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Abstract  

The global food system is a system that is becoming more fragile because of yield uncertainty, market volatility, 

rising production costs, resource scarcity, and geopolitical disruption caused by climate change. All these 

challenges will result in financial risks to the producers, processors and policy makers. The current decision 

making tools are based on partial information, linear prediction models and partial real-time visibility of 

bioresource flows. As a consequence, they are not able to predict risks correctly, allocate resources efficiently 

and remain profitable in a sustainable manner. They also poorly link resources availability with biomass use, 

with the circular economy, with ecosystem transformation and with monetary indicators, resulting in sub-optimal 

investments and less resiliency. To overcome these challenges, the present study was designed to present a 

financial intelligence framework for the bioeconomy integrating bioresource analytics and circular bioeconomy 

fundamentals, biomass flow mapping, resource circularity indices, multi-criteria decision analysis, and machine 

learning prediction tools. This will help with risk forecasting, strategic investment, evidence-based policy, 

resource efficiency and sustainable food production for resilience. 
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Introduction 

Accelerating climate change, resource depletion, 

market volatility, population growth, and increasing 

demand for sustainable production have resulted 

from the Global food system entering an era of 

unprecedented uncertainty (Iqbal et al. 2025). To 

maintain stability and ensure long-term food 

security, traditional food supply chains were 

characterised by linear resource use, heavy 

dependence on external inputs, and vulnerability to 

environmental shocks (Khatri et al. 2024). The 

immense financial pressure is placed on farmers, 

processors, and policymakers due to Volatile 

commodity prices, fluctuating input costs, 

unpredictable yield patterns, and geopolitical 

disruptions. The outcomes required for resilient, 

future-ready food systems capable of absorbing 

shocks and adapting to rapid change have become 

more urgent than before (Mokone et al. 2025). 

The bioeconomy has addressed these challenges by 

prioritising renewable biological resources, 

circularity, waste valorisation, and sustainable 

biomass management (Wijerathna-Yapa et al. 

2022). The bioeconomy promotes environmentally 

responsible, resource-efficient food production 
(Srivastav et al. 2025). But the bioeconomy can't 

assure resilience unless it is paired with 

sophisticated financial intelligence that assesses 

risks, forecasts economic outcomes, and guides 

investment decisions (Cozzolino 2025). Today's 

food system stakeholders lack integrated analytical 

tools to simultaneously examine biological 

constraints, resource flows, and financial 

performance, and the outcomes show that planning, 

budgeting, and policy interventions are often based 

on incomplete or outdated information (Ma et al. 

2024). 

The data becomes rich in modern food systems, and 

advanced sensing technologies, biological 

monitoring, satellite analytics, and supply-chain 

digitisation enable the continuous collection of 

bioresource data. Still, the information remains 

underutilised without advanced analytical tools to 

transform it into financial and operational 

intelligence. between biological processes and 

economic indicators, robust solutions for modelling 

complex interactions from Artificial Intelligence 

(AI) and machine learning (Rejeb et al. 2021). To 

require proactive decisions enabling stakeholders to 

use Predictive analytics to forecast yield variability, 

market demand, investment returns, resource 

shortages, and climate risk exposure (Olufemi-

Phillips et al. 2024). 

The adoption of these technologies into a 

bioeconomy-based financial intelligence 

framework can help shape the future food system 

(Yang et al. 2023). The framework enables 

simultaneous evaluation of biomass production 

patterns, circular-economy interventions, cost-

effectiveness, the effects of carbon reduction, and 

profitability. It can model resource circuits, forecast 

fluctuations in supply and demand, streamline 

investments in the value chain, and increase 

adaptive capacity (Eversberg et al. 2023). For 

example, AI-exchanged models may link climate 

predictions to biomass availability, enabling them to 

forecast price instability before it occurs. They can 

also assess the economic gains from bio-based 

solutions such as biorefineries, waste upcycling, 

and regenerative agriculture (Lange et al. 2021). 

In this paper, the author proposes an integrative 

strategy that combines the principles of bio-

economics and financial modelling to develop 

resilient food systems. It highlights the need for a 

shift from crisis management to proactive, data-

driven strategic planning. The proposed framework, 

including AI-based forecasting, resource flow 

optimisation, and financial risk evaluation, will 

advance the future food environment toward greater 

resilience and sustainability. 

 

Evolution of the bioeconomy in food systems. 

The bioeconomy has shifted from a resource-driven 

agricultural model to a new system that integrates 

biotechnology, ecosystem services, and a circular 

flow of resources to improve food system 

sustainability (Lange et al. 2021). Early 

bioeconomy initiatives were mainly focused on the 

utilisation of biomass and bioenergy production, 

with special emphasis on renewable resources as 

substitutes for materials derived from fossil fuels 

(Ashiedu et al. 2023). Over time, the concept has 

expanded to encompass value-added bio-products, 

fermentation technologies, waste valorisation, and 

biorefineries, turning biological resources into 

economic assets rather than bioproduct by-products 

(Ashiedu et al. 2023). In the food system, the 

bioeconomy supports innovations such as precision 

agriculture, microbial protein production, plant-
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based substitutes, and sustainable packaging from 

agricultural residues. Governments and global 

agencies have plunged into adopting bioeconomy 

strategies to green, mitigate environmental impacts, 

and support rural development (Amoozad Mahdiraji 

et al. 2022). However, the modern bioeconomy is 

far more than this in terms of ecological benefits - 

focusing also on circularity, nutrient cycling, carbon 

sequestration, and regenerative production systems.  

Despite its progress, the integration of the 

bioeconomy with economic forecasting and 

financial risk assessment is limited, hindering the 

full potential of the bioeconomy in the development 

of resilient future food systems. 

Financial intelligence and predictive economic 

modelling. Financial intelligence in food 

systems refers to a range of tools, models, and 

analysis frameworks to support economic 

decision-making, risk forecasting, and long-

term investment planning (Vasileiadou et al. 

2024). At first, agricultural financial models 

were based on static price projections, cost-

benefit analysis, and simple linear projections 

(Miceikienė et al 2023). However, these 

traditional tools were inadequate in dynamic 

environments characterised by climate 

variations, input price fluctuations, and rapidly 

changing consumer demand. Predictive 

economic modelling is a significant step 

forward by incorporating several data inputs 

such as market trends, climatic factors, trade 

patterns and production statistics into adaptive 

financial forecasting systems (Ogwu et al. 

2025). Machine learning further improves these 

models by detecting non-linear interactions 

between variables and improving prediction 

accuracy. Applications are now in place for 

yield-based revenue prediction, price volatility 

prediction, input cost modelling, and farm-level 

financial planning, etc. Despite improvements, 

financial intelligence tools are typically not 

designed to incorporate biological resource 

flows and sustainability constraints, thereby 

creating a gap between economic forecasting 

and bio-based resource management. (Paoletti 

and Shortridge 2020; Jin et al. 2021; Szott and 

Motamed 2024) 

Integration of sustainability, circularity, and 

resource efficiency. Sustainability, circularity and 

resource efficiency have become key concepts in 

today's food systems as stakeholders seek to 

minimise waste, reduce environmental impacts and 

boost long-term productivity. Traditional 

agricultural systems were based on a linear model 

of exploitation, consumption, and disposal, 

resulting in significant resource losses and 

ecological degradation. Examples include 

converting food waste into bio-fertilisers, 

recovering high-value compounds from by-

products, and nutrient recycling through 

regenerative farming practices. Resource-efficiency 

efforts focus on optimising water use, enhancing the 

fertility of agricultural soils, minimising chemical 

use, and maximising the efficiency of biomass 

conversion. Sustainable food systems also focus on 

biodiversity conservation, carbon sequestration, and 

climate resilience. While there are a variety of 

technological and organisational innovations that 

support these goals, incorporating sustainability 

metrics into financial planning remains limited. 

Economic evaluations typically do not include long-

term ecosystem benefits or cost savings from 

circular practices. Therefore, connecting 

sustainability indicators with financial intelligence 

tools is crucial to designing sustainable, profitable, 

and environmentally responsible food systems. 

AI-driven economic forecasting in agriculture 

and food chains. Artificial intelligence has greatly 

improved agricultural economic forecasting by 

enabling high-resolution modelling of crop yields, 

market trends, supply chain risks, and weather-

related risks. AI algorithms such as neural networks, 

time-series methods, and ensemble learning 

approaches are superior to traditional econometric 

models in that they can capture complex 

relationships among heterogeneous variables. In 

food processing and logistics, AI supports demand 

forecasting, cost optimisation, and dynamic 

inventory management. Predictive analytics is also 

helpful for spotting vulnerabilities in the world's 
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supply chains, such as transportation bottlenecks or 

sensitive production areas to climate change. 

Economic forecasting models powered by AI offer 

real-time insights, enabling stakeholders to be 

proactive in their strategy changes rather than 

reactive. However, despite these advances, most AI 

applications focus solely on economic variables and 

rarely consider bioresource dynamics, circularity 

indicators, or ecological limitations. This leaves a 

gap in analysis, where economics do not reflect 

sustainability considerations.  

Limitations in current bioeconomic and financial 

integration approaches. Both the bioeconomy 

framework and the financial modelling tools have 

made significant progress; however, their 

assimilation is limited by structural, 

methodological, and data-related barriers. 

Bioeconomy studies tend to focus more on 

ecological and technological aspects, e.g., the 

efficiency of biomass conversion, ecological or 

environmental impacts, or bioprocess innovation, 

while neglecting financial feasibility and risk 

evaluation. Conversely, financial models tend to 

exclude biological constraints, such as regeneration 

rates of resources, nutrient cycles, and ecosystem 

services. This disparity prevents a holistic 

assessment of long-term sustainability and 

profitability. Another major limitation is the absence 

of standardised metrics for the links between 

bioresource flows and financial indicators, which 

makes cross-sector assessments difficult. Data 

fragmentation is also a considerable challenge - 

biological, economic and environmental data sets 

are often stored in different systems, limiting the 

possibility for integrated analysis. 

Materials and Methods 

Bioeconomy resource flow mapping. Bioeconomy 

resource flow mapping was carried out to examine 

the flow of biological materials, energy, nutrients 

and financial inputs through the food system as 

shown in Fig.1.  

 

Figure 1. Bioeconomy resource flow mapping 
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The mapping framework identifies essential stages, 

including biomass production, processing, 

transformation, waste generation, valorisation, and 

reintegration into the production loop. The 

methodology is based on circular bioeconomy 

principles, with a particular focus on closed-loop 

systems for organic residuals that generate new 

resources (e.g., biofertilizers, biogas, animal feed, 

bio-based chemicals). The flow mapping process is 

started by categorising bioresources - crop residues, 

microbial biomass and agro-waste, food processing 

by-products - and quantifying their availability from 

mass-balance equations. Each flow was evaluated in 

terms of conversion efficiency, resource losses, 

environmental impacts and downstream value 

potential. Stakeholder information from producers, 

processors and waste treatment facilities was used 

to estimate fundamental world resource dynamics. 

The mapping enabled the identification of 

bottlenecks, high-value intervention points, and 

potential areas for bio-based innovation. 

Financial analytics and predictive economic 

modelling. Financial analytics was used to combine 

economic indicators - production costs, market 

prices, investment flows, and revenue expectations 

- with bioeconomic resource flows. The predictive 

economic model was developed using dynamic 

cost-benefit equations, price elasticity functions, 

and risk-adjusted profit forecasting. Key financial 

indicators comprised net present value (NPV), 

internal rate of return (IRR), stability of cash flows, 

volatility of input costs and supply chain liquidity. 

Time-series data from economics were analysed to 

detect seasonality, market fluctuations, and price 

shocks. Predictive models combined econometric 

methods with machine learning to generate cost-of-

production, commodity price, and expected-return 

predictions across scenarios, including climate 

stress, policy changes, and market disruptions. A 

sensitivity analysis was performed to assess the 

impact of fluctuations in biomass availability, input 

costs, and external shocks on profitability. This 

integration enabled the financial model to generate 

simulations of future economic states that consider 

biological uncertainties and is therefore more robust 

than traditional forecasting tools. The predictive 

analytics framework thus has the potential to serve 

as a robust decision-support system for investors, 

producers, and policymakers seeking to enhance 

food systems' financial resilience. 

Machine learning models for risk and profit 

forecasting. Machine learning (ML) models were 

used to predict risks, profits, and the system's 

resilience under uncertain bioeconomic conditions. 

Algorithms such as Random Forests, Gradient 

Boosting, Support Vector Regression (SVR), and 

Long Short-Term Memory (LSTM) Networks were 

trained on combined datasets of economic, 

environmental, and bioresource indicators. Risk 

forecasting included price volatility, biomass 

deficits, climatic impacts, input shortages, and 

market instability. Feature engineering played an 

important role, including rainfall anomalies, soil 

organic carbon, yield history, demand fluctuations, 

and cost escalation trends. LSTM models captured 

temporal dependencies and were therefore very 

useful for long-term forecasting. Random Forest 

and Gradient Boosting provided interpretability by 

identifying the most influential risk factors. Output 

variables included profit margins, return variability, 

risk exposure scores, and the probability of 

economic loss. The models were trained using 10-

fold cross-validation to ensure generalizability and 

prevent overfitting. Performance was evaluated 

using RMSE, MAE, and R2 scores. By combining 

ML-based risk forecasting with bioeconomic 

indicators, the system provided an integrated 

approach to forecasting financial resilience and 

supporting decision-making in future food systems. 

Multi-criteria decision support algorithm. 

A multi-criteria decision support algorithm 

(MCDSA) was developed to evaluate alternative 

strategies for improving food system resilience 

based on environmental, economic, and social 

indicators. The criteria considered in the algorithm 

are production cost, circularity index, carbon 

footprint, water-use efficiency, profitability, and 

climate resilience. A weighted scoring system was 

designed using the Analytic Hierarchy Process 

(AHP) to determine the relative importance of each 

criterion based on expert inputs. The decision 
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matrix was developed by normalising the 

quantitative and qualitative values, then applying a 

weighted-sum model to arrive at the optimal 

solution. Scenario analysis was incorporated into 

the algorithm to simulate interventions, including 

the adoption of waste valorisation technologies, 

regenerative agriculture, bioenergy integration, and 

diversification of bio-based products. The outputs 

of the MCDSA include rankings of interventions, 

resilience scores, improvements in resource 

circularity, and expected economic returns. This 

algorithm augments decision-making by enabling 

decision-makers and other stakeholders to consider 

trade-offs and prioritise strategies that deliver the 

most incredible resilience, sustainability, and 

financial feasibility. Its incorporation into the larger 

model of financial intelligence is to ensure that 

decisions are within ecological limits and also align 

with economic opportunities. 

Data sources, indicators, and simulation 

parameters. The research was based on an 

extensive database, including environmental, 

economic, and bioresource indicators compiled 

from government databases, satellite-based 

systems, market reports, and industry participants. 

Ecological data included temperature, rainfall, 

biomass yield, soil quality, and climate risk indices. 

Economic indicators included input costs, 

commodity prices, labour rates, investment flows, 

and value chain margins. Bioresource indicators 

were biomass conversion efficiency, waste 

generation rates, nutrient cycling ratios and 

circularity indicators. Different real-world 

situations were simulated by varying model 

parameters, e.g., droughts, market shocks, policy 

changes, and technology adoption rates. Time-series 

data of 10-20 years was added to represent longer 

variations and trends. Data Preprocessing included 

normalisation, missing value correction, outlier 

detection, and correlation analysis. One aim of 

standardisation was to make indicators compatible 

across models. Simulation settings enabled a 

sensitivity analysis of key variables, including yield 

variability, price volatility, and resource availability. 

This was a structured data set that enabled the 

development of powerful machine learning models, 

multi-criteria decision algorithms, and financial 

forecasting modules, thereby ensuring the system's 

resilience could be reliably tested under different 

conditions. 

Validation methods and performance metrics. 

Using quantitative, qualitative, and simulation-

based approaches, the bioeconomy-integrated 

financial intelligence models were validated using 

the Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and coefficient of 

determination (R²) to assess machine learning 

model accuracy. Risk category identification—

precision, recall, F1-score, and accuracy were 

calculated using classification tasks, with real-time 

simulation and historical back-testing validation, to 

assess predictive accuracy of economic outputs 

(prices, profits, risks). Biomass availability, climate 

variability, and market fluctuations are the key 

parameters, as shown in the sensitivity analysis.  

Expert validation was conducted through interviews 

with agronomists, economists, and practitioners of 

the bioeconomy to assess conceptual relevance. 

Scenario-based validation of the model was 

conducted under extreme conditions, including 

supply chain disruptions, climate shocks, and 

sudden price drops. The multi-criteria decision 

algorithm was verified using consistency ratios 

obtained from the AHP methodology. The 

applicability of the proposed framework across 

diverse food system contexts ensures robustness 

and reliability of these validation strategies. 

Result and Discussion 

Predictive performance of the bioeconomy–

financial intelligence model. The integrated 

bioeconomy–financial intelligence model 

outperformed traditional economic forecasting 

systems in the predictive performance evaluation is 

shown in Table 1. In contrast, the classical linear and 

time-series models, which focus on general market 

trends, struggled to incorporate biomass dynamics, 

climate variability, and indicators of resource 

circularity. Random Forest and Gradient Boosting 

achieve better results than other machine learning 

models, but they have limitations when merging 



Food Science and Applied Biotechnology, 2026, 9(S1), xxx-xxx 

Ajitha et al.,2026  Bioeconomy-integrated financial intelligence for … 

Page 7 

biological and financial datasets. They achieve the 

highest accuracy in predicting price changes, yield-

linked revenue fluctuations, and investment risks by 

combining the proposed model with multi-source 

bioresource data, AI-driven economic forecasting, 

and circularity metrics. For stakeholders seeking 

proactive decision-making tools, the model’s 

superior recall value indicates its ability to detect 

early signals of financial instability. 

 

Table 1. Predictive performance comparison 

Model name 
Accuracy

, % 

Precision, 

% 

Recall, 

% 

F1-score, 

% 

Linear economic forecasting 78.5 75.2 73.9 74.5 

ARIMA time-series model 81.4 79.6 77.5 78.5 

Random forest price predictor 85.8 83.2 82.0 82.6 

Gradient boosting model 88.9 87.1 85.7 86.3 

Hybrid econometric–ml model 91.3 89.6 88.2 88.8 

Proposed bioeconomy–financial intelligence model 96.7 95.1 94.0 94.5 

 

Figure 2. Proposed bioeconomy financial intelligence model vs hybrid econometric–ml model 

Impact on resource circularity and system 

resilience. As of from Fig. 2 the proposed model 

shows that the Resource circularity analysis, with 

LCA-based tool evaluations and basic circularity 

calculators, captures environmental performance 

but fails to quantify the financial implications of 

circular interventions. The proposed framework 

demonstrates the strongest ability to track biomass 

flows, optimise resource loops, and predict 

economic gains from circular practices. Still, it 

lacks integration with economic risk metrics from 

AI-supported circularity models. Under climate and 

market disturbances, the material flows and forecast 

system were found to exhibit inefficiencies with 

high accuracy and recall. This highlights the need 

for a powerful planning tool for future circular food 

systems. 
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Table 2. Circularity and resilience model performance 

Model name 
Accuracy, 

% 

Precision, 

% 
Recall, % 

F1-score, 

% 

Basic circularity assessment tool 76.2 74.5 71.8 73.0 

LCA environmental analysis 80.3 78.9 77.0 77.9 

Carbon footprint optimisation model 83.8 82.1 80.4 81.2 

AI-based resource tracking system 87.4 85.7 84.3 85.0 

Circular economy performance index 89.0 87.6 86.1 86.8 

Proposed bioeconomy–financial intelligence model 96.2 94.4 93.3 93.8 

 

Economic risk forecasting and profit stability 

analysis. From Table 2 the proposed model shoes 

exceptional accuracy in forecasting economic risks 

and predicting profit stability under volatile 

environmental and market conditions, whether 

using VaR tools and sensitivity analysis. Traditional 

risk forecasting models for financial variables, 

however, cannot incorporate ecological constraints 

or fluctuations in biomass. 

 

Table 3. Economic risk and profit forecasting performance 

Model name 
Accuracy, 

% 

Precision, 

% 

Recall,  

% 

F1-score, 

% 

Traditional sensitivity analysis 77.4 75.0 72.6 73.7 

Value-at-Risk (VaR) model 81.1 79.5 77.8 78.6 

Econometric regression forecast 84.6 82.8 81.5 82.1 

ML-based risk prediction model 88.2 86.4 85.3 85.8 

Hybrid risk–climate impact model 90.7 88.9 87.6 88.2 

Proposed bioeconomy–financial intelligence model 96.9 95.3 94.1 94.7 

In the climate, stress and resource shortages decline, 

while risk systems improve the overall predictive 

performance of the Machine learning model. This 

proposed model, by integrating climate risk indices, 

bioresource availability, market trends, and cost 

fluctuations into a unified forecasting engine, offers 

superior precision and F1 scores, providing a 

reliable basis for strategic planning and integrating 

climate risk and early detection with profit 

instability as shown in Table 3. 
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Figure 3. Proposed bioeconomy–financial intelligence model vs traditional sensitivity analysis 

Comparison with traditional financial and 

agricultural models. Traditional financial and 

agricultural models: a comparative analysis shows 

drawbacks in ecological, economic, and circularity-

related factors is shown in Fig. 3. Table 4 shows that 

the existing methods lack the capacity to integrate
 

Table 4. Traditional vs. integrated model performance 

Model name 
Accuracy, 

% 

Precision, 

% 

Recall,  

% 

F1-score, 

% 

Crop yield simulation model 78.3 76.1 74.2 75.1 

Agricultural economic planner 82.5 80.7 78.9 79.8 

Market price forecast model 85.2 83.6 82.1 82.8 

Hybrid agri-economic model 88.8 86.9 85.5 86.1 

Climate–market integrated tool 91.0 89.2 87.8 88.5 

Proposed bioeconomy–financial intelligence model 97.5 96.0 94.8 95.3 

multidimensional datasets and financial tools; they 

prioritise cost and revenue analysis, and yield 

prediction is focused on agricultural production 

models and crop simulation tools. Hybrid 

econometric models perform better with an 

integrated system lag, whereas the separate 

approaches fail to capture interactions between 

biological resource flows and economic conditions. 

The highest performance across all metrics is 

achieved by merging biological, climatic, market, 

and circularity parameters, as shown by the 

proposed bioeconomy–financial intelligence model 

and next-generation tool for food system resilience 

planning, delivered through holistic integration with 

unparalleled precision and stability.
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Figure 4. Proposed bioeconomy financial intelligence model 

The classification performance of the proposed 

framework based on accuracy, precision, recall and 

F1 score is shown in Fig 4. The model obtained the 

accuracy of 97.5%, which shows a high capacity of 

correct classification of both normal and abnormal 

instances. The high precision (96.0%) indicates that 

there were few false-positive predictions, meaning 

that the majority of the positive cases were 

accurately identified. With a recall score of  94.8%, 

the model was able to identify a majority of the 

positive examples, but a minority of positive 

examples were missed. A harmonious balance 

between capability of detection and prediction 

faithfulness is supported by the F1-Score of 95.3%. 

In general, the results reflect the effectiveness of the 

proposed framework in achieving high evaluation 

indices for accurate classification and decision 

support applications, with consistently high 

evaluation indices of above 94% being achieved. 

Limitations. The model relies on climate records, 

biomass flow statistics, market prices, and 

environmental indicators. Still, these may not be 

consistently available across all regions, 

particularly in low-income or data-scarce 

environments. Inaccurate or incomplete datasets, as 

well as unpredictable biological, economic, and 

geopolitical disturbances, will reduce predictive 

accuracy. Simulation-based validation can't address 

the real-world complexity of food systems. 

Sustainability indicators face challenges in 

standardised measurement frameworks that hinder 

cross-sector comparison and the integration of 

bioeconomic and financial models, which require 

harmonised metrics. Some limitations are identified 

in the proposed bioeconomy–integrated financial 

intelligence model. The limited technological 

infrastructure in regions, the computational 

requirements of the integrated model pose 

challenges, particularly when deep learning 

architectures are used, making it difficult for 

policymakers and small-scale producers to 

understand the rationale behind the predictions. 

Limited digital literacy, institutional resistance, and 

lack of policy alignment - barriers for adoption may 

hinder large-scale implementation. Pointing out the 

limitations requires improved data governance, 

stakeholder training, and real-world pilot 

implementations. 

Conclusion 

To build resilient, future-oriented food systems, 

integrating bioeconomy principles with advanced 

financial intelligence is crucial. The research 

showcases the combination of biomass flow 

analytics, circular resource management, and AI-

driven economic forecasting within a robust 

decision-support framework capable of addressing 

the complex challenges facing modern food 

systems. The proposed model offers a holistic 

perspective by merging biological, environmental, 
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and financial datasets that traditional agricultural or 

economic tools fail to capture. Conventional 

forecasting and planning models in terms of 

accuracy, precision, recall, and F1-score, 

highlighting their ability to anticipate disruptions, 

identify vulnerabilities, and optimise resource 

flows, are consistently outperformed by the results 

of the integrated  

system. By enabling stakeholders, the proposed 

framework strengthens resilience to predict climate-

related impacts, market fluctuations, input 

shortages, and biomass deficits long before they 

escalate into systemic crises and also quantifies the 

economic benefits of circular bioeconomy 

interventions, like waste valorisation, regenerative 

agriculture, and bioprocess optimisation, supporting 

investment strategies that align sustainability with 

production. A shift from reactive crisis management 

to proactive, data-driven planning empowers 

policymakers, investors, farmers, and supply-chain 

managers to make more informed long-term 

decisions within the system. The model shows 

strong potential, but also limitations such as data 

availability, standardisation gaps, and infrastructure 

requirements for large-scale adoption. Real-world 

pilot testing, expanding multi-omics datasets, 

enhancing the explainability of AI predictions, and 

supporting policy frameworks that integrate 

bioeconomic and financial planning are the focus of 

future work. Environmentally regenerative and 

socially inclusive, robust foundations for future 

food systems are not only more efficient and 

economically stable, according to the Overall 

research. A robust roadmap for navigating 

uncertainty and ensuring sustainable food security 

in the future decades is offered by the convergence 

of bioeconomy and financial intelligence. 
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