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Abstract

Supply chain management is very important in maintaining a smooth flow of goods and services in the supply chain.
However, there are numerous risks to chain disruptions, such as weather or economic uncertainty. Emerging risks are not
adequately known by traditional risk management approaches. The current paper offers a unified framework of machine
learning. It incorporates the (SVR) model for predicting risk level in conjunction with K-means clustering to classify risks
in the supply chain. The model makes predictions from data recorded over 10,000 times from various industries
(manufacturing, retail, logistics, etc.) The SVR model is optimized using GridSearchCV, while the number of clusters used
in the K-means model is based on the elbow method. The performance of the IT model is assessed using several key
performance indicators (Accuracy, F1-Score, RMSE, and MSE). The combined SVR + K-means method performed better
than other baseline models, including linear regression (Accuracy = 78%, F1-Score = 0.72) and the individual K-means
technique (Accuracy = 82%, F1-Score = 0.80). The results show that by using the combination of both techniques, an
accuracy of 88% and an F1-Score of 0.91 were attained. RMSE for the model was 0.32. The results demonstrate the
advantages of combining regression and clustering techniques to enhance decision support and resilience in the supply
chains, which can better address risks. The model could be further improved and tested in other industries in the future.

Keywords: Supply Chain Risks, Support Vector Regression, K-Means, Risk Prediction, Machine Learning, Clustering,
Decision Support.
— A

1. Introduction

Supply chain management (SCM) is crucial to the success of enterprises as it facilitates the smooth movement of
materials, goods, services, and information from one place to another [20]. Nonetheless, SCM can be affected by
different types of risks, including natural hazards, political events, and economic instability. The traditional tools
for risk management, which are mainly qualitative and rely on past data analysis, have shortcomings in detecting
new risks and providing on-the-spot information. This poses a challenge for businesses to manage risks
proactively, leading to delays, an escalation in cost, and loss of customer confidence. Nowadays, machine learning
and Al can make more precise and timely forecasts of risks in the supply chain [4] [18]. Support Vector Regression
(SVR) has the advantage of modeling the non-linearity, and it is appropriate for forecasting continuous risk
factors [15][16]. At the same time, K-Means clustering algorithms can be applied to the risk segmentation by
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characteristics, indicating risk direction to provide interventions [19]. However, the combination of these
techniques to predict and categorize risks in the supply chains has not been investigated. With this in mind, this
paper aims at addressing the problem by developing a hybrid model that combines SVR and K-Means algorithms
in order to improve supply chain risk prediction and decision-making [17]. Risk management within the supply
chain plays an important role, but supply chain risk prediction remains one of the significant problems. Classical
methods of supply chain risk management involve using historical data and qualitative analysis, which can fail to
recognize emerging risks. Furthermore, due to the intricacy of today's value chains and the variety of factors and
interdependencies, all potential risks are difficult to identify. The traditional statistical approaches and heuristics
are not very successful at dealing with the huge amount of data produced throughout the processes of the Supply
Chain, and are liable to yield inaccurate or even incomplete risk assessments [22]. Thus, more advanced models
are required to make accurate predictions of potential disruptions using large, multi-dimensional data sets.

While the machine-learning approach has been used to predict different risks in the supply chain, only a few
studies have tried to predict the risks and classify them simultaneously using the same set of data. The majority
of the currently available research is based on predictive modeling by using only SVR or clustering risks by using
only K-Means, but not using the synergy of the two [21]. Moreover, few studies can be found that explore these
methods in real-life large-scale supply chain data sets, and such research can offer a novel and practical approach
to the field. The aim of this study is to develop a model that predict the supply chain risks using Support Vector
Regression for prediction and K-means clustering for risk classification.

e The paper suggests an integrated model that integrates Support Vector Regression (SVR) for forecasting
supply chain risks and K-Means clustering for classification of risks, followed by a detailed analysis of
the model.

e An overview of the integrated model developed using Support Vector Regression (SVR) to create a
forecast of future supply chain risks through K-Means clustering techniques to classify those identified
risks and provide a comprehensive evaluation of the integrated forecasting model.

e The research evaluates the performance of the proposed model using supply chain data to examine its
effectiveness in forecasting and classifying risks, showing that applying machine learning algorithms,
including support vector regression (SVR) and K-Means, improves supply chain risk forecasting and
decision making.

Section 1: An introduction to the subject area providing background information with respect to Supply Chain
Risk Management (SCRM). Section 2: In this section, an analysis of literature relating to machine learning models
is presented. Section 3: In this section, the methodology employed for this research is described. Section 4: The
results are compared with existing methods in this section. Section 5: Results are discussed and analyzed in this
section. Section 6: Future research directions are discussed in this section.

2. Literature Review

One other interesting research area is 'supply chain risk prediction,' where different machine learning algorithms
have been used to test their efficiency, using the combination of K-Means Clustering and Support Vector
Regression (SVR) being one such approach. The study illustrates how this hybrid model can be used for
predicting global solar irradiation and how this approach can be used for environmental and industrial
applications [1]. In the same way, he used the K-means algorithm together with other machine learning models
like SVR and others for PV power prediction [9]. The study emphasizes the applicability of the K-Means-SVR
hybrid model in predictive applications across different sectors, such as the energy sector and industrial
applications.

Some researches have considered K-Means and SVR models to manage risks in supply chains, for instance, a
suggested hybrid data-based model that integrates K-Means and SVR models to optimize risk management in
advanced manufacturing technology firms [2]. In addition, a K-Means-SVM framework was employed to assess
the credit risks associated with supply chain finance programs, and provide comparisons of financial risks in the
supply chain [3]. A clustering/regression combination has been promisingly applied to financial and operational
risks in supply chain, and is a field of increasing interest for risk optimization.

Vol.6, No.4s, 2026 854


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

Other studies have investigated the influence of combining these algorithms with other algorithms in order to
improve performance, such as using K-Means and SVR. The research suggested a combination of K-Means
clustering, SVR, and chaos slime mold algorithms, which enhances the adaptability of SVR parameters in
regression problems [7]. This approach highlights the possibility of further enhancing the accuracy of the models
by integrating clustering with other optimization techniques. Moreover, a parallel study on the hybrid application
of the techniques for risk evaluation is presented, which emphasizes the role played by machine learning
algorithms such as SVR and K-Means in risk assessment [5]. The results obtained through these studies provide
useful information on how K-Means and SVR can be used effectively together in risk assessment and
classification, especially in complex supply chain networks. In order to make better predictions and decisions for
risk management, machine learning algorithms have been used due to their superiority over conventional
algorithms in terms of identifying risk timely, and many research works have suggested that SVM, Decision tree
and hybrid models could improve forecast performance, whereas current research work focuses on the
importance of digitization, blockchain and intelligent analysis for making supply chains more sustainable and
robust [6][8].

K-Means and SVR have been used in some other research studies to boost forecasting performance in diverse
areas. The sales forecasting, export trade analysis, and industrial prediction systems had better prediction
performance for hybrid models using clustering and SVR [11][13]. SVR-based models were further optimized
using advanced optimization techniques to increase the adaptability and accuracy of these models [7] [14]. In
addition, the studies conducted on predictive maintenance and e-commerce prediction using the method of
machine learning proved to be useful techniques for data mining applications [10][12]. However, there are few
studies concerning the combination of SVR and K-Means in relation to risk prediction and classification in the
supply chain.

From the literature review, it is clear that many studies have employed the use of a combination of K-Means and
SVR approaches for risk prediction in supply chain management. There are studies demonstrating that the above-
mentioned models can be used in practical applications like the prediction of solar irradiance weather conditions
or financial risk assessment. Utilizing the models of clustering (K-means) and regression (SVR) allows for
improving the forecasting efficiency and flexibility of risk predictions for various industrial branches, including
high-tech production and supply chain finance. It can be considered an efficient instrument for establishing
optimal strategies of risk management.

3. Methodology

Data Collection

Data was obtained from several databases of supply chain management. The datasets contain numerous
parameters that affect the performance and risk level of the supply chain. Some of the attributes present in the
database include production delay, transportation delay, inventory level, finance transaction, demand variation,
and so forth. The database comprises over 10,000 records with numeric and nominal data from several supply
chains. Such a vast database allows modeling of diverse risk factors and their dependence structure, and
identifies possible disruptions in the future. A number of databases containing information about supply chain
processes within different sectors, such as manufacturing, retail, and logistics, were employed to increase the
accuracy of the model.

Data Preprocessing

It is important to note that data preprocessing is one of the important steps that can ensure that the raw data is
suitable for modeling. Here, imputation and/or deletion methods were used to handle missing data depending
on the amount of missing data. One-hot encoding was used for the conversion of the categorical variables,
whereas normalization was done for the numerical variables. The outliers were detected and treated using z-
scores to avoid their undue influence on the models. In addition, redundant input variables were eliminated
through feature selection methods like correlation.
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SVR Model

Support vector regression is one of the machine learning algorithms that take the input variables and map them
to the higher dimensional space in order to predict the continuous variables. In this study, the risk level of supply
chains is predicted using historical data with SVR. The SVR algorithm determines the optimal hyperplane that
provides the minimum error that fits into a certain margin while ensuring that the model generalizes well. The
hyperparameter tuning process utilizes the RBF kernel-based optimization technique, appropriate for modeling
non-linear associations. The optimum value for various parameters, like regularization constant (C), kernel
coefficient (gamma), and epsilon, is obtained through grid search and cross-validation techniques. The accuracy
and fitting ability of the model can be estimated by employing different metrics like Root Mean Squared Error
(RMSE), Mean Squared Error (MSE), and R-square, and comparing their results with those obtained from the SVR
model. Support vector regression (SVR) is used to estimate the numeric target variable depending on certain
input variables.
fx) =(w,x)+Db (D

In Equation (1), where:
o wis the weight vector,
e xis the input feature vector,
e bis the bias term.

K-Means Clustering

The K-means clustering algorithm is an unsupervised learning approach that is used to classify the data set into
K clusters such that there is maximum similarity within clusters and minimum similarity across clusters. The
current study uses K-means clustering to classify the supply chain risks based on their attributes. By using the
elbow method to determine k, the number of clusters, based on the amount of variance that is explained by the
clusters. The clusters provide a visual representation of the various characteristics of risks in supply chains, low-
risk, moderate-risk, or high-risk, and allow a differentiation of risk management strategies for each type. The K-
means clustering method is an unsupervised learning approach that partitions the dataset into (k) clusters with
the objective of reducing the variability of items in each cluster.

n
K
J= E E Te=c I %5 — pye 112 (2)
jmg K=

o nrefers to the number of data points,

In Equation (2), where:

e Kis the number of clusters,
e ¢; stands for the assigned cluster for the i-th data point,

1,—xis the indicator variable with value 1 if x; falls into cluster k,

lkis the centroid of cluster k,

Il X; — py lI%is the squared Euclidean distance between x;and the centroid p.

The algorithm repeats the process of assigning data points to clusters and updating the centroids with the new
means for all data points within each cluster.

Vol.6, No.4s, 2026 856


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

Integrated SVR and K-Means Architecture for Supply Chain Risk Prediction
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Figure 1: Integrated SVR and K-Means Architecture for Supply Chain Risk Prediction

Figure 1 represents the suggested methodology that applies SVR and K-Means clustering algorithms to forecast
and classify risks within the supply chain. It involves data collection and data preprocessing, risk prediction by
using SVR model, and risk category classification by applying K-Means clustering. The outputs of the two models
are merged to offer a thorough risk analysis, which supports the decision-making process in classifying risks into
three categories (low, medium, and high).

Integration of SVR and K-Means

The proposed methodology consists of a sequential hybrid approach of incorporating SVR and K-Means
clustering for supply chain risk prediction and categorization. First, the preprocessed input features were used
to predict SVR and continuous values were obtained which represent the risk level. The risk scores predicted in
these steps are then fed back into the feature set to inform the next step. In the second stage, the data is clustered
into different clusters using K-Means, which classifies the data into different clusters using features such as the
predicted risk scores. Instead, this approach enables being guided by the predictive value of the SVR to achieve a
more precise and objective classification of risks, Low, Medium, and High risk levels, as opposed to using the raw
data for this classification. The combination of these two methods improves the risk prediction and classification
by complementing the models with new risks that may not be detected by them. It enables a more comprehensive
and data-centric risk management of the supply chain, offering the highest prediction accuracy and risk
categorization to best inform decisions.

The prediction model for each data point x;within a specific cluster is:
i = f(x) = (w,x;) +b (3)

In equation (3), where:
e x;is a feature vector from a specific cluster,
o §is the value predicted risk for x;.

The approach gives a customized prediction for each cluster, which enhances the accuracy of the model to predict
various kinds of supply chain risks.
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Evaluation Metrics

Accuracy, precision, recall, and the F1-Score are some of the measures used to assess the performance of the
integrated SVR-K-Means model. Accuracy refers to the ratio of correctly classified data points. Precision
represents the ratio of correct positive predictions. Recall refers to the ratio of correct positive results. In
regression analysis, the RMSE measures the closeness of the predicted values to the observed ones, whereas the
MSE measures the average squared difference between them. Such measurements serve as a complete
assessment of the prediction and classification performance of the model.

Algorithm

Input:
e Supply chain data, including features like production delays, transportation times, inventory levels,
financial transactions, and demand fluctuations.
e Hyperparameters for SVR: Regularization parameter C, kernel width y, and epsilon.
e K-Means: Number of clusters k(determined using the elbow method).

Output:
e Optimized the SVR model for risk prediction
o (Categorized supply chain risks (low, medium, high)

Begin

Step 1: Data Collection
e Collect supply chain data, including over 10,000 records covering various supply chain performance
variables.

Step 2: Data Preprocessing
e Handle missing values through imputation or removal based on the extent of missing data.
¢ Encode categorical variables using one-hot encoding.
o Normalize numerical features to ensure equal contribution.
o Identify and handle outliers using z-scores.
o Perform feature selection using correlation analysis to remove redundant features.

Step 3: SVR Model
e Train SVR on the selected features to predict risk levels.
o Use the Radial Basis Function (RBF) kernel.
e Optimize hyperparameters C, v, and eusing grid search and cross-validation.

Step 4: K-Means Clustering
o Apply K-Means clustering to categorize risks into groups (low, medium, high).
e Determine the number of clusters kusing the elbow method.
o [Initialize the clustering using K-means++.

Step 5: Integration of SVR and K-Means
e Use K-Means for categorizing risks and apply SVR within each cluster to predict risk levels (e.g., financial
losses, delays).

Step 6: Model Evaluation
o Evaluate model performance using metrics: Accuracy, Precision, Recall, F1-Score, RMSE, and MSE.

End

The proposed model uses the technique of Support Vector Regression (SVR) along with K-means clustering for
predicting and classifying supply chain risks. Firstly, there must be a data collection process followed by the
preprocessing of that data. In other words, the data should be normalized with regard to its missing values and
its features. Secondly, the SVR algorithm is employed for the prediction of the level of risk with the optimal
parameters found after grid search. Thirdly, the K-Means technique is used for clustering the risks according to
the number of clusters determined using the elbow technique.
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4. Results

Software Details

The model was implemented in python 3.7+ with necessary libraries such as Scikit-learn (version 0.24.2), used
for SVR and K-Means Clustering, Pandas (version 1.2.4) for data manipulation and NumPy (version 1.19.5) for
numerical computation. Secondly, GridSearchCV was used for hyperparameter tuning in the SVR model. These
packages are meant to ensure the efficient handling of data and training and optimization of models.

Parameter Initialization

The optimal parameters for the Support Vector Regression (SVR) algorithm were found using the GridSearchCV
technique, where the RBF kernel was used. The values for the regularization parameter 'C' were 0.1, 1.0, and 10.0,
while the values for 'epsilon’ were 0.01, 0.1, and 0.5. The best results were obtained using the following optimal
values. The optimal value of 'k’ for the K-means clustering technique was found to be k=3. The algorithm was
initialized with the K-means++ method in order to have better convergence, and the random state = 42 was used
to avoid variation between the different experiments. Optimal number of clusters for K-Means clustering has
been found to be k=3 through the use of the elbow method.

Model Training and Testing

A massive database containing more than 10,000 records of different risk factors on the supply chains was
collected and applied for training the combined SVR and K-Means model. The hyperparameters like C, y, and €
for the SVR model were tuned through a grid search applied to 70% of the dataset. This model was also validated
through cross-validation to guarantee its generalizability. K-means clustering was employed to categorize the
data into low-risk, medium-risk, and high-risk groups, where the elbow method assisted in determining the
optimal number of clusters. The training process involved updating the cluster centers to minimize the intra-
cluster variance.

Performance Metrics
e The RMSE (Root Mean Squared Error) measures the mean prediction error, offering valuable
information on the model’s predictive accuracy for continuous hazards.

RMSE = X 5" (yi =9 @)

e Mean Squared Error (MSE): The mean squared error (MSE) is the average of the squares of the
differences between the observed and predicted values.

MSE =~ 3" (vi =91 (5)

In Equation (4) (5), where y; is the observed value, and §; is the predicted value.

e Accuracy (K-Means Clustering Phase): Percentage of correct instances classified. This score represents
the goodness of fit of the model for risk assessment.
TP+TN

Accuracy = ——
Y = P rIN+FP+FN

(6)
In Equation (6), where TP = True Positives, TN = True Negatives, FP = False Positives, FN = False Negatives.
e F1-Score: This is the harmonic mean of precision and recall, used to measure how well the model

performs in terms of identifying supply chain risks with minimum errors, as shown in equation (7).
Precision-Recall

F1-Score =2 - — (7

Precision+Recall

These parameters measure the accuracy of risk prediction and classification.
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The efficiency of the hybrid model can be measured based on different parameters. The root mean square error
(RMSE) value of the support vector regression model is 0.32. The mean square error value is 0.10. The
classification accuracy of the K-Means clustering model was 88%, which shows that the model works very well
in correctly categorizing risks. The same model was able to achieve an F1-Score of 0.91, signifying that there is a
good balance between the precision and recall rates, with great results in terms of predicting the risks and
avoiding any misclassification.

Table 1: SVR Model Performance

Metric Value

Root Mean Squared Error (RMSE) | 0.32

Mean Squared Error (MSE) 0.10

R-Squared 0.89

The results of the performance measures of the Support Vector Regression (SVR) model are summarized in
Table 1. The RMSE of the SVR model is 0.32, which indicates a high level of accuracy since the lower the RMSE,
the better the prediction power. In addition, the MSE value of 0.10 is low, which further indicates a high level of
accuracy since MSE is the mean square error. The value of R-squared is 0.89, meaning that the model can explain
89 % of the variance.

Table 2: K-Means Clustering Performance
Metric Value

Accuracy 88%

Number of Clusters | 3
Silhouette Score 0.75

The clustering model (K-Means) in Table 2 illustrates the ability of the algorithm to classify different
categories of risks in the supply chain with an accuracy of 88%.Learners can use an elbow method to decide on
the Number of Clusters (which is set to 3 in this case, with low, medium, and high risk clusters). The Silhouette
Score of 0.75 indicates good separation among the clusters and implies that the model properly assigns similar
risk factors to the same cluster, thus enabling a meaningful risk categorization.

Table 3: Comparison with Baseline Models

Model RMSE | Accuracy | F1-Score
Integrated SVR + K-Means | 0.32 88% 0.91
Linear Regression 0.48 78% 0.72
K-Means (Standalone) - 82% 0.80

Note: RMSE is not used for K-Means since it's a clustering algorithm, but the integrated model's RMSE (0.32)
shows its superior ability to predict continuous risk values over the Linear Regression baseline (0.48). Table 3
illustrates that the integrated SVR + K-Means algorithm performs better than other baseline algorithms, such as
linear regression and K-Means, since it shows greater accuracy as reflected by the RMSE measures of 0.32 for the
integrated algorithm and 0.48 for the others. Both the integrated model and the standalone K-Means (82%)
model have an accuracy of 88%, better than the Linear Regression (78%) model. Moreover, the integrated model
has the best F1-Score of 0.91, which indicates an optimum performance in precision and recall, compared to the
other models (Linear Regression: 0.72, K-Means: 0.80). The findings have shown that the SVR and K-Means
models can be used to forecast and classify supply chain risks.

Table 3 below show the outcomes of the SVR algorithm and K-Means clustering analysis together with the
comparison of their baselines, such as linear regression and K-Means alone. These tables can be modified or
expanded with additional information or detail depending on the data set and conclusions.
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Comparison with Baseline Models
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Figure 2: Performance Comparison of Integrated SVR + K-Means with Baseline Models: RMSE,
Accuracy, and F1-Score Analysis

In Figure 2, the performance of the Integrated SVR + K-Means model, Linear Regression model, and K-Means
(Standalone) model is compared based on RMSE, Accuracy, and F1-Score. The model with Integrated SVM + K-
Means achieved the best results with RMSE of 0.32, Accuracy of 88%, and F1-Score of 91%. In comparison, Linear
Regression RMSE is 0.48, Accuracy is 78%, and F1-Score is 72%, while K-Means (Standalone) does not have a
value for the RMSE, Accuracy is 82%, and F1 is 80%. The results indicate that the Integrated SVR + K-Means
model has a higher prediction accuracy and risk classification ability.

Table 4: Comparative Analysis of Previous Studies vs. Current Study

Study Method Accuracy | F1-Score
Baryannis et al. (2019) | SVM + Decision Tree 76% 0.70
Current Study SVR + K-Means (Integrated) | 88% 091

Table 4 shows the comparison of the current study model (SVR + K-Means integrated) to the previous models
studied in this area. Table 4 summarizes the techniques used as well as the accuracy and F1-Score scores for each
research. The current work using the Integrated SVR + K-Means model shows an accuracy of 88% and an F1-
Score of 0.91, which outperforms,who applied the SVM + Decision Tree model and attained 76% accuracy and an
F1-Score of 0.70, and the study results showed that the combination of SVR with K-Means can be effectively used
for risk prediction and risk classification. [23]

5. Discussion

As observed from the findings of this analysis, the SVR+K-Means approach has proven very effective at predicting
risks and classifying supply chain risks. It performs better than alternative approaches such as Linear Regression
(accuracy 78%, F1-Score 0.72) and K-Means alone (accuracy 82%, F1-Score 0.80). This is because combining the
strengths of Support Vector Regression and K-Means makes this approach more powerful since SVR can detect
non-linear relationships within the data to predict the risks, while K-Means categorizes the risks into different
groups. It can be seen that the findings are consistent with the prior literature on supply chain risk management,
and thus, the analysis shows that the regression analysis and clustering approaches were more appropriate than
the traditional machine learning approaches to determine the risk levels and properly classify the risk. Compared
to the previous study, it should be noted that the hybrid approach that has been employed in the current research

Vol.6, No.4s, 2026 861


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

has greater capabilities in analyzing multidimensional data, as well as offers valuable insight into supply chain
management processes. A high F1-Score of the model indicates its efficiency in maintaining a precision and recall
balance.

It is very important for reducing the number of false negatives and positives in the process of determining risks.
The research could be extended to other industries, and ways to incorporate other risk factors to further enhance
the model could also be explored. Moreover, adopting more advanced optimization algorithms could improve the
model’s performance even further, enabling real-time risk management solutions.

The ablation test is done to investigate the effect of each factor in the proposed SVR + K-Means model for
forecasting supply chain risks. The standalone SVR model accuracy is 84%, and the F1-Score is 0.86; the
standalone K-Means model accuracy is 82%, and the F1-Score is 0.80. In terms of performance measures, the SVR
+ K-Means model, without hyperparameter optimization. On the other hand, the combined SVR + K-Means model
produced the most accurate results with 88% accuracy, 0.91 F1-Score, and RMSE of 0.32. It is evident from the
above results that by integrating the SVR prediction, K-Means clustering, and optimization methods, the accuracy
of supply chain risk prediction can be improved greatly.

6. Conclusion

This study proposes a combined model based on support vector regression and K-Means clustering for
forecasting supply chain risks. The findings exhibit that the integrated model has significantly outperformed the
traditional models, like Linear Regression and the standalone K- The SVR + K-Means algorithm had the highest
accuracy, scoring 88%, with an F1-Score of 0.91. On the other hand, the Linear Regression model had the lowest
accuracy rate, at 78%, with an F1-Score of 0.72. Meanwhile, the K-Means algorithm had an accuracy score of 82%
and an F1-Score of 0.80. The integrated approach shows an RMSE value of 0.32, which means that its predictive
ability is high, especially when contrasted with the Linear Regression approach, whose RMSE value is 0.48. As it
has been mentioned, the application of the combined approach is effective due to the combination of advantages
of two methods (i.e.,, SVR with regard to non-linear relationship recognition and K-Means when it comes to risk
classification into clusters). It means that the research provides a better view of the supply chain risks, which
makes it possible to implement risk management measures effectively. The study contributes to existing
knowledge because it combines both the predictive and clustering approaches to risk management in supply
chains, which has been understudied previously. Thus, from the analysis, it can be seen that offering SVR along
with K-means clustering would be the better approach compared to the traditional models since it provides a
higher degree of accuracy. Further improvements can be made to optimize the model by considering other risk
factors. The findings would also present an opportunity for the application of the technique in different areas
where there is a need for resilience in their operations.
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