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Abstract-Since AI technologies are rapidly growing, enterprise architects in the manufacturing and supply 

chain sectors are obliged to use AI tools that improve efficiency, flexibility, and decision-making. Of all the AI 

developments, Generative AI (GenAI) is making a big impact by helping to develop text, code, images, and 

models. It is still unclear how GenAI fits into the total set of AI solutions. This paper explains to enterprise 

architects the points that separate GenAI from other AI approaches which supports them in selecting the right 

tools for their purposes. We explain how to create AI systems that work properly and have a real benefit to a 

business by mapping their potential to predictive maintenance, quality control, and logistics. It is necessary to 

offer steps for bringing GenAI and traditional AI closer to standard enterprise objectives in the context of 

Industry 4.0. 

 

Keywords: Generative AI, enterprise architecture, manufacturing, supply chain, Industry 4.0, AI tools 

comparison, predictive maintenance, logistics optimization, AI implementation strategy 

 

I. Introduction 
Because of Industry 4.0, manufacturing and supply chain activities are now smarter, more connected, 

and more automated than before. Today, enterprise architects are responsible for setting up the necessary 

technology for new business changes. Because of its growing abilities, AI supports this journey a great deal. 

Generate AI is catching the spotlight because it can automatically produce content such as text, pictures, bits of 

code, and prototype designs which makes working processes more productive and inventive. 

On the other hand, manufacturing and supply chain companies depend on precise, working tools apart 

from tools focused only on generating creative ideas. An important way of managing AI in logistics is with 

classical approaches such as ML techniques that do not generate new data, optimization methods, and systems 

founded on rules, simulations, and knowledge graphs, mainly for forecasting, planning logistics, and checking 

quality. So, enterprise architects should follow a method to choose between using GenAI and other AI methods. 

[1] 

The paper looks at this difference and instructs enterprise architects on how to use AI tools correctly in 

manufacturing and supply chain industries. Drawing from existing literature, industry case studies, and 

comparative analysis, we present a practical roadmap for technology selection and integration. 

 

II. Methodology 
This paper adopts a qualitative and comparative research methodology designed to assist enterprise 

architects in making informed decisions about the adoption and application of artificial intelligence (AI) tools—

particularly Generative AI (GenAI)—within manufacturing and supply chain contexts. The methodology is 

structured to synthesize theoretical insights with practical application strategies, providing a foundation for 

aligning specific AI technologies with real-world industrial use cases. [2] 

The methodology consists of four primary stages: 

 

2.1 Literature Review 

A comprehensive literature review was conducted to establish a foundational understanding of the capabilities, 

limitations, and practical applications of various AI technologies. Sources included: 

• Peer-reviewed academic papers from journals such as IEEE Transactions on Industrial Informatics, 

Journal of Manufacturing Systems, and Computers & Industrial Engineering. 

• Industry whitepapers and reports from consulting firms like McKinsey, Deloitte, and Accenture, 

which provide practical insights on GenAI deployment and business outcomes. 
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• AI vendor documentation and technical blogs from companies including IBM, Microsoft, Amazon 

Web Services (AWS), and Google Cloud, which detail AI tooling ecosystems, model functionalities, and 

enterprise deployment guidelines. [3] 

The literature review emphasized cross-sector relevance but prioritized applications and lessons learned in the 

manufacturing and supply chain industries. Key findings were thematically coded to surface recurring 

patterns in AI adoption and to define the dominant categories of AI capabilities. 

 

2.2 Taxonomy Development 

Following the literature review, a taxonomy of AI technologies was developed to classify tools by their 

primary focus areas, underlying methodologies, and real-world use case categories. This taxonomy serves two 

purposes: 

1. To offer clarity and structure for enterprise architects in evaluating the suitability of AI tools. 

2. To provide a comparison framework that distinguishes GenAI from other AI technologies based on 

their core strengths. 

The taxonomy includes: 

• Generative AI (e.g., large language models, image generation, code synthesis) 

• Non-generative machine learning (e.g., supervised learning for prediction, classification, and 

regression) 

• Optimization techniques (e.g., linear programming, heuristic algorithms, genetic algorithms) 

• Knowledge graphs (e.g., ontology-based systems, semantic relationship mapping) 

• Rule-based systems (e.g., expert systems, decision trees) 

• Simulations (e.g., digital twins, scenario analysis tools) 

Each category was further mapped to typical enterprise use cases, such as demand forecasting, quality 

assurance, or supply chain route optimization. [4,5] 

 

2.3 Use Case Mapping 

To make the taxonomy practically applicable, the next step involved identifying high-value use cases in 

manufacturing and supply chain operations. This step consisted of: 

• Analyzing operational pain points from industry reports and case studies (e.g., reducing downtime, 

minimizing excess inventory, improving production quality). 

• Interviewing subject matter literature—where available—on AI applications in supply chain 

planning, production workflows, warehouse automation, etc. 

• Categorizing use cases into functional themes such as maintenance, logistics, procurement, and energy 

efficiency. 

Each use case was then evaluated to determine which AI technologies are best suited for delivering 

measurable value. The alignment process considered: 

• Input data types (e.g., structured vs. unstructured) 

• Complexity of problem-solving required 

• Need for explainability and auditability 

• Time sensitivity and real-time decision-making 

This mapping ensures that the suggested tools are not only technically appropriate but also aligned with 

operational constraints and business goals. [6,7] 

 

2.4 Comparative Analysis 

A comparative analysis was then conducted to evaluate the effectiveness and applicability of GenAI tools 

versus other AI technologies across each mapped use case. The comparison involved multiple evaluation 

criteria: 

• Functional Fit: Does the tool align with the specific nature of the use case (e.g., creative generation vs. 

optimization)? 

• Data Requirements: What volume, variety, and veracity of data does each tool require? 

• Model Complexity: How difficult is it to train, tune, and deploy the tool? 

• Deployment Readiness: How mature is the tool’s integration in enterprise settings (e.g., edge 

readiness, cloud support)? 

• Return on Investment (ROI): What is the projected time-to-value and total cost of ownership? 

This analysis enabled the creation of side-by-side comparisons for each technology within relevant 

manufacturing and supply chain scenarios. Notably, the role of GenAI was scrutinized for its applicability in 

ideation, prototyping, simulation, and content generation—distinguishing it from conventional ML, which is 

better suited for repeatable, high-accuracy forecasting and classification tasks. [8] 
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2.5 Validation Through Visual and Reference Materials 

To ensure accuracy and relevance, the AI taxonomy and use case mappings were validated using visual 

references and data provided in figures (as in the attached images). These illustrations supported: 

• Thematic consistency between AI tool definitions and enterprise objectives. 

• Correct classification of technologies and focus areas. 

• Realistic mapping between AI capabilities and actual industrial scenarios. 

The visual evidence was further cross-referenced with real-world case examples, ensuring that the framework 

remains grounded and immediately useful to practicing enterprise architects. [9] 

 
Figure 1. Proposed methodology sequence. 
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III. Results 
 

3.1 AI Technology Taxonomy 

AI Technology Primary Focus Example Use Cases 

Generative AI Content creation Code generation, digital twin modeling, layout planning 

Non-generative ML Prediction and classification Demand forecasting, anomaly detection, failure prediction 

Optimization Techniques Resource maximization Inventory management, route optimization 

Knowledge Graphs Relationship mapping Supplier mapping, fraud detection 

Rule-based Systems Logical decisions Quality assurance, medical diagnosis 

Simulations Scenario testing and impact analysis Supply chain stress testing, warehouse design planning 

 

3.2 Manufacturing Use Case Mapping 

Use Case Best-fit AI Tool Rationale 

Predictive Maintenance Non-generative ML Uses time-series sensor data to predict machine failure 

Quality Control 
Rule-based + Computer Vision 
(ML) 

Identifies visual defects in manufacturing using fixed and learned rules 

Robotics & Automation Rule-based + Limited GenAI 
Uses logical execution patterns; GenAI assists in automation code 

generation 

Energy Efficiency ML + Knowledge Graphs 
Analyzes consumption patterns; maps relationships between energy 

variables 

Process Simulation 
Simulations + GenAI (scenario 
gen) 

Tests process flows; GenAI can generate alternative operational scenarios 

 

3.3 Supply Chain Use Case Mapping 

Use Case Best-fit AI Tool Rationale 

Demand Forecasting Non-generative ML Learns from sales history to project future demand 

Logistics Optimization Optimization + Simulations 
Identifies best delivery routes and bottlenecks through scenario 
analysis 

Procurement Optimization Optimization + Knowledge Graphs Aligns cost and suppliers via relationship models 

Carbon Emissions Tracking Knowledge Graphs + ML Tracks emissions through supply chains 

Inventory Management Optimization + GenAI (limited) 
Traditional optimization plus GenAI-generated replenishment 

strategies 

 

IV. Discussion 
4.1 Strategic Role of Generative AI 

Generative AI holds distinct advantages in content-heavy or ideation tasks. In manufacturing, it shines in areas 

such as: 

• Generating synthetic data to augment training datasets 

• Automating documentation for compliance and reporting 

• Producing design prototypes and testing configurations digitally 

In supply chains, GenAI can create stress-test scenarios, simulate rare disruptions, and draft supplier 

engagement documents. However, its utility decreases in areas requiring deterministic outputs, real-time 

performance, or transparent decision logic—domains better served by traditional AI techniques. 

 

4.2 When to Use Traditional AI 

Enterprise architects should prioritize traditional AI in operationally critical, low-latency use cases: 

• Predictive maintenance requires explainable time-series models 

• Logistics optimization relies on proven mathematical models 

• Quality control depends on clear rule systems and visual classification 

While GenAI complements these tools by providing auxiliary content or automating code, it does not replace 

their core capabilities. 
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4.3 Implementation Considerations 

 

Data Infrastructure: 

• GenAI requires extensive training data or foundation models; traditional ML may work with smaller 

structured datasets. 

• Knowledge graphs depend on entity relationship mapping—requiring strong metadata and ontologies. 

 

Integration Complexity: 

• Rule-based systems and simulations are easier to deploy within existing MES/WMS. 

• GenAI demands governance and validation pipelines, especially when generating autonomous content. 

 

Cost-Benefit Analysis: 

• GenAI incurs higher initial setup costs due to model complexity. 

• Optimization and ML tools provide faster ROI through task automation and efficiency gains. 

 

V. Conclusion 
Generative AI represents a transformative leap in how enterprises approach creativity, prototyping, and 

complex decision support. However, it must be viewed as a complementary tool rather than a replacement for 

the broader suite of AI technologies available. 

This guide offers enterprise architects a structured pathway to match business problems in 

manufacturing and supply chain operations with the most appropriate AI tools. By strategically deploying 

GenAI alongside traditional AI methods, organizations can unlock new efficiencies, accelerate innovation, and 

remain resilient in an increasingly dynamic industrial landscape. 

Future research should focus on hybrid models—systems that combine GenAI with rule-based and 

predictive engines—and case studies documenting enterprise-scale deployments of such integrated architectures. 
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