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The increasing complexity of supply chain and inventory management has made the application of artificial intelligence (AI) essential.  Conventional statistical and optimization techniques sometimes overlook demand fluctuation, long-term seasonality, and nonlinear dependency.  Recent studies have demonstrated that machine learning (ML) and deep learning (DL) techniques significantly boost supply chain resilience, reduce expenses, and enhance forecasting accuracy.  Tree-based machine learning models, such as Random Forest, XGBoost, LightGBM, and CatBoost, are especially well-known for their efficacy, interpretability, and durability when applied to structured datasets.  On the other hand, sequence deep learning models, including Temporal Convolution Networks (TCN) and Long Short-Term Memory (LSTM), are great for long-term demand forecasting and logistical planning because they can capture sequential dependencies.
Tree-based machine learning and sequence DL models in inventory and supply chain optimization are comprehensively compared in this study, which summaries research published between 2019 and 2025. Supported by important performance indicators including RMSE, MAE, and MAPE, the comparison underscores variations in forecasting accuracy, computing cost, scalability, and interpretability. The study also points out current research limitations, specifically the dearth of integrated comparison studies and the scant attention paid to hybrid techniques that combine sequential modeling skills with interpretability. Future directions in explainable AI and hybrid AI architectures to improve real-world supply chain decision-making are made possible by the findings, which provide academics and practitioners practical insights.
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1. Introduction
Supply chain and inventory management are central to ensuring efficiency, resilience, and cost-effectiveness in globalized markets. Traditional deterministic and stochastic approaches often fall short in handling the uncertainties of fluctuating demand, supply disruptions, and nonlinear interdependencies in supply networks (T. Zhang et al., 2025). As a result, businesses are increasingly relying on Artificial Intelligence (AI) to design smarter forecasting and optimization models capable of addressing real-world complexities (Shahzad et al., 2024).
Recent developments in artificial intelligence (AI), specifically machine learning (ML) and deep learning (DL), have brought robust predictive models for supplier risk management, inventory optimization and demand forecasting. These methods leverage historical data to identify patterns and improve decision-making, offering significant advantages over classical statistical models (Islam & Amin, 2020). Their effectiveness is influenced by the kind of data and the functional needs of the supply chain, though.

1.1 Tree-Based Machine Learning Approaches
The popularity of tree-based machine learning models like Random Forest, XGBoost, LightGBM, and CatBoost can be attributed to their great interpretability, computational efficiency, and robustness. They perform particularly well with structured datasets and allow managers to extract feature importance for decision support (T. Zhang et al., 2025). Nevertheless, these models struggle to capture long-term sequential dependencies, seasonal variations, and sudden demand shifts that are common in global supply chains (Albayrak Ünal et al., 2023).
1.2 Sequential Deep Learning Approaches
On the other hand, sequence-based DL models, including Long Short-Term Memory (LSTM), Bi-LSTM, and Temporal Convolution Networks (TCN), are designed to capture sequential and temporal dependencies in time-series data (Schroeder &Lodemann, 2021). These models have been successfully applied to multi-step demand forecasting, logistics planning, and sales prediction, consistently outperforming tree-based models in terms of RMSE, MAE, and MAPE metrics (Douaioui et al., 2024). Despite their superior accuracy, these models require larger datasets, high computational resources, and pose challenges in terms of interpretability (Vallés-Pérez et al., 2022).
1.3 Research Gap
Even though both strategies have a lot of promise, most research focuses on either sequence DL models or tree-based ML models alone.  Few studies offer a comprehensive and comparative analysis of their advantages, disadvantages, and suitability for supply chain and inventory settings (Das & Roy, 2024; Niu et al., 2024).  This Result in a lack of understanding of the trade-offs between forecasting accuracy, scalability, interpretability and computational cost when applying these techniques in practical settings.
1.4 Objective of the Review
The following outlines the goals:
·  To examine current studies (2019–2025) on the use of AI methods for supply chain and inventory optimization.  
·  To assess how well sequence DL models (LSTM, Bi-LSTM, and TCN) and tree-based ML models (Random Forest, XGBoost, LightGBM, and CatBoost) perform.  
·   Using performance metrics (RMSE, MAE, and MAPE), emphasize each approach's advantages, disadvantages, and practical issues.
· Identifying research gaps and suggesting future options, such as explainable AI and hybrid models, will enhance acceptance in industrial settings.

2. Methodology
Systematic Reviews and Meta-Analysis PRISMA (Preferred Reporting items).  Framework served as the review's systematic guide, ensuring reproducibility, rigour, and transparency.  Reputable databases such as IEEE Explore, Scopus, Web of Science, Science Direct, Springer Link, and MDPI were reviewed and pertinent studies were extracted.  For the purpose of capturing the latest developments in AI-driven demand forecasting, the search was conducted from 2019 to 2025.  Boolean operators and a list of carefully selected keywords were used, including "AI in supply chain optimization," "deep learning techniques," "machine learning models," "supply chain demand forecasting," And "hybrid forecasting."
The inclusion criteria limited research to English-language, peer-reviewed journal publications and conference proceedings that specifically applied ML/DL models to supply chain demand forecasting.  Studies outside of SCM's purview, articles with unclear methodology, and non-peer-reviewed sources were among the exclusion criteria.  112 objects were recovered during the identification phase.  95 articles remained after duplicates were eliminated.  17 records were deemed irrelevant after titles and abstracts were examined during the screening phase.  78 studies in all made it to the full-text evaluation stage.  Forty researches were included in the final review after 12 studies were eliminated during the eligibility stage for lack of scientific rigour or limited relevance.
Table 1 gives a visual overview of the selection process and illustrates each stage of the screening procedure. This systematic approach guaranteed that only high-quality and immediately practical research was merged. Allowing for a comprehensive analysis of machine learning and deep learning models for demand forecasting in supply chain management.
Table 1: PRISMA Screening Process for Study Selection
	Stage
	Description
	Number of Records
	Records Excluded
(with reasons)

	Identification
	Records identified from online databases(IEEE, Xplore, Scopus, Web of Science, Science direct Springer, MDPI)
	112
	---

	Duplicate Removal
	Removal of duplicate studies across databases
	95(after removal)
	17 duplicates removed

	Screening
	Title and Abstract screened for relevance to demand forecasting, ML/DL models, hybrid approaches, and SCM application
	78 retained
	17 excluded (irrelevant topic, not peer-reviewed)

	Eligibility
	Full-text articles assessed for methodological relevance, AI application, and coverage of at least one core theme
	52 retained
	12 excluded (insufficient detail off-scope)

	Inclusion
	Studies included in the final synthesis of results and gap identification
	40
	---







Figure 1: PRISMA Flow Diagram – Reference source distribution (AI- Driven Inventory & Supply Chain Optimization Review)




3. Literature Review on AI Models for Supply Chain
Supply Chain and Inventory management have been profoundly altered by recent developments in Artificial intelligence (AI), especially in the areas of supplier assessment, lead time prediction, and demand forecasting. While traditional models such as ARIMA and regression have long been applied in forecasting tasks, their inability to capture nonlinear relationships and sequential dependencies has motivated the adoption of machine learning (ML) and deep learning (DL) techniques (Yu et al., 2024).The field’s research has surged between 2019 and 2025, with sequence DL models and tree-based ML models becoming the most popular techniques among them.
3.1 Tree-Based Machine learning models
The ability of Tree-based techniques like Random Forest (RF), XGBoost, LightGBM, and CatBoost to handle structured data effectively and offer interpretability through feature importance has led to their widespread adoption. Early work by Vairagade et al. (2019) showed that Random Forest outperformed ANN in grocery demand forecasting. Subsequent studies demonstrated improvements in supply chain forecasting accuracy using RF (Chen et al., 2020) and XGBoost for manufacturing lead-time prediction (J. Zhang, 2025). LightGBM has been applied in e-commerce for large-scale real-time forecasting (Zhang et al., 2022), while CatBoost proved effective in supplier evaluation by handling categorical variables directly (Patel et al., 2023). More recent work extends tree-based methods with graph convolution approaches for networked supply chains (Niu et al., 2024).
Table 2. Review on Tree-Based Machine Learning Models
	References
	Model
	Dataset / Application Area
	Key Findings

	2019

	Vairagade et al.
	Random Forest
	Grocery demand forecasting
	Outperformed ANN& regression in R2, MAE

	2020

	Chen et al.
	Random Forest
	Retail Supply Chain demand
	Improved short-term forecasting over regression

	2021

	Singh & Kumar
	XGBOOST
	Manufacturing lead-time
	Redused RMSE by ~18%  vs ARIMA

	2022

	Zhang et al.
	LightGBM
	E-Commerse demand
	Scalable real-time forecasting

	2023

	Patel et al.
	CatBoost
	Supplier evaluation
	Handled categorical features effectively

	2024

	Li & Zhao
	RF vs  XGBoost
	Multi-product inventory
	XGBoost more accurate;  RF more robust

	Niu et al.
	GCN(extension)
	Supply chain network data
	Outperformed traditional tree models

	2025

	Lee et al.
	Random Forest
	Multi- Echelon inventory
	Compared RF across supermarket scenarios





3.2 Sequence Deep Learning Models
Sequential models such as Long Short-Term Memory (LSTM) and Temporal Convolution Networks (TCN) have been particularly effective for time-series forecasting in supply chain contexts (Rafi et al., 2025). First demonstrated the strength of LSTM in capturing seasonal and nonlinear demand patterns. Huang et al. (2020) confirmed that LSTM outperformed RF in retail supply chains, while Procedia CIRP (2021) reported its superiority over traditional statistical models. More advanced architectures, including Bi-LSTM (Dalal et al., 2024) further improved performance by reducing RMSE and MAE in multi-step forecasting. Recent works have also explored hybrid approaches, such as combining TCN with Transformers, to achieve state-of-the-art forecasting accuracy (Rafi et al., 2025).
Table 3. Review on Sequence Deep Learning Models
	References
	Model
	Dataset / Application Area
	Key Findings

	2019

	Nti et al.
	LSTM
	Retail & energy demand
	Captured seasonal demand better than ARIMA

	2020

	Huang et al.
	LSTM vs. stats models
	Supply chain demand
	Reduced RMSE & MAE

	2021

	Park & Lee
	Bi- LSTM
	Multi- echelon supply chain
	Lower forecast error vs XGBoost

	Procedia CIRP
	LSTM vs. stats models
	Supply chain demand
	Reduced RMSE & MAE

	2022

	Kim et al.
	TCN vs. LSTM
	E-Commerce sales
	Faster Training, lower RMSE

	2024

	Qui et al.
	TCN vs. GRU, TFT
	Logistics & Manufacturing
	Lowest MAPE; robust sequential adaptability

	2025

	Rafi et al.
	Hybrid TCN+ Transformer
	Grocery retail sales
	Achieved best MAE(2.01), RMSE(2.81), MAPE(4.22%)



4. Comparative Analysis of Models
Despite the fact that both sequence DL and tree-based ML models have made significant strides, their advantages vary depending on the situation. Tree-based models are computationally efficient and interpretable, making them suitable for structured datasets and short-term predictions. Conversely, sequence DL models are more accurate in dynamic and long-term forecasting tasks but require larger datasets and higher computational resources (Douaioui et al., 2024).
Table 4. Provides a functional evaluation of various methods, highlighting their flexibility, scalability, performance, and interpretability based on research released between 2019 and 2025.
Table 4. Functional Comparison of Tree-Based ML vs. Sequence DL Models (2019-2025)
	Reference
	Methods
	Findings

	2019

	Vairagade et al.
	Random Forest vs. ANN
	RF better for structured data; weak on sequential trends

	Nti et al.
	LSTM forecasting
	LSTM captured seasonality and long-range patterns

	2020

	Huang et al.
	LSTM vs. RF
	LSTM ~15%  more accurate; RF faster but less temporal

	2021

	Singh & Kumar
	XGBoost vs. ARIMA
	XGBoost reduced RMSE(~18%); interpretable

	Procedia CIRP
	LSTM vs. stats models
	LSTM reduced RMSE & MAE in long-horizon forecasts

	2022

	Kim et al.
	LSTM vs. TCN
	TCN trained faster; better RMSE in sales

	Zhang et al.
	LightGBM
	Scalable real-time predictions

	2023

	Patel et al.
	CatBoost
	Strong categorical data handing

	2024

	Niu et al.
	GCN (tree-based)
	Modeled networked supply chain dependencies

	Qiu et al.
	TCN vs. GRU/TFT
	TCN lowest MAPE; robust in logistics

	2025

	Rafi et al.
	Hybrid TCN + Transformer
	Best accuracy & scalability among DL



[image: ](Figure 2: Tree-Based ML vs. Sequence DL)
4.1 Strengths of Models
· Efficient in capturing non-linear relationships and handling structured datasets (Ping et al., 2025).
· Superior ability in modeling temporal dependencies and seasonality (Rafi et al., 2025).
· Improve decision-making by reducing forecast errors and minimizing inventory risks (Niu et al., 2024).
· Reduce training time (ML) or offer flexibility in erratic markets (DL).  
· Enable multi-step forecasting and scalability for large datasets (T. Zhang et al., 2025).
· Hybrid implementations improve robustness and predictive performance (Ismail et al., n.d.).
4.2 Weakness of Models
· Performance depends heavily on data quality; noisy/missing data degrade results (Douaioui et al., 2024).
· Tree-based models fail to capture sequential dependencies in volatile demand environments (Ivanov, 2025).
· Sequence DL models require large datasets and high computational resources (Douaioui et al., 2024).
· Limited interpretability reduces managerial adoption (Ivanov, 2025).
· The implementation process is intricate and necessitates
5. Real-World Applications of Inventory Modeling
Artificial Intelligence (AI) methods are now extensively incorporated into actual supply chain and inventory systems, beyond their theoretical foundations.  Amazon, Walmart, Alibaba, and other large international corporations have implemented machine learning and deep learning models to estimate demand, optimize inventory levels, and simplify logistics.
Retail e-commerce frequently uses tree-based machine learning models, such as Random Forest and XGBoost, for short-term demand forecasting across a range of product categories.  Walmart, for example, uses Random Forest models to forecast sales in various locations, allowing for effective stock allocation and lowering the expenses associated with overstocking (Hutagalung et al., 2023). Similar to this, CatBoost has been used for supplier evaluation activities, enabling businesses to rate suppliers according to their dependability and performance (J. Zhang, 2025).
Forecasting and seasonal demand patterns. Amazon has deployed LSTM-based systems to forecast holiday demand surges, leading to improved distribution planning and reduced delivery delays (Islam & Amin, 2020). TCN models are being adopted in manufacturing logistics for predictive maintenance and lead-time estimation, as they capture time-dependent variations more effectively (Mehta et al., 2023).
 	Moreover, hybrid systems are becoming more widely used.  For instance, Alibaba strikes a compromise between interpretability and accuracy by combining LSTM architectures with tree-based feature extraction. This hybrid approach supports real-time decision-making in fast-moving supply chains, providing a blueprint for the future adoption of AI in inventory optimization (Rafi et al., 2025).



(Figure 3: Supply Chain Applications of AI Models)

(Figure 4:  AI Application across Supply Chain Functions)
6. Conclusion and Future Directions
This review contrasted sequence deep learning (DL) and tree-based machine learning (ML) models for inventory and supply chain optimization.  Real-time applications with structured datasets can benefit from the efficiency, scalability, and interpretability of tree-based models like Random Forest, XGBoost, LightGBM, and CatBoost.  They are limited, nonetheless, in their ability to manage dynamic demand swings and sequential dependencies.  Sequence-based models, on the other hand, such LSTM, Bi-LSTM, and TCN, show a great ability to describe seasonality, volatility, and temporal patterns, leading to higher predictive accuracy in complex contexts.  However, these models frequently have interpretability issues, massive dataset requirements, and significant computing costs, which can limit their practical use.
All things considered, the results show that although each strategy has distinct benefits and limitations, hybrid models that combine the interpretability of machine learning with the predictive ability of deep learning are showing promise.  IoT-driven real-time data integration, explainable AI frameworks, and the use of cutting-edge methods like federated learning and transfer learning to guarantee scalability, security, and transparency are also essential for the future of AI in supply chain optimization.
Future Paths for Research:  DL sequence modeling and ML feature extraction are combined in hybrid architectures to increase scalability and resilience.  In supply chain contexts, explainable AI (XAI) aims to increase managerial acceptability by making DL models more interpretable.  IoT-Driven Data Integration: Predicting systems that are more responsive and adaptive by utilizing real-time data streams from IoT-enabled devices.  AI that is focused on sustainability is the process of creating models that optimize efficiency while taking social and environmental sustainability into account.  Federated and Transfer Learning: Providing scalability, model adaptation, and data security for several organizations in international supply chains.  Through establishing a connection between theoretical developments and practical implementation, these approaches can promote supply chains that are more robust, transparent, and sustainable.

(Figure 5: workflow of AI-Driven Supply Chain Optimization)
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Distribution
AI Role: Route optimization, Logistics planing.


Inventory Management
AI Role: Demand Forecasting, Stock Optimization.


Procurement
AI Role: Supplier Selection, Price Prediction.


Retail
AI Role: Customer insight, Sales prediction.
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