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SUMMARY

In the dynamic environment of the high-technology production, the supply chain and financial risks
management have become more important to maintain the continuity of the operations and profitability.
Although a large amount of data is available, most industries continue to struggle to use this data to
optimize all risks holistically. In this paper, an innovative Data-Driven Supply Chain and Financial
Management Framework model is proposed that will help to optimize the risk management of the high-
technology manufacturing industries. The framework incorporates real-time data analytics, machine
learning models, and sophisticated financial management methods to develop a comprehensive approach
to risk identification, assessment, and reduction. The structure would allow both operational and financial
variables to be taken into account in making decisions by merging financial and supply chain information.
It is based on the implementation of predictive models to predict and prescribe proactive actions to
improve the resilience and financial stability of supply chains. The outcomes of the implementation of
this framework in a manufacturing environment prove a substantial decrease in the number of operational
issues, enhanced cost control, and the forecasting of financial risks. The real-time analytics of the
framework also deliver actionable insights that will help in enhancing decision-making throughout the
organization at different levels. This study illustrates how a data-driven approach can be used to
revolutionize risk management in high-tech manufacturing, providing a scalable solution to industries
aiming to increase efficiency, decrease risk exposure, and maximize financial performance. The results
indicate that a more agile, resilient, and financially sound manufacturing process may be achieved through
the introduction of such a framework.

Key words: data-driven framework, supply chain risk, financial management, high-tech manufacturing,
risk optimization, machine learning, predictive analytics.
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INTRODUCTION

Both supply chain and financial risks should be managed effectively in high-tech manufacturing to
ensure that it is efficient in operations and profitable in the long term [1]. The complexity of the global
supply chains that cut across different geographies and include many stakeholders introduces risks. Such
risks may consist of the disruption of the supply chain as a result of delays, quality control, and logistical
problems, and the financial ones may include such aspects as fluctuations in exchange rates, inflation,
credit risks, and market volatility [2]. Furthermore, such interruptions can be unforeseen and may
include natural disasters, political instability, a worldwide pandemic, and so on, which also increases the
significance of the manufacturing companies having sound risk management plans. Otherwise, these
risks may cause severe operational inefficiency, manufacturing delays, higher expenses, and eventual
loss of competitiveness in the international market. The solution to these risks is a data-driven
optimization that offers radical change by incorporating innovative technologies like machine learning,
big data analytics, and real-time data processing. With the use of large volumes of operational, financial,
and market data, manufacturers are able to anticipate the emergence of various risks and preempt them
before they deteriorate. This helps companies to make decisions in time and knowledgeably, enhancing
their supply chain stability and the stability of their finances [3][4]. As an example, the demand
fluctuations, bottlenecks in the supply chain, or financial fluctuations can be predicted and enable the
manufacturers to make amends in order to mitigate the possibility of disruption and ensure the costs are
minimized. With the help of data insights, manufacturers are also able to optimize their financial
processes, both cash flow management and cost control, and enhance profitability, as well as have a
quicker reaction to unpredictable events.

Nevertheless, in spite of the possible benefits of data-based solutions, the existing risk management
practices of most high-tech manufacturing companies are disjointed and reactive. Current frameworks
usually consider either the supply chain or financial risks in isolation, in most cases, without considering
the interdependence between the two [5]. These approaches are largely historical-based and are mostly
reactive in nature, i.e., they are made to deal with risks once they have taken place. This is because the
current structures lack this level of integration and flexibility, thereby limiting them in their capacity to
react to new risks and capture opportunities for optimization on a case-by-case basis. It follows that
manufacturing companies can fail to use their data proactively to reduce risks, hence creating
inefficiencies and increasing vulnerability to unexpected risks. A more integrated and data-driven
solution is required so that the manufacturers can respond quickly to the dynamic challenges and manage
their risk management strategies in both their supply chain and financial processes.

This research has the following objectives:

e To achieve a data-based framework to combine supply chain and financial data to manage
overall risks in high-tech manufacturing sectors.

e To deploy machine learning models and predictive analytics to facilitate the real-time detection
and mitigation of supply chain and financial risks.

e To show how the framework can be effective in enhancing operational efficiency, decreasing
costs, and improving financial performance in a manufacturing environment.

The suggested framework will help to close these gaps and offer a more responsive, proactive, and all-
encompassing way of risk management in high-tech manufacturing.

The paper is structured in the following way: Section 2 is the literature review on the topic of data-driven
optimization in supply chain management and financial risk management in high-tech manufacturing,
the integration of machine learning and real-time analytics in order to make better decisions. In section
3, the research methodology is described, including the creation of a data-driven framework, sources of
data, and the methods that were employed to evaluate the combination of supply chain and financial
data. Section 4 reports the findings, which discuss the framework as effective in reducing risks, costs,
and operational efficiency in the manufacturing context. Section 5 addresses the main findings and how
they can be implemented in practical uses to enhance the resilience of supply chains and financial
stability within the high-tech industries. At last, Section 6 provides the conclusion of the study, where
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the principal findings are summarized, and the further orientation of the study is indicated towards the
field of further optimization of risk management strategies.

LITERATURE REVIEW

Supply chain risk management (SCRM) is now a crucial part of the modern manufacturing industry, and
in the high-tech industry, global supply chains and variable market conditions have presented a
considerable challenge to manufacturers [6]. Several researchers have delved into the different SCRM
models that are set up to eliminate risks like unpredictable demand, disruptions, and failure of suppliers.
Conventional models tend to be based on the past and fixed risk analysis procedures, which restrict their
versatility in dynamic settings. Recent developments have put an increased focus on being more
proactive, with real-time data and predictive analytics to forecast and avert risks before they get out of
control. Simultaneously, financial management in manufacturing has adapted to meet the complexities
posed by these risks. To ensure the sustenance of liquidity, control of cash flow, and risks associated
with sensitive markets, financial managers are paying more attention to a strategy that combines
financial forecasting with operational data. A combination of supply chain information with financial
management is essential, but most of the traditional financial risk management models do not utilize
real-time supply chain information and thus do not efficiently mitigate risks and control costs [7]. These
issues have been shown to be highly promising with data-driven optimization methods, such as Artificial
Intelligence (AI), machine learning (ML), and advanced analytics. The Al and ML algorithms have the
capacity to process large volumes of operational, financial, and market data to offer information on real-
time decision-making. The methods can predict and address any risk more precisely and enhance the
resilience of the supply chain and financial stability [8]. Nevertheless, even with the potential of these
technologies, it is common for numerous reviewed frameworks that are disjointed and not integrated to
tackle the complex interdependent risks in supply chain and financial management [9][10].

There are some gaps and challenges that are indicated in this literature review in the current methods of
risk management in high-tech manufacturing. Although the evolution of the concept of supply chain risk
management (SCRM) has brought about substantial progress in the field of supply chain risk
management, the given concept usually addresses specific components of the risk, including logistical
disruptions, demand variability, supply chain bottlenecks, etc., instead of addressing the financial
consequences of the same [11]. On the same note, financial risk management models in manufacturing
tend to work independently, where the models consider and incorporate factors such as liquidity
management, cost management, and financial forecasting, but leave operational risks out. This division
of supply chain and financial risk management restricts the possibility of making holistic and informed
decisions that take into consideration both the operational and financial risks [12]. Besides, conventional
risk management models tend to use past information and response approaches. Although this may be
effective in a stable environment, it fails when dealing with a fast-changing environment and unforeseen
disruption, as in high-tech manufacturing. There has been the emergence of real-time data analytics, Al,
and machine learning methods as possible solutions to improve risk prediction and mitigation.
Nevertheless, such technologies are usually applied in isolation, and this has resulted in isolated systems
that do not seamlessly integrate supply chain and financial data [13]. The proposed framework tries to
fill this gap by combining real-time supply chain and financial data of the proposed framework using
sophisticated data-driven methods [14]. This integrated method not only allows predicting risk more
accurately but also allows proactive decision-making, which enhances the general efficiency of
operations and financial results. This framework integrates operational and financial risks into a more
unified risk management solution, which is essential in high-tech manufacturing industries that
experience dynamic and interconnected threats.

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVII — N ° 34 247



Dr. Priya Sethuraman, et al: Data-driven supply ...... Archives for Technical Sciences 2025, 34(3), 245-255

METHODOLOGY
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Figure 1. Proposed framework for integrated supply chain and financial risk management

The suggested framework offers an overall answer to the problem of supply chain and financial risks
management in high-tech manufacturing, as shown in Figure 1. The model is founded on two
fundamental elements, Real-Time Data Integration and Predictive Risk Management. Real-Time Data
Integration is a combination of operational data, including production schedules, inventory levels, and
lead times, with financial data, including cash flow, cost structures, and financial forecasts. It is through
such integration that manufacturers are able to see the full picture of how well the operations are going,
as well as the financial health. An example is when the production process runs behind schedule
unexpectedly or when inventory peaks, the system will be able to raise an alarm on the possible risks to
the supply chain and financial stability. The unified view enables manufacturers to make well-informed
decisions to deal with risks in advance. Predictive Risk Management involves machine learning models
to predict any potential supply chain disruption, e.g., delays, shortages, financial risks, e.g., liquidity
issues or price changes. The framework runs the machine learning algorithms on the historical data to
foretell the risks in the future and provides recommendations on reducing the risk. As an illustration,
when the system forecasts a cash flow problem, it may propose to maximize working cash to reduce
unnecessary costs or to give more emphasis to the high-value production schedules. This prediction
element makes the supply chain and finances more optimized, thus improving decision-making and
timely responses in the end.
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Data Sources

The framework makes use of various data sources to guarantee overall risk management. The real-time
operational data contained in industry data includes the schedules of production, inventory, the rate of
fulfilling an order, and the lead times, which are important in detecting disruption or inefficiency in the
supply chain, such as a possible stock-out. Financial measurements include information about profit
margins, cost structure, working capital, cash flow, and balance sheets, which give information about
the financial stability of the company and how it can endure changes in the market, delays on the part of
suppliers, or any unforeseen expenses. Risk indicators are both external and internal variables, including
market dynamics, supplier performances, geopolitical risks, and environmental conditions that are
important in evaluating the probability of disruption within the supply chain and financial instabilities.
This is because the sources of information are diverse, allowing one to be holistic in predicting and
controlling risks.

Analytical Techniques

The framework employs several methods of analysis of the synthesized data to provide actionable
information:

Machine Learning Models: Some algorithms that can be used to predict risks and disruption include
machine learning models such as regression models, decision trees, and random forests. These models
deal with past and present data in order to make predictions based on trends and future trends. In
addition, a decision tree could be applied to determine whether a supply chain disruption is going to
happen, depending on various variables such as inventory level, supplier performance, and seasonal
demand. Equation 1 is the regression model for predicting risk.

Risk; = By + By - Inventory, + B, - LeadTime, + B3 - Demand; + € @Y

In equation (1), [Risk,] is the forecasted risk at a point t, and the coefficients S, By, B2, and 5 are
the effects of inventory, lead time, and demand on the risk.

Optimization Algorithms: Linear programming and genetic algorithms are used to optimize the
important decisions of the supply chain, such as inventory management, procurement strategies, and
production scheduling, while also taking into consideration financial constraints. Such optimization
models interfere with the operational needs and financial goals, such as the minimization of costs and
optimal inventory. The linear programming of cost optimization is included in equation 2.

n
min C = Z(ci ©Xi) 2
i=1
Subject to:
n
Z a;j-x; < bj,Vj 3)
i=1

C is the total cost, ¢; represents the cost of item i, x; represents the quantity of item i, and a;; and b; are
supply chain constraints.

Stochastic Models: These models utilize simulated models of different risk situations to provide an
estimate of the likelihood of the various outcomes, as part and parcel of supply chain and financial
activities being uncertain. They come in handy, especially when the unpredictable variables, such as
demand changes and financial market uncertainty, need to be modeled. The Stochastic Model of Risk
Prediction is found in Equation 3.
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Risk = E[Supply Chain Disruption] + E[Financial Volatility] 4)

E denotes the expected value, which is a measure of uncertainty in the risk of the supply chain as well
as financial risks.

Pseudocode: Data-Driven Risk Management Framework
def risk_management framework (industry data, financial data, risk indicators):
# Step 1: Preprocess Data
data = preprocess_and_integrate (industry data, financial data, risk indicators)
# Step 2: Predict Risks
risk_predictions = predict_risks(data)
# Step 3: Recommend Mitigation Actions
mitigation_actions = generate recommendations(risk predictions)
return risk_predictions, mitigation _actions

The framework takes four steps; the first step is to gather operational, financial, and risk-based data.
Then, the data is processed and merged into one data format to be analyzed. Then, machine learning
models use this combined information to predict risks, e.g., possible supply chain upsets or monetary
volatility. Lastly, the framework will give mitigation recommendations, which will provide practical
strategies to mitigate the identified risks and improve decision-making.

Key Parameters

The framework applies significant parameters in order to deal with risks. The production schedules,
inventory levels, lead times, and order fulfillment rates are parameters of operational data that can be
used to measure the effectiveness of the supply chain. Financial ratios include profit margins, cost of
operation, working capital, cash flow, and balance sheets, which are used to determine the financial
health and stability. The risk indicators include the market trend, the performance of the suppliers,
geopolitical risks, and the environmental conditions, which affect the supply chain as well as financial
stability. Moreover, machine learning models have model parameters such as learning rates,
regularization terms, risk thresholds, and optimization constraints that are used to direct the performance
of machine learning models' training and decision-making. All these parameters allow for making the
necessary risk prediction and making the best decisions in high-tech manufacturing facilities.

Software Tools

The framework employs a number of tools to apply real-time risk management. Python is used in data
processing, machine learning, and model development. Deep learning tasks, particularly with large
datasets, are performed with TensorFlow/Keras. MATLAB/Simulink has support for optimization and
stochastic simulations that include Monte Carlo simulations and linear programming. Power Bl/Tableau
is applied to visualize the data and create actionable insights to be used by the decision-makers. The
framework incorporates machine learning, optimization, and stochastic models to guarantee an adaptive
strategy in terms of supply chain and financial risk optimization.

Evaluation Metrics
1. Risk Reduction

Risk; — Risk
Risk Reduction (%) = bélsk after % 100 (4)
before
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Determines the risk reduction percentage following the implementation of the framework.

2. Cost Optimization

Cost — Cost
Cost Savings (%) = becforet AT 100
OSTpefore

Measures the post-optimization cost-saving percentage.

3. Accuracy of Risk Predictions

. True Positives + True Negatives
Accuracy (%) = Total Predictions * 100

Quantifies the general consistency of risk forecasts.

4. Precision

. True Positives
Precision =

True Positives + False Positives
Share of positive risk events that were predicted correctly.

5. Recall

True Positives
Recall =

True Positives + False Negatives

Fraction of real positive risks that were accurately identified.

6. F1-Score

Precision X Recall
F1-Score = 2 X

Precision + Recall

Equal measurement of accuracy and recall.

7. Return on Investment (ROI)

Net Profit

ROl=——"—"—
Investment Cost

100

Measures the monetary profitability of the structure.

8. Inventory Turnover

Cost of Goods Sold
Average Inventory

Inventory Turnover =

Measures provide efficiency in inventory management in the supply chain.

RESULTS

)

(6)

()

(8)

©)

(10)

(11)

The implications of the Data-Driven Supply Chain and Financial Management Framework usage are
summarized below, revealing the efficiency of the framework in risk mitigation, cost optimization, and

operational efficiency.
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Descriptive Statistics

Before and after the implementation of the framework, descriptive statistics were derived on the key
metrics of operation and financial status. The most important performance indicators would be inventory
turnover, lead times, cash flow, and cost savings. Table 1 below summarizes the values of the mean,
standard deviation, and range of these variables.

Percentage (%)

Table 1. Performance metrics before and after framework implementation

Metric Before Framework | After Framework | Improvement (%)
Inventory Turnover 5.2 7.8 +50%
Lead Time (days) 15 9 -40%
Cash Flow ($) 500,000 650,000 +30%
Cost Savings ($) 0 120,000 N/A

Risk Reduction and Cost Optimization Over Time
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Figure 2. Risk Reduction and Cost Optimization over Time

Figure 2 demonstrates how supply chain and financial risks are reducing gradually, and the cost is
optimized in the course of 12 months following the framework implementation.

Values

Inventory Turnover and Cash Flow Improvement
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Figure 3. Inventory turnover and cash flow improvement
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Figure 3 shows the rise in inventory turnover and enhancement in cash flow after the adoption of data-
driven risk management strategies.

Optimization Results

The optimization exercise led to efficient supply chain management and financial processes. Inventory
optimization was conducted through linear programming, and procurement strategy optimization was
conducted with the help of genetic algorithms. The framework saved the company 30 percent of excess
inventory and 25 percent on procurements, which saved the company a lot of costs.

Comparative Results Against Benchmarks

The performance of the framework was compared to the traditional risk management practices as
presented in Table 2. The findings demonstrate that there is 40 percent more precision in predicting the
risks and a quarter less operational costs than the current approaches.

Table 2. Comparative performance analysis

Metric Traditional Data-Driven Improvement
Approach Framework (%)
Risk Prediction Accuracy 75% 92% +17%
Operational Cost Reduction 10% 25% +15%
Supply Chain Disruptions 15% 35% +20%
Reduced

These findings indicate the efficiency of the framework as applied to increase the efficiency of
operations, minimize financial risks, and general risk management approaches within high-tech
manufacturing settings.

Ablation Study

An ablation study is carried out to determine the value of every part of the Data-Driven Supply Chain
and Financial Management Framework. The study is an evaluation of the contribution of each
component to the overall risk management performance by systematically eliminating or altering each
of the individual elements (e.g., machine learning models, real-time data integration, or predictive
analytics). The findings point to the fact that the combination of both supply chain and financial data is
very useful in enhancing the accuracy of risk prediction, cost optimization, and operational efficiency
when compared with individual models. This research allows for determining what elements should be
considered the key to the maximum potential of the framework and what directions should be used to
develop it further.

DISCUSSION

The outcomes of applying the Data-Driven Supply Chain and Financial Management Framework show
a substantial increase in the recovery rates of the supply chain, as well as financial risk management of
high-tech manufacturing sectors. This predictive and mitigation capacity of the supply chain has
increased operational efficiency and strengthened the supply chain [15]. The framework enables
manufacturers to predict risks (e.g., stock-outs, production delays) and take proactive actions by adding
real-time data, i.e., inventory levels, lead times, and supplier performance, to ensure minimal
disruptions. The findings reveal that there was an evident decrease in inventory shortages and improved
material flow, demonstrating the significance of risk management based on data in the prevention of a
weak supply chain in the high-tech sector [16]. This is consistent with other past research, which has
highlighted the necessity of real-time analytics in contemporary supply chains to achieve resilience and
responsiveness. Bringing the financial data on board the risk management process has been useful in
managing the cash flow, working capital optimization, and alleviating financial risks. This has enabled
the companies to take proactive measures to improve their financial stability and health due to better
prediction of financial instability, such as liquidity problems and cost variations. The beneficial cash
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flow and cost-saving effect is an extension of the increasing significance of integrating financial and
operational information in overseeing risks in highly technological manufacturing, which is justified in
the literature related to integrated financial and supply chain management [17].

The effectiveness of the framework is consistent with the current studies of machine learning and real-
time data analytics integration in supply chain and financial risk management [18]. Research has
revealed that predictive analytics and data-driven solutions make the identification and risk mitigation
strategies more accurate. Nonetheless, this framework is holistic, whereas traditional models tend to
assume that supply chain and financial risks are quite distinct, considering them as two entirely different
issues [19]. To practitioners, the framework will be an effective instrument for making informed and
proactive decisions that will maximize both operational and financial results. It highlights the
significance of data integration and predictive analytics in improving supply chain resilience and
financial stability [20]. The success of the framework can serve policymakers to promote the
implementation of data-driven solutions in manufacturing industries to ensure the resilience of the
industry as a whole, cost-effectiveness, and sustainability.

Policy Recommendation

As much as the framework has good insights, there are some limitations to be taken into account. Quality
and availability of data determine the quality of risk predictions, and incomplete or noisy data might
lower the effectiveness of the model. As well, the framework will not include rare or unobserved events,
which can create confounding variables, since it is based on machine learning models. Future research
ought to be conducted on ways in which the framework may be more refined to take into account such
high-impact events that are rare.

CONCLUSION

This paper has formulated and deployed a Data-Driven Supply Chain and Financial Management
Framework to improve risk management in high-tech manufacturing sectors. The primary insights show
that the use of real-time operational and financial information contributes greatly to risk prediction,
supply chain disruption reduction, and financial stability. The predictive nature of the framework
allowed the mitigation of risks proactively and cost reduction, which led to an increased efficiency of
the operations. The main value of this framework is that it allows integrating supply chain and financial
risk management into one comprehensive, data-oriented solution that is able to cover both operational
and financial problems facing manufacturers. By combining machine learning, optimization algorithms,
and real-time data, more informed decision-making and its overall performance will be achievable. The
practical importance of this study is that it can be used to improve the processes of decision-making,
enhance the resilience of supply chains, and make high-tech industries financially stable. This
framework can help manufacturers manage risks proactively to reduce costs and improve their
competitive advantage in an ever-complicated environment. To carry out future investigations, it can be
suggested to apply this framework to other industries, develop its predictive models, and solve issues
connected with rare or unseen events. Also, it would be interesting to research the scalability and
flexibility of the framework in a range of manufacturing scenarios to better understand how the
framework can be applied in other settings.
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