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ABSTRACT 

Global maritime supply chains have become increasingly vulnerable to systemic 

disruptions caused by pandemics, geopolitical conflicts, port congestion, and logistics 

instability. These disruptions significantly affect freight volatility, operational 

efficiency, and global trade resilience. This study proposes an Adaptive Blockchain-

Orchestrated Supply Chain Resilience Framework using predictive maritime 

disruption intelligence to enhance adaptive logistics coordination and proactive risk 

mitigation. The proposed framework integrates maritime congestion analytics, supply 

chain vulnerability indicators, machine learning-based predictive intelligence, and 

blockchain-enabled adaptive orchestration into a unified resilience architecture. An 

XGBoost predictive model was developed using multi-dimensional maritime 

disruption features, including congestion index, supply chain pressure index, 

operational delays, trade flow indicators, and vulnerability metrics. Experimental 

results demonstrated strong predictive performance, with the proposed model 

achieving an R² value of 0.842 in forecasting maritime shipping rate volatility. Feature 

importance analysis revealed that systemic supply chain pressure was the dominant 

predictor of freight disruption dynamics. The adaptive risk evaluation further identified 

significant disruption escalation during the 2020–2022 global logistics crisis. In 

addition, the blockchain orchestration layer generated dynamic resilience responses, 

including route optimization, supplier reallocation, and smart contract activation for 

decentralized operational coordination. The findings indicate that predictive 

blockchain-enabled maritime intelligence can substantially improve supply chain 

resilience through real-time disruption prediction, adaptive decision-making, and 

automated operational response generation. This research contributes to the 

development of intelligent resilient logistics systems for future global maritime supply 

chain management. 

Keywords Blockchain-Orchestrated Supply Chain, Maritime Disruption Intelligence, XGBoost 

Predictive Analytics, Adaptive Supply Chain Resilience, Smart Logistics Systems 

INTRODUCTION 

Global supply chains have become increasingly dependent on maritime 

transportation networks for international trade activities [1]. However, recent 

disruption events such as pandemics, geopolitical conflicts, port congestion, 

and logistics bottlenecks have exposed significant vulnerabilities in global 

maritime logistics systems [2]. These disruptions have caused freight volatility, 

operational delays, declining delivery reliability, and increasing economic 

uncertainty across interconnected supply chain ecosystems. 

The maritime logistics crisis during the 2020–2022 period demonstrated how 

systemic disruptions can rapidly propagate across global trade networks [3]. 

Major ports experienced severe congestion levels, while shipping costs 

increased significantly due to vessel delays and limited transportation capacity. 
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These conditions highlighted the limitations of traditional centralized supply 

chain systems, which often suffer from limited transparency, fragmented 

operational visibility, and slow adaptive response mechanisms. 

Recent advances in Blockchain technology have introduced new opportunities 

for improving transparency, traceability, and coordination in supply chain 

management [4]. Blockchain enables decentralized operational infrastructures 

through immutable ledgers and smart contract automation, allowing multiple 

logistics stakeholders to coordinate more securely and efficiently. In parallel, 

predictive analytics and machine learning models such as XGBoost have shown 

strong capabilities in forecasting maritime disruption patterns and freight 

volatility using multidimensional logistics indicators [5]. 

Several previous studies have investigated blockchain-based supply chain 

transparency and predictive logistics analytics independently [6]. Existing 

research has also explored congestion forecasting and operational risk 

management within maritime transportation systems [7]. However, most current 

approaches focus only on isolated operational problems and do not integrate 

predictive disruption intelligence with adaptive blockchain-enabled 

orchestration mechanisms for real-time resilience coordination. Therefore, a 

significant research gap remains in the development of integrated intelligent 

resilience frameworks capable of combining predictive analytics, maritime 

disruption intelligence, and blockchain-based adaptive coordination into a 

unified supply chain resilience architecture [8]. 

To address this gap, this study proposes an Adaptive Blockchain-Orchestrated 

Supply Chain Resilience Framework using predictive maritime disruption 

intelligence. The proposed framework integrates maritime congestion analytics, 

supply chain vulnerability indicators, machine learning-based predictive 

forecasting, and blockchain-enabled adaptive operational responses to improve 

real-time logistics resilience under disruption conditions. 

The main contributions of this study are threefold. First, the research develops 

a multi-feature predictive intelligence framework for forecasting maritime freight 

volatility using XGBoost-based analytics. Second, the study introduces an 

adaptive blockchain orchestration layer capable of generating decentralized 

resilience responses based on dynamic disruption risk conditions. Third, the 

proposed framework integrates predictive analytics and blockchain-enabled 

coordination into a unified intelligent maritime resilience architecture for 

proactive disruption mitigation. 

The remainder of this paper is organized as follows. Section 2 presents the 

related literature and state-of-the-art research. Section 3 describes the research 

methodology and predictive framework architecture. Section 4 discusses the 

experimental results and adaptive resilience evaluation. Finally, Section 5 

concludes the study and provides recommendations for future research 

directions. 

Literature Review  

Blockchain technology has received significant attention in supply chain 

management due to its ability to improve transparency, traceability, and 

operational trust across decentralized logistics networks [9]. Through distributed 

ledger mechanisms, blockchain enables secure transaction recording and real-
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time information sharing among multiple stakeholders without relying on 

centralized coordination systems. In maritime logistics environments, 

blockchain-based infrastructures have been applied to shipment verification, 

cargo monitoring, and smart contract automation to improve operational 

efficiency and reduce information asymmetry [10]. Several studies have also 

highlighted that blockchain can reduce operational fraud risk, improve logistics 

visibility, and strengthen coordination among international supply chain 

participants [11]. 

At the same time, global maritime supply chains continue to face increasing 

disruption risks caused by pandemics, geopolitical instability, port congestion, 

labor shortages, and operational bottlenecks [12]. These disruptions 

significantly affect freight volatility, cargo delivery reliability, and global trade 

performance. The maritime logistics crisis during the COVID-19 period 

demonstrated how disruption events can propagate rapidly across 

interconnected supply chain ecosystems, creating severe operational 

uncertainty and systemic logistics pressure [13]. Previous maritime resilience 

studies further emphasized that operational disruptions at major ports can 

trigger cascading impacts across global trade networks and increase 

transportation costs significantly [14]. 

To address these challenges, predictive analytics and machine learning 

techniques have increasingly been adopted in supply chain risk management 

and maritime forecasting systems [15]. Advanced machine learning models 

such as XGBoost are capable of identifying nonlinear relationships between 

congestion indicators, freight pricing dynamics, operational delays, and 

disruption intensity. Previous studies have shown that predictive intelligence 

frameworks can improve disruption forecasting accuracy and support proactive 

operational planning under uncertain logistics conditions [16]. Machine learning-

based resilience systems have also demonstrated strong potential for improving 

real-time disruption monitoring and adaptive logistics decision-making [17]. 

Although blockchain systems and predictive analytics have both demonstrated 

strong potential in maritime logistics research, existing studies generally 

investigate these technologies separately [18]. Most blockchain-based studies 

focus primarily on transparency and decentralized transaction management, 

while predictive analytics research mainly concentrates on forecasting 

operational disruption patterns. As a result, current approaches still lack 

integrated resilience frameworks capable of combining predictive maritime 

intelligence with adaptive blockchain-enabled operational coordination. 

In addition, many previous resilience models rely on isolated operational 

indicators and reactive mitigation strategies [19]. Limited research has explored 

multidimensional disruption intelligence architectures that simultaneously 

integrate congestion analytics, trade volatility, vulnerability assessment, 

machine learning prediction, and decentralized adaptive orchestration into a 

unified maritime resilience framework [20]. 

Therefore, a significant research gap remains in the development of intelligent 

blockchain-orchestrated supply chain resilience systems capable of supporting 

predictive disruption monitoring, decentralized coordination, and adaptive 

operational response generation. To address this limitation, this study proposes 

an Adaptive Blockchain-Orchestrated Supply Chain Resilience Framework that 
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integrates XGBoost-based predictive analytics with blockchain-enabled 

adaptive resilience mechanisms for proactive maritime disruption mitigation. 

Method 

This study proposes an Adaptive Blockchain-Orchestrated Supply Chain 

Resilience Framework using predictive maritime disruption intelligence to 

improve maritime logistics resilience under disruption conditions. The proposed 

methodology integrates maritime congestion analytics, supply chain 

vulnerability assessment, machine learning-based predictive intelligence, and 

blockchain-enabled adaptive orchestration into a unified analytical framework. 

The overall research workflow consists of data integration, feature engineering, 

predictive modeling, adaptive risk assessment, and blockchain response 

generation. The framework was designed to support proactive disruption 

monitoring and decentralized operational coordination across global maritime 

logistics systems. 

Research Framework Architecture 

The proposed framework (figure 1) combines multidimensional maritime 

disruption datasets with predictive machine learning and blockchain 

coordination mechanisms. Maritime operational indicators, congestion 

variables, freight market data, trade activity metrics, and supply chain 

vulnerability indicators were first integrated into a unified analytical environment. 

The processed data were then utilized to construct predictive intelligence 

variables capable of representing operational congestion, systemic logistics 

pressure, and disruption interaction dynamics. The predictive outputs generated 

by the machine learning model were subsequently transformed into adaptive 

blockchain-enabled resilience responses for proactive disruption mitigation. 

 
Figure 1 Proposed Adaptive Blockchain-Orchestrated Maritime Intelligence Framework 
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The framework architecture illustrates the integration between predictive 

maritime intelligence and decentralized blockchain coordination for adaptive 

supply chain resilience management. 

Dataset Description 

This study utilized multiple maritime logistics datasets consisting of disruption 

events, port congestion indicators, shipping market variables, international 

trade activities, and industry vulnerability metrics. The datasets covered 

historical maritime disruption observations between 2000 and 2024 (see table 

1 for details). 

Table 1 Dataset Description 

Dataset Description Key Indicators 
Observation 

Period 

disruption_events Global maritime disruption events Disruption intensity indicators 2000–2024 

port_congestion Port congestion operational indicators Congestion and delay indicators 2019–2024 

shipping_rates Global freight market indicators Freight volatility indicators 2000–2024 

trade_flows International trade flow activities Trade activity indicators 2000–2024 

industry_exposure Industry supply chain vulnerability metrics Supply chain vulnerability indicators 2000–2024 

The integrated datasets enabled multidimensional maritime disruption analysis 

by combining operational congestion metrics, freight market indicators, trade 

activities, and supply chain vulnerability measurements into a unified predictive 

intelligence framework. 

Feature Engineering 

Feature engineering was conducted to improve the capability of the predictive 

model to capture nonlinear disruption dynamics and systemic logistics 

interactions. Several engineered variables were developed from the integrated 

maritime datasets to represent operational congestion, logistics pressure, and 

disruption vulnerability relationships. The features used in the proposed 

framework, together with their data sources, formulation, and analytical 

purposes, are summarized in table 2. 

Table 2 Feature Engineering Variables 

Feature Source Engineered Formula Purpose 

congestion_index 
Port congestion 

dataset 
– 

Maritime congestion 

measurement 

avg_wait_days 
Port congestion 

dataset 
– Operational delay analysis 

berth_delay_hrs 
Port congestion 

dataset 
– Port bottleneck evaluation 

supply_chain_pressure_index 
Shipping rates 

dataset 
– 

Systemic logistics pressure 

assessment 

risk_pressure_interaction Engineered feature 
overall_vulnerability * 

supply_chain_pressure_index 

Integrated disruption 

vulnerability analysis 

logistics_stress Engineered feature congestion_index * avg_wait_days 
Operational logistics stress 

measurement 

As presented in table 2, the feature engineering process combines original 

variables obtained from the maritime datasets with derived interaction features. 

In particular, risk_pressure_interaction integrates overall vulnerability with 

supply chain pressure, while logistics_stress combines congestion intensity and 

average waiting time to represent the operational stress experienced within the 

maritime logistics system. These engineered variables provide additional 

information for the predictive model to identify complex relationships associated 

with maritime disruption risk. The logistics stress variable was constructed using 
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the interaction between congestion intensity and operational waiting delays: 

𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐𝑠 𝑆𝑡𝑟𝑒𝑠𝑠 =  𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛_𝑖𝑛𝑑𝑒𝑥 × 𝑎𝑣𝑔_𝑤𝑎𝑖𝑡_𝑑𝑎𝑦𝑠 (1) 

The disruption interaction variable was calculated using vulnerability and 

logistics pressure indicators: 

𝑅𝑖𝑠𝑘 𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =  𝑜𝑣𝑒𝑟𝑎𝑙𝑙_𝑣𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 × 𝑠𝑢𝑝𝑝𝑙𝑦_𝑐ℎ𝑎𝑖𝑛_𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒_𝑖𝑛𝑑𝑒𝑥 (2) 

These engineered variables were designed to improve predictive intelligence 

capability for identifying systemic disruption escalation patterns. 

Predictive Intelligence Modeling 

The predictive intelligence stage utilized the XGBoost regression algorithm to 

forecast maritime freight volatility based on multidimensional disruption 

indicators. XGBoost was selected due to its strong capability in handling 

nonlinear feature interactions and high-dimensional operational datasets. 

The predictive model utilized congestion indicators, logistics pressure variables, 

trade activity metrics, and supply chain vulnerability indicators as input features. 

The target variable represented maritime container freight rate volatility. The 

prediction objective of the XGBoost model can be expressed as: 

𝑦̂𝑖 = ∑ 𝑘 = 1𝐾𝑓𝑘(𝑥𝑖) (3) 

𝑦𝑖̂ represents the predicted shipping rate and 𝑓𝑘(𝑥𝑖) denotes the boosted 

regression tree functions. The optimization objective function of XGBoost is 

defined as: 

𝑂𝑏𝑗 = ∑ 𝑙(𝑦𝑖 , 𝑦̂𝑖)

𝑛

𝑖=1

+ ∑ 𝑘 = 1𝐾Ω(𝑓𝑘) (4) 

𝑙(𝑦𝑖 , 𝑦̂𝑖) represents the prediction loss function and Ω(𝑓𝑘) denotes the 

regularization component used to reduce model complexity. 

The machine learning configuration was designed to develop an XGBoost-

based predictive model for maritime disruption forecasting. The model 

parameters were selected to provide a balance between predictive performance 

and model complexity. The main configuration parameters used in the XGBoost 

model are presented in table 3. 

Table 3 Machine Learning Configuration 

Parameter Value 

Algorithm XGBoost 

Objective Function reg:squarederror 

Evaluation Metric RMSE 

n_estimators 300 

learning_rate 0.05 

max_depth 6 

test_size 0.20 

random_state 42 

As shown in table 3, the XGBoost model was configured with 300 estimators, a 

learning rate of 0.05, and a maximum tree depth of 6. The reg:squarederror 

objective function was employed because the proposed framework performs a 
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regression-based prediction of maritime disruption-related outcomes. The 

dataset was divided into 80% training data and 20% testing data, while a 

random state of 42 was used to ensure reproducibility. 

The overall predictive intelligence modeling process is illustrated in figure 2. The 

workflow begins with the specification of the input parameters, including the 

cluster, last prediction day, product code, training days, and prediction days. 

These inputs are used for dataset construction, followed by dataset 

preprocessing to prepare the data for machine learning. 

After preprocessing, the dataset is divided into training and testing sets. The 

selected features are then processed through the XGBoost-based feature 

selection stage. Grid search optimization is subsequently applied to identify 

suitable model hyperparameters before the final XGBoost model is built. The 

trained model is then used to generate predictions, which are finally presented 

as prediction plotting results. 

 
Figure 2 Predictive Intelligence Modeling Workflow 

The predictive performance of the trained model was evaluated using Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and coefficient of 

determination (R²). MAE measures the average magnitude of prediction errors, 

RMSE provides greater sensitivity to larger prediction errors, and R² indicates 

the proportion of variance in the target variable explained by the model. These 

metrics were used to assess both prediction accuracy and the generalization 

capability of the proposed predictive framework. 

Blockchain-Orchestrated Adaptive Response Mechanism 

The final stage of the framework implemented blockchain-enabled adaptive 

orchestration mechanisms for decentralized resilience coordination. Adaptive 

operational responses were generated dynamically based on predicted levels 

of maritime disruption risk. The adaptive risk score was calculated using 

normalized congestion and vulnerability indicators: 

𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 𝑅𝑖𝑠𝑘 𝑆𝑐𝑜𝑟𝑒 =
𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 + 𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒

2
 (5) 

The generated adaptive risk scores were subsequently mapped to predefined 

resilience levels to determine the appropriate blockchain-based response. 

Table 4 presents the response logic used to translate the predicted risk scores 

into adaptive operational actions, ranging from routine monitoring under low-
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risk conditions to emergency response activation under critical disruption 

conditions. 

Table 4 Blockchain Response Logic 

Risk Level Risk Score Range Blockchain Adaptive Response 

Critical > 0.80 Emergency Smart Contract Activation 

High 0.60 – 0.80 Adaptive Supplier Reallocation 

Medium 0.40 – 0.60 Dynamic Route Optimization 

Low < 0.40 Normal Blockchain Monitoring 

The blockchain orchestration layer enables decentralized operational 

coordination through automated response execution and smart contract-based 

resilience management. Figure 3 illustrates the blockchain adaptive 

orchestration process proposed in this study. The framework begins with 

maritime disruption data collection and predictive intelligence analysis using 

machine learning models. The generated adaptive risk scores are subsequently 

transmitted to the blockchain orchestration layer, where smart contracts 

dynamically determine the appropriate resilience response based on disruption 

severity levels. The adaptive responses include route optimization, supplier 

reallocation, and emergency operational coordination for proactive maritime 

supply chain resilience management. 

 

Figure 3 Blockchain Adaptive Orchestration Process 

Result and Discussion 

Descriptive Statistical Analysis 

Table 5 presents the descriptive statistics of the primary maritime disruption 

variables used in the proposed predictive blockchain framework. The results 

indicate substantial variability in maritime logistics conditions across the 

observation period. 

Table 5 Descriptive Statistics of Maritime Disruption Variables 

Variable Mean Std Min Max 

congestion_index 2.22 0.62 1.02 4.75 

avg_wait_days 35.28 10.00 16.02 75.58 

container_rate_usd_40ft 2989.13 1840.13 1846.67 9851.67 

supply_chain_pressure_index 1.10 0.41 0.73 2.52 
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The shipping rate variable exhibited extremely high volatility, with container 

freight rates reaching a maximum value of USD 9,851 during major disruption 

periods. Similarly, congestion-related variables such as average waiting time 

and congestion index experienced significant fluctuations, indicating the 

existence of severe maritime bottlenecks. The results suggest that global 

maritime logistics systems are highly vulnerable to systemic disruptions, 

particularly during periods of elevated supply chain pressure. 

Correlation Analysis 

To investigate the interdependencies among maritime disruption indicators, a 

correlation analysis was conducted. The correlation matrix is illustrated in Figure 

4, while selected correlation coefficients are summarized in table 6. 

Table 6 Correlation Analysis 

Variable Shipping Rate Congestion Index Supply Chain Pressure 

congestion_index 0.67 1.00 0.65 

avg_wait_days 0.68 0.99 0.65 

supply_chain_pressure_index 0.89 0.65 1.00 

The findings demonstrate strong positive correlations between shipping rates 

and maritime disruption indicators. In particular, the supply chain pressure index 

exhibited the strongest relationship with freight volatility (r = 0.89), indicating that 

systemic logistics stress significantly influences global shipping costs. 

Additionally, congestion index and average waiting days showed near-perfect 

correlations (r = 0.99), suggesting that port congestion directly contributes to 

operational delays. Figure 4 further confirms the existence of strong 

interconnected relationships among logistics congestion, disruption pressure, 

and freight pricing variables. Negative correlations were also observed between 

on-time delivery performance and shipping rate volatility, indicating that delivery 

reliability deteriorates significantly during disruption periods. 

 

Figure 4 Correlation Structure of Maritime Disruption Variables 

Predictive Intelligence Performance 

The proposed predictive intelligence framework was evaluated using the 

XGBoost regression model. The model was trained using multi-dimensional 

maritime disruption indicators, including congestion metrics, trade flow 
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indicators, logistics stress variables, and supply chain vulnerability scores (table 

7). 

Table 7 Predictive Model Performance 

Model MAE RMSE R² 

XGBoost 120.15 140.88 0.842 

The proposed model achieved an R² score of 0.842, indicating strong predictive 

capability in forecasting maritime shipping rate volatility. Compared with the 

earlier single-feature model, the multi-feature architecture substantially 

improved predictive performance and model generalization. The low MAE and 

RMSE values further demonstrate the effectiveness of the predictive intelligence 

framework in capturing nonlinear disruption dynamics. As illustrated in figure 5, 

the predicted shipping rates closely follow the actual observations, confirming 

that the model successfully captures maritime freight volatility patterns under 

disruption conditions. 

 

Figure 5 Actual vs Predicted Maritime Shipping Rates 

Feature Importance Analysis 

To improve explainability and interpretability, feature importance analysis was 

conducted using the XGBoost framework. The results (table 8) indicate that the 

supply chain pressure index is the most influential predictive variable, 

contributing approximately 48.1% of the model importance. This finding 

suggests that systemic logistics pressure is the primary driver of maritime freight 

volatility. 

Table 8 Top Predictive Features 

Rank Feature Importance 

1 supply_chain_pressure_index 0.481 

2 avg_wait_days 0.115 

3 port_utilization_pct 0.089 

4 risk_pressure_interaction 0.082 

5 congestion_index 0.078 

The XGBoost feature importance analysis reveals that the predictive model is 

strongly dominated by the supply_chain_pressure_index, which accounts for 

96.7% of the normalized predictive contribution, as illustrated in Figure 6. This 

result indicates that systemic supply chain pressure is the primary factor 
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influencing maritime freight volatility prediction within the proposed framework. 

 

Figure 6 XGBoost Feature Importance Analysis 

As shown in figure 6, congestion_index contributes 1.9%, followed by 

port_utilization_pct (0.8%), supplier_concentration_hhi (0.4%), and 

just_in_time_dependency (0.3%). Although these operational and structural 

indicators contribute substantially less than the supply chain pressure index, 

their inclusion provides additional information regarding congestion conditions, 

port utilization, supplier concentration, and logistics dependency. The feature 

importance distribution demonstrates that maritime freight volatility is primarily 

associated with systemic supply chain pressure rather than individual 

operational indicators. Therefore, the results support the use of an integrated 

predictive intelligence framework that combines macro-level supply chain 

conditions with port and logistics indicators to improve maritime disruption 

monitoring and risk assessment. 

Adaptive Supply Chain Risk Evolution 

To evaluate the resilience capability of the proposed framework, adaptive risk 

scores were generated using the predictive shipping outputs and vulnerability 

indicators. The evolution of the adaptive risk scores over the observed period is 

presented in figure 7. 

 

Figure 7 Adaptive Supply Chain Risk Evolution 
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The adaptive risk trend shows a significant escalation during the 2020–2022 

disruption period, corresponding to the global COVID-19 logistics crisis. The 

highest risk score occurred in 2021, reflecting severe maritime congestion, 

container shortages, and freight inflation. These findings confirm that the 

proposed framework is capable of dynamically identifying disruption escalation 

periods and generating real-time resilience intelligence. 

Blockchain-Orchestrated Adaptive Responses 

The final stage of the proposed framework implemented blockchain-based 

adaptive orchestration mechanisms to translate dynamic maritime risk scores 

into predefined resilience responses. Table 9 presents the relationship between 

the predicted risk scores and the corresponding recommended blockchain-

based actions, while the overall distribution of the generated responses is 

illustrated in figure 8. 

Table 9 Blockchain Adaptive Responses 

Year Risk Score Recommended Action 

2000 0.55 Dynamic Route Optimization 

2001 0.55 Dynamic Route Optimization 

2002 0.55 Dynamic Route Optimization 

2003 0.56 Dynamic Route Optimization 

2004 0.56 Dynamic Route Optimization 

As shown in table 9, the risk scores during the presented observation period 

ranged from 0.55 to 0.56, corresponding to the Medium risk category defined in 

the blockchain response logic. Consequently, Dynamic Route Optimization was 

selected as the recommended adaptive response. This mechanism enables the 

framework to respond to moderate disruption conditions without immediately 

activating more intensive interventions. 

The blockchain orchestration layer generated three types of adaptive resilience 

responses according to the severity of the predicted maritime risk: Dynamic 

Route Optimization for moderate-risk conditions, Adaptive Supplier Reallocation 

for elevated-risk conditions, and Emergency Smart Contract Activation for 

critical-risk conditions. The frequency of these responses is presented in figure 

8. 

 

Figure 8 Distribution of Blockchain Adaptive Responses 

As illustrated in figure 8, Dynamic Route Optimization was the dominant 

adaptive response, occurring 22 times, followed by Adaptive Supplier 
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Reallocation with 2 occurrences and Emergency Smart Contract Activation with 

1 occurrence. The predominance of Dynamic Route Optimization indicates that 

the proposed framework primarily operates as a preventive resilience 

mechanism, enabling operational adjustments before disruptions escalate to 

more severe conditions. 

The relatively low frequency of Adaptive Supplier Reallocation and Emergency 

Smart Contract Activation indicates that higher-severity responses were 

triggered only under a limited number of elevated-risk conditions. This response 

distribution demonstrates that the proposed blockchain orchestration 

mechanism provides graduated resilience actions, allowing the intensity of the 

response to correspond to the predicted level of maritime supply chain risk. 

Discussion 

The results demonstrate that predictive maritime disruption intelligence can 

significantly improve adaptive supply chain resilience when integrated with 

blockchain-based orchestration mechanisms [21], [24]. The proposed 

framework successfully captured the relationships between congestion 

indicators, logistics pressure, and freight rate volatility [22], [26]. 

The correlation analysis showed that supply chain pressure index and 

congestion-related variables had strong positive relationships with shipping rate 

fluctuations [23], [25]. This indicates that systemic logistics stress is a major 

driver of maritime disruption risk. The findings also revealed that delivery 

reliability decreases significantly during periods of high congestion and 

operational delays [21], [27]. 

The XGBoost model achieved strong predictive performance with an R² value 

of 0.842, confirming the effectiveness of the multi-feature prediction framework 

[24], [26]. Compared with earlier single-variable approaches, the proposed 

model provided more accurate forecasting by integrating operational, trade, and 

vulnerability indicators simultaneously [22], [25]. 

Feature importance analysis identified supply chain pressure index as the 

dominant predictive factor [21], [23]. This suggests that global maritime 

disruption is primarily influenced by systemic supply chain instability rather than 

isolated local congestion events. The adaptive risk analysis further confirmed 

that disruption risk increased sharply during the COVID-19 logistics crisis 

between 2020 and 2022 [24], [27]. 

The blockchain orchestration layer generated adaptive responses such as route 

optimization, supplier reallocation, and emergency smart contract activation 

[22], [26]. Most responses were categorized as Dynamic Route Optimization, 

indicating that the framework mainly supports preventive resilience strategies 

before disruptions escalate into critical failures [21], [25]. 

Overall, the findings demonstrate that blockchain-enabled predictive intelligence 

can improve maritime supply chain resilience through proactive disruption 

detection and adaptive operational coordination [23], [27]. 

Conclusion 

This study proposed an Adaptive Blockchain-Orchestrated Supply Chain 

Resilience Framework using predictive maritime disruption intelligence to 

improve global logistics resilience under disruption conditions. The framework 
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integrated maritime congestion analytics, machine learning prediction, supply 

chain vulnerability assessment, and blockchain-based adaptive orchestration 

into a unified resilience system. 

The experimental results demonstrated strong predictive performance, with the 

XGBoost model achieving an R² value of 0.842 in forecasting maritime freight 

volatility. The analysis also revealed that systemic supply chain pressure was 

the most influential predictor of disruption risk. 

The adaptive risk evaluation successfully identified major disruption escalation 

periods, particularly during the COVID-19 maritime logistics crisis. Furthermore, 

the blockchain orchestration layer generated dynamic resilience responses 

capable of supporting proactive mitigation strategies. 

In conclusion, the proposed framework demonstrates that predictive blockchain-

enabled maritime intelligence can significantly enhance adaptive supply chain 

resilience through real-time disruption prediction, decentralized coordination, 

and automated operational response generation. 

Declarations 

Author Contributions 

Conceptualization: R.J.R.; Methodology: R.J.R.; Software: R.J.R.; Validation: 

R.J.R.; Formal Analysis: R.J.R.; Investigation: R.J.R.; Resources: R.J.R.; Data 

Curation: R.J.R.; Writing Original Draft Preparation: R.J.R.; Writing Review and 

Editing: R.J.R.; Visualization: R.J.R.; The author has read and agreed to the 

published version of the manuscript. 

Data Availability Statement 

The data presented in this study are available on request from the 

corresponding author. 

Funding 

The authors received no financial support for the research, authorship, and/or 

publication of this article. 

Institutional Review Board Statement 

Not applicable. 

Informed Consent Statement 

Not applicable. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial interests or 

personal relationships that could have appeared to influence the work reported 

in this paper. 

References 

[1] R. Mesa-Arango, B. Narayanan, and S. V. Ukkusuri, “The impact of international 

crises on maritime transportation based global value chains,” Networks Spatial 

Econ., vol. 19, no. 2, pp. 381–408, Dec. 2017, doi: 10.1007/s11067-017-9377-7. 

[2] M. Koray, E. Kaya, and M. H. Keskin, “Determining logistical strategies to mitigate 

supply chain disruptions in maritime shipping for a resilient and sustainable global 

https://doi.org/10.1007/s11067-017-9377-7
https://doi.org/10.1007/s11067-017-9377-7
https://doi.org/10.1007/s11067-017-9377-7
https://doi.org/10.3390/su17125261
https://doi.org/10.3390/su17125261


 Journal of Current Research in Blockchain 

 

Rashes (2026) J. Curr. Res. Blockchain. 

 

214 

 

 

economy,” Sustainability, vol. 17, no. 12, pp. 1–15, Jun. 2025, doi: 

10.3390/su17125261. 

[3] B. Gu and J. Liu, “A systematic review of resilience in the maritime transport,” Int. 

J. Logistics Res. Appl., vol. 28, no. 3, pp. 257–278, Jan. 2023, doi: 

10.1080/13675567.2023.2165051. 

[4] O. I. Oriekhoe et al., “Blockchain in supply chain management: A review of 

efficiency, transparency, and innovation,” Int. J. Sci. Res. Archive, vol. 11, no. 1, 

pp. 173–181, Jan. 2024, doi: 10.30574/ijsra.2024.11.1.0028. 

[5] M. D. Nguyen et al., “Development of intelligent marine logistics models using 

machine learning,” JOIV: Int. J. Informatics Visualization, vol. 9, no. 1, pp. 1–10, 

Jan. 2025, doi: 10.62527/joiv.9.1.3666. 

[6] M. S. Rahman et al., “Enhancing supply chain transparency with blockchain: A 

data-driven analysis of distributed ledger applications,” J. Bus. Manage. Studies, 

vol. 7, no. 3, pp. 59–77, May 2025, doi: 10.32996/jbms.2025.7.3.7. 

[7] S. Fu, S. Gu, Y. Zhang, M. Zhang, and J. Weng, “Towards system-theoretic risk 

management for maritime transportation systems: A case study of the Yangtze 

River estuary,” Ocean Eng., vol. 286, no. Oct., pp. 1–13, Oct. 2023, doi: 

10.1016/j.oceaneng.2023.115637. 

[8] Ö. Karaduman, “Towards integrated disaster management: A review of AI, 

blockchain, and digital twin technologies for smart resilience,” Int. J. Innovative 

Eng. Appl., vol. 9, no. 2, pp. 211–222, Dec. 2025, doi: 10.46460/ijiea.1768923. 

[9] P. Centobelli, R. Cerchione, P. D. Vecchio, E. Oropallo, and G. Secundo, 

“Blockchain technology for bridging trust, traceability and transparency in circular 

supply chain,” Inf. Manage., vol. 59, no. 7, pp. 1–14, Nov. 2022, doi: 

10.1016/j.im.2021.103508. 

[10] M. Jović, E. Tijan, D. Žgaljić, and S. Aksentijević, “Improving maritime transport 

sustainability using blockchain-based information exchange,” Sustainability, vol. 

12, no. 21, pp. 1–10, Oct. 2020, doi: 10.3390/su12218866. 

[11] Y. Chang, E. Iakovou, and W. Shi, “Blockchain in global supply chains and cross 

border trade: A critical synthesis of the state-of-the-art, challenges and 

opportunities,” Int. J. Production Res., vol. 58, no. 7, pp. 2082–2099, Aug. 2019, 

doi: 10.1080/00207543.2019.1651946. 

[12] O. Touat, “Global supply chain disruptions: Lessons from the COVID-19 pandemic 

crisis,” The Political Economy of the Middle East, vol. 2024, no. Jun., pp. 117–135, 

Jun. 2024, doi: 10.1007/978-981-97-2962-3_7. 

[13] T. Mukha, I. Smyrnov, V. Chychun, O. Parkhomenko-Kutsevil, and V. Sysoiev, 

“Adaptive and sustainable supply chain management under systemic instability: 

Evidence from the COVID-19 pandemic and the Ukraine conflict,” Eur. J. 

Sustainable Development, vol. 15, no. 1, pp. 1–15, Feb. 2026, doi: 

10.14207/ejsd.2026.v15n1p703. 

[14] Y. Lau, Q. Chen, M. C.-P. Poo, A. K. Y. Ng, and C. C. Ying, “Maritime transport 

resilience: A systematic literature review on the current state of the art, research 

agenda and future research directions,” Ocean Coastal Manage., vol. 251, no. May, 

pp. 1–10, May 2024, doi: 10.1016/j.ocecoaman.2024.107086. 

[15] A. Aljohani, “Predictive analytics and machine learning for real-time supply chain 

risk mitigation and agility,” Sustainability, vol. 15, no. 20, pp. 1–15, Oct. 2023, doi: 

10.3390/su152015088. 

[16] D. Akanbi, “Transforming multinational supply networks using predictive modeling, 

supplier-risk intelligence, and synchronized logistics planning to reduce volatility 

https://doi.org/10.3390/su17125261
https://doi.org/10.3390/su17125261
https://doi.org/10.1080/13675567.2023.2165051
https://doi.org/10.1080/13675567.2023.2165051
https://doi.org/10.1080/13675567.2023.2165051
https://doi.org/10.30574/ijsra.2024.11.1.0028
https://doi.org/10.30574/ijsra.2024.11.1.0028
https://doi.org/10.30574/ijsra.2024.11.1.0028
https://doi.org/10.62527/joiv.9.1.3666
https://doi.org/10.62527/joiv.9.1.3666
https://doi.org/10.62527/joiv.9.1.3666
https://doi.org/10.32996/jbms.2025.7.3.7
https://doi.org/10.32996/jbms.2025.7.3.7
https://doi.org/10.32996/jbms.2025.7.3.7
https://doi.org/10.1016/j.oceaneng.2023.115637
https://doi.org/10.1016/j.oceaneng.2023.115637
https://doi.org/10.1016/j.oceaneng.2023.115637
https://doi.org/10.1016/j.oceaneng.2023.115637
https://doi.org/10.46460/ijiea.1768923
https://doi.org/10.46460/ijiea.1768923
https://doi.org/10.46460/ijiea.1768923
https://doi.org/10.1016/j.im.2021.103508
https://doi.org/10.1016/j.im.2021.103508
https://doi.org/10.1016/j.im.2021.103508
https://doi.org/10.1016/j.im.2021.103508
https://doi.org/10.3390/su12218866
https://doi.org/10.3390/su12218866
https://doi.org/10.3390/su12218866
https://doi.org/10.1080/00207543.2019.1651946
https://doi.org/10.1080/00207543.2019.1651946
https://doi.org/10.1080/00207543.2019.1651946
https://doi.org/10.1080/00207543.2019.1651946
https://doi.org/10.1007/978-981-97-2962-3_7
https://doi.org/10.1007/978-981-97-2962-3_7
https://doi.org/10.1007/978-981-97-2962-3_7
https://doi.org/10.14207/ejsd.2026.v15n1p703
https://doi.org/10.14207/ejsd.2026.v15n1p703
https://doi.org/10.14207/ejsd.2026.v15n1p703
https://doi.org/10.14207/ejsd.2026.v15n1p703
https://doi.org/10.14207/ejsd.2026.v15n1p703
https://doi.org/10.1016/j.ocecoaman.2024.107086
https://doi.org/10.1016/j.ocecoaman.2024.107086
https://doi.org/10.1016/j.ocecoaman.2024.107086
https://doi.org/10.1016/j.ocecoaman.2024.107086
https://doi.org/10.3390/su152015088
https://doi.org/10.3390/su152015088
https://doi.org/10.3390/su152015088
https://doi.org/10.33545/26179210.2022.v5.i1.680
https://doi.org/10.33545/26179210.2022.v5.i1.680


 Journal of Current Research in Blockchain 

 

Rashes (2026) J. Curr. Res. Blockchain. 

 

215 

 

 

and strengthen operational continuity,” Int. J. Financial Manage. Econ., vol. 5, no. 

1, pp. 157–166, Jan. 2022, doi: 10.33545/26179210.2022.v5.i1.680. 

[17] S. R. Katragadda, “AI-driven resilient supply chain architectures: Machine learning 

frameworks for risk anticipation, disruption mitigation, and adaptive decision-

making,” J. Bus. Manage. Studies, vol. 8, no. 3, pp. 38–50, Feb. 2026, doi: 

10.32996/jbms.2026.8.3.4. 

[18] C. Muñoz-Sánchez et al., “Blockchain technology and maritime logistics: A 

systematic literature review,” Logistics, vol. 10, no. 1, pp. 1–15, Dec. 2025, doi: 

10.3390/logistics10010012. 

[19] D. L. Alderson, G. G. Brown, and W. M. Carlyle, “Operational models of 

infrastructure resilience,” Risk Analysis, vol. 35, no. 4, pp. 562–586, Mar. 2015, doi: 

10.1111/risa.12333. 

[20] K. A. Loganathan and A. Chinnaraju, “AI-native supply chain resilience: A 

multimodal architecture for predictive intelligence, optimization, and real-time 

decision-making,” GSC Adv. Res. Rev., vol. 25, no. 3, pp. 78–126, Dec. 2025, doi: 

10.30574/gscarr.2025.25.3.0372. 

[21] J.-F. Arvis, J.-P. Rodrigue, D. Ulybina, and C. Rastogi, “A metric of global maritime 

supply chain disruptions: The global supply chain stress index—maritime (GSCSI-

M),” J. Transport Geography, vol. 131, no. Feb., pp. 1–15, Feb. 2026, doi: 

10.1016/j.jtrangeo.2026.104575. 

[22] A. Komaromi, D. A. Cerdeiro, and Y. Liu, “Supply chains and port congestion 

around the world,” IMF Working Papers, vol. 2022, no. Mar., pp. 1–16, Mar. 2022, 

doi: 10.5089/9798400202957.001. 

[23] J. Liu, B. Gu, and J. Chen, “Enablers for maritime supply chain resilience during 

pandemic: An integrated MCDM approach,” Transportation Research Part A: 

Policy and Practice, vol. 175, no. Sep., pp. 1–15, Sep. 2023, doi: 

10.1016/j.tra.2023.103777. 

[24] H. Zhao, Z. Ye, and C. Liu, “Reducing the bullwhip effect to enhance maritime 

service resilience: The power of blockchain technology for cutting down the market 

uncertainty in the maritime supply chain,” Ocean Coastal Manage., vol. 244, no. 

Oct., pp. 1–15, Oct. 2023, doi: 10.1016/j.ocecoaman.2023.106824. 

[25] S. Shin, Y. Wang, S. Pettit, and W. Abouarghoub, “Blockchain application in 

maritime supply chain: A systematic literature review and conceptual 

framework,” Maritime Policy Manage., vol. 51, no. 6, pp. 1062–1095, 2024, doi: 

10.1080/03088839.2023.2234896. 

[26] M. H. Alshareef, “Supply chain resilience in maritime logistics networks integrating 

blockchain technology and machine learning disruption prediction,” J. Information 

Systems Eng. Manage., vol. 10, no. 35s, pp. 1–15, 2025, doi: 

10.52783/jisem.v10i35s.6174. 

[27] United Nations Conference on Trade and Development (UNCTAD), “Review of 

maritime transport 2022,” Review of Maritime Transport, vol. 2022, no. 2022, pp. 

1–174, 2022. 

 

 

https://doi.org/10.33545/26179210.2022.v5.i1.680
https://doi.org/10.33545/26179210.2022.v5.i1.680
https://doi.org/10.32996/jbms.2026.8.3.4
https://doi.org/10.32996/jbms.2026.8.3.4
https://doi.org/10.32996/jbms.2026.8.3.4
https://doi.org/10.32996/jbms.2026.8.3.4
https://doi.org/10.3390/logistics10010012
https://doi.org/10.3390/logistics10010012
https://doi.org/10.3390/logistics10010012
https://doi.org/10.1111/risa.12333
https://doi.org/10.1111/risa.12333
https://doi.org/10.1111/risa.12333
https://doi.org/10.30574/gscarr.2025.25.3.0372
https://doi.org/10.30574/gscarr.2025.25.3.0372
https://doi.org/10.30574/gscarr.2025.25.3.0372
https://doi.org/10.30574/gscarr.2025.25.3.0372
https://doi.org/10.1016/j.jtrangeo.2026.104575
https://doi.org/10.1016/j.jtrangeo.2026.104575
https://doi.org/10.1016/j.jtrangeo.2026.104575
https://doi.org/10.1016/j.jtrangeo.2026.104575
https://doi.org/10.5089/9798400202957.001
https://doi.org/10.5089/9798400202957.001
https://doi.org/10.5089/9798400202957.001
https://doi.org/10.1016/j.tra.2023.103777
https://doi.org/10.1016/j.tra.2023.103777
https://doi.org/10.1016/j.tra.2023.103777
https://doi.org/10.1016/j.tra.2023.103777
https://doi.org/10.1016/j.ocecoaman.2023.106824
https://doi.org/10.1016/j.ocecoaman.2023.106824
https://doi.org/10.1016/j.ocecoaman.2023.106824
https://doi.org/10.1016/j.ocecoaman.2023.106824
https://doi.org/10.1080/03088839.2023.2234896
https://doi.org/10.1080/03088839.2023.2234896
https://doi.org/10.1080/03088839.2023.2234896
https://doi.org/10.1080/03088839.2023.2234896
https://doi.org/10.52783/jisem.v10i35s.6174
https://doi.org/10.52783/jisem.v10i35s.6174
https://doi.org/10.52783/jisem.v10i35s.6174
https://doi.org/10.52783/jisem.v10i35s.6174


  L o g i s t i c s   S t r e s s   =   c o n g e s t i o n _ i n d e x   × a v g _ w a i t _ d a y s


  R i s k   P r e s s u r e   I n t e r a c t i o n   =   o v e r a l l _ v u l n e r a b i l i t y   × s u p p l y _ c h a i n _ p r e s s u r e _ i n d e x


    y ^ i =  ∑  k =  1  K   f  k  (   x  i )


      y  i ^


    f  k  (   x  i )


  O b j =   ∑  i = 1  n  l  (   y  i ,   y ^ i ) +  ∑  k =  1  K Ω  (   f  k )


  l  (   y  i ,   y ^ i )


  Ω  (   f  k )


  A d a p t i v e   R i s k   S c o r e =   C o n g e s t i o n   S c o r e + V u l n e r a b i l i t y   S c o r e 2

