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 In the last few years, artificial intelligence has grown rapidly and has become increasingly popular 
in daily life. As a powerful branch of artificial intelligence, generative AI (Gen AI) offers immense 
potential for application within the new product development (NPD) process. In this study, we 
investigate the impact of Gen AI on NPD by utilizing a closed-form analytical model within a 
single-product monopoly. The results show that the profit and productivity levels of a company 
adopting Gen AI technology are lower than those of a non-Gen AI company. However, the 
company that adopts Gen AI technology achieves better product quality than a company without 
Gen AI implementation. Furthermore, by increasing design costs by a small amount, the Gen 
AI-adopting company improves its product quality level, while non-Gen AI companies experience 
only a slim increase in product quality. Additionally, under lower fixed costs, outcomes improve 
for both Gen AI and non-Gen AI companies. Our findings suggest that a company which has 
already adopted Gen AI technology should not reduce the cost of quality. Instead, it should focus 
more on increasing the cost of quality to realize greater benefits from Gen AI implementation. 
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1. Introduction 

Artificial intelligence (AI) has given us access to countless opportunities. AI has changed every aspect of our lives and 
enterprises, from fraud protection to clever marketing to seven days a week customer service. These days, it can also allow 
machines to generate new material from textual or visual data through a process known as Generative AI (Gen AI) (Fezari et 
al., 2023).  The widespread use of this technology is currently revolutionizing how we work and communicate with each other, 
as evidenced by examples such as Chat GTP, Copilot AI, Dall-E, and Grook. Gen AI refers to computer methods that can use 
training data to produce seemingly original, meaningful text, image, or audio output (Feuerriegel et al., 2024).  

Neural networks, machine learning techniques modelled after the inner workings of the human brain are the basis of generative 
artificial intelligence. Huge amounts of data are given into algorithms during model training, providing the AI model with a 
foundation for learning. Text, code, images, or any other kind of content related to the task at hand can be included. After 
gathering training data, the AI model analyzes the connections and trends in the data to identify the underlying ideas that 
underpin the content. The AI model continuously modifies its settings to more closely resemble human-generated content as 
it gains knowledge. As the AI model generates more content, its results get more intricate and convincing (Fezari et al., 2023).  

There are some advantages of implementing Gen AI for a firm, from the standpoint of innovation management, Gen AI 
(generative artificial intelligence) is among the most fascinating and promising types of AI (Mariani & Dwivedi, 2024).  
Regardless of whether the seller has done so or not, the manufacturer's use of AI leads to reduced product costs and service 
standards. The use of AI by the manufacturer increases market demand and earnings for all parties involved in the supply 
chain. The use of AI technology in the back-end can significantly boost the manufacturer's competitive advantage (Wang et 
al., 2025). Through the acceleration of product design iterations, virtual prototyping, manufacturing process optimization, and 
real-time quality control enhancement, Gen AI technologies are transforming the manufacturing industry. Through scenario 

mailto:fanliang@zjut.edu.cn


 

 

1058 

simulation and the analysis of large databases of product photos or sensors, they lower costs, shorten time to market, and 
increase productivity (Ghobakhloo et al., 2024; Lazaroiu & Rogalska, 2024).  

Although its effects on daily life and industry development are still unclear, Gen AI has the ability to completely transform 
businesses by developing new platforms and services based on Gen AI ecosystems (Banh & Strobel, 2023). Gen AI could be 
a game changer for many sectors of business such as in marketing and operations, IT/engineering, R&D, etc.  The marketing 
can use Gen AI as an assistant to improve sales and analyze customer feedback, the operations department can use such as 
Chat-GPT to improve or help customer service, and Gen AI can be used by IT and engineering to write and record code (Chui 
et al., 2022). The use of Gen AI in R&D has the potential to change and become more effective. First, Gen AI can be used in 
the R&D such as early research analysis to improve the market reporting and solution drafting, second, virtual design means 
the AI can generate draft design, third, virtual simulation which helps the researcher to simulate the design, last, as physical 
test planning which means that can help the researcher to optimize the test case (Mollick & Euchner, 2023). For example, Gen 
AI used in Toyota in the design process could help their new product development of electrified vehicles more quickly and 
efficiently (Toyota Research Institute Unveils New Generative AI Technique for Vehicle Design - Toyota USA Newsroom, 
n.d.). Another example is the use of Gen AI in American defense manufacturing for design and prototyping has enormous 
potential to improve defense capability, cost-effectiveness, and system design cycle speed (Molina, 2024). Bentley System 
has also announced that the usage of Gen AI is a revolutionary approach for civil site engineers by utilizing their historical 
data to maximize future work (Generative AI Revolutionizes Site Design| Bentley Systems, n.d.). The Gen AI sounds promising 
since big companies and also the American Defense use it for developing their product. However, there are still many 
unanswered questions and presumptions regarding how Gen AI will affect the process of developing new products. 
 
In this study, we try to find the impact of Gen AI on the NPD process using another perspective because most of the recent 
journals researching this topic used systematic review or conducted a literature review. Furthermore, this study aims to answer 
the following research question: The Impact of Generative AI in the new product development. To address this research 
question, this paper will use closed-form analytical simple models and simple testing to prove the impact of Generative AI on 
NPD, comparing the result of closed-form analytical models between companies that adopt Gen AI and non-Gen AI companies.  

2. Literature Review 

2.1 Product Development 

New product development (NPD) is the activities that businesses do when creating and introducing new items that make up 
the NPD process. The process of launching a new product begins with an initial concept or idea that is evaluated, created, 
tested, and finally put on the market. An alternative way to conceptualize this activity sequence is as a series of steps for 
obtaining and evaluating data. To put it another way, management is able to assess and reevaluate its initial decision to develop 
or distribute the new product when it gains more knowledge (or less uncertainty) about it. By following this information 
gathering and review procedure, companies may be able to make better decisions about new products by lowering the amount 
of risk and reducing the resources given to items that eventually fail. The NPD approach differs depending on the industry 
and firm. Every business should modify it to meet its particular needs and available resources (Pienaar et al., 2019). Successes 
in product development are a crucial management concern for contemporary businesses, particularly those operating in 
technologically advanced sectors.  

A corporation can better focus its valuable R&D resources, make better use of resources allocated to the product delivery 
process, and boost market demand for its new goods by having a stronger knowledge of the elements that influence the final 
product (Zirger & Maidique, 1990). According to Akroush & Awwad (2018). NPD performance is one of the top priorities for 
researchers and management because it has a significant impact on a company's long-term growth and survival. Clear goals, 
well-defined arenas, long-term trust, and a well-articulated new product strategy are all essential for NPD firms. In order to 
design and develop successful new products, successful teams and businesses prioritize consumer voice and collect as many 
ideas as possible from customers (Pienaar et al., 2019). When businesses have greater NPD capabilities, the beneficial effects 
of NPD on future product quality are more pronounced. Because learning during complicated product development is path 
dependent, this research emphasizes that NPD competence is also a significant resource for NPD in the future (Kalaignanam 
et al., 2017). AI is always changing, human-technology relationships must be understood and reevaluated. It is not utilized for 
human control or manipulation, but rather for task performance, productivity, and work enhancement (Dabija & Vătămănescu, 
2023). 

2.2 Generative AI 

AI has significantly transformed business management, particularly in the realm of Chat-GPT and Large Language Models 
(LLMs). Decision-making procedures, consumer interactions, marketing tactics, and employee productivity have all been 
transformed by these powerful tools. Chat-GPT and LLMs enable personalized customer support, enhancing satisfaction 
levels. In marketing, AI models help businesses analyze data, anticipate market trends, and optimize product offerings, gaining 
a competitive advantage in the industry (Rane, 2023). AI may solve certain business problems and provide substantial benefits 
in software engineering, marketing and sales, customer operations, and research and development. Gen AI can help with 
customer interactions, create fresh content, and draft computer code. Because of the increasing potential for technical 
automation, half of today's labor jobs could be automated between 2030 and 2060, with a midpoint around 2045 (Mollick & 
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Euchner, 2023). Kingdom (2024) state that Gen AI is one of technology that can improve product development capabilities, 
merging product search, and product discovery. Moreover, AI is rapidly advancing, causing significant disruption in business 
and industries.  

As AI becomes a norm, education must adapt to teach the necessary skills for collaboration and partnership. Upskilling and 
retooling the workforce need constant learning and flexibility because resistance is futile in this difficult period (Fui-Hoon 
Nah et al., 2023). Chat-GPT and other generative AI models have potential applications in several fields, including science, 
research, marketing, education, and medicine (Baldassarre et al., 2023). The accuracy, creativity, and personalization of 
generative artificial intelligence in activities like science, code, audio, and text-to-image, which could improve economies and 
optimize both creative and non-creative tasks (Gozalo-Brizuela & Garrido-Merchan, 2023). By producing human-like prose, 
responding to queries, and completing tasks, AI language models such as Chat-GPT can improve engineering education. These 
models offer a range of uses, such as language editing and online teaching (Qadir, 2023). Gen AI is a game-changing 
technology that could revolutionize a variety of industries, including finance, manufacturing, healthcare, and education. It can 
process massive amounts of data, come up with fresh concepts, and encourage other ways of thinking. The speed at which 
huge language models like Chat-GPT are developing suggests a fundamental shift in creative thinking. (Sedkaoui & 
Benaichouba, 2024). By encouraging new synergies between AI systems and human creators, Gen AI transforms image 
generation, improving innovation and collaboration, and streamlining content creation processes (Bansal et al., 2024). By 
automating study initiation and data processing, lowering human error, and enhancing repeatability, AI in management 
research can increase objectivity and accuracy. AI models can identify mistakes and provide helpful advice, but they are not 
infallible. It is useful because it can process data more thoroughly and produce findings more quickly (Burger et al., 2023).  

The effects of technologies based on Gen AI, especially chatbots and LLM models like Chat-GPT, on learning outcomes in 
Chinese higher education. It highlights how important it is to provide students with tailored learning experiences and prompt 
feedback in order to enhance their comprehension of the subject. The study also looks into the effects of self-efficacy, integrity, 
morality, and innovation on learning success. (Shahzad et al., 2024). Gen AI tools in higher education significantly enhance 
students' critical thinking and collaboration. These tools facilitate information reflection, analysis, and evaluation, promoting 
deeper, more profound thinking. Additionally, they improve student collaboration, communication, and teamwork, which 
promotes group problem-solving and academic projects (Ruiz-Rojas et al., 2024).  

In the area of pharmaceutical design, Gen AI has demonstrated considerable potential, and further study in this area may result 
in fascinating future developments (Tang et al., 2024). Drug development is being revolutionized by Gen AI by utilizing 
diverse molecule representations, comprehensive databases, and generative techniques such as diffusion, transformers, and 
reinforcement learning (RL). By improving the dependability of produced molecules and opening the door for quicker, more 
accurate drug development, this integration promises to expedite innovation in pharmaceutical research (Kanakala et al., 2024). 
AI is revolutionizing drug discovery by integrating fragment-based design ideas, making AI generation models more practical 
and effective in real-world projects (Saxena, 2021). With new models trained using high-quality, evidence-based medical 
literature, Gen AI is anticipated to have a significant impact on healthcare and medicine. Patients and healthcare professionals 
will gain from these models, which substitute “clinicians using AI” with “clinicians who do not use AI” (Zhang & Kamel 
Boulos, 2023). The potential of Gen AI in drug creation highlights the potential benefits of generative models such as 
Reinforcement Learning, Variational Autoencoders (VAEs), and Generative Adversarial Networks (GANs). These models 
overcome the drawbacks of conventional techniques by producing new molecular structures, lead compound optimization, 
and navigating intricate chemical regions. Gen AI can speed up the discovery of potential medications by automation 
molecular enumeration procedures (Gangwal et al., 2024). Pharmacological formulations have been greatly enhanced by AI-
driven pharmacological property optimization, which has resulted in more potent therapeutic interventions. Drug development 
has accelerated as a result of the substantial time and cost benefits from this incorporation into drug research pipelines. Better 
patient stratification, outcome prediction, and trial optimization are made possible by Gen AI, which also improves the design 
and implementation of clinical trials and raises the possibility of positive clinical results (Prabhod, 2023).  

3. Methods and Models  

Table 1 shows Model Measures, Variables, and Parameters. 

Table 1 
The summary of the model measures, variables and parameters 

Notation Description Notation Description 
D The Product’s Demand a The size of the market 
C Total costs of manufacturing (input value) b The parameter of price sensitivity  
R Revenues (output value) c The parameter of Quality sensitivity 
 π Profits F Fixed overhead expense 
 ρ Total Productivity f Fixed expense for quality 
Q The quality of the product e Unit expense for quality 
P The price of the product   

 

3.1 Demand 

Demand for the product if the business improves the product's quality or reduces the price. In particular, we presume that the 
product's demand (D) for both the companies with Gen AI and without Gen AI is 
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𝐷𝐷 = 𝑎𝑎 − 𝑏𝑏𝑏𝑏 + 𝑐𝑐𝑐𝑐 (1) 
 
where P is the product's unit price, Q is its quality level, and a, b, and c > 0 are empirically determined factors for each industry. 
More precisely, stands for market size, b for demand sensitivity to firm price, and c for demand sensitivity to product quality 
that is given to the market. The company determines the price-quality combination (P*, Q*) in this model in order to optimize 
its profitability. 

3.2 Cost 

The company has several expenses and may make investments in Generative Artificial Intelligence technologies to boost 
production effectiveness and enhance product quality in the hopes of obtaining more profits and productivity. Assume that the 
cost (C) of the company equals 

With Gen AI 
 
𝐶𝐶 = 𝐹𝐹 + 𝑓𝑓𝑓𝑓 + 𝑒𝑒𝑒𝑒𝑒𝑒 (2A) 

 

Without Gen AI 

 (2B) 
 

where F > 0 denotes the amortized fixed expenses related to operating the business, and f, e > 0 are metrics that describe the 
firm's output capacity (will be covered with more detail later in this section). 

A qualitative interpretation of this cost function is given below. The F variable, represents the fixed costs amortized of 
operating the company or the indirect expenses of production, such as utility bills, leases for buildings and equipment 
depreciation and upkeep. The expenses of acquiring, putting into practice, and maintaining the new technologies (hardware, 
software, procedures, and methods) that enhance or support the company's production capacity are also included in cost word 
F. These costs are essential for the business to enable production, but they are unrelated to the caliber or volume of goods the 
business produces. 

On the other hand, the firm's direct production expenses are represented by the cost function's second and third terms. The 
company must first create and develop the product before it can make it available to customers. In other words, the business 
must identify the criteria (such as features, performance, reliability, responsiveness, practicality, and types) that characterize 
a product of a given quality and satisfy the needs of the customer. The second element in the cost function, 𝑓𝑓𝑓𝑓, represents this 
cost. Based on  Matte and Jim ( 2001) uses 𝑓𝑓𝑓𝑓2 because it is difficult to raise a product's overall quality, and optimum model 
(2B) is the example for the cost model when a firm without Gen AI. Nonetheless, it is evident from the literature study that 
Gen AI greatly improves the process of research and development. Utilizing it not just improves but also expedites and 
streamlines the research and development process. As a result, we anticipate that the cost model will be modified to become 
Eq. (2A) since we reviewed a lot of journals that have results about Gen AI, which can reduce cost on the product development, 
and we assume that employing Gen Ai to improve a product's overall quality altered the model.  

The third element represents the variable cost of manufacturing products of a specific quality grade for retailing, eQD, 
indicates expense variable of producing goods for distribution at a certain degree of quality. This term indicates that as product 
quality increases, so does variable production cost. 

In conclusion, a firm spends fixed costs (𝐹𝐹) for running the overall commercial business, an expense (𝑓𝑓𝑓𝑓) for designing and 
developing a product with a specific quality and expenses for a unit (𝑒𝑒𝑒𝑒) of producing it in order to meet consumer demand.  

3.3 Revenues, Profits, Productivity 

Based on Eq. (1) and Eq. (2), the formula for firm Revenue (R) for both companies with and without Gen AI adoption is 
 

 
(3) 

And the profit (𝜋𝜋) is 

With Gen AI 

 (4) 
 

Without Gen AI 

 
 

We calculate total productivity in addition to revenue and profit (Klassen et al., 1998; Mohanty, 1998). Additionally, we define 
overall productivity as the relationship between the input and output values, both of which are expressed in dollars. In this 
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model, the firm's total sales revenue serves as the output value, and its total manufacturing costs serve as the input value. 
According to the description, our model for productivity (ρ) for both Gen AI and non-Gen AI companies will be defined as 

 
(5) 

We note this model from Thatcher and Olver (2001) since it provides the best scenario for observing growth from investing 
in technology, because, first, the benefits of technology investment will be retained by the firm (to increase the firm’s revenue) 
since there are no competitive pressures. In other words, we minimize the issues brought on by the redistribution of profits 
and revenues. Second, as a result of technology investment, the company can instantly change the pricing and quality of its 
products. We assume when we're learning and adjusting the model, there are no delays in tracking shifts in earnings or 
productivity. Third, the firm expects the technology investment that the firm implements, Gen AI to be costless. In particular, 
the cost of implementing and maintaining technology investments won't have an impact on the firm's overall costs or indirect 
production costs.  

4. Analysis Results 

The determinant of the 2x2 Hessian matrix is the denominator −(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 < 0 of the optimal model selections of price and 
quality in the previously given equations. Assumption (1) states that this factor must be positive in order to provide a clear 
maximum and the concave nature of the earnings function in terms of both price and quality. Consequently, the firm's selected 
optimum model level of quality is guaranteed to be positive by assumption (2), c>be. Additionally, this presumption 
guarantees that the company will charge a profit for the goods. Refer to the appendix. 

The �irm’s new Optimum Models for Pricing and Quality Decisions 

Eq. (1) through Eq. (4) show that the company's ideal quality model is 

With Gen AI 
 

𝑄𝑄∗ =
2𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2
 

(6A) 

 

Without Gen AI 
 

𝑄𝑄∗ =
𝑎𝑎(𝑐𝑐 − 𝑏𝑏𝑏𝑏)

4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2
 

(6B) 

 

and the new optimum model for the firm’s price are  

With Gen AI 
 

𝑃𝑃∗ =
𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑒𝑒2

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2
 

(7A) 

 

Without Gen AI 
 

 

(7B) 

 

Change all the optimum model values for 𝑃𝑃∗ and 𝑄𝑄∗To all equations, start from Equation (1) until (5), the firm’s optimum 
model demands become,  

With Gen AI 
 

𝐷𝐷∗ =
𝑏𝑏𝑏𝑏

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)
 

(8A) 

 
Without Gen AI 
 

𝐷𝐷∗ =
2𝑎𝑎𝑎𝑎𝑎𝑎

4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2
 

(8B) 

 

The total cost models are, 

With Gen AI  
 

𝐶𝐶∗ = 𝐹𝐹 +
𝑐𝑐𝑐𝑐(2𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3
 

(9A) 

 

Without Gen AI 



 

 

1062 
 

 

(9B) 

 

The revenues with Gen AI and without Gen AI are shown as Eq. (10A) and Eq. (10B), 

 

(8A) 

 

 (10B) 

New optimum profits models with Gen AI and without Gen AI are shown as Eq. (11A) and Eq. (11B), 

𝜋𝜋∗ =  −
𝐹𝐹𝐹𝐹2𝑒𝑒2 − 2𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑓𝑓2 + 𝐹𝐹𝐹𝐹2 − 𝑎𝑎𝑎𝑎𝑎𝑎

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2  
(11A) 

𝜋𝜋∗ =  
𝑎𝑎2𝑓𝑓

4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 − 𝐹𝐹 
(11B) 

and optimum productivities with Gen AI and without Gen AI are shown as Eq. (12A) and Eq. (12B), 

𝜌𝜌∗ =  −
𝑏𝑏𝑏𝑏(𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑏𝑏𝑏𝑏2)

−𝐹𝐹𝐹𝐹3𝑒𝑒3 + 3𝐹𝐹𝐹𝐹2𝑐𝑐𝑐𝑐2 − 3𝐹𝐹𝐹𝐹𝐹𝐹2𝑒𝑒 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑏𝑏2 + 𝐹𝐹𝑐𝑐3 − 𝑎𝑎𝑎𝑎2𝑓𝑓
 

(12A) 

 

(12B) 

The following sections analyze how investments in Generative AI for various uses affect Demand, manufacturing costs, 
earnings, and productivity as well as the business's ideal model selection of product quality and price. To do this, we employ 
comparative static analysis. 

4.1 Generative AI Investment and Profits 

We will now demonstrate how investments in Gen AI technology affect earnings. Changes in parameter F on cost optimum 
model have an effect on optimum model profits for both company with Gen AI and without Gen AI. 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=  − 1 < 0 

(13) 

Proposition 1: Generative AI implementation reduces the fixed cost and increases the firm’s profits.  

The changes in optimum model profits in the cost parameter f  are 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=  

−2𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎 − 𝑎𝑎𝑎𝑎𝑎𝑎
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 < 0 

(9A) 

Without Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=  

−𝑎𝑎2(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2

[(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 − 4𝑏𝑏𝑏𝑏]2 < 0 
(14B) 

Proposition 2: Investments in Generative AI will boost business earnings by decreasing the expenses of designing and 
developing new products and services.   

The changes in optimum model profits in the cost parameter e are 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
= −

𝑏𝑏𝑏𝑏(2𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎)
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3 < 0 

(10A) 

Without Gen AI 

 

(15B) 
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Proposition 3: Firm profits will rise as a result of Gen AI when the firm decreases the variable costs of providing Products 
and services.  

The firm's judgments about quality and price (Q*, P*) are unaffected by a decrease in F (i.e., an investment that lowers 
overhead expenses); thus, neither the number of items (D*) required nor the revenue (R*) gained in the optimal model are 
changed. 

With and without Gen AI 

 

(16) 

However, a reduction in F does lower the firm’s overall cost ( C∗) in the optimum model for both companies with Gen AI and 
a non-Gen AI company, 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=  1 > 0, 

(17) 

which giving results in increasing the firm’s profits. 

There is an example of how reducing cost can increase firm’s profits is The impact of Air India implementing Microsoft Azure 
OpenAI has doubled their passenger since 2022 and also handles thousands of tasks make them saving Air India several 
million dollars per year; ABB Group says 40% cost saving on operation and maintenance after using generative AI (Microsoft 
customers share impact of generative AI - Stories, 2024). However, increasing the cost has an impact on the quality and the 
price decision, which means it makes the firm improve the product quality. In another way, an increase in f will motivate the 
firm to pursue higher profits by higher product quality.  

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

2𝑏𝑏
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2

> 0 
(18A) 

Without Gen AI 

 

(18B) 

The company sets more price (P*) for the improved product since demand is comparatively sensitive to quality, according to 
assumption (1). 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

(𝑐𝑐 + 𝑏𝑏𝑏𝑏)
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2

> 0 
(19A) 

Without Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

−2𝑎𝑎(𝑐𝑐2 − 𝑏𝑏2𝑒𝑒2)
[(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 − 4𝑏𝑏𝑏𝑏]2 < 0 

(19B) 

Nevertheless, sees improvement in the quantity of goods sold when f is increased, 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

𝑏𝑏
𝑐𝑐 − 𝑏𝑏𝑏𝑏

> 0 
(11A) 

Without Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

−2𝑎𝑎(𝑐𝑐2 − 𝑏𝑏2𝑒𝑒2)
[(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 − 4𝑏𝑏𝑏𝑏]2 < 0 

(12B) 

The revenues of the firm are increasing due to increases in f , 

With Gen AI 
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𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=
𝑏𝑏(2𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑒𝑒2)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3 > 0 
(13A) 

Without Gen AI 

 

(21B) 

Additionally, even with the technology investment that enhances the firm's capacities for production (i.e., raises the expense 
parameter, f), the combination of the improved product grade and the growth of market demand results in an overall increase 
in production costs. 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=
𝑐𝑐(4𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3
> 0 

(22A) 

Without Gen AI 

 

(14B) 

Therefore, the company's profitability decreases since the rise in revenue brought about by the changes in pricing and quality 
is less than the increase in expenses. (Please refer to the appendix for proof.) 

Similar effects are seen in the firm's price and quality decisions when e increase. A gain in e will motivate the company to 
invest in enhancing the quality of its products. 

With Gen AI 
 
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=
𝑏𝑏(4𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3
> 0 

(15A) 

 
Without Gen AI 
 

 

(16B) 

 
The company raises pricing because it wants to produce goods of greater quality, 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

3𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑐𝑐2 + 𝑏𝑏2𝑒𝑒𝑒𝑒 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3 > 0 

(24A) 

Without Gen AI 

 

(17B) 

Therefore, the demand also increases. 

With Gen AI 
 
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

𝑏𝑏2𝑓𝑓
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2

> 0 
(18A) 

 
Without Gen AI 
 
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

𝑐𝑐 − 𝑏𝑏𝑏𝑏
[(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 − 4𝑏𝑏𝑏𝑏]2 < 0 

(19B) 

 

And then earns more revenue, 



X. Ma et al.   / International Journal of Industrial Engineering Computations 17 (2026) 1065 

With Gen AI 
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=
𝑏𝑏𝑏𝑏(𝑎𝑎𝑎𝑎2𝑒𝑒2 + 2𝑓𝑓𝑓𝑓2𝑒𝑒 + 4𝑓𝑓𝑓𝑓𝑓𝑓 − 𝑎𝑎𝑎𝑎2)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)4
> 0 

(20A) 

Without Gen AI 
 

 
(21B) 

 

And for the costs with Gen AI and without Gen AI are Eq. (27A) and Eq. (27B), respectively. 

∂C∗

∂e
=

2bcf(3bf − ac + abe)
(c − be)4

> 0 
(22A) 

 
(23B) 

However, because the rise in revenue resulting from these adjustments is less than the equivalent increase in total expenses, 
the company's profitability decreases (see appendix). Remember that this result depends on either Assumption (1) or that 
market demand is significantly impacted by product quality. Although it is not obvious that investments in generative AI types 
will increase revenues, the model has helped to codify this intuition and demonstrated how these profit gains may be achieved. 
The model clearly shows that in order to optimize profits, a company that invests in innovations that increase capacity for 
production (or lower its unit cost of quality, development, and producing a product) must use those expenditures to improve 
the quality of its output. Nonetheless, a company that invests in technologies that lower overhead expenses optimizes revenues 
by realizing lower costs without sacrificing product quality. 

4.2 Generative AI investments and Productivity 

We now look at how different Generative AI implementations affect business productivity.  A modification to the cost 
parameter F has the following effects on optimum model productivity: 

With Gen AI 
 
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=

𝑏𝑏𝑏𝑏(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3(𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑒𝑒2)
(−𝐹𝐹𝐹𝐹3𝑒𝑒3 + 3𝐹𝐹𝐹𝐹2𝑐𝑐𝑐𝑐2 − 3𝐹𝐹𝐹𝐹𝐹𝐹2𝑒𝑒 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑏𝑏2 + 𝐹𝐹𝐹𝐹3 − 𝑎𝑎𝑎𝑎2𝑓𝑓2)

> 0 
(28A) 

 
Without Gen AI 
 

 
(28B) 

 
The Eq. (28) is positive and that implies the assumption (1). This shows that the Generative AI investment that generates the 
fixed cost will increase the productivity of the firm. From earlier equations we can see that the Fixed cost or the cost to invest 
in Gen AI is not affected the price, quality of the product and the revenue of the firm. The results from this Generative AI 
allow the firm to have the same revenues and can gain more productivity at lower fixed costs.   

Proposition 4: Generative Investment will increase the firm’s productivity by lowering the fixed cost.  

The impact of f on the productivity optimum model: 

With Gen AI 
 
∂ρ∗

∂f
=

𝑏𝑏(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2[𝐹𝐹(𝑎𝑎𝑎𝑎(𝑏𝑏2𝑒𝑒2 − 2𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑐𝑐2) + 2𝑏𝑏2𝑒𝑒2) + 𝑎𝑎𝑎𝑎𝑓𝑓2]
[𝐹𝐹(𝑏𝑏𝑏𝑏(−𝑏𝑏2𝑒𝑒2 + 3𝑏𝑏𝑏𝑏𝑏𝑏 − 3𝑐𝑐2) + 𝑐𝑐3) + 𝑐𝑐𝑐𝑐(𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎𝑎𝑎)]2

 
(29A) 

Without Gen AI 

 

(29B) 

This Eq. (29) shows how to determine how to maximize the productivity for the firm by decreasing the f. This evidence of Eq. 
(29) relies upon the relationship between the size of the market (a) and the fixed cost (F). A firm that invests in such as 
Generative AI to maximize the f will improve the firm’s productivity if the fixed cost and the size of the market are bigger. In 
another way, the firm will demote its efficiency from this investment if the firm decreases the f. Moreover, we can determine 
the F by solving the Eq. (29) to zero. 
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With Gen AI 
 

If 𝐹𝐹 > 𝑎𝑎𝑎𝑎𝑎𝑎2

(𝑐𝑐−𝑏𝑏𝑏𝑏)(2𝑐𝑐𝑐𝑐−𝑎𝑎𝑎𝑎𝑎𝑎+2𝑏𝑏𝑏𝑏𝑏𝑏+𝑎𝑎𝑎𝑎𝑎𝑎2)
   , then 𝜕𝜕𝜕𝜕

∗

𝜕𝜕𝜕𝜕
< 0.  

 
Without Gen AI 
 

If 𝐹𝐹 > 2𝑎𝑎2𝑓𝑓2(𝑐𝑐+𝑏𝑏𝑏𝑏)
[4𝑐𝑐𝑐𝑐+𝑒𝑒(𝑐𝑐−𝑏𝑏𝑏𝑏)2][4𝑏𝑏𝑏𝑏−(𝑐𝑐−𝑏𝑏𝑏𝑏)2]

  , then 𝜕𝜕𝜕𝜕
∗

𝜕𝜕𝜕𝜕
< 0.  

 
Last, the impact of change variable e on the optimum model productivity, 

with Gen AI 
 
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
= −

𝑏𝑏𝑏𝑏(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3(𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑎𝑎2)
(−𝐹𝐹𝑏𝑏3𝑒𝑒3 + 3𝐹𝐹𝑏𝑏2𝑐𝑐𝑒𝑒2 − 3𝐹𝐹𝐹𝐹𝑐𝑐2𝑒𝑒 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑓𝑓2 + 𝐹𝐹𝑐𝑐3 − 𝑎𝑎𝑎𝑎2𝑓𝑓2)

 
(24A) 

without Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
= −

2𝑎𝑎2𝑏𝑏𝑏𝑏[𝐹𝐹[−4𝑏𝑏𝑏𝑏 + (−𝑐𝑐 + 𝑏𝑏𝑏𝑏)2][4𝑏𝑏𝑏𝑏𝑏𝑏 + (𝑐𝑐 + 2𝑏𝑏𝑏𝑏)(−𝑐𝑐 + 𝑏𝑏𝑏𝑏)2] + 𝑎𝑎2𝑓𝑓[4𝑏𝑏2𝑒𝑒𝑒𝑒 + 𝑐𝑐(−𝑐𝑐 + 𝑏𝑏𝑏𝑏)2]]
[−𝐹𝐹[−4𝑏𝑏𝑏𝑏 + (−𝑐𝑐 + 𝑏𝑏𝑏𝑏)2] − 𝑎𝑎2𝑓𝑓(𝑐𝑐2 − 𝑏𝑏2𝑒𝑒2)]2

 
(30B) 

Next, Eq. (30) shows how to determine how to maximize the productivity for the firm by decreasing the f. This evidence of 
Eq. (30) relies upon the relationship between the size of the market (a) and the fixed cost (F). A firm that invests in such as 
Generative AI to maximize the f  will demote the firm’s productivity if the fixed cost and the size of the market are bigger. In 
another way, the firm will decrease its efficiency from this investment if the firm decreases the e. Moreover, we can determine 
the F by solving Eq. (30) to zero. 

With Gen AI 
 

If F > 𝑐𝑐𝑐𝑐(𝑎𝑎2𝑏𝑏2𝑒𝑒2−2𝑎𝑎2𝑏𝑏𝑏𝑏𝑏𝑏+𝑎𝑎2𝑐𝑐2+4𝑎𝑎𝑎𝑎2𝑒𝑒𝑒𝑒𝑒𝑒−4𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎+2𝑏𝑏2𝑓𝑓2)
(𝑐𝑐−𝑏𝑏𝑏𝑏)2(𝑎𝑎𝑎𝑎2𝑒𝑒2+2𝑓𝑓𝑓𝑓2𝑒𝑒+4𝑏𝑏𝑏𝑏𝑏𝑏−𝑎𝑎𝑎𝑎2)

 , then 𝜕𝜕𝜕𝜕
∗

𝜕𝜕𝜕𝜕
 < 0. 

 

Without Gen AI 
 

If F > 𝑎𝑎2𝑓𝑓[4𝑏𝑏2𝑒𝑒𝑒𝑒+𝑐𝑐(𝑐𝑐−𝑏𝑏𝑏𝑏)2]
[4𝑏𝑏𝑏𝑏−(𝑐𝑐−𝑏𝑏𝑏𝑏)2][4𝑏𝑏𝑏𝑏𝑏𝑏+(𝑐𝑐+2𝑏𝑏𝑏𝑏)(𝑐𝑐−𝑏𝑏𝑏𝑏)2]

 , then 𝜕𝜕𝜕𝜕
∗

𝜕𝜕𝜕𝜕
 < 0. 

As a result, Eq. (29) and Eq. (30) show that the ratio of the company's fixed expenses to the market size determines the impact 
of a technology investment that raises (or improves) the production capacity on firm productivity. 

These results can be explained in terms of intuition. As we previously mentioned, the profit-driven company will be driven to 
raise prices and enhance quality of goods if either costing parameter, e or f, goes up. Both the company's overall expenses and 
revenue are increased by these adjustments. The company's percentage gains in revenue and total costs will determine how 
these expenditures impact productivity because revenue shows value for output and entire expenses show corresponding input 
value. In other words, the business is likely to grow more productive if revenue increases by a greater percentage than total 
costs. Otherwise, if overall costs decline by a greater percentage than sales, the business is likely to lose productivity. This 
can be stated as, 

If 
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
𝑅𝑅

>
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

(𝐹𝐹+𝐶𝐶𝑑𝑑)
 , then 𝜕𝜕𝜕𝜕

𝜕𝜕𝜕𝜕
< 0  , 

and 

If 
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
𝑅𝑅

>
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

(𝐹𝐹+𝐶𝐶𝑑𝑑)
  , then 𝜕𝜕𝜕𝜕

𝜕𝜕𝜕𝜕
< 0 . 

The direct production cost is 𝐶𝐶𝑑𝑑 = 𝑓𝑓𝑓𝑓 + 𝑒𝑒𝑒𝑒𝑒𝑒. This equation demonstrates that the e becomes lower of 𝑓𝑓 as the fixed cost 
becomes large. Nevertheless, since the revenue does not depend on fixed costs, the revenue from the same investment is 
unchanged. Since these investments are independent of F, the percentage growth in revenues from them stays constant. 
Consequently, revenue growth will exceed growth in total costs when F is large enough, indicating a rise in productivity. 

Proposition 5: Investments in generative AI that lower the costs of designing and developing new products and services 
would boost company productivity if the overhead expenses are high enough (in relation to the size of the market). If not, 
productivity is going to drop as a result of such investments. 
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Proposition 6: If the company's overhead expenses are high enough (in relation to the size of the market), generative AI 
investments that lower the costs of providing products or services would boost firm productivity. If not, productivity will 
decline as a result of such investments. 

Table 2  
The result of lowering the variable e (firm with Gen AI, assuming F = 100) 

 Initial equilibrium values Decrease in e Increase in e 
e 1 0.8       ↓ -20.00% 1.2            ↑ 20.00% 
P* 22 13.89   ↓ -36.86% 40             ↑ 81.82% 
Q* 8 2.78     ↓ -65.25% 18.75        ↑ 20.00% 
D* 70 58.33   ↓ -16.67% 87.5          ↑ 25.00% 
C* 1120 324.07 ↓ -71.07% 3281.25    ↑ 25.00% 
R* 1540 810.19 ↓ -47.39% 3500         ↑ 127.27% 
ρ* 1.26 1.91     ↑   51.59% 1.04          ↓ -17.46% 
π* 320 386.11 ↑   20.66% 118.75      ↓ -62.89% 

 

The demonstration for propositions 5 & 6 (with certain conditions) is in Tables 2, 3, 4, and 5. The calculation testing shows 
in Table 2 demonstrates the impact of lowering the cost of parameter e (unit cost of quality) for a company that adopts Gen 
AI. The value of optimum model with the following parameter assumptions is shown in the first column: F = 100, a = 100, b 
= 5, c = 10, and f = 70. Following a 20% decrease on e and a 20% increase on e, new optimum model values are shown in the 
second, third, and fourth column. This chart demonstrates that the values when e values are decreased show the profits and 
productivity are increased, but decreased all the other variables. But when the e value is increased, the value of productivity 
and profits is decreased and the other values are increased. 

Table 3  
The result of lowering the variable e (firm without Gen AI, assuming F = 100) 

 Initial equilibrium values Decrease in e Increase in e 
e 1.00 0.8       ↓ -20.00% 1.2            ↑  20.00% 
P* 10.55 10.62   ↑ +0.66% 10.46        ↓  -0.85% 
Q* 0.36 0.44     ↑  22.22%  0.29         ↓ -19.44% 
D* 50.90 51.32   ↑    0.83% 50.58        ↓   -0.63% 
C* 127.77 131.60 ↑   3.00% 123.39      ↓  - 3.43% 
R* 536.86 922.07 ↑  71.75% 529.17      ↓   -1.43% 
ρ* 3.67 3.79     ↑    3.27% 3.53          ↓    -3.81% 
π* 371.43 413.2   ↑   11.25% 405.78      ↑     9.25% 

 

Next, the calculation testing results show in Table 3 demonstrate the impact of lowering the cost of parameter e for a non-Gen 
AI company. The value of optimum model with the following parameter assumptions is shown in the first column: F = 100, 
a = 100, b = 5, c = 10, and f = 70. Following a 20% decrease and 20% increase on e, new optimum model values are shown 
in the second column. This chart demonstrates that the values when the e value is decreased (third column) show that almost 
all the variables are increased. But in the fourth column, when the e value is increased, only the value of profits is increased 
and the other values are decreased. 

Table 4 
The result of lowering the variable e (firm with Gen AI, assuming F = 200) 

 Initial equilibrium values Decrease in e Increase in e 
e 1.00 0.8       ↓ -20.00% 1.2           ↑     20.00% 
P* 22 13.89   ↓ -36.86% 40.00       ↑     81.82% 
Q* 8 2.78     ↓  -65.25%  18.75      ↑     134.38% 
D* 70 58.33   ↓  -16.67% 87.50       ↑      25.00% 
C* 1120 324.07 ↓  -71.07% 3281.25   ↑      192.97% 
R* 1540 810.19 ↓  -47.39% 3500        ↑      127.27% 
ρ* 1.16 1.55     ↑   33.62% 1.01         ↓     -12.93% 
π* 220 286.11 ↑   30.05% 18.78       ↓     -91.48% 

 

Then, the calculation testing in Table 4 demonstrate the impact of lowering the cost of parameter e for a company that adopting 
Gen AI. The value of optimum model with the following parameter assumptions is shown in the first column: F = 200, a = 
100, b = 5, c = 10, and f = 70. Following a 20% decrease and 20% increase on e, new optimum model values are shown in the 
second column. This chart demonstrates that the values when the e value is decreased (third column) show the profits and 
productivity are increased, but decreased all the other variables. But in the fourth column, when the e value is increased, the 
value of productivity and profits is decreased and the other values are increased. Last, the calculation testing in Table 5 
demonstrates the impact of lowering the cost of parameter e for a non-Gen AI company. The value of optimum model with 
the following parameter assumptions is shown in the first column: F = 200, a = 100, b = 5, c = 10, and f = 70. Following a 
20% decrease and 20% increase on e, new optimum model values are shown in the second column. This chart demonstrates 
that the values when the e value is decreased (third column) show that almost all the variables are increased. But in the fourth 
column, when the e value is increased, all the variable values are decreased. 
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Table 5  
The result of lowering the variable e  (firm without Gen AI, assuming F = 200) 

 Initial equilibrium values Decrease in e Increase in e 
e 1.00 0.8       ↓ -20.00% 1.2           ↑     20.00% 
P* 10.55 10.62   ↑    0.66% 10.46       ↓     -0.85% 
Q* 0.36 0.44     ↑   22.22%  0.29        ↓     -19.44% 
D* 50.90 51.32   ↑     0.83% 50.58       ↓     -0.63% 
C* 227.77 231.60 ↑     1.68% 223.39    ↓      -1.92% 
R* 536.86 544.80 ↑     1.48% 529.17     ↓      -1.43% 
ρ* 2.18 2.24     ↑      2.75% 2.12         ↓     -2.75% 
π* 309.09 313.2   ↑      1.33% 305.78     ↓     -1.07% 

 

We have assumed in this part that a single-product monopolist and the firm set the product quality and pricing in order to 
maximize profits. These models show that companies invest in Generative AI technologies compared to companies that do 
not invest in Gen AI in their R&D department. The results for both companies with and without Gen AI investment, 
demonstrate higher profits and higher productivity when the fixed cost (F) is low. Nevertheless, companies that adopt Gen AI 
have a higher product price and product quality compared to non-Gen AI companies. Even though the profit and productivity 
of the company that implements Gen AI are smaller than those of a non-Gen AI company. However, when F changes, it will 
not affect the product quality and product pricing for each company with Gen AI and non-Gen AI. Moreover, reducing design 
costs for Gen AI companies would decrease product quality and pricing changes while increasing profit and productivity. 
Conversely, increasing design costs would increase product quality and price for Gen AI companies but decrease them for 
non-Gen AI companies. Consequently, profit and productivity decrease for Gen AI companies but increase for non-Gen AI 
companies. By this evidence, Gen AI technology will increase the product quality of the product by a small amount of cost of 
quality.  

5. Discussion 

This study aims to investigate whether implementing Gen AI technology in the R&D department may significantly improve 
a company's NPD process efficiency. The results demonstrated that when Gen AI technology is adopted in a company, 
significantly increases the product quality and is much higher than the non-Gen AI company. This finding suggests that 
adopting Gen AI technology in R&D for NPD may be an effective strategy for improving the product quality with a small 
amount of cost of quality. 

The significant improvement of the product quality level among companies that adopt Gen AI technology and companies that 
do not adopt Gen AI technology is because the optimum model for both of them is different. The differences in the models 
created in this study are based on our assumptions that we obtained from the results of a review of several previous studies. 
By adopting or collaborating with Gen AI technology in the R&D department, the company's NPD will be much faster because 
during the design process, product simulation tests can be carried out more quickly. 

This study is consistent with the result from Mollick and Euchner (2023) which reveal the potential of implementing Gen AI 
in R&D. Gen AI tools, the underlying AI models, and computers can now produce design, run simulation, and product testing 
with minimum effort and less time-consuming. The potential or the benefits of adopting Gen AI is also proven by several 
companies that have already implemented Gen AI technology in their R&D, such as American Defense Manufacturing, Toyota, 
and Bentley Design, as already explained above. Next, an article from Molina (2024) also reported that leveraging Gen AI 
technology is cost-efficient. Moreover, the result from Ghobakhloo et al., (2024) also stated that the advantage of Gen AI on 
manufacturing is cost-efficient, which is consistent with our results because raising a small amount of the cost of quality could 
boost the quality of the product.  

The result of this study has important implications for R&D practice. The implementation of Gen AI technology could be a 
viable alternative to NPD. Companies may consider adopting this approach to improve product quality with an efficient 
production compared to the non-Gen AI technology implementation. There are certain limitations to be aware of when 
interpreting the findings, even if the analytical model described in this research has offered some significant insights into the 
IT value debate. It is improbable that a real-world technology implementation would result in pure examples of a change in 
market size, and the unit cost of quality. Also, there might be another factor that may not be included in the models that can 
affect the results. 

6. Conclusion 

In this paper, we analyze a firm with a single-product monopolist, where the company or firm is investing in Gen AI 
technology in their production process. To make this complex problem less complicated, a closed-form analytical model was 
created, then compared the optimum models between a company with Gen AI and a non-Gen AI company. The model 
demonstrated that Gen AI investments can boost product pricing and quality compared to the non-Gen AI company. Even 
though the profit and the productivity of non-Gen AI; however, the effects vary depending on the process in which the Gen 
AI is used and the correlation between market size and fixed overhead expenses. Future calculation testing calculation testing 
research is informed by the model, which helps in developing intuition regarding these relationships. In essence, these 
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presumptions set limits on how sensitive demand is to product quality. In other words, the assumption suggests market size 
range of quality sensitivity parameter for which demand is somewhat—but not significantly—sensitive to quality. 

The limitation of this research is that there are not much research journals about the impact of Gen AI on R&D since the Gen 
AI technology can be categorizing as new technology and currently researchers still under development to explore more depth 
into Gen AI technologies and its impact to the business sectors especially the impact in R&D department. Lastly, the 
hypotheses drawn from the analytical models provided in this study should be empirically investigated and validated in future 
research. Furthermore, empirical research conducted at the Analysis at the technology implementation level may be able to 
clarify whether an organization's efforts to enhance the quality of its goods and services have a moderating effect on the 
relationship between investments in generative AI and firm performance (such as productivity and profits) in practical settings. 
Additionally, this work may serve as a foundation for future academics who wish to go deeper into the subject. 
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Appendix  

Eq. (1) through (4) show that the derivative of profit, or FOC (First Order Condition), regarding price for the cases using Gen 
AI and without Gen AI are 
 
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

= 𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 − 2𝑒𝑒𝑒𝑒𝑒𝑒 − 𝑓𝑓 
(A1) 

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

= 𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 − 2𝑒𝑒𝑒𝑒𝑒𝑒 − 2𝑓𝑓𝑓𝑓 
(A2) 

 
Solving for Q after setting Equation (A1 and A2) to zero produces 

With Gen AI 
 

𝑄𝑄 =
𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑓𝑓

2𝑒𝑒𝑒𝑒
 

(A3) 

 
Without Gen AI 
 

𝑄𝑄 =
𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏

2(𝑐𝑐𝑐𝑐 + 𝑓𝑓)
 

(A4) 

 
Solving for P after setting Eq. (A1) to zero produces 

With Gen AI 
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𝑃𝑃 =
𝑎𝑎𝑎𝑎 + 2𝑒𝑒𝑒𝑒𝑒𝑒 + 𝑓𝑓

𝑐𝑐 + 𝑏𝑏𝑏𝑏
 

(A5) 

 
Without Gen AI 
 

𝑃𝑃 =
𝑎𝑎𝑎𝑎 + 2𝑒𝑒𝑒𝑒𝑒𝑒 + 2𝑓𝑓𝑓𝑓

𝑐𝑐 + 𝑏𝑏𝑏𝑏
 

(A6) 

 

The first order condition with regard to Price is 

With Gen AI 
 

 
(A7) 

 
Without Gen AI 
 

 
(A8) 

 
Since the F.O.C for both the company with Gen AI and the non-Gen AI company, to solve for Q after setting Eq. (A7) and Eq. 
(A8) to zero produces 
 

 
(A9) 

 

Setting Eq. (A8) to zero and then solving for P yields 

 
(A10) 

The 2×2 Hessian matrix is used to determine the dominator, which is −(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 or both optimal options of quality and price 
from the previous equations.  We use the Hessian matrix to examine the second-order conditions to confirm the concavity of 
the profit function in terms of quality and price: 

 

(A11) 

 (A12) 

With Gen AI 

Considering 

 −(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 < 0 Assumption (1A) 
 

Without Gen AI 

𝐻𝐻 =

⎣
⎢
⎢
⎢
⎡ 𝜕𝜕

2π
𝜕𝜕𝑃𝑃2

𝜕𝜕2π
𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕

𝜕𝜕2π
𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕

𝜕𝜕2π
𝜕𝜕𝑄𝑄2 ⎦

⎥
⎥
⎥
⎤

= � −2𝑏𝑏 (𝑐𝑐 + 𝑏𝑏𝑏𝑏)
(𝑐𝑐 + 𝑏𝑏𝑏𝑏) −(2𝑓𝑓 + 2𝑏𝑏𝑏𝑏)� 

(A13) 

𝐻𝐻𝑑𝑑 = (−2𝑏𝑏)(−2𝑓𝑓 − 2𝑐𝑐𝑐𝑐) − (𝑐𝑐 + 𝑏𝑏𝑏𝑏)2 = 4𝑏𝑏𝑏𝑏 + 4𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑐𝑐2 − 2𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑏𝑏2𝑒𝑒2 = 4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 (A14) 

Considering  

4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2 > 0 Assumption (1B) 
 

In order to ensure a maximum, Assumption (1A) demonstrates that the profit function for quality and price is concavity. To 
obtain optimum model for quality (𝑄𝑄∗) setting Eq. (A3) equals to (A9) becomes Eq. (6A). In order to ensure a maximum, 
assumption (1B) then demonstrates that the profit function is concavity for both quality and price. Eq. (A4) equals (A9) in 
order to derive the optimal model for quality (𝑄𝑄∗), which becomes equation (6B). Assumption (2), c > be, guarantees that the 
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company provides a high-quality product. To obtain optimum model for Price (𝑃𝑃∗) setting Eq. (A5) equals to (A10) becomes 
equation (7A) and equation (7B) is obtained by setting equation (A6) equals to (A10). Eq. (8A) through (12A), which represent 
the optimum model of demand, cost, revenue, profit and productivity, respectively, are obtained by substituting (6A) and (7A) 
optimum values into equation (1A) through (5A). Eq. (8B) through Eq. (12B) also represent the optimum model of demand, 
cost, revenue, profit and productivity, respectively, are obtained by substituting Eq. (6B) and Eq. (7B) optimum values into 
Eq. (1B) through Eq. (5B). 

Interpretation of Findings in the “Generative AI Investments and Profits” and “Generative AI Investments and Productivity” 
Sections  

To show how investments in generative AI affect productivity and profits, this section looks at the comparative statistics of 
Eq. (11A) and Eq. (11B) through Eq.(12A) and Eq. (12B) with regard to each cost parameter. The analysis's findings are 
shown in Eq. (13A) and Eq.(13B) through Eq. (15A) and Eq. (15B) that explain the effects on profits and Eq. (23A) and Eq. 
(23B) through Eq. (25A) and Eq. (25B) that explain the effects on productivity. 

To comprehend the perspective behind these results, we take into account how generative AI investments affect demand, 
revenue, and manufacturing costs as well as the firm's pricing and product quality decisions. Eq. (16A) and Eq. (16B) and Eq. 
(17A) and Eq. (17B) illustrate how changing the cost parameter F affects these variables; Equations (18A&B) through 
(22A&B) illustrate the implications of changing f; and Eq. (26A) and Eq. (16B) through Eq. (30A) and Eq. (30B) illustrate 
the effects of changing e. 

With Gen AI 

𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
=  
𝑏𝑏(2𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑎𝑎2)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3
<  

𝑐𝑐(4𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎)
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)3

=
𝜕𝜕𝜕𝜕∗

𝜕𝜕𝜕𝜕
 

(A15) 

Dividing both sides: 

𝑏𝑏(2𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑎𝑎2 <  𝑐𝑐(4𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎) (A16) 

Combining all the terms of the inequality to the left-hand side and factoring them becomes: 

𝑏𝑏(2𝑐𝑐𝑐𝑐 − 𝑎𝑎𝑎𝑎𝑎𝑎 + 2𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑎𝑎𝑎𝑎𝑎𝑎2) − 𝑐𝑐(4𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎) < 0   (A17) 

When the inequality's left side is factored, the result is 

𝑏𝑏2𝑒𝑒(2𝑓𝑓 + 𝑎𝑎𝑎𝑎) − 2𝑏𝑏𝑏𝑏(𝑓𝑓 + 𝑎𝑎𝑎𝑎) + 𝑎𝑎𝑎𝑎2 < 0 (A17) 

Since revenue rises more than costs in this instance, we also assert that profits rise as e decreases. The following is the proof: 

∂R∗

∂e
=  

𝑏𝑏𝑏𝑏(𝑎𝑎𝑎𝑎2𝑒𝑒2 + 2𝑓𝑓𝑓𝑓2𝑒𝑒 + 4𝑓𝑓𝑓𝑓𝑓𝑓 − 𝑎𝑎𝑎𝑎2)
(𝑐𝑐 − 𝑏𝑏𝑏𝑏)4

<  
2𝑏𝑏𝑏𝑏𝑏𝑏(3𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎)

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)4
=
∂C∗

∂e
 

(A18) 

Dividing both sides: 

𝑏𝑏𝑏𝑏(𝑎𝑎𝑎𝑎2𝑒𝑒2 + 2𝑓𝑓𝑓𝑓2𝑒𝑒 + 4𝑓𝑓𝑓𝑓𝑓𝑓 − 𝑎𝑎𝑎𝑎2) <  2𝑏𝑏𝑏𝑏𝑏𝑏(3𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎) (A19) 

Combining all the terms of the inequality to the left-hand side and factoring them becomes: 

𝑏𝑏𝑏𝑏(𝑎𝑎𝑎𝑎2𝑒𝑒2 + 2𝑓𝑓𝑏𝑏2𝑒𝑒 + 4𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎2) − 2𝑏𝑏𝑏𝑏𝑏𝑏(3𝑏𝑏𝑏𝑏 − 𝑎𝑎𝑎𝑎 + 𝑎𝑎𝑎𝑎𝑎𝑎) < 0 (A20) 

 

When the inequality's left side is factored, the result is 

𝑓𝑓[𝑏𝑏3𝑒𝑒(𝑎𝑎𝑎𝑎 + 2𝑓𝑓) − 2𝑏𝑏2𝑐𝑐(𝑎𝑎𝑎𝑎 + 𝑓𝑓) + 𝑎𝑎𝑎𝑎𝑎𝑎2] < 0 (A21) 

Without Gen AI 

 

(A22) 

Dividing both sides: 

 
(A23) 

Combining all the terms of the inequality to the left-hand side and factoring them becomes: 
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(A24) 

After adjusting for the left side of the inequality, the outcome is 
 

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)2[4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2] > 0 (A25) 
 
Since revenue rises more than costs in this instance, we also assert that profits rise as e decreases. The following is the proof: 
 

 

(A26) 

Dividing both sides: 
 

 
(A27) 

Combining all the terms of the inequality to the left-hand side and factoring them becomes: 

 
(A28) 

After adjusting for the left side of the inequality, the outcome is 
 

(𝑐𝑐 − 𝑏𝑏𝑏𝑏)[4𝑏𝑏𝑏𝑏 − (𝑐𝑐 − 𝑏𝑏𝑏𝑏)2] > 0 (A29) 
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