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Saudi Arabia's Vision 2030 is deepening the role of private-sector 

credit and debt capital markets in financing economic diversification, 

infrastructure, real estate, industrial expansion and technology-led 

growth. As financing channels widen, Saudi enterprises face a more 

complex question than simply obtaining debt: they must determine an 

economically efficient, resilient and governable debt structure under 

changing cash flows, interest rates, project risks and market conditions. 

This paper develops a predictive financial analytics framework for 

corporate debt optimization in Saudi Arabia. It adopts an integrative 

review and evidence-synthesis approach combining recent peer-

reviewed research on capital-structure prediction, corporate default, 

machine learning, explainable artificial intelligence and debt-structure 

dynamics with official Saudi financial-sector evidence. The review 

shows that machine-learning methods can improve prediction of target 

leverage, financing actions, default probabilities and loss severity when 

data quality and out-of-sample validation are adequate. Saudi Central 

Bank evidence also indicates strong corporate credit expansion in 2024 

while listed non-financial companies experienced lower median 

leverage, illustrating the simultaneous availability of financing and the 

importance of disciplined balance-sheet management. The proposed 

framework connects enterprise data, cash-flow forecasting, target-

leverage estimation, debt -structure simulation, stress testing, explainab 

ility and governance. It treats optimization as a constrained decision 

problem that balances borrowing cost against liquidity, refinancing, 

covenant, default and strategic-flexibility risks. The paper argues that 

predictive analytics should augment rather than replace CFO, treasury 

and FP&A judgement.  
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…………………………………………………………………………………………………….... 
Strategic implications include improved timing of issuance, maturity diversification, instrument selection, covenant 

headroom, scenario-based debt capacity and continuous rebalancing. The study provides a practical research 

architecture for Saudi enterprises while identifying the need for future empirical validation using Saudi corporate 

panel and transaction-level debt data. 
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Introduction:- 

Debt is a central instrument of corporate growth because it allows firms to finance investment without immediately 

diluting ownership, can create tax and capital-allocation advantages, and can align funding maturities with 

productive assets. Yet debt simultaneously creates fixed commitments that reduce strategic flexibility and can 

amplify financial distress when operating performance, liquidity or market access deteriorates. Corporate debt 

optimization therefore cannot be reduced to minimizing the nominal interest rate. It requires a structured decision 

about how much debt a firm should carry, which instruments it should use, when maturities should occur, how 

interest-rate and currency exposures should be managed, how covenant headroom should be protected, and how 

financing should respond to uncertainty in future cash flows. 

 

This problem is especially relevant in Saudi Arabia. Vision 2030 has accelerated investment in non-oil sectors and 

increased financing requirements across real estate, tourism, construction, logistics, manufacturing, energy, digital 

infrastructure and services. The Financial Sector Development Program has simultaneously sought to deepen 

financial markets and expand the role of debt instruments as financing channels. The result is an environment in 

which larger enterprises can consider a wider spectrum of bank facilities, syndicated loans, sukuk, bonds, project 

finance and private debt structures, while smaller and medium-sized companies remain closely dependent on 

banking credit. Greater financing availability is economically useful, but it raises the importance of debt discipline 

because poor capital-structure decisions can convert growth opportunities into refinancing, covenant or liquidity 

pressure. 

 

Conventional debt analysis is built around financial statements, cash-flow forecasts, leverage ratios, debt-service 

coverage, interest coverage, ratings, collateral and management judgement. These tools remain indispensable, but 

they are typically implemented through periodic budgeting and scenario exercises. Predictive financial analytics 

extends the process by learning from historical and contemporaneous data to estimate future cash flows, leverage, 

default risk, interest sensitivity and financing actions. Machine-learning research increasingly demonstrates that 

nonlinear models can improve the prediction of corporate leverage and credit outcomes where relationships among 

firm characteristics are complex. Amini et al. (2021), for example, show that machine-learning models materially 

improve out-of-sample prediction of target leverage relative to linear specifications, while Smith (2022) reports 

strong predictive performance in classifying forthcoming debt-versus-equity issuance decisions. Research on 

corporate default also demonstrates potential gains from machine learning, although such gains depend on data 

quality, sample size and validation design (Moscatelli et al., 2020; Sigrist & Leuenberger, 2023). 

 

The management challenge is therefore not whether predictive analytics can produce another score. The more 

important question is how predictions should be embedded within an optimization and governance process. A model 

may forecast a sustainable leverage level but fail to account for maturity concentration; it may minimize expected 

borrowing cost while creating an unacceptable refinancing cliff; or it may identify an apparently optimal structure 

that management cannot explain to lenders, auditors or the board. This paper addresses that gap by developing a 

predictive financial analytics framework for corporate debt optimization tailored to the Saudi context. The 

contribution is conceptual and evidence-based rather than a claim of new Saudi firm-level econometric results. It 

synthesizes recent research, official market evidence and corporate-finance logic to define how predictive models, 

stress testing and human judgement can be combined into a repeatable debt decision architecture. 

 

Saudi Corporate Financing Context under Vision 2030:- 

Saudi Arabia's financial system provides a strong institutional setting for research on corporate debt optimization. 

The Financial Sector Development Program has pursued deeper capital markets, increased private-sector financing 

and a larger sukuk and debt-instrument market. Its Q1 2025 KPI update reported credit to the private sector at 

69.99% of GDP, compared with a program baseline of 49%, while the debt-market-size indicator stood at 20.7% of 

GDP against a 2025 target of 24.1%. These indicators do not imply that individual companies should increase 

leverage; rather, they show that financing capacity and debt-market infrastructure are becoming more important 

parts of the Saudi corporate environment. 

 

The Saudi Central Bank's Financial Stability Report 2025 provides complementary evidence. Total banking-sector 

credit expanded by 14.4% in 2024 to SAR 2,955.6 billion, with corporate credit increasing by 16.6%, faster than 

retail credit growth of 9.5%. SAMA identifies real estate, financial and insurance activities, and gas and water 

supply among important contributors to corporate credit expansion. At the same time, the financial condition of 

listed non-financial corporations improved: the median debt-to-assets ratio declined from 29.3% in 2023 to 22.5% in 

2024, while liquidity remained broadly stable. The coexistence of expanding corporate credit and declining median 
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leverage highlights a key distinction between market-level debt growth and firm-level debt optimization. Financing 

can expand because of new investment and broader private-sector activity even while individual firms improve 

balance-sheet resilience. 

 

Debt-market development also creates structural choices beyond bank borrowing. The Capital Market Authority has 

identified the sukuk and debt-instrument market as an important financing channel and has emphasized market 

depth, liquidity and secondary-market development. Corporate sukuk can lengthen maturities, diversify investor 

bases and align financing with Shariah-compliant structures, while syndicated and bilateral facilities may provide 

greater flexibility in drawdown, security and covenant design. These options introduce trade-offs involving 

transaction costs, disclosure, size, tenor, refinancing exposure and execution certainty. 

 

For Saudi CFOs and treasury teams, the strategic implication is that debt decisions should be linked to the firm's 

cash-generating capacity, project pipeline, ownership preferences, asset duration, sector cyclicality and risk appetite 

rather than to the availability of credit alone. Predictive analytics can add value by estimating how these factors 

change through time. The relevant optimization problem is therefore dynamic: the preferred debt amount and 

structure today may no longer be efficient after changes in project cash flows, interest rates, commodity conditions, 

customer collections or the firm's strategic investment program. A Saudi debt-optimization framework must 

consequently combine market development with enterprise-specific forecasting and continuous risk monitoring. 

 

 
Figure 1. Saudi banking credit growth in 2024. Source: Saudi Central Bank, Financial Stability Report 2025. 

 

Table 1. Selected Saudi financial-sector indicators relevant to corporate debt optimization 

Indicator Reference point Status 
Interpretation for 

corporate debt strategy 

Debt market size / GDP FSDP baseline 14% 
20.7% (2024 status); 

24.1% 2025 target 

Deeper debt markets 

widen funding options but 

increase the need for 

issuer readiness and 

disciplined structure. 

Private-sector credit / 

GDP 
FSDP baseline 49% 69.99% (2024 status) 

Greater credit availability 

should be matched by 

forward-looking debt-

capacity analysis. 
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Indicator Reference point Status 
Interpretation for 

corporate debt strategy 

Corporate bank-credit 

growth 
2024 16.6% 

Rapid corporate credit 

growth increases the 

strategic relevance of 

treasury and leverage 

governance. 

Median debt-to-assets, 

listed non-financial firms 
2023: 29.3% 2024: 22.5% 

Lower median leverage 

demonstrates that 

financing growth can 

coexist with stronger firm-

level balance sheets. 

Sources: Financial Sector Development Program KPIs - Q1 2025; Saudi Central Bank, Financial Stability 

Report 2025. 

 

Theoretical and Analytical Foundations:- 

Corporate debt optimization draws on capital-structure theory but must be translated from theoretical equilibrium 

concepts into operational decisions. The trade-off perspective views leverage as balancing the benefits of debt 

against expected financial-distress and agency costs. The pecking-order perspective emphasizes financing hierarchy 

and information asymmetry, while dynamic capital-structure research recognizes that firms do not instantaneously 

adjust to a theoretical target because financing transactions involve costs, frictions and market timing. For 

practitioners, these ideas imply that there is rarely a single permanent optimal leverage ratio. Instead, there is a target 

range that varies with profitability, asset tangibility, growth opportunities, cash holdings, market valuation, 

uncertainty and financing conditions. 

 

Debt optimization also requires a risk-adjusted objective. A structure with the lowest coupon is not necessarily 

optimal if it concentrates maturities, weakens covenant headroom or increases sensitivity to floating rates. The 

decision can be represented conceptually as minimizing expected total financing cost plus a penalty for financial 

risk, subject to constraints on leverage, liquidity, debt-service coverage, maturity concentration and governance. In 

simplified form: Optimal Debt Structure = argmin [Expected Financing Cost + lambda(Risk Exposure)], subject to 

minimum liquidity and coverage thresholds. The risk-aversion parameter lambda represents the enterprise's 

willingness to accept volatility and financial flexibility risk in exchange for a lower expected financing cost. 

 

A further foundation is enterprise risk management. Debt interacts with operating risk rather than existing 

independently from it. Customer concentration, project delays, cost overruns, foreign-exchange exposure, working-

capital cycles and commodity prices can all alter debt-service capacity. Predictive debt optimization therefore 

requires integrated finance and operational data. It also requires explainability because high-impact financing 

decisions must be defensible to management, boards, lenders and auditors. Research on explainable AI in finance 

emphasizes the importance of transparent model drivers, local explanations and human oversight (Bussmann et al., 

2021; Cerneviciene & Kabasinskas, 2024; Weber et al., 2024). The analytical foundation of this paper is 

consequently hybrid: corporate-finance theory defines the economic problem, predictive models estimate uncertain 

future states, optimization techniques compare feasible structures, and governance determines which 

recommendation is acceptable. 

 

Aim, Objectives and Research Questions:- 
The aim of this study is to develop a practical, evidence-informed framework for optimizing corporate debt through 

predictive financial analytics in Saudi Arabia. The paper focuses on enterprise-level financing decisions rather than 

sovereign debt management and treats predictive analytics as a decision-support capability for CFO, FP&A, treasury 

and risk functions. 

 

Five objectives guide the analysis. First, the study identifies the main dimensions of corporate debt optimization, 

including leverage, borrowing cost, maturity, liquidity, refinancing risk and covenant resilience. Second, it evaluates 

recent evidence on the use of machine learning to predict capital structure, financing actions, corporate default and 

debt losses. Third, it examines the Saudi financial environment in which these techniques could be applied. Fourth, 

it develops an integrated predictive debt-optimization framework combining forecasts, scenario analysis and 

governance. Fifth, it derives strategic and research implications for Saudi enterprises and future empirical work. 
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The corresponding research questions are: RQ1: How can predictive analytics improve estimates of sustainable 

leverage and debt capacity? RQ2: Which financial, operational and market variables should be incorporated into a 

Saudi corporate debt-optimization model? RQ3: How should firms balance borrowing cost against liquidity, 

refinancing and default risk? RQ4: How can predictive models be integrated with stress testing, explainability and 

human judgement? RQ5: What strategic implications follow for Saudi enterprises as corporate credit and debt-

market financing deepen under Vision 2030? 

 

Review Methodology:- 
The paper adopts an integrative structured-review and conceptual-framework methodology. This design is 

appropriate because corporate debt optimization crosses several research streams that are rarely examined together: 

capital-structure dynamics, default prediction, financial distress, debt structure, explainable AI, treasury 

management and Saudi financial-sector development. The objective is not to estimate a new causal model from 

primary data but to synthesize evidence into a framework capable of subsequent empirical testing. 

 

Saudi contextual evidence was drawn from official publications of the Saudi Central Bank, the Financial Sector 

Development Program, the Capital Market Authority and the International Monetary Fund. These sources were used 

to characterize the financial environment rather than to infer firm-specific causal relationships. Inclusion criteria 

required direct relevance to corporate financing decisions, debt risk or predictive analytics, transparent research 

design, and sufficient methodological detail to support interpretation. Studies focusing only on consumer credit or 

unrelated artificial-intelligence applications were excluded unless their explainability or governance insights were 

transferable to corporate finance. 

 

The synthesis followed four stages. First, evidence was grouped into capital-structure prediction, debt/default risk 

prediction, debt-structure dynamics and explainability. Second, recurring variables and decision outputs were 

mapped to practical treasury and FP&A processes. Third, the Saudi institutional environment was used to identify 

implementation conditions such as debt-market deepening, corporate credit growth and the role of sukuk. Fourth, 

these elements were integrated into a closed-loop debt-optimization framework. Because no primary Saudi corporate 

dataset is analysed, the paper does not report invented sample sizes, regression coefficients, survey responses or 

model accuracy. Quantitative values reported for Saudi Arabia are taken from cited official sources, while all 

optimization examples and framework diagrams are explicitly conceptual. 

 

Evidence from Predictive Analytics, Capital Structure and Credit Risk:- 

The strongest direct evidence for predictive debt optimization comes from research on capital-structure dynamics. 

Amini et al. (2021) compare machine-learning models with conventional linear approaches and find substantial 

gains in out-of-sample target-leverage prediction. Random forests, gradient boosting, neural networks and 

generalized additive models capture interactions that linear models may miss. The study also shows that improved 

target estimates generate more plausible leverage-adjustment speeds and better predictions of financing actions. For 

corporate debt management, this means predictive models can potentially estimate a moving leverage target rather 

than forcing management to rely on a static benchmark derived from industry averages or historical policy. 

 

Smith (2022) provides related evidence on financing choice. Using k-nearest neighbors and random forests, the 

study predicts whether firms will issue debt or equity and reports overall classification accuracy around 90% or 

higher. The precise performance should not be transferred directly to Saudi firms because institutional settings and 

samples differ, but the study establishes that theoretically motivated firm characteristics contain exploitable 

information about upcoming financing decisions. A predictive system for Saudi enterprises could therefore combine 

market conditions with internal forecasts to assess whether an intended borrowing action is consistent with the firm's 

historical and sector-adjusted capital-structure profile. 

 

Debt composition matters as much as aggregate leverage. Qi and Wang (2021) document significant instability in 

debt structures and show that low-credit-quality firms are more likely to alter debt composition under financing 

constraints, often at higher borrowing cost. Their findings imply that optimization should include instrument mix 

and maturity, not only debt-to-equity ratios. A company can maintain stable total leverage while materially 

increasing refinancing risk by replacing long-term debt with short-term facilities, or it can reduce cost by switching 

instruments when its credit quality and market access permit. Predictive analytics can monitor these structural shifts 

and estimate when a refinancing strategy is likely to reduce or increase total risk. 
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Credit-risk research supplies a second evidence stream. Moscatelli et al. (2020) find that machine-learning methods 

can improve corporate-default forecasting, particularly when information is limited and relationships are nonlinear. 

Sigrist and Leuenberger (2023) extend the analysis to multi-period default probabilities and show stronger machine-

learning advantages at longer prediction horizons. Olson et al. (2021) apply multiple machine-learning techniques to 

loss-given-default for corporate debt and emphasize the importance of chronological validation, ongoing monitoring 

and model uncertainty. These findings are relevant because debt optimization should consider not only the 

probability of distress but also the expected severity of financial outcomes under adverse conditions. 

 

Financial-distress research reinforces the importance of data design. Alam et al. (2021) compare deep learning with 

discrete hazard models for corporate failure prediction, while Chen et al. (2023) show that annual-report text can add 

predictive information beyond conventional quantitative variables. Zhao et al. (2024) review bankruptcy and distress 

prediction and conclude that there is no universally superior method; performance depends on definitions, features, 

sampling, preprocessing and evaluation design. This is a critical caution for Saudi implementation. The purpose of 

predictive analytics should be robust decision support, not technological novelty. 

 

Table 2. Selected evidence informing predictive corporate debt optimization 

Study Analytical focus Key evidence Relevance to debt 

optimization 

Amini et al. (2021) Target leverage and 

financing actions 

ML improves out-of-

sample leverage prediction 

over linear models. 

Supports dynamic target-

leverage estimation. 

Smith (2022) Debt vs equity issuance KNN and random forest 

predict financing choice 

with high accuracy in the 

study sample. 

Supports predictive 

financing-choice analysis. 

Qi & Wang (2021) Debt-structure instability Debt composition changes 

materially and interacts 

with financing constraints. 

Shows why 

maturity/instrument mix 

must be optimized 

separately from total 

leverage. 

Moscatelli et al. (2020) Corporate default ML captures nonlinear 

default relationships and 

can outperform statistical 

benchmarks. 

Supports probability-of-

distress modelling. 

Sigrist&Leuenberger 

(2023) 

Multi-period default risk Prediction advantages 

grow over longer horizons 

in their setting. 

Supports forward-looking 

debt-capacity assessment. 

Olson et al. (2021) Loss given default ML useful, but model 

uncertainty and 

monitoring remain 

important. 

Adds severity and model-

risk dimensions. 

Bussmann et al. (2021) Explainable credit risk Risk predictions can be 

accompanied by 

interpretable drivers. 

Supports board- and 

lender-ready explanations. 

 

Dimensions of Corporate Debt Optimization:- 

A predictive framework must optimize several dimensions simultaneously. The first is leverage. Common measures 

include debt-to-assets, debt-to-equity and net-debt-to-EBITDA. Each captures a different aspect of balance-sheet 

risk, and none should be treated as a universal target. Sector capital intensity, revenue stability, asset quality and 

access to equity all influence sustainable leverage. Cathcart et al. (2020) show that leverage can affect default risk 

differently across firm sizes, with refinancing risk playing an important role. Saudi companies should therefore use 

sector- and size-sensitive leverage ranges rather than uniform thresholds.The second dimension is debt-service 

capacity. Interest coverage and the debt-service coverage ratio connect capital structure to cash generation. 

Predictive analytics adds value by forecasting these ratios under alternative operating assumptions rather than 

relying on current-period values. A company may appear conservatively leveraged today but become vulnerable if a 

major contract expires, receivables lengthen or a large principal payment coincides with capital expenditure. 
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The third dimension is maturity structure. Maturity should be aligned with asset duration and cash-flow visibility 

while avoiding excessive concentration in any single period. Refinancing risk is often underestimated because a 

company assumes that short-term facilities will remain continuously available. A predictive model should instead 

estimate the probability and cost of refinancing under different market and company-specific conditions. Debt 

structure should be represented as a schedule of future cash obligations rather than a single balance-sheet number. 

The fourth dimension is pricing and interest-rate exposure. Fixed-rate funding reduces variability but may be more 

expensive initially; floating-rate debt can lower cost in some environments while exposing the company to future 

rate increases. Optimization should therefore compare expected interest cost with tail risk. The fifth dimension is 

covenant flexibility. A debt package that appears inexpensive may have tight leverage, coverage or distribution 

restrictions that constrain strategy. Covenant headroom should be forecast through scenarios and assigned an explicit 

risk cost. 

 

The sixth dimension is instrument diversification. Bank loans, revolving facilities, project finance, bonds and sukuk 

serve different purposes and investor bases. Saudi market development makes this choice increasingly relevant. The 

optimal structure can therefore be defined as the feasible combination of leverage, tenor, pricing, covenant design 

and instrument mix that supports strategic investment while preserving resilience. Predictive analytics contributes by 

updating the assumptions behind that combination as financial and operational conditions change. 

 

Proposed Predictive Financial Analytics Framework for Debt Optimization:- 

The proposed framework contains five analytical layers and a continuous feedback loop. The first layer is the data 

foundation. It integrates audited financial statements, management accounts, budgets, project forecasts, treasury 

positions, loan schedules, covenant calculations, customer collections, procurement commitments, interest rates and 

relevant market indicators. For diversified Saudi groups, entity-level data should be reconciled with consolidated 

reporting so that intercompany exposures and guarantees are not overlooked. Data lineage is important because 

optimization results are only credible if management can trace key inputs to controlled sources. 

 

The second layer is predictive modelling. Rather than relying on one model, enterprises should maintain a suite of 

forecasts aligned to different decisions. Cash-flow models estimate revenue, margins, working capital and free cash 

flow. Capital-structure models estimate a target leverage range using profitability, cash holdings, asset tangibility, 

market conditions, growth and sector benchmarks. Credit-risk models estimate probability of distress or covenant 

deterioration. Interest-rate models generate scenarios for floating debt and refinancing. Project models estimate 

completion, collection and cost-overrun risks. The outputs are probability distributions or scenario ranges, not false 

point precision. 

 

The third layer is the optimization engine. Management first defines feasible financing structures: for example, 

different combinations of bank facilities, sukuk, fixed and floating rates, amortizing and bullet maturities, secured 

and unsecured tranches, or short- and long-term tenors. Each structure is evaluated against expected financing cost 

and risk constraints. A practical objective function can be written as: Total Debt Score = Expected Financing Cost + 

w1(Default Risk) + w2(Liquidity Risk) + w3(Refinancing Risk) + w4(Covenant Risk) + w5(Strategic Flexibility 

Cost). The weights are determined by corporate risk appetite. Structures that breach minimum DSCR, liquidity or 

covenant thresholds are removed before ranking. 

 

The fourth layer is scenario and stress testing. The framework should apply both individual and combined shocks. 

Relevant Saudi enterprise scenarios include a 10%-20% revenue decline, delayed customer certification and 

collections, higher SAIBOR or international benchmark rates, commodity-cost increases, project delays, reduced 

asset-sale proceeds, margin compression and inability to refinance a maturity on expected terms. Stress testing 

converts an apparently optimal base-case structure into a resilience assessment. The preferred option should remain 

manageable under credible downside conditions rather than only under the budget forecast. 

 

The fifth layer is decision intelligence and explainability. Model recommendations must be translated into 

management language. A debt proposal should show the predicted target leverage range, expected borrowing cost, 

key forecast assumptions, downside DSCR, maturity concentrations, covenant headroom and the variables that most 

strongly influence risk. Explainability tools such as feature importance, SHAP values or monotonic models can 

support this requirement, but explanations should be integrated into financial narratives rather than presented as 

technical outputs alone. 
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The framework ends with approval and continuous monitoring. Financing decisions are approved through the 

organization's delegation of authority, treasury policy and board governance. After execution, actual cash flows, 

borrowing costs and covenant metrics feed back into the system. The model is recalibrated when forecast errors, 

business changes or market shifts become material. In this sense, corporate debt optimization is not an annual 

capital-structure exercise; it is a closed-loop process of forecast, structure, approve, monitor and rebalance. 

 

 
Figure 2. Predictive financial analytics framework for corporate debt optimization. Source: Author-

developed framework. 

 

Table 3. Predictive debt-optimization layers, outputs and governance controls 

Layer Primary inputs Analytical output Decision use Control 

requirement 

Data foundation ERP, treasury, 

FP&A, project and 

market data 

Controlled 

integrated dataset 

Establish decision 

baseline 

Data ownership, 

reconciliation and 

lineage 

Predictive layer Historical and 

forecast drivers 

Cash flow, target 

leverage, risk and 

rate forecasts 

Estimate future 

states 

Out-of-sample 

validation and drift 

monitoring 

Optimization engine Feasible debt 

structures and policy 

limits 

Risk-adjusted 

structure comparison 

Select amount, tenor 

and instrument mix 

Risk-appetite and 

constraint approval 

Stress testing Downside shocks 

and combined 

scenarios 

DSCR, liquidity and 

covenant resilience 

Reject fragile 

structures 

Scenario governance 

and challenge 

Decision 

intelligence 

Model outputs and 

explanations 

Management 

recommendation 

Board/committee 

approval 

Explainability, 

override 

documentation and 

audit trail 

 

Model Inputs, Metrics and Analytical Design:- 

The predictive model should begin with transparent financial metrics because they provide a common language 

between data science and finance. Net debt-to-EBITDA measures balance-sheet leverage relative to operating 

earnings. Interest coverage can be represented as EBIT divided by interest expense, while DSCR compares cash 
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flow available for debt service with scheduled principal and interest. Liquidity measures include the current ratio, 

quick ratio, available committed facilities and minimum cash buffers. Maturity concentration can be measured as the 

proportion of total debt due within a defined period, such as twelve or twenty-four months. 

 

Predictive variables should extend beyond these ratios. Firm-level inputs can include revenue growth, EBITDA 

margin, cash-flow volatility, receivable days, customer concentration, backlog quality, capex commitments, 

dividend policy, asset tangibility, cash holdings, credit rating, forecast error and historical covenant headroom. 

Market inputs can include benchmark interest rates, sector growth, inflation, commodity prices, credit spreads and 

capital-market liquidity. Project-intensive Saudi companies should incorporate milestone certification, retention 

receivables, variation orders, expected project completion and counterparty payment behaviour. 

 

Model selection should be based on the decision rather than a preference for complexity. Linear or generalized 

models can remain useful when interpretability and stability are priorities. Random forests and gradient boosting can 

capture nonlinearities and interactions, while neural networks may be appropriate for large and rich datasets. Time-

series or recurrent methods can support cash-flow forecasting when sufficient history exists. The evidence reviewed 

by Moscatelli et al. (2020), Amini et al. (2021), Sigrist and Leuenberger (2023) and Montevechi et al. (2024) 

supports comparing multiple approaches rather than assuming one algorithm dominates. 

 

Validation must be explicitly out-of-sample and time aware. Randomly splitting observations can exaggerate 

performance when future information indirectly leaks into training data. Chronological back-testing should therefore 

test whether a model built on earlier periods predicts later financing outcomes and risk. Useful metrics depend on 

the task: RMSE and mean absolute error for cash-flow or leverage forecasts; ROC-AUC, precision, recall and 

calibration for default classification; and realized financing cost, covenant breaches and forecast accuracy for post-

decision evaluation. A production system should also compare predictive recommendations with a transparent 

benchmark so management can determine whether model complexity produces sufficient incremental value. 

 

Table 4. Core metrics and predictive extensions for debt optimization 

Metric Conventional calculation Predictive extension Management 

interpretation 

Net debt / EBITDA Net interest-bearing debt / 

EBITDA 

Forecast distribution under 

base and downside cases 

Leverage capacity and 

threshold breach 

probability 

Interest coverage EBIT / interest expense Rate-scenario and 

earnings-sensitive forecast 

Ability to absorb 

financing-cost shocks 

DSCR Cash flow available for 

debt service / scheduled 

debt service 

Multi-period forecast with 

cash-flow uncertainty 

Debt-service sustainability 

Maturity concentration Debt due in period / total 

debt 

Refinancing-cost and 

access scenarios 

Refinancing-cliff exposure 

Covenant headroom Current metric versus 

covenant threshold 

Probability and timing of 

covenant breach 

Negotiation and buffer 

requirement 

Liquidity buffer Cash + committed 

undrawn facilities 

Stressed minimum 

liquidity path 

Resilience to collection 

and project shocks 

 

Evidence-Based Strategic Implications for Saudi Enterprises:- 

The first implication is that debt optimization should be integrated with FP&A. The budget and long-range plan 

already contain management's expectations for revenue, margins, capex and working capital. Predictive analytics 

converts these assumptions into probability ranges and links them directly to debt capacity. Rather than asking 

whether a company can afford a proposed loan under the approved budget, management can estimate the probability 

that coverage or liquidity will fall below policy thresholds across a distribution of outcomes.Second, Saudi 

enterprises should manage maturity as a portfolio. Qi and Wang's (2021) evidence that debt structures can change 

materially even when total leverage is stable demonstrates why maturity and instrument composition deserve 

independent monitoring. A company with significant Vision 2030 project exposure may prefer longer maturities to 

match asset cash flows, while revolving facilities can support working-capital volatility. Predictive analytics can 

identify refinancing concentrations several years ahead and support earlier market access when conditions are 

favorable. 
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Third, the framework supports instrument selection. Bank facilities may provide relationship flexibility and staged 

drawdown; sukuk or bonds may provide larger-scale or longer-term funding and investor diversification. The 

decision should compare all-in cost, fees, disclosure requirements, execution time, covenants, refinancing 

concentration and strategic flexibility. As Saudi debt-market infrastructure deepens, firms that are financially and 

operationally prepared can use predictive analysis to determine when capital-market issuance is economically 

preferable to incremental bank borrowing.Fourth, debt optimization should include a liquidity premium for 

uncertainty. SAMA's 2025 assessment shows that listed non-financial companies maintained broadly stable liquidity 

while median leverage declined in 2024. This suggests that resilience and funding capacity can coexist. For 

corporate management, maintaining liquidity is not an inefficiency if it protects the enterprise from collection 

delays, project shocks or temporary market closure. The optimization model should therefore avoid using all 

theoretically available debt capacity. 

 

Governance, Explainability and Implementation Roadmap:- 

Predictive debt optimization affects material commitments and must therefore operate within a clear governance 

structure. The CFO should own the policy objective and risk appetite, treasury should own funding structure and 

market execution, FP&A should own integrated forecasts, and risk or internal control functions should 

independently challenge model assumptions. Data and analytics teams may develop models, but they should not 

control the financing decision they are designed to influence. 

 

Explain ability is essential. Research on financial XAI shows that predictive power alone is insufficient when 

stakeholders need to understand the basis of a decision (Bussmann et al., 2021; Nallakaruppan et al., 2024). Each 

recommendation should identify the variables driving target leverage, the assumptions producing downside cash 

flows, the reason a maturity profile is preferred and the conditions under which the recommendation changes. 

Management overrides should be permitted but documented, including the qualitative information that justified 

departure from the model. 

 

Implementation can occur in four stages. Stage one establishes data and policy readiness: standardized debt 

registers, covenant definitions, minimum liquidity, leverage limits and forecast ownership. Stage two builds 

transparent forecasting models and dashboards before introducing complex optimization. Stage three adds machine-

learning models for leverage, distress or cash-flow prediction and validates them against simpler benchmarks. Stage 

four integrates optimization, scenario analysis and continuous monitoring into treasury and board processes. 

 

Model-risk controls should include version management, independent validation, drift monitoring, periodic back-

testing and controlled access to sensitive financial data. Cybersecurity and confidentiality are particularly important 

when models use detailed customer, project or banking information. Generative AI may support document review or 

management commentary, but confidential financing data should only be processed within approved environments. 

The implementation principle is progressive sophistication: a well-governed, interpretable model with reliable data 

is more valuable than a highly complex model whose inputs, outputs and limitations cannot be defended. 
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Figure 3. Closed-loop corporate debt optimization process. Source: Author-developed framework. 

 

Discussion:- 
The evidence reviewed in this paper supports three broad conclusions. First, corporate debt optimization is a 

prediction problem as well as a corporate-finance problem. Traditional capital-structure models explain economic 

relationships, but firms make decisions using uncertain future cash flows and market conditions. The empirical 

success of machine learning in target-leverage prediction, financing-choice classification and default forecasting 

indicates that predictive techniques can improve the forward-looking information available to decision makers. The 

relevance is particularly strong when relationships are nonlinear, when firms have multiple interacting risk drivers, 

or when financing actions occur discretely rather than continuously. 

 

Second, optimization must be multi-dimensional. A debt amount cannot be judged independently from maturity, 

interest-rate structure, covenants and liquidity. Amini et al. (2021) focus on target leverage; Qi and Wang (2021) 

show that debt composition can vary materially; Cathcart et al. (2020) connect leverage with default risk; and Olson 

et al. (2021) demonstrate that loss severity itself can be modelled. Integrating these streams suggests that a complete 

system should estimate both expected financing efficiency and downside consequences. A firm should not accept a 

lower expected cost when the saving is achieved by taking disproportionate refinancing or covenant risk. 

 

Third, the Saudi context makes the framework timely. Official evidence shows rapid corporate credit growth and 

active policy efforts to deepen debt markets, yet SAMA also reports declining median leverage among listed non-

financial corporations in 2024. This combination argues against a simplistic interpretation that Vision 2030 requires 

higher corporate leverage. The more defensible conclusion is that Saudi economic transformation requires more 

efficient allocation of financing and better balance-sheet decision making. Some firms may optimally increase debt 

to fund productive projects; others may need to deleverage or lengthen maturities before undertaking additional 

investment. 

 

The proposed framework therefore defines optimization as resilience-adjusted financing efficiency. Predictive 

analytics is valuable when it improves estimates of future states, but the final decision remains normative because 

management chooses risk appetite, liquidity buffers and strategic flexibility. This is why explainability and human 

oversight are part of the optimization architecture rather than external compliance requirements. The most useful 

outcome is not a black-box answer stating the 'optimal debt ratio'; it is a structured decision package showing the 

feasible range of debt, the expected cost of alternatives, the probability of breaching constraints, the key sensitivities 

and the strategic consequences of each structure. 
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Research Gaps and Future Research:- 

The most important research gap is the limited availability of Saudi-specific empirical evidence linking machine-

learning capital-structure prediction with realized corporate financing outcomes. Future studies could construct 

panel datasets of Tadawul-listed non-financial firms and compare OLS, LASSO, random forests, gradient boosting 

and neural networks in predicting target leverage, debt issuance and maturity changes. Models should be validated 

through time rather than through purely random cross-validation. 

 

A second opportunity is transaction-level research on corporate sukuk and bank debt. Future work could test 

whether predictive indicators of cash-flow volatility, credit quality and market conditions explain instrument choice, 

tenor and pricing. A third gap concerns project-intensive companies, where accounting statements may lag 

operational risk. Combining project milestones, certified receivables, variation orders, backlog and customer-

payment data with financial ratios may improve early warning of debt-service pressure. 

 

Limitations:- 
This study is an integrative review and conceptual framework rather than a primary empirical analysis. International 

model-performance results cannot be assumed to replicate in Saudi companies because accounting practices, sector 

composition, financing instruments and market structure differ. Official Saudi indicators describe the financial 

environment but do not establish causal effects at firm level. In addition, predictive model performance can 

deteriorate when economic regimes, interest rates or business models change. The framework should therefore be 

treated as a testable architecture for implementation and future research, not as evidence that a particular algorithm 

or debt ratio is universally optimal. 

 

Conclusion:- 
Corporate debt optimization is becoming more strategically important as Saudi Arabia deepens private-sector 

financing and debt-market capacity under Vision 2030. Wider access to bank credit, sukuk and other debt 

instruments can support productive investment, but the benefits depend on how enterprises manage leverage, 

liquidity, maturity, pricing, covenant headroom and refinancing exposure. The Saudi evidence reviewed in this 

paper illustrates both sides of this environment: corporate credit expanded strongly in 2024, while listed non-

financial corporations also reduced median debt-to-assets, demonstrating that financing growth and balance-sheet 

discipline are compatible.Recent academic evidence provides a basis for adding predictive analytics to corporate-

finance practice. Machine-learning models can improve target-leverage prediction, classify financing actions and 

enhance default-risk assessment in suitable datasets. Their value, however, depends on high-quality data, 

chronological validation, transparent benchmarks and explainability. Predictive performance should support rather 

than displace financial judgement. 

 

The framework developed in this study integrates data, forecasting, optimization, stress testing, explainable decision 

intelligence and continuous monitoring. It defines the preferred debt structure as the feasible combination that 

supports strategy at an acceptable expected financing cost while maintaining liquidity, coverage, covenant and 

refinancing resilience. For Saudi CFOs, FP&A leaders and treasury teams, the practical implication is to move from 

periodic ratio-based borrowing decisions toward a closed-loop process in which debt capacity and structure are 

continuously reassessed as business conditions change. Future empirical research using Saudi corporate data can test 

whether this approach produces better financing outcomes and stronger resilience, providing an evidence base for 

advanced debt decision intelligence within the Kingdom's evolving financial system. This creates a disciplined 

bridge between Saudi financial-market development, enterprise risk appetite, and evidence-based capital allocation 

supporting sustainable long-term corporate resilience. 
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