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Abstract. Generative AI (GAI) holds enormous potential for companies. How-

ever, since the technology is relatively new, it remains unclear which areas can 

already benefit from its application and which fields require further research. This 

study provides managers and researchers with an overview of the  value chain 

segmentsand business processes where GAI applications have been explored, 

proposed, or implemented in the scientific literature. For this purpose, a system-

atic literature review and a qualitative content analysis were conducted. The clas-

sification of applications took into account both the number of cases found and 

their maturity. GAIsystems in product development as well as maintenance and 

repair within manufacturing were among the most promising implementations. 

Within the value chain, the manufacturing segment exhibits the most mature use 

cases.   
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1 Introduction 

Since the introduction of ChatGPT in November 2022, GAI has captivated public at-

tention (OpenAI 2024; Marr 2023). A study by the investment bank Goldman Sachs 

highlights the potential impact GAI could have on society, suggesting a potential 7% 

increase in global GDP due to GAI, a remarkable achievement for a single technology 

(Elder 2023). However, as is common with new technologies, it is initially challenging 

to identify where GAI can be effectively applied and where it still lacks ma-

turity(McAfee, et al. 2023). The scientific literature already contains reviews on GAI 

applications in areas such as supply chain management and manufacturing , as well as 

case studies on individual successful implementations of GAI systems (Jackson, et al. 

2024; Zhang, et al. 2025; Kamnis 2023). However, there is a lack of a comprehensive 

systematic overview evaluating the maturity of use cases across all relevant business 

areas. In response to this gap, this study addresses the following research question: How 

mature are the use cases of generative AI for optimizing business processes, and which 

business areas have the strongest research backing?  

To answer the research question, a systematic literature review was conducted. The 

statements from the publications were categorized using Mayring's qualitative content 



 

 

analysis. In evaluating the resulting category system, both the number and maturity of 

the use cases were considered. GAI use cases in product development as well as mainte-

nance and repair within manufacturing were among the most successful categories. In 

terms of business areas, the manufacturing segment featured the most mature GAI im-

plementations. The findings of this study offer researchers an overview of the emerging 

field of GAI in business processes and help identify promising directions for future 

research. For managers, the study offers insights into which business areas and pro-

cesses can already benefit from GAI and where the technology remains immature.  

The structure of the work begins with defining essential terms and explaining rele-

vant concepts from the literature on GAI. Subsequently, the systematic literature review 

and qualitative content analysis as methods and their application within the  context of 

this study are explained in more detail. The results are subsequently presented and dis-

cussed. 

2 Scientific Foundation 

2.1 Artificial Intelligence 

The term artificial intelligence (AI) encompasses various algorithms capable of per-

forming tasks that typically require human intelligence. This includes the understanding 

of natural language, recognizing patterns, and learning from experiences (Banh and 

Strobel 2023; Castelvecchi 2016; Winston 1993). Subcategories of AI include Machine 

Learning (ML), which involves developing algorithms that can solve problems inde-

pendently by learning from data, and Deep Learning (DL), a special form of ML that 

uses neural networks to model data structures or recognize patterns in large datasets 

(Goodfellow, et al. 2016; Janiesch, et al. 2021; Samtani, et al. 2023). Neural networks 

are computer-generated models whose structure and function are inspired by the human 

brain (Goodfellow, et al. 2016). 

2.2 Generative AI 

GAI emerged from advances in DL, positioning it as a subcategory of DL. The key 

distinguishing feature of GAI from other forms of AI is its generative approach. García-

Peñalvo and Vázquez-Ingelmo describe the operation of GAI as the creation of novel 

synthetic content across various forms to support various tasks (García-Peñalvo and 

Vázquez-Ingelmo 2023). In contrast, non-generative AI systems operate in a discrimi-

native manner, processing data to recognize classifications, regressions, groupings, or 

decision boundaries (Banh and Strobel 2023). Regarding the technical implementation 

of this concept, four variants are predominantly used by scientists: Generative Adver-

sarial Networks (GANs), Variational Autoencoders (VAEs), diffusion models, and 

Transformers (García-Peñalvo and Vázquez-Ingelmo 2023; Banh and Strobel 2023; 

Bengesi, et al. 2024). Other types that can function both generatively and discrimina-

tively depending on training and architecture are recurrent neural networks (RNN), 

such as Long Short-Term Memory (LSTM) models (Yogatama, et al. 2017; Saka, et al. 



 

 

2021). Two models presented in Chapter 4.1 as part of a use case are ChatGPT and 

Midjourney. ChatGPT is a GAI model based on the Transformer architecture and 

trained on large amounts of text data. It is thus classified as a Large Language Model 

(LLM). These have a human-like ability to understand and generate text (Teubner, et 

al. 2023). Midjourney is a GAI that can generate images from textual inputs. The exact 

architecture of Midjourney is not known, but it is suspected to be based on a diffusion 

model (Nikolenko 2023).  

2.3 Generative AI in Business Process Management 

Business Process Management (GPM) aims to design and control business processes 

so that organizations achieve their strategic and societal goals (Kampik, et al. 2024).  

Due to the versatility of GAI, promising approaches for its application have also 

emerged in this domain. For example, LLMs have been trained on process data to de-

sign and analyze processes (Beheshti, et al. 2023; Kampik, et al. 2024) or to automati-

cally generate process models from text (Kourani, et al. 2024). In addition to LLMs, 

GANs have also contributed to process improvements (van Dun, et al. 2023). These 

recent research efforts demonstrate the significant potential of GAI  for GPM. 

3 Methodology 

3.1 Systematic Literature Review 

To address the research question, this study employed a systematic literature review as 

outlined by Tranfield, Denyer, and Smart (2003). This approach is preferred over the 

traditional literature review due to its reproducibility and transparency of results (Cook, 

et al. 1997; Hossain 2018; Tranfield, et al. 2003). A systematic literature review con-

sists of six steps: 1) Formulation of the research question 2) Planning the approach 3) 

Literature search 4) Application of exclusion and inclusion criteria 5) Quality assess-

ment 6) Synthesis of the literature (Jesson, et al. 2011). After formulating the research 

question, the scientific databases EBSCO, ProQuest, and Science Direct, which are 

among the mostcommonly used databases in management science, were searched 

(Tian, et al. 2018). The search terms used were "generative AI" AND "process optimi-

zation". Only peer-reviewed studies were considered, as these often hold a higher status 

within their research field (Podsakoff, et al. 2005). In Science Direct, there was also a 

restriction to "review articles" and "research articles". A total of 216 publications were 

found with these search criteria as of October 11, 2024.  

In the next step, the titles of the studies were analyzed. The inclusion criterion was 

that ML or AI was considered in a context transferable to companies to specifically 

optimize one or more processes. Following this selection process, the number of rele-

vant publications was reduced to 18. These were then read and analyzed in a further 

step. Studies that did not examine GAI as defined in this study or whose use cases were 

not transferable to companies were excluded. For studies detailing the GAI model, it 

was verified whether a GAN, VAE, Transformer, or diffusion model was employed. 



 

 

RNNs and LSTMs were only considered if they operate generatively. All other models, 

according to the definition of this study, are not GAI systems. After applying the men-

tioned criteria, 12 publications remained. Five of these publications were literature 

analyses. Publications relevant to the study were included from these analyses accord-

ing to the criteria mentioned above. The final publications included in the work 

amounted to 64 after applying the inclusion and exclusion criteria. Accordingly, a sig-

nificant portion of the publications stems from literature analyses, which may lead to a 

potential overweighting of the topics covered in those analyses.   Nevertheless, the ap-

proach was retained, as most studies included use cases spanning multiple categories. 

Furthermore, the evaluation did not focus on the number of publications discussing a 

particular use case, but rather on the total number of use case mentions across all pub-

lications, with a single paper potentially contributing multiple mentions.The analyzed 

publications are listed in the table of contents under "Analyzed Publications". The de-

tailed list of statements can be made available upon request via email. 

3.2 Qualitative Content Analysis   

From the 64 publications, the relevant statements regarding use cases of GAI were first 

extracted and then analyzed. For the analysis, the qualitative content analysis according 

to Mayring (2000, 2014) was used, as it is suitable for the systematic and theoretically 

grounded reduction of large amounts of text data to their essence and is also a widely 

used methodology in the scientific literature (Mayring 2000; Hanelt, et al. 2021; Mayr-

ing 2014). The first step is the formation of categories. In this work, both deductive and 

inductive category formation were carried out. This approach is recommended by 

Mayring (2014) when the research question is suitably formulated (Mayring 2014). 

To form the category system shown in Figure 1, the segments of the value chain 

according to Porter were first used deductively from the literature as categories to locate 

the applications in a business area (Porter and Millar 1985). In logistics, inbound and 

outbound logistics were combined because no relevant difference in the use of GAI in 

these areas could be determined.  The operations segment in Porter’s value chain was 

renamed manufacturing, and only applications applicable to the physical production of 

products were considered within this segment. In Porter’s original work, this segment 

encompassed both the production of physical products as well as the services a com-

pany offers. This limitation of scope was necessary to ensure a clear separation from 

other areas of the value chain and to avoid duplicate assignments. In marketing compa-

nies, marketing activities would otherwise be assigned to both the operations segment, 

as they represent the actual product or service, and the marketing segment, as the com-

panies market themselves. Furthermore, the category "cross-segment use cases" was 

added inductively to cover cases that can potentially be used in all segments of the value 

chain. 

To enable a more detailed analysis, these supercategories were inductively assigned 

subcategories based on the identified use cases. These subcategories represent process 

areas that group a thematically homogeneous group of different business processes and 

are located in the thematic field of the supercategory. The formed subcategories can 



 

 

also be found in Figure 1. The decision to use process areas instead of individual busi-

ness processes as subcategories is based on the fact that the same GAI use case can be 

used in several processes that are thematically similar. For example, a GAI in project 

management can create a schedule for the project and support the budget planning pro-

cess. Therefore, the process area in which the GAI application is found, in this case, 

project management, was established as a subcategory to abstract several thematically 

similar processes to a higher level. Additionally, each use case was evaluated according 

to its maturity level. The categories were: successful implementation, partially success-

ful implementation, unsuccessful implementation, promising research field, proposed 

research field, and no statement on maturity level. In this categorization, it was first 

examined whether the GAI use case was implemented and tested in practice, where-

upon the category implementation was assigned. The gradations within the implemen-

tation category were based on whether the GAI system showed full, partial, or no suc-

cess in the tested scenario. If a GAI use case was not practically implemented but was 

proposed as promising based on relevant arguments, the category research field was 

assigned. If the author mentioned successful technical implementations of similar use 

cases, for example, in another industry, the research field was classified as promising 

because concrete, transferable implementations already exist. If the argumentation was 

based solely on the theoretically explained properties of a G AI without referencing 

concrete implementations, it was classified as a proposed research field. 

A total of 113 statements extracted from the 64 examined publications were as-

signed to categories based on their definitions, which were recorded in a coding guide. 

After a test run with 38 statements, about 30% of the entire subject of investigation, the 

category system was adjusted as Mayring (2014) also recommends (Mayring 2014). 

Here, the inductive formation of the category "cross-segment use cases" took place. 

The remaining statements were categorized into this final category system. The subcat-

egories were continuously adjusted and expanded parallel to the categorization of the 

use cases into the supercategories. 

 

 
 

Figure 1: Category System 



 

 

Mayring also prescribes a reliability check of the categories (Mayring 2014). For this 

purpose, the statements were coded by another economist familiar with the methodol-

ogy. A Cohen's Kappa value of 0.772 was calculated from the two coded data sets, 

which, according to Landis and Koch (1977), represents a substantial agreement (Lan-

dis and Koch 1977). Thus, the procedure can be considered reliable. The check was 

only carried out for the supercategories, as the subcategories are very specific, and the 

assignment is therefore clearer. 

3.3 Visualization   

The extracted statements were visualized using a scatter plot in Jupyter Notebook. Each subcat-

egory represents a point in the scatter plot. The X-axis counts the number of use cases found that 

were assigned to the corresponding subcategory. The Y-axis represents the average maturity 

level of all use cases in the subcategory. For this purpose, the maturity levels mentioned above 

were assigned values from 0-3 according to Table 1. To facilitate a structured discussion of the 

results, the diagram was divided into quadrants Q1 to Q4: Q1 includes process areas with a high 

maturity level of 1.5–3 and at least eight use cases, Q2 the same maturity levels but with fewer 

than eight instances. Q3 contains areas with a low maturity level of 0–1.5 and fewer than eight 

cases, Q4 those with more than eight. Additionally, a minimal, random-based deviation of the 

point positions was allowed due to overlapping process areas. This enhances clarity, but it is 

important to note that the point positions are approximate for interpretation. Additionally, num-

bers were added in areas with overlapping data points 

Table 1. Maturity Level System 

Maturity Level Numerical Value 

Successful Implementation 3 

Partially Successful Implementation 2 

Unsuccessful Implementation 0 

Promising Research Field 2 

Proposed Research Field 1 

No Statement on Maturity Level 1 

Furthermore, a bar chart was created to depict the number of actually implemented 

use cases per process area. Research fields and applications without statements on the 

maturity level were excluded. 

 

 

4 Results 

4.1 Mature and Strongly Implemented Process and Business Areas 

 



 

 

 
Figure 2. Scatter Diagram 

Quadrant Q1 of the scatter diagram in Figure 2 is most relevant for identifying mature 

and well-researched GAI applications in process areas. Since Q1 already includes areas 

with frequent successful implementations, the most mature application fields for G AI 

are located here. The two most developed process categories in this quadrant are prod-

uct development and maintenance in manufacturing processes. In product development, 

there is a wide range of applications, such as supporting engineers with expert systems 

and generating product designs based on technical specifications. Many applications 

were found in the area of optical product design. Six studies address GAI systems that 

support the optical design process (Deng, et al. 2023; Radhakrishnan, et al. 2018; Ma-

katura, et al. 2023; Yin, et al. 2023; Wu, et al. 2024; Xu, et al. 2024b). All applications 

were successfully implemented, ranging from creating design proposals to facilitating 

collaboration between designers. One publication, for example, presents an implemen-

tation that integrates AI models such as ChatGPT and Midjourney. In the use case, 

ChatGPT is first used to generate adjectives that capture consumers' emotional re-

sponses to the design. Midjourney then creates a target design from these adjectives. 

Subsequently, various colored versions of the target design are created with the help of 

AI. Based on color harmony theory, the optimal color combination is then selected (Wu, 

et al. 2024). Other applications in product development focus, among other things, on 

the technical aspects of product design (Fritsche, et al. 2020; Decardi-Nelson, et al. 

2024; Kamnis 2023; Yang, et al. 2023). In maintenance, a common application is train-

ing ML models, which are used for early damage detection of production machines, 

with GANs. Collecting data for training these ML models is often time-consuming and 

difficult. Particularly, data on machine failures are rare and hard to find in large quan-

tities, as failures rarely occur (Liu, et al. 2022). The performance of ML models in 

damage detection is significantly influenced by the quality and quantity of training data. 

Specifically, one-sided training with predominantly healthy operational data and few 



 

 

datasets of damage cases is a widespread problem. GANs can be trained on a small set 

of damage data to generate synthetic datasets that closely resemble real data in authen-

ticity. This allows a substantial amount of training data for ML models to be generated 

from a small dataset. GAN systems can thus significantly accelerate and enhance the 

training of these ML models (Liu, et al. 2022; Zhou, et al. 2017). This application was 

identified in five instances, each successfully implemented (Wang, et al. 2018; Gao, et 

al. 2024; Shao, et al. 2019; Liu, et al. 2022; Decardi-Nelson, et al. 2024). Even when 

considering practical implementations in Figure 3, these two areas were leading. Other 

promising application fields are process management and optimization of manufactur-

ing processes. 

Quadrant Q2 includes areas that show promise due to individual successful imple-

mentations or positive results in comparable application domains but have not been as 

thoroughly researched as those in Q1. Applications in the manufacturing process and 

quality control are the most successful representatives of this quadrant. These areas 

could soon rise to Quadrant Q1. 

 

 
 

Figure 3. Bar Diagram 

 

Overall, applications in the manufacturing area have been extensively studied and ef-

fectively implemented. With the exception of employee guidance and training, all pro-

cess areas in the manufacturing environment are located in the top two quadrants and 

thus have a high maturity level. Among the six strongest implementation areas in Figure 

3, four areas are located in the manufacturing environment. 



 

 

4.2 Less Researched and Weakly Implemented Process and Business Areas 

The lower left area Q3 includes process areas predominantly discussed in theoretical 

terms or only proposed. Process areas where individual practical implementations were 

unsuccessful would also be located here. However, an unsuccessful implementation 

was only found once. Notably, many process areas have only a single use case with a 

maturity level of one. Looking at the value chain segments, it can be observed that all 

process areas within the marketing and sales segment are found in this area. 

Q4 would include process areas where applications were frequently implemented 

yet were unsuccessful, or frequently discussed but never practically implemented. 

However, this quadrant currently contains no process areas. It is important to note that 

no applications were identified in the human resources segment. 

5 Discussion of Results 

5.1 Commonalities of Mature Process Areas and Implementations 

The most advanced application fields identified in the study were product development, 

maintenance and repair, process management, manufacturing process optimization, 

manufacturing processes, and quality control. A clear commonality among these areas 

is their predominantly technical nature. Process areas where interpersonal interactions 

dominate or are primarily situated in the business environment, such as accounting or 

customer interaction processes in marketing or sales, are underrepresented. This could 

be because employees in technical domains are more intensively engaged with new 

technologies, as evaluating technological advancements is part of their job scope. Ad-

ditionally, AI systems have been in use in these technical areas for a long time, provid-

ing employees with experience with the technology. For other process areas, such as 

writing advertising copy, AI only became relevant with the introduction of ChatGPT in 

2022 (Marr 2023; OpenAI 2024). Furthermore, employees in these areas generally use 

fewer technologies in their work and tend to be less IT-savvy, which may result in these 

areas lagging behind in the adoption of new technologies compared to technical do-

mains. These domain-specific characteristics could also influence academic research, 

possibly leading researchers in technical fields to have been publishing on GAI systems 

for a longer time. 

Regarding the use cases assigned to the successful process areas, it is noticeable that 

many fundamentally deal with the analysis and subsequent context-specific interpreta-

tion of large data sets. This capability of G AI can be applied differently across areas. 

By analyzing textual data, for example, process knowledge databases can be created, 

or technical questions in maintenance or product development can be answered. Pro-

duction or sensor data can also be analyzed and interpreted with GAI. Of the 49 use 

cases identified in these process areas, 28 focus on data analysis and interpretation. 

Since the most successful process areas are technical in nature, this commonality is 

logical, as data analysis and interpretation is a relevant topic for this domain. 

Looking at the GAI models, it becomes evident that GAN models have particularly 

many successful implementations. All 21 use cases for GAN systems found in the study 



 

 

were successfully implemented. The exceptionally high maturity of these models could 

be partly due to the fact that GANs were developed as early as 2014 (Goodfellow, et 

al. 2014). Most of the other studies, on the other hand, use ChatGPT, which was only 

introduced in 2022, meaning many use cases have not yet been sufficiently investigated 

or exist only as proposals (Marr 2023; OpenAI 2024). 

5.2 Low Implementation Strength in Many Process Areas 

Of all the process areas, only four made it into Quadrant Q1, indicating a high level of 

maturity and frequent mentions. Additionally, no process areas could be identified in 

Q4, where areas with many mentions and low maturity are grouped. This suggests that 

the research field of G AI in terms of process optimization is still in its nascent stages. 

This is also evident when looking at the publication dates of the studies considered. The 

oldest publication dates back to 2017, and only 20 of the 64 studies considered were 

published before 2022. This observation is not surprising, as many studies use the rel-

atively new system ChatGPT as GAI (Marr 2023; OpenAI 2024). This might also ex-

plain why no areas were identified in Q4 and only one unsuccessful use case was doc-

umented. Currently, there are simply too few concrete implementations to identify a 

significant number of failed applications. 

At the same time, it offers an explanation for why many process areas were men-

tioned only once as a research field or proposal without concrete implementation and 

are therefore closely located in Quadrant Q3. The research field is very young, which 

is reflected in the maturity level and the number of use cases found. However, the use 

cases in Q3 should not be perceived as unpromising. Currently, there are insufficient 

statements in the literature to make a well-founded assessment of certain areas. An al-

ternative explanation for the lack of failed implementations, in particular, could be the 

so-called "publication bias" (Field and Gillett 2010; Rosenthal 1979). Studies that could 

not demonstrate significant effects or positive results are not published as frequently as 

studies that could demonstrate an effect. This results in a bias in the published literature 

in favor of significant effects or, in the case of this study, successful implementations 

(Dickersin, et al. 1992; Field and Gillett 2010; Greenwald 1975). 

6 Conclusion and Implications 

Contribution to Theory and Practice. On the theoretical side, this work synthesizes 

findings from various individual studies on the topic of GAI in business processes, of-

fering an overview of areas where research has already made significant progress and 

those requiring further attention. Process areas in Q2 are particularly compelling for 

researchers, as initial successes have been achieved, and further work can significantly 

contribute to their development towards implementation in companies. Q3 also serves 

as a valuable resource for researchers exploring less examined but promising GAI ap-

plication fields. For industry managers, Quadrant Q1 offers a reliable indication of 

which process areas GAI already possesses the necessary maturity for industry rollout. 

Simultaneously, managers should continuously seek new applications, as the field is 



 

 

still young and can develop significantly in a short time. Applications with the greatest 

long-term potential may currently exhibit low maturity levels but have the capacity for 

significant development in the coming years. 

Limitations. Although a systematic literature review was conducted, other researchers 

may discover additional publications when exploring the research question or classify 

the found literature differently regarding the selection criteria. Bartels and Reinders 

(2011) and Greenhalgh et al. (2004) assume that this limitation realistically occurs in 

every literature review. To counteract this limitation, the methodology was described 

and justified in detail to ensure reproducibility. However, it is assumed that this study 

was limited to analyzing a subset of the available literature. Furthermore, the aforemen-

tioned publication bias should be noted, as this study is limited to published studies. A 

potential bias in favor of successful implementations should be considered when inter-

preting the results. 

Further Research Fields. A promising avenue for research involves quantifying the 

benefits of GAI applications, for example, in the form of monetary savings through 

case studies, to enable a more objective assessment of the value contribution of the 

process areas. This consideration would provide managers with an even more detailed 

insight into the most promising application fields of GAI. In terms of value chain seg-

ments, marketing and sales emerge as promising areas for future research. In this seg-

ment, various proposals for GAI applications can be found, but there is a lack of tech-

nical implementations, as evidenced by the consistently low maturity level of the pro-

cess areas assigned to this field. Since marketing and sales activities also offer excellent 

opportunities to measure success, for example through likes on social media posts or 

conversion rates from prospects to buyers, practical work in this area could provide 

clarity on the effectiveness of GAI in this research field. Another potential research area 

is human resource management, as no literature on this topic was found in the context 

of this work, thus representing a poorly researched area. 

Conclusion. The integration of GAI into business processes is an emerging field with 

substantial potential. According to the research question, when examining the scientific 

literature, it can be determined that applications in the process areas of maintenance 

and repair, as well as product development, are particularly well-developed. Regarding 

company areas, the field of manufacturing stands out with many use cases with a high 

maturity level as particularly well-researched. At the same time, research in many other 

processes and company areas is still in its nascent stages. Thus, advancing research in 

this direction is essential for evaluating GAI applications using scientific methods and 

providing both researchers and practitioners with a sound basis for decision-making. 
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