 
attributable variation in downside liquidity outcomes. Standardized multiple regression confirmed the 
same ranking, with payment delay producing the largest effect on maximum cash deficit (β = 0.36, p < 
.001), followed by cost overrun (β = 0.31, p < .001), revenue reduction (β = 0.29, p < .001), and schedule 
extension (β = 0.24, p < .001). The model explained 61.8% of the variance in maximum cash deficits and 
58.7% of the variance in peak financing requirements. 
Table 5 demonstrated that payment delay was the dominant liquidity-risk driver, accounting for 22.8% 
of attributable variance and increasing liquidity-breach probability by 14.7 percentage points under the 
standardized adverse scenario. Cost overruns, revenue reductions, and schedule extensions also 
generated substantial effects, collectively explaining most simulated liquidity variability. All eight risk 
factors were statistically significant, although standardized effects were materially larger for 
contractual and project-level variables than for macrofinancial variables. The regression results 
therefore indicated that delayed receipts, expenditure escalation, reduced revenue realization, and 
extended execution periods were the principal statistical determinants of severe project cash deficits 
and elevated financing requirements. Logistic regression produced comparable evidence for binary 
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downside outcomes. After adjustment for project value, sector, duration, leverage, enterprise size, and 
financing structure, a standardized increase in payment-delay exposure was associated with an odds 
ratio (OR) of 1.92 (95% CI [1.61, 2.29], p < .001) for liquidity breach, while cost-overrun exposure 
produced an OR of 1.76 (95% CI [1.48, 2.09], p < .001). Revenue reduction was associated with an OR 
of 1.69, and schedule extension with an OR of 1.53. Debt-service failure displayed particularly strong 
relationships with payment delays (OR = 1.81) and interest-rate increases (OR = 1.42), demonstrating 
that financing conditions became more consequential once operating liquidity had already 
deteriorated. Interaction analysis further showed that simultaneous adverse movements produced 
materially greater risk than isolated shocks. Under baseline stochastic conditions, liquidity-breach 
probability was 35.6%. A standardized payment-delay shock increased this probability to 50.3%, while 
an isolated cost-overrun shock increased it to 48.5%. When both occurred simultaneously, breach 
probability increased to 64.8%, exceeding the risk level associated with either factor independently. A 
combined payment-delay, cost-overrun, and schedule-extension scenario increased breach probability 
to 72.6%, maximum cash deficit to $3.84 million, and peak financing requirement to $4.47 million. The 
payment-delay × cost-overrun interaction was statistically significant (p < .001) with a moderate 
incremental effect, confirming that dependence among adverse project conditions amplified downside 
liquidity exposure. 

 
Table 5. Sensitivity, Correlation, and Regression Results for Major Liquidity-Risk Drivers 

 

Risk Driver Correlation 
with 
Maximum 
Cash Deficit 

Correlation 
with 
Minimum 
Cash Balance 

Standardized 
β 

Variance 
Contribution 

Liquidity-
Breach 
Probability 
Change 

p-
value 

Payment 
delay 

0.64 −0.62 0.36 22.8% +14.7 pp <.001 

Cost 
overrun 

0.59 −0.57 0.31 19.4% +12.9 pp <.001 

Revenue 
reduction 

0.56 −0.60 0.29 17.6% +11.8 pp <.001 

Schedule 
extension 

0.48 −0.46 0.24 14.2% +9.6 pp <.001 

Unexpected 
expenditure 

0.39 −0.37 0.18 9.1% +6.8 pp .002 

Inflation 
increase 

0.34 −0.32 0.15 6.8% +5.3 pp .006 

Exchange-
rate 
volatility 

0.29 −0.27 0.12 5.6% +4.4 pp .013 

Interest-
rate 
increase 

0.26 −0.23 0.10 4.5% +3.7 pp .021 

 
Subgroup analysis identified substantial heterogeneity across project and financing characteristics. 
Long-duration projects exceeding 36 months recorded a mean maximum cash deficit of $2.11 million, 
compared with $0.94 million among projects lasting 24 months or less. Their liquidity-breach 
probability was correspondingly higher at 48.9% versus 25.7%. High-value projects above $25 million 
exhibited a mean peak financing requirement of $2.86 million, although their relative liquidity burden 
was partially moderated by greater credit availability. Fixed-price projects recorded a liquidity-breach 
probability of 42.7%, compared with 27.8% for cost-reimbursable projects, reflecting greater exposure 
to unrecovered cost escalation. Milestone-payment projects experienced a mean maximum deficit of 
$1.79 million, compared with $1.24 million under progress-payment arrangements. Projects with 
payment delays exceeding 30 days showed the most pronounced deterioration, with liquidity-breach 
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probability reaching 58.4%, average deficit duration reaching 4.9 months, and peak financing 
requirement averaging $2.91 million. High-retention projects exceeding 8% also experienced larger 
deficits, whereas projects receiving advance payments of at least 10% demonstrated materially lower 
funding pressure. 
 

Table 6. Subgroup Differences in Simulated Liquidity-Risk Outcomes 
 

Project/Financial 
Subgroup 

Maximum 
Cash Deficit 

Peak Financing 
Requirement 

Liquidity-
Breach 
Probability 

Mean 
Deficit 
Duration 

Debt-Service 
Failure 
Probability 

Duration ≤24 
months 

$0.94M $1.31M 25.7% 2.4 months 9.8% 

Duration 25–36 
months 

$1.48M $1.96M 36.9% 3.5 months 15.2% 

Duration >36 
months 

$2.11M $2.73M 48.9% 4.6 months 22.7% 

Fixed-price 
contracts 

$1.72M $2.21M 42.7% 3.9 months 18.4% 

Cost-
reimbursable 
contracts 

$1.08M $1.47M 27.8% 2.7 months 10.9% 

Progress-payment 
projects 

$1.24M $1.68M 31.2% 3.0 months 13.1% 

Milestone-
payment projects 

$1.79M $2.34M 43.8% 4.1 months 19.6% 

Payment delay 
≤15 days 

$0.89M $1.26M 22.4% 2.2 months 8.1% 

Payment delay 
>30 days 

$2.27M $2.91M 58.4% 4.9 months 27.3% 

Retention >8% $1.93M $2.49M 46.1% 4.3 months 20.8% 
Advance payment 
≥10% 

$1.02M $1.39M 24.6% 2.5 months 9.4% 

Restricted credit 
capacity 

$2.18M $2.76M 53.7% 4.8 months 28.1% 

 
Table 6 showed substantial differences in downside liquidity exposure across contractual, temporal, 
and financing characteristics. Projects exceeding 36 months experienced more than twice the maximum 
deficit observed among projects lasting 24 months or less. Payment delays exceeding 30 days produced 
a 58.4% liquidity-breach probability, while restricted credit capacity was associated with a 53.7% breach 
probability and 28.1% debt-service failure probability. Fixed-price, milestone-payment, and high-
retention projects also exhibited greater liquidity pressure. In contrast, advance payments of at least 
10% were associated with smaller funding gaps, shorter deficits, and substantially lower probabilities 
of liquidity and debt-service failure. 
Overall subgroup differences were statistically significant for project duration (p < .001, partial η² = 
.086), payment-delay category (p < .001, partial η² = .124), contract type (p = .003, partial η² = .041), 
payment structure (p = .006, partial η² = .036), and credit-capacity category (p < .001, partial η² = .097). 
The largest subgroup effect was associated with payment-delay classification, indicating a practically 
meaningful difference in maximum cash deficits across collection conditions. Sector-level differences 
were smaller but remained significant (p = .031, partial η² = .024), with construction and infrastructure 
projects exhibiting greater average funding gaps than professional project services and information 
technology projects. High-leverage projects also demonstrated greater debt-service failure probability 
than low-leverage projects (21.8% versus 9.7%), while enterprises with broader committed credit access 
experienced shorter average deficit durations. Taken together, the sensitivity, regression, interaction, 
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and subgroup results showed that liquidity risk was primarily driven by payment timing, cost 
escalation, revenue deterioration, and schedule extension, while contractual design, project duration, 
retention requirements, leverage, and financing access materially altered the magnitude and 
persistence of resulting cash shortages. 
Quantitative Effects of Liquidity-Mitigation Strategies  
The liquidity-mitigation analysis demonstrated that all evaluated interventions reduced downside 
exposure relative to the untreated stochastic baseline, although the magnitude of improvement varied 
substantially by strategy. Under baseline conditions, the simulated probability of negative cumulative 
cash balance was 47.8%, expected shortfall was $3.27 million, maximum funding gap averaged $1.92 
million, and liquidity-breach probability was 35.6%. Mean deficit duration was 3.4 months, credit-line 
utilization was 46.8%, financing cost averaged $294,000, debt-service failure probability was 15.9%, and 
estimated financial-distress probability was 12.8%. Introducing a minimum cash reserve equivalent to 
5% of project value reduced liquidity-breach probability to 27.9%, representing a 21.6% relative 
reduction, while expected shortfall declined to $2.76 million. Increasing the reserve to 10% reduced 
breach probability further to 22.1% and expected shortfall to $2.31 million, although the incremental 
improvement was smaller relative to the additional committed liquidity. A 5% contingency buffer 
generated a similar but slightly weaker reduction, lowering breach probability to 29.4%. Revolving 
credit facilities were particularly effective at reducing uncovered funding shortages: a facility 
equivalent to 10% of project value reduced debt-service failure probability from 15.9% to 9.8%, while a 
20% facility reduced it to 6.7%. However, larger facilities produced higher utilization-dependent 
interest expenses, indicating a measurable trade-off between liquidity protection and financing cost. 
Table 7 demonstrated that reserves, contingency buffers, and committed credit materially reduced 
stochastic liquidity exposure. A 10% minimum reserve lowered liquidity-breach probability from 
35.6% to 22.1% and reduced expected shortfall from $3.27 million to $2.31 million. Increasing credit 
capacity produced stronger reductions in debt-service failure but increased financing costs because of 
greater borrowing availability and utilization. The combined 5% reserve and 10% credit strategy 
produced the strongest balanced result, reducing liquidity-breach probability to 17.9%, maximum 
funding gap to $1.07 million, and financial-distress probability to 5.4%, while maintaining financing 
cost below the untreated baseline. 
Cash-flow timing interventions also generated substantial improvements, particularly where they 
addressed the payment-delay conditions identified as the strongest liquidity-risk driver in Section 4.3. 
Accelerating average receivable collection by 10 days reduced negative cumulative cash probability 
from 47.8% to 38.1%, while liquidity-breach probability declined to 26.4% and expected shortfall fell by 
$0.62 million to $2.65 million. A 20-day acceleration produced larger improvements, reducing breach 
probability to 19.8%, mean deficit duration from 3.4 to 2.2 months, and financing cost from $294,000 to 
$221,000. Renegotiated milestone payments that shifted approximately 10% of contractual receipts 
toward earlier execution stages reduced peak funding pressure by 28.6%, with the mean maximum 
funding gap declining from $1.92 million to $1.37 million. Introducing or increasing advance payments 
to 10% of contract value reduced the funding gap to $1.31 million and debt-service failure probability 
to 9.1%. Procurement rescheduling, which shifted noncritical expenditures away from periods of 
projected cash stress, produced a more moderate improvement, reducing the maximum funding gap 
by 19.8% and financing cost by 15.3%. The results indicated that strategies altering the timing of receipts 
generally generated larger reductions in shortfall probability than expenditure rescheduling alone 
because they directly addressed the mismatch between contractual inflows and recurring project 
obligations. 
Portfolio-level coordination produced additional reductions that were not captured when individual 
projects were treated as financially independent. Under decentralized project-level liquidity 
management, enterprise portfolios required a mean peak external financing amount of $8.46 million, 
with aggregate liquidity-breach probability of 31.7%. Coordinated cash pooling allowed temporary 
project surpluses to offset simultaneous deficits and reduced the mean external financing requirement 
to $6.14 million, a 27.4% reduction. Project-start sequencing alone reduced the requirement to $6.87 
million, while combining cash pooling with sequencing reduced it to $5.21 million, representing a 
38.4% reduction relative to decentralized management. Internal cash transfers increased under pooling, 
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but external credit utilization and interest expense declined materially. The combined portfolio strategy 
reduced aggregate credit-line utilization from 51.6% to 32.8%, annualized interest expense from $1.08 
million to $0.69 million, and portfolio financial-distress probability from 10.9% to 4.8%. Benefits were 
greatest among diversified portfolios containing projects with weak-to-moderate cash-flow 
correlations, whereas highly correlated portfolios generated smaller pooling advantages because cash 
deficits were more likely to occur simultaneously. 
 

Table 7. Effects of Cash Reserves, Contingency Buffers, and Credit Facilities on Liquidity Risk 
 

Scenario Negative 
Cash 
Probabili
ty 

Expecte
d 
Shortfal
l 

Maximu
m 
Funding 
Gap 

Liquidity
-Breach 
Probabili
ty 

Credit 
Utilizati
on 

Financi
ng Cost 

Debt-
Servic
e 
Failur
e 

Financial
-Distress 
Probabili
ty 

Untreated 
stochastic 
baseline 

47.8% $3.27M $1.92M 35.6% 46.8% $294K 15.9% 12.8% 

Minimum 
cash 
reserve: 
5% 

39.6% $2.76M $1.58M 27.9% 38.4% $253K 12.4% 9.9% 

Minimum 
cash 
reserve: 
10% 

32.7% $2.31M $1.29M 22.1% 30.6% $218K 9.6% 7.5% 

Contingen
cy buffer: 
5% 

41.2% $2.84M $1.64M 29.4% 39.7% $259K 12.9% 10.2% 

Contingen
cy buffer: 
10% 

35.4% $2.47M $1.41M 24.8% 33.8% $231K 10.8% 8.4% 

Revolving 
credit 
facility: 
10% 

38.9% $2.52M $1.46M 25.6% 55.3% $318K 9.8% 8.7% 

Revolving 
credit 
facility: 
20% 

33.8% $2.19M $1.21M 20.7% 61.7% $337K 6.7% 6.3% 

Reserve 
5% + credit 
10% 

29.8% $1.98M $1.07M 17.9% 42.1% $269K 6.2% 5.4% 

 
Table 8 showed that restructuring cash-flow timing and coordinating portfolio liquidity generated 
substantial reductions in downside exposure. Accelerating receivable collection by 20 days reduced 
liquidity-breach probability from 35.6% to 19.8%, while a 10% advance payment reduced it to 21.6%. 
Portfolio cash pooling reduced aggregate external financing requirements by 27.4%, whereas 
combining pooling with project-start sequencing produced a 38.4% reduction, from $8.46 million to 
$5.21 million. The combined portfolio strategy also reduced credit utilization, interest expense, deficit 
duration, debt-service failure, and financial-distress probability, demonstrating measurable 
diversification and liquidity-coordination benefits across concurrent projects.The integrated scenario 
comparison demonstrated that liquidity strategies differed not only in risk reduction but also in their 
efficiency and financial consequences. Increasing minimum cash reserves from 5% to 10% produced an 
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additional 5.8-percentage-point reduction in breach probability, compared with the initial 7.7-
percentage-point reduction achieved by the first 5% reserve allocation, indicating diminishing marginal 
protection. A similar pattern was observed for contingency buffers. Larger revolving credit facilities 
continued to reduce uncovered deficits and debt-service failure but increased financing expense, 
making unlimited borrowing capacity financially inefficient. In contrast, accelerated receivable 
collection, advance payments, and earlier milestone receipts reduced both liquidity risk and financing 
costs by improving the timing of internally generated cash. Portfolio coordination generated the largest 
enterprise-level reduction in external financing requirements when cash pooling and project-start 
sequencing were implemented jointly. Across the complete mitigation analysis, the untreated baseline 
breach probability of 35.6% was reduced to between 15.2% and 29.4% under the principal strategies, 
while financial-distress probability declined from 12.8% to as low as 4.8%.  

 
Table 8. Effects of Payment Restructuring and Portfolio Coordination Strategies 

 

Strategy Negative 
Cash 
Probabili
ty 

Expecte
d 
Shortfal
l 

Maximu
m 
Funding 
Gap 

Mean 
Deficit 
Duratio
n 

Liquidity
-Breach 
Probabili
ty 

Financin
g Cost / 
Interest 
Expense 

Debt-
Servic
e 
Failur
e 

Financial
-Distress 
Probabili
ty 

Untreated 
baseline 

47.8% $3.27M $1.92M 3.4 mo. 35.6% $294K 15.9% 12.8% 

Receivable 
collection 
−10 days 

38.1% $2.65M $1.51M 2.8 mo. 26.4% $249K 11.8% 9.2% 

Receivable 
collection 
−20 days 

30.9% $2.18M $1.24M 2.2 mo. 19.8% $221K 8.6% 6.8% 

Earlier 
milestone 
receipts 

34.7% $2.42M $1.37M 2.5 mo. 23.1% $229K 9.9% 7.4% 

Advance 
payment: 
10% 

32.8% $2.29M $1.31M 2.4 mo. 21.6% $224K 9.1% 6.9% 

Procureme
nt 
rescheduli
ng 

39.9% $2.73M $1.54M 2.9 mo. 28.2% $249K 12.1% 9.5% 

Portfolio 
cash 
pooling* 

26.8% $2.04M $6.14M* 2.1 mo. 21.9% $0.82M* 8.3% 6.7% 

Project-
start 
sequencing
* 

29.6% $2.21M $6.87M* 2.3 mo. 24.7% $0.88M* 9.4% 7.2% 

Pooling + 
sequencing
* 

21.7% $1.63M $5.21M* 1.7 mo. 15.2% $0.69M* 5.8% 4.8% 

*Portfolio-level funding gaps and interest expenses were reported on an aggregated enterprise basis 
and were therefore not directly comparable in scale with project-level monetary outcomes. 
 
These findings demonstrated that coordinated combinations of internal liquidity buffers, financing 
access, payment restructuring, expenditure timing, and portfolio cash management produced 
materially stronger liquidity protection than reliance on any single mechanism. 
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4.5 Statistical Significance, Model Validation, Robustness, and Integrated Performance Comparison 
The integrated statistical comparison demonstrated that Monte Carlo–based stochastic modeling 
produced significantly different and practically more conservative estimates of project liquidity 
exposure than deterministic forecasting. Across the 286 matched projects, the deterministic model 
estimated a mean minimum cash balance of −$0.46 million, compared with −$0.91 million under the 
central stochastic estimate, producing a mean difference of −$0.45 million (95% CI [−$0.52 million, 
−$0.38 million], p < .001) and a moderate-to-large standardized effect of |d| = 0.72. Mean maximum 
cash deficit increased from $0.71 million to $1.19 million, representing a difference of $0.48 million (95% 
CI [$0.40 million, $0.56 million], p < .001, |d| = 0.76). Required liquidity buffers were $1.08 million 
under deterministic forecasting and $1.71 million under stochastic modeling, corresponding to a 58.3% 
increase and a large effect (|d| = 0.83). Peak financing requirement similarly increased from $0.96 
million to $1.57 million, while mean financing cost increased from $214,600 to $291,800. The stochastic 
model also generated greater project-value dispersion, with the standard deviation of modeled project 
value increasing from $2.18 million to $3.47 million. Paired comparisons were significant at p < .001 for 
all principal monetary outcomes. Where paired difference distributions showed material non-
normality, Wilcoxon signed-rank tests confirmed the same direction and statistical significance of the 
results. The magnitude of the effects indicated that differences between deterministic and stochastic 
estimates were economically meaningful rather than products of simulation sample size alone. 
 

Table 9. Statistical Comparison of Deterministic and Stochastic Liquidity Estimates 
 

Outcome Deterministic 
Mean 

Stochastic 
Mean 

Mean 
Difference 

95% CI for 
Difference 

Statistical 
Test 

p-
value 

Effect 
Size 

Minimum 
cash balance 

−$0.46M −$0.91M −$0.45M −$0.52M to 
−$0.38M 

Paired t <.001 |d| 
= 
0.72 

Maximum 
cash deficit 

$0.71M $1.19M +$0.48M $0.40M to 
$0.56M 

Paired t <.001 |d| 
= 
0.76 

Required 
liquidity 
buffer 

$1.08M $1.71M +$0.63M $0.53M to 
$0.73M 

Paired t <.001 |d| 
= 
0.83 

Peak 
financing 
requirement 

$0.96M $1.57M +$0.61M $0.50M to 
$0.72M 

Paired t <.001 |d| 
= 
0.79 

Financing 
cost 

$214.6K $291.8K +$77.2K $61.4K to 
$93.0K 

Wilcoxon <.001 r = 
0.48 

Project-value 
dispersion 
(SD) 

$2.18M $3.47M +$1.29M $1.08M to 
$1.50M 

Variance 
comparison 

<.001 Ratio 
= 
1.59 

Negative cash 
probability 

29.4% 47.8% +18.4 pp 15.1 to 21.7 
pp 

Paired 
comparison 

<.001 h = 
0.38 

Liquidity-
breach 
probability 

21.8% 35.6% +13.8 pp 10.9 to 16.7 
pp 

Paired 
comparison 

<.001 h = 
0.31 

Debt-service 
failure 
probability 

8.7% 15.9% +7.2 pp 5.1 to 9.3 pp Wilcoxon <.001 r = 
0.34 

 
Table 9 demonstrated statistically and practically meaningful differences between deterministic and 
stochastic liquidity estimates. Stochastic modeling produced a 58.3% larger required liquidity buffer 
and increased mean peak financing requirements by $0.61 million. Negative cash probability increased 
from 29.4% to 47.8%, while liquidity-breach probability increased from 21.8% to 35.6%. Effect sizes 
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ranged from moderate to large for the principal monetary outcomes, with the largest standardized 
effect observed for required liquidity buffers. Project-value dispersion was 1.59 times greater under 
stochastic modeling, confirming that deterministic forecasting materially compressed the variability 
and downside financial exposure associated with uncertain project conditions. 
Predictive validation further supported the stochastic framework. Historical back-testing was 
conducted against realized monthly cash-flow observations, while 20% of the project observations were 
retained as a holdout sample during final model calibration. For monthly net cash flow, deterministic 
forecasting produced a mean absolute error (MAE) of $128,400, root-mean-square error (RMSE) of 
$181,700, and mean absolute percentage error (MAPE) of 18.6%. The stochastic model's median forecast 
reduced these values to $91,600, $132,900, and 12.4%, respectively, corresponding to reductions of 
28.7% in MAE, 26.9% in RMSE, and 33.3% in MAPE. For minimum cash-balance prediction, RMSE 
declined from $0.94 million to $0.67 million, while peak financing-requirement RMSE declined from 
$0.88 million to $0.61 million. The stochastic 90% prediction interval contained 89.2% of realized 
monthly cash-flow observations, indicating close agreement between nominal and empirical coverage. 
Holdout performance remained comparable to back-testing performance, with an MAE of $95,300 and 
MAPE of 12.9%, providing evidence that the stochastic model did not depend solely on in-sample 
calibration. The model correctly identified 82.7% of subsequently observed project liquidity-breach 
events, compared with 64.1% under deterministic threshold forecasts. False-negative breach 
classification declined from 35.9% to 17.3%, which was particularly relevant because missed liquidity 
shortages represented the more consequential forecasting error. 
Analysis across alternative simulation specifications demonstrated strong numerical convergence. At 
1,000 iterations, the estimated liquidity-breach probability was 34.1%, expected shortfall was $3.11 
million, and 5th-percentile minimum cash balance was −$3.46 million. Increasing the simulation to 
5,000 iterations changed these estimates to 35.0%, $3.20 million, and −$3.56 million, respectively. At 
10,000 iterations, the corresponding estimates were 35.4%, $3.25 million, and −$3.61 million, while the 
final 50,000-iteration model produced 35.6%, $3.27 million, and −$3.64 million. Thus, increasing 
iterations from 10,000 to 50,000 altered liquidity-breach probability by only 0.2 percentage points, 
expected shortfall by 0.6%, and the 5th-percentile minimum balance by less than 1%, indicating 
satisfactory convergence. Replication using ten alternative random seeds produced a coefficient of 
variation below 1.2% for principal central estimates and below 2.5% for lower-tail indicators. Analysis 
of variance across the 10,000- to 50,000-iteration converged specifications showed no significant 
difference in mean simulated cash balances (p = .684), whereas comparisons across baseline, moderate-
stress, and severe-stress scenarios were strongly significant (p < .001, partial η² = .214), demonstrating 
that the model remained numerically stable while responding materially to genuine changes in 
underlying risk conditions. 
Table 10 confirmed progressive convergence and improved predictive performance as simulation 
depth increased. The final 50,000-iteration model reduced monthly cash-flow MAE by 28.7%, RMSE by 
26.9%, and MAPE by 33.3% relative to deterministic forecasting. Liquidity-breach estimates stabilized 
between 10,000 and 50,000 iterations, changing by only 0.2 percentage points. Prediction-interval 
coverage reached 89.2% against a nominal 90% interval, while breach detection increased to 82.7%. 
Holdout errors remained close to back-testing results, indicating stable out-of-sample performance. 
These results demonstrated that improved stochastic performance reflected meaningful uncertainty 
representation rather than numerical instability or overfitting. 
Robustness testing against alternative probability distributions and dependence assumptions 
confirmed that the principal conclusions were preserved, although downside estimates were sensitive 
to economically meaningful model specifications. Replacing selected fitted distributions with plausible 
triangular, lognormal, gamma, and empirical alternatives changed mean cash-balance estimates by less 
than 4.3%, while 5th-percentile outcomes varied by up to 8.7%. Assuming independence among 
stochastic inputs reduced estimated liquidity-breach probability from 35.6% to 30.8% and expected 
shortfall from $3.27 million to $2.81 million, demonstrating that omission of correlation materially 
understated downside exposure. Under moderate stress, liquidity-breach probability increased to 
51.9%, expected shortfall reached $4.46 million, and peak financing requirement increased to $2.88 
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million. Under severe stress, the corresponding values reached 69.7%, $6.18 million, and $4.36 million. 
Differences among baseline and stress conditions were statistically significant (p < .001) with a large 
multigroup effect (partial η² = .214). Across alternative distributions, seeds, iteration counts, and 
validation samples, stochastic estimates consistently exceeded deterministic downside estimates while 
retaining superior forecast-error performance. The integrated statistical evidence therefore showed that 
Monte Carlo modeling produced materially wider, more stable, and empirically better-calibrated 
representations of minimum cash balances, funding requirements, financing costs, liquidity-breach 
probabilities, and project-value dispersion than deterministic cash-flow forecasting. 

 
Table 10. Validation, Convergence, and Robustness Performance of the Stochastic Model 

 

Validation / 
Robustness Indicator 

Deterministic / 1,000 
Iterations 

5,000 
Iterations 

10,000 
Iterations 

50,000 Iterations / 
Stochastic Final 

Monthly cash-flow 
MAE 

$128.4K $98.7K $93.2K $91.6K 

Monthly cash-flow 
RMSE 

$181.7K $142.8K $135.1K $132.9K 

Monthly cash-flow 
MAPE 

18.6% 13.8% 12.8% 12.4% 

Minimum cash-
balance RMSE 

$0.94M $0.72M $0.68M $0.67M 

Peak financing RMSE $0.88M $0.66M $0.62M $0.61M 
Liquidity-breach 
probability 

29.4% / 34.1%* 35.0% 35.4% 35.6% 

Expected shortfall — / $3.11M* $3.20M $3.25M $3.27M 
5th-percentile 
minimum cash balance 

— / −$3.46M* −$3.56M −$3.61M −$3.64M 

90% prediction-
interval coverage 

— 87.6% 88.7% 89.2% 

Liquidity-breach 
detection rate 

64.1% 78.9% 81.8% 82.7% 

Holdout MAE $133.1K $102.4K $97.1K $95.3K 
Holdout MAPE 19.1% 14.2% 13.3% 12.9% 

*The first value represents the deterministic benchmark where applicable; the second represents the 
1,000-iteration stochastic estimate. 
 
DISCUSSION 
The findings of this study demonstrated that project-based enterprises were exposed to substantial 
liquidity volatility even where overall project economics remained viable (Kim et al., 2019). Across 42 
enterprises, 286 projects, and 8,964 project-month observations, mean actual project cost exceeded 
planned cost by 8.3%, while realized duration exceeded planned duration by 9.4%. Mean monthly cash 
inflow was $612,400 compared with mean monthly outflow of $641,800, resulting in an average 
monthly net cash flow of −$29,400. Negative net cash flow occurred in 38.6% of project-month 
observations, 41.3% of projects experienced at least one negative cumulative cash position, the average 
deficit lasted 2.8 months, and the maximum historical funding gap reached $5.42 million. These 
patterns were consistent with earlier project-finance, construction, infrastructure, and working-capital 
studies showing that cost escalation, schedule slippage, receivable delays, and poor synchronization 
between expenditures and receipts can create significant liquidity pressure even when projects remain 
economically profitable. Monte Carlo simulation revealed that this exposure was materially greater 
when uncertainty was represented explicitly (Alamad, 2016). The stochastic model produced a 47.8% 
probability of negative cumulative cash balance, a 35.6% liquidity-breach probability, and a 15.9% debt-
service failure probability. Mean minimum simulated cash balance reached −$1.18 million, while the 
5th-percentile outcome deteriorated to −$3.64 million. Mean maximum cash deficit was $1.46 million, 
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expected shortfall was $3.27 million, and peak financing requirement reached $4.88 million under 
severe downside conditions. These findings corresponded with earlier stochastic capital-budgeting and 
Cash-Flow-at-Risk studies demonstrating that deterministic forecasts tend to conceal tail exposure and 
underestimate the dispersion of possible financial outcomes. Sensitivity analysis further showed that 
payment delay was the strongest risk driver, followed by cost overrun, revenue reduction, and 
schedule extension; together, these four factors explained 74.0% of attributable liquidity variability. 
Payment-delay exposure alone increased liquidity-breach probability by 14.7 percentage points, while 
combined adverse conditions increased breach probability to 72.6%. This result was consistent with 
prior research on correlated project inputs, which showed that simultaneous adverse movements can 
produce substantially more severe downside distributions than isolated shocks (Galletta & Mazzù, 
2019). Subgroup analysis also revealed that projects lasting more than 36 months, fixed-price contracts, 
milestone-payment arrangements, payment delays exceeding 30 days, high retention, and restricted 
credit capacity experienced materially greater liquidity stress. These results confirmed that liquidity 
risk was structurally heterogeneous and depended on contract design, project duration, payment 
behavior, financing access, and the interaction among uncertain project variables. 

 
Figure 12: Project liquidity risk findings framework 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The mitigation and validation results demonstrated that liquidity risk could be reduced substantially 
through coordinated financial strategies and that stochastic modeling provided more reliable estimates 
than deterministic forecasting (Gao et al., 2020). A 10% minimum cash reserve reduced liquidity-breach 
probability from 35.6% to 22.1%, while a 20% revolving credit facility reduced it to 20.7% and lowered 
debt-service failure probability to 6.7%. Accelerating receivable collection by 20 days reduced breach 
probability further to 19.8%, expected shortfall to $2.18 million, deficit duration to 2.2 months, and 
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financing cost to $221,000. A 10% advance payment reduced breach probability to 21.6%, while earlier 
milestone receipts reduced it to 23.1%. These findings were aligned with earlier working-capital and 
corporate-liquidity studies showing that improved payment timing can reduce external financing 
needs more efficiently than relying exclusively on larger cash reserves or credit lines. Portfolio-level 
coordination produced additional benefits. Cash pooling reduced mean enterprise-level external 
financing requirements from $8.46 million to $6.14 million, while the combination of cash pooling and 
project-start sequencing reduced the requirement to $5.21 million, a 38.4% reduction. Credit utilization 
declined from 51.6% to 32.8%, interest expense fell from $1.08 million to $0.69 million, and financial-
distress probability declined from 10.9% to 4.8%. These results supported earlier corporate treasury 
and multi-project scheduling studies showing that imperfectly correlated project cash flows can create 
diversification benefits when liquidity is centrally coordinated (Napoletano et al., 2018). Statistical 
comparison also established significant differences between deterministic and stochastic estimates. 
Stochastic modeling produced a mean minimum cash balance of −$0.91 million compared with −$0.46 
million under deterministic forecasting, while required liquidity buffers increased from $1.08 million 
to $1.71 million, with a large effect size of |d| = 0.83. Forecast validation showed that stochastic 
modeling reduced monthly cash-flow MAE from $128,400 to $91,600, RMSE from $181,700 to $132,900, 
and MAPE from 18.6% to 12.4%. Liquidity-breach detection increased from 64.1% to 82.7%, and the 
90% prediction interval captured 89.2% of realized observations. Convergence was strong because 
breach probability changed by only 0.2 percentage points between 10,000 and 50,000 iterations. 
Assuming independent inputs reduced estimated breach probability from 35.6% to 30.8%, confirming 
that ignoring correlation understated downside exposure (Zhou et al., 2020). Overall, these findings 
were consistent with earlier stochastic project-finance research and demonstrated that Monte Carlo 
simulation provided a statistically more informative, empirically better calibrated, and operationally 
more useful framework for evaluating and managing liquidity risk in project-based enterprises. 
CONCLUSION 
This study concluded that Monte Carlo simulation and stochastic cash-flow modeling provided a 
substantially more comprehensive quantitative basis for evaluating and reducing liquidity risk in 
project-based enterprises than conventional deterministic forecasting. The analysis of 42 enterprises, 
286 projects, and 8,964 project-month observations demonstrated that project liquidity was shaped by 
substantial variation in project costs, duration, payment timing, working-capital requirements, and 
financing conditions. Actual project cost exceeded planned cost by 8.3%, realized duration exceeded 
planned duration by 9.4%, negative net cash flow occurred in 38.6% of project-month observations, and 
41.3% of projects experienced at least one negative cumulative cash position. Monte Carlo simulation 
revealed even greater downside exposure, with a 47.8% probability of negative cumulative cash 
balance, a 35.6% liquidity-breach probability, a 15.9% debt-service failure probability, a mean expected 
shortfall of $3.27 million, and a 5th-percentile minimum cash balance of −$3.64 million. The results 
further established that payment delays, cost overruns, revenue reductions, and schedule extensions 
were the dominant liquidity-risk drivers and collectively explained 74.0% of attributable downside 
variability. Combined adverse conditions intensified liquidity pressure considerably, confirming that 
interaction and correlation among uncertain inputs materially affected project cash-flow distributions. 
The analysis also showed that liquidity risk varied significantly across project duration, contract type, 
payment structure, retention level, leverage, and credit access. Mitigation testing demonstrated that 
cash reserves, revolving credit facilities, accelerated receivable collection, advance payments, milestone 
restructuring, procurement rescheduling, project-start sequencing, and portfolio cash pooling all 
reduced liquidity exposure, although coordinated strategies produced the strongest results. The 
combined use of portfolio cash pooling and project-start sequencing reduced enterprise-level external 
financing requirements by 38.4% and lowered financial-distress probability to 4.8%. Statistical 
validation confirmed the superiority of stochastic modeling, with lower MAE, RMSE, and MAPE 
values, stronger liquidity-breach detection, stable convergence at higher iteration counts, and 
materially larger yet more realistic estimates of required liquidity buffers. Overall, the evidence 
established that project liquidity risk was fundamentally probabilistic, time-dependent, and 
interconnected, and that Monte Carlo-based stochastic modeling provided a robust framework for 
quantifying downside exposure, identifying dominant risk drivers, evaluating mitigation strategies, 
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and supporting more resilient financial management across heterogeneous project portfolios. 
RECOMMENDATIONS 
Based on the findings of this study, project-based enterprises should integrate Monte Carlo simulation 
and stochastic cash-flow modeling into routine project financial planning, liquidity monitoring, and 
enterprise-level treasury management rather than relying primarily on deterministic cash-flow 
forecasts. Financial managers should develop probability-based liquidity forecasts that incorporate 
uncertainty in revenue realization, project costs, payment delays, schedule extensions, inflation, 
exchange rates, interest rates, and unexpected expenditures, with particular attention to correlated 
movements among these variables. Because payment delays, cost overruns, revenue reductions, and 
schedule extensions collectively accounted for 74.0% of attributable liquidity variability, these factors 
should receive priority in project monitoring systems, contractual controls, early-warning dashboards, 
and scenario-based financial reviews. Organizations should establish project-specific minimum 
liquidity reserves and contingency buffers according to simulated downside exposure rather than 
applying uniform reserve percentages across heterogeneous projects. The finding that a 10% cash 
reserve reduced liquidity-breach probability from 35.6% to 22.1% indicates that appropriately 
calibrated precautionary liquidity can materially strengthen financial resilience, although reserve levels 
should recognize diminishing marginal benefits and the opportunity cost of idle cash. Committed 
revolving credit facilities should complement internal reserves, particularly for projects characterized 
by long durations, high leverage, milestone-based receipts, substantial retention, or restricted cash 
availability; however, credit capacity should be optimized against financing and interest costs rather 
than treated as an unlimited substitute for effective working-capital management. Greater emphasis 
should be placed on accelerating receivable collection because reducing collection periods by 20 days 
lowered liquidity-breach probability to 19.8% and reduced financing costs. Contract negotiations 
should therefore prioritize advance payments, earlier milestone certification, shorter payment cycles, 
enforceable payment terms, and reduced retention where commercially feasible. Procurement 
expenditures and project commencement dates should also be coordinated with projected cash 
availability to avoid unnecessary concentration of funding requirements. At the enterprise level, 
centralized portfolio cash pooling and project-start sequencing should be implemented where legal, 
contractual, and operational conditions permit, because their combined application reduced external 
financing requirements by 38.4% and financial-distress probability to 4.8%. Finally, stochastic models 
should be recalibrated periodically using realized project data, validated through back-testing and 
holdout testing, and subjected to correlation, distributional, convergence, and stress-scenario analyses. 
Such an integrated approach would enable project-based enterprises to move from reactive deficit 
financing toward proactive, probability-based liquidity management and more resilient allocation of 
financial resources. 
LIMITATIONS 
This study had several limitations that should be considered when interpreting the estimated liquidity-
risk distributions, statistical relationships, and comparative performance of deterministic and 
stochastic cash-flow models. First, the final analytical sample contained 42 project-based enterprises, 
286 projects, and 8,964 project-month observations across construction, infrastructure, engineering, 
energy, information technology, and professional project services; although this provided substantial 
financial and operational variation, the sample did not represent every project-based industry, 
geographical market, regulatory environment, enterprise size, or contractual arrangement. 
Consequently, the estimated probabilities of cash deficits, liquidity breaches, debt-service failure, and 
financing requirements should not be assumed to apply uniformly to all project-based enterprises. 
Second, the analysis depended on historical accounting, project-management, contractual, payment, 
and financing records. Despite data completeness of 97.4% and financial reconciliation accuracy of 
98.8%, measurement errors, classification differences, reporting delays, and unobserved financial 
adjustments could have remained within the final dataset. Third, Monte Carlo simulation depended on 
probability distributions and parameter estimates calibrated from historical observations. Although 
alternative distributions, random seeds, iteration levels, correlation structures, and stress scenarios 
were evaluated, simulated outcomes remained conditional on the appropriateness of the selected 
assumptions and could not reproduce every extreme or unprecedented financial event. Fourth, the 
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dependence structure among revenue, expenditure, payment delays, project duration, inflation, 
exchange rates, and interest rates was estimated from observed relationships that could change during 
exceptional economic or industry conditions. Fifth, mitigation scenarios involving cash reserves, 
revolving credit facilities, advance payments, accelerated collections, procurement rescheduling, cash 
pooling, and project-start sequencing represented standardized analytical interventions. Their practical 
implementation could be constrained by contractual obligations, lender requirements, taxation, legal 
restrictions, client bargaining power, operational dependencies, and the opportunity cost of 
maintaining liquidity. Sixth, portfolio cash-pooling benefits depended on the availability of 
simultaneous project surpluses and relatively imperfect correlations among project cash flows; 
enterprises with highly synchronized deficits could therefore obtain smaller benefits. Finally, although 
back-testing, holdout validation, convergence analysis, forecast-error assessment, and robustness 
testing supported model reliability, the study remained observational and simulation-based rather than 
a controlled experimental evaluation of realized long-term intervention outcomes. The findings should 
therefore be interpreted as robust probabilistic estimates of liquidity exposure and mitigation potential 
rather than guaranteed forecasts of future cash positions, financing requirements, or financial distress. 
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