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This study investigated the use of generative artificial intelligence in companies in the 

software industry. This was done by researching the applications, use cases and risks of 

generative artificial intelligence from literature. In addition, the best practices and risks 

related to the implementation of new technology were studied based on the literature. The 

research utilized theory about making an investment decision as a basis for a company's 

possible decision to invest in generative artificial intelligence. The part of the study was done 

in two parts. The first part listed use cases found in internet searches. The second part 

examined the utilization possibilities of large language models in the most common 

information technology occupations. This was done by comparing the features and functions 

of the language model to the individual tasks of each studied occupation. 

The results of the research show that there are several utilization possibilities for generative 

artificial intelligence in software companies. Large language models can bring the most 

benefits, helping employees to produce text and code. Applications that produce audio, video 

and images can also be useful in some tasks. The most obvious risks in the implementation 

of generative artificial intelligence applications are related to the uncertainty of the success 

of the implementation and the costs arising from it. Especially when building large 

generative artificial intelligence software, it is important to be aware of the development 

project's schedule, goals and risks already in the planning phase, before making the final 

investment decision.  
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Tässä tutkimuksessa tutkittiin generatiivisen tekoälyn käyttökohteita 

ohjelmistoteollisuudessa. Tämä tehtiin tutkimalla kirjallisuudesta generatiiviseen tekoälyn 

sovelluksia, käyttökohteita ja riskejä. Lisäksi tutkittiin kirjallisuuden pohjalta uuden 

teknologian käyttöönottoon liittyviä parhaita käytäntöjä ja riskejä. Myös 

investointipäätöksen tekemisestä koottiin teoriaa pohjaksi yrityksen mahdolliselle 

päätökselle investoida generatiiviseen tekoälyyn. Käytännön toteutus tehtiin kahdessa 

osassa. Ensimmäisessä osassa listattiin kirjallisuudesta ja internet-hauilla löydettyjä 

käyttötapauksia. Toisessa osassa tutkittiin suurten kielimallien hyödyllisyyttä yleisimmissä 

ohjelmistoteollisuuden ammateissa. Tämä tehtiin vertaamalla kielimallin ominaisuuksia ja 

toimintoja kunkin tutkitun ammatin yksittäisiin työtehtäviin. 

Tutkimuksen tulokset osoittavat, että generatiiviselle tekoälylle löytyy useita käyttökohteita 

ohjelmistoalan yrityksissä. Eniten hyötyjä pystyvät tuomaan suuret kielimallit, auttaen 

työntekijöitä tekstin ja koodin tuottamisessa. Myös audiota, videota ja kuvia tuottavat 

sovellukset voivat olla hyödyllisiä joissain tehtävissä. Selkeimmät riskit generatiivisen 

tekoälyn sovellusten käyttöönotossa liittyy käyttöönoton onnistumisen epävarmuuteen ja 

käyttöönotosta aiheutuviin kustannuksiin. Etenkin rakennettaessa suuria generatiiviseen 

tekoälyyn phjautuvia ohjemistoja, kehitysprojektin eteneminen, tavoitteet ja riskit on syytä 

tiedostaa tarkkaan jo suunnitteluvaiheessa, ennen lopullisen investointipäätöksen tekemistä.
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1  Introduction 

In artificial intelligence, the emergence of generative models has unleashed the potential for 

machines not only to analyze and process data but also to create novel content. GenAI 

(Generative artificial intelligence) started to gain interest in the end of 2022 after OpenAI 

had released its chatbot ChatGPT (OpenAI 2022). ChatGPT gained huge popularity after its 

release and ChatGPT powerd by the GPT version 3.5 attracted a million users in five days 

and surpassed 100 million active users in only two months (Hu 2023).  

The pace of technological advancements took another leap forward in March 2023 with the 

launch of GPT-4 by OpenAI (OpenAI 2023). Simultaneously, Microsoft introduced Copilot, 

an AI assistant tailored for Office 365 (Spataro 2023), while Google released BARD, a 

conversational AI chat for its Workspace apps (Pichai 2023). After this, also other useful 

GenAI solutions have been published for generating text, pictures, audio and other types of 

content. This development is anticipated to have a profound impact on businesses, having 

many capabilities over older technologies. Despite GenAI also containing challenges and 

limitations, forward-thinking enterprises need to be ready to leverage it quickly and 

effectively. These new technology advancements give interesting possibilities to companies 

for making their working processes more efficient and making also totally new business 

processes possible. (McGovern 2023) 

This master’s thesis takes a closer examination on generative AI and specifically its 

implementation and possible use cases in software industry. 

1.1  Background 

The development of generative AI solutions has been fast over the past few years. Artificial 

intelligence itself has been developing for a long time, but the applications of GenAI 

published in recent history have specifically brought content-producing artificial intelligence 

and its possibilities into discussions. GenAI being one of the hot topics of today’s software 
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industry, tech companies must be taking advantage of it to stay competitive. This is also the 

reason why this study is conducted. 

Generative AI technology undoubtedly holds significant potential across various industries, 

including healthcare, finance, manufacturing, business, education, media, and enter-

tainment. If generative AI fulfills its potential, it could disrupt the labor market and impact 

approximately 300 million full-time workers and contribute to a seven percent increase in 

the annual global gross domestic product over the next decade, according to research by 

Goldman Sachs (Strauss 2023). 

While many experts believe that current generative AI technology will not entirely replace 

human workers but rather automate specific tasks, the landscape is evolving rapidly. Con-

sequently, we may witness long-term transformations in various aspects of life, including 

work dynamics, education methods, entertainment experiences, etc. Despite its promising 

outlook, the precise role of generative AI in our world remains somewhat unclear (Hawley 

2023).  

Some of the recently published studies have examined the possibilities for GenAI in 

companies and more studies are being published at a fast pace. Previously for example 

Eloundou et al. (2023) researched the potential effects on occupations across all industries. 

This kind of broad scope however leads easily to results that can not precisely be generalized 

in all industries in terms of actual effects but is rather an attempt to create a bigger picture 

of such new technology’s possibilities. This master’s thesis strives to focus more on one 

field, to give a comprehensive understanding of possible use cases of GenAI specifically in 

software industry.  

1.2  Objectives, research questions, limitations 

The main goal of the research is to map how generative artificial intelligence can be utilized 

in information technology field’s businesses, and to evaluate the best uses for it. The research 

tries to find answers to the following research questions: 

 

How generative artificial intelligence can be utilized in software industry occupations? 
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What are the risks and best practices of making the investment decision and implementing 

generative artificial intelligence systems? 

 

The goal of the research is to represent a list of the most common GenAI use cases in 

software industry, and to estimate GenAI utilization possibilities in different software 

industry occupations. To make the estimation of utilization possibilities more informed, also 

the best practices and most common failures of implementation are researched and listed as 

a result of this study. 

The research helps companies to understand what kind of cases generative artificial 

intelligence is already successfully used for, where its utilization could be possible and what 

kind of risks or problems are most commonly associated with its implementation. By 

mapping existing and possible future use cases, companies can target their own working 

processes and employee trainings in the right direction, by training the employees, that get 

the most benefits from GenAI systems to utilize them first. 

The results of the research can be generalized for a wider group of companies in software 

industry, and it can be useful for all companies that are thinking about implementing 

generative artificial intelligence solutions. 

The technical attributes of GenAI are not handled deeply in this thesis, and the focus is rather 

on the utilization, benefits and implementation of the GenAI solutions. Also, the possible 

future, more advanced versions of GenAI solutions are not considered in case of assessing 

the best use cases, and the focus is mainly on the current systems. The goal of the study is 

not to give a simple, tailored answer on what purpose every company should use GenAI for, 

since business specific and even employee specific processes should affect highly on the 

final implementation decisions. However, the results can give companies a good base for 

evaluating possible use cases for GenAI. 
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1.3  Research method and data 

The research uses qualitative research methods in the literature review, when describing 

GenAI and the most common types of GenAI applications, risks and best practices of 

implementation. The first part of the theory defines GenAI, presents its benefits and risks as 

a technology and presents the most common forms of GenAI. This section is used as a base 

information for analyzing the utilization possibilities and risks. The second part of theory 

focuses on making an investment decision and implementing new technology. This section 

provides information about the critical decisions that need to be made to implement new 

systems, including generative AI systems, efficiently. 

In the empirical section, descriptions of generative artificial intelligence use cases are 

searched from internet articles. The work presents the most important use cases as a result. 

Use cases are searched for in internet newspapers and company websites to have a larger 

amount of hits than if only searched from scientific articles. The most commonly mentioned 

use cases are presented in the thesis in a table, having a short description of the use case. The 

use cases are searched for three phases of software development process: requirement 

engineering, software development and software testing. The goal is not to present all 

possible use cases for these processes, but rather to give examples of the most popular use 

cases. 

In the second part of empirical study, quantitative research methods are implemented. First, 

the researched occupations are chosen, and then a list of work tasks related to each 

occupation are gathered. After this, each task is evaluated based on whether a GenAI 

application ChatGPT could reduce the time used on each task. In the end the assessments 

are compiled under the occupation titles, for comparing the utilization possibilities in the 

chosen occupations. The list of occupations and tasks related to each occupation are gathered 

from the O*NET Resource Center website (O*NET 2023). Comparable research method 

and data have been also earlier used in other studies (Eloundou et al. 2023; Felten et al. 2018, 

2023). 

This research method is well suited for this research as well, since all the similar studies 

focus on the possible effects of artificial intelligence on work. Also in this study, getting a 

broad picture of the entire market is important. Because of this, O*NET's material is suitable 

as source data, consisting of information from a broad range of occupations. The job 
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descriptions offered by O*NET cannot be completely comprehensive or precise, as the 

material contains general information about the occpations in all industries, and usually the 

tasks have some company specific variance. However, for the purposes of this research, it is 

more important to get a broad overview than to evaluate each occupation completely 

precisely. 

1.4  Structure of the report 

The first theoretical chapter of the thesis focuses on the current state and development of 

generative artificial intelligence from history to this moment and introduces artificial 

intelligence and machine learning as concepts in a broader sense as the basis of the theory. 

The risks and opportunities of generative artificial intelligence are also reviewed. Also, the 

most common forms of generative AI applications are introduced. The information about 

characteristics of the applications is utilized later in this study when making the work task 

assessments. 

In the second chapter of the theory, the concept of new technology implementation is 

handled. In this section, the best practices in implementing new technologies are introduced. 

The section also focuses on factors that should lead to successful implementation of new 

technologies. Also, the process of making an investment decision, and the critical points of 

the process are reviewed. The information gained from this chapter is later used in making 

the assessments on whether it would be reasonable to build additional software on top of 

ChatGPT and what are the risks of implementing such systems. The chapter also gives 

important information about implementation risks that the other sections of this study do not 

cover. 

In the research design chapter, it is introduced how the research questions are answered, 

containing also a more precise introduction on how the use cases for this thesis are gathered 

and how the work task assessments are made. After this, the found use cases are presented 

in tables in the Results chapter. Also, the assessments of utilization possibilities in different 

occupations are presented in the same chapter. At the end of the report, the conclusions of 

the study are represented in separate chapter, containing answers for the research questions 

and possible future reseaerch ideas. 
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2  Generative Artificial Intelligence 

In this chapter the concept of generative AI is examined more deeply, and the chapter seeks 

to introduce information about GenAI’s definition, history, benefits and risks and different 

forms of it. Also, artificial intelligence as a whole is explored for gaining base information 

about the technology. 

2.1  Defining AI and GenAI 

The term "artificial intelligence" became widely known as early as the 1950s when Alan 

Turing introduced the imitation game, known as the Turing test. In the game, a human asks 

questions, and if the machine cannot be distinguished from a human by the answer, the 

machine can be considered intelligent (Turing 1950). These days the characteristics of 

artificial intelligence include the ability to learn from past experiences and apply that 

learning to new, previously unseen situations. (Chollet 2018; Chowdhary 2020, p. 3). It 

generally refers to the imitation of human or animal intelligence in the functioning of 

machines and is often used in attempts to replace humans in tasks typically performed by 

them (Chollet 2018). According to Nti et al. (2021) AI is "an extensive branch of computer 

science concerned with making a computer (machines), software or a computer-controlled 

robot perform tasks that typically require human intelligence or think intelligently.". Stein 

Smith (2020) define AI as "either a computer program or suite of programs that can either 

augment or eventually replace the need for human engagement and oversight in entire 

processes or at least portions of processes.". AI can also be defined as "manifold tools and 

technologies that can be combined in diverse ways to sense, cognize and perform with the 

ability to learn from experience and adapt over time" (Akerkar 2019, p. 3). So, obviously 

there is a lot of different definitions for the complex technology, which means it is not always 

so obvious to say which applications use AI and which do not, when only looking at the 

abilities of a system. 

Despite the difficulty of defining it through the abilities, the technical side might give a 

clearer picture. AI can be considered an umbrella term encompassing various applications, 

with subclasses such as machine learning (ML) and deep learning (DL). ML stands out as 
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the most commonly used method to build AI (Nti et al. 2021), with DL being a specific 

subset of machine learning (Chowdhary 2020, pp. 5–14). Machine learning refers to a 

technology that involves the utilization of algorithms and statistical models that learn from 

labeled training data, allowing them to identify patterns. It is a subfield of computer science 

that focuses on computers' ability to learn and improve their performance without explicit 

programming. It relies on mathematical and statistical methods to enable machines to 

recognize patterns, regularities, and connections in large datasets. Machine learning is 

widely applied across various domains, enabling computers to perform complex tasks and 

decision-making. (Chowdhary 2020, pp. 5–14; Du-Harpur et al. 2020; Shalev-Shwartz & 

Ben-David 2014, p. 19). ML is particularly useful when the problem at hand is too complex 

or requires adaptivity beyond what a directly programmed solution could achieve. Examples 

of complex tasks where ML excels, given sufficient learning iterations, include autonomous 

driving, image recognition, and speech recognition, among others. 

Artificial intelligence can be broadly divided into two categories by its capabilities: weak 

artificial intelligence and strong artificial intelligence. Weak AI aims to solve individual, 

limited problems, while strong AI seeks to solve complex problems independently similarly 

as intelligent beings. It refers to machine's capability to communicate, reason, and operate 

independently in both familiar and novel situations, reminding human capabilities. The term 

artificial general intelligence (AGI) can also be used interchangeably with the term strong 

AI. (Du-Harpur et al. 2020) In practice, AGI or strong AI are technologies of the future, and 

currently known AI solutions are applications of weak artificial intelligence. The term 

artificial general intelligence (AGI) should not be mixed with generative artificial 

intelligence (GenAI or GAI), which refers to content-creating AI solutions. 
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Table 1. Differences between Generative and Predictive AI (Lawton 2023). 

GENERATIVE AI PREDICTIVE AI 

Software development automation 

New content creation 

Summarizing complex documents 

Working with unstructured data 

Answering complex queries 

Working with different data formats 

Prone to hallucinations 

Heavy carbon footprint 

Expensive model training 

Sensitive data removal is difficult 

Transparency and explainability are difficult 

Automating analytics 

Simplifying complex analysis 

Streamlining data processing 

Working with structured data 

Improving analysis of well-known use cases 

Bias in underlying data, relying on historical 

data 

Overfitting to training data leading to 

prediction bias 

Unable to distinguish between correlation 

and causation 

Transparency and explainability are difficult 

 

 

AI can be also divided into two categories based on the attributes and type of output it 

generates. Predictive AI is making predictions and decisions using machine learning 

techniques. Generative AI is creating new content and translating data to new formats. The 

differences between these two areas of AI are introduced in Table 1. (Lawton 2023). 

Defining GenAI maybe is not as complicated as defining AI (once the concept of AI is 

defined). However, when the technology develops, the definitions usually also change based 

on the development. In short, GenAI can be seen as a subfield of AI that generates novel 

output by predicting subsequent elements, whether pixels in an image, musical notes in a 

composition, or words in a text sequence (Byrne 2023). Usually, GenAI uses sophisticated 

systems like GPT-4, Jurassic or Bloom to generate new content. The content can be in 

different forms, for example text, sound, images, or video. (Taulli 2023) 
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2.2  History of Generative AI 

The concept of AI was first introduced to general public by Turing (1950) like mentioned 

earlier. What qualifies as AI has evolved over time. Fifty years ago, a program that played 

tic-tac-toe would have been considered AI. Today, maybe not. However, broadly speaking, 

the history of AI can be divided into three distinct categories. (CIO, 2024) 

- Traditional Analytics: Over the past forty years, organizations have utilized 

analytical business intelligence (BI), which has since been rebranded as analytics due 

to advancements in technology. In general, analytics retrospectively examines past 

events to uncover insights. 

- Predictive AI: This forward-looking technology analyzes historical data to identify 

predictive patterns and then applies current data to generate accurate forecasts about 

future events. 

- Generative AI: GenAI processes various types of content, text, images, audio, and 

video, to create new content based on user specifications. (CIO, 2024) 

Generative AI technology has a relatively brief history. Although its development began 

around the mid-20th century, the most significant breakthroughs have occurred recently, 

primarily in the 2010s. Currently, its progress is accelerating at an extraordinary pace. As 

generative AI continues to advance, it is crucial for businesses to stay informed about the 

latest developments and adapt to the changes it will introduce. Understanding the potential 

of generative AI and its broader societal impact is essential for successfully adapting to and 

capitalizing on the opportunities it presents. A short version of the history of generative AI 

contains the following phases and milestones, as listed by Toloka (2023). 

1956: Introduction of AI as a scientific discipline. 

1958: Frank Rosenblatt proposes the first neural network, the scheme of a device that 

simulates the process in the human brain 

1964: Creation of ELIZA, one of the first generative AI chatbots. 

1982: Development of RNNs (recurrent neural networks) for generating sentences, taking 

prior information into account 
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1997: Introduction of a type of RNN: LSTM (Long Short-Term Memory) for processing 

long data sequences. 

2013: Development of variational autoencoders (VAEs). 

2014: Introduction of GANs (Generative Adversarial Networks), a breakthrough in 

generative AI for high-quality image generation. 

2015: Introduction of diffusion models for generating data based on noisy training data. 

2017: Proposal of the transformer architecture. 

2018: Release of the first GPT (Generative Pre-trained Transformer) model by OpenAI. 

2021: Launch of DALL-E for generating photorealistic images. 

2022: Introduction of Stable Diffusion and Midjourney AI image-generating tools. 

2023: Release of GPT-4, capable of generating longer texts up to 25 000 words. 

According to Al-Amin et al. (2024) some other remarkable steps in the history of generative 

AI include for example the creation of Markov chain that was the first statistical model to 

predict random sequences, introduced already in 1906. This method of Markov chain has 

been utilized for years in next-word prediction tasks, for example to autocomplete text in 

email software. Some other steps include also the introduction of Watson assistant in 2006, 

which is an AI system that can process and analyze even messy and unstructured data, unlike 

normal systems that are limited to certain formats. Also, the emergence of personal AI voice 

assistants, such as Siri, Alexa and Cortana in 2011-2014 are mentioned. (Al-Amin et al. 

2024) 

2.3  Impacts of Generative AI 

The most obvious benefit of GenAI might be the possibility to automate tasks that have been 

time-consuming and expensive in the past. GenAI could in these occasions reduce the time 

it takes to execute the task, and thus reduce the need for work power and costs. The reduce 

in time consumed has been studied for example by Al Naqbi et al. (2024).  

In addition, the quality of work can be increased with using a GenAI solution to assist in 

tasks. This has been studied for example by Somers (2023). They studied how ChatGPT 
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could assist in two different tasks. First task was matching well the capabilities of ChatGPT, 

and the task included making marketing ideas and writing text about the ideas. Second task 

was close to similar but slightly edited to be a little more complicated and requiring more 

rationale. In the first task the grades were increased substantially, but in the second task the 

scores decreased a little. This shows that knowing the technology’s limit is important, so the 

applications are not used for use cases they are not capable to do. (Somers 2023). One of the 

benefits might also be the increased employee satisfaction and employee engagement, due 

to more interesting jobs and reduction of repetitive tasks (KPMG 2024). 

While AI models have great benefits and can be valuable for work efficiency, they also bring 

significant challenges. One is the need to have a large amount of high-quality training data 

for AI and ML algorithms. Data collection, labeling, and annotation are all very pricy and 

time-consuming tasks. The data may also be biased or noisy, which can affect the reliability 

and accuracy of the models. For instance, if the model learns from a dataset containing 

gender stereotypes, it might generate text that perpetuates these biases. (Dwivedi et al. 2023). 

Additionally, to process vast amounts of data, construct models, and generate real-time 

predictions, AI systems require substantial processing power. This poses challenges in 

robotics applications, as robots are restricted by limitations in energy and computing 

capacity. (Baduge et al. 2022). According to Dwivedi et al. (2023) the risks associated with 

GenAI adoption in any business sector, should be evaluated based on the specific use and 

application. The risks arise from the quality, authenticity, and reliability of the data utilized 

to train the model, as well as how the model is supervised and adjusted by human designers 

and developers. 

In a broader sense, the profound and long-lasting impacts of over decades developing 

general-purpose technologies, such as GenAI, are challenging to predict. (Bessen 2018; 

Benzell et al. 2021). Unlocking the full potential of general-purpose technologies require 

substantial co-invention efforts, which involve costly and time-consuming processes such as 

discovering new business procedures (Brynjolfsson et al. 2021, Feigenbaum & Gross 2021). 

Consequently, many studies on machine learning technologies emphasize the importance of 

systems-level adoption, suggesting that organization’s systems may need redesigning to 

effectively leverage novel machine learning tools (Goldfarb et al. 2023). 

Many studies have shown that workers doing repetitive tasks are at a higher risk of losing 

their jobs due to technological advancements (Acemoglu & Restrepo 2018). Automation 
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technologies have also contributed to wage inequality, primarily due to a decrease in relative 

wages for employees who specialize in routine duties (Van Reenen 2011). 

According to the National Institute of Standards and Technology (2023) ChatGPT and other 

GenAI solutions have several risks, including black-box algorithms, discrimination and 

biases, vulgar language, copyright violations, plagiarism, and the creation of fake content. 

Organizations need to understand and manage these risks through ethical evaluations and 

bias screening alongside regular risk assessments, due to the evolving nature of algorithms 

and the varied data used for training. (National Institute of Standards and Technology, 2023). 

An AI pioneer Geoffrey Hinton has also expressed concerns about AI surpassing human 

intelligence and being misused by malicious actors or authoritarian leaders. Hinton 

highlighted AI's ability to share knowledge instantly, far exceeding human capacity. People 

like Elon Musk and Valérie Pisano have also shared his concerns publicly. Musk for example 

has criticized Google co-founder Larry Page for neglecting AI safety, and Pisano called for 

stricter safety protocols in AI development. Hinton's fears are not pointless as AI-generated 

content can blur truth and fiction (like a viral image of Pope Francis in a Balenciaga coat). 

He also warned about AI's impact on jobs, disrupting roles like paralegals and personal 

assistants. Toby Walsh from the University of New South Wales AI Institute emphasized 

critical thinking and verification in the face of AI-generated media manipulation. (Metz 

2023) 

This phenomenon of fake content has been studied for example by Else (2023) who found 

out that ChatGPT faces a significant challenge due to the emergence of deep fake text, having 

a capability to produce convincing fake abstracts for research papers. 

Yet another issue is the lack of awareness regarding local rules and regulations. ChatGPT 

functions globally, and its responses may not adhere to local laws and regulations. 

Consequently, this may lead to the dissemination of information that is legally or culturally 

inappropriate. (Dwivedi et al. 2023) 
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Table 2. Impacts of Generative AI 

BENEFITS LIMITATIONS AND RISKS 

Increase in work efficiency (Al Naqbi et al.  

2024) 

Need for accurate adjusting and supervising by 

designers and developers (Dwivedi et al. 2023) 

Increase in employee satisfaction (KPMG,  

2024) 

Inaccuracy due to low quality or too small amount of 

training data (Baduge et al. 2022) 

Increase in work quality (Somers, 2023) Increase in wage inequality (Van Reenen, 2011). 

 Lack of transparency, discrimination and biases, 

vulgar language, copyright violations, plagiarism, 

and the creation of fake content (National Institute 

of Standards and Technology, 2023). 

 Workers with repetitive tasks losing jobs (Acemoglu 

and Restrepo, 2018). 

 Need for vast amount of processing power (Baduge 

et al. 2022) 

 Need to discover new business procedures, co-

inventions and redesigning old systems 

(Brynjolfsson et al., 2021; Feigenbaum & Gross, 

2021; Goldfarb et al., 2023) 

 Fake content and media manipulation (Metz, 2023; 

Else, 2023) 

 Global tools’ like ChatGPT’s lack of awareness 

regarding local rules and regulations (Dwivedi et al., 

2023) 

 

The impacts of GenAI are summarized in Table 2. Although this section introduces 

numerous risks, limitations, and drawbacks, most of these challenges can be addressed by 

companies with sufficient focus on implementation and careful utilization. For instance, the 

need for training data and processing power is more about a company's resources than an 

absolute blocker. Often, the benefits of GenAI outweigh the drawbacks, but it is crucial to 

use it safely and carefully to mitigate these risks. 
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2.4  Forms of GenAI 

Generative AI systems offer diverse applications, with capabilities of text, image, audio, 

video and 3D model generation. In this chapter the most common forms are introduced 

regarding text, audio and image generation. The chapter does not handle all possible 

applications, but rather the most important for this research. For example, video and 3D 

model generating are not handled more deeply. 

2.4.1  Generating text 

In recent years, especially those GenAI models that are handling complex tasks using natural 

language, have gained significant attention (Brown et al. 2020; Kaplan et al. 2020). These 

models, including GPT-4 and LaMDA, excel at tasks like translation, classification, creative 

writing, and code generation, surpassing previous models due to increased parameters, more 

training data, and improved configurations (Eloundou et al. 2023). The rise of user-friendly 

interfaces such as ChatGPT, Bing Chat, and Google Bard offers both opportunities and 

challenges for businesses, impacting the design and operation of information systems. 

(Teubner et al. 2023) 

These AI systems use advanced natural language processing (NLP) techniques, particularly 

neural transformer models, to engage in fluent human communication. LLMs built on 

transformer architecture and trained on vast textual data, match human capabilities in text 

comprehension and generation. LLMs assist with tasks ranging from proofreading to code 

generation, exemplified by tools like GitHub Copilot (Github, 2023). Also, ChatGPT 

demonstrates proficiency in some coding tasks, such as parsing tables from a PDF file into 

organized markdown code. 

Reinforcement Learning from Human Feedback (RLHF) enhances the quality of generated 

text by aligning AI decisions with human values, as seen in the GPT-3 variant text-davinci-

003 (also called GPT-3.5) (Abramson et al. 2022). ChatGPT, derived from GPT-3.5, was 

publicly released on November 30th, 2022, making advanced AI technology widely 

accessible and demonstrating its potential to general public (Teubner et al. 2023). 
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Despite its success, ChatGPT (at least with GPT 3.5) has limitations, including generating 

incorrect answers, struggling with basic calculations, and exhibiting moral judgment errors, 

political bias, and fake citations. For example, playing a chess game is not an appropriate 

task for ChatGPT as much as for ML-powered chess engines like Stockfish. ChatGPT still 

pretends it can play but makes mostly illegal moves. Basic multiplying calculations also are 

tested to lead to almost correct, but ultimately incorrect answers (for example, according to 

ChatGPT 1234×123=151482, when the correct answer is actually 151782). These issues 

highlight the need for cautious use and ongoing refinement of AI tools. The competitive 

landscape includes startups like Claude, developed by former OpenAI employees, indicating 

a rapidly evolving field. (Teubner et al. 2023). 

2.4.2  Generating images 

Generative AI systems offer various interaction methods beyond text, such as using natural 

language prompts to create images. Popular platforms for this include Midjourney, DALL-

E 3, and Stable Diffusion. (Taulli 2023). To illustrate (for example in DALL-E), suppose 

you can input a short text description of what you want, and DALL-E will generate images 

for you to pick the best one. If you find one you like, you can further edit it using prompts, 

such as "make the image lighter.” (OpenAI 2024) 

Generative AI systems offer various other methods for working with images, such as image-

to-image translation. This enables converting paintings into another style, such as cubism, 

and can also be applied to sketches. Common options for image-to-image conversions 

include transforming a day photo into a night photo, converting a black-and-white photo to 

color, changing a photo from one season to another, altering the age of a face in a photo, or 

adjusting the angle of a photo. Additionally, you can use generative AI to transform images 

into illustrations, drawings, or emojis. Also converting a drawing into a photo is possible, 

which could be beneficial for tasks like drafting specifications at a construction site or 

creating maps. (Taulli 2023) 
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2.4.3  Generating audio 

Generative AI in the context of audio refers to the use of artificial intelligence algorithms 

and models to create and produce audio content. These AI systems have the capability to 

generate music, speech, sound effects, and other types of audio without the direct invol-

vement of musicians or voice actors.  

Generative AI in speech involves two main systems: Automatic Speech Recognition (ASR) 

and Text-to-Speech (TTS). ASR converts spoken words into text using deep learning 

algorithms, aiming to minimize word error rates (Bazeley 2022). TTS, also known as voice 

cloning, converts text to speech and is used in customer support, marketing, online courses, 

and audiobooks. (Taulli 2023). Despite advancements, challenges like robotic voice output 

and handling dialects and accents persist (Stupp 2019). A notable application is Microsoft's 

VALL-E, a model that can clone voices, even simulating emotion and acoustic environment 

using extensive training data (Wang et al. 2023). The audiobook industry, with revenues 

potentially exceeding 35 billion dollars by 2030, is probably the greatest example of the 

significant impact of generative AI in making audio production more efficient and 

accessible. (Cecco, 2023) 
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3  Implementation of GenAI Systems 

In this chapter, the factors affecting whether the implementation of GenAI systems is worth 

investing in, are investigated. The chapter deals with making the investment decision, which 

is also an essential thing to consider when investing in the GenAI system, especially if the 

planned GenAI solution requires company-specific software development on top of existing 

GenAI system. The best practices of implementation are introduced, as well as the decisions 

that have led to unsuccessful implementations in history. 

3.1  Investment Decision 

Investment planning generally is influenced by an investor's past profits and future profit 

expectations. According to Harcourt et al. (1967), a company needs to consider expected 

profits, risks, and the cost of funding when planning investments. Investment decisions are 

subjective and depend on expected costs, knowledge of improved techniques, and risk 

perception. Companies also need to consider the pay-off period of an investment project 

before committing to invest.  

Avram et al. (2009) emphasize the importance of thoroughly understanding potential 

opportunities to make sound investment decisions, as poor decisions can lead even to 

bankruptcy. Indicators for evaluating investments should be chosen based on the project's 

specific nature and available information. Investment planning involves allocating resources 

for the medium or long term, aiming to recover costs in shorter time period to achieve higher 

profits. The economic and financial environments, however, produce uncertainty to expected 

results, which makes the predicting difficult. (Virlics 2013) 

Investment decision making can be studied empirically and theoretically, with historical and 

institutional considerations being crucial. Jorgenson (1967) argues that combining empirical 

and theoretical approaches can enhance understanding. Econometric models must be tested 

empirically to ensure how they perform. 
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The neoclassical theory of investment assumes agents can estimate numerical probabilities 

of expected returns, but this approach has been criticized as ideological (Crotty 1992). 

Neoclassical models view companies as risk-neutral, with risk primarily coming from capital 

costs. However, investment mistakes are less costly if capital is liquid, whereas illiquid 

capital investments are irreversible and costly, indicating a need for risk-averse management. 

In the context of GenAI investments, the risks are likely to be of the higher end when the 

investment includes building a company specific software on top of existing GenAI 

solutions. If implementation comes out unsuccessful, reselling the built software is difficult 

because the models would still need adjusting for other company’s needs. Since there is still 

a low number of empirical cases for the newest GenAI solution implementations, the 

uncertainty about implementation risks is increased even more. To build such systems, a 

company should gain as much information as possible on other similar system investments, 

to get a good understanding on the investment. 

When the company considers implementing existing GenAI solutions, the investment risks 

are lower. The company does not need to build a new software, which decreases the 

uncertainty noticeably. Depending on the wanted tool, there still might be related costs. 

Some public applications for example have monthly fees. Buying using rights for a big 

company can be very expensive, so it should be still considered carefully, for which tasks 

the technology should be used for, and for whom the using rights are given. Even if using 

the application is free, training the employees to utilize it in a beneficial and safe ways, take 

some time. So, even in these cases it must be estimated whether training the employees in 

working time is reasonable. 

Optimal capital accumulation theory involves maximizing the utility of a consumption 

stream and acquiring investment goods. Jorgenson (1967) notes that there are different 

versions of the neoclassical theory regarding what companies should maximize.  

Maximizing the company's present value is consistent with utility maximization only under 

some conditions. According to Fisherian analysis, no universal formulas exist for investment 

decisions. (Virlics 2013). When estimating the profitability of the possible GenAI 

investment, companies should have in mind, that the goal is not to use the implemented new 

system as much as possible, but rather to create a system that maximizes the investment’s 

net present value. This should lead to investing in automating the most time-consuming and 

expensive tasks first and leaving the smaller and cheaper tasks untouched. Making the final 
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decisions on the design of the software, this might also lead to limiting the amount of work 

put in the software development. The result could be for example systems that do the tasks 

partially, leaving some parts of the tasks for humans to finalize. 

3.2  New Technology Implementation 

New technology implementation in software projects often exceed time and budget, leading 

to significant consequences. Despite investments, many struggle to harness technology's full 

potential due to challenges in integration and skill development. In software implementation, 

studies, for example by The Standish Group, reveal that over 70% of ERP (Enterprise 

Resource Planning) implementations exceed their scheduled timelines and budgets. Much 

of the literature aimed at resolving these issues focuses on prescribing 'best practices' for 

successful implementation. (Plaza et al. 2010). These best practices include: 

- Adopting to the new software: This approach encourages project managers to align 

their business processes with the new software rather than modifying the software to 

fit existing processes (Sumner 2000). 

- Avoiding software customization: Customizing software can be costly and time-

consuming. Researchers recommend minimizing customization to maintain 

consistency and reduce complexity (Murray and Coffin 2001). 

- User training: Adequate training ensures that users are comfortable and proficient 

with the new system, which is essential for successful implementation (Al-Mudimigh 

et al. 2001). 

- Software development team training: Effective training and continuous learning can 

significantly enhance the capabilities of the implementation team, while robust 

project management practices can keep the project on track (Verville & Halingten 

2002). 

- Defining and analyzing critical success factors (CSFs): Identifying CSFs helps 

managers focus on the essential elements that influence the success of 

implementation projects (Akkermans et al. 1999). 
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- Identifying project risk factors: Understanding and mitigating risks, and prioritizing 

the biggest risks based on impact and likelihood is crucial for avoiding pitfalls during 

implementation. Various frameworks and methodologies, such as risk assessment 

matrices and expert judgment, aid in systematically evaluating and ranking risks to 

inform decision-making throughout the implementation process. (Sumner 2000, 

Srikanth et al. 2016, Ahsan 2023) 

In GenAI, after the investment decision is made, it is crucial that building the system is done 

effectively. The employees or their representative need to be heard and listened in final 

design related decisions to be sure that the solution serves employees as hoped. 

Overdeveloping the software must be avoided, if there is a risk that it leads to stretching the 

schedule. The project team developing the system must be skillful and knowledgeable about 

the technology and the requirements. The development team also needs to be trained 

properly during the project if needed, to complete the project effectively.  

In the implementation phase itself, the affected employees should be informed and trained 

to use the application effectively. In this, managers’ roles are decisive, to make sure the new 

technology is used in the optimal way. After the initial implementation, the models can be 

further refined based on user feedback. For example, LLMs need also the data to be updated 

regularly for it to give users new enough information on any given subject. Ensuring the 

quality of input data is crucial for accurate results. To avoid biases in data, diversifying 

sources, verifying data quality, avoiding human biases, and using algorithms to detect biases 

are recommended. (Mogaji & Nguyen, 2022).  



27 
 

4  Research Design 

In this chapter the methods for answering research questions are introduced. First, it is listed 

how the search criteria for existing use cases is determined. Then it is explained how the 

research estimates ChatGPT utilization possibilities in different software industry related 

occupations. The risks and best practices of implementing and investing in GenAI are 

collected directly from the literature review and the methods of this are not handled more 

deeply in this chapter. 

4.1  Use Case Search 

In this part of the study, the use cases of generative AI are examined based on internet 

articles, news and blog texts. The decision to focus on internet sources rather than scientific 

articles, was made to get the most recent information also on those cases that do not have 

research done about them. With a lot of data available, it is also possible to have a partially 

quantitative approach and to only introduce the use cases which have been most talked about 

in the articles. 

The goal of this part of the study is to list the most common use cases in three phases of 

software development process: requirement engineering, software developing and software 

testing. While these three do not make a whole software development process, most teams 

tend to have most employees working on these subjects and a large part of daily work 

consists of these actions. The Figure 1 shows which parts of development process are 

handled in this part of the study. The figure shows a development process as described in 

Waterfall model, which has been historically a common way of working in software 

development projects. In the Figure 1 the steps marked with green box are handled in this 

part of the research. The yellow ones also are closely related to requirement engineering, so 

some use cases touch also those areas. The only step that is completely not cosindered, is 

operations, so tasks like installation of new versions of software are excluded from this part 

of the study. 
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Figure 1. Waterfall model (Wilfred, 2017). Steps that are considered in this part of the study 

are marked with green color and the ones that are partially considered are marked with 

yellow. Gray steps are excluded from this part of the study. 

 

To find the use cases for GenAI, Google-searches were used. The searches were made in the 

week 22 of 2024. The search words used were: 

- “generative AI use cases software testing” 

- “generative AI use cases software developers” 

- “generative AI use cases requirement engineering” 

After the search, a total of 18 search results were chosen to be included in the study. The 

websites to be used were chosen from the beginning of the search results list. If a search 

result contained some other type of media than text, they were not used, and the next result 
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was used to replace it. The texts needed to be articles, blogs or news, and for example adverts 

or sponsored search results were skipped. The texts also needed to contain at least one use 

case for generative AI for the searched task. 

When the texts were selected, the use cases were compiled into tables that contain the 

information about the working task, a couple word description on the use case and the 

references to the source texts in which a use case was mentioned. To make the list of use 

cases shorter and to find the most important ones, the texts were analyzed, and similar use 

cases were combined into one point in the result tables. For this kind of use case, all the 

different sources were listed as a reference. 

To represent only the most popular use cases, only the ones which had multiple references 

are mentioned in results. 

This approach has similar attributes as random sampling studies as it only analyzes some 

internet articles with the goal to generalize the foundings. The study is combining methods 

from both quantitative and qualitative research. According to Coyne (1997) sampling can 

give a good understanding of phenomena, based on descriptions of indivdual cases in the 

population, when the whole population is too large to be analyzed. One concern about this 

method is that since all the data cannot be analyzed, the sample does not necessarily represent 

accurately the whole population. In this case it means that all the most important use cases 

did not necessarily have multiple references in the texts that were used and for this reason 

are not introduced in this study. Another issue for repeating the study is the nature of Google 

search results, which are affected by the phrasing of search words as well as the result’s 

popularity and search engine optimizations, region of the searcher etc. 

4.2  Estimating ChatGPT Possibilities in Occupations 

Other part of the research strives to estimate, in what extent ChatGPT could be utilized in 

software industry occupations. This is done by estimating software industry’s occupations’ 

working tasks’ exposure to ChatGPT. The research method is in the main part following the 

research method earlier used by Eloundou et al. (2023) with some variation. Some other 

similar research have been conducted by Autor et al. (2003), Acemoglu and Autor (2011) 

and Acemoglu and Restrepo (2018). 
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The O*NET 28.3 database (O*NET, 2024) is used. O*NET is containing and collecting data 

on large amount of occupations, including their respective detailed work activities and tasks. 

A task in O*NET is an occupationally specific unit of work. An example of tasks are 

introduced in Table 3. The dataset that is used in this research consist of: 

- 18 Occupations. The occupations were selected from the list of Computer and 

Mathematical job family in O*NET. Since the list of occupations in this list was 

containing also occupations that are not in the scope of this research, the list of 

occupations was further trimmed to contain only the most common job titles in 

software industry. For example occupations like Video Game Designers, Blockchain 

Engineers and Bioinformatics Technicians were left out. 

- 396 tasks, including the information about linked occupation and a task description. 

 

Table 3. Example of O*NET task description and related occupation. 

OCCUPATION TASK DESCRIPTION 

Computer and Information Systems Managers Purchase necessary equipment. 

Computer and Information Systems Managers Manage backup, security and user help systems. 

Web Developers Write supporting code for Web applications or Web 

sites. 

Web Developers Design, build, or maintain Web sites, using authoring or 

scripting languages, content creation tools, management 

tools, and digital media. 

Web Developers Back up files from Web sites to local directories for 

instant recovery in case of problems. 

 

The full list of chosen occupations includes the following occupations: 

- Computer and Information Systems Managers 

- Database Architects 

- Information Security Engineers 

- Business Intelligence Analysts 

- Computer Programmers 
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- Data Scientists 

- Software Developers 

- Computer Systems Analysts 

- Penetration Testers 

- Software Quality Assurance Analysts and Testers 

- Computer Systems Engineers/Architects 

- Database Administrators 

- Information Security Analysts 

- Information Technology Project Managers 

- Web and Digital Interface Designers 

- Web Developers 

- Data Warehousing Specialists 

- Web Administrators 

The results are represented based on an exposure rubric, which define exposure as a measure 

of whether access to ChatGPT or GPT-powered system would reduce the time required for 

a human to perform a specific task by at least 25 percent. The rubric is intoruced in Table 4. 

ChatGPT version used for direct exposure is powered by GPT-3.5. This decision was made, 

because this version of ChatGPT is currently free to use and for this reason tempting for 

businesses to utilize. The definition of GPT-powered software in this research includes 

vision and image capabilities, more advanced GPT-versions (like GPT-4 or GPT4o), as well 

as the GPT integrated with other software built on top of it. Each task is labelled in one of 

the three labels introduced in Table 4. After this the task exposurements are aggregated for 

each occupation. 
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Table 4. Rubric for evaluating task exposure. 

EXPOSURE LABEL DESCRIPTION 

E0: No exposure Using ChatGPT or GPT-powered system results in no or less than 25% 

reductionin the time required to complete the task, while maintaining the 

quality. 

E1: Direct exposure Using GPT-3.5 via ChatGPT can reduce the time required to complete the 

task by at least 25%. 

E2: Exposure for GPT-

powered systems 

Using GPT-3.5 via ChatGPT can not reduce the time required to complete the 

task by at least 25%, but additional software could be developed on top of the 

LLM that could reduce the time required to complete the task by at least 25%. 

This label contains also abililty to generate images, and use more advanced 

GPT-versions. 

 

The exposure threshold was set at 25% reduction in time required to complete a specific task 

while maintaining the same quality. Dragging the time reduction percentage to for example 

50%, which was used by Elondou et al., (2023), would be too restrictive and realistically 

would show a much smaller exposure for tasks. Although this threshold of 25% is quite 

arbitrary, it seems like an appropriate threshold for which the implementation could still be 

considered. Comprehensive instructions on how to choose the correct label for tasks, are 

introduced in Appendix 1. 

After defining the labels, all the tasks were evaluated and given one of the labels shown on 

Table 4. The exposures were evaluated by myself, after reviewing and gaining knowledge 

on ChatGPT and different GPT-versions’ capabilities. A sample of the given labels with 

explanations are introduced in Table 5. 
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Table 5. Example of occupation task labeling. 

OCCUPATION TASK LABEL EXPLANATION 

Information 

Technology Project 

Managers 

Confer with project personnel to 

identify and resolve problems. 

E0 The task contains a lot interaction 

with other people. Using LLM to 

resolve problems could be possible 

in tehory, but problems are likely 

one of a kind and setting up LLMs 

for this is probably not reasonable. 

Web Developers Write supporting code for Web 

applications or Web sites. 

E1 Asking ChatGPT to write code is 

possible. ChatGPT also gives 

decent answers to coding questions 

related to code related problems. 

So the use could be writing a part 

of code, which the developer then 

finalizes manually. 

Web Developers Document technical factors such 

as server load, bandwidth, 

database performance, and 

browser and device types. 

E2 Using ChatGPT to do this, 

probably would not make the task 

noticeably faster, since the 

developer would still need to gather 

all the information from different 

applications. Building additional 

software to collect the data, and 

then the LLM to write the 

document, would reduce the time 

needed. 

 

To represent the results, first the exposured task proportion of all the occupation’s tasks are 

introduced. The results are introduced separately for E1 and E2 exposure. For example, if an 

occupation has 20 tasks of which 10 have E0 exposure, 6 have E1 exposure and 4 have E2 

exposure, the occupations E1 exposure would be 6/20 = 30% and E2 exposure 4/20 = 20%.  

For making the different occupations’ exposures more comparable, the exposures are also 

presented as simplified exposure. For this, the E2 exposure was considered half as important 

as the E1 exposure. For example, the case above would have a simplified exposure of 

(6+4/2)/20=40%. 
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4.3  Limitations of the methodology 

Drawback regarding the use case search include the possibility, that all the necessary use 

cases were not found. The repeatability of the same results is affected by the time in which 

the searches are made, since new use cases are being created at a fast pace, and thus taking 

space in the search results. Public information about actual use in companies is also limited, 

so internet articles were used for data, which in some cases might not be the most reliable 

source of information. The selected search words steer the results to certain direction, and 

using slightly different search words could generate different results. 

A key drawback of the task-based evaluation method is the subjectivity in the labeling 

process. The familiarity with ChatGPT and other LLMs helps to know the capabilities of the 

systems and basic functions in software industry. However, lacking the knowledge in every 

occupation and the tasks involved in them, may result in biased assessments of LLMs’ 

reliability and effectiveness in these tasks. It was recognized that higher quality labeling for 

each task within an occupation would need involvement from workers in those specific 

occupations and tasks. This highlights an area for future research. 

The view taken in this research considers only the GPT-systems published to this date, so 

future applications are not taken into consideration. Also, when using the same version of 

Chat-GPT the possibilities of it doing the tasks faster, is greatly dependent on the other 

technologies used in the task execution. If those technologies develop over time, it is possible 

that ChatGPT would not be able to decrease the execution time anymore. 

The extent to which occupations can be entirely broken down into tasks is unclear, raising 

concerns that this approach might systematically omit certain categories of skills or tasks 

that are required for competent job performance. Additionally, tasks are often composed of 

sub-tasks, some of which are more automatable than others. If the task-based breakdown 

does not accurately represent how work is performed in most occupations, this exposure 

analysis could be largely invalidated. 

It is also worth noting, that in this approach, all the tasks were considered equally important. 

So, the fact that employees use different amount of time in each task was not considered. 

This kind of approach would need data from individual workers who are able to give average 

times used for each task. This however could also create some invalidity for other employees 
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in the same occupation, since the allocations of work time might vary a lot in different 

companies and even inside the same company.  
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5  Results 

The results are presented in two chapters. In the first chapter the found use cases are 

introduced. In the second chapter the estimations on ChatGPT implementation possibilities 

in different IT industry occupations are presented. 

5.1  GenAI Use Cases in Software Industry 

In this chapter the results of use case search are represented. The use cases are complied into 

Tables 6-8, in own tables for each part of development process (requirement engineering, 

software developing, software testing). The results in each table are sorted so that the use 

case which was mentioned in most articles are on top and the ones with less hits are on the 

bottom. If the use case was only mentioned in one article, it is left out, because of the goal 

to present only the most popular use cases. If some GenAI-based tools were mentioned in 

the use case descriptions, they were gathered into the table also. 
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Table 6. Generative AI use cases in requirement engineering. 

REQUIREMENT ENGINEERING 

USE CASE TOOLS REFERENCES 

Automating the requirements elicitation Watson Assistant, 

ChatGPT, 

WireGen 

(Botsie 2023, Filippov 2023, Gaska 

2023, Satpathy 2023, Sparkling logic 

2024) 

Generating requirements from natural 

language descriptions 

Google Bard (Botsie 2023, Filippov 2023, Gaska 

2023, Satpathy 2023, Vivekanandan 

2023) 

Analyzing and categorizing requirements  (Gaska 2023, Sparkling logic 2024, 

Vivekanandan 2023) 

Creating executive and stakeholder 

summaries 

ChatGPT (Botsie 2023, Sparkling logic 2024, 

Vivekanandan 2023) 

Assessing the quality of requirements, 

identifying inconsistencies and conflicts 

BigML 

Requirements 

Genie 

(Filippov 2023, Gaska 2023) 

Translating requirements to other 

languages 

 (Gaska 2023, Vivekanandan 2023) 

Generating images based on style guide Invision Codeless, 

DALL-E, 

Midjourney 

(Filippov 2023, Gaska 2023) 

 

In requirement engineering, the most talked about processes to automate with GenAI, were 

the elicitation of requirements as well as writing down the requirements based on defined 

descriptions. Some other use cases include processes related to writing the requirements, 

such as translating, analyzing and categorizing the requirements. Also, creating summaries 

for stakeholders was mentioned as one of the uses. Most of the use cases relating to text 

generation or analyzing, the only image generation use that was mentioned, is generating 

images for requirements based on style guide styles. 
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Table 7. Generative AI use cases in software developing. 

SOFTWARE DEVELOPMENT 

USE CASE TOOLS REFERENCES 

Unit testing and debugging, unit test 

generation 

Debugger.ai, 

Copilot, 

CodeClimate, 

DeepCode, 

ChatGPT, Testim, 

Applitools 

(Codiste 2024, KPMG 2023, Kumari 

2024, Sacolick 2024, Saleem 2023, 

Stryker 2024) 

Automated code generation TabNine, 

DeepCoder, 

ChatGPT 

(Codiste 2024, KPMG 2023, Kumari 

2024, Stryker 2024) 

Generating documentation Codex, 

Docusaurus, 

ChatGPT 

(Codiste 2024, KPMG 2023, Sacolick, 

2024, Saleem 2023) 

Code translation to other programming 

languages 

CodeConverter, 

TransCoder 

(Codiste 2024, Saleem 2023, Stryker 

2024) 

Code Improvements and completion ChatGPT (KPMG 2023, Saleem 2023, Stryker 

2024) 

Conversational coding interfaces, code 

suggestions 

Tabnine, ChatGPT (KPMG 2023, Saleem, 2023, Stryker 

2024) 

Creating personalized coding environments TabNine, 

DeepCoding 

(Codiste 2024, Saleem 2023) 

Automated code security reviews GitHub Copilot, 

Snyk 

(Codiste 2024, Sacolick 2024) 

 

Most use cases for software development are something code generation related, like code 

translations, improving or completing code or simply generating code. A possibility to create 

conversational coding interfaces is also mentioned. The most different examples are 

automated code security reviews, generation of documentation and generation of unit tests 

and debugging the software. 
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Table 8. Generative AI use cases in software testing. 

SOFTWARE TESTING 

USE CASE TOOLS REFERENCES 

Test Case Generation MS CodeX (Cser 2024, Katalon 2024, Saeed 2024, 

TestRigor 2024, Winn 2024) 

Intelligent test execution, selecting test 

suites 

UiPath (Cser 2024, Katalon 2024, UIPath 

2024, Winn 2024) 

Generating synthetic testing data Sogeti Artificial 

Data Amplifier 

(Sogeti 2024, Srivastava 2024, 

TestRigor 2024) 

Predictive Analytics for Test Optimization, 

identifying high risk areas from codebase 

 (Cser 2024, TestRigor 2024) 

Code generation for test automation  (Saeed 2024, Winn 2024) 

Analyzing and reporting defects without 

manual effort 

 (Cser 2024, Winn 2024) 

 

For software testing, the most common use mentioned in the articles was test case 

generation. This can mean natural language test cases for manual testing or generating code 

for test automation. Intelligent test execution and generation of synthetic testing data were 

also mentioned a lot, since manual testing creation of testing data can be time-consuming. 

Also analysing and reporting defects can be assisted by GenAI solutions.  

5.2  ChatGPT Utilization in Software Industry Occupations 

In this chapter the results of task-based assessment on ChatGPT exposure on different IT 

occupations are introduced. The total proportion of each exposure label in all tasks, are 

introduced in Figure 2. 
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Figure 2. Total proprtion of tasks by exposure label. 

From the assessed tasks 36% were evaluated to have direct exposure to ChatGPT and futher 

26% show exposure if an additional software was developed on top of the LLM. 38% of that 

tasks were evaluated to have no exposure.  

All the selected occupations contained some tasks that were estimated to be directly exposed 

to ChatGPT, which means that all the occupations contain tasks that could be performed at 

least 25% faster with using ChatGPT (GPT-3.5) in the task execution without implementing 

any additional software built on top of the LLM. All occupations also contain tasks that 

could be executed faster, if in addition to ChatGPT an additional integrated software were 

built. 

The exposures of each occupation are introduced in the Figure 3. The tasks with direct 

exposure are labeled with E1, the tasks with GPT-powered application exposure are labeled 

E2 and the tasks with no exposure are labeled E0. 
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Figure 3. Occupation exposure to ChatGPT. Exposure is presented as a percentage of total 

amount of tasks in each occupation. Exposure E1 meaning direct exposure to ChatGPT, E2 

is given to tasks that are exposed if an additional software is implemented on top of ChatGPT 

and E0 if the task is not exposed. 

 

To make the occupations more comparable, the results are also analyzed by simplified 

exposure, presented in Figure 4. In this figure E1 exposed tasks are given a full weight and 

E2 exposed tasks half the weight. Occupations are sorted from most exposed to least 

exposed. For example, an occupation with 20 tasks of which 10 have E0 exposure, 6 has E1 

exposure and 4 have E2 exposure, would have a simplified exposure of (6+4/2)/20=40%. 
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From the results we can see that the all the occupations’ exposures were estimated to be from 

20% to 60% of the occupations’ all tasks. 17 out of 18 occupations had an exposure from 

40% to 60%. The smallest exposure was estimated for Computer and information systems 

managers (24%). Biggest exposure was estimated for Web administrators (59%).  

 

 

Figure 4 Simplified exposure. E1 exposed tasks are given a full weight and E2 exposed tasks 

half the weight. Occupations are sorted from most exposed to least exposed. For example, 

an occupation with 20 tasks of which 10 have E0 exposure, 6 has E1 axposure and 4 have 

E2 exposure, would have a simplified exposure of (6+4/2)/20=40%. 
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6  Conclusions 

This study investigated the uses of generative artificial intelligence in sofware industry. This 

was done by studying the applications, use cases and risks associated with the 

implementation of generative artificial intelligence. In addition, the best practices and risks 

related to the introduction of new technology were studied based on the literature. A theory 

was also put together about making an investment decision as a basis for a company's 

possible decision to invest in new technology, such as Generative AI. The empirical part of 

the research was done in two parts. The first part listed concrete use cases found in internet 

searches. In the second part, the task-based evaluation method was applied to evaluate the 

utilization possibility of implementing ChatGPT and GPT-powered systems in the most 

common occupations in the software industry. 

The results of the study show that there is high amount of use cases for GenAI in software 

industry. LLMs can bring the greatest benefits, helping employees produce text and code 

(Codiste 2024, KPMG 2023, Kumari 2024, Sacolick 2024, Saleem 2023, Stryker 2024), but 

applications that produce audio, video and images can also be useful in some cases (Filippov 

2023, Gaska 2023; Taulli 2023). Risks in the introduction of GenAI-systems are related to 

the uncertainty of the success of the implementation of the new technology and the costs 

arising from the introduction (Crotty 1992). Especially when building large software 

packages that utilize GenAI, the development project's progress, goals and risks should be 

carefully studied in the planning phase before the final investment decision (Avram et al. 

2009). 

6.1  Answering the Research Questions 

In this chapter it is evaluated how the research was able to answer the research questions 

presented in the introduction: 

 

How generative artificial intelligence can be utilized in software industry occupations? 
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Based on existing use cases, there are a lot of tasks where GenAI assistance could be useful. 

The most common tasks include for example code generation (Codiste 2024, KPMG 2023, 

Kumari 2024, Stryker 2024), code commenting (Codiste 2024, KPMG 2023, Sacolick, 2024, 

Saleem 2023), creating test cases (Cser 2024, Katalon 2024, Saeed 2024, TestRigor 2024, 

Winn 2024) and summarazing texts and code (Botsie 2023, Sparkling logic 2024, 

Vivekanandan 2023). Some less common use cases include for example image generation 

to style guides (Filippov 2023, Gaska 2023). Although there are a lot of new technologies in 

the market right now (LLMs, audio and image generation tools) there seems to be a lot of 

ideas where to implement these technologies, but not as much concrete public 

documentations of implementation projects done. However, the amount of use cases is 

increasing rapidly (Teubner et al. 2023), which will bring new information to companies 

considering GenAI implementations and the characteristics of them. 

Results from assessing the potential of ChatGPT utilization and LLM-powered system 

utilization, show that all researched occupations contain tasks in which the utilization could 

reduce the execution time. From the assessed tasks 36% were evaluated to have direct 

exposure to ChatGPT and futher 26% show exposure if an additional software was 

developed on top of the LLM. 38% of that tasks were evaluated to have no exposure. In the 

research method used for this, an employee with good ChatGPT expertise and average 

expertise in the occupation tasks was considered. To have a more accurate prediction of the 

work role’s exposure, this kind of assessment should be done separately for the exact role, 

considering its tasks and the skills of the people that are executing the tasks.  

 

What are the risks and best practices of making the investment decision and implementing 

generative artificial intelligence systems? 

 

In the context of GenAI investments, the risks are likely to be higher when the investment 

includes building a company specific software on top of existing GenAI solutions. If 

implementation comes out unsuccessful, reselling the built software is difficult because the 

models would still need adjusting for other company’s needs. Since there is still a low 

amount of information on concrete use cases for the newest GenAI solution 

implementations, the uncertainty about implementation project's risks is increased even 
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more. To build such systems, a company should gain as much information as possible on 

other similar system investments, to get a good understanding on the investment’s risks and 

benefits (Avram et al. 2009). When estimating the profitability of the possible investment, 

companies should have in mind, that the goal is not to use the implemented new system as 

much as possible, but rather to create a system that maximizes the investment’s net present 

value (Virlics 2013). This should lead to investing in automating the most time-consuming 

and expensive tasks first and leaving the smaller and cheaper tasks untouched. Making the 

final decisions on the design of the software, this might also lead to limiting the amount of 

work put in the software development (Murray and Coffin 2001). The result could be for 

example systems that do the tasks partially, leaving some parts of the tasks for humans to 

finalize. 

When the company considers implementing existing GenAI solutions, the investment risks 

are lower. The company does not need to build a new software, which decreases the 

uncertainty noticeably. Depending on the wanted tool, there still might be related costs. 

Some public applications for example have monthly fees (DALL-E). Buying using rights for 

a big company can be expensive, so it should be still considered carefully, for which tasks 

the technology should be used for, and for whom the using rights are given. Even if using 

the application is free (like ChatGPT), training the employees to utilize it in a beneficial and 

safe ways, take some time. So, even in these cases it must be estimated whether training the 

employees in working time is reasonable. 

After the investment decision is made, it is crucial that building the system is done 

effectively. The employees or their representative need to be heard and listened in final 

design related decisions to be sure that the solution serves employees as hoped. 

Overdeveloping the software must be avoided (Sumner 2000), since there is a risk that it 

leads to stretching the schedule and the budget unnecessarily. The project team developing 

the system has to be skillful and knowledgeable about the technology and the requirements. 

The development team also needs to be trained properly during the project if needed, to 

complete the project effectively (Verville & Halingten 2002).  

In the implementation phase itself, the affected employees should be informed and trained 

to use the application effectively (Al-Mudimigh et al. 2001). In this, managers’ roles are 

decisive, to make sure the new technology is used in the optimal ways. After the initial 

implementation, the models can be further refined based on user feedback. For example, 
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LLMs need also the data to be updated regularly for it to give users new enough information 

on any given subject. Ensuring the quality of input data is crucial for accurate results. To 

avoid biases in data, diversifying sources, verifying data quality, avoiding human biases, and 

using algorithms to detect biases are recommended. (Mogaji & Nguyen 2022) 

6.2  Future research 

The main limitations of this research include the inevitable lack of accuracy when assessing 

the ChatGPT and LLM-based system’s utilization potential in different tasks. The 

inaccuracy is a result of a couple of things, which are the lack of expertise in some evaluated 

tasks and the subjective nature of evaluating the potential benefits based on the workers 

skills. The proportion of time used in a workday for each task also was not considered, since 

it could greatly differentiate inside the same occupation. 

To address these limitations, future research could be done with similar approach but using 

experts directly from the occupation that is being evaluated, and maybe focusing directly 

into one exact role or occupation to get a more precise evaluation on the possible impacts. 

Also weighing the different tasks based on the time used in average could be helpful to 

further make the evaluations more precise. 

However, the generative AI solutions becoming more popular at a fast pace, the research 

about it should be conducted from many points of view to gain a broader theoretical base for 

the technology and its impacts on companies. 
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Appendices 

Appendix 1. Instructions used for estimating exposure. 

These instructions follow closely the ones used by Eloundou et al. (2023), containing some 

slight changes. 

Exposure Taxonomy  

Consider an LLM model that cannot access up-to-date facts (those from less than a year ago) 

unless they are included in the input. Assume you are attempting to complete the given task 

as a worker with an average level of expertise in your role. Assume you have a good level 

of skill for using the ChatGPT or GPT-powered system. You have access to ChatGPT or a 

GPT-powered application. You also have access to all the devices and material you would 

normally use to do the task. 

E1 – Direct exposure 

Label tasks as E1 if direct access to GPT-3.5 through the ChatGPT interface alone can reduce 

the time required to complete the task with equivalent quality by at least 25%. This includes 

tasks like: 

- Writing and transforming text and code according to complex instructions 

- Editing existing text or code following specifications 

- Writing code to automate tasks that were previously done manually 

- Translating text between languages 

- Summarizing medium-length documents 

- Providing feedback on documents 

- Answering questions about a document 

 

E2 – Exposure to GPT-powered applications 
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Label tasks as E2 if having access to GPT-3.5 through ChatGPT alone may not reduce the 

time required to complete the task by at least 25%, but it is possible to implement additional 

software developed on top of the LLM that would reduce the time required by at least 25%. 

Assume you also have access to both the LLM and a system that can view, caption, and 

create images. This label also applies if a more advanced GPT model could perform the task. 

Such software may include capabilities like: 

 

- Summarizing documents longer than 2000 words and answering questions about 

those documents 

- Retrieving up-to-date facts from the Internet and using them in combination with 

LLM capabilities 

- Searching over an organization’s existing knowledge, data, or documents and 

retrieving information 

- Reading text from PDFs 

- Scanning images 

- Creating or editing digital images according to instructions 

 

E0 – No exposure 

Label tasks E0 if direct access to the GPT-3.5 through a ChatGPT interface or access to 

GPT-powered system cannot reduce the time it takes to complete this task with same quality 

by 25% or more. If the task for example needs a lot of human interaction, it should be labelled 

as E0. 


