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Abstract 

The automotive industry in the electric vehicles (EV) sector has been moving towards customization and 

small-batch production to respond to consumers' demand for custom vehicles. The way current cost modeling 

fits into the situation of tailored or small-volume automotive motors complicates the cost estimation and 

cannot be surmounted using traditional methods since the difficulty lies in the complex and variable parts of 

the automotive application, which traditional methods of handling cannot alleviate. This paper aims to 

evaluate the use of Artificial Intelligence (AI) and Machine Learning (ML) to model the costs of automotive 

motors and assess their ability to predict cost variability and risk introduced by existing complexities. The 

study also examines these approaches' accuracy, efficiency, and scalability relative to traditional cost 

modeling techniques. The authors of this study offer a direction toward getting a future cost modeling 

accuracy that is neutral to the underlying code. They analyze how AI can perceive and defeat challenges 

related to the supply chain, such as disruptions and volatility of prices, among others. All corresponding 

results demonstrate that AI models outperform conventional methods in terms of accuracy, efficiency, and 

scalability, particularly for large datasets and motor designs that contain variables. Individuals and 

companies may use AI models to make predictions (and thus improve decisions) about cost fluctuations. At 

the end of the paper, AI-based collaborative cost modeling, motor design optimization, and predictive 

analytics of commodity price fluctuations are viewed as future research recommendations. These 

advancements bring forth several benefits, which further aid in improving cost estimation and production 

processes, making them more efficient and less expensive in the automotive industry. 

Keywords-AI-Based Cost Modeling, Machine Learning (ML), Risk Mitigation, Customization, Supply Chain 

Disruptions 

1. Introduction 

1.1 Background 

Technological advances and shifting consumer preferences are driving this change in the automotive industry. 

One of the central aspects of this shift is attaining an increasingly significant role in customization and low-volume 

production, primarily in the electric vehicle (EV) domain. Within this context, automotive motors play a significant role in 

performance, efficiency, and industry-leading electric vehicle innovation.  As motors become more and more customized 

and unique, the associated challenge of cost estimating these motors also increases. The mass-produced motors look 

entirely different from customized or low-volume motors, which are not standardized, from design to materials to 

manufacturing processes. Therefore, the traditional cost modeling methods are less accurate and reliable at making accurate 

and reliable cost predictions in such a variable situation. It is rarely that history-based data, fixed assumptions, and industry 

standards alone can explain the intricacies of custom or low-volume production. These models are complex to 

accommodate changes in material costs, new manufacturing processes, and design specifications, which are typical in the 

automotive industry and are more familiar with EVs. Since these dynamics are complicated, they show the necessity of 

more sophisticated methods dealing with them. 

The intricacy of cost estimation for customized or low-volume automotive motors necessitates the development 

of more adaptive and dynamic models. Traditionally, researchers can have cost techniques such as activity-based costing 

(ABC) and parametric modeling. However, both are severely constrained in dealing with the variability and unpredictability 

of low volume or serial production. These traditional methods are not scaleable because they cannot cover the dynamic 

change of the market conditions and the complexity of supply chain variables. The procurement process adds further 

complications to the risk involved in cost estimation. Supply chain disruption, price fluctuation, and market uncertainty 

make accurate cost prediction difficult in the automotive motor supply chain. Although these risks could generate 

significant loss unless adequately considered in estimating the costs, more robust and flexible forecasting tools are required. 

This study aims to introduce artificial intelligence to tackle the issues of classic models used for automotive cost 

modeling in the automotive industry, especially for customized and low-volume automotive motors. The primary purpose 

of this thesis is to: 
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1. Investigate how AI can handle the complexity of cost estimation for customized or low-volume automotive 

motors. 

2. Explore the use of machine learning algorithms to forecast cost fluctuations based on market trends, commodity 

prices, and supplier data. 

3. Compare the accuracy, efficiency, and scalability of traditional cost modeling methods with AI-driven approaches. 

4. Examine how AI can identify and mitigate risks in the procurement of automotive motors. 

This study focuses on applying AI and machine learning to cost modeling an electric automotive motor in a 

customized and low-volume production scenario. The work reviews technology and industry trends in the automotive 

industry, and its geographic location is in the global automotive market, with a focus on EV manufacturers and suppliers. 

Several limitations will impact the scope of this study. A significant problem is data limitations, as production processes, 

supplier performance, or cost structures often find it hard to obtain accurate and complete data for them. Assumptions about 

the model may also limit AI model training phase results. The study also recognizes that cheap, accurate implementation 

of AI-based mathematical modeling costs huge infuse in data infrastructure, which might not be affordable for all car 

producers and tiny companies. The robustness of the AI models developed among the models in this study is restricted by 

the constraints of the model training, including lack of historical cost data and lack of a diversity of motor designs. 

2. Literature Review 

2.1 Traditional Cost Modeling Methods 

Activity-based Costing (ABC) and parametric cost estimation are well-known cost analysis methods and 

traditional cost modeling methodologies. ABC assigns overheads and indirect costs by allocating them to activities or 

processes based on the actual resources consumed. Parametric cost estimation is based on historical data and generates cost 

estimates depending on different mathematical relationships and formulas. Both methods are based on historical data, the 

assumption of the production process, unit labor, and materials (Leszczyński & Jasiński, 2020). 

Though commonly utilized, these traditional methods are severely constrained in various customized or low-

volume scenarios, an everyday occurrence in the automotive production field. Under such conditions, design specifications, 

manufacturing processes, and materials variability may cause deviations from previous cost patterns. An example would 

be small-scale or specialized production runs leading to higher unit costs as economies of scale cannot be realized. The 

cost structure is not easily accounted for using traditional methods as it does not consider dynamic market conditions or 

technological advancements. Present-day manufacturing has become more complex, and it is argued that more 

developments are necessary due to more adaptive and flexible cost modeling requirements that include the complexities of 

modern and customized manufacturing. 

 

Figure 1: Comparison of traditional calculation methods and activity-based costing 

2.2 AI and Machine Learning in Cost Estimation 

Artificial Intelligence (AI) and Machine Learning (ML) provide a good possibility to counter these challenges of 

conventional cost modeling methods. They can process big data and find and make highly accurate predictions from 

complex patterns. AI and ML can serve as useful tools in cost estimation for automotive motors by accounting for a wide 

range of factors that affect the cost (design spec, material cost, labor, and whatever other manufacturing process is used) 

that are difficult to model in the existing methods (Chavan, 2023; Smith & Johnson, 2020). 

The second method is mainly implemented by machine learning algorithms, such as regression models, decision 

trees, and neural networks that, through past data, learn and gradually get better at estimating cost predictions. AI can adapt 

to new conditions, take real-time data, and input those cost data into live estimates (Mehmood et al., 2019). For example, 

AI can accurately predict material cost fluctuations while impacted by market trends and estimate the effect of design 
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changes on total production cost. Since custom designs and small production volumes are commonplace in some industries 

(automotive manufacturing), this flexibility in implementing AI-based cost modeling is ideal. 

AI can offer more accurate cost predictions of a new product’s design when looking at a wider selection of 

variables than historical trends since this capacity allows more reliable budgeting and planning, the risks of cost overruns, 

that is, of the unavoidable ‘eventual cost variances,’ from traditional cost estimation practices are reduced. Its capability to 

process data from many sources, such as supply chains, trending markets, and production planning, helps automotive 

manufacturers have innovative cost management and effective operational efficiency. 

2.3 Risk Mitigation in Procurement 

Risks abound in the procurement of automotive motors, especially when a low volume or custom design is 

involved. Supply chain disruptions, price volatility, and demand volatility are among these (Pellegrino et al., 2019). Risks 

not accounted for in traditional cost estimation methods are consistently underestimated, well overspent, or fail to 

materialize. One of the benefits of AI is that it can instantly provide real-time market insight to help mitigate such risks by 

tracking the trends regarding the market, supplier, and any external information that influences the availability and price 

of the materials to be delivered. 

AI systems analyze historical data and market signals to uncover patterns and predict disruptive events. For 

example, AI models can predict future price rises due to commodity market trends or supply shortages resulting from 

geopolitical factors or natural disasters (Chavan, 2022; Lee & Kim, 2021; Raju, 2017). This predictive capability enables 

the manufacturer to preemptive procurement challenges, for instance, when there is a need to find alternate suppliers or 

adjust the production schedule to mitigate delays in procurement (Olaleye et al., 2024). AI can improve and increase the 

transparency aspect of the supply chain, allowing companies to verify the reliability of their suppliers and ensure that chalk-

hand-lined screening contractors meet their contractual terms and conditions. AI can help more robust and resilient supply 

chains, which are crucial in the face of growing complexity and volatility in global markets. 

2.4 Comparison with Other Industries 

AI and ML based on cost modeling have been applied to success in industries other than automotive manufacturing 

and have generated helpful hints for automotive manufacturers. One such is AI, which is used in aerospace to predict the 

production cost of highly customized and low-volume parts. Like all other manufacturing lines, the aerospace industry has 

to work with variable designs and variable production rates (Lim et al., 2016). Methodologies used in the aerospace and 

automotive industries can provide aerospace manufacturers with an insight into how to better employ AI in modeling the 

costs of their operations. 

The consumer electronics industry has adopted AI-based cost modeling to improve product prices and 

manufacturing processes (Singh, 2023). However, AI has been used to dynamically adjust the cost models with changes in 

raw material prices, labor costs, and demand fluctuations. The adaptability of AI in consumer electronics has enabled better 

efficiency in cost estimation to keep up with and compete with a fast-paced market. Such industries provide lessons 

applicable to automotive motor manufacturing, supply chain optimization, risk management, and real-time cost estimation. 

Looking at the success examples from aerospace and consumer electronics, automotive manufacturers can see how AI-

based models can be customized for their particular requirements. These industries provide valuable precedents of how AI 

can enhance accuracy, cost estimation, and procurement processes. It argues that similar ideas can be applied to automotive 

manufacturing to deal with customization and low-volume production. 

 

Figure 2: Factors to consider when implementing Cost Analysis of AI-Driven and Traditional costing Models 

2.5 Ethical Considerations in AI-Driven Cost Modeling 

The necessity of integrating AI into financial functions increases while it offers many benefits in cost estimation 

and procurement. There are some serious ethical issues to consider in the automotive industry. The biggest problem is 

algorithmic bias, and if not enough or a representative array of production cases is used to train AI models, then this will 

potentially become one of the biggest problems. AI models of this sort are conditioned just as much on low-volume and 

customized designs as they are on high-volume production runs (Kumar et al., 2023). This would cause biased cost 
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predictions favoring some suppliers or production methods. Data privacy is another concern. Most of these models depend 

on collecting (and analyzing) sensitive data, such as price history, supply chain performance, and proprietary market 

information. The interests of manufacturers and suppliers must be protected, and those data must be handled securely and 

in compliance with privacy laws, like the General Data Protection Regulation (GDPR) in Europe. 

Transparency is also a critical topic when using AI for cost modeling. AI systems can be "black boxes" decisions 

that are hard to explain. A definite lack of transparency in generating cost estimates or procurement recommendations can 

erode trust in an AI-driven decision-making process if stakeholders do not know how. To minimize the concerns 

surrounding the explainable gap, manufacturers should focus on producing explainable AI systems, which involve a 

straightforward 'high-level' decision-making process that human operators can justify. AI implementation in cost modeling 

could impact employment in the automotive industry (Javaid et al., 2022). As AI tools become more capable of automating 

decision-making processes, there will be a reduced need for human intervention in tasks such as manual estimation of cost 

and procurement negotiations. This calls into question the fate of displaced jobs and the responsibility of manufacturers to 

transition exhausted workforces socially and economically. 

AI and ML can play a role in reducing the costs of cost modeling in the automotive industry for motor production 

to low or customized levels. Such technologies can overcome the limitations of conventional methods in that they will 

provide more exact, flexible, and scalable cost estimates compared to what they have had in the past. AI's capability to 

predict risks and enhance the procurement process can be a great differentiator in a market of increasing complexity and 

volatility. However, ethical considerations like rationality (bias), data privacy, and transparency should be considered 

carefully when deploying AI towards the industry as a whole, not just for its effective working, but the implementation of 

the same must be done ethically and inclusively (Klaassen, 2024). By adopting lessons learned from other industries and 

pursuing ethical computing, automotive manufacturers can realize the full return of cost modeling enabled by AI to 

maximize operations efficiency and reduce risks. 

3. Methodology 

3.1 Data Collection 

In order to have a well-defined, robust, and diverse dataset, the data for this study was collected from different 

sources. Automotive manufacturers, suppliers, and market databases were key sources for complete information on motor 

designs, material costs, processes, and broader market trends. The automotive manufacturers contributed valuable motor 

design parameter data concerning motor specifications, required materials, and production methodology (Yilmaz, 2015). 

Supplier data on cost structures, material sourcing, and all market prices provided information on price fluctuations and 

sourcing challenges. A high percentage of raw market data came from market databases that gave information about the 

more considerable extent of industry trends like the supply chain dynamics, economic factors, and evolving technologies 

that influence motor manufacturing and cost estimation. 

The dataset covers a variety of customizations and a wide range of production volumes to enable the model to 

generalize to various production scenarios. For example, the data comprises high-volume, standardized production and a 

differentiating focus area of this study, namely low-volume, customized, or bespoke manufacturing. Estimating costs 

removes the complexity of the interplay of design, material costs, and market trends by considering a wide variety of data 

across different stages of the production process. 

3.2 Machine Learning Algorithms 

Various machine learning (ML) algorithms are used to build cost estimation predictive models. The first term 

refers to their ability to match the dataset’s complexity and the cost estimation process requirements for highly customized 

automotive motors. 

• Linear Regression: This application initially implemented this algorithm to create rough estimates of the above cost 

using historical data and determining linear combinations of these various input factors (material costs, design 

specifications) to the cost (Kumar, 2019). To give them a point of comparison against more advanced models, they 

used the baseline linear regression model to make simple and interpretable predictions (Elshawi et al., 2019). The 

linear regression was simple, but it added insight into how simple variables affected the motor cost and what a 

reasonable justification for more complex approaches. 

• Random Forest: It solves this by considering the inherent complexity of the cost estimation process using random 

forest algorithms. Random forests are ensemble models, a group of decision trees built to predict the output using one 

or more input variables. These models are appropriate for the nonlinear relationship or interactions between the 

different variables. Random forests take into account a broad band of things at once. Classical linear models made 

them capable of more accurate cost prediction, even if the relationship between variables is too intricate for classical 

linear models to handle. This model was selected to estimate more complicated costs; for example, the resulting cost 

can be calculated with the help of several variables (material types, motor designs, supplier histories). 
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• Neural Networks: Since neural networks can work with large datasets and nonlinear relationships, they were utilized 

for advanced cost forecasting. Deep learning models and neural networks can model highly complex patterns in data 

and, hence, are suited to scenarios where things vary a lot and there is a wide variety of interactions (Dargan et al., 

2020). The model used for cost estimation was particularly effective for estimating costs in situations with extensive 

and diverse datasets and capturing subtle patterns that linear regression and random forests may miss. Many of the 

neural networks were trained on plenty of data to learn accurately from past cost trends and predict future changes. 

 

Figure 3: Key Machine Learning Algorithms for Cost Prediction 

Each of these machine learning models had strengths and weaknesses regarding the difficulty of the cost 

estimation task. Random forests and neural nets outperformed linear regression more in challenging settings. 

3.3 Evaluation Metrics 

Three key evaluation criteria for evaluating the performance of the AI-driven cost model were accuracy, 

efficiency, and scalability. Researchers chose these metrics so that the models could better predict reasonable food costs 

while being efficient and easy for more enormous datasets to scale across. 

• Accuracy: Two primary metrics used to verify the model design included Root Mean Square Error (RMSE) and Mean 

Absolute Error (MAE). Experts compute MAE to determine how much error (or prediction error) the model has by 

the average absolute difference between the found value and actual cost values. RMSE is more sensitive to more 

significant errors, and this is particularly useful in finding a general model that is likely sensible but inclined towards 

significant and serious errors. This provided a comprehensive picture of the accuracy of each model and helped in 

selecting the model with the most accuracy for cost estimation. 

• Efficiency: All models were evaluated regarding efficiency and computational resources needed. This means 

considering the time on the training, RAM used, and CPU used to produce the cost predictions. Neural networks and 

random forests have sometimes been shown to be less computationally efficient than linear regression. Although they 

employ more resources, they are more helpful in handling complex datasets, which justifies their additional resources 

(Calder et al., 2018). Speed for updating and predicting the models with new data as more data becomes available is 

an additional measure of efficiency because cost factors swarm in dynamic production environments with variable 

rates of change of cost factors. 

• Scalability: Scaling was tested on even larger and more complex datasets using the models. In the context of auto 

motor manufacturing, for instance, variability in designs and manufacturing processes can be huge, and many potential 

datasets are readily available. The models were evaluated for how well they handled these by evaluating various 

production cases and larger data volumes. Researchers used the scalability tests to ensure that the models could be 

deployed in a real-world automotive manufacturing context with increasing data volume and complexity demand.  

3.4 AI Model Training and Data Preprocessing 

They also systematically trained their machine learning models with several important data preprocessing steps 

to ensure that such models were performing at their best. Several stages of data preprocessing (normalization, handling the 

missing data, and feature selection) are mandatory for making high-quality predictive models. 

• Training Methods: They used supervised learning and cross-validation to train the models. The third cost designations 

were labeled, and supervised learning was applied as the dataset was realized. This data was provided to the machine 

learning algorithms on which the models were trained and the label data on which the algorithm was trained. It also 

learns its association between input variables and corresponding costs. A different cross-validation approach is used 

to verify that the models do not overfit the training data and can generalize well to unseen data. 
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• Data Preprocessing: The data went through several preprocessing before training it. The values were then normalized 

to be scaled to the same range, making the data more mechanical for the model to process (Wu et al., 2018). Missing 

data constituted the second step, where researchers had to handle missing records, which could have biased or distorted 

predictions. This study uses several techniques for imputing missing data, such as mean imputation and nearest 

neighbor. The dataset was further reduced by feature selection to reduce the dimension of the dataset and remove the 

features that are either irrelevant or redundant to the model from degrading. 

• Data Quality: These used data were sourced from reliable manufacturers, suppliers, and databases, making them high-

quality and consistent. The data was subject to regular audits, with errors removed, and it accurately reflects the real 

world. Data integrity was maintained by rigorous validation processes, such as checking for inconsistency, duplicates, 

or anomalies. 

• After applying these data preprocessing techniques, these models were ready to make high-quality cost estimation 

predictions of automotive motor production with maximum data integrity and reliability. 

 

Figure 4: An Overview of Machine Learning in Data Processing 

4. Results and Discussion 

4.1 Accuracy 

Results indicate that the AI-driven cost models can accurately model performance, with Random Forest and 

Neural Network models being significantly better than Linear Regression cost models (Chavan, 2024). The Random Forest 

and Neural Network models, as testified in the tests, can handle complex and variable data, making them do better with 

lower Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). These models could tackle a variety of input 

variables concerning motor design specifications, material costs, and manufacturing variations (Loyer et al., 2016). This 

finding shows the power of AI to combat these issues brought up for custom or low-volume automotive motors where 

conventional methods tend to give inadequate estimates. As AI models are trained to better levels, they have more 

predictive power, which is always more precise, consistently more accurate, and even slightly more accurate. Third-party 

cost pricing of a car motor is critical in the automotive industry since even slight cost estimates of a unique car motor and 

niche will reflect a colossal monetary benefit (Brown & Davis, 2019). 

 

Figure 5: An Overview of Root-mean-square-error (RMSE) of the training and testing data as a function of the model 

complexity for three different ML algorithms: 

4.2 Efficiency 

The AI-driven models were more computationally intensive and cost more for development but made far more 

efficient use of the resources in the long run (Nyati, 2018). Traditionally, static assumptions are heavily used, with fixed 

data or excessive manual updates to keep up in the most recent cases. After training, it is possible for AI models to quickly 

process large sets of data and receive real-time updates on their predictions (Raju, 2017). Their capability to produce such 
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a light structure makes them particularly useful in dynamic environments to limit cost factors that may change quickly 

depending on price fluctuations of materials, production volume, or design changes (Yin et al., 2017). AI-driven models 

are figures that can constantly change and predict costs without human intervention and will take much less time to 

recalculate cost estimates, contributing to time and resource saving and overall operational optimization. These models can 

also deal with real-time changes in input variables like market trends or supplier performance, which is essential for 

producing up-to-date and precise cost estimates. 

4.3 Scalability 

Another huge plus of the AI-based cost model is scalability. Then, these models were tested against large datasets 

that describe numerous motor designs and manufacturing processes and could do so perfectly, even at the full complexity 

of the data. Compared to linear regression, the traditional cost estimation methods fell short of retaining their accuracy and 

efficiency when applied to larger or more complex datasets. It is natural to constrain traditional methods to what is 

accountable in warehousing, materials, motor designs, and production processes (Leng et al., 2021). As modern automotive 

manufacturing progresses with complexity and variability as critical factors, AI's ability to process massive amounts of 

data will seamlessly handle more comprehensive and heterogeneous data as a more appropriate tool. Since scalability 

enables manufacturing with AI-based cost models on a broader production case space, manufacturers are provided 

additional flexibility and adaptability in a dynamic market with many competitors. 

4.4 Risk Mitigation 

The application of AI in the cost estimation field concerning automotive motor procurement has been proven to 

be one of the most promising applications of AI. AI models that utilize real-time data supplied from suppliers, market 

trends, and historical purchasing patterns forecast to disrupt the supply chain and fluctuations in the price with a very high 

degree of accuracy. Manufacturers are provided with foresight, so they know what to purchase when to source it, how 

much to compensate for it, and how much to consider when planning capacity to prevent overpaying for materials or being 

short for pieces due to supply chain failure. AI-driven models can help find similar patterns in supplier behavior and 

material availability to predict price volatility and allow the companies to decide to lock in favorable pricing or adjust 

purchasing plans. Manufacturers now have additional preparedness in the form of AI, which can look at external factors 

such as geopolitical events or shifts in consumer demand that can affect the supply chain. It enables better coordination of 

actions and counter risks relevant to the automotive sector, hence protecting continuity in operations that are more 

unpredictable than those of the automotive sector (Sadrabadi et al., 2024). 

4.5 Sensitivity Analysis 

Loss testing was then used to assess how key variables, like production volumes or material costs, affect the 

prediction of AI-driven models. Using this analysis, researchers concluded that AI models are resilient to changes in input 

variables. Despite these changes, the models provided reasonable cost estimates, constraining only a few assumptions.  

This is a critical edge in the automotive industry, which is highly influenced by the cost structure, commodity 

price shifts, raw material availability, and other external factors (Kanike, 2023). While AI models can only make so many 

wrong forecasts, manufacturers can have more confidence in their decision-making processes and plans when they know 

they can adjust, including adjusting their production processes, based on the forecast. 

4.6 Industry Implications 

Impact on the Automotive Industry 

AI-based cost modeling will unlock at least 3 of the pressing problems that auto manufacturing has been staring 

at their face. Manufacturers can optimize their production strategies and realize significant reductions as more accurate 

cost predictions are allowed. With the help of AI, they can have a more precise pricing strategy based on actual production 

costs, including material wastage and labor costs, with the help of supply chain dynamics. This helps manufacturers to take 

advantage of the market by responding faster to changes and new trends. AI will also accelerate the development of more 

refined pricing models for vehicles with low volumes and low volumes of customers, making it more cost-effective and 

friendly. AI in automotive manufacturers' cost estimation process will boost operational efficiency, minimize waste, and 

provide attractive pricing for their products. 

Cost Implications for Consumers 

Apart from the manufacturers, the relevance of artificial intelligence-driven cost modeling reaches consumers. 

This can help manufacturers cut costs and reduce the cost of customized vehicles for consumers. As production costs 

decrease, it may be viable for the manufacturers to capitalize on savings in delivering the vehicle's performance at an 

affordable price. In the area of production, these efficiencies would translate into better value for money to the consumer 

on vehicle performance and customization options (Wang et al., 2017). AI technologies in automotive can be used for 

innovation, such as making vehicles cheaper, efficient, safe, and environmentally friendly. This work results indicate that 
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using an AI-based cost model is more efficient, accurate, and scalable and reduces the risk compared to traditional 

techniques.  

The automotive industry will flourish with AI as these are the ideal features of AI technology for customized and 

low-volume production. By decreasing procurement risks and increasing production efficiency, manufacturers can more 

accurately predict cost estimates when an artificial intelligence-based approach is adopted in manufacturing. Consumers 

will have lower-cost, higher-performing vehicles and more readily available customized vehicles. The future of the 

automotive industry looks promising, considering the continued integration of AI in cost modeling processes to innovate 

manufacturing practices and make production more sustainable and competitive. 

 

Figure 6: Benefits of AI in Automotive Industry 

5. Ethical and Legal Considerations 

As AI-driven cost modeling for automotive motors advances rapidly, these are ethical and legal considerations. 

Unique challenges come with AI and machine learning (ML) algorithms, which are increasingly featured in decision-

making processes (cost estimate and procurement). These are fairness, privacy, transparency, intellectual property, and 

regulatory compliance (Mbah, 2024). The risks from the ethical and legal points of view that AI poses in the cost modeling 

of customized automotive motors and what strategies can be employed to mitigate these risks are the subjects of this section. 

5.1 Ethical Implications of AI in Cost Modeling 

Bias in AI Algorithms 

When AI models are trained on historical data, the data used for training often does not represent the variation of 

possible production situations under which the models will need to operate (Karwa, 2024). This may engender bias in an 

algorithm, particularly in a cost estimation model, that incorrectly predicts cost and thus causes a condition that favors 

some suppliers, regions, and/or materials over others. Suppose the AI model depends heavily on data from various suppliers 

or regions. The costs estimated by the model will not reflect the diversity of the available options and will unfairly impact 

suppliers outside the scope of training for the model (Akter et al., 2022). That is why the developers must ensure that the 

data used for training AI systems are diverse and extensive to mitigate these risks. Additionally, transparency is key. 

Important decisions of AI algorithms should be transparently explained to the stakeholders, and procurement and cost 

estimation should be done transparently (Felzmann et al., 2019). By being ethical, all decision-making systems, including 

AI models, must be mandated to be audited regularly for bias and its discrepancies and have the mechanisms to resolve 

them. 

Privacy Concerns 

Cost models under AI's purview contain unreliable data collected from suppliers' pricing, market trends, or 

proprietary supplier data. While it was vital for these data to be accurate for the cost predictions, it raised ethical issues 

regarding privacy. Prices may be sensitive to exposure, and market trends may be even more sensitive to misapplication. 

All data shared or stored by companies needs to be supervised according to regulations such as the General Data Protection 

Regulation (GDPR) in the European Union. Security and confidentiality of the data handling procedures should be the 

number one priority, and there should be policies on data storage and access controls (Yang et al., 2020). If data is used 

transparently and (a) a commitment to ensure privacy is made, it also helps foster trust with stakeholders and reduce ethical 

concerns. 
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Table 1: Balancing Ethics and Innovation in AI-Driven Automotive Cost Modeling 

Ethical 

Consideration 
Explanation Strategies to Mitigate Risks 

Bias in AI 

Algorithms 

Historical data used for training AI may not 

represent all production scenarios, leading to 

bias in cost estimations, favoring certain 

suppliers, regions, or materials. 

Ensure that training data is diverse and extensive. 

Regular audits for bias, transparency in decision-

making, and proactive mechanisms to resolve 

discrepancies. 

Privacy Concerns 

AI cost models rely on sensitive data, 

including suppliers’ pricing, market trends, 

and proprietary information, raising concerns 

about data privacy and security. 

Adhere to privacy regulations like GDPR. 

Implement strict data storage and access controls, 

prioritize data security, and commit to transparent 

data handling practices to foster trust with 

stakeholders. 

Accountability 

and 

Transparency 

AI systems, especially those using machine 

learning, may operate as 'black boxes,' 

making it difficult to understand how 

decisions are made, which can lead to a lack 

of accountability in cost estimations. 

Establish clear accountability for AI-driven 

decisions. Ensure outputs are traceable to the data 

and models used, and provide transparent 

explanations to stakeholders. Develop clear ethical 

guidelines for AI-driven decisions. 

Impact on 

Employment 

AI automation in cost modeling may replace 

jobs requiring human labor, raising ethical 

concerns about job displacement. 

Offer reskilling programs or create new job 

opportunities in the AI sector. Companies should 

balance the use of AI with social responsibility 

towards displaced workers and ensure ethical 

considerations are accounted for in workforce 

planning. 

 

Accountability and Transparency 

With artificial intelligence (AI) systems, mainly those trained through machine learning, the intelligibility of the 

decisional process can be tough in some cases. One can refer to them as 'black boxes.' This lack of transparency can be a 

problem in translating this into cost estimation, which is the case that matters when making decisions that have a 

considerable impact, not just on suppliers but on people and stakeholders in the automotive supply chain. An important 

responsibility is the establishment of clear accountability for AI decisions. The outputs of an AI system must be readable 

and traceable to the data and models that drove those (Kilroy et al., 2023). There must be clear ethical guidelines for 

decisions driven by AI. AI models should be explained to stakeholders and will be used in ways that stakeholders should 

be well informed of. This is especially important when the decisions deviate from what may be considered the best path; 

for example, in cases where the decisions are challenged or lead to undesirable outcomes, human oversight and 

accountability help reduce any undue influence. 

Impact on Employment 

Integrating AI in the cost modeling processes may eliminate the use of some tasks that require human labor, such 

as manual cost calculations and procurement processes. Automation can be highly efficient, but there is an ethical issue of 

job displacement. Workers with tasks that the AI system replaces will be out of work or need retraining. This raises ethical 

concerns that companies have to deal with if they want to implement AI. They should think of how the implementation of 

AI affects the social side. Strategies for reskilling people or providing new jobs in the AI sector can mitigate their negative 

impact on employment. Only companies should consider the positive effects of utilizing automation while at the same time 

honoring their moral obligation to protect their workforce. 

5.2 Legal Considerations in AI-Driven Cost Estimation 

Intellectual Property (IP) Protection 

Such specialized cost estimation AI models in the automotive manufacturing industry may have proprietary 

algorithms and models. When companies develop AI systems based on proprietary data or algorithms, there are legal 

concerns about intellectual property (IP). In the automotive sector, there are patents for many advanced technologies, so 

companies need to make sure that their AI tools do not infringe upon existing patents or IP rights. Because of this, 

companies need to have IP ownership agreements clearly defined and begin trying to protect their proprietary algorithms 

(Sappa, 2019). It can be accomplished by securing patents on any used third-party technologies comprising its AI model 
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or third-party technology providers securing licenses for use on their AI models. It is important to keep regular audits of 

AI systems for IP compliance to avoid legal disputes. 

Data Ownership and Usage 

Data ownership and consent are also subject to legal challenges, mainly if companies collect the data from outside 

suppliers and third parties. It is important to avoid conflicts as they can only be established with clear, legally binding 

agreements on how data can be used, shared, and stored (Meyer, 2018). Data ownership, privacy rights, and rights of the 

consent agreements have to be dealt with to respect or comply with local and international data protection regulations, the 

GDPR. Establishing a clear set of policies in data handling can reduce legal risks, but stakeholders such as suppliers and 

customers will also be aware of how the AI will use the data to create cost estimates. 

Liability for AI Decision-Making 

This hotspot becomes more critical when AI systems err in making predictions or cost estimates, which can lead to 

financial loss or even discordance in the supply chain. In case an AI system has a severe impact because of an error leading 

to a consequential mistake, like a procurement failure or a red effect of costs, the overall responsibility of such an AI system 

needs to be clearly specified. One way to deal with this problem is to add strong error detection and correction mechanisms 

for this type of system. Sensible policies should also be drawn up, establishing liability in the case of error so there is no 

doubt over whether the developers, the users, or the AI systems are responsible (Fraser & Suzor, 2024). 

Regulatory Compliance 

With the continuing development of AI technologies, regulatory bodies might establish new standards and 

regulations on the use of AI applications, with the automotive manufacturing industry being one of the possible sectors. To 

be compliant with the continuously changing regulatory requirements, companies must know about these developments in 

AI. For example, AI-driven systems must be safe, data handling must be correct, and the system must work fairly and 

transparently (Olateju et al., 2024). To remain in compliance with legal regulations in AI technologies or even to avoid 

paying hefty fines is no longer considered a tough choice but has become a necessity. Companies must develop proactive 

responses to new regulations around ethics, safety, and fairness to ensure that the models used in AI activities abide by 

them. 

Antitrust and Fair Competition 

Things become quite a concern when companies use AI systems for cost modeling to offer better and more 

competitive products and services compared to the previous, resulting in a distortion of market dynamics. Consider, for 

example, if producers or vendors utilize AI to exchange intimate ordering information or in collusion with price estimation, 

it may not be fair competition and also would not break antitrust laws. Legal frameworks have to be built to govern the use 

of AI in competitive markets. Such frameworks should guarantee that AI technologies will not allow anticompetitive 

practices like price fixing or collusion to take root and flow in the automotive industry. 

 

Figure 7: Legal and Ethical Consideration in Artificial Intelligence 

5.3 Mitigating Ethical and Legal Risks 

Ethical AI Design 

Ethical considerations should have greater priority in the developers’ system design and deployment of AI 

systems. Developing transparent and explainable systems in developing AI systems that are fair/accountable for making 

decisions. Since introducing biases in the models leads to biased results, a policy should be set forth that ethics will ensure 

that important biases in the models will be prevented accidentally (Ntoutsi et al., 2020). It can also help ethical training for 

AI developers to guarantee that relatively ethical issues, such as bias and fairness, are carefully considered before designing 

an AI. 

Legal Framework for AI Usage 
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Since every company has its legal risks, it should contract a legal service to design an all-around AI framework 

for cost estimation to prevent any legal trouble. This framework includes meeting legal requirements, including those of 

intellectual property law, data protection legislation, and others. Under these standards and the law, such systems will be 

regularly audited. 

Stakeholder Engagement 

It is imperative to involve key stakeholders like suppliers, employees, and laws and regulatory bodies to mitigate 

ethical and legal risks. Trust develops in an AI system only when all stakeholders are in open communication and 

understand the risks and benefits that AI can provide before it is too late. 

 In developing responsible AI usage policies with input from all relevant parties, all ethical and legal concerns of 

all stakeholders can be addressed. AI presents a huge opportunity to transform cost modeling in the automotive industry, 

provided that ethical and legal factors are addressed (Weber-Lewerenz, 2021). By addressing inequality, privacy, 

accountability, intellectual property, and regulatory needs, companies can ensure that their AI systems are used responsibly, 

fairly, and legally. 

 

Figure 8: Limitations of AI in Cost Estimation 

6. Recommendations for Future Research 

Given the ever-increasing customization and concomitant low-volume production in the automotive industry, 

there is a need for new and more responsive ways of modeling costs, especially in automotive motor costs. There is already 

great potential in applying artificial intelligence (AI) to cost estimation and risk management. This section points out several 

interesting directions for future research to further take the cost modeling processes for customized automotive motors 

using AI. 

6.1 AI-Enabled Collaborative Should-Cost Modeling with Suppliers 

Future research on AI-enabled collaboration should include cost modeling as a key area of research that will allow 

automakers and suppliers to work in real-time and spend time refining or developing accurate and transparent cost models 

together. The cost model for suppliers is usually modeled traditionally, but those traditional methods fail due to supplier 

relationship dynamics, materials price dynamics, and the evolution of manufacturing processes. AI is an opportunity to 

cross the gaps by letting both parties input data into each other's platform and iterate. 

In such a context, using AI can create an environment where the costs are predicted and actively created by the 

supplier and the automaker’s actuation into an ongoing process. Real-time data such as changing material prices, labor 

costs, supply chain disruption, and changing demand trends could be used as these platforms (Handfield & Linton, 2017). 

Through these means, the last step of the product cost can be driven by data and used by suppliers and manufacturers to 

become more transparent and build trust to streamline and achieve a more accurate cost estimation process. To address 

data privacy, synchronization, and interoperability issues in future research, frameworks for such collaborative platforms 

can be developed to handle challenges among data provided to different suppliers and used in different systems. 

AI can optimize communication routes and flows when making decisions. AI algorithms could also predict how 

the supply chain might alter in the future and suggest proactive actions to create better cost variables for both parties, which 

means that when there are problems, at least they will react before they become problems. This proactive approach reduces 

the possibility of cost overruns and poor production planning, making production planning more efficient. The usefulness 

of AI for real-time collaboration, trust-based partnership development, and the introduction of predictive capability in the 

collaborative modeling process should be studied in future work. 
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Figure 9: Empowering Procurement with AI/ML and Should Cost Analysis 

6.2 Optimization of Automotive Motor Design Using AI-Based Should-Cost Models 

Automobile motors nowadays are designed to combine them with cost efficiency. Future research will consider 

how a future AI-based cost model can help optimize motor designs considering multiple factors such as material selection, 

manufacturing processes, and energy efficiency. Using AI to simulate and assess the trade-offs between different designs 

choices, one can identify the least expensive options, allowing for the required performance characteristics. 

AI-driven optimization techniques like a genetic algorithm or reinforcement learning to optimize motor designs 

based on cost and performance metrics would be possible. Additionally, the models could be designed to include long-term 

energy efficiency and operating costs (which are not solely direct costs associated with materials and manufacturing). Using 

AI to predict the impact of design decisions, Automakers could predict the ideal design decisions likely to affect overall 

costs and performance significantly, more precisely design products, reduce costs associated with prototyping the product, 

and shorten the product time to market. 

The multi-objector optimization of automotive motors is optimized by using AI. The traditional methods of 

making the market are for optimizing the costs without taking action regarding energy efficiency of manufacturing, 

durability, and sustainability. However, if the models are based on AI, they may use holistic, sustainable design choices 

since they can optimize over several goals simultaneously (Zahraee et al., 2016). Future work should begin by using these 

multiple objectives optimization models in the design of EV motors under the cost, environmental, and performance 

conditions to improve the long-term viability of EVs. 

6.3 Predictive Analytics for Commodity Price Fluctuations in Automotive Motor Procurement 

Prediction of commodity prices that significantly affect the cost of automotive motors is another important aspect 

of cost modeling. Motor production costs also contain commodities, and they trade largely based on supply and demand, 

geopolitical tensions, and macroeconomic conditions, among other factors. African Development Bank demands it be used 

to predict future price movements of automobile motors, an activity beneficial for forecasted commodity price moves and 

their impact on the total cost of producing automobile motors. 

Research in this area may also make it possible to construct predictive models based on prices, trends, markets, 

and external factors such as policy changes or supply chain disruption. For instance, price trends may be explicated via 

time series forecasting or regression models as per past data (Wang et al., 2018). Simulating different situations and 

assessing different levels of price volatility and how much it will cost to produce a motor is something AI can help with.  

More sophisticated input or better anticipation of future cost changes could be achieved through an interface 

between these models and existing cost estimation systems by these automakers and suppliers. It can also help analyze 

procurement processes and predict when it would be appropriate to purchase the materials in advance and lock in lower 

prices to lessen the potential fluctuations in commodity prices.  Future research will focus on applying AI to trade off 

dynamic procurement strategies against predictive price analytics to facilitate manufacturers' development of dynamic 

procurement strategies to optimally improve their procurement practices and mitigate cost risks. 

6.4 AI Integration in Existing Cost Models 

While AI has enormous benefits for cost modeling, many companies still rely on old costing models, such as 

activity-based costing (ABC) or parametric costing models. Such hybrid models can also be developed to incorporate these 

traditional cost models with AI to improve their accuracy and efficiency. AI can take advantage of the predictive facts of 

AI, while traditional models provide historical data and industry-specific knowledge. 

One instance of most of this would be using AI to enhance parametric cost models by predicting future cost 

variability based on live data points like changes in material costs or supplier efficiency (Karwa, 2024). It is also possible 
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for AI to tweak ABC models by enabling more precise cost drivers to be included in the model and enhance the granularity 

of the cost behavior across the stages of production (Khan, 2024). It is time for research in developing methodologies to 

seamlessly combine AI-driven predictions with our current cost estimation frameworks so the models are supported by 

existing practice but offer better results. 

A promising alternative is constructing AI-enabled decision support tools that enable cost estimators to interact 

with the models and adjust familiar parameters. Such tools could reduce the distance between the standard cost estimation 

methods and AI models and facilitate the acceptance of AI technology among decision-makers without abandoning all that 

they are used to. Future research should investigate the ways of developing such decision support tools in terms of user 

interface and integration data model transparency, aiming that AI integration will be helpful without overwhelming the 

user. 

 

Figure 10: Key Elements That Affect the Pricing Structure of AI Integration 

Integrating AI in cost modeling for automotive motors is a significant step forward for automobiles ' ability to 

tackle the complexities of customized, allow-volume product planning in an automated, recurring way. Future research 

should be developed on AI-empowered collaborative cost modeling, motor design optimization, a tool for predictive 

analytics of commodity price fluctuations, and a hybrid AI-based model with some mix of AI and classical cost evaluation 

approaches. These advancements will improve the accuracy and expediency of inputting cost information and are likely to 

reduce risks, cut costs, and aid in better risk-taking decisions in the automotive supply chain (Cather, 2020). 

7. Conclusion 

The study explored AI and ML in automotive motor cost modeling for customizing and low-volume applications. 

Efficiently and at scale, these findings outperform the traditional cost estimation methods, although not capabilities that AI 

is strong at. The models presented solved automotive motor production complexity and variability in customized or low 

volume by using machine learning algorithms to deal with a more extensive range of input information and provide much 

higher flexibility. As these types of productions are dynamic, it is unfortunately impossible to adapt cost modeling using 

old data and fixed assumptions. This may result in inaccurate or inefficient cost estimation (Smith & Johnson, 2020). AI 

can have a more flexible and robust method of dealing with cost forecasting as it can look at massive data sets and identify 

patterns, which traditional methods would not be able to do. 

This substantially reduced error rates compared to what was achieved using traditional approaches with AI-driven 

cost models. In particular, neural networks and random forests had improved reliability and accuracy compared to random 

forests and neural networks in predicting costs. These models could accommodate many of automotive motors' variables, 

such as material costs, design specifications, and manufacturing processes required to estimate the cost of a customized or 

low-volume automotive motor. The training left AI models faster over time as they got to work with more significant (and 

bigger and bigger) data and make predictions in real time with still very low CPU costs. Additionally, their efficiency 

makes them one of the most important parts of the automotive industry that always progresses, with manufacturers always 

creating personalized vehicles in small volumes. Scalability was one of the benefits of using AI-based cost modeling. A 

classic example of this is that traditional methods of cost estimation exhibit scalability problems, especially with more 

complex, highly variable processes. AI models are very flexible. The obvious way of extending their flexibility was to 

allow them to run on different motor designs and manufacturing processes, which is essential for OEMs to satisfy consumer 

customization requests (Singh, 2022). AI-driven models could use many data sources, including information from suppliers 

and market trends, to develop much more accurate and relevant cost estimates for the given production conditions. 

This study brings across one important finding: the role of AI in minimizing the risk during the procurement 

process. There is a considerable risk in the automotive sector when purchasing a motor, including supply chain disruption, 

material volatility, and price volatility (Zhang & Wang, 2022). Companies can anticipate these risks by incorporating 

predictive analytics into AI models and anticipating an early warning, which in turn allows companies to make decisions 

that will minimize the impact of such disruptions. The advantage of any of these abilities lies in the fact that these companies 
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can buy goods at lower prices and avoid the supply chain disruptions caused by the shortage or delay of the delivery of the 

supply chain. 

Further research in this area of AI for cost modeling can consider several promising directions. The second 

direction worth pursuing is to build collaborative cost models that include suppliers in participation. A system of continuous 

collaboration between manufacturers and suppliers and the exchange of real-time data would help them make more accurate 

and transparent pricing. Further applications of AI-based cost models can be used to optimize motor design so that 

manufacturers can also make more intelligent selections of material and manufacturing processes to keep their costs lower 

while improving motor performance. The use of AI to predict the changes in the prices of key commodity inputs, such as 

copper or steel, can still be a big win when applied to predictive analytics of commodity price forecasting. The automotive 

industry can advance the production of customized or low-volume motors by integrating AI and ML into the cost-modeling 

process. The study's findings are that using AI-enabled processes improves accuracy and speed, can provide risk 

management in cost estimation, and can overcome procurement process problems. With the automotive industry choosing 

to produce more customizable and electrified vehicles, the acceptance of AI-based cost modeling will enable manufacturers 

to meet challenges in cost estimates and lead to more efficient and cost-efficient production systems. 
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