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ABSTRACT 

 

Financial risk in agriculture is generated by the interaction of market, credit, liquidity, climate and institutional factors. 

These risks affect farm income stability, debt-servicing capacity, investment returns and long-term sustainability. Recent 

climate extremes, input-price shocks and agricultural price volatility have increased the need for early-warning tools 

that combine financial and agronomic information. Although digital agriculture platforms, FMIS/ERP systems, satellite 

monitoring, IoT sensors and AI analytics improve data availability, many platforms still lack an integrated module that 

translates accounting data into interpretable financial-risk categories. This study addresses that gap by proposing a rule-

based financial risk identification model designed for subsequent integration into digital agriculture platforms. 

Objectives: Objectives: This study develops a methodological model and a prototype system for identifying financial risks 

in agricultural enterprises. Methods/Approach: The model constructs parametric, index-based and interval spaces from 

standard financial indicators and implements them as production rules in the FIRA prototype. Results: The prototype 

calculates key risk ratios, assigns them to predefined interval states and generates an explainable financial-risk profile 

for an enterprise. Discussion: The approach complements digital agriculture and FMIS/ERP research by adding a 

transparent financial early-warning module that can be integrated with platforms such as ZEMELA.  

Conclusions: The proposed approach provides a practical basis for monitoring liquidity, solvency and cash-flow risk in 

agricultural enterprises. Its main value is decision support: it can assist farmers, advisers, lenders and insurers in early 

screening and follow-up financial planning. Empirical validation across farms and subsectors remains a necessary next 

step. 
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INTRODUCTION  

Agriculture remains one of the most risk-exposed sectors because production decisions are shaped 

simultaneously by biological processes, weather, market prices, credit conditions and policy rules. Risk in 

agriculture can therefore be understood as uncertainty affecting farm stability and return on investment 

(Harizanova-Bartos, 2021). In this article, the focus is narrower: financial risk is treated as the possibility that 

these uncertainties will weaken liquidity, solvency, debt-service capacity or profitability of agricultural 

enterprises (Costa, 2024). 
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Climate change and market volatility are two central drivers of that risk. Abnett (2025) reports that extreme 

weather events impose annual losses of more than EUR 28 billion on EU farmers, while the World Bank (2016) 

links more frequent climate extremes to production losses and higher income uncertainty. Price instability adds 

a second channel: studies of crop and input markets show that climate scenarios and meteorological factors 

contribute to agricultural price volatility, which reduces income predictability and complicates investment 

planning (Das, et al., 2025; Kumar, et al., 2025). 

Financial risk also includes constraints that are not purely climatic. Limited access to credit, currency 

movements, changes in interest rates and regulatory requirements can increase the cost of financing and reduce 

farmers' ability to absorb shocks (Costa, 2024; OECD, 2009). These mechanisms are particularly important 

for farms with seasonal cash-flow cycles, because expenditure is concentrated before harvest while income is 

received later. 

At the micro level, financial stress appears as insufficient working capital, delayed payment of liabilities, 

deterioration of liquidity ratios and, in severe cases, insolvency or market exit (Harizanova-Bartos, 2021); 

(Harwood, et al., 1999). At the macro level, correlated production losses can affect banks, insurers and regional 

economies through non-performing loans and insurance losses (Schaffnit-Chatterjee, 2010). The literature 

therefore emphasises the need for structured financial risk management. Antón, et al., 2012) show that risk-

management instruments are more effective when they combine preventive monitoring, financial planning and 

adaptation to climate-related uncertainty. For the purposes of this study, this insight motivates a decision-

support model that converts routinely available financial indicators into transparent risk categories 

Digital agriculture creates the technical conditions for such models. FMIS/ERP platforms, satellite and 

sensor monitoring, IoT devices and AI-based analytics can collect and process data on yields, costs, revenues 

and production conditions. Reviews of machine learning, remote sensing and IoT applications show that these 

technologies improve forecasting of yields and losses (Bassine, et al., 2023), while climate-smart agriculture 

guidance stresses the need to connect monitoring information with risk-management decisions (FAO, 2021). 

However, the integration of agronomic, climatic and financial information remains incomplete. OECD 

(2009) identifies the fragmentation of risk-management instruments as a persistent weakness, and Antón, et 

al., (2012) argue that climate-related risk analysis requires models that link different sources of uncertainty. 

The research gap addressed here is the absence of a compact, rule-based module that can be embedded in 

digital agriculture platforms and can translate financial statements into an interpretable early-warning signal. 

Within the national programme on smart crop production, our team has developed the regional smart-farming 

platform ZEMELA (IICT-BAS, 2021). The platform is oriented toward the needs of small and medium-sized 

producers and has already been used as a basis for event-based smart agriculture applications (Stoyanov, et al., 

2022). The contribution of this article is a methodological model and a prototype system, FIRA, for identifying 

financial risks; after empirical testing, the module is intended for integration with ZEMELA. 
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RELATED WORKS   

Previous research can be grouped into three streams: financial-risk concepts and agricultural risk 

management; digital and satellite-based risk-monitoring tools; and FMIS/ERP and fintech solutions. This 

structure keeps the review aligned with the objective of the paper: designing a model that uses standard 

financial indicators but is suitable for integration into a digital agriculture platform. 

Financial-risk concepts. The classical literature treats agricultural risk as a combination of production, price, 

institutional and financial uncertainty. (Harwood, et al., 1999) emphasise that farm risk management must 

account for both income variability and the capacity to service obligations. OECD (2011) similarly 

distinguishes normal business risks from marketable and catastrophic risks, a distinction that is useful for 

deciding when farm-level monitoring is sufficient and when insurance or public-policy instruments are needed. 

At the farm level, financial risk is expressed through liquidity pressure, indebtedness and weak cash-flow 

coverage. Seasonal production requires high upfront expenditure for inputs, labour and fuel, while revenues 

are concentrated after harvest; this structure makes working-capital management central to farm resilience. 

Price volatility amplifies the problem because energy, fertiliser and crop markets transmit shocks to one 

another (Yang, et al., 2022). 

Insurance and index-based instruments. Production losses caused by drought, floods, hail, pests or diseases 

are often transformed into financial losses through lower revenues and higher recovery costs. Index-based 

insurance seeks to reduce administrative costs and accelerate payments by linking compensation to objective 

indicators such as precipitation, temperature or vegetation indices (Bokusheva & Breustedt, 2012; Nguyen, et 

al., 2025; Raeva, et al., 2025). Yet the literature also stresses basis risk: the index may not match the actual 

loss suffered by a particular farmer (Lichtenberg &Iglesias, 2022). 

For this reason, index insurance is relevant but not sufficient for the present study. Satellite data and 

machine-learning techniques can improve loss detection and spatial calibration (Jensen, et al., 2024; Berger, 

et al., 2025), but they do not replace the need to monitor solvency, liquidity and debt-service capacity. The 

proposed model therefore complements, rather than duplicates, insurance tools: it focuses on financial early 

warning based on accounting indicators. 

Digitalisation and information systems. Digitalisation improves the availability of operational data and 

supports risk monitoring through FMIS/ERP systems, remote sensing, IoT sensors and AI models. Poppe et 

al., 2023) argue that closer integration of financial accounting and farm management information systems can 

improve sustainability and management reporting. Tummers, Kassahun, & Tekinerdogan (2021) show that 

reference architectures for FMIS must address interoperability and data exchange, which are also prerequisites 

for automated financial-risk assessment. 

Nevertheless, the literature identifies persistent implementation barriers. Small farms often face limited 

data quality, uneven coverage and insufficient digital skills (Choruma, at al., 2024). At the policy level, the 

digitalisation of agriculture requires infrastructure, standards and governance rules for data sharing (European 

Commission, 2025). These findings justify the use of a transparent rule-based model: it can operate with a 
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limited set of accounting indicators and can be explained to users more easily than a complex black-box 

algorithm. 

Fintech and blockchain-based solutions extend the scope of digital risk management by using data for 

lending, insurance and supply-chain finance. Recent studies show that fintech can improve agricultural supply-

chain finance and risk mitigation (Wan, & Cui, 2024), while blockchain architectures can support traceability 

and contract automation (Zawish, et al., 2022). These approaches, however, still require reliable input variables 

and interpretable scoring logic. The model proposed in this article supplies such logic at the level of financial 

ratios.   

The reviewed literature therefore supports the need for an integrated but parsimonious approach. Existing 

work provides strong arguments for digital monitoring, insurance innovation and financial planning; its 

limitation for our purposes is that it rarely translates standard farm financial statements into a finite set of risk 

states that can be implemented directly in an expert system. This paper addresses that limitation by constructing 

parametric, index and interval spaces and using them as rules in the FIRA prototype. 

The next section formalises this approach by defining the financial parameters, the derived indices and the 

interval-based risk classes used by the expert system. 

 

MATHEMATICAL MODEL 

The methodology operationalises the literature-based risk dimensions through a finite set of financial 

indicators. The model converts accounting data into ratios, maps the ratios into intervals and uses these interval 

memberships to identify the financial-risk state of an enterprise. The construction follows four steps: 

• Creation of a parametric space. 

• Construction of an index space. 

• Construction of an interval space. 

• Specifying the types of risks in the interval space. 

Parametric space. We define this space as SPACEpar = P1× P2× … × P13, where Pi, i = 1, …, 13., denote 

the primary financial indicators selected for the analysis. The indicators were selected because they are 

available in standard financial statements and because they represent capital structure, liquidity, debt service 

and cash-flow generation. Their names and economic interpretation are summarised in Table 1. 

 

Table 1. Identifiers, Names and Nature of the Input Parameters 
Parameter Name Nature of the output parameters 

P1 Equity The enterprise’s own financial resources 

P2 Borrowed capital Financial resources raised from external sources 

P3 Total liabilities Liabilities to creditors and suppliers 

P4 Total assets Total economic resources 

P5 Current assets Current assets with a short life cycle 

P6 Current liabilities Liabilities maturing within one year 

https://doi.org/10.46656/access.2026.7.3(1)
https://journal.access-bg.org/


 

ACCESS Journal:  

Access to Science, Business, Innovation in Digital Economy 

ISSN 2683-1007 (Online) 

2026, 7(3), 489-502, https://doi.org/10.46656/access.2026.7.3(1)   https://journal.access-bg.org/ 
 

493 
 

P7 Inventories Inventories 

P8 Cash Highly liquid financial assets 

P9 Earnings before interest and tax (EBIT) Operating profit 

P10 Interest expense Financial expense on borrowed capital 

P11 Cash flow from operating activities Net cash flow from operating activities 

P12 Free cash flow (FCF) as a percentage of 

revenue 

Relative cash ratio (ratio of free cash flow to revenue) 

P13 Total revenue  

 

The analytical role, type and source of the input parameters are set out in Table 2.  

 

Table 2. Purpose, Type and Source of Input Parameters 
Parameter Purpose in the analysis Type of indicator Source 

P1 Assessment of capital structure and financial stability Balance sheet aggregate Balance sheet 

P2 Analysis of financial leverage and indebtedness Balance sheet aggregate Balance sheet 

P3 Assessment of solvency and financial risk Balance sheet aggregate Balance sheet 

P4 Analysis of resource potential and asset structure Balance sheet aggregate Balance sheet 

P5 Assessment of liquidity and working capital Balance sheet aggregate Balance sheet 

P6 Analysis of short-term solvency Balance sheet aggregate Balance sheet 

P7 Analysis of inventory policy and asset turnover Balance sheet aggregate Balance sheet 

P8 Assessment of immediate liquidity Balance sheet aggregate Balance sheet 

P9 Analysis of the management of temporarily available 

cash resources 

Balance sheet aggregate Balance sheet 

P10 Assessment of operational efficiency and profitability Reported indicator Income 

statement 

P11 Analysis of the cost of debt financing Reported indicator Income and 

Expenditure 

Statement 

P12 Assessment of cash-generating capacity Cash flow indicator Cash flow 

statement 

P13 Assessment of the efficiency of free cash flow 

generation relative to sales volume and the financial 

stability of the enterprise 

Cash efficiency ratio 

(cash flow profitability) 

Cash Flow 

Statement and 

Income 

Statement 

 

Index space. We define the index space as SPACEind = I1  x I2  x … x I8 , where Ii , i = 1, …, 8 are derived 

financial ratios. This step reduces the primary parameter space to a set of comparable indicators and is shown 

in Table 3. 

Table 3. Risk Indices 

 

 

 

  

 

 

 

Index Name Reduction formula 

I1 D/E ratio P2 / P1 

I2 Leverage P3 / P4 

I3 Current ratio P5 / P6 

I4 Quick liquidity ratio (P5  - P7 ) / P6 

I5 Quick liquidity ratio P8 / P6 

I6 Interest coverage ratio P9 / P10 

I7 Operating cash flow ratio P11 / P6 

I8 Free cash flow (as % of revenue) P12 / P13 
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The nature, purpose and type of the indices are summarised in Table 4.   

Table 4. Nature, Purpose and Type of Indices 
 

Index Nature Purpose Type 

I1 Capital structure ratio  Assessment of indebtedness and financial leverage Structural 

financial ratio 

I2 Financial multiplier  Assessment of the effect of using debt capital on 

returns 

Structural 

financial ratio 

I3 Current liquidity ratio  Assessment of the ability to meet short-term 

liabilities 

Liquidity ratio 

I4 Quick liquidity ratio  Assessment of liquidity excluding inventories Current ratio 

I5 Cash liquidity ratio Assessment of immediate solvency Liquidity ratio 

I6 Debt service ratio  Assessment of the ability to pay interest on debt Solvency ratio 

I7 Cash flow stability ratio  Assessment of the ability to cover liabilities with 

operating cash flow 

Cash ratio 

I8 Relative cash ratio  Assessment of the effectiveness of free cash flow 

generation relative to sales 

Cash ratio 

 Although the index space is a reduction of the parametric space, it remains infinite. 

 

 Interval space. The continuous index space is discretised by defining five intervals for each index. Thus, 

each enterprise is represented by an eight-dimensional vector of interval memberships. The intervals for the 

indices are presented in Table 5. 

Table 5. Index Intervals 
Index  IN1 IN2 IN3 IN4 IN5 

I1 0.7 – 0.9 0.3 – 0.5 1.0 – 1.3 1.5 – 2.0 > 2.0 

I2 0.35 – 0.50 0.20 – 0.35 0.50 – 0.60 0.60 – 0.70 > 0.70 

I3 2.0 – 2.6 > 2.6 1.8 – 2.0 1.2 – 1.5 < 1.0 

I4 0.9 – 1.2 > 1.2 0.8 – 0.9 0.6 – 0.8 < 0.6 

I5 0.30 – 0.40 0.40 – 0.60 0.20 – 0.30 0.10 – 0.20 < 0.10 

I6 3.0 – 4.5 > 4.5 2.0 – 2.5 1.0 – 2.0 < 1.0 

I7 1.5 – 2.5 > 2.5 1.0 – 1.5 0.8 – 1.0 < 0.8 

I8 10 – 15% > 20% 5–10% 0–5% < 0% 

  

The intervals in Table 5 are used as operational thresholds rather than as universal accounting norms. They 

reflect established interpretations of leverage, liquidity, interest-coverage and cash-flow ratios, but they may 

require calibration by farm size, subsector and country. This clarification is important because the model is 

intended as a decision-support tool and not as a substitute for professional financial analysis. 

The selection of indices ensures analytical representativeness and practical feasibility. The ratios can be 

calculated from standard balance-sheet, income-statement and cash-flow data, which makes the model suitable 

for automated implementation in FMIS/ERP or smart-farming platforms. The combination of structural, 

liquidity and cash-flow indicators provide a balanced view of the financial condition without overloading the 

system with variables that are difficult for small farms to provide. 

From the formal perspective, discretisation enables rule-based reasoning. Once each ratio is assigned to an 

interval, the continuous financial space is converted into a finite state space. This makes it possible to define 
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production rules that connect combinations of interval memberships with risk interpretations and 

recommendations. 

With eight indices and five possible interval states for each index, the interval space contains 8^5 = 32,768 

possible configurations. In practice, the system does not enumerate all configurations; it evaluates the observed 

interval membership of each index and compares the resulting profile with characteristic risk patterns.   

Risk types in the interval space. We define five characteristic risk profiles, R1, R2, ..., R5, corresponding 

to the five interval states used in the model. A risk profile is represented by the interval membership of all 

eight indices: 

 R1  =  I1  × I2  × … × I8  ∈ IN1 

 R2  =  I1  × I2  × … × I8  ∈ IN2 

 R3  =  I1  × I2  × … × I8  ∈ IN3 

 R4  =  I1  × I2  × … × I8  ∈ IN4 

 R5  =  I1  × I2  × … × I8  ∈ IN5 

 

FIRA PROTOTYPE SYSTEM FOR IDENTIFYING FINANCIAL RISKS 

Based on the mathematical model, we developed FIRA (Financial Risk Assessment), a prototype rule-based 

expert system implemented in the FLEX environment (Shalfield, et al., 2021). FIRA is designed to test whether 

the proposed parametric-index-interval structure can be transformed into executable decision rules. The 

prototype architecture consists of four components (Fig. 1). 

 

Figure 1. General Architecture of the FIRA Prototype System 
Source: developed by the authors 

 

Knowledge base. The knowledge base stores and organises the domain knowledge required for the 

financial-risk assessment task. In FIRA, this knowledge is the software implementation of the mathematical 

model presented above. The model is encoded as production rules and frames, which provide a transparent 

way to represent financial indicators, interval states and risk interpretations. 

Figure 2 shows an example rule that calculates the D/E ratio using equity and borrowed capital.  
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Figure 2. Rule for calculating the D/E ratio 
Source: developed by the authors 

 

Frames in the prototype represent the current state of the firm under assessment. For example, the frame 

rframe_financial_stability contains the status of the eight indices for the analysed enterprise. Initially, each 

status is set to unknown and is updated after the relevant rule has been activated (Fig. 3). 

 

Figure 3. Starting Initialisation of a Rule 
Source: developed by the authors 

 

Inference engine. In rule-based artificial intelligence systems, the inference engine is a key software 

component that applies logical rules to a knowledge base to derive new information, draw conclusions or make 

decisions. In FIRA, the inference engine selects and activates the rules required for identifying financial risk 

on the basis of the parameters entered by the user. The results are recorded in the knowledge base as frame 

values. 

When FIRA is launched, the inference engine is activated, as shown in Figure 4.  

  

 Figure 4. Exclusion of already applied rules from subsequent inference 
Source: developed by the authors 
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In the standard operating mode, rules that have already fired are removed from subsequent consideration 

(Fig. 5). This prevents repeated activation of the same rule and makes the inference trace easier to follow. 

The inference engine interacts with the other component. If a required parameter such as equity or borrowed 

capital is missing from the knowledge base, the dialogue component asks the user to provide it before the rule 

determine_de_ratio is executed. 

 

 

Figure 5. Exclusion of already applied rules from subsequent inference 
Source: developed by the authors 

 

Explanatory component. The system initially stores the assessment results as frame values, which are 

suitable for internal processing but difficult for users to interpret directly. The explanatory component converts 

these values into a readable report and visualises the assessed risk profile.  

Dialogue component. This component manages interaction between the user and the system. It requests 

the input parameters needed for risk analysis and transfers them to the inference engine when a rule requires 

additional data.  

 

Figure 6. Results of the assessment of a specific firm 
Source: developed by the authors 

The prototype was tested with a real-world company to demonstrate the complete inference cycle. Figure 

6 presents the generated report, including the index values, interval states and final interpretation. The analysed 

enterprise is classified as financially stable, with low debt and high liquidity buffers, but the report also 
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identifies low efficiency and a conservative investment profile. The recommended strategy is a controlled 

increase in investment activity. 

 

RESULTS 

The FIRA prototype successfully transformed the input financial parameters into an index configuration and 

an interval configuration. The report in Figure 6 shows that the system calculates the D/E ratio, financial 

leverage, current ratio, quick ratio, immediate liquidity, interest-coverage ratio, operating cash-flow ratio and 

free-cash-flow ratio, and then assigns each index to its corresponding interval state. 

For the demonstrated company, the interval profile is predominantly conservative. The system interprets 

this profile as a stable financial condition characterised by low debt, high liquidity buffers and low leverage. 

At the same time, the report identifies low efficiency and a likely underinvestment tendency, which leads to 

the recommendation for a controlled increase in investment activity rather than a defensive liquidity-

preservation strategy. 

The result should be interpreted as functional validation of the prototype rather than as statistical validation 

of the model. The test demonstrates that the proposed rules can generate a consistent and explainable 

assessment from standard accounting inputs. A larger empirical evaluation across farms, years and subsectors 

is required to measure classification accuracy, timeliness of warning signals and robustness of the interval 

thresholds. 

 

DISCUSSION 

The results complement existing literature by addressing the separation between farm operational data and 

accounting information. Previous studies argue that FMIS and ERP systems improve farm management when 

they connect financial accounting with field-level data (Poppe, Vrolijk & Bosloper, 2023; Tummers, 

Kassahun, & Tekinerdogan, 2021). FIRA contributes to this stream by specifying how financial-statement data 

can be transformed into a rule-based early-warning module. 

The approach also differs from index insurance and satellite-based loss assessment. Those tools are 

primarily designed to compensate or estimate production losses, while FIRA evaluates the financial capacity 

of a farm to absorb shocks. In this sense, the model can operate alongside insurance products: satellite or 

weather indicators can alert the producer to production risk, and the financial module can show whether 

liquidity and solvency are sufficient to withstand the shock. 

The practical implications are most direct for small and medium-sized farms. Farmers can use the output 

to monitor liquidity, negotiate credit and choose between investment and risk-reduction strategies. Banks and 

insurers can use the same profile as a transparent screening signal, while policymakers can aggregate 

anonymised profiles to identify sectors or regions with increasing financial vulnerability. Integration with 

ZEMELA would make this functionality available within a platform already oriented toward regional smart 

agriculture. 
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The main limitation is that the interval thresholds are expert-defined and require empirical calibration. Data 

quality is another limitation: incomplete accounting data, delayed updates or inconsistent classification of farm 

expenses can distort the risk profile. Future work should therefore combine rule-based reasoning with 

econometric and machine-learning validation, include ESG and regulatory indicators, and test the model on a 

longitudinal dataset of farms. 

 

CONCLUSION  

This study developed a methodological model and the FIRA prototype system for identifying financial risks 

in agricultural enterprises. The model reduces standard financial-statement data to eight risk indices, maps 

them into interval states and applies rule-based reasoning to produce an interpretable financial-risk profile. 

The prototype demonstrates that such a model can be implemented as a decision-support component suitable 

for integration into digital agriculture platforms. 

The added value of the approach lies in its transparency and practical applicability. It does not require 

extensive data that small farms may be unable to provide, and its rule-based output can be explained to farmers, 

advisers, banks and insurers. At the same time, the model should be regarded as a foundation for further 

validation rather than as a final predictive instrument. 

Future research will focus on testing the model in pilot environments, calibrating the interval thresholds for 

different agricultural subsectors, and extending the knowledge base with ESG, regulatory and climate-related 

indicators. These steps will support the development of a more sustainable, digitalised and financially stable 

agricultural sector under conditions of increasing uncertainty. 

Overall, the proposed approach contributes to the digital transformation of agricultural risk management 

by linking financial analysis with intelligent decision support and by preparing the model for further integration 

with smart-farming platforms. 
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