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Abstract

The concept of supply chain resilience has become a burning subject of planning in contemporary logistics, particularly
when it comes to environmental factors like natural disasters, pandemics, and geopolitical factors. The conventional
approaches to logistics planning do not take into consideration dynamic shifts in the supply chain environment. This
paper will discuss the potential of Predictive Al in improving supply chain resilience through the use of smarter and
data-driven logistics decisions. We recommend a structure on how Al models can be used to forecast the changes in the
demand, detect risks, and optimize the route planning. Use of machine learning algorithms, including regression model,
decision trees and reinforcement learning are reviewed. Findings indicate that predictive Al models can contribute
greatly to quality decision-making, minimize the operational risks, and improve resilience by offering real-time
information about possible disruptions. The paper ends with a conclusion and recommendations to enable a more
sustainable and resilient supply chain, which involves the inclusion of Al-powered predictive models with the current
logistics management systems.
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Introduction

Supply chain resilience in the globalized modern economy is an important consideration in business continuity during
disruptions. However, the conventional methods of supply chain planning are usually based on the past data and fixed
models which are not able to respond to the abrupt alteration in demand or supply. Predictive Al is another potential
answer to making the supply chain more resilient, as it will allow being more adaptive and proactive in the logistics
planning process. Machine learning and predictive analytics represent Al-based models that can deliver real-time
information about the possible disruption to carry out risk mitigation and decision-making processes more efficiently.
This paper examines the use of predictive Al to optimize logistics planning and resiliency and sustainability of supply

chains.
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Figure 1: Supply Chain Resilience Framework
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This number is a model of the incorporation of predictive Al into the logistics planning process. It illustrates the process
of data collection and preprocessing to the training of Al models and the final cost reduction and enhancement of
resilience. The figure highlights the fact that Al-powered models have the potential to positively impact decision-making
by giving real-time data about the possible disruptions, which will result in a more resilient supply chain.

Background of the Study

There are several problems troubling supply chains such as demand fluctuations, transportation delays, and disturbances
caused by events in other parts of the world. The traditional logistics planning approach does not generally consider
these dynamic aspects resulting in inefficiencies and high costs. The latest innovations in Al and machine learning have
enabled companies to anticipate demand changes, route optimization and risk detection before they can affect practices.
The use of predictive Al models, in particular in logistics planning, can provide the chance to make supply chains more
resilient and respond to disruptions more promptly and precisely.

Al algorithms such as regression analysis, decision trees, and reinforcement learning have become more and more
popular in logistics operations to offer predictive work and optimization of the plan. These models can assist in making
sound decisions, minimizing lead times, and enhancing customer satisfaction by companies.

Justification

Any disruption of supply chain has great economic effects on production, distribution and customer satisfaction.
Predictive Al has been implemented into the logistics planning industry, which can be used to help solve these problems
by increasing the accuracy of a forecast and increasing the effectiveness of risk identification and decision-making
processes. With growing pressure of businesses to respond to fluctuating market conditions, the implementation of Al-
powered predictive model will see supply chains become less vulnerable and responsive. The research paper also seeks
to establish how Al can enhance supply chain resiliency and help in achieving sustainability by mitigating logistics
planning inefficiencies and threats.

Objectives of the Study

1. To investigate the opportunities of predictive Al models to improve supply chain resilience.

2. Toexamine how Al can be used to predict changes in demand and deal with logistics risks.

3. To evaluate how effective machine learning algorithms are in the optimization of logistics planning and decision-
making.

4. To assess whether Al can enhance sustainability and reduce costs of operation in supply chains.

5. To suggest the structure of the implementation of predictive Al into the current logistics management systems to
achieve resiliency.

Literature Review

The significance of supply chain resilience has received extensive appreciation, especially when sudden disruptions are
involved. Linear programming and optimization algorithms are traditional models of logistics that do not necessarily
consider the dynamism of the supply chain. According to Christopher and Peck (2004), resilience in supply chain
involves the capacity to accelerate to disruption without jeopardizing critical functions. The advantages of using
predictive Al in the logistics planning have been emphasized in the latest research to enhance this resilience.

Zhang et al. (2018) presented the use of predictive models in demand forecasting by demonstrating how Al algorithms
can minimize forecasting errors and optimize supply chains. Moreover, Nguyen and Tran (2020) emphasized the
importance of reinforcement learning in the context of real-time route optimization, stating that Al has the ability to
change logistics plans in real-time due to incoming information. Moreover, Lee et al. (2019) demonstrated the potential
of machine learning to forecast risks and supply chain disruption and benefit decision-making and lower the expenses
linked to delays.

Although predictive Al has a significant opportunity to optimize logistics, there are still issues with the integration of
these technologies with the current system and data quality and accuracy (Goh et al., 2020). Regardless of these issues,
Al-driven solutions are becoming more of a necessity to increase resilience in the contemporary supply chains.

Material and Methodology

Methodology

The section explains how the effectiveness of Predictive Al in improving the Supply Chain Resilience by optimizing
logistics planning was assessed. The research design used in this study is a quantitative research design that uses machine
learning models, data creation, and evaluation metrics.

1. Data Collection
The paper is based on historical statistics of logistics firms and supply chains. The key variables of the dataset are:
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» Demand information (past sales information of suppliers and customers)

« Transportation information (delivering schedules, delivery paths, costs of transportation)

» Data related to disruptive factors (weather, political events, shortages in supply, etc).

» Inventory (stock levels, production capacity) of products.

+ The data is obtained through publicly available logistic datasets and simulated data according to the common supply
chain conditions to make diversity and present diversities of industries.

2. Data Preprocessing

Preprocessing of data is an essential process that will help in making sure that the models are trained on quality and
clean data. The steps include:

Cleaning: Loaded values in the form of the mean are imputed to continuous variables and mode to categorical variables.
Normalization: All the data variables (e.g., transportation costs, demand, lead time) are normalized by using Min-Max
scaling so that each feature makes an equal contribution to the model. For example, the selection of relevant features
such as demand, routes data, cost, and lead times is performed based on correlation matrices and feature importance
methods.

3. Selection of the Machine Learning Model

The three machine learning models are used to forecast the changes in demand, detect disruptions and optimize the

logistics routes. The models include:

» Linear Regression (LR): it is employed when one wants to forecast demand, and his historical data (seasonal trends,
customer behavior) are considered.

» Decision Trees (DT): This is a type of tree that is utilized to predict logistic disruptions and risks, but it categorizes
diverse operational factors (e.g., weather, traffic) which could influence the supply chain.

» Reinforcement Learning (RL): It is used to optimize the route planning process in the context of considering the
real-time environment, such as weather and traffic, to reduce costs and delays.

4. Training and Evaluation Model
It is divided into 80% training and 20% testing dataset.
Models are trained and tested and using cross-validation to measure the performance.

Evaluation metrics:

e Regression-based models Accuracy and Root Mean Squared Error (RMSE).
e F1-Score and Precision of decision trees.

e Cumulative reward and total cost decrease on reinforcement learning.

5. Cost Optimization Framework

In the study predictive Al models are used to optimize the logistics planning by:

» Predict demand changes (e.g. higher demand in high seasons or occasion of some unplanned events).

» Determine risk factors (e.g. delays in transportation or out-of-stock).

« Manage the routes: make the delivery times more efficient and use the least expensive means of transportation.
The process of optimization is aimed at minimizing the expenses of the operations, making the deliveries on time and
satisfying the customers.

6. Sensitivity Analysis

The sensitivity analysis is conducted to determine the impact of the most important variables on the optimization of
logistics costs, including changes in demand, transportation delays, and stock changes. The experiment of testing the
robustness of the model in various situations determines in the study the critical factors which are very important in
supply chain performance.

7. Interoperability with the Current Systems

Lastly, the predictive artificial intelligences are incorporated into an already existing logistics management platform to
determine how effective they are in real-time. The integration involves:

Development of the API that will ensure smooth communication between the Al models and the logistics platform.
Constant model training is achieved using real-time streams of data, and so, the Al models can be continuously updated
and improve with time.

International Journal of Integrative Studies (1JIS)




JIS: Vol.2, Issue 1, January 2026, Page: 17-22 ISSN: 3049-3277

8. Conclusions and Results Analysis

The effectiveness of predictive Al-based logistic planning is determined through the comparison of the initial
operational costs prior to optimization of the costs and the optimized costs of Al models. Key metrics include:

Cost saving in logistics operations percentage
» Lessening in the delivery durations and enhancement in dependability of delivery.
» Resilience Improved resilience, quantified by the effectiveness of the system to respond to disruptions.

1. Model Performance Evaluation

| Model | Accuracy (%) RMSE| Cost Reduction (%)
| Regression Model | 85 | 045 | 10% |
| Decision Trees | 82 | 038 | 12% |
| Reinforcement Learning| 90 | 035 | 15% |
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2. Cost Comparison Before and After Al Optimization

Delivery Route Initial Transportation Cost ($) Reduced Transportation Cost ($)
Route 1 1500 1350
Route 2 1200 1050
Route 3 1800 1600
Route 4 1600 1400
Route 5 1400 1250
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Conclusion

The present study shows that predictive Al can help greatly to make supply chains more resilient as it will provide more
precise predictions and risks detection in addition to making routes optimization. They demonstrate that reinforcement
learning models were more successful than other algorithms, and operational costs were decreased by 15% in this case.
Nevertheless, even with the difficulties in integrating the data, Al can revolutionize the supply chain management
process to become more adaptive and sustainable. Further efforts to enhance scalability and accuracy of the predictive
model of supply chain resilience using real-time data and quantum computing may be considered in future research.
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