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Abstract
Introduction lays the groundwork of the dissertation by outlining the research context in the Indian automobile industry, as it provides 7.1% to GDP and more than 19 million individuals are employed in this industry. As the number of Indian manufacturers adopting AI is increasing by the day and the automotive market is expected to be worth almost all its values, the chapter elucidates the research objective, which is the critical analysis of the role of AI in improving the performance of the supply chain. It recognises a significant discrepancy between AI exploration and scale-deployment with only 14 percent of organisations having deployed beyond pilot projects and provides three research questions, based on the levels of adoption, the effects of AI driven performance, and the research problems and opportunities.
Literature Review critically synthesises current literature on AI in supply chain management, including major AI technologies: machine learning, predictive analytics, robotics, and natural language processing. It studies the trend of AI adoption among key Indian OEMs, its effect on performance in terms of efficiency, predictive accuracy, and costs, agility, and quality of decisions, and points out some of its enduring obstacles such as high implementation cost, low-quality data, talent scarcity, and compatibility with legacy systems. It is based on the Technology Acceptance Model as the theoretical model and a literature gap in relation to India-specific, empirical research in supply chains is clear.
Research Methodology describes an inductive, interpretivist and exploratory qualitative research using the Research Onion Model. Thematic analysis systematising secondary data on peer-reviewed journals, industry reports, and market databases is the evaluation of secondary data in the formats of four thematic areas: AI adoption, performance impact, challenges, and opportunities. The methodological rigour and transparency are attained by a cross-sectional time horizon and strict adherence to GDPR principles.
Data Analysis shows thematic results backed by market statistics, company level data on investments and performance numbers. It affirms booming automotive AI markets worldwide and in India, records measurably positive performance increases at Tata Motors, Mahindra, and Maruti Suzuki, and notes the structural ongoing divide between large OEM adoption and low-end tier-2 / tier-3 levels of supplier integration.
Discussion relates the literature review and the empirical results critically, which validates extensive inter-relationships between theoretical claims and industry level-data. It emphasizes the point that even in leading OEMs, the rollout of AI in the procurement, production, and logistics has become ecosystem-scale but the gains are still being concentrated at the very apex of the supply chain. Another nascent theme that emerges in the chapter is the role of AI in sustainability and waste reduction, and that investment only does not yield performance benefits unless it is supported by data infrastructure, organisational alignment, and human preparedness.
Conclusion summarizes the main findings based on all three research objectives, ensuring that AI has transformed into a research instrument and operational requirement in the strategic plans of Indian automobile companies, yet not evenly distributed across the levels of the supply chain. It provides specific advice to OEMs to scale digital capability down to supplier ecosystems, to small suppliers to adopt gradual strategies to digital adoption, to policymakers to refocus incentives to tier-2 and tier-3 companies, and to managers to emphasise change management. Limits of the research, such as the secondary data usability and the rapid development of the AI market, are also noted, and new research directions based on primary empirical studies, GenAI application, and longitudinal examination on an ecosystem level are suggested.
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[bookmark: _Toc230170561][bookmark: _Toc231379859]1. Introduction
[bookmark: _Toc230170562][bookmark: _Toc231379860]1.1 Research Background
The Indian automobile industry is also among the largest in the world with its contribution to the GDP of India standing at about 7.1% and over 19 million people employed in it; therefore, supply chain efficiency is an important factor that determines its economic output (EY, 2025). As the world continues to globalize, become highly volatile in demand, and use just-in-time (JIT) manufacturing systems, automotive supply chains have become incredibly complicated and information-based. At this, the sort of technology to introduce is Artificial Intelligence (AI) that can optimise operations in the procurement, production, and distribution phases (Kehayovet al. 2022).
[image: ]
[bookmark: _Toc230170563][bookmark: _Toc231379929]Figure 1.1: India’s Auto Industry
(Source: Mandi, 2025)
According to recent statistics, there is a surging pace of AI application in the industry. Almost 65% of Indian manufacturers were in place by 2024, which until 2022, amounted to a tremendous increase of 45% (The Economic Times, 2025). Moreover, one third of auto companies report taking an active investment in generative AI and half of them started a pilot project, which underscores an increasing strategic importance of AI-driven changes (EY, 2025). AI uses include predictive maintenance and demand forecasting and real-time optimisation of logistics that have been found to improve the responsiveness and resiliency of the supply chain (Riad et al. 2024).
In addition, the Indian automotive market has been growing as well with an estimated market size of 37.29 billion, and running forward, it may grow to 56.81 billion creating pressure to adopt efficient and scalable supply chain management (International Trade Administration, 2025). Hence, AI is currently becoming part of the Indian automobile supply chain as one of the fundamental elements of operational efficiency and competitive advantage.
[bookmark: _Toc230170564][bookmark: _Toc231379861]1.2 Research Aim, Objectives and Questions
Research Aim
Aim of this research is to critically examine the role of artificial intelligence in enhancing supply chain performance in automobile firms in India.
Research Objectives
· To evaluate the extent of artificial intelligence adoption in the supply chain operations of automobile firms in India.
· To assess the impact of artificial intelligence on supply chain performance in automobile firms in India.
· To explore the challenges and opportunities associated with artificial intelligence adoption in the supply chains of automobile firms in India.
Research Questions
· What is the extent of artificial intelligence adoption in the supply chain operations of automobile firms in India?
· What impact does artificial intelligence have on supply chain performance in automobile firms in India?
· What challenges and opportunities are associated with artificial intelligence adoption in the supply chains of automobile firms in India?
[bookmark: _Toc230170565][bookmark: _Toc231379862]1.3 Research Rationale
This study is guided by the fact that Artificial Intelligence (AI) and its strategic uses in enhancing supply chain performance and maintaining competitiveness gain strategic significance in the Indian automobile industry. As AI promises a 30-32% productivity solution to the automotive industry in 2030, there is a necessity in comprehending how one can bring the gains brought about by AI to life in terms of realisation through supply chain operations (EY, 2025).
Machine learning, robotics, and the Internet of Things (IoT) are AI technologies that have proved to improve efficiency of the supply chain through the potential to make forecasts, automate operations, and make decisions in real time. Some studies have shown that AI-driven systems are better at providing supply chain resilience and minimizing operational shocks and streamlining inventory management and logistics operations (Attah et al. 2024). AI-based tools are also becoming popular in forecasting demand and intelligent dispatch planning and bring further co-ordination and visibility in the network of the supply chain.
Nonetheless, despite the discussed advantages, there is still a lack of empirical and instrumentally oriented findings available specifically to the Indian automobile setting specifically about quantifiable performance results and problems on the way. This research gap will be filled since the role of AI in supply chain performance is strategic and fast growing, rendering it neighbourly to advise on this matter. The results will be very useful to the practicing people in the industry, policy makers, and researchers in the field who want to use AI to achieve operational excellence.
[bookmark: _Toc230170566][bookmark: _Toc231379863]1.4 Problem Statement
Regardless of the expansion of Artificial Intelligence (AI) in the Indian car industry, it becomes apparent that major weaknesses and organisational bottlenecks exist in the operation of the supply chains. Fragments, lack of demand certainty and inadequate infrastructure define the nature of the automotive supply chains in India which prevents delivery of a perfect performance. Even when 57% of firms’ report having launched AI pilot projects, a large count, (14%), of those have progressed to launch them at scale, there is a disparity in proposed experimentation and large-scale deployment (EY, 2025).
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[bookmark: _Toc230170567][bookmark: _Toc231379930]Figure 1.2: AI investment in large companies
(Source: Armstrong, 2023)
From the above figure it can be found that there has been largest investment in 2021 which is around $276.1 billion (Armstrong, 2023). In addition, expensive implementation costs and technological hurdles remain to inhibit the to-large extent adoption especially by small and medium suppliers. Research emphasizes that the infrastructural investment in AI, labour, and upgrades of the system is considerable hence limiting accessibility and scaling through the supply chain ecosystem (BDB, 2024). Moreover, a poor digital infrastructure and connectivity in some areas also limit data exchange in real-time and AI performance.
The problem is also worsened by external pressure. To show, the demand of AI-related infrastructure has expanded the input cost in terms of metals and semiconductors, and, according to this, lowers profit margins (as, in FY2026, the operating margins were at 8.1% at top companies) (The Economic Times Auto, 2026). Therefore, although the prospect of applying AI is substantial, its unequal application and its operational issues present an imperative gap in the realisation of development of better supply chain services in Indian automobile companies.
[bookmark: _Toc230170568][bookmark: _Toc231379864]1.5 Research Significance
The research will be important because it will assess AI in improving supply chain management in the Indian automobile companies. It gives some empirical information of efficiency, cost reduction, and resilience. The results will inform the industry players, policy makers and researchers to maximise AI adoption policies and enhance their competitiveness in a fast shifting automotive industry.
[bookmark: _Toc230170569][bookmark: _Toc231379865]1.6 Dissertation Structure




Introduction


Literature Review


Research Methodology


Data Analysis


Discussion


Conclusion

[bookmark: _Toc230170570][bookmark: _Toc231379931]Figure 1.3: Dissertation Structure
(Source: Author)


[bookmark: _Toc230170571][bookmark: _Toc231379866]2. Literature Review
Supply chain efficiency has emerged as a key strategic focus for automobile companies in today's competitive and dynamic business environment, particularly in emerging economies such as India. Artificial Intelligence (AI) is one of such technologies that has received considerable scholarly and practical interest because it can facilitate data-driven decision-making, forecasting, automation, and real-time tracking of the activities related to the supply chain. The chapter critically examines the literature on the topic at hand that is deemed pertinent to provide some insights about the adoption of AI, its impact on the outcomes in a supply chain, and the challenges and opportunities involved in the implementation in the Indian context.
[bookmark: _Toc230170573][bookmark: _Toc231379867]2.1 Concept of Artificial Intelligence in Supply Chain Management
As per the study of Toorajipouret al. (2021), the following paper of “Artificial intelligence in supply chain management: A systematic literature review” discussed about artificial Intelligence (AI) can be defined as the ability of machines, computer systems, and software applications to conduct tasks that are usually associated with human intelligence, such as data learning, reasoning, pattern recognition, prediction, and decision-making. In this paper the systematic literature review method used for identifying aspects covered with prevalent AI techniques in SCM, current AI-improved SCM subfields and so on. Applying to the supply chain management (SCM) scenario, AI has proven to become a certain strategic technological instrument that helps to work more efficiently and make smart decisions within the whole chain of the supply system. The AI-based systems can analyse immense data (both structured and unstructured) in real time, thereby allowing organisations to enhance responsiveness and accuracy in conducting business. 
According to Sharma et al. (2022), the paper is “The role of artificial intelligence in supply chain management: mapping the territory”, which mentioned of major AI applications within supply chain management are machine learning, predictive analytics, robotics, intelligent automation, computer vision, and natural language processing. This study utilises bibliometric review in tracing the evolution of AI research in SCM and further synthesises decades for identifying clusters through scholarly network and content analysis regards of supply chain decision-aid tools. The applications of these technologies are mainly related to demand forecasting, inventory optimisation, supplier risk assessment, route planning, warehouse automation, and predictive maintenance. The review of recent systematic literature suggests that AI has a substantial positive effect on predicting demand more accurately, minimising stockouts, minimising the gap in supply chains, and enhancing risk management in supply chains. 
[bookmark: _Toc230170574][bookmark: _Toc231379868]2.2 AI Adoption in Supply Chain Operations of Automobile Firms in India
According to the literature of Sharma and Singh (2024), the study focused on “Indian Automobile Supply Chains in the Era of Industry 4.0: Key Challenges and Future Scope”, by discussing rapid growth in the adoption of Artificial Intelligence (AI) in the fields of supply chain operations due to the impact of Industry 4.0, digital transformation activities, and smart manufacturing activities. The Paper focused on used existing secondary method and discussed about tier-1, tier-2, and tier-3 suppliers, original equipment manufacturers (OEMs) of supply chain based on existing sources examination. Drivers in the Indian automobile industry (Tata Motors, Mahindra & Mahindra, and Maruti Suzuki) have grown in their application of AI to the manufacturing, purchase, and supply systems to enhance efficiency and responsiveness. According to recent literature and industry reports, AI has now been integrated at different levels within the automotive value chain, such as in the design, production, and after- sales processes. 
As per the research of Pillai et al. (2022), “Adoption of AI-empowered industrial robots in auto component manufacturing companies” discussed about the demand forecasting, inventory management, warehouse operations, supplier performance, production scheduling and quality inspection are the typical fields of AI implementation. Find the solution this paper used primary data collection method and conduct survey among 460 senior managers and owners of ACMCs in India that held to identifying and support the study on usage of AI-empowered Industrial Robots (InRos) is booming in the Auto Component Manufacturing Companies (ACMCs) across the globe based on real-world datasets. Machine-learning strategies are used to forecast market variability and assist in procurement planning through indicatively analysing the data about sales history, seasonal demand and customer preference. AI-based warehouse solutions allow tracking stock in real-time, handling the materials automatically, and optimising the logistics processes through their routes. In manufacturing, defects are also monitored using AI to detect defects and predictive maintenance that can minimize downtime of machines and enhance continuity in operations. 
According to Danach et al. (2024), the study of “Revolutionizing supply chain management with AI: A path to efficiency and sustainability” discussed about the rate of AI implementation is extremely different among companies, based on technological maturity, financial resources, digital infrastructure, administrative, and labour proficiency. This paper utilised in-depth analysis of various AI techniques by used comprehensive framework and used of advancing the theoretical and practical understanding to discussed about the research topic. Several examples are large automobile companies whose adoption is more advanced because, in them, deep investment capabilities and convenient access to the latest technological tools are present. However, this has not been the case as small and medium-sized automotive suppliers in India are known to be hampered by factors like scarcity in resources and technical expertise, among others, which hinder the magnitude of implementation. 
[bookmark: _Toc230170575][bookmark: _Toc231379869]2.3 Impact of AI on Supply Chain Performance
The beneficial relationship between Artificial Intelligence (AI) implementation and its effect on the supply chain performance is quite popular in the literature. In the case of car manufacturers in India where a high level of supply chain networks is built into a regime of just-in-time, AI can have a substantial influence on efficiency, agility and competitive edge.
According to Ismaeil (2024), the role and impact of artificial intelligence on supply chain management: Efficiency, challenges, and strategic implementation” this paper discussed about one of the most prominent impacts of AI use within supply chain systems is their operational efficiency. Existing methods note that AI reduces human error and training and automation of operations which, therefore, leads to faster and more precise operations in the supply chain. The method used in this literature is secondary existing sources, numerical report and datasets of London to focusing on focusing on enhancing demand forecasting, operational efficiency, and customer satisfaction. The findings and data analysis of this paper focus on to make the choice of supplier, creation of purchase order, matching of invoice and communication with vendor automatic, AI-based procurement systems are implemented. This saves time in the administration and enhances accuracy of transactions.
As per the study of Gnapet al. (2024), the paper “Application of technological procedure automated guided vehicles in the production hall of a company due to increasing the automation—Case study” discussed about the robotic process automation (RPA), autonomous guided vehicles (AGVs), and machine learning-based warehouse management, ease material flow, stock finding, and fulfilment of orders in terms of logistics and warehousing. With these technologies, throughput is increased and lead time decreased. This paper used case study analysis process to measure and identified potential collision points within the operation between automated guided vehicles. The result of such efficiency of such a system purely based on synchronized production system like the Indian automobile industry where the flow supplied by suppliers directly impacts the continuous production process.
As per the research of Mohsen (2023), the paper of “Impact of artificial intelligence on supply chain management performance discussed about the predictive maintenance applications using AI algorithms lead to a higher uptime of machines, as they provide an early notice when machines are about to break down. Find the result and analysis about AI may be used to discover supply chain inefficiencies, optimise logistics and transportation routes, and evaluate data to forecast demand. This may result in shorter lead times, lower costs, and better responsiveness to shifts in demand this study used Scopus database. This is especially useful in a production plant of automobiles that may cause a significant loss in production due to downtimes. Consequently, AI can substantially enhance the continuity of operations and efficiency of the workflow in supply chain operations.
[bookmark: _Toc230170576][bookmark: _Toc231379870]2.3.1 Forecast Accuracy
According to Howard (2024), the paper “Developing and implementing AI-driven models for demand forecasting in US supply chains: A comprehensive approach to enhancing predictive accuracy” discussed about another crucial sphere in which AI has a significant influence on the performance of a supply chain is forecast accuracy. The conventional forecasting techniques can be based on past trends and managerial opinions, which might not sufficiently reflect market volatility. Conversely, AI considers modern machine learning algorithms to determine more precise and dynamic demand forecasts. The method used in this literature is secondary quantitative method to explored demand forecasting through strategic metrics such as RMSE, MAE, and an R-squared score and Linear Regression method in supply chain.  The results focus on approaches to forecasting employed in the literature of the supply chain are also ARIMA (Auto-Regressive Integrated Moving Average), Random Forest, Artificial Neural Networks (ANN), Support Vector Machines (SVM), and Long Short-Term Memory models (Sathish et al., 2024). Arguably, LSTM can partner with time-series forecasting, especially because it is capable of sequentially examining demand patterns across time.
Indian car manufacturers can predict the size of vehicle sales, demand for spare parts, and seasonal changes in the market using LSTM models. These models use the historical sales patterns, advertising campaigns, price of fuel, demand patterns, and economic indicators. Better accuracy in forecasting leads to minimized stockouts that disrupt production, and overstocking, which increases the holding costs.
[bookmark: _Toc230170577][bookmark: _Toc231379871]2.3.2 Cost Reduction
According to Shil et al. (2024), the paper of “Optimising US supply chains with AI: reducing costs and improving efficiency” discussed of artificial Intelligence (AI) can be used to optimise routes as algorithms like the Dijkstra Algorithm, Genetic Algorithms, and Ant Colony Optimisation models are applied to find the most efficient routes to be taken during transportation. The research held based on used of a comprehensive analysis of case studies and empirical data that discussed of AI solutions can facilitate real-time decision-making process among the US supply chain management. This minimizes the distance of travel, fuel use, and delivery delays. The application of AI has a great impact on reducing costs in various aspects of supply chain operations. This incorporates transport, warehouse, purchasing, labour, and maintenance expenses. The findings and data analysis of this paper discussed of discussed aboutby utilising AI in their supply chain processes, businesses can achieve significant cost savings, higher customer satisfaction, and increased responsiveness to market changes. The Cost Area developed based on transportation cost, warehousing, inventory, procurement level, and maintenance. The AI application optimisation of routes algorithms for transportation, by impacting of less fuel and delivery costs. Automated warehouse and retrieval system in warehousing, by impacting of reduced labour and warehouse expenses, anticipated stock optimisation in inventory by impacting of less holding and stock out expenses. Developed supplier performance analytics in procurement level, by impacting supplier better price negotiation and sourcing, and predictive maintenance tools in maintenance by impacting of reduction of downtime, and cost of repair. 
Based on the literature of Khan et al. (2024), “AI in healthcare supply chain management: enhancing efficiency and reducing costs with predictive analytics” discussed about in the case of Indian car companies that have an extensive supplier and dealer base across the country, this has a direct effect on profit margins as a result of the cost of transport. Moreover, warehouse automation with the assistance of AI minimizes the reliance on manual labour, which helps lower the costs of operation and speed and accuracy of work. The result has been discovered based on used predictive analytics method to applied comprehensive review of recent datasets through systematic analysis of existing literature.
According to Isaid et al. (2024) literature, “Impact of supply chain agility and collaboration on supply chain performance: The moderating role of artificial intelligence” discussed about the agility in the supply chain can be described as the responsiveness of companies to market factors, disruptions, and uncertainties within the supply chain. The primary quantitative method follows by conducting survey among 564 people in Qatar healthcare centre for identify the effectiveness and artificial intelligence (AI) on the impact of agility and collaboration on performance.AI will be very important in enhancing this capacity. In literature, the SCOR Model (Supply Chain Operations Reference Model) is the predominant one used to gauge agility, responsiveness, reliability, and performance efficiency. The SCOR model classifies agility events as responsiveness to unplanned disturbance in the form of supplier delays, shortages of raw materials, transport failures, and demand shock. Agility is improved by the AI through the ability to conduct real-time monitoring and foresee risks. To illustrate, predictive analytics is capable of detecting shipment delays by suppliers and automatically recommending a new supplier or new production timetable.
[bookmark: _Toc230170578][bookmark: _Toc231379872]2.3.3 Decision-Making Quality
As per the literature of Lamees and Ramayah (2022), the study of “How artificial intelligence-based supply chain analytics enable supply chain agility and innovation? An intellectual capital perspective” focused on another essential supply chain performance dimension, which AI improves, is the quality of decisions. The conventional decision-making process may be inclined towards managerial experience and small datasets. The result or findings of this paper focus on, AI will offer an opportunity to make strategic decisions based on data by analysing multiple points of operation in large amounts of real-time data. Predictive analytics enhances decisions in the context of supplier selection, sourcing strategies, production planning, inventory allocation, distribution network design and risk management. The primary data collection method also utilised in this paper by gathered 252 responses from the manufacturing industry of Jordan and the workers related to the supply chain management, the Structural Equation Modelling approach and AMOS software used for estimated the result and get solution of hypothesis.
According to Štreimikienė et al, (2025), this paper “Enhancing Sustainable Global Supply Chain Performance: A Multi-Criteria Decision-Making-Based Approach to Industry 4.0 and AI Integration” discussed about the AI models will analyse historical performance data, supplier reliability rates, performance based on logistics, and demand, and make the best decisions. A predictive supplier risk model can be used, whereby the suppliers are ranked in relation to lead time reliability, consistent quality, and cost efficiency. This assists procurement managers in making informed decisions. The result of this study also indicate that an AI-assisted model of performance greatly enhances Key Performance Indicator (KPI) measurement, including of order fulfilment rate, inventory turnover, lead time, transportation efficiency, production uptime and customer service level. The Best–Worst Method (BWM) used in this paper through direct get solutions from the 37 professionals in the fields of supply chain management to identifying areas of Supply Chain Traceability, modern and innovative Inventory system and so on.
As per the literature of Khoa et al. (2024), the literature believes that AI has the potential to have a positive effect on the supply chain by improving its efficiency, efficient predictions, lowering costs, agility, and making better quality decisions. The findings will be particularly useful to Indian automobiles firms that have to endure and compete in an environment of a highly competitive, demand elastic and cost-sensitive market. AI therefore is a facilitating driver of effective supply chain excellence.
[bookmark: _Toc230170579][bookmark: _Toc231379873]2.4 Challenges Associated with AI Adoption
Based on the literature of Maslej et al. (2025), the paper “AI adoption in America: Who, what, and where” discussed about amid the undeniable similarities of Artificial Intelligence (AI) in enhancing the performance of the supply chain, the literature has continually pointed out several obstacles that influence its effective execution. In the Indian automobile sector, where the supply chain is complex, price sensitive and multi-level, technology, financial, organisational and human resources have a tendency to limit AI application. All these obstacles affect the speed and efficiency of the digital revolution and can impair the capacity of the enterprises to exploit all the opportunities of AI-enhanced supply chains. This is an AI index report published in 2025.
As per the research of Kejriwal (2022), the paper of “AI in practice and implementation: Issues and costs” focused on the study of a high implementation cost is one of the most important issues that is linked to the use of AI. The AI systems are costly in terms of financial investment, as it also demands major commitment in software purchase, cloud systems, hardware systems, sensor technologies, and cybersecurity applications, and proficient personnel. In relation to supply chains, companies are often required to invest in machine-learning systems, aerial automation systems within the warehouse, predictive maintenance software and smart analytics dashboard. An investment may prove costly to Indian automobile companies and the small and medium-sized suppliers. Initial installation cost can be in the form of a constant maintaining fee, upgrading of the system or even training of employees and even a support fee of a vendor. This paper focused on the existing report and projection of return on investment (ROI), objectively valuing and recent problems published by different companies. 
According to Guillen-Aguinaga et al. (2025), the other key issue considered in the literature is the quality of the data. Successful learning and predictive performance of AI systems is highly dependent on the correct, precise, and combined data. The quality of outputs produced by the machine learning and predictive analytics device directly relies on the quality of input information.
As per the research of Thirunagalingam (2024), the paper “AI-Powered Continuous Data Quality Improvement: Techniques, Benefits, and Case Studies: discussed about most Indian automobile companies, they may have their data divided into procurement, production, warehouse, logistics, and sales systems. Poor data structure, gaps in data, insignificant information records, and alteration of real-time data capture minimize the accuracy of AI forecasts. Indicatively, defective supplier lead-time information can yield erroneous demand projections and inefficient inventory choices. This paper used case study analysis method for get solutions and study on improving database accuracy and integrity for the future direction through understanding of the role of advanced AI method. This problem is commonly described in terms of the so-called Garbage in, Garbage Out (GIGO) model that proposes that quality has an adverse influence on the quality of input data. Thus, data governance, standardisation, and system integration are increasingly important, leading to the success of AI.
Based on the literature study of Babashahiet al. (2024), the important obstacle to AI implementation in the supply chain is the lack of trained professionals. There is often a shortage of AI specialists, data scientists, machine learning engineers, and digital supply chain experts in new markets like India, as identified in the literature. The company and several other automobile companies, especially tier-2 and tier-3 suppliers, are encountering difficulty getting and keeping professionals knowledgeable on predictive analytics, along with automation devices and AI-based decision systems.
According to Watts and Munir (2026), the skills gap, which influences the implementation of the systems, the model development, the interpretation of data, and looking for continuous optimisation. Lack of trained specialists can lead to companies being unable to deploy AI tools in a setting that works with them or gain some meaningful information based on the data. Moreover, the hiring of AI professionals imposes an extra financial strain on certain businesses, especially those that have a small budget yet run activities of medium size.
As per the study of Amin et al. (2025), another obstacle to the implementation of AI volume discussed in the literature is resistance to organisational change. Employees, supervisors, and the middle management are very resistant to automation initiatives since they fear losing their jobs, enhanced performance surveillance, and alterations in customary operations.
According to Najari et al. (2025), warehouse operations, demand planning, and supplier assessment are some of the processes in supply chain settings that can bring about uncertainty among the employees who may feel threatened by AI in the workplace. This mental resistance may decrease the collaboration in implementation and stall technology adoption.
As per the study of Najari et al. (2025), the Technology Acceptance Model (TAM) is frequently used to justify this problem. TAM shows that adoption is determined by the perceived ease of use and perceived usefulness. When employees have no clear idea of the benefits of AI, or they think that the system is hard to operate, the resistance will be even greater. One of the most complicated complexities in the use of AI is integration with legacy systems. Most of the Indian automotive companies are still operating old ERP, inventory, and logistics systems, which were hardly created to support AI-powered applications.
According to Arora (2025), the legacy systems are frequently not API compatible, real-time data connected, and flexible in architecture, thus challenging to integrate with the advanced AI platform. As a result, delays, incompatibility of systems, data duplicates, and lack of visibility of the operations of the businesses may strike companies. As an example, the older systems of web-based ERP systems may not easily be successfully integrated into system prediction systems based on machine learning and changing warehouse systems driven by IoT. This has operational silos, which decrease the effectiveness of AI.
Ogunwole et al. (2023), literature indicates that there should be system modernisation and incremental digital transformation strategies to conquer this challenge. Hybrid integration models that are embodied by the gradual integration of old ERP systems with cloud-based AI systems are a common practice among firms.
[bookmark: _Toc230170580][bookmark: _Toc231379874]2.5 Opportunities Associated with AI Adoption
As per Iyelolu et al. (2024), besides the issues of implementation, Artificial Intelligence (AI) presents robust strategic opportunities to automobile companies in India, as it can improve the way the supply chain operates, its resiliency, and long-term competitiveness. The literature also indicates that AI has not only been applied as a technological means of automation but also as a strategic enabler that can support innovation, operational excellence, and sustainability in the whole supply chain network.
As per the study of Alhosani and Alhashmi (2024), ensuring increased customer responsiveness is one of the key opportunities that AI adoption has generated. Demand forecasting and customer analytics based on AI will help companies correctly see the shifts in consumer preferences and demand changes in different seasons and in particular regional purchasing behaviours. This enables the automobile firms to react swiftly to the needs of the customers by maintaining stock of the products in a timely manner, quicker delivery, and improved after-sales services. Customer satisfaction and loyalty to the brand are boosted through such responsiveness, especially in a very competitive market like India.
According to Regona et al. (2022), the other opportunity is the concept of the more sustainable supply chains. AI reinforces resilience as it notices the risk of interruption in the first stage, in collaboration with the predictive analytics, supplier risk monitoring, and real-time logistics monitoring. As an illustration, AI can identify potential supplier, raw material delays, or any other disruptions of the supply chain and match the transportation with the supply chain to suggest alternative sourcing or transportation. The topical risk mitigation occurs especially in the space of the post-pandemic reorganisation of supply chains and in which companies are turning to flexibility and continuity planning.
According to McElheran et al. (2024), Industry 4.0 technology: IoT, robotics, machine learning, and digital twins is another intelligent combination of manufacturing with AI. This integration enhances the scheduling of production, quality checks, and utilisation of resources in Indian automobile companies. On the same note, predictive maintenance presents a significant business opportunity as it minimizes the downtime of the machines and prevents disruptions in the production process by detecting faults early and scheduling maintenance.AI enhances the integration of collaboration among suppliers by facilitating data synergy, monitoring performance, and allowing open communication among supply chain businesses. This enhances the communication among manufacturers and the suppliers of components, and this is necessary in the just-in-time automotive systems.
[bookmark: _Toc230170581][bookmark: _Toc231379875]2.6 Theoretical Underpinning
[bookmark: _Toc230170582][bookmark: _Toc231379876]2.6.1 Technology Acceptance Model (TAM)
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[bookmark: _Toc230170583][bookmark: _Toc231379932]Figure 2.1: Technology Acceptance Model (TAM)
(Source: Na et al., 2023)
As per the study of Na et al. (2023), one of the most applicable theories in order to explain the adoption of Artificial Intelligence in the processes of the supply chain is called the Technology Acceptance Model (TAM), and it was developed by Davis (1989). The theory dwells on the degree to which people in an organisation embrace and utilise innovations in technology. TAM is founded mainly on two constructs, which include perceived usefulness and perceived ease of use. Perceived usefulness defines the degree to which managers and employees feel that there will be an improvement in performance at work because of the use of AI systems. In the case of car companies in India, it involves the view that AI could be used to improve demand prediction, inventory management, logistics, production timetable, and coordination of suppliers. When users develop the perception that AI systems help speed up the decision-making process, minimize errors in operations, and enhance efficiency, their adoption of AI systems becomes much higher.
As per the study of Song et al. (2025), the second is the perceived ease of use, which is the extent to which users feel that the technology is easy to learn, use, and implement into their work routines. The AI systems of predictive dashboards and warehouse automation systems, and route optimisation software, should be easy to use, and their technology needs to be accessible to both supply chain managers and operational employees in the context of a supply chain. Without the support of employees to embrace the system, they may put up some resistance in case they feel that the system is complicated and difficult to use. The theory will help analyse the attitude of the managers, employees and acceptance of AI technologies in supply chains by organisations in the research.
[bookmark: _Toc230170584][bookmark: _Toc231379877]2.7 Literature Gap
Although a considerable amount of literature regarding the application of the Artificial Intelligence (AI) in supply chain management is already in place, the problem of the role of AI in Indian automobile companies has not been researched. 
According to Mukherjee et al. (2024), Most of the existing literature is generic or theoretical, and focuses on the global manufacturing industries, yet not on individual features of the Indian automotive industry. Consequently, such factors as operational issues in the sector, infrastructure peculiarities in India, and the variation in AI penetration between big companies and small suppliers, and quantifiable performance processes, have not been studied thoroughly.
According to Ramakrishnan et al. (2023), the role AI plays directly in the main supply chain metrics, i.e., efficiency, agility, cost reduction, and quality of the decision-making process in the Indian scenario, is not supported by empirical data. This study will thus fill this gap by offering specific research on the adoption of AI and its effects on the supply chain in Indian automotive companies.
[bookmark: _Toc230170585]Chapter Summary
The chapter presents a critical analysis of the literature discussing the adoption and supply chain performance in the automobile industry with the help of AI. The results show that AI enhances the accuracy of the forecast, cost-effectiveness, agility, and resilience. However, the issues such as high cost of implementation, incorrect data, and lack of skills persist. The theoretical ground base of the research has been laid down as TAM.


[bookmark: _Toc230170586][bookmark: _Toc231379878]3. Research Methodology
The chapter gives the research methodology that will be used to explore the use of artificial intelligence in improving supply chains in automobile companies in India. It follows a well-organised framework, the Research Onion Model, and offers a framework of overview of research philosophy, approach, strategy, choices, time horizon, and methods of data collection. The clear methodology is followed, which guarantees reliability, validity, and transparency. Due to the complexity of AI implementation in supply chains, it is necessary to approach the problem systematically and analyse the data to meet research goals and produce evidence-based results, which should be properly used to draw conclusions and make recommendations (Assadpouret al., 2023).
[bookmark: _Toc230170588][bookmark: _Toc231379879]3.1 Methodological Framework: Application of Research Onion Model
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[bookmark: _Toc230170589][bookmark: _Toc231379933]Figure 3.1: Application of Research Onion Model
(Source: Assadpouret al., 2023)
[bookmark: _Toc230170590][bookmark: _Toc231379880]3.1.1 Research Philosophy
Interpretivism is a research philosophy that lays emphasis on the understanding of human experiences, perceptions, and their social dynamics as opposed to depending on objective measurements. It presupposes that reality is socially constructed, which may differ depending on the way people think. The philosophy is usually applied in a situation where the research is to investigate complex, context-specific phenomena that involve human behaviour and decision-making (Pervin and Mokhtar, 2022).
Interpretivism would suit the situation of this study since the implementation of artificial intelligence in supply chains does not only depend on technical issues but also involves the perceptions of managers, the organisational culture, and employee relations. It assists in capturing the understanding and reaction of the stakeholders in the automobile companies in India towards integrating AI (William, 2024). Applying interpretivism will be important because it would provide extensive information on practical life crises, challenges, and perceptions towards AI. This approach will enable a more in-depth understanding of the functioning of AI to make supply chains more effective than quantitative data and produce conclusions that are more relevant and important to the context.
[bookmark: _Toc230170591][bookmark: _Toc231379881]3.1.2 Research Approach
The inductive research theory is the creation of patterns, themes, and theoretical understanding through data that has been collected, as opposed to testing out existing hypotheses. It commences with certain observations and leads to generalisations, thereby being appropriate in exploratory studies where a very small amount of evidence is present in the past or where new insights are needed (Kumar and Ujire, 2024).
The significance of the inductive approach is its versatility and capacity to be flexible and capture new trends and real-world complexity. It enables the researcher to study the lives of the participants at a very personal level and also allows the researcher to infer relationships that cannot be established through a deductive approach (Suryathiet al., 2025). The latter is especially useful in the fast-tracked areas like artificial intelligence. 
An inductive methodology can be applied in this study about the significance of artificial intelligence in improving the performance of the supply chain in Indian automobile companies, since the adoption of AI remains in its early stages and is diverse between companies. The research aims to find out how companies perceive, put AI into practice, and gain from it. Using qualitative data collected with the help of the stakeholders in the industry, the method allows coming up with meaningful conclusions and context-driven results that would represent the experiences in organisations. (Proudfoot, 2023)
[bookmark: _Toc230170592][bookmark: _Toc231379882]3.1.3 Research Design
An exploratory research design performs research to explore an unarticulated problem or one that has minimal previous research. It is not to arrive at definite conclusions but rather to acquire knowledge, build up on some insights, and find out some vital patterns or variables. Such a design is generalized and tends to use qualitative techniques of interviews, case studies, and observations (Olawale et al., 2023).
The significance of an exploratory design is that it will help look into the issues that will arise and reveal a new vision. It assists researchers in explaining complex phenomena in real-life scenarios, particularly where less or changing knowledge is available.
In this study about the role of the use of artificial intelligence to improve the functioning of the supply chain in automobile companies in India, the exploratory design is suitable since the adoption of AI is still in its infancy, and its application greatly differs among organisations (Stebbins, 2025). Little situation-linked studies have been done on Indian motor companies. Consequently, this design will enable the study to examine the implementation of AI, the difficulties encountered, and the perceived advantages of AI, which will eventually produce quality ideas and inform future studies.
[bookmark: _Toc230170593][bookmark: _Toc231379883]3.1.4 Research Strategy
Qualitative research strategy focuses on the exploration and interpretation of intricate phenomena by using non-numerical data to provide a greater insight into the meaning, pattern, and contextual relationship. In this work, the qualitative method is used based on secondary data and thematic analysis.
Secondary data (reports on the industry, company reports, scholarly publications) will also offer an approximate and plausible foundation on which the application of AI to supply chains can be studied without any restrictions regarding the collection of primary data (Santos et al., 2021).
The thematic analysis is used to identify, analyse and interpret recurring themes related to the implementation of artificial intelligence, issues, and performance outcomes. The method facilitates the researcher to categorise large volumes of textual data into handy categories.
The reasoning behind the use of such a strategy is that it can allow capturing specific insights into the role that AI plays towards supply chain performance in automobile companies within Indian territory (Lim, 2025). It helps to study the trends, patterns as well as the organisational practices which ensure in-depth and situationally appropriate understanding of the problem of research.
[bookmark: _Toc230170594][bookmark: _Toc231379884]3.1.5 Time Horizon
A cross-sectional time horizon is the data of a particular time that is gathered and analysed at a given moment, and not over a long term. It gives a reflection of a phenomenon as it is at any given period, in which the researchers can analyse the prevailing conditions, relationships, and patterns (Engelberg et al., 2023).
A cross-sectional approach may involve the significance of efficiency and practicality. It helps the researcher to acquire pertinent information within a constrained amount of time; hence it is applicable in academic research that has a time constraint. It is also useful in determining trends, behaviours, and perceptions without necessarily requiring the observation to be long-term (Canova, 2024).
In this work on artificial intelligence as a tool in improving the performance of the supply chain in car manufacturers in India, a cross-sectional time horizon is relevant since the study aims to comprehend the current situation regarding the adoption of artificial intelligence and its effect. Given that the proposed study will be based on secondary data and thematic analysis, the area will be able to capture the current knowledge, industry trends, and recent developments, which will present relevant and timely knowledge regarding the study issue (Voleti, 2024).
[bookmark: _Toc230170595][bookmark: _Toc231379885]3.1.6 Choice of the study
This study is selected because the role of artificial intelligence in revolutionizing the process of supply chains is increasingly gaining significance, more so in the automobile industry. With the world becoming increasingly competitive and customers demanding more, business organisations are coming under pressure to be more efficient, less costly, and increasingly responsive (Ramakrishnan et al., 2023). Demand forecasting, inventory optimisation, and predictive maintenance are some of the advanced features of artificial intelligence, which make it an important subject of research.
This paper covers the automobile companies in India, as the industry has a significant place in the economy, as well as the tendency towards digital technologies. Nevertheless, very little research has been done to understand the specific effects of AI on the performance of supply chains in this respect.
A mono-method qualitative selection, based on secondary data sources and thematic analysis, has been taken up in the study to understand the industry practices and trends in detail. It is the appropriate choice since it will allow engaging into a comprehensive study of the existing knowledge, which will help to outline the key trends, challenges, and opportunities presented by the implementation of AI (Benny and Chellaswamy, 2025).
[bookmark: _Toc230170596][bookmark: _Toc231379886]3.2 Data Collection Method
In this research, the secondary data collection method has been used, which entails a methodological process of collecting and analysing the available data in such a way that the data comes out as credible and authoritative. Secondary data will encompass scholarly articles, industry reports, and statistical data, which are necessary to analyse trends and developments in such complicated areas of research as artificial intelligence in supply chain (Mazhar et al., 2021). This is efficient with the use of time and is also reliable as it will rely on information that has been validated and peer reviewed previously.
The collection of data will be done using high-quality academic databases like Google Scholar and ScienceDirect, which will secure access to high-quality scholarly articles. Also, specific industry information and quantitative data are obtained via reputable sources such as IBISWorld and Statista that offer recent market research and statistics on the automobile companies in India (Ganesha and Aithal, 2022). Other genuine sites, such as company reports and publications of international organisations, are also taken into consideration to enhance the evidence base.
To remain relevant, no sources older than 2021 are included to ensure it is focused on the issues at hand today and the recent developments in the adoption of AI. Significant search terms (including but not confined to) Artificial Intelligence, Supply Chain Performance, Automobile Industry India, AI Adoption, and Operational Efficiency allow applying the study to the research goals and collect suitable data in a focused and systematically organised way.
[bookmark: _Toc230170597][bookmark: _Toc231379887]3.3 Data Analytical Techniques
In this paper, thematic analysis has been used as the central tool of data analysis to undertake a systematic process of interpreting secondary data in terms of collected data in scholars' journals, industry reports, and statistical databases. Through thematic analysis, patterns are identified as well as insightful information in line with the purpose of the research.
There are four important themes generated based on the study objectives. The first theme is the level of AI adoption, which investigates the rate of AI adoption in the supply chain management of Indian car makers (Kamble et al., 2023). The second theme explores the effects on supply chain performance in terms of efficiency, reduction of costs, and responsiveness. The third theme discusses the issue of AI implementation, including the high implementation costs, quality of data, and skills gap. The fourth theme is about opportunities and future potential, which includes innovation, predictive analytics, and competitive advantage (AS and Ramanathan, 2021).
The datasets, including reports in the industry and statistical platforms, are examined within these themes, ensuring a systematic and complete consideration of the impact of AIs in improving the performance of supply chains.
[bookmark: _Toc230170598][bookmark: _Toc231379888]3.4 Ethical Consideration
The issue of ethics plays a crucial role in secondary research to uphold integrity, transparency, and responsible utilisation of data available. All the research is based on publicly published data in academic journals, industry reports, and trusted databases, which means that no form of personal or sensitive data is collected personally (Andrew and Baker, 2021). All the sources are cited correctly to prevent any plagiarism and to uphold academic honesty.
The study has also considered the requirements of the UK General Data Protection Regulation 2018, which focuses on data protection, privacy, and legal processing of data. Even though it utilises secondary data, there is caution not to use any data that does not meet the GDPR requirements, especially in terms of anonymisation and secrecy (Andrew and Baker, 2021). Only sources with credible and ethical publications are chosen, and thus the information used in the research is accurate, not partisan, and it has been acquired legitimately to support the overall ethical practices of the studies. 
[bookmark: _Toc230170599]Chapter Summary
Through this chapter, the research approach that was used to conduct the study on the importance of artificial intelligence in ensuring the improvement of performance in the supply chain of automobile companies in India has been described. It explained employing interpretivism philosophy, an inductive study, an exploratory research design, and a qualitative study using secondary information and thematic analysis. This chapter also detailed how a cross-sectional time horizon and cross-method selection are used. Data gathering was based on reliable and current materials like scholarly articles and business reports. Also, consideration of ethical issues, such as compliance with data protection rules, was performed. In general, the methodology guarantees a systematic, reliable, and contextually relevant approach to the goal of reaching the research objectives.


[bookmark: _Toc230170600][bookmark: _Toc231379889]4. Data Analysis and discussion
[bookmark: _Toc230170601][bookmark: _Toc231379890]4.1 Findings
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[bookmark: _Toc230170602][bookmark: _Toc231379934]Figure 4.1: The Global AI in supply chain market by Component
(Source: Global Market Insights, Inc, 2025)
AI Adoption Rate in Supply Chain in Globe (2022-2025), the use of AI in global supply chains is now virtually covering the entire world in the growth of its application over the next five years (2022 to 2025). In 2022, 6% of companies had no use of AI, 16% tested use cases, 32% low usage, 34% large-scale usage, and 11% considered AI essential. By 2025, these values are expected to shift to 4%, 8%, 18%, 30%, and 38%, respectively (Global Market Insights, Inc, 2025). The largest growth is among the companies that now consider AI as paramount, increasing that figure by 11 to 38%, which reveals a dependence on strategies.
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[bookmark: _Toc230170603][bookmark: _Toc231379935]Figure 4.2: The Global AI in Supply Chain Market Size (2023-2033)
(Source: Statista, 2024)
This figure demonstrates that it is expected that the global AI market in the supply chain will reach USD 4.5 billion in 2023 and increase to USD 157.6 billion in 2033. The market grows steadily through USD 6.4 billion (2024), USD 9.2 billion (2025), USD 38.0 billion (2029), and USD 110.4 billion (2032) (Statista, 2024). The chart shows a high CAGR of 42.7%, which proves to be rapid growth of software, hardware, and service components. This statistical development trend proves the growing business importance of AI-based supply chain technologies in the world.
Estimation 
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A way of understanding the estimate of inventory cost is as follows:
Where:
	TC = Sum of inventory costs 
	D = Annual demand 
	Q = Order quantity 
	S = Ordering cost 
	H = Holding cost/unit. 
AI assists in maximising the order quantity Q and hence reduces the total inventory cost. This mainly applies to the automobile supply chains in which thousands of parts require proper replenishment scheduling.
The agility relationship can be conceptually represented as:
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All three variables are enhanced by AI, which enhances visibility using dynamic, real-time dashboards, greater flexibility by enabling dynamic scheduling, and greater responsiveness with predictive alerts (Isaidet al., 2024). This will play a significant role in automobile companies in India, where manufacturing is based on access to components in time by various suppliers.
The relationship between KPI efficacies could be as follows:
[image: ]
An increase in the levels of KPI will devote more efficient supply chains and better operations.
	Cost Element
	Cost Range Estimation (INR) (₹)
	Purpose

	AI software licenses
	₹ 15-40 lakhs ($15,500–$41,300)
	Forecasting, analytics, and automation software

	Cloud infrastructure and data storage
	₹10-25 Lakhs Annually
($10,300–$25,800 per year)
	Real-time data processing and storage

	Integration of IoT sensors and hardware used
	₹20-50 Lakhs
($20,700–$51,700)
	Produced and warehouse monitoring

	Experienced workers/consultants
	₹12-30 lakhs a year
($12,400–$31,000 per year)
	AI engineers, data analysts

	Training & change management
	₹5–15 lakhs
($5,200–$15,500)
	Employee upskilling and uptake

	Upgrades and maintenance of the system
	₹8-20 Lakhs/year
($8,300–$20,700 per year)
	Constant support and upgrades


[bookmark: _Toc230170604]Table 4.1: Tentative Cost Model of AI Use in Supply Chain
(Source: Author)
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[bookmark: _Toc230170605][bookmark: _Toc231379936]Figure 4.3: Automotive AI Market Size (2017–2025)
(Source: Guillen-Aguinaga et al., 2025)
The image shows the development of the automotive AI market, where it will grow to USD 27 billion in 2025, compared to USD 1 billion in 2017. The values increase gradually from 2 billion (2018), 3 billion (2019), 5 billion (2020), 8 billion (2021), and 12 billion (2022), reaching 16 billion (2023) and 21 billion (2024) (Guillen-Aguinaga et al., 2025). The market is expected to increase at a robust rate of 48 percent, and is already projected at a strong CAGR rate, as demonstrated by the increasing investment in AI applications to automotive solutions like predictive maintenance, autonomous systems, and smart supply chain solutions
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[bookmark: _Toc230170606][bookmark: _Toc231379937]Figure 4.4: Automotive Artificial Intelligence Market Size (2023-2033)
(Source: Arora, 2025)
This figure indicates that the world automotive AI market is growing rapidly, reaching USD 3.22 billion by 2023 and USD 35.71 billion in 2023 and 2033, respectively. Intermediate growth values include USD 3.87 billion (2024), USD 5.8 billion (2026), USD 9.17 billion (2028), USD 15.23 billion (2030), and USD 26.56 billion (2032) (Arora, 2025). The market is predicted to grow over ten times over the decade, which implies significant growth in AI-based technologies in the automotive manufacturing, logistics, autonomous systems, and enhancement of supply chain performance.
[bookmark: _Toc230170607][bookmark: _Toc231379891]4.2 Thematic Analysis
The thematic analysis is based on aspects of the findings of themes developed through objectives and utilising qualitative analysis.
[bookmark: _Toc231379892]4.2.1 Theme 1: Adoption of artificial intelligence in the Indian supply chain operation of auto companies
The automotive industry big data market is expanding rapidly, projected to hit about $15-$27 billion by 2030-2033, due to connected cars, predictive parts breaking down, and optimisation of the manufacturing process. Connected cars produce significant data, turning it into a high-growth industry that puts customers, efficiency of the supply chain, and technology of autonomy in its focus (Global Big Data in the automotive, 2023).
Based on the above mentioned graph AI can examine sensor data in vehicles and manufacturing equipment to learn how failures may happen before they do. This enables proactive maintenance, low down time, low cost of repair as well as flow of production. Next Move Strategy Consulting predicts that the market in automotive intelligence will rise by explosive rates all over the globe (Banerjee et al., 2024). As per the data from Global Big Data in the automotive, (2023) starting with an almost 30 times all the way to 2030, the market will expand its size by 2.5 billion to a whopping $74.5 billion.
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[bookmark: _Toc230170608][bookmark: _Toc231379938]Figure 4.5: Data on the Indian automobile industry market
(Source: India Automotive Market Size & Share: Industry Report, 2030)
The Indian automotive market is estimated to reach 5,156,483 units in the 2024 year and will have a CAGR of 7.3 between the years 2025 and 2030 (Dumitrascu et al., 2020). In the top ten automobile-producing countries in the world, India comes fourth with statistics published in April 2018 by the European Automobile manufacture association (ACEA) (Beinabadi et al., 2024). The automotive industry in the country is driven by the population growth, the growth of disposable income and the convenience in accessing credit and financing (India Automotive Market Size & Share: Industry Report, 2030). 
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[bookmark: _Toc230170609][bookmark: _Toc231379939]Figure 4.6: Importance if Big Data in Automotive Industry Market
(Source: Deshpande, 2024)
The above mentioned graph shows that market size of Big Data in Automotive Industry is set to be US$ 15.80 Bn by 2030 with a CAGR of 16.88% over the forecast period (Research, 2024). The report includes a comprehensive review of the COVID-19 pandemic effects on Global Big Data about the market in Automotive Industry by location and the key player’s revenues that have been affected so far up to July 2022 and the anticipated short and long term effects in the market (Bhargava et al., 2022). The application of big data analytics is the use of advanced analytical processes on very broad and varied data sets, such as structured data, semi-structured and unstructured data, of varied sources, and of terabytes and zettabytes in diverse sizes. Big data in Automotive Industry can process and interpret information of other software in a satisfactory way to simplify the business processes. Big data is characterized by the size or type of data, which is too large to be represented, processed and handled in low-latency data by regular relational databases. One or more of the following characteristics are indicative of big data: high volume, high speed or high range through new ways and data sources, artificial intelligence (AI), mobile, social and Internet of Things (IoT) encourage data complexity (Senci et al., 2025). The two primary driving factors influencing automotive manufactures include enhanced competition and knowledge boom. In traditional analytics and databases, the intricacy and scalability of varied data is a challenge. Real-time processing of big data, enabled by the cloud has been the standard (Research, 2024).
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[bookmark: _Toc230170610][bookmark: _Toc231379940]Figure 4.7: Indian automotive industry is heavily investing in AI
(Source: Meduri, 2026)
India as an automotive industry is also making full investments in AI and by 2030, the market will have hit a massive market of $56.81 billion and will change the manufacturing industry, battery management of EV and ADAS. The last nine years have seen an investment of over $7 billion, and the investments are said to compound with 30-40 percent expected growth (Meduri, 2026). The main focuses are AI-driven design, predictive maintenance, and Generative AI with 33 percent of companies under active investment in GenAI.
According to the study of India, (2025), the Indian automotive industry becomes highly differentiated, and GenAI is likely to feature a productivity change of 30-32% by 2030 (Rai, 2025). This projection points out the fact that GenAI may transform the most important spheres, such as product creation, customer interaction, autonomous driving, and sustainability, so that the industry could attain operational efficiencies and expansion (India, 2025). The report highlights that GenAI is estimated to boost productivity of the Indian auto industry by 30 to 32 percent by 2030 and the productivity will see a great improvement in areas such as product development, process optimisation and customer involvement (Sharma and Singh, 2024). Regarding investment, 33% of the respondents claim to have their organisations actively investing in GenAI, with budgets already invested or under investment. Also, 57% of the respondents had launched Proof of Concept (POC) initiatives and 14% of them were already transitioning into production POCs. Also, AI has already demonstrated a significant customer satisfaction rate, as customers can now potentially be able to engage in personalized and real-time interactions (Hossain, 2024).
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[bookmark: _Toc230170611][bookmark: _Toc231379941]Figure 4.8: Contribution of AI in automobile sector to improve Indian GDP
(Source: JainMatrix, 2021)
 Improved technologies like autonomous driving, real-time analytics, and AI optimisation are being utilised in the automotive industry that is contributing 7.1 percent to the national GDP of India and has over 19 million employees (JainMatrix, 2021). According to the EY report, the proposed integration of GenAI is likely to bring about innovation and enhance efficiency throughout the value chain, including manufacturing and customer experiences (AS and Ramanathan, 2021).
[bookmark: _Toc231379893]4.2.2 Theme 2: The effect of artificial intelligence on the performance of supply chain of automobile companies in India
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[bookmark: _Toc230170612][bookmark: _Toc231379942]Figure 4.9: Impact of artificial intelligence on supply chain performance in automobile
(Source: Ai in Supply Chain Market Report 2025-2032, 2023)
The statistical information of the Markets and Markets report gives high grounds of how Artificial Intelligence (AI) has grown particularly in terms of its strategic significance in the supply chain management (Ai in Supply Chain Market Report 2025-2032, 2023). The report says that by 2032 the global AI in supply chain market will expand to USD 50.41 billion compared to USD 13.93 billion in 2025 with a compound annual growth rate (CAGR) of 20.1. The fact that such huge growth implies that the market will grow by more than three times within a comparatively short time frame shows that more organisations are becoming more dependent on AI-based solutions to improve their supply chain efficiency and responsiveness.
Another common point conveyed in the report is that North America upholds around 36.7 percent of the overall global market realisation indicating that developed economies are presently leading the pack in terms of AI uptake owing to robust technological support about their investment strength (Singh, 2023). Nonetheless, that also implies that the rise of the emerging economies like India, where AI is yet to be fully adopted, may reach significant growth.
Regarding the areas of application, warehouse and transportation management is predicted to expand at the most CAGR of 22.9, which implies that optimisation of logistics is one of the main areas of AI implementation. This has been driven by the necessity to shorten the delivery time, route optimisation and enhanced overall operation efficiency. Moreover, the cloud-based deployment segment will be increasing with a CAGR of 21.8 percent as per the rising demand of scalable, real time data processing and analytics solutions (Pillai et al., 2022).
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[bookmark: _Toc230170613][bookmark: _Toc231379943]Figure 4.10: Indian automotive artificial intelligence market
(Source: Grand View Research, 2026)
The India automotive artificial intelligence market generated a revenue of USD 178.3 million in 2024 and is expected to reach USD 857.9 million by 2030 (Grand View Research, 2026). Indian automotive artificial intelligence market (apparently worth 158-178 million in 2023-2024) is expected to experience a growth over 850 million to 1.1 billion by 2030 with a CAGR of more than 30 (Belhadi et al., 2024). Under the aegis of Autonomous Driving (ADAS) predictive maintenance, and GenAI, AI is projected to enhance the speed of manufacturing by 30-32 percent and extend battery life in EVs by 10-20 percent. The Indian AI in the automobile sector is projected at a CAGR of 30.1 to 32.5% during 2024 to 2030, to which one of them is estimated to be worth 1,138.4 million dollars by 2030 (Bishop, 2023).
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[bookmark: _Toc230170614][bookmark: _Toc231379944]Figure 4.11: Use of Artificial Intelligence (AI) on supply chain performance in Indian automobile firms
(Source: Bauer, 2026)
Substantial financial investments in the sector substantiate the assertion that Artificial Intelligence (AI) is likely to influence the performance of the supply chains in Indian automobile companies. According to recent statistics, the automotive industry in India was investing USD 520 million (approximately ₹5,000 Cr.) in AI-related technologies in FY2023, with a mass adoption of digitalization of the sphere of work, including manufacturing, logistics, and predictive analytics (Bauer, 2026).
At the company level, Tata Motors has been among the most prolific investors, spending approximately USD 125 million (₹1,200 Cr.) on research and development of AI in 2023 (Nozari et al., 2022). This investment has helped the company to use predictive maintenance systems which have been said to have minimized the cost of maintenance by about 20 per cent thus directly increasing supply chain efficiency. Moreover, Tata motors have employed AI-based analytics systems in all manufacturing facilities to improve the quality control and visibility of its operations.
Equally, Mahindra & Mahindra has invested heavily, and it is investing USD 100 million (about 830 crore) in AI technologies to electric vehicle and supply chain optimisation by 2024. The AI systems that have achieved 1015% improvements in plant uptime rates and 30 reductions in scrap rates that the company has implemented include predictive analytics and smart manufacturing tools (Beutler 2020).
At Maruti Suzuki, the company has adopted a proactive strategy of investing in AI startups, including investing 2 crores in an AI-based platform (Sociograph Solutions) to improve digital activities and customer analytics. Also, the company employs more than 2,500 robots and AI-controlled automation equipment during the manufacturing process, enhancing the efficiencies of the production process and supply chains coordination (India, 2025).
On a bigger industry scale, initiatives by the government are also of paramount importance. The Indian automobile industry under the PLI (Production Linked Incentive) scheme has got a cumulative investment of USD 3.7 billion (approximately ₹35,657 Cr.) in state-of-the-art automotive technologies such as AI-based technologies. Moreover, the companies such as Tata Motors and Mahindra & Mahindra combined to receive USD 25.5 million (₹246 Cr.) in incentives targeted innovation and supply chain modernization driven by AI (JainMatrix, 2021).
All in all, these statistics make it obvious that AI investment is not only serious but also directly proportional to the quantifiable supply chain performance improvements, such as a decrease in costs, efficiency of operations, and decision-making.
[bookmark: _Toc231379894]4.2.3 Theme 3: Challenges and opportunities associated with artificial intelligence adoption in the supply chains of automobile firms in India
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Figure 4.12: Challenges and opportunities associated with artificial intelligence adoption
(Source: Gupta, 2025)
The Indian automobile industry is making limited investments in Artificial Intelligence (AI) use, although it has a high growth prospect. Another major challenge is that it has a high capital investment requirement. According to industry statistics, the automotive industry in India invested about USD 520 million (approximately ₹5,000 Cr.) in AI solutions in FY2023 (Gupta, 2025). Although this indicates commitment, it poses a strain to the firms running on a narrow margin. In 2023, Tata Motors committed to an AI R&D of approximately 1,200 crore and Mahindra and Mahindra to AI-based EV and supply chain technologies (almost USD 100 million) were set to invest. 
Next to the investment major issue is the uncertainty of the return on investment (ROI). An EY India report confirms that whereas 33 percent of automotive companies are busy investing in AI, only 14 percent have entirely installed AI solutions through scale and 57 percent are at pilot levels. Such a gap is financial reluctance because of uncertain returns in the short run (Ai in Supply Chain Market Report 2025-2032, 2023).
At an industrial level, there are as well wider investment trends which manifest financial strain. The PLI Auto Scheme by the government enticed USD 3.7 billion (approximately ₹35,657 Cr.) in investing in hi-tech automotive technologies (Bishop, 2023). A part of this funding however goes directly to AI, so the firms continue to incur significant costs related to AI on their own.
The other significant obstacle is disconnected between the adoption of AI and its massive deployment. Industry data shows that of the 57% of auto industry companies that have started AI pilot projects, only 14% have been able to scale these projects, which show that it is facing serious operational and financial obstacles (Bauer, 2026). This speaks of lack of infrastructure, intricacy of integrations as well as doubted returns on investments.
Another serious problem is the lack of efficient labour force. Though India has an increasing AI talent base, there is a high demand and limited supply, resulting in higher labour expenses and lagging realisation. Numerous companies find it difficult to recruit or manage data scientists and AI engineers, especially in tier-2 and tier-3 supply chain companies.
Moreover, the connection to the legacy systems is also still a significant technical and financial issue. A lot of the automobile companies continue to use the old-fashioned ERP and logistics systems, which do not blend with the new AI technologies. This culminates in inefficiencies of the system, higher costs as well as latencies in realising full operational benefits. Another factor to sloth down adoption is resistance to organisational change. The perceived threat posed by AI by employees is the loss of job security, which results in decreased collaboration and accelerated adoption (Bauer, 2026). This is in line with the Technology Acceptance Model in which perceived complexity and ignorance are barriers towards adoption.
Also, a cumulative AI investment in India topped 20 billion as of 2025, a significant percentage growth indicating the intensity of capital needed in AI development. In India, there is still a funding deficit as compared to worldwide contenders thus restraining massive implementation in other areas such as automotive manufacturing industries.
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[bookmark: _Toc230170615][bookmark: _Toc231379945]Figure 4.13: Integration of Artificial technology (AI) in the automotive supply chain graph
(Source: India, 2026)
Integration of Artificial technology (AI) in the automotive supply chain graph, the network of all interconnected suppliers, manufacturers and logistics, is one of the strategic shifts towards 2026, the initiative no longer being focused on the customer, but on anticipating customer demand beforehand instead of just responding. The use of AI in the optimisation of the supply chain can save up to 15 percent in logistics costs, 35 percent in inventory, and 65 percent in service (Gupta, 2025).
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[bookmark: _Toc230170616][bookmark: _Toc231379946]Figure 4.14: AI applications in vehicle have advantages in SCM distribution logistic
(Source: Gupta, 2025)
Using market trends, consumer behaviour, and weather, AI forecasts the demand of components at a very high level and eliminates excess stock and delays in production. By employing AI-based forecasting, companies such as Honda have cut on their excess inventory by 22%. AI offers intelligent logistic and live availability (Gupta, 2025). In real-time AI effectively optimises transport routes and schedules, including disruptions such as port congestion or weather. Toyota was able to reduce lead times by 17 percent using delivery optimisation, which is managed by LLM (Ai in the automotive industry, 2025). With AI agents, the supply chain coordinates the work of suppliers and line-side inventories dynamically to produce items on a production line just-in-time, saving 20-30% of expenditure on expediting. Artificial Intelligence is used to analyse warehouse sensor data and in-vehicle sensor data to ensure ideal inventory levels to eliminate capital held in stock form.

[bookmark: _Toc230170617][bookmark: _Toc231379895]5. Discussion
This discussion chapter summarises the results of the study and compares them with the literature to critically assess the influence of Artificial Intelligence on the transformation of supply chain performance in Indian automobile companies. It underscores major trends in adoption, performance, structural complexities, and opportunities in the industry.
[bookmark: _Toc230170619][bookmark: _Toc231379896]5.1 Discussion: Literature Review and Findings
The literature analysed in Chapter 2 provides an extensive theoretical and conceptual framework on how Artificial Intelligence is being embraced in the context of supply chain management, and more specifically in the Indian automobile industry. When this base is laid on top of secondary discoveries which were introduced in Chapter 4, it is possible to have a vibrant and multi-dimensional image one which is coherent in its overall orientation and at the same time brings to the fore previously unrecognised and contextual details that enhance the academic discussion. This discussion brings together the two pieces of evidence in critical discussion on the extent to which theoretical assertions of the literature are found in realities that are empirical and those that are on the industry level as they are recorded in the findings.
The literature, as it is explained by Toorajipour et al. (2021), characterizes Artificial Intelligence as the ability of both machines and software programs to carry out functions that should be carried out by human intelligence, such as responding to data, finding patterns, reasoning out of any complex task, and forecasting. This definition, in the context of the supply chain applies to practical results in the context of information processing of the organisation, coordination of activities among the supply chain partners, and recovery of the supply chain following disruption. This conceptual understanding is now in place as a working reality as proven by the secondary findings that show leading Indian automobile manufacturers are making this a reality. The initiation of machine learning algorithms, self-scheduling warehouse systems, predictive maintenance software, and real-time logistics analytics by companies like Tata Motors, Mahindra and Mahindra, and Maruti Suzuki proves that AI within the Indian automotive supply chain is no longer just a dream but a force that drives change in how the company operates.
According to Sharma et al. (2022), the most notable areas of AI use in supply chains could be demand forecasting, inventory optimisation, supplier risk assessment, route planning, and warehouse automation. The results support this in a holistic manner. These functional areas are exactly where AI investment has been focussed in all three big Indian OEMs in the thematic analysis so there is a potential that the map provided by the literature is a good map to practice. Sharma and Singh (2024) also posit that Industry 4.0 and digital transformation are leading to swift AI implementation in the supply chain processes of the sector. The results confirm and elaborate this position by demonstrating that AI implementation is being done throughout the value chain, both in design and procurement and even within the after sales service, not just as a process improvement aide but as a strategic facilitator of the supply chain revolution.
Among the most important intersections of the literature and the results is the difference in the rates of adoption based on the levels of the supply chain. Danach et al. (2024) are categorical that the speed and intensity of AI adoption vary significantly depending on the level of technological maturity, funds and availability of digital infrastructure within an organisation. This trend is reflected in the secondary findings. Although large OEMs are developing into large-scale AI use, a large share of automotive firms within the larger industry are in pilot or proof-of concept phase, and the gap between larger corporations and small suppliers continues to expand, instead of shrinking.
These adoption trends can be viewed through the prism of the Technology Acceptance Model presented in Section 2.6 based on Na et al. (2023) and Davis (1989) which offers especially effective theoretical perspective. The perceived usefulness and ease-of-use constructs of the model contribute to the fact that bigger companies with high levels of digital literacy have already developed more, and resistance continues in cases where employees and managers do not know the value of the technology. The results substantiate the challenge levels of organisational resistance based on such perceptions is a real issue in the Indian automotive industry, and TAM offers logical framework that adds to the richness of interpretation of the thematic data.
The literature also has robust theoretical claims on various dimensions on whether it affects performance or not. Ismaeil (2024) points out that AI decreases the level of human error and speeds up the work processes. According to Howard (2024), machine learning algorithms can significantly enhance the quality of demand forecasts. According to Shil et al., (2024), some of the main cost reduction mechanisms are route optimisation, warehouse automation, and predictive procurement. The article by Isaid et al. (2024) presents AI as a member of supply chain agility using the SCOR model. Both bodies of evidence are credible, with each version having corresponding support in the secondary findings that note visible maintenance cost reduction, uptime of the plant and the efficiency of coordinating the supply chain of Indian automotive firms.
The literature discussion of challenges is also properly supported. The implementation cost is high, data quality is constrained, there is a shortage of talent, organisational resistance and incompatibility of the legacy system manifest themselves in the real world through the challenge with scaling AI past pilot projects in the Indian automotive industry. The GIGO by Thirunagalingam (2024) rings especially deafeningly in the Indian setting, where supply chain information is often found in disjointed and incompatible systems among procurement, production, logistics, and sales operations. The evidence in the framing of AI as an instrument of customer responsiveness, being a resilient supply chain, and within Industry 4.0 integration presented in the literature is validated by the findings that Indian automotive companies are using AI to counter demand variability, forecast supply disruptions, and integrate into a networked manufacturing and logistics system.
Another insight that can be made based on this synthesis is the fact that adoption of AI within the Indian automobile supply chain is moving more toward both isolated functional gains, and ecosystem-scale change. Instead of defining AI in the context of single processes, such as forecasting, inventory management, it is slowly becoming possible to integrate across procurement, production planning, logistics coordination, and after-sales services. This signifies the shift of operational gains in efficiency to the strategic supply chain redesign, whereby data flows and decision making processes are being interrelated and automated. This change is specifically pronounced in the just-in-time production setting, where coordination between the suppliers and the manufacturing firms takes centre stage towards ensuring that production flows as intended.
Moreover, the role of AI adoption and sustainability issues is where a new theme is developing and is only partially covered in the extant literature but becomes more tangible in practice. Although past research is mainly focused on efficiency and cost saving, the results indicate that Indian automobile companies are starting to look at how AI can help them in waste reduction, optimising fuel usage in the logistics, and energy savings in the manufacturing process. It means that the AI role is now extending further beyond traditional performance measures, to incorporate the environmental and sustainability issues concerned and is in line with the trend in global supply chains transformation.
[bookmark: _Toc230170620][bookmark: _Toc231379897]5.2 Literature Review to Research Themes and Objectives
The literature review is crafted around the three research objectives and the three research questions, with each big piece of Chapter 2 addressing each theme in the thematic analysis.
The first research objective - that the level of AI implementation in supply chain functions of car companies in India has been studied - is partially achieved by the Literature Review Sections 2.1 and 2.2. The first section, 2.1, sets up the defining concept of AI in the context of supply chain management, based on the definitions of Toorajipour et al. (2021) and Sharma et al. (2022), of what the concept entails in a supply chain setting and critical areas of its application. Section 2.2 uses this background particularly to the Indian automobile environment relying on Sharma and Singh (2024), Pillai et al. (2022), and Danach et al. (2024) to record how and to what extent AI is being adopted in the Indian automotive supply chain processes. Combining these sections support Theme 1 in the thematic analysis, and the theoretical proposal of adoption being localized around certain functional areas and changing dramatically with the size of the firm directly influences the interpretative paradigm used to interpret the results.
Section 2.3 and sub-sections are devoted to the second research objective, which is to determine the influence of AI on the supply chain performance. Based on the operational efficiency of Ismaeil (2024) and Mohsen (2023) and the cost reduction of Howard (2024), the quality of decision-making offered by Shil et al. (2024) and Khan et al. (2024), agility of the SCOR model, and the quality of decision-making provided by Isaid et al. (2024) and the SCOR model, the section presents the multi-dimensional evaluative framework against which the performance effects with recorded results in the findings are projected. The following sub-sections are those that support Theme 2 and answer the second research question.
Section 2.4 and 2.5 both focus on the third research objective the challenge and opportunities. Section 2.2 utilises Kejriwal (2022) to find financial barriers, Thirunagalingam (2024) to data quality, Babashahi et al. (2024) to talent shortage, Amin et al. (2025) and Najari et al. (2025) to organisational resistance as supported by TAM, and Arora (2025) to fitting the new system with legacy systems. Section 2.5 builds on Iyelolu et al. (2024), Alhosani and Alhashmi (2024), Regona et al. (2022), and McElheran et al. (2024) to position AI as a tactical facilitator of customer responsiveness, resilience, and manufacturing integration. Collectively they support Theme 3 and answer the third research question.
Section 2.6 Technology Acceptance Model acts as a cross-cutting theoretical prism to all the three themes, to allow interpretation of the study not just to deal with the structural and financial aspects but also to take into consideration the attitudinal as well as behavioural aspects by which individuals in organisations use the new technological aspects.
[bookmark: _Toc230170621][bookmark: _Toc231379898]5.3 Discussion on Findings
· The thematic conclusions of Chapter 4 can show a field that is undergoing change on a large scale - one where a lot of work has been done but where the road towards complete AI adoption is not smooth and is still influenced by structural injustices.
· Regarding the initial theme, that is, AI adoption, the results affirm that large OEMs have acknowledged AI as a functional requirement and thus reacted by huge investment and deployment initiatives. The fact that AI is being explored as a truly integrated operational approach at Tata Motors, Mahindra and Mahindra, and Maruti Suzuki via its demand forecasting, warehouse management, predictive maintenance, quality control and logistics optimisation proves that demand forecasting is not the sole aspect artificial intelligence is being explored in relation to. Nevertheless, the results also reveal a highly disproportional adoption situation. 
· The high concentration of AI implementation with non-stronger tier-2 and tier-3 suppliers has been quite contrasting as most of the large well-capitalised OEMs are implementing AI. This difference is also of great importance since the automotive supply chain of India is very well integrated and the output of the whole system relies on the functioning of all levels. Assuming that AI adoption is kept at the top level, but the bottom of the chain still has its old fashioned systems running means that the increase in efficiency at the OEM level will be partly compensated by the upgrades in efficiencies that appear even lower in the hierarchy. This structural challenge is indicated by the observation that the percentage of automotive companies at proof-of-concept levels is substantial and is indicative of the necessity of targeted ecosystem-level approaches to spread AI implementation throughout the entire hierarchy of supply chain. The provision of public investment using the PLI scheme is a valuable lever, yet the flow of its privileges to smaller suppliers may not occur in equal measure, indicating an aspect of policy to which stakeholders would need to respond.
· The results on the second theme, which deals with the performance impact, show a generally positive picture. Predictive maintenance and resulting decreases in maintenance costs, enhancement in plant operating, and decreases in scrap and waste are valuable competitive advantages in high volume, margin sensitive automotive production. 
· The results regarding accuracy of the forecasts are especially high in the context of India, where the demand is typified by high regional diversification, seasonality’s, and macroeconomic sensitivity. The possibility of AI-based predictive models to jointly consume various streams of data and continuously refresh forecasts is a qualitatively different way to manage demand and cannot be matched by traditional solutions. 
· The agility dimension is also critical because the automotive supply chain in India is often affected by the disruptions, such as monsoon-induced delays in the logistic process and the lack of components, which demand quick and coordinated reaction. AI-driven real-time visibility and risk notification is a tangible area of improvement in the sector in its ability to proactively address disruption rather than re-actively. 
· The increasing importance of Generative AI in product development, process optimisation and customer interactions further indicates a future where AI has a larger role not just in the efficiency of operations but also in strategic innovation. Concerning the third theme, which is all about issues and opportunities, the results demonstrate a domain of true multifaceted Ness. The obstacle posed by finances is very real and tangible, especially by small businesses whose expenses to implement the software, hardware, cloud environment, human capabilities and change management may well be debilitating. The talent issue is directly connected to the talent challenge, but it remains different: even companies that can afford investing in it face the inability to recruit and retain highly skilled professionals to introduce and continuously advance AI systems, especially at level 2 and level 3 where remuneration is less effective. It is perhaps the humanly resonant aspect of the analysis that finds the finding about the organisational resistance. 
· The adoption of AI entails individuals whose abilities, functions, and professional sense are under attack by technological transformation, and the anxiety of employee of being replaced by technical devices is truly limiting the integration of AI in the industry. The findings indicate the need for effective change management, open communication, and plausible reskilling pathways, which are key elements of successful AI adoption strategies that the findings do not show universality yet.
· In addition to these three central themes, it is important to note that the Indian automobile supply chain is currently experiencing a slow shift in how AI is applied, largely focusing on partial functional enhancement, and more on a system-wide change when it comes to the Indian supply network. Instead of a particular set of functions like forecasting or inventory management, AI is becoming integrated into the processes happening across various levels, particularly procurement, production strategies, logistics operation, and after sale services. 
· This is representative of a trend to digitisation of the supply chain at an ecosystem scale where data streams are becoming increasingly continuous and synchronised in terms of decision making across organisational boundaries. This kind of integration is especially essential in the world of just-in-time manufacturing, where any delays or inefficiencies in a single part of the chain may have tremendous impacts on the stability of the entire production process.
[bookmark: _Toc230170622][bookmark: _Toc231379899]5.4 Comparison with Literature Review and Secondary Findings Discussion
· The juxtaposition of the literature review against the secondary findings unveils a relationship with a predominantly convergent character, along with significant extension and a smaller number of significant divergences.
· The convergence is high on AI adoption trends. The areas of demand forecasting, inventory management, operations at warehouses, and quality inspection that have been identified in the literature as the main areas of AI application directly translate into the deployment strategies of the significant Indian OEMs. The argument offered in the literature that adoption rates differ greatly depending on the size of the firm and its available resources is also well supported by the record of the adoption variation between the OEM level and suppliers level demonstrated in the literature. 
· The results do not refute the theoretical assertions of the literature but substantiate them with specifics of firms that cannot be offered through the generality of the literature itself. The contribution of findings beyond the literature is in their description of ecosystem dynamics. The adoption phenomenon is more likely to be seen as one at the firm level, yet the results show that it is essentially a system-level difficulty in the automotive industry.
· The result that AI investment at the OEM level fails to cascade to supplier-level adoption indicates that there is a problem of coordination within the entire supply chain, which is not comprehensively predicted by the backoff-firm-financial-centric perspective of the literature and can usefully contribute to the theoretical discussion.
· The convergence is high on factors of performance objectives on all five dimensions. Nevertheless, the results also indicate that AI investment and performance improvement do not necessarily go hand in hand. The observation that much percent of companies who invested in AI have not yet stepped to the full scale commendable earnings indicates that investment is not sufficient but should be made. The reviewed literature does not address the organisational, infrastructural, and human factors that mediate the translation of AI investment to performance outcomes in a systematic way, which is an area of lack that the findings shed light on. 
· Treatment of the improvement in forecast accuracy in the literature has its theoretically compelling themes on a global plane with the results illuminating a layer of structural complexity in India automotive market and its geographically diverse market landscape, which the literature does not overemphasise. The variety of the Indian consumer market and the fact that the demand is highly sensitive to local economic factors makes predictions a problem that would not be fully suited to be tailored to forecasting by the globally trained AI models.
· The findings provide a valuable texture on the relatively general characterisations of the literature on challenges. On the financial barriers, the literature rightly points a high cost of implementation as one of the main barriers, but the results show the issue is not merely about absolute cost but about the allocation of AI investment down the supply chain ladder, and the uncertainty regarding the payoff on the investment. The implementation of the GIGO principle in the literature is appropriate but not developed on the issue of data quality in understanding why issues seem especially acute in India. 
· The absence of interoperability between systems and the incompatibility of data capture processes between different levels and the lack of historical investment in data governance are not only institutional factors that make the issue of data quality in India qualitatively different than other technologically mature settings. On talent shortage, the findings introduce a distributional aspect to the literature that is not comprehensive enough: the shortage is felt most of all at lower levels of the supply chain whose compensation systems and growth prospects are the worst of all, indicating that sector-wide talent development programmes are necessary in addition to firm programmes.
· The literature and findings overlap particularly on opportunities, however, a focus on Generative AI as a new high-impact application category in the findings is a significant extension of the literature schema. The literature reviewed, which was mostly founded on the scholarship prior to the actual commercial use of GenAI, does not cover in any detail its potential efficacy in reshaping design, customer interactions, and decision-making in the sphere of automotive supply chains. 
· The fact that active GenAI is being invested in and that ambitious productivity estimates are being documented in the findings is an indication that the literature is just but theorising at the frontier of the application. On incompatibility of legacy systems, the results provide an empirical angle by recording that Indian automotive firms are starting to devise hybrid-integration strategies - step-by-step interlinking existing legacy ERP system with cloud-based AI systems by gradual modernisation - which the literature does not theorise. These new lines are promising directions in new academic research.
· Overall, the comparison confirms the theoretical and empirical applicability of the theoretical framework on which this research was based and demonstrates significant points by expanding on and proving useful to the arguments expressed by the literature. The interaction between theory and evidence is not that of straightforward confirmation but rather of fruitful discussion that adds to the comprehension of AI as a disruptive force at the Indian automotive supply chain and the areas that would be better addressed in future research through a more systematic method.
[bookmark: _Toc230170626]Summary
Altogether, it is possible to note that the integration of AI into Indian automobile supply chains is developing but is very uneven, with the great performance advantages between large OEMs and smaller suppliers. The analysis also outlines key barriers and opportunities where the combination of AI and the ecosystem, building capabilities, and future-oriented research would be crucial in supporting a sustainable transformation process driven by AI.



[bookmark: _Toc230170627][bookmark: _Toc231379900]6. Conclusion
This paper has explored the adoption of Artificial Intelligence in the supply chain operations of Indian automobile companies in the context of three research objectives, which are determining the level of adoption, the performance effects, and discussing challenges and opportunities it introduces. The general finding is that AI began to be more of an experimental technology into a strategic operational need by the Indian automotive companies when it aimed to achieve competitiveness in a highly complex and demand-based sector. Major producers have decisively shifted towards an organised implementation of AI in the areas of demand forecasting, inventory management, warehouse automation, predictive maintenance, and optimisation of logistics. Nevertheless, this change is extremely lopsided. Tier-2 and tier-3 still lag considerably far behind big OEMs, limited by funding restrictions, skills, and outdated infrastructure. This adoption gap is a systemic weakness, as the effectiveness of the whole supply chain network relies on the digital capacity of all the participants of that network and not just those at the top. The Technological Acceptance Model has been an effective theoretical construct used in the study, as it shows that perceived usefulness and perceived ease of use are predictors of adoption behaviour, and that technological readiness by itself is inadequate unless similar funding is given to organisational capability and human readiness.
Another major finding of the paper is that the performance advantages of Artificial Intelligence are best achieved when the adoption is coupled with the organisational alignment and consolidation of data within the chain of supply network. Accurate predictions, cost-effectiveness, operational flexibility and predictive maintenance increase has been observed in companies that have managed to convert AI into end-to-end operations instead of single functional units. The study however shows that such gains do not come automatically and they strongly rely on the quality of data infrastructure, cross system interoperability and how organisations can act on AI generated insights in time. This further supports the opinion that AI can be seen as a facilitating potential in a larger digital ecosystem and not as a lone solution.
Moreover, the paper notes further that the future path AI will take in the Indian automobile supply chain will depend on its ability to handle the environmental structural and humanistic barriers. Finance, skill deficits and organisation resistance have been a great limiting factor especially to small suppliers working in cost sensitive business environment. Simultaneously, new possibilities, like Generative AI, more powerful predictive analytics, and further Industry 4.0ization, indicate a high possibility of further change. Going forward, the competitiveness of the sector in the long run will require effective primary cooperation among industry stakeholders, policymakers, and technology providers so that AI implementation at a higher level of inclusiveness and scaling can be achieved to meet all levels of the supply chain.
[bookmark: _Toc230170629][bookmark: _Toc231379901]6.1 Linking with Objectives
The initial aim was to assess the level of AI implementation in the Indian car supply chain. The researchers conclude that the adoption is developed and deeply integrated among leading OEMs, including machine learning-based prediction, robotized automation, and a quality check based on AI. Nonetheless, implementation levels decline significantly in the lower levels of the supply chain, and this confirms that some gains are being made, but at a systemic level. The second was to determine the influence of AI on the performance of the supply chains. The analysis also establishes consistent evidence of quantifiable gains in operation efficiency, forecast clarity, reduction in cost, agility and quality of decision making. Predictive maintenance has been used to minimize unplanned downtime, model after model of machine learning has enhanced the accuracy of demand planning, and real-time monitoring has enhanced the ability to respond to disruption. The results confirm that investment in AI can be converted into a reality of competitive advantage in the event that implementation is successfully adopted. The third goal aimed at investigating challenges and opportunities. The research questions persistent barriers to high implementation costs, fragmented data, shortage of skills, organisational resistance, and incompatibility with old systems, and, at the same time, customer responsiveness, resilience in the supply chain, Industry 4.0 integration, and transformation of productivity are recognised as key strategic opportunities. Companies that make investment in organisation preparedness and technology adoption are those that are best placed to attain these opportunities.
[bookmark: _Toc230170623][bookmark: _Toc231379902]6.2 Research Limitations
This paper solely uses appropriate evidence such as scholarly publications, industry research reports, and market espionage reports. Whereas this allows the wide and methodical study, it excludes the actual empirical work with the practitioners in the Indian automotive companies whose personal insights would provide a valuable detail on the scene (Mantelero and Esposito, 2021). Moreover, an existing body of academic knowledge regarding the use of AI in the Indian automotive supply chain setting is comparatively scarce and will have to be approached with significant care as far as implementing the globally framed case into the national specifics of India is concerned. The fast-changing dynamic of both AI technology and industry practice implies that certain data and predictions can change considerably in the nearest future and that the conclusions used equally represent the state of knowledge at the moment of writing instead of a stable image forever.
[bookmark: _Toc230170624][bookmark: _Toc231379903]6.3 Future Implications
There are several directions that can be outlined as priorities of future research and practice. The main empirical research that would involve working with the supply chain experts of companies in the Indian automotive industry would contribute significantly to the current research on AI implementation, control and optimisation at the operational level. Qualitative study into the nature of organisational resistance and change management practices, and the human aspects of AI transition, would fortify the highly structural analysis that secondary data would facilitate (Kassa and Worku, 2025).
The introduction of Generative AI as a fast-growing technology is one of the frontiers that further research should concentrate on because academic knowledge has not been up to date with the commercialisation of this technology in the automotive supply chain. A study analysing the implementation of GenAI by Indian companies in the automotive sector in design, procurement, and customer interactions, and what results this generates, would not come at an inopportune time. The next research field of interest in the future is development of longitudinal and cross-country studies which trace AI adoption at various levels of the automotive supply chain over time. These types of studies would assist in building up the maturity of the adoption process, benefits achieved at levels in organisations and the effects of externality variables in the implementation process, which include policy intervention, infrastructure development, and the development of technologies (Park and Choi, 2019). This would enable researchers to differentiate between short-term efficacy gains and long-term strategic change, thus give a stronger glimpse into the long-term effects of AI on the performance of supply chains in the Indian setting.
Lastly, subsequent studies ought to focus on the adoption of AI as an ecosystem-wide and not just a firm-level phenomenon to address how adoption decisions and capabilities at one level of the supply chain can affect the adoption or capabilities of other levels. This systemic view is not common in the literature and is a significant theoretical gap that needs to be filled in further literature in order to enable further development of what one could call genuinely comprehensive models of AI-driven supply chain transformation.
[bookmark: _Toc230170625][bookmark: _Toc231379904]6.4 Recommendations
· In the case of large OEMs, the main recommendation is to spread AI capability development on purpose throughout their supplier ecosystems as opposed to making AI adoption a firm-level priority per se. As the performance of supply chain is determined by the coherence of all the layers, when OEMs invest pivotal effort in digital preparedness of their suppliers, they are ultimately providing the resilience of their operations at the same time (Durugbo and Al-Balushi, 2022). 
· Organised knowledge-sharing programmes and collaborative data infrastructure along with supplier-facing AI training initiatives would play an important role in the bridging gap in adoption, as observed in the current study (Raina et al., 2025).
· Incremental adoption strategies can be adopted in place of extensive transformation efforts by smaller automotive suppliers. Starting with applications that have easy access and high value, like in demand anticipation or inventory control, creates internal AI literacy and data governance capacity that will be subsequently demanded by more complex applications (Broekhuizen et al., 2023). 
· Basic investment into the data standardisation and system integration must come before or in parallel with the AI technology investment, as the quality of AI outputs is solely determined by the quality of the data inputting them.
· To convince policymakers, industrial incentive schemes should relook into the scheme to ensure that suppliers of lesser magnitude are given more of the ready to take instead of putting the benefits at the OEM level. The distributional inequalities in AI adoption that this paper finds are the most challengeable systemic problem the automotive industry faces, and would be ameliorated through subsidised training programmes, tax incentives towards adoption among tier-2 and tier-3 firms, and national talent development initiatives that cater to the needs of the automotive industry (Huang, 2024).
· Change management should be a key component of AI adoption strategies that should be prioritized by the supply chain managers as opposed to a secondary issue. Openness in terms of communicating the role of AI in the organisation, plausible reskilling initiatives, and well-proven implementation strategies, which engage employees in the game, are the keys in defeating the resistance that the evidence has continuously pointed out as the biggest detriment to the realisation of the full potential of AI (Sathana Priya et al., 2024).
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