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This Master's thesis explores the adoption and effects of Generative Artificial Intelligence (Al)
within the Human Resources (HR) operations at Wartsila Oyj, focusing on improving Al literacy
among HR personnel. Wartsila recognizes the essential role of HR in integrating Al to enhance
HR functions, employee experiences, and well-being. The study used a mixed-methods
approach, combining qualitative interviews and quantitative surveys, to assess current Al

literacy and identify barriers to using generative Al tools like WartsilaGPT effectively.

The research utilized a mixed-methods approach, incorporating both qualitative interviews and
quantitative surveys to assess the HR team's current Al literacy and to identify obstacles that
hinder the effective deployment of Generative Al tools, including the company’s proprietary
WartsilaGPT.

The findings reveal an urgent requirement for enhanced Al literacy within the HR department
at Wartsila to maximize the benefits of generative Al technologies and optimize HR processes.
Generative Al is familiar to 80% of respondents, but only 9% frequently use the company's
internal generative Al tools frequently. Only 55% self-evaluate to possess limited to somewhat
proficient skills in evaluating Al’s application in their field. Despite ethical concerns and the
need for human oversight, there is a recognized potential for Al to improve automation and
efficiency. Training needs have been pinpointed in areas such as Gen Al basics, use cases,

prompt engineering, and ethical Al usage.

A structured framework was developed to guide HR professionals in effectively applying
WartsilaGPT and other generative Al tools. The thesis concludes that through targeted
educational initiatives and this framework, HR professionals can significantly improve their Al

literacy, crucial for effectively harnessing Al capabilities.

Keywords: Generative Artificial Intelligence, Human Resource Management, Artificial
Intelligence Literacy
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The Al tools used in the Master’s thesis and the purpose of their use has been described

below:

ChatGPT

ChatGPT served as a tool for topic orientation and search planning. It assisted in the discovery
of pertinent keywords and guided towards relevant tools and databases.

Elicit

Elicit helped to search and summarize scientific articles based on research questions and
specific articles of interest.

Grammarly Premium

Grammarly supported ensuring clarity, coherence, and grammatical accuracy of the text.

| am aware that | am totally responsible for the entire content of the thesis, including the parts
generated by Al, and accept the responsibility for any violations of the ethical standards of
publications.



1 Introduction

Generative Artificial Intelligence (Al) applications are becoming a part of organizations’
practical operations. Generative Al models can revolutionize communication, content
generation, and decision-making processes in Human Resource (HR) departments of
organizations (Strohmeier and Piazza, 2015; Minbaeva, 2020; Samarasinghe & Medis, 2020),
making it essential to explore their impact in this context. Al becomes an integral part of the
organization's core and strategy in the most advanced cases. Organizations, such as Wartsila
Oyj, increasingly recognize the strategic significance of Al in optimizing HR functions and
enhancing employee experiences; thus, the need to assess and nurture Al literacy within HR
departments has become paramount. Wartsila HR's personnel's next strategic move involves
integrating the company's proprietary GPT, WartsilaGPT, into their operations. Consequently,
training employees to utilize these tools proficiently will be crucial for businesses to harness
their full potential and stay competitive (Chetty., 2023, 6; Yi., 2021).

As organizations increasingly recognize the strategic significance of Al, the need to assess
and nurture Al literacy within the personnel has become paramount (Yi., 2021; Chetty., 2023).
Al literacy refers to the understanding and competence individuals or organizations have in
artificial intelligence (Al) technologies and their practical applications. It encompasses
knowledge of basic Al concepts, awareness of ethical considerations, technical proficiency,
data literacy, problem-solving skills, the ability to assess Al's impact, knowledge of adoption
strategies, and a commitment to continuous learning. High Al literacy is essential, enabling
individuals and organizations to effectively utilize Al for innovation and efficiency while
addressing ethical and societal challenges related to its adoption (Yi 2021, 356-358; Chetty,
2023; Long and Magerko., 2020). Therefore, gaining a deeper understanding of Generative
Al performance, capabilities, and evaluation methods is essential for individuals within

organizations seeking to derive value from this technology.

Enhancing the employees' Al literacy through practical application is a cornerstone for
understanding and leveraging generative Al within organizational contexts (Long and
Magerko., 2020; Weber et al., 2023). Establishing a systematic method for pinpointing and
assessing the real-world applications of Al is essential for human resources departments. It's
important for HR specialists to start by analyzing the business challenges and prospects that
Generative Al can tackle. This entails an in-depth evaluation of the goals, possible obstacles,
and benefits that Generative Al offers, taking into account its eventual business uses and
potential impact. This structured methodology is encapsulated within a framework. In this

context, a framework refers to a set of guidelines, tools, and best practices designed to guide



users in applying WartsilaGPT to achieve specific objectives. As HR personnel engage with
and apply generative Al in their roles, their Al literacy naturally improves, further empowering

them to leverage generative Al more effectively.

1.1 Research questions

As the ultimate objective of the thesis is enhancing Al literacy among HR personnel and
identifying optimal applications of WartsilAGPT, the following research question(s) are

outlined:

Research Questions:
Research Question 1:

"What is the prevailing level of Al literacy among the HR personnel at Wartsila Oy;j?"

Research Question 2:
"What are the essential elements of a framework that support identifying potential use cases
of WartsilaGPT?"

To accomplish this, the research encompasses several core objectives. These objectives are
strategically designed to support the creation of a practical framework for HR professionals,
enabling them to harness the potential of generative Al. The first objective involves
comprehensively assessing Al literacy levels within Wartsila's HR department. The HR
department has been chosen as the target group due to the ease of limiting the study to a
specific department that often serves as a focal point for workforce development and
technology integration within the organization. By examining the proficiency of HR staff in
generative Al-related concepts and terminologies and their familiarity with generative Al
technologies like WartsilaGPT, a solid foundation for the subsequent framework development

is established.

With a clear understanding of the current Al literacy landscape, the developing a systematic
framework for effectively identifying WartsilaGPT use cases within the HR department, is
possible. This framework will provide step-by-step guidance on how HR professionals can

analyze business problems, determine the suitability of WartsilaGPT, and integrate them into



their processes. It will also encompass guidelines for ethical Al adoption and responsible Al-
driven decision-making. This framework will serve as a valuable tool for breaking down
complex business problems and evaluating how WartsilaGPT can provide solutions tailored
to these challenges. Along the framework, a guidebook is created to guide the use of the

framework.

1.2 Structure and Research Approach

The theoretical background of the thesis starts with delving into the realm of Generative
Artificial Intelligence (Al) and its emerging application within an organizational setting and the
Human Resources (HR) sector. It commences with a foundational introduction to Artificial
Intelligence (Al), progressively narrowing down to Machine Learning as a pivotal subset of Al.
Further exploration leads to Deep Learning and Large Language Models (LLMs), with a
specific focus on how these models, such as GPT (Generative Pre-trained Transformer), have
revolutionized the ability of machines to understand, generate, and interact with human

language at a vast scale.

Next, the significance of Generative Al in the business context is thoroughly examined,
emphasizing its transformative potential across various sectors, including HR. This section
also addresses the ethical considerations surrounding Generative Al, underscoring the
importance of ethical Al deployment, particularly in sensitive areas such as data privacy, bias
mitigation, and ensuring fairness. The introduction of WartsilaGPT marks a pivotal point in the
discussion, showcasing a practical example of Generative Al's application within Wartsila's

HR operations.

The thesis then transitions to assessing Al Literacy within an organization, defining what
constitutes Al literacy, and proposing strategies to measure this critical competency among
HR professionals. Lastly, the theoretical framework introduces structured frameworks, such
as Al and Machine Learning (ML) Canvases, to leverage Generative Al in business. It reviews
various Al project canvases developed by scholars and practitioners, illustrating their utility in
guiding organizations through the thoughtful and effective deployment of Al technologies. This
comprehensive theoretical backdrop sets the stage for the thesis's primary objective: to
develop and validate a practical framework tailored to Wartsila's HR needs, facilitating the
ethical, effective, and strategic application of Generative Al technologies within operational

work.



The methodology section of this thesis employs a mixed-methods approach, meticulously
chosen to comprehensively address the research objectives. This methodology encompasses
both qualitative and quantitative elements, enabling a holistic understanding of Al literacy
within Wartsila's HR department, the identification of Al literacy gaps, and the development
and validation of the WartsilaGPT Use Case Framework. A quantitative survey was distributed
across a broader segment of the HR department. The statistical analysis of survey data, will
offer a comprehensive overview of the current state of Al readiness among HR professionals
at Wartsila. The qualitative component of this research primarily involves semi-structured
interviews with a selected group of HR professionals at Wartsild. These interviews are
designed to gather in-depth insights into the participants' perceptions, experiences, and
challenges related to the adoption and implementation of generative Al technologies in HR
practices. The data collected from these interviews will be subjected to thematic analysis,
allowing for the identification of common themes, patterns, and narratives that emerge from

the discussions.

In conclusion, this master’s thesis seeks to bridge the gap between generative Al technology
and professionals by developing a practical framework and tailored to the unique needs of
Wartsila HR department. Through a comprehensive assessment of Al literacy and Wartsila
Use Case Framework development, this research aims to empower HR professionals to
harness the potential of generative Al, thereby optimizing their decision-making processes

and enhancing overall organizational performance.



2 Generative Atrtificial Intelligence (Al) and its

application in an organizational setting

This chapter delves into the role of Generative Artificial Intelligence (Al) in revolutionizing the
way organizations, specifically Human Resources (HR) departments operate. It begins by
laying down the basics of Al, then progresses to machine learning and deep learning,
emphasizing the importance of large language models. The discussion broadens to reveal
how Generative Al is reshaping business approaches, particularly within HR. Furthermore, it
critically examines the employment of company data in the deployment of Al solutions, leading
to the introduction of WartsilaGPT, Wartsild's proprietary GPT. Ethical considerations and
challenges are scrutinized in depth. The aim is to equip readers with a comprehensive insight
into how Generative Al can transform HR practices, underlining the ethical dilemmas that

accompany its adoption in an organizational setting.

2.1 Introduction to Artificial Intelligence (Al)

Artificial intelligence (Al) serves as the foundation of Industry 4.0 (Hecklau et al., 2016) and is
increasingly becoming a standard practice within organizations. (Ibarra et al. 2018; Mdiller,
Buliga, & Voig, 2020) Although the research literature does not provide a wealth of empirical
data on how artificial intelligence affects the workplace (Rossini et al.., 2019), there is a broad
consensus that the deployment of intelligent machines will fundamentally alter organizational
operations and task execution (Hecklau et al., 2016; Huang & Rust, 2018). Researchers have
begun to recognize both the advantages and challenges presented by the use of Al in the
workplace, along with the significant effects that intelligent computer-based technologies can

have on both individuals and organizations. (Ibarra et al., 2018; Miiller, Buliga, & Voig, 2020)

The concept of Al refers to sophisticated computers and machines that replicate the 'cognitive'
capabilities of the human mind, including learning, reasoning, and planning (Lu et al., 2018).
Al encompasses a range of intelligent technologies and tools (Lu et al., 2018), which include
machine learning (Glikson & Woolley, 2020), deep learning models (Bosse et al., 2019),
genetic algorithms, and artificial neural networks (Elkatatny et al., 2018). Typically, Al is
described as a machine's capacity to learn from experiences, adapt to new information, and

execute tasks that are similar to those performed by humans (Microsoft s.a. What is (Al, 2024).



2.2 Technical background of Al

To grasp the principles underpinning Al and especially generative Al, it's crucial to familiarize
oneself with the foundational technical aspects behind. This section delves deeper into key
concepts such as machine leaming, deep learning, large language models, and natural

language processing, providing a more thorough explanation of each.

2.2.1 Machine Learning

Machine learning is a subset of artificial intelligence dedicated to creating algorithms and
models that empower computers to learn and form predictions or judgments independently,
without direct programming (Jordan & Mitchell, 2015). It relies on data analysis to identify
patterns, relationships, and trends, which are then used to make informed decisions or
predictions (Carle, 2023). Machine learning programs based on prediction models are
increasingly being used to complement or even replace expert judgment and manual decision-
making (Rastrollo-Guerrero et al., 2020). These models can aid decision-making by quickly
predicting outcomes from large datasets. Prediction models can be specifically tailored to a
limited task or problem and are fast and cost-effective (Hammouri et al. 2018). Machine
Learning techniques are often divided into supervised, unsupervised, and reinforcement
learning techniques. (Jordan and Mitchell 2015; Weber and Lenz., 2023, 1550; Carleo 2019,
3)

Supervised learning trains Al models on labeled data for accurate predictions (LeCun et al.,
2015, p. 436). It includes vital techniques of classification and regression, using algorithms
like K-Nearest Neighbor, Support Vector Machine, Naive Bayes, Decision Tree, and Random
Forest (Carleo et al., 2019, pp. 4-5; Das et al. 2023; GoogleCloud s.a What is Al). In business,
it is used for customer segmentation, fraud detection, sentiment analysis, predicting trends,
enhancing decision-making, and driving efficiency and innovation (Das et al.,, 2023;
GoogleCloud s.a What is Al). Unsupervised learning is a label-free machine learning approach
that discovers patterns and relationships in unlabeled data. Key techniques include clustering
and dimensionality reduction (Carleo et al. 2019, 5-6). It is applied in customer segmentation,
image analysis, and natural language processing, enabling tasks like grouping customers,
identifying patterns in images, and topic modeling in text analysis (Lu, 2010; GoogleCloud s.a

What is Al). Reinforcement learning is a machine learning type where an agent learns by
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interacting with an environment and making decisions through trial and error. It explores, takes
action, and receives feedback to update its decision-making. (Matsuo et al. 2021, 270; Carleo
et al. 2019, 6) Reinforcement learning has practical applications in various fields, including
robotics, game-playing, autonomous vehicles, and recommendation systems. It allows agents
to learn optimal strategies in complex and dynamic environments where traditional rule-based

or supervised learning approaches may not be feasible. (GoogleCloud s.a What is Al)

2.2.2 Deep Learning and Large Language Models

Deep learning is a specialized area within machine learning that employs a series of layered
processing units to facilitate learning tasks (LeCun et al. 2015; Weber et al. 2023, 1551).
These networks are called "deep" because they contain multiple layers of neurons compared
to traditional neural networks. Deep learning effectively handles large amounts of data and
complex problems, such as image or speech recognition and natural language processing.
(LeCun et al. 2015, 436) Training deep-learning algorithms require large amounts of data and

computing power (IBM s.a.).

Large Language Models (LLMs) are part of Deep Learning (Minaee et al., 2024). LLMs consist
of neural networks with massive amounts of parameters, trained using vast amounts of textual
data, such as books, articles, and websites. The models are trained to predict a sentence's
next word (Chang et al., 2024, p. 4). However, with many parameters and the context provided
by the preceding words, the models can demonstrate advanced emergent abilities, such as
capturing the semantics of the human language and general knowledge about the world.
(Chang et al. 2024, 4) LLMs can perform a variety of natural language processing tasks (NLP).
Natural Language Processing refers to the capability of utilizing, applying, recognizing, and
producing human-used language. (Chang et al. 2024; Wei et al. 2022). LLMs are crucial for
NLP because they grasp language comprehensively and contextually. This context awareness
allows NLP systems to interpret texts accurately, considering the context of surrounding words
and phrases—for instance, discerning the meaning of "bank" in financial versus geographical
settings. As a result, LLMs enable the production of responses or texts that are both human-
like and fitting to the specific context in NLP applications. Organizations can address various
tasks with a single model, including text generation, translation, summarization, sentiment

analysis, and more. (Chang et al. 2024, 6-12).

11



Users can elicit specific responses or generate content by providing a question or prompt to
the service. Prompting, often referred to as in-context learning, is a technique where models
learn tasks based on specific instructions provided as prompts. This approach enables LLMs
to generate context-aware and task-specific outputs, making them versatile for various
applications. (Dang et al. 2022, 2 Chang et al. 2024, 5) Regarding response quality, how the
user formulates the question or prompt for the service is crucial, making prompt formulation a
particularly crucial skill when using generative Al (Dang et al., 2022, p. 2). Prompt engineering
involves the skill of designing and formulating effective prompts or instructions for obtaining
specific outputs from a language model (Dang et al., 2022, p. 2; Chang et al., 2024, p. 5); this
involves understanding what kind of textual data or prompts will lead to the most informative
and accurate responses from the model. (Acar 2023). The ease of using prompts for
interaction has opened up generative Al to a broad audience, even those lacking in-depth

technical knowledge.

Organizations can further enhance the performance of pre-trained LLMs by fine-tuning them
with domain-specific data during training. This process refines the model's understanding and
performance in the targeted task, improving its effectiveness in specialized applications.
(Zhang, 2023; Bai et al.,, 2022) GPT (Generative Pre-trained Transformer) and BERT
(Bidirectional et al. from Transformers) are two of the most influential and widely used Large
Language Models (LLMs) in the field of Natural Language Processing (NLP) (Ghojogh &
Ghodsi, 2020; Zheng et al., 2021).

2.2.3 Generative Artificial Intelligence

Generative Al utilizes machine learning models to create new content such as text, audio,
video, images, software code, and simulations. This is achieved by training the models on
extensive datasets. (McKinsey & Featured Insights, 2023). These algorithms employ models
that undergo training on extensive datasets, which enables them to generate fresh data that
adheres to the patterns and structure found within the original dataset. Unlike traditional Al
systems that rely on supervised learning or data-driven algorithms that focus on predictions
or classifications based on existing data, generative Al utilizes unsupervised, deep learning
techniques, particularly neural networks, to create new data that resembles the patterns and
characteristics of the training data it has been exposed to (Agrawal, 2023; Oppenlaender,
2022; Weisz et al., 2023).
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Generative Al models are designed to learn the underlying patterns and structures of the
training data and then use this knowledge to generate new data samples. These models can
be trained on various data types, including images, text, audio, and video. The generated
content can be highly diverse and can exhibit characteristics similar to the training data,
allowing for the creation of realistic and novel outputs. This technology is highly regarded for
its ability to learn patterns from vast datasets and then generate content that closely resembles
human-made creations, making it versatile across various domains, including natural
language processing, image generation, music composition, and more. (Zhou & Lee, 2024)
The relevance of the newly generated content in its context is determined by the quality,
timeliness, and pertinence of the dataset used for training. (McKinsey & Featured Insights,
2023).

Generative Al gained widespread recognition with the launch of a traditional bot named
ChatGPT (Generative Pre-trained Transformer) for public use in November 2022, succeeded
by an advanced version, ChatGPT-4, in March 2023 (OpenAl Blog, 2022). The introduction of
transformers in 2017 allowed simultaneous processing, enhancing output quality and
efficiency (Uszkoreit, 2017[P11] ). OpenAl released GPT-1 in 2018, followed by GPT-2 (2019)
and GPT-3 (2020). GPT-3 faced issues such as producing inaccuracies and offensive content,
prompting improvements through supervised and reinforcement learning techniques (Ouyang
et al., 2023). These enhancements included Reinforcement learning from human feedback
(RLHF), where contractors ranked responses, helping the Al determine relevance (Schulman
et al., 2017). To improve alignment with user intent, human contractors fine-tuned GPT-3,
creating GPT3.5. GPT-4, introduced in March 2023, aimed to enhance output accuracy,
reduce offensive language, and offer better steerability (Open Al GPT 4 Research Blog, 2023).
GPT-4 can process text and images, providing a more comprehensive understanding of
context. However, it is not designed to generate images. In addition, concerns remain about
circumventing guardrails and potential misinformation (Loynds, 2023). Trained on
approximately 45 terabytes of data from across the web up until 2021, GPT-4's capabilities,
as highlighted by Achiam et al., 2023, suggest its responses might not always reflect the most
current information. This training breadth has underpinned ChatGPT's surge in popularity,
offering impressively human-like responses to a wide array of questions. Its realism in
interaction is furthered by the model's ability to engage in follow-up queries, acknowledge
errors, and reject unsuitable requests. The efficacy of ChatGPT's outputs is directly influenced
by the quality of inputs it receives, which includes both the initial training data and the user-

provided prompts defining the task at hand. The "brain" behind ChatGPT operates on
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generative Al, a broad field that includes various models, with Large Language Models (LLMs)

being particularly prominent in business applications, as noted by Lopez-Lira and Tang, 2023.

2.3 Generative Al and its’ significance in organizational context

Organizations are progressively recognizing the potential of generative Al (Von Krogh, 2018).
Incorporating Al in workplaces can lead to many desirable outcomes, such as improving
operational efficiency and achieving higher levels of organizational effectiveness (Bughin,
2018; Wilson et al., 2017). The following section delves into potential applications of

generative Al within human resources.

2.3.1 Harnessing Generative Al in the field of Human Resources

The role of an organization's human resource management (HRM) function is pivotal in
successfully integrating artificial intelligence (Al) into the workplace, as highlighted by
Strohmeier and Piazza (2015). By merging HRM processes with Al, keeping ethics in mind,
organizations can reap additional advantages (Minbaeva, 2020), including enhanced decision-
making by managers (Liboni et al., 2019), a quicker and more efficient process for hiring
employees, improved learning opportunities within the workplace (Hamilton & Sodeman,
2020), increased employee engagement (Tripathi et al., 2012), and better retention of

employees (Samarasinghe & Medis, 2020).

As mentioned, there are several opportunities for companies to start implementing generative
Al in HRM. To delve deeper, organizations are increasingly leveraging Al for recruitment and
selection processes to enhance efficiency and accuracy. Al's capacity to analyze extensive
data, identify patterns, and make data-driven decisions streamlines and improves recruitment
(Viswanath and Vaddepalli et al., 2023). Traditionally, recruitment is labor-intensive, involving
manual resume screening and preliminary interviews. Al can automate various aspects of
recruitment, such as resume scanning and candidate information extraction, enabling HR
professionals to identify and prioritize qualified applicants more efficiently (Priyanka et al.,
2023). Al can also excel in candidate matching and predictive analytics, matching candidate
abilities to job descriptions and predicting candidate success, thereby minimizing mismatches
and improving staff retention (Bibi et al., 2016), as well as improving the candidate experience
through personalized job recommendations (Ooi et al., 2023). Chatbots powered by Al

streamline candidate communication and preliminary screenings, as Generative Al addresses
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structured queries by providing natural responses, improving the candidate experience
(Viswanath and Vaddepalli et al., 2023; Ooi et al., 2023; Malik et al., 2022). Al in recruitment
offers a substantial benefit in reducing the influence of unconscious bias among recruiters,
leading to a more diverse and inclusive workforce. Nevertheless, there are hurdles to
overcome, such as algorithmic bias, privacy issues, and the potential for depersonalizing the

recruitment process, as noted by Viswanath and Vaddepalli et al. in 2023.

Generative Al has also the potential of transforming talent and performance management,
offering innovative approaches for enhancing employee performance, learning, succession
planning, and career development (Viswanath and Vaddepalli et al., 2023). Ooi et al. (2023)
argue that Generative Al helps allocate resources to employees best suited for specific tasks,
improving outcomes and productivity. Al-driven performance analytics enhance performance
assessments by evaluating various data sources and offering practical suggestions for
improvement (Viswanath and Vaddepalli et al., 2023). For succession planning, Al can identify
high-potential individuals and recommend development routes (Viswanath and Vaddepalli et
al., 2023). While Al can provide neutral feedback, Al should not replace the human element

in performance management (Viswanath and Vaddepalli et al., 2023).

Generative Al can enhance training and development by creating interactive and immersive
learning experiences. It can create personalized learning paths based on past performance
and learning preferences. Real-time feedback and assessment help learners identify areas for
improvement and offer targeted resources and activities (Ooi et al., 2023). This all results in
improved learner engagement. Employee engagement and retention are crucial for an
organization's productivity and culture. Through sentiment analysis, Al can monitor employee
morale and identify areas where employees may be dissatisfied or disengaged, allowing
organizations to take corrective actions. Predictive analytics can identify disengaged
employees and allow HR to implement targeted retention initiatives. Personalized recognition
and rewards systems driven by Al can boost staff morale and increase employee engagement.
These measures can enhance employee involvement and decrease attrition rates. (Viswanath
and Vaddepalli et al. 2023, Ooi et al. 2023) Moreover, Al-powered approaches can contribute
to employees attaining a better balance between work and personal life. This is achieved by
proposing modifications to work schedules, introducing strategies for effective time
management, and even suggesting health initiatives, all based on an analysis of workloads,
schedules, and individual commitments. Consequently, this results in increased employee
contentment, reduced rates of burnout, and overall improved well-being. (Viswanath and
Vaddepalli et al. 2023, 1720)
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Generative Al can enhance HR support by providing personalized assistance to employees
and answering common queries. Chatbots and virtual assistants powered by generative Al
can engage with employees naturally, even outside regular working hours. Analyzing
employee data using generative Al helps identify areas for improvement, offering personalized

coaching to employees. (Budhwar et al. 2022, Chaudhary 2023)

Concluding from the above research, it is clear that generative Al holds immense promise in
revolutionizing decision-making within Human Resource Management (HRM) and profoundly
impacting strategic and sustainable HRM practices. Generative Al can allow HR professionals
to focus on vital, complex issues that require a human touch. By automating routine tasks,
such as data entry and scheduling, generative Al frees up time for HR professionals to
concentrate on strategic endeavors like shaping organizational culture, enhancing
collaboration, and fostering psychological safety. These strategic decisions, often hard to

mechanize, become central, facilitating agility and organizational effectiveness.

2.3.2 Ethical concerns around Generative Al

The integration of generative Al in an organizational setting raises significant ethical concerns
that organizations must address. The rise of generative Al has brought about several
controversies related to ethical, societal, and privacy concerns. Issues such as bias in Al
models, misuse of Al for disinformation, and privacy violations have sparked debates and
prompted calls for responsible Al development and governance. (Huang et al. 2022; Cerqueira
2021)

It is essential to understand that a machine learns from its given data. The machine will also
learn if the training data contains biases and discriminatory features. (Huang et al. 2022;
Cerqueira 2021) The models can inadvertently generate biased or offensive content if not
adequately trained or supervised (Thorbecke, 2023). Furthermore, the genuineness of outputs
from generative Al technologies like GPT-4 is constrained due to the lack of transparency in
these algorithms, which do not reveal the process behind their response generation. The
origins of the data used for training are also not disclosed. Additionally, these algorithms'
tendency to produce incorrect information, referred to as "hallucinations," has sparked
considerable concern regarding the reliability of their outputs. This issue carries potential
ethical and reputation risks for organizations considering the use of Al-generated content. A
notable instance is the $100 billion loss in Google's market value following an erroneous
answer provided by Bard, Google's Al chatbot, on Twitter during a showcase in February 2023,
as reported by Thorbecke (2023).
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The ethical use of Al in HR decision-making is paramount, as underscored by Viswanath and
Vaddepalli et al. (2023). HR procedures such as hiring, promotions, performance
assessments, and pay choices must be free of discrimination, prejudice, and unfair treatment.
Mitigating bias and discrimination in Al-driven HR processes is an ongoing ethical challenge,
as Al algorithms can amplify biases in historical data. Regular audits, bias-detection tools, and
diversity and inclusion initiatives are essential strategies to promote fairness. Ensuring that Al
is utilized responsibly and respecting the rights and dignity of workers and applicants is
essential to maintaining fairness and equity in these processes. Al algorithms must be
designed and trained moderately to prevent biases present in historical data from
perpetuating. Transparency is vital to provide employees and candidates with visibility into Al
decision-making. Accountability mechanisms should be established to promptly address
biases and errors in Al-driven HR processes, maintaining ethical standards. (Viswanath and
Vaddepalli et al., 2023) The collection and handling of employee data, especially in Al-driven
HR practices, must respect privacy rights, communicate data collection purposes, ensure data
security, and comply with data protection regulations like GDPR and CCPA. (Viswanath and
Vaddepalli et al. (2023).

To conclude, organizations adopting Al in HR must follow key recommendations: establish
ethical frameworks, prioritize data governance, invest in HR professionals' training, foster
collaboration, and continually evaluate Al systems for bias and effectiveness. HR
professionals will evolve into strategic architects, overseeing ethical Al implementation,
leveraging Al insights for strategic decisions, and advocating for fairness and transparency.
Upskilling is essential, and they must uphold ethical Al practices. (Scholz 2020, Grigore et al.
2021)

2.3.3 Generative Al and the Use of Company Data

A subsequent phase in integrating Al to organization’s day-to-day operations is exploring how
businesses can more broadly utilize trained and operational LLMs with their unique company
data, ensuring that this integration does not compromise the confidentiality of company
information. (Tokayev, 2024, 6; Khanna and Srivastava, 2021) LLMs-as-a-Service are
categorized as proprietary or open-source models (Ahmed et al., 2024), with distinctions
involving ownership, accessibility, licensing, customization, support, security, and cost
(Ahmed et al., 2024). The selection among different language model services depends on
customization needs, security priorities, budget constraints, and specific goals of users or

organizations. Proprietary services are suited for large enterprises, offering bespoke
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customization, strict security, compliance, and scalability for large datasets and user bases.
They also feature dedicated support, advanced language options, and sector-specific

knowledge developed by established companies. (Mohammed, 2023)

The combination of Microsoft Azure Cognitive Search and Azure OpenAl Service offers
businesses a solution for leveraging their data with GPT language models and the ChatGPT
service. Azure Cognitive Search, a cloud service, can index and retrieve data from a
company's databases, enabling efficient information retrieval in response to user queries
(Microsoft, 2024). Azure OpenAl, another cloud service, takes the retrieved data and
generates natural language responses using ChatGPT (Microsoft, 2024). As with using
regular ChatGPT, users only need to supply a prompt with the English text command, and the

model will produce a text completion (Microsoft 2024, What is Azure Al Open Service?)

2.4 Introduction to WartsilaGPT

A Finnish company, Wartsila Oyj, has come to acknowledge the strategic significance of
Artificial Intelligence (Al) in optimizing operations and elevating the overall employee
experience. Notably, Wartsila Oyj has implemented generative Al for internal purposes -
WartsilaGPT (Wartsila Corporation (A), 2024). Through Microsoft Azure, Wartsila Oyj has
harnessed the power of OpenAl's advanced GPT models. Microsoft Azure allows for fine-
tuning these models to align with specific organizational requirements. Leveraging Azure's
scalable cloud infrastructure, Wartsila ensures essential security and compliance standards.
(Wartsila Corporation (B), 2024)

WartsilaGPT aims to be a collection of in-house tools that utilize various large language
models (LLMs), such as OpenAl's ChatGPT, securely and following Wartsila ChatGPT
guidelines. The goal is to create a set of building blocks powered by LLMs, which can address
diverse challenges across Wartsila and identify synergies between use cases. The Information
Management (IM) — Machine Learning and Advanced Analytics team at Wartsila Oyj
consistently seeks innovative business applications that harness the potential of large
language models and Al. Ongoing projects in this domain include "Analyst Buddy" for
sentiment analysis, "Question Answering for Field Service Applications" for user-friendly
instructions, "Product Guide Harmonization" for commonalities in product guides, "Lessons
Learned" summarizing insights from projects, "Marketing Analytics" for content generation,
and "News Analytics" for extracting specific entities from news articles. "Field Service Mobility

Chat" is an interactive chatbot to reduce support ticket volume. A conversational interface
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called WartsilaGPT Chat is being developed. It offers secure usage of ChatGPT with private
data, including the ability to interact with personal Word and PDF documents. The chat is
continuously improved based on user feedback and evolving needs. (Wartsila Corporation (B),
2024)

In addition, Wartsila Oyj provides internal employees with access to the WartsilaGPT
Playground, offering various LLM capabilities such as text summarization, secure translation,
sentiment analysis, writing advice, and query generation. Employees must follow the
guidelines outlined on the tool's webpage to use it. Wartsila emphasizes safe Al usage by
educating employees on prompt creation to guide model responses and setting clear
boundaries to minimize risks like misinformation and biases. WartsilaGPT assists in managing
and mitigating these risks, ensuring model outputs align with desired objectives and values.
(Wartsila Corporation (B), 2024)

WartsilaGPT and WartsilaGPT Playground play a pivotal role in augmenting Al literacy within
the organization by serving as an accessible and educational platform for employees to
explore and experiment with Large Language Models (LLMs) and natural language processing
(NLP) capabilities. One of the primary objectives of WartsilaGPT is to cultivate a mindset and
understanding of generative artificial intelligence (Al) among all Wartsila employees. The aim
is for employees to proactively identify various business opportunities leveraging Al within their

teams that may not be readily apparent. (Wartsila Corporation (A), 2024)

At present, WartsilaGPT is in its initial development phase, with a strong emphasis on
identifying and learning about the most beneficial use cases for its application. The strategy
so far has involved engaging in discussions and making joint decisions on the steps to take,
along with their timing and rationale. Rather than following a pre-established "best practice"
method or framework for the product's development, the technical team has opted for a
collaborative approach to decide on its direction. Efforts have been made to create internal
articles and informational content to increase awareness about these advancements, enabling
individuals to leverage the benefits of emerging technologies while addressing any associated

risks.
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3 Assessing Al Literacy within an organization

Numerous researchers contend that the swift evolution and integration of Al technologies into
everyday existence emphasize the vital importance of individuals and organizations acquiring
a solid grasp of Al fundamentals. (Benbya et al., (2021, 2); Berente et al., (2021, 1433); Sjodin
et al. (2021, 574-575); Cetindamar et al. 2023, 2). A lack of foundational knowledge in Al may
restrict individuals' capability to proficiently utilize, cooperate with, and critically assess Al
technologies (Cetindamar et al., 2023, p. 2). Long and Magerko (2020) advocate for further
research to explore the new skills required in the future. This set of skills is identified as Al
literacy (Long & Magerko, 2020).

Individuals and organizations must possess a certain level of Al literacy to interact with and
utilize Al-based systems effectively (Weber et al., 2023). Being Al-literate empowers
individuals to make informed decisions about the technologies they use and the data they
share. Employees who understand Al concepts are better equipped to adapt to changing job
requirements and contribute to Al-driven projects. (Brundage et al., 2018). Measuring Al
literacy can help identify gaps in knowledge and inform the development of effective training
programs (Wang et al., 2023) Understanding the Al literacy required of employees enables
the development of methods for assessing and enhancing these skills throughout the
organization. This approach broadens employees' basic knowledge and competencies,

allowing them to effectively interact with and critically assess Al technologies.
3.1 Defining Al Literacy

Several researchers have attempted to define and clarify the scope of Al literacy. According
to Wang et al. 2023 (3), Al literacy means individuals' familiarity with Al concepts and
applications, encompassing an understanding of what Al is and how it functions. They define
Al literacy as the capability to understand and use Al in real-world scenarios, efficiently
accomplish tasks with Al, critically assess Al-generated data and information, and uphold
personal responsibilities alongside mutual rights and obligations. (Wang et al. 2023, 3)
According to Casal-Otero et al. (2023, 17), Al literacy includes the skill to assess Al
applications critically, enabling the differentiation between Al-enabled artifacts or platforms
and those without Al. (Long & Magerko, 2020)
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According to several studies, Al literacy includes an awareness of ethical considerations, such
as fairness, transparency, and accountability, when deploying Al solutions. Understanding Al
algorithms, data privacy, and potential biases allows people to navigate the digital landscape
more wisely. (Burgsteiner, Kandlhofer, & Steinbauer, 2016; Ghallab, 2019). Wang et al. (2023)
contend that becoming Al literate does not necessitate individuals to master the foundational
theories or recent advancements in Al. Rather, an individual is considered Al literate when

they can effectively and sensibly utilize Al products. (Wang et al 2023, 1).

3.1.1 Al literacy in the context of learners

Despite the several attempts to define above of Al literacy, there remains a lack of a clear
definition of what constitutes "Al literacy." To address this gap, Ng et al. (2021) conducted an
exploratory review to develop a robust theoretical framework for defining, teaching, and
assessing Al literacy, in an educational setting. This review, which analyzed 18 peer-reviewed
articles, suggested four critical components for nurturing Al literacy: knowledge and
understanding, usage, evaluation, and addressing ethical concerns. These components are

adapted from established literacy concepts.

Knowing and understanding Al involves grasping its basic principles and functionalities and
using Al applications ethically in daily life. This concept, echoed across all 18 reviewed articles,
emphasizes educating learners about essential Al concepts, skills, knowledge, and attitudes
without requiring previous expertise. Beyond merely using Al applications, learners should
grasp the foundational technologies behind them. Burgsteiner et al. (2016) and Kandlhofer et
al. (2016) define Al literacy as the ability to comprehend the basic techniques and concepts of

Al as they are implemented across different products and services. (Ng et al. 2021, 505)

Applying Al concepts and their use in various contexts is a crucial focus of all the articles,
argue Ng et al. 2021. Rodriguez-Garcia et al. (2020) notably evaluated LearningML, a tool for
building machine learning models, to help people understand Al applications, their societal
impact, and the ethical considerations of Al technologies. Furthermore, 9 out of 18 articles
delved into human-centric aspects, emphasizing the ethical use of Al concepts and
applications. Al's significant impact on daily decision-making comes with risks; misuse or
flawed Al design can lead to severe consequences for individuals and society, as Fourtané
(2020) noted. Despite these risks, only about half of the studies in this review highlighted the
need for human-centric considerations and the importance of educating individuals to be

socially responsible, a point raised by Ahmad et al. (2020). Gong et al. (2020) observed that
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students often overlook ethical issues related to Al, such as biases and legal responsibilities
or intellectual property concerns. Therefore, it is essential for educators to enhance students'
Al skills and interests and to foster an understanding of Al's societal impact and ethical
implications. (Ng et al. 2021, 507)

Twelve articles extend Al literacy beyond basic knowledge and usage to include the ability to
critically evaluate Al technologies and collaborate effectively with Al systems, as highlighted
by Long & Magerko (2020). People proficient in evaluating and creating Al demonstrate skills
in synthesizing, manipulating, and innovatively applying Al concepts. Thus, Al literacy also
encompasses a suite of competencies for critical evaluation and effective communication and

collaboration with Al systems, according to Long and Magerko (2020).

Ng et al. (2021) highlight that all the reviewed articles stress the necessity of teaching learners
to apply Al concepts and applications across various contexts, as underscored by Druga et al.
(2019). There was also a consensus on the need for everyone to develop fundamental Al
knowledge and skills, fostering motivation and career interest, as Chai et al. (2020b) suggest.
In addition, Ng et al. 2021, suggest measuring employees' own perception of their knowledge

and skills in using Al technology.

3.1.2 Series of competencies of Al literate individual

Similarly, Long and Magerko (2020, p. 2) carried out an investigative review across various
fields of study. Their objective was to identify a series of competencies related to Al literacy,

with their findings presented in the subsequent table:

Competency Explanation

Recognizing Al Differentiate between technological devices that incorporate artificial

intelligence and those that do not.

Understanding Critically analyze and discuss characteristics that define intelligence in an
Intelligence entity. This should encompass an exploration of the varying forms of
intelligence across humans, animals, and machines, highlighting the distinct

differences and similarities among them.

Interdisciplinarity Understand that numerous approaches exist for conceiving and creating
"intelligent” machines. Acknowledge the diverse range of technologies

employing artificial intelligence, encompassing areas like cognitive systems,

robotics, and machine learning.
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General vs.

Differentiate between general Al and narrow Al.

Narrow
Al’'s Strengths & Determine the kinds of tasks where Al performs well and those where it
Weaknesses encounters difficulties. Utilize this insight to decide the suitable instances for

deploying Al solutions and the occasions where human expertise should be

prioritized.

Imagine Future Al

Imagine possible future applications of Al and consider the global implications

these technologies might have.

Representations

Comprehend the essence of knowledge representation and illustrate with

examples of how knowledge can be represented.

Decision-Making

Identify and explain ways in which computers process information and arrive

at decisions.

ML Steps

Grasp the sequence of actions required in machine learning along with the

associated practices and obstacles each phase presents.

Human Role in Al

Acknowledge the critical contribution of humans in coding, selecting models,

and refining Al systems.

Data Literacy

Grasp fundamental concepts related to data literacy.

Learning from
Data

Recognize that computers often learn from data, potentially encompassing

your own personal information.

Critically

Interpreting Data

Understand that data must not be taken at face value without thorough
analysis and requires interpretation. Discuss how the initial training samples

within a dataset can shape the results produced by an algorithm.

Action & Reaction

Acknowledge that some Al systems have the ability to directly engage with
their surroundings. They can perform actions based on complex decision-
making processes (like adhering to a specific path) or react spontaneously

(such as abruptly moving aside to avoid an encountered barrier).

Sensors Grasp the concept of sensors and acknowledge that computers interpret the
world through them. Identify the presence of sensors across diverse devices.
Understand that various sensors facilitate distinct types of world
representation and reasoning.

Ethics Explore and detail the diverse viewpoints on critical ethical challenges posed

by Al (i.e. privacy, employment, misinformation, the singularity, ethical

decision making, diversity, bias, transparency, accountability).

Many researchers contend that while knowledge of programming plays a crucial role in

comprehending and making sense of Al, particularly for developers, it can also present a

significant obstacle for not as literate users. Moreover, it is argued by Long and Magerko

(2020, 2) that the majority of people who interact with Al in their everyday lives do not require

programming skills to effectively engage with it.
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3.1.3 Al literacy in the context of organizations

Cetindamar et al. (2023, 3) focus on defining Al literacy in the context of employees and
workplaces. In addition to clarifying the concept, they identify the capabilities that can form the
basis of Al literacy. Researchers have acknowledged this deficiency and have called for the
development of a comprehensive Al competence framework that would aim to identify and
assess the critical skills necessary for effectively engaging with Al, regardless of one's specific
role (Tarafdar et al., 2022). To do so, Cetindamar et al. (2023) conducted a study on Al literacy
by reviewing academic papers from two datasets: one focused on education and the other on
business. Dataset one was used to define Al literacy, while dataset two was used to
understand its dimensions, challenges, and future directions in the workplace. They analyzed
the most relevant papers, particularly those discussing Al literacy for non-technical employees
in business settings. They employed quantitative and qualitative methods to define Al literacy,

research dimensions, challenges, and future directions. (Cetindamar et al. 2023, 3)

The findings of their study suggest that Al literacy is a multidimensional concept encompassing
four sets of capabilities. The first set of capabilities is 'technology-related,' which argues that
employees who are Al literate should have skills in understanding data, its collection and
collation, analysis, and representation, the range of technologies for this, and their interaction
with the world. The second set of capabilities is 'work-related’ and encompasses the
identification of Al's prospective utility in a workplace setting. This entails comprehending its
seamless integration into current work processes. This comprehension involves
understanding how human skills and Al capabilities complement each other within certain
areas and their interaction within varied teams and disciplines during complex decision-

making processes over time. (Cetindamar et al. 2023, 8)

The third set of skills, termed 'human-machine-related,’ involves the ability to interact with and
interpret Al systems, crucial for enhancing human capabilities through human-robot
interactions. This includes improving processes, creating innovative products or services, and
boosting collaboration. Research in this area often focuses on protecting and enhancing
unique human skills, such as adaptive expertise and complex problem-solving. (Cetindamar
et al. 2023, 8)

The fourth group of skills is 'learning-related,' equipping individuals to engage in self-directed
learning and keep up with technological advancements. In today’s fast-paced environment,

where rapid access to information and decision-making is commonplace, it's essential for
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individuals to develop cognitive skills for lifelong learning. This includes self-learning abilities
that help employees adapt to the uncertainties of the digital age. Research also highlights the
benefits of cultivating a growth mindset, embracing new challenges, and learning from failures.
(Cetindamar et al. 2023, 8)

Cetindamar et al. (2023, p. 2) view Al literacy as a capability at the organizational level,
wherein the sum of individual skills contributes to an organizational strength. This strength
enables the performance of coordinated tasks and the effective use of organizational
resources to attain specific outcomes. In conclusion, it's challenging to summarise the specific
skills an Al-literate person should have. However, it encompasses a multifaceted skill set that
includes a deep understanding of Al, ethical awareness, practical insight, critical thinking,
problem-solving abilities, a commitment to continuous learning, and the capacity to
communicate Al insights effectively, promoting informed and responsible engagement with Al

technologies in our modern society.

3.2 Strategies for measuring Al Literacy in Organizations

Cetindamar et al. (2023) contend that the maijority of research primarily emphasizes curriculum
topics, presenting a catalog of competencies related to Al literacy without establishing
concrete assessment criteria. While some research endeavors to evaluate the Al literacy
levels of students, there's a notable gap in assessing Al literacy within organizational contexts.
This section aims to explore a selection of studies that offer insights into devising a strategy
for assessing the Al literacy levels of HR personnel at Wartsila Oyj, highlighting the need for

tailored measurement approaches in professional settings.

3.2.1 Atrtificial Intelligence Literacy Scale (AILS)

Wang et al. (2023) developed a quantitative scale developed to measure people's Al literacy:
The Atrtificial Intelligence Literacy Scale (AILS). The AILS consists of four constructs:
knowledge, usage, attitude, and ethics. The development of AILS followed the
recommendations of Hinkin (1998), who proposed a six-step process for developing and
validating a scale: item generation, content validation, questionnaire administration, item
reduction, confirmatory factor analysis, and reliability and validity testing. In the first step of

item generation, self-report items were generated through various methods, such as heuristic
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association, brainstorming, and card sorting. The self-report items in AILS were structured as
statements that addressed the behavior, ability, or level of comfort when performing specific
Al-involving tasks and allowed the respondent to show their degree of agreement with them.
The items were generated based on a literature review and were designed to be easy for

ordinary people to understand.

In the AILS, "knowledge" is measured through items that assess the respondent's knowledge
of Al-related terminology, their familiarity with Al applications, and their understanding of Al's
potential benefits and risks. "Usage" is measured through items that assess the respondent's
ability to use Al applications and tools to accomplish specific tasks, their level of comfort with
using Al technology, and their experience with different types of Al applications and tools.
"Evaluation," in turn, is measured through items that assess the respondent's ability to analyze
and interpret the results produced by Al applications, critically evaluate the outcomes of Al
applications, and form accurate opinions regarding Al applications and products. Lastly,
"ethics" is measured through items that assess the respondent's understanding of ethical
issues related to Al, their ability to identify potential ethical concerns in Al applications, and

their ability to make ethical judgments regarding Al technology. (Wang et al. 2023)

After generating the items, the next phase involved validating the scale's content. Five subject
matter experts (SMEs) assessed the items for the AILS to ensure they effectively represented
at least one of the four constructs and aligned with existing literature. Following this, the
questionnaire was administered to two different groups of participants to assess the scale's
reliability and validity. The scale's items were selected based on their correlations with the four
constructs. AILS was validated with two participant groups, confirming its effectiveness in
measuring Al literacy. In summary, AILS is a valuable tool for assessing Al literacy and can

be used in future research on human-agent interaction and intelligence. (Wang et al. 2023)

3.2.2 Measurement instrument for general Al literacy

Similarly to Wang et al. (2023), the research objective of Pinski 2023 was to bridge this gap
by defining and outlining the concept of general Al literacy and developing a tool to measure
individuals' general Al literacy levels. The scale was developed through a four-step research
design, which included a systematic literature review, item generation, content validity
assessment, and a pre-test study. The researchers developed the dimensions and items for

the measurement instrument through a multi-step process.
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First, they conducted a systematic literature review to identify relevant themes and concepts
related to Al literacy. Based on this review, they identified three themes: socio-technical,
explicit/tacit, and revised information system assumptions. Subsequently, their goal was to
organize items at the junctures of these three themes. For instance, the modification of each
assumption aimed to categorize it based on its social and technical ramifications. This
approach yielded a preliminary compilation of 46 items, organized across six dimensions (Al
and human actors, Al interface, Al input, Al processing, Al output, and Al experience), which
then underwent a process of refinement. In the third phase, the team implemented two
strategies for refining content validity and the structure of the scale. Initially, a series of
interviews with experts was carried out to integrate diverse perspectives on artificial
intelligence. Following that, they executed two iterations of card sorting to evaluate the
accurate alignment of items with their respective dimensions. The researchers advocate for
the combined approach of conducting a systematic literature review alongside expert
interviews, which is believed to uncover a collection of items possessing strong validity. The
five dimensions are: (1) Al knowledge, (2) Al skills, (3) Al attitudes, (4) Al awareness, and (5)
Al ethics. The validated measurement instrument contains 13 items in total. In the table below,

each dimension and item within the dimension is explained.

The scale
Dimension Explanation of the dimension | Iltems included
Al knowledge Refers to the factual knowledge | “I know what Al is and what it can do”
that individuals possess about
Al. It includes knowledge about “I am familiar with the different types
the history, development, and of AlI”
current state of Al.
“I understand the basic principles of
machine learning”.
Al skills Refers to the practical skills that | “/ am able to program Al systems”
individuals possess in relation to
Al. It includes skills such as “I am able to analyze data using Al
programming, data analysis, and | fools”
problem-solving.
“I am able to identify and solve
problems using Al techniques”
Al Attitude Refers to the attitudes and “I believe that Al has the potential to
beliefs that individuals hold improve our lives”
about Al. It includes attitudes
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towards the benefits and risks of
Al, as well as ethical

considerations.

“l am concerned about the ethical

implications of Al”

“I am aware of the potential risks

associated with Al

Al awareness

Refers to the level of awareness
that individuals have about the

presence and impact of Al in

“I am aware of the Al applications that
are currently being used in my

industry.”

their daily lives.
“I am aware of the potential impact of

Al on my job.”

“I am aware of the potential benefits
of Al in my personal life.”

Al Ethics Refers to the ethical “I believe that Al systems should be

considerations that individuals designed to be fair and unbiased.”
take into account when working
with or developing Al systems. It | “/ believe that Al systems should be
includes considerations such as | transparent in their decision-making
fairness, transparency, and processes.”
accountability.
“I believe that individuals and

organizations should be held

accountable for the actions of their Al

systems.”

3.2.3 Comparative self-assessment of Al Literacy

Likewise, the research by Laupicher et al. (2023) emphasizes the significance of possessing
a credible and dependable tool for evaluating artificial intelligence (Al) learning via
comparative self-evaluation. The authors describe the development and validation of an Al
literacy assessment instrument using a bottom-up approach and a Delphi study. Delpih’s study
is a research method used to gather input from a panel of experts on a particular topic or issue
(Diamond et al., 2014, p. 401). The instruments underwent validation via an exploratory factor
analysis, which identified three factors of Al literacy: technical understanding, critical appraisal,
and practical application. The authors argue that a valid and reliable evaluation of Al training
is essential for quality assurance and identifying potential strengths and weaknesses of Al

training. The following is a table excerpted from the article by Laupicher et al. (2023):
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Al-literacy

Factor

Self-assessment tasks

Technical

understanding

Describe how machine learning models are trained, validated and tested

Explain how deep learning relates to machine learning

Explain how rule-based systems differ from machine learning systems

Explain how Al applications make decisions

Explain how “reinforcement learning” works on a basic level (in the context of

machine learning)

Explain the difference between general (or strong) and narrow (or weak)

artificial intelligence

Explain how sensors are used by computers to collect data that can be used

for Al purposes.

Explain what the term artificial neural network means

Explain how machine learning works at a general level

Explain the difference between “supervised learning” and “unsupervised

learning” (in the context of machine learning)

Describe the concept of big data

Evaluate whether media representation of Al (eg. In movies or video games)

go beyond the current capabilities of Al

Critical appraisal

Explain why data privacy must be considered when developing and using Al

applications

Identify ethical issues surrounding Al

Name weaknesses of Al

Describe potential legal problems that may arise when using Al

Critically reflect on the potential impact of Al on individuals and society

Describe why humans play an important role in the development and

application of Al

Practical

Application

Give examples from your daily life where you might be in contact with Al

Name examples of technical applications that are supported by Al

Tell if the technologies | use are supported by Al

Assess if a problem in my field can and should be solved with Al methods

Name applications in which Al-assisted natural language

processing/understanding is used

Explain why Al has recently become increasingly important

Critically evaluate the implications of Al applications in at least one subject

area
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In their study, Laupicher et al. (2023) underscore the critical need for quality assurance during
Al training processes and a thorough analysis of the system's strengths and shortcomings.
According to Zhao et al. (2022), developing Al literacy necessitates diverse and in-depth
training encompassing a curriculum, content, methodologies, and hands-on resources. Such
training must be adapted to learners' unique needs and profiles, considering factors like age,

technical abilities, interests, and educational backgrounds (Chao et al., 2021).
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4 Canvases in application of Generative Al in

business

Simplicity in business often drives the adoption of any technology initiatives. This calls for a
structured framework that caters to both the technical expertise of data scientists and the
operational insights of business and domain experts. While data scientists understand Al's
technical aspects, business professionals can identify the business value and make the
necessary organizational adjustments for Al integration. Al and Machine Learning (ML)
canvases bridge this gap by offering a visual, structured approach to Al projects, breaking
down complex concepts, and guiding users through the lifecycle. These tools enhance
understanding with a focus on practical applications, educate on data and Al techniques, and
promote responsible Al use by setting clear expectations, fostering result-oriented planning,
and encouraging ethical considerations. This integrated approach addresses the need for a

framework supporting the diverse roles in Al project development and implementation.

The initial step in this process is crafting a well-defined business case, serving as the crucial
foundation for the entire endeavor. The Business Model Canvas (BMC), introduced by
Osterwalder and Pigneur (Osterwalder & Pigneur, 2010), stands out as a highly effective
framework. It incorporates nine key components, including the value proposition, key partners,
activities, resources, customer segments, and the streams of cost and revenue. The BMC
serves as a useful instrument for business professionals in pinpointing new value propositions
and delineating their value to both the company and its customers (Kerzel et al., 2021, p. 2).
Nonetheless, as a broad framework, the BMC falls short in addressing the specific
requirements needed to evaluate if a business challenge can be addressed through the
application of generative Al. This chapter investigates available frameworks and canvases to
identify essential elements for the WartsilaGPT use case framework, aiming to discover
WartsilaGPT applications within Wartsila's HR department. Several pertinent business case
models, including canvases focusing on Al, Machine Learning, and Deep Learing, are

introduced and discussed.

4.1 Al Project Canvas by Jan Zawadzki (2019)

The Al Project Canvas by Jan Zawadski (2019) is an adapted version of the Business Model

Canvas that helps structure and convey the holistic idea of an Al project to others. It consists
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of four distinct parts: the “‘Value Proposition’ as the central part of the project, the ‘Ingredients’

on the left, the ‘Integration for Customers’ on the right and ‘Financing’ at the bottom.

The Value Proposition explains the project's value to the organization. The ingredients on the
left consist of three blocks: Data, Skills, and Output. The Data block refers to the data sources
that will be used to train the Al model. It includes the type of data, the quality of data, and the
quantity of data required to build the model. The Skills block refers to the skills and expertise
required to build and maintain the Al project. It includes the technical skills required to build
the model, the domain knowledge required to understand the data, and the soft skills required
to communicate the project to stakeholders. The Output block refers to the expected output of
the Al project. It includes the type of output, such as predictions, classifications, or

recommendations, and the expected accuracy of the output.

The 'Integration for Customers' part covers integrating the Al project into the current
infrastructure for stakeholders and customers. It includes the following aspects: The
integration block explains how the Al project will be integrated into the existing infrastructure.
It includes details on where and how the project will be used, how it fits into the backend, and
how the customer will engage with the model. The key Stakeholders block lists the key
stakeholders involved in the Al project. It includes internal departments like legal, UX, and
management and external stakeholders like customers and partners. ldentifying key
stakeholders helps ensure that all necessary parties are involved in the project and their needs
are addressed. Customer block explains who the customer of the Al project is and how they
will benefit from the project. It includes details on the customer pain points the project is solving
and the vitamins being added to enhance the customer's life. It also covers the expected

revenue or cost savings that the project will generate.

The Cost section prompts consideration of potential expenses, such as data labeling or
computational costs, without necessitating exact figures but rather an overview of cost
categories. The Revenue section explores how the project might generate income through
new services or features or by enhancing efficiency and supporting innovation initiatives,
highlighting the importance of identifying the revenue type as a critical component of project
planning. All these parts are vital aspects of any Al project. Nonetheless, the Al Project Canvas

does not delve into technical specifics and is primarily designed for project managers.
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4.2 Al Canvas by Kevin Dewalt (2021)

The Al Canvas suggested by K. Dewalt (Dewalt, 2021) offers a comprehensive overview that
combines elements from both business and data science perspectives. The canvas is divided
into two halves: the left pertains to addressing business-related considerations, while the right

is dedicated to the technical aspects.

The business blocks include defining the opportunity, consumers, strategy, and policy and
process. The ‘Opportunity’ section delivers an in-depth analysis of the use case and the
benefits the Al model brings to the business, such as enhancing revenue, cutting costs, and
boosting efficiency. The ‘Consumers’ section details the systems, products, or organizations
that leverage these results to deliver concrete business value. The ‘Strategy’ insight
emphasizes the critical role of unique data assets in establishing and maintaining a
sustainable competitive advantage in Al-driven products. The ‘policy and process’ section
tackles the essential considerations of data, security, and organizational change brought
about by Al, including issues surrounding model interpretability and data rights. (Kerzel et al.
2021, 3)

Technical blocks include solutions, data, transfer learning, and success criteria. A segment of
‘Solution’ outlines the high-level description of models, workflows, and system architecture.
The principal sources of data for model inputs, both internal and external, are discussed in the
‘Data’ segment. This includes accessibility, data cleansing challenges, APls, and associated
costs, which is considered the most critical risk block on the canvas. The ‘Transfer learning’
segment includes the technically complex aspect, which identifies pre-existing models,
datasets, or research papers that the development team can leverage in the building process.
Lastly, benchmarks for model performance and necessary business metrics are discussed in
the ‘Success criteria’ segment, ideally quantified for comparison with industry standards.
(Kerzel et al. 2021, 3)

4.3 Al Canvas by A.Agrawal et al. (2021)

The Al Canvas introduced by Agrawal et al. (Agrawal et al., 2018, pp. 134-138) outlines the
core concepts of a proposed new project, including the predictions to be made and the
subsequent actions to be taken. It also touches on some basic aspects of the necessary data

and training but avoids delving into the technical specifics. The canvas is aimed at non-

33



technical audiences. While this canvas could be applied interchangeably to Machine Learning
(ML) projects, its' overarching focus is on the entire project rather than delving into technical

specifics.

This canvas categorizes essential information into the following segments: Prediction,
Judgment, Action, Outcome, Input, Training, and Feedback. The 'Prediction' phase aims to
pinpoint the vital information or data required to support well-informed decisions related to the
planned action. This phase demands the recognition of necessary variables or inputs for
making precise predictions. During the 'Judgment' phase, attention is given to the standards
and values employed in evaluating the attractiveness of various outcomes and the potential
errors linked to those outcomes, establishing a framework for assessing the impacts of
different decisions. The 'Action' phase involves the explicit determination of the goal or activity
that the Al system aims to achieve, providing clarity on the action's intent and offering the
essential backdrop for grasping the Al tool's purpose. (Agrawal, Gans, and Goldfarb 2018,
134-138)

'Outcome’ defines the metrics for evaluating the success of the Al tool, which is crucial. This
step entails specifying the benchmarks or indicators that will be used to measure the
effectiveness of the Al system in achieving the intended outcome. 'Input' involves identifying
the dataset or information required to feed into the predictive algorithm. The quality and
relevance of the input data directly influence the accuracy and reliability of the Al system's
predictions. The Al system requires data to learn and improve its predictive capabilities.
(Agrawal, Gans, and Goldfarb 2018, 134-138)

The 'training' section focuses on defining the dataset that will be used to train the algorithm,
ensuring that it has access to relevant and diverse examples for effective learning. The
selected dataset should encompass a wide range of scenarios anticipated in real-world use
and include diverse inputs to avoid biases. It requires balancing sufficient data volume for
algorithm training with high-quality data to ensure learning from accurate, representative
examples. Additionally, techniques like data augmentation and synthetic data enhance
learning and increase the algorithm's robustness to variations where accurate data is scarce.
The goal is to develop an Al model that performs reliably across various conditions and
applications. (Agrawal, Gans, and Goldfarb 2018, 134-138)

Lastly, the' Feedback' mechanism comes into play after the Al system has been deployed and
used. This process entails using the Al tool's outcomes to improve its performance through
iterative cycles of evaluation, adjustment, and retraining. It may involve adjusting model
parameters, updating the training dataset to include new scenarios, or redefining the problem

statement as insights evolve. This feedback loop keeps the Al system adaptable, allowing it
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to evolve with changing conditions and user needs, enhancing its accuracy, reliability, and

long-term relevance. (Agrawal, Gans, and Goldfarb 2018, 134-138)

4.4 Enterprise Al Canvas by U.Kerzel (2021)

The Enterprise Al canvas is aimed at uniting data scientists, Al specialists, and business
experts to address key questions for identifying valuable use cases for the company and its
customers, along with technical details about data and machine learning models. (Kerzel
2021, 2) The first part focuses on the' business view' of the opportunity, including how the use
case generates value, how success is defined, and which domain expertise is needed. It
includes three main elements: Value, Success, and Domains. 'Value' is the central item of the
potential business opportunity and focuses on how it creates value for the organization and
customers. 'Success' is defined by metrics and KPIs and determines whether the use-case is
"good" or "bad." 'Domains' refers to the specific industry domain or application area in which
the opportunity is embedded and the relevant domain expertise needed to evaluate its

prospects. (Kerzel 2021)

The section on 'Organization' delves into the current decision-making processes within a
company and explores how these might change with the introduction of Al. It questions who
makes decisions and how they are made, considering what changes might be necessary in
the organization's structure or training to accommodate Al-driven decision-making. 'Decision
and Optimization' focuses on the operational aspects of implementing Al solutions. It
examines how Al can enhance current decision-making frameworks for improved outcomes,
focusing on understanding and optimizing existing processes. The 'Sponsor' section
underscores the necessity of senior management support for Al integration, emphasizing the
selection of a leadership team to lead the Al initiative and align it with strategic company
objectives. (Kerzel 2021)

The second portion delves into the foundational aspects of the machine learning and data
model, outlining the process of translating predictions into actionable operational decisions
and enhancing decision-making efficacy. Key components include Domains and Data Quality,
Data Sources and Processing, Prediction and action, Features, Constraints, and Evaluation
and Monitoring. (Kerzel 2021)

'Domains and Data Quality' focuses on identifying the required domain expertise and
establishing criteria for evaluating the quality of data alongside data quality assessment and

improvement methodologies. 'Data Sources and Processing' examines the necessity for
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specific data sources, discerning between those needed and those already available, the
types of data essential for the model, and the systems either in place or required for data
management. 'Prediction & Action' centers on the type of prediction the Al system must
generate to achieve its goals, categorizing the tasks into either classification or regression
problems. The 'Features’ component emphasizes recognizing key features significantly
influencing the model's accuracy. Lastly, 'Constraints' explores the expected timeframe for
generating predictions, the level of detail needed, the frequency for model retraining, and the

models' deployment options, whether at the edge, on-premise, or in the cloud. (Kerzel 2021)

4.5 Machine Learning Canvas by L. Dorard (2016)

The Machine Learning Canvas created by L. Dorard in 2016 facilitates discussion around data
collection, machine learning, and value creation. The Machine Learning Canvas is designed
to be a collaborative tool used by people of different backgrounds (e.g., data science,
engineering, product, business). The canvas consists of several blocks describing a machine-

learning project's critical aspects. (Dorard 2016)

The 'value proposition' block describes what the system is trying to do, why it is essential, and
who will use the system or be impacted by it. The 'Predictions' section focuses on the
operational aspect of how the system utilizes the models it has developed from data analysis
to make predictions. This section is divided into several key components, including the ML
Task, Decisions, Prediction Execution, and Pre-deployment Evaluation. The 'ML Task' section
outlines what the machine learning model is trying to achieve, what data it requires, and what
form the predictions or outcomes will take. The 'Decision-making' section elucidates how the
predictions made by machine learning models are utilized in making informed decisions and
how they integrate into operational or strategic decision-making workflows, ultimately

delivering value to the end-users. (Dorard 2016)

The 'Prediction Execution' aspect addresses the operational strategy behind prediction timing
and frequency, questioning whether the model should provide real-time predictions as data is
received or function on a batch processing system with scheduled predictions. 'Pre-
Deployment Evaluation' emphasizes the importance of evaluating the machine learning
model's performance before deployment, involving selecting appropriate evaluation

techniques and metrics that align with the model's intended use. (Dorard 2016)

The learning segment describes how the system will learn from data, including the type of

machine learning task (e.g., classification, regression), the input data, and the output to
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predict. It encompasses these elements: Data sources, data collection, feature engineering,
and model development. The 'Data Sources' segment is critical, focusing on identifying where
the raw data for learning comes from, whether internal sources like company records or
external ones like public datasets. It highlights the importance of pinpointing these sources

and assessing the data's quality, availability, and diversity. (Dorard 2016)

'Data Collection' covers the strategies for gathering data essential for the system's learning,
detailing protocols for acquiring the necessary inputs and outputs for machine learning
models. 'Feature engineering' involves analyzing the collected data to identify the most
relevant features for the machine learning task. It requires a deep understanding of both the
data and the problem domain to determine which data attributes are likely to predict the
desired output. (Dorard 2016) Finally, the last part of the canvas is about evaluating the
system's performance after deployment. It explains techniques and metrics for assessing how

well the system performs after deployment and how to measure its value. (Dorard 2016)

4.6 Deep Learning Canvas by Carlos E.Perez (2017)

Carlos E. Perez proposed the Deep Learning Canvas in the book "The Deep Learning Al
Playbook: Strategy for Disruptive Artificial Intelligence." The Deep Learning Al Canvas is a
framework designed to answer whether it is feasible to apply Deep Learning to the selected

context and how to implement it.

The Canvas starts with a core section titled 'Value Proposition,' detailing the ultimate solution,
including its delivery's what, when, and how, focusing on cognitive capability. Subsequently,
the right-hand side is designed to address the business aspect of incorporating an Al system.
The segment of 'customer' determines the customer's role and identifies the specific role being
addressed in this canvas. The user is meant to include here any pain points the customer is
experiencing in their job performance. 'Context segment' is where the context in which the job
tasks are being performed is evaluated. The user is expected to itemize the tasks being
undertaken and provide context details that facilitate the customer's ability to complete the
task. This includes specifics about the customer's interactions with other entities or systems.
(Perez, 2017)

The 'Cognitive Limits' section of The Deep Learning Canvas focuses on identifying and
addressing specific cognitive limitations within a given context, often highlighted by client pain
points. This involves a deep analysis of the tasks or processes currently hindered by human

cognitive limits. By understanding these limitations, Al solutions can be designed to augment,
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enhance, or automate cognitive tasks. In the 'key metrics' section, the focus is on identifying
measurable indicators of success. The first step involves pinpointing the exact cognitive
challenge to be tackled, setting an initial benchmark, and then periodically comparing new
data to this benchmark to gauge progress. For efficiency, it isit's beneficial to set up automated
systems that can continuously assess these metrics, allowing for regular and systematic

evaluation of whether performance is improving or if adjustments are necessary. (Perez, 2017)

The left-hand side focuses more on the essential elements of deep learning and the data
model. The bottom block is designated for documenting technical debt and its dependencies.
The key elements are decision support, features, model development, and data logistics. The
'decision support' segment discusses enhancing user decision-making through Al system
features, emphasizing a human-in-the-loop approach. It outlines how system outputs aid users
in making more informed and effective decisions, focusing on user interface design,
presentation of Al insights, and user feedback mechanisms. It highlights the critical role of
human judgment alongside Al and acknowledges the importance of human intuition and
ethical consideration in decision-making. Additionally, the segment addresses the need to
understand and manage Al errors, including their potential impact on decisions and outcomes.
It suggests implementing safeguards and error detection mechanisms, allowing users to
correct or override Al suggestions, thus fostering system reliability and user trust by minimizing

error risks. (Perez, 2017)

The 'feature' segment aims to spot the kind of DL network that will be developed. Specifically,
it pertains to one of these categories: classification, translation, generation, planning, or
optimization. Each type may require the use of different components of the software system
in combination with the deep learning network. In the model development phase, the model
architecture is identified, and any required curriculum training is addressed. Within the 'data
logistics' section, all processes needed to collect data, along with the tasks necessary for

preparing data for the curriculum, are documented. (Perez, 2017)

In conclusion, the role of structured frameworks, like Al and ML canvases, in bridging the gap
between technical and business perspectives for successfully integrating generative Al in
businesses is essential. All canvases highlight the necessity of defining clear objectives and
understanding the challenges that generative Al aims to address. This thesis argues that while
current frameworks are effective for broad Al initiatives, they require modifications to better
cater to generative Al applications, stressing the alignment of technical capabilities with
business goals. This adaptation should also consider organizational settings and users'
diverse Al literacy levels, ensuring a tailored approach to generative Al use case identification

and implement
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5 Methodology

In the empirical part of the thesis, a mixed-methods approach was adopted, incorporating both
quantitative and qualitative research methodologies. A survey was conducted to gather data
on the general applicability of the observed phenomena, serving as the quantitative
component. For qualitative insights, interviews were conducted to explore the varied
experiences and viewpoints of the participants in depth. Following data collection, content
analysis was employed to systematically examine the information obtained. The thesis
meticulously details the research methodologies in Chapters 5.1 and 5.2, while Chapter 5.3
delves into the ethical considerations critical to conducting research within organizational

settings, addressing concerns at all stages of the research process.

5.1 Research method and data

The quantitative method involves analyzing subjects through numerical data, either directly
obtained in numeric form or categorized numerically for analysis. This data is then verbally
interpreted and explained. (Vilkka 2007, 14) Traditional survey research, often used in
quantitative methods, collects information using questionnaires or structured interviews,
ensuring standardized data collection from each respondent, who is sampled from a specific
population (Rich et al., 2018, p. 143; Hirsjarvi et al. 2006, pp. 125, 182). For this thesis, a
quantitative approach was chosen as the most effective way to explore the research problem.
A survey was conducted for data collection, with the findings described verbally and illustrated

through figures.

Complementing the survey, qualitative research was implemented in order to gain a deeper
understanding of the Al literacy level of the Wartsila HR department. Qualitative research
means studying the "meanings, concepts, definitions, characteristics, metaphors, symbols,
and descriptions" of a target group of the research (Berg 2009, pp. 3-4). The research method

used was interviews.

5.1.1 Design of the questionnaire
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In this thesis, a methodology paralleling that of Wang et al. (2023), as detailed in section 3.2,
is utilized to evaluate Al literacy within the Human Resources department of Wartsila. In
quantitative or empirical research, the focus is on drawing conclusions from previous studies,
existing theories, and the definition of concepts (Rich et al., 2018, p. 145; Hirsjarvi et al., 2006,
p. 131). Drawing from previous studies, four key aspects of Al literacy were measured: (1)
understanding and knowledge of Al, (2) practical use and implementation of Al, (3) critical
evaluation of Al, and (4) acknowledgment of ethical considerations in Al use. The initial step
involved developing the items through heuristic association and brainstorming. This process
led to the creation of items designed to assess the four key aspects of Al literacy. These items,

were specifically crafted to be easily understandable by the Human Resources personnel.

Adopting an online survey through Microsoft Forms enabled the efficient gathering of a larger
number of responses in a set period. The survey utilized various question types, including
closed, open-ended, and mixed-format questions. Closed questions were designed with a
limited number of mutually exclusive options to ensure clarity and relevance for all
respondents. The benefits of such questions include quick completion and straightforward
analysis. However, they may lead to less thoughtful responses and the potential for bias in the
way options are ordered or presented, along with the risk of omitting significant choices.
Respondents may not always give answers the careful thought they require, finding the "l don't
know" choice too appealing. The presentation and order of options can shape their responses,

and there's a risk of neglecting to include a crucial choice.

The questionnaire also included Likert-scale questions. In scale questions, respondents are
presented with various statements and must choose how strongly they agree or disagree with
each statement. One form of scale question is the Likert scale (Rich et al., 2018, p. 169;
Hirsjarvi et al., 2006, pp. 187-189). The Likert scale typically ranges from 5 to 7 points, with
opinion questions forming either an ascending or descending scale. At one end of the scale is
usually the option "strongly agree," and at the other end, "strongly disagree" (Rich et al., 2018,
p. 169; Hirsjarvi et al., 2006, p. 189). An "l don't know" option is also included in Likert scale

questions for respondents who lack knowledge about the statement.

Open-ended questions are a distinctive element in surveys and research due to their unique
characteristics and the specific challenges and opportunities they present. One of their main
advantages is the ease of formulation. Open-ended questions simply ask for a respondent's
opinion, experience, or idea in their own words. However, one issue with open-ended
questions is the tendency for some respondents to skip them. The requirement for more

thoughtful and extended answers can be daunting or time-consuming for participants, leading
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to higher rates of non-response for these types of questions compared to closed questions.
(Rich et al. 2018, 147)

The design of a self-administered survey is crucial, particularly in terms of aesthetics, to
enhance response rates. This involves using simple, clear, and balanced design elements.
According to Jones et al. (2013, p. 6), the order of questions is key, starting with
straightforward, essential questions, grouping related topics in the middle, and ending with
demographic questions. This logical flow ensures questions are well organized and easy to
follow, with introductory and concluding questions framing the survey's scope. Instructions

were provided for each section to assist respondents.

In the first section, respondents' background information, or demographic factors, are
collected. These include position within the HR operational model, gender, age, and native
language(s). Asking for this information at the beginning of the survey enabled some form of
segmentation. In the second section, participants' attitude toward generative Al was assessed.
In the third section of the Survey, the aim was to gauge the participant's foundational
knowledge of generative Al. Participants were reminded that they did not need to be
concerned if they were unable to answer some of the questions and that the main goal was to
identify the starting point in Al familiarity, and contributions from all experience levels are both
needed and appreciated. Section number four included final questions and comments to

gauge participants' final thoughts on generative Al and the survey itself.

After the development of these items, the content was validated by a panel of three subject
matter experts. This process was essential for guaranteeing that the questions were not only
pertinent to Wartsila Oyj's current circumstances but also specifically relevant to the needs
and context of the Human Resources department and Wartsila Oyj. Consequently, the number

of items was then meticulously refined and modified, avoiding an overload of questions.

5.1.2 Design of the interview study

In addition to the Survey, four interviews were conducted to gain a deeper understanding of
the Al literacy levels of Wartsila HR personnel. Interviews offer depth and detail that surveys
alone cannot, allowing researchers to delve deeply into respondent opinions, motivations, and
feelings for qualitative insights (Rich et al., 2018). The flexible nature of interviews is
advantageous as it allows the interviewer to adapt questions based on the respondent's

answers, probing further into exciting areas, a feature not available in the rigid format of
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surveys. Interviews also clarify ambiguous survey responses and questions, ensuring a more

accurate understanding of the data collected. (Rich et al., 2018)

The interview questions were carefully designed to align with previous research findings visible
in the theoretical background section of the thesis and correspond to the survey questions.
This methodical alignment facilitates a more holistic view ensuring that the insights from the
interviews complement and enhance the data gathered from the surveys, leading to a more

robust and well-rounded research outcome.

5.1.3 Piloting the survey and interview

The research was refined through pretesting and a pilot interview to assess various elements.
The process assessed the survey’s design, focusing on the clarity and logical sequence of
questions, as well as the relevance and depth of answer choices. It also evaluated the
exclusivity of options, the essential nature of each query, completeness of critical content,
space for open-ended replies, and the total question count. The Microsoft Forms 365 survey
was pre-tested with a total of 8 HR experts. Out of these, 5 completed the survey, and 3
responded to both the survey and interview questions. Based on their feedback, some
questions were clarified, and answer options were modified to be more understandable and
less open to interpretation. Otherwise, the survey was deemed clear and the questions

understandable.

5.2 Data gathering

The target group of the study was the HR department of the company Wartsila Oyj;.
Participants for the survey were chosen from each of the Wartsila HR Operational Model
functions; HR Leadership Team, People Services: HR Local, People Services: People Support
Hub, People Services: Talent Acquisition, Communities of Expertise and Business HR.
Participants represented various countries and business units within Wartsila. A cover letter,
and link to the survey was shared with all HR employees of Wartsila by email. The cover letter
explains the purpose and author of the study, the deadline for responses and that the collected
information will be treated with strict confidentiality. Additionally, it emphasized the importance

of responding. Data collection for the survey took place 15th of December 2023-15th of
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January 2024. A total of 244 questionnaires were sent out. Of these, 109 completed

questionnaires were returned.

For the interview, seven participants were meticulously selected through a randomized
process, ensuring a diverse representation across various business units, geographic
locations, age groups, and roles within the Human Resources department. These individuals
were formally invited to participate in the study via email, with an emphasis on the voluntary
nature of their involvement. This invitation served as a cover letter, reiterating the study's
purpose and author, assuring the strict confidentiality of the information collected, and
emphasizing that participation was voluntary. Of these, four participants attended the
interview. Prior to the interview, participants were requested to complete a comprehensive
survey, providing valuable preliminary data. Additionally, they were asked to fill out a detailed
background information form and to sign a consent form, adhering to professional research
standards and ethical guidelines. The interviews were held in Microsoft Teams in order to be

able to record the interview.

5.3 Data analysis

After the collection of the research material, the gathered data was analysed. The processing
and analysis of the research material began immediately after the return of the survey and
after all interviews were conducted. Microsoft Forms allowed to transfer the results of a survey
to an Excel spreadsheet. Once in Excel, various tools for data analysis were used in order to
better understand the collected data. The research results are presented as percentages, and
partly also as figures or tables as they can improve the understandability of the text (Hirsjarvi

et al., 2006). The results of open-ended questions are in verbal form.

5.3.1 Analysis of quantitative data

To analyze the survey data, a comprehensive approach was taken to derive meaningful
conclusions. Responses were directly transferred from Google Forms to Excel, facilitating the
initial data processing stage. For multiple-choice and Likert-scale questions, frequency
analysis was conducted to count how often each option was selected, revealing the most and
least popular choices. Frequency analysis allows for the quantification of occurrence counts.

Variables were numerically coded to streamline the data into a more manageable and
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classifiable format. This process simplifies the analysis by reducing the number of variables

into categories that are easier to visualize and classify. (Vehkalahti 2008, 51-52.)

The percentage distribution of each option was calculated to understand their relative
popularity or unpopularity. Group comparisons was also critical across different
demographics. The demographics of age and role within HR operational model were used.
This was achieved through methods of cross-tabulation, which assess whether there are
statistically significant differences in responses based on these variables (Mantyneva ym.
2008, 59-62.) For the open-ended questions of the Survey, thematic analysis was used to

identify common themes or sentiments, providing qualitative context to the quantitative data.

The key findings of the results were presented in a format that's easy to read for the audience.
To effectively showcase the survey data, visual aids; bar charts and pie charts were utilized.
These graphical representations and tables are commonly employed to enhance the clarity

and impact of the data presentation (Mantyneva et al. 2008, pp. 59-62).

5.3.2 Data analysis of qualitative data

Qualitative data analysis, particularly from interviews, demands careful attention to detail and
a systematic method. A systematic content analysis was conducted following the analytic
procedures outlined by Berg (2009, p. 341). This process began with multiple readings of the
transcript without annotating the text. The initial readings aimed to reinforce themes identified
during data collection and the drafting of short narratives, as well as to unearth new themes
that had not been previously identified. Coding involves a detailed and systematic examination
of the text, dissecting it line by line and word by word, to identify relevant concepts and
categories that align with the data, as Berg (2009, p. 358) advises. This step involves
extracting specific keywords, sentences, and other pertinent segments from the narratives, as
detailed by Emerson, Fretz, and Shaw (1995, pp. 185-188). The coding process started with
the use of differently coloured markers to sift through all the participants' narratives,
highlighting similar expressions, patterns, connections, and either similarities or
discrepancies. These highlighted codes were then developed into themes. Finally, the sorted

material was reviewed again to remove any comments that were not pertinent to the thesis.

44



6 Results

The next section presents the results from both the survey and interviews. It begins with survey
findings, introducing each question or task, followed by a visualization or explanation of the
results. Cross-tabulation is used to examine response variations, showing connections
between participants' roles, age groups within the HR department, and their responses. Lastly,
the section covers interview outcomes, organizing them into themes for a detailed overview of

the insights gathered.

6.1 Survey results

The findings from the survey are divided into seven categories.

6.1.1 Respondent’s demographic information

The survey results reveal a diverse demographic background among the respondents. Figure
one demonstrates the distribution of representatives of each HR function, age group and

gender.

Role within Wirtsild HR Gender
as
14%

= People servces: HE Local = Husiress HR

W%

People Semvices: Feapls Support Hub

» Ppople Services: Talent Acquisition = MK Leadership team w Female = Male = Prefer net to disdess

Age group

“

@

AT & 3039 & 5059 20-29 & 60-69

Figure 1. Survey respondents' self-assessment regarding four key aspects of generative Al
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6.1.2 Self-evaluation on familiarity and attitude towards generative Al

In figure two below, the survey respondents' self-assessment regarding four key aspects of
generative Al are presented in form of pie charts: their familiarity with it, their comfort level in
using it, their concern about its societal impact and lastly, their proficiency to assess if a

problem in their field of expertise can and should be solved with generative Al methods.

Please rate your familiarity with generative Al Please indicate how comfortable you feel using
generative Al

2%
1%

® Mot familiar at all » Slightly familiar = Meutral = Very Uncomfortable = Uncomfortable = Neutral
Familiar m Very familiar Comfortable = Very comfortable
Please indicate how concerned you are about the Please rate your proficiency to assess if a problem in
impact of generative Al on society your field of expertise can and should be solved with

generative Al methods

2/ -

m Not Concerned at All » Slightly Concerned = Neutral = Mo Proficiency = Limited Proficiency = Neutral

Concerned = Very Concerned Somewhat Proficient m Highly Proficient

Figure 2. Survey respondents' self-assessment regarding four key aspects of generative Al
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Below, in figure three, the differences in different demographic groups are visualized for each

of the question.

Please rate your familiarity with generative Al Please indicate how comfortabl you feel using Al
50 0
45 s
10 T | -
5 13 =
» — . on =
n " 5 10 b =
25 5 0
4
s 4 - s o N . ’
— = 13
E . 7 i ; , E : ; i
& 9
3 [ &
; O B & ) o B [LIN
0 E eda o 3 G E 4 E SN = i
o . e o : o & ] o o & . & - & 3 ‘-‘
A R T S e SO N T R A
& < & 5 & & o K ki 4 @;o“ & e o o g & o ¥ o o b
& & & & y L ¢ + & & 4 &5 + § 5 & &
o ) o
T & & F & o & & N o
Euez & & & qﬁ J‘@ & & &
. & « o d o
Jary &
® Not familiar atall - w Slightly familiar Meutral Familiar  ® Very farnilar -wr{{ﬁimmnablu - ﬂ,““bk Matral Comfortable W Very comfartabla
Please indicate how concernedyou are about the Impact of generative Al on society Proficiency to assess if a problem in one's field of expertise can and should be solved with generative Al methods
. 50
50
a5 e
g B - « 1l 3
7
a5 ! i " n
0 4 0
12 1
5 . I 1 &
EY
19 - L 8
15 - — 3 H s
6 a bl
10 & 5 6 ? w
5 ; —
| : H B : p
, = 2 = A -
. | =3
People  Business HR Communities  People HR Pecple  20-29years 4049 yesrs 30-39years 50-50yesrs 60-69 years
services: HR of Expertise serviann: Lesership Sorgoo: " " " o 20-20yess  A0-A0yesrs I0-0years 5050 yeass  60-60 years
Local People Team Talent e
Support Hub Acquisition SupportHab Aequiriic
W Mot Concerned at All - W Slightly Concerned Neutral Concerned W Very Concerned = No Proficiency  ® Limited Proficiency Nisustral Somewhat Proficient W Highly Praficent

Figure 3. Survey respondents’' self-assessment regarding four key aspects of generative Al

6.1.3 Experience of using generative Al and its effect on personal work

In this segment, insight is explored regarding employee’s use of generative Al applications in

daily life, and their perspectives on the potential impact of generative Al on their HR roles.

Application of Generative Al applications in everyday life

There are several participants who mention to have tried or use Chat GPT or WartsilaGPT.

Several participants provide more detailed information of what they have used ChatGPT for,

such as “/ use ChatGPT to generate excel formulas, clean up text or even sometimes plan

trips” and

“I utilize chatGPT to get inspired for presentations or texts to be created. E.g. | have used it

for future scenario working to get ideas, creating pitches for public speaking, creating survey,

linkedin posts, emails etc.”

In professional contexts, respondents cited examples like "Recruiting, Reporting,

Communication (ChatGPT)" and "Summary creation of email strings, ppt presentations,

creation of draft email templates."
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Specific applications of generative Al in daily life were also highlighted. One respondent
mentioned using Al for "product suggestion in online shopping.” Another described using
generative Al for “fashion such as looking how a dress or hairstyle or lip color would look on
me. fun/entertainment to see how | look at a certain age information to get information on a
new topic or summarize a book to understand its meaning creativity, creating cards/videos
etc.” One mentioned: “/ think | have an app to learn a language with that uses generative Al

in creating new exercises based on my previous mistakes”.

There is also expressions of uncertainty or lack of awareness, as seen in responses like "Not
very sure" and "Don’t know". Some respondents express a more cautious stance, as one
noted, "I have not identified any. And this frightens me!" or “To be honest, | do feel like | have
a good awareness of when | am actually using Al. | am not really tuning into the fact that | am

using it and possibly am even using it at times without even knowing that is what it is.”

Influence of generative Al on HR’s role

Many respondents touched on the potential for automation and enhanced efficiency, with
remarks such as "Generative Al could revolutionize our recruitment processes, making them
more efficient and data-driven." Also, the thought that "There probably are opportunities for
automatization and improving the efficiency of certain processes, creating guidelines and

descriptions etc." was shared.

Nonetheless, these discussions often circled back to ethical considerations, as expressed in
comments like, “I hope that it will remove some of the administration burden to allow me to
focus on more value-add tasks. | am sure the impact will be significant but again not really
taken then time to consciously think about it.” and "While | see the potential for increased
efficiency, | am also mindful of the ethical implications and the need for human oversight in

Al-driven decisions."
Additionally, points were raised about the importance of human presence:

“Plus: capacity to aggregate large datas and heterogeneous from diverse sources. Cons:
misuse of Al from third parties, may lead in cheating. We will need to focus on facts only as
HR, but the "H" of "HR" doesn't only stand for "Facts". Feelings, emotions, actions,... are the

core of an employee in his/her day-to-day life.”

Specific uses of Al were also highlighted by several respondents, such as "Generative Al could
be a game-changer in employee training and development, offering personalized learning

experiences."” and insights like, “It will be the next step to delivering insights to customers on
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data on demand, so no need to look for them, but they will be delivered based on a natural
language prompt.” as well as “Saving time from creating notes, analysing and summarising

and creating power points. Creating content for trainings / workshops.”

Furthermore, some employees expressed a mix of curiosity and uncertainty about Al's impact,
stating, "l am intrigued by the possibilities, but unsure about how exactly it will impact my day-
to-day responsibilities." This was coupled with reservations about its practical effects, as in
“Not much at the moment, but hopefully it can be of help in the future.” And “Could be great

but not sure how and where it could impact. Just too new with it.”

Moreover, there was some doubt about whether the company would invest in generative Al,
with concerns like, “Al could make many processes more efficient and cleverer, it could
remove repetitive work. However, it requires investments, and | don't believe our company will
do that in HR area.”

6.1.4 Utilization of Company Internal Generative Al tools

The pie chart below in figure 4 display the extent to which participants utilize internal
generative Al tools such as WartsilaGPT Playground, WartsilaGPT Chat, Bing Chat Enterprise
(BCE), and Microsoft 365 Copilot. Additionally, participants provided insights on how they use

these tools and, for those who haven't used a specific tool, reasons for not doing so.
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Have you tried out WartsilaGPT Playground?

w

= 1 do net know what WansilaGeT i

® Yes, | have tried it once or twice

u | know about it, but | have not tried it or utilized it
* Yes, | use WirtsilaGPT frequently

Areas of use for WirtsilaGPT Playground

Ur

= Summarize = Translate

= Explain terms
= Detect sentiment = Generate query = Revise text
m Analyze Feedback = Chat

Have you tried WartsilaGPT Chat?

= | do not know what WartsilaGeT Chat Is

= | knaw about it, but | have not tried it or utilized it
= Yes, | have tried |t once or twice

= Yes, | use WartsilaGPT Chat frequently

Have you tried Bing Chat Enterprise (BCE)?
5%

4

]

= | do not know what BCE is

w Yas, | use BCE frequently

= | know about it, but | have not tried it or utllized it
= ¥es, | have tried it once or bwice

Figure 4. Utilization of company internal generative Al tools
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Figure 5 below shows the differences in different demographic groups when asked about

utilization of company internal generative Al tools.
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&
1
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2
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Figure 5. Demographic difference in utilization of company internal generative Al tools

A prevalent reason for not using WartsilaGPT Playground was more due to unawareness or
a shortage of time, as reflected in statements like "/ did not know about it" and "I just added it
as a bookmark in my browser a couple days ago and will try to use it more. The reason is

more "not had the time" or "forgot it existed", than the capabilities of the tool itself.”

Another example is “Slightly unsure when it would help me. Partly | forget that it is there as
I'm not in the routine of using it. | will need to give myself some reminders to try it out on a
more regular basis :-).” and a comment about its accessibility: “Access, where is it, where do

i find it to use it? How do i save it to my taskbar to use it more frequently?”

Work-related limitations were another common barrier, with individuals citing reasons like
"work overload" and "currently, I'm involved in another project" or explaining “The work profile

is very different and usages of that application is very minimal or somewhat no.”

Additionally, there was a noticeable call for further training or information. This need was
expressed in remarks like, "/ feel | am not educated, or maybe innovative enough to use it.

Maybe an e-learning would help me to start.” and “I prefer to learn by doing & shadowing, to
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find the best way and keep the solution in context of what | need it for. For a new platform or
way of working; | would not typically just play with the tool. | don't have the time to just sit and
play and figure out for myself.” Another sentiment shared was, “It has been on my to do list a
long time but haven't found time for it yet - I'm curious but would love to have a tech mentor

that could guide in person”.

Respondents were also asked about Microsoft 365 Copilot. If the respondent answered yes
to knowing what Microsoft 365 Copilot is, they were asked to rate their comfort level with
integrating Copilot into their everyday operational work. Results are showed in figure 6,

additionally in figure 7, the differences between demographics are shown.

Comfort level with integrating Microsoft 365 CoPilot into
your everyday operational work

P

Do you know what Microsoft 365 Copilotis?

= Very uncomfortable ® Uncomfortable = Neutral

" No =Yes ® Maybe

Comfortable = Very comfortable

Figure 6. Use and attitude towards Microsoft 365 Copilot
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Do you know what Microsoft 365 Copilot is?
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Comfort level with integrating Microsoft 365 CoPilot into your everyday operational work
18
16

;) KR

12

6
10 -I
7 -
2
[
n Al =

Peopls Business HR Communities People HR Leadership Paople 20-29 years  A0-4% years 30-3% years 50-53years  B0-83 years

O N B O @

Services: HRL of Expertise  Services: Team Services:
Local People Talent
Support Hub Acquisition
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Figure 7. Demographic difference in use and attitude towards Microsoft 365 Copilot

6.1.5 Understanding of technical aspects of Generative Al

This section demonstrates the participant's comprehension of generative Al's technical details.

Figure eight displays their grasp of Large Language Models and knowledge of supervised

learning, while figure nine highlights the demographic variations among the respondents.

Figure ten illustrates how data, along with its quality and diversity, affects the outcome. Below,

figure eleven again presents the demographic disparities in the responses from the

participants. Subsequently, examples of how participants responded to prompts are provided.
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What are Large Language Models?
1%(1%

\1

= | do not know

= Artificial intelligence models trained on vast amounts of text data to understand
and generate human-like text.
= Advanced algorithms used in computer graphics and image processing.

= Computer networks specialized in processing large volumes of high-speed
internet traffic.

What is supervised learning in Machine learning?

5o 4%

L

= | do not know

= A method where the model learns by receiving feedback on its actions.

= A method where the model is trained on a labeled dataset and learns to predict
the output.

= A method where human supervisors are required to guide the Al at every step.

= A method where the model is trained on unlabeled data and must find patterns
on its own.

Figure 8. Knowledge on Large Language Models and supervised learning Machine Learning

What are Large Language Models (LLMs)?
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‘What is supervised learning in Machine Learning?
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| do not know

Figure 9. Variations in Responses Across Demographics
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For which of the following tasks is generative Al most
likely to perform well?

o,
1% |,3A1

3%§‘

= Analyzing large datasets to identify trends and anomalies.
u Identifying the social cues in everyday expressions unique to a culture.
= | do not know

Predicting human emotional responses in complex scenarios.

= Conducting in-depth psychological assessments of individuals.

In which scenario might generative Al encounter
difficulties?

1% 4%

V/

= Generating a factual report based on a set of data points.
= Interpreting sarcasm or humor in a text.
= 1 do not know
Creating variations of a logo based on specific design inputs.
= Sorting data based on date and time.

Figure 10. Knowledge on areas of where generative Al can perform well versus where it can encounter

difficulties.
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Figure 11. Differences in Responses by Demographic Groups.

Case study on prompting:

The task give to the respondents was the following: “Imagine you are interacting with a

(generative Al-powered) Chatbot and you want to explore the possibility of working abroad for

a duration of time. Please create a prompt for the Chatbot to answer your question.”

Fifteen percentage of participants gave no answer.

24% of the total answers provided a single-shot prompt like: "Guidelines of working abroad

during one year.",

can | work abroad?"

"What are the possibilities and durations to work abroad?" and "How long

61% gave somewhat more specific answers, providing more details, but still missing more

specific context explanation:
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“I'm planning to work in Spain for June-August. What actions should | take?" and "What things

should | take into consideration when I'm contemplating working abroad for a certain period of

time?"

"What are Waértsild's prerequisites for working abroad in Europe for three months as a Finnish

citizen?"

6.1.6 Understanding the impact of data diversity and data quality

This figure twelve below showcases the respondent’s understanding of the impact of data

diversity and data quality.

What s the significance of data diversity in training an Al
model?

1%
ol r].'3\’1

3%

= Diverse data helps the model to generalize better and reduces bias
= | do not know
= It ensures compatibility with all types of software.
Diverse data is mainly used for testing the model, not training.
= It primarily helps in making data storage more efficient.

= Allows the model to learn practicalities and be more specific in the output.

In the context of generative Al applications, how does the
quality of input data influence the model's performance?

2% 0%

= Quality data ensures the Al's outputs are diverse and free from biases.

= |t determines the Al model's ability to generalize and make accurate predictions
in varied scenarios.
= | do not know

High-quality data allows the Al to function without any algorithms or additional

programming.
= A method where the model is trained on unlabeled data and must find patterns
on its own.

Figure 12. Significance of data diversity and quality of input data.
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Below, the differences in responses by demographic groups are presented.

In the context of generative Al applications, how does the quality of input data Influence the model's

performance?
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Figure 13. Differences in responses by demographic groups in understanding the significance of data

diversity and quality of input data.
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6.1.7 Knowledge on ethical considerations

When using generative Al in a business setting, what is a key
ethical responsibility to consider?

1%

= Prioritizing the use of Al for tasks that significantly reduce operational costs.
= Being mindful of biases in Al outputs and striving to prevent harm or
unfairness to individuals or groups.

= | do not know

= Ensuring the Al system can perform tasks at the highest possible speed.

If you suspectan Al algorithm in performance evaluationsis
biased, what is your first step in addressing the issue?

1% 1%

= Ignore the bias as it is an inherent part of Al algorithms.

= Review the data and parameters the algorithm is using to identify potential
sources of bias.

= 1 do not know

= Increase the number of employees the algorithm evaluates.

® Increase the complexity of the algorithm to reduce its transparency and make the
output less predictable.

Figure 14. Employee’s understanding of ethical considerations when using generative Al.
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Figure 15. Differences in responses by demographic groups
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In the context of recruiting, where should human expertise take precedence over generative A17
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® Screening resumes for basic qualifications  Parsing large valumes of applicant data for eligibility
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How could generative Al be used in employee performance evaluations?
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Figure 16. Understanding of role of human expertise in interaction with generative Al.

In the context of recruiting, where should human expertise

take precedence over generative Al? evaluations?

V/

2% 2%
\\19(\:

# | do not know

How could generative Al be used in employee performance

= | do not know

= Conducting initial interviews to assess cultural fit

= Screening resumes for basic qualifications

= Parsing large volumes of applicant data for eligibility

u Scheduling interviews using an Al scheduling tool

= Utilize Al for preliminary data analysis but rely on human judgment for final
evaluations.

= Allow Al to automatically determine promoticns and raises based on data.

= Completely replace human-led evaluations with Al systems.

= To autonomously decide on temporary employment agreement
continuation based on algorithmic evaluations.

Figure 17. Variations in responses across demographics in understanding the role of human expertise

in interaction with generative Al.
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6.1.8 Attendance to Gen Al-related training and training needs

Employees were asked about different generative Al related trainings, whether they had joined
any and if yes, which training. The most frequent response, making up 40% of the total, was

a variant of 'no’'.

Nonetheless, a significant number indicated participation in WartsilaGPT -related trainings,
such as "The free Al & ML course offered by Waértsild." and “Yes, for the chat gpt playground
when this was familiarized with Waértsild organization. Also | was in SD Worx training (our

payroll partner in Finland) that included examples to use these Al related tools.”

Several respondents also reported attending external training programs: “Some benchmark &
customer events from external providers”, “Mercer’s "Generative Al for HR: Leading a tectonic

shift in business" and “I have taken the Al basics course from Helsinki university.”

A smaller group mentioned to have attended some tailored generative Al trainings: “Copilot
training and very brief Al training for Marine BHR by Whaértsild Al specialist and one-to-one
sparring session with person from HR” and ‘I did attend a demo of WartsilaGPT which was

set up by our team.”

Upon being invited to share open feedback and final observations on the topic or survey, a
notable trend among many respondents was the call for enhanced Al training and education.
Suggestions spanned a range of formats, from individualized training sessions to informal

coffee meet-ups, and even training specifically designed for certain groups or HR functions.
“Provide general awareness session for HR colleagues”

Constructive suggestions were also offered:

"Tech mentor within HR community"

“Could we have a tech mentor within HR community that people could reach out to on

questions & sparring?”

“Time is the key > | am interested in the Al options / solutions; but it would be helpful in case
someone could show how Al can be utilized. in case something more developed should be

created, it would be helpful in case there would dedicated person team etc. to help you with.”

Wishes towards the content of the training varied from general training covering very basics

of generative Al to more role specific practical use cases of generative Al.
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Overall, there seems to be a keen interest in harnessing Al at work: "I am very eager to know
more about Al and understand how | can use this on a practical level" reflects a proactive

approach towards embracing Al technologies.

Numerous participants conveyed their appreciation for organizing the survey, emphasizing the
relevance and significance of the subject matter: “Great survey, got me more insterested,
thanks”

6.2 Interview results

The outcomes of the interviews have been divided into four distinct categories, each based
on one of the four case studies given to the participants. These categories include generative
Al in the employee feedback process, occurrences of hallucinations, the approach to
prompting, and ethical considerations. The case study questions in their full form are available

in Appendix, in section ‘“10.7 Understanding of Generative Al within Wartsila HR -Interview’.

6.2.1 Case study on application of generative Al in employee feedback process

In this case study, the participants were asked to explore the hypothetical integration of
generative Al in improving the employee feedback process at Wartsila Oyj. The aim would be
to transition from an annual survey to a more dynamic system that captures ongoing employee

experiences.

Employee 106 suggested that generative Al could function as a plugin to collect data from
one-on-one meetings and check-ins between managers and employees. This Al tool could
then generate summaries of these interactions, eliminating the need for individuals to manually
review historical data. Employee 102 highlighted how generative Al could assist managers in
preparing for meetings by providing summaries and insights into past interactions. This could
include reminders about pending tasks, frequency of reminders given to employees, missed
deadlines, and instances where employees sought feedback or support. The employee
emphasized the potential of generative Al to provide quality analysis of the overall "feel" of the
year for both employees and managers. This analysis could include key moments where
support was requested or feedback was given, offering valuable insights for end-of-year

evaluations.

Additionally, employee 104 addressed the importance of understanding and interpreting the

data provided by Al. The employee cautioned against over-reliance on Al for factual
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information, stressing the need for human reasoning in making sense of Al-generated results.
She pointed out that while Al can present data, the interpretation and application of this data

in realistic evaluations remain the responsibility of the human user.

Employee 105 acknowledges generative Al's speed in data analysis but raises concerns about
its ability to capture cultural nuances and human behaviours. He stresses the importance of
human oversight in interpreting Al-generated data to ensure cultural relevance. Employee 102
discusses generative Al's role in consolidating information and offering quick summaries,
aiding in understanding complex situations. He highlights the balance between managing
large data volumes and ensuring efficient analysis, recognizing generative Al's potential in

professional contexts.

6.2.2 Case study on hallucinations

The case study on hallucinations in generative Al involved employees identifying unrealistic
or incorrect elements in Al-generated content. Three out of hour employees did not recall what
hallucinations are so an explanation of hallucinations was first given to them. Employee 106
with a background in language studies, focused on spotting unnatural combinations of words

in sentences, highlighting the challenge in discerning Al-generated content.

Employee 104 discussed their experience with identifying unrealistic or factually incorrect
elements in Al-generated content. For example, she mentioned a comment about
telepathically communicating with clients, which they found unrealistic and indicative of Al
generation rather than human input. She also highlighted a comment about scheduling
meetings on lunar holidays as another instance of Al hallucination, noting its impracticality.
The employee pointed out that while Al can generate language, it sometimes leads to results
that are inconsistent with human communication styles or reality. The employee also
discussed their understanding of the term "hallucination” in a psychological context, likening it
to the Al phenomenon where the system generates something that appears real but is not.
She emphasized that while Al does not have intent like humans, its use of language can lead
to robotic or unnatural outputs. Additionally, the employee reflected on their experiences with
Al tools like ChatGPT. It can take over the entire task but may lose the emotional aspect of

the communication.

Employee 105 tentatively chose the second and third options as instances of hallucinations,
although expressed doubt about their selections. The employee admitted to being confused

and guessed that the third option might be generative Al, while the first and second could be
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related to hallucinations. This uncertainty highlighted the challenges they faced in discerning
Al-generated content and understanding the concept of Al hallucinations, reflecting a broader

difficulty in identifying and interpreting Al errors or misleading information.

The employee 102 believed that the second statement in the survey question was a
hallucination. They identified the use of the word "telepathically" as unrealistic and indicative
of Al-generated nonsensical information. The employee also mentioned that they did not
choose another statement as a hallucination because they were unsure about the cultural

context, whether lunar holidays are a global phenomenon.

6.2.3 Impact of Al hallucinations on employees and the company

The impact of Al hallucinations on employees and companies, as discussed by all four
employees, revolves around the risks of misinterpreting Al-generated data. Employee 106
highlights the dangers of over-reliance on Al without critical thinking, warning against the loss
of human interaction in processes like hiring, which can result in missing out on potential
candidates. Furthermore, the employee warns against the blind trust in information just

because it is presented in a clear, seemingly intelligent manner.

Employee 104 emphasizes the severe repercussions of basing decisions on incorrect Al data,
such as demotivation and productivity loss among employees, leading to significant business
losses. Employee 105 expressed concern that relying too much on Al for tasks like survey
analysis could result in inaccuracies that might require further review, ultimately not saving

time.

Employee 102 expressed concern that hallucinations could create false expectations among
employees. Such misunderstandings could also result in reduced employee engagement
and an increased intention to leave the company. Furthermore, the employee highlighted the
possibility of miscommunication regarding responsibilities, benefits, value propositions, and

performance expectations.

6.2.4 Case study on prompting

Three out of four of the employee’s were not aware of the concept of prompting so the case

study was started with an explanation of prompting in a simple way.

Employee 106 highlighted the need for clarity and specificity in Al prompts, suggesting an

iterative approach to refine the Al's response based on detailed context and specific goals.
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The employee emphasizes the importance of making prompts more concrete depending on

their purpose.

Similarly, the employee 102, suggested being more specific in prompts, such as requesting a
summary of the latest trends in human resources in particular markets or regions, like the
energy and marine markets in Europe. Also, employee 104 recommended focusing prompts
on specific industries, like marine and energy, and aligning them with desired outcomes such
as cost efficiency, to obtain more pertinent Al-generated insights. The employee suggested
that making Al prompts more industry-specific and focused on key parameters like impact and

cost efficiency could lead to better outcomes.

The employee 105 stressed the importance of providing comprehensive data to the Al for
accurate analysis, suggesting pre-formulated prompts to guide the Al in providing accurate

and relevant responses, thereby reducing the risk of misleading information.

6.2.5 Case study on ethical considerations

In the hypothetical situation of Wartsila Oyj using generative Al for resume screening, the
employees shared insightful ethical considerations. Employee 104 expressed scepticism
about Al's ability to judge cultural fit, advocating for human interaction in such assessments.
She doubted Al's capacity for high-quality cultural evaluations and questioned the fairness
parameters set for Al. The employee emphasized that ethics in Al depend on human training
and input, paralleling the need for nuanced human judgment in legal systems with HR
processes. She believed Al could match skills and experience effectively but advised caution

in relying solely on Al for subjective evaluations.

Employee 105 highlighted the importance of preventing discriminatory criteria in Al processes,
particularly concerning age, origin, religion, sexual orientation, or other personal traits. They
emphasized the need for ethical vigilance to avoid biases in Al programming and operations,
alongside adherence to GDPR standards in handling personal data. Employee 102
considered the implications of Al in diversity and inclusion during the recruitment process,
underscoring the need for clear guidelines in Al programming to prevent biases and errors.
The employee recognized the importance of including specific criteria in the Al's programming
to reduce potential errors and biases. The employee emphasized the need for the Al to have
a clear understanding of diversity and inclusion principles to avoid discriminatory practices in

the hiring process.
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All the employees expressed interest in participating in future HR training related to generative
Al, highlighting the need for continuous learning and adaptation in the face of new
technological advancements. They appreciated the importance of understanding concepts like
hallucination and prompting in Al interactions and expressed a desire to further their
knowledge in this field.
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7 Discussion

Within the evolving field of Human Resources (HR), incorporating Generative Al technologies
like WartsilaGPT is becoming crucial for enhancing both daily operations and strategic
planning. This section discusses the current Al literacy among HR personnel at Wartsila Oyj,
highlighting the importance of Al literacy in leveraging such technologies effectively. By
answering the sub-research question, "What is the prevailing level of Al literacy among the
HR personnel at Wartsila Oyj?" the aim is to gain a comprehensive understanding of not only
their knowledge but also their attitudes and perceptions towards generative Al. Understanding
Generative Al's practical application within an organization hinges significantly on the
employees' knowledge and attitudes towards it, as they are the primary users. This analysis
is vital for addressing further questions, as it sheds light on knowledge gaps, attitudes, and
technical expertise in Al among employees, influencing the design of the framework. These
findings are critical for responding to the sub-research question 2: "What are the essential
elements of a framework or canvas for identifying WartsilaGPT's potential applications?" This
is fundamental in assessing the factors driving the effective implementation of WartsilaGPT
within Wartsila HR.

7.1 Prevailing level of Al literacy among the HR personnel

This discussion evaluates the level of Al literacy among Wartsila Oyj's HR personnel, focusing
on their familiarity, comfort, and proficiency with generative Al. It takes into account the
impacts of their diverse roles and age groups. Understanding the prevailing level of Al literacy
among the HR personnel is vital for the effective deployment of generative Al, shaping
specialized training and development initiatives to meet diverse requirements, and most
importantly, for devising a customized framework or canvas to pinpoint potential WartsilaGPT

use cases within the HR department.

Drawing from theoretical insights and prior studies, Al literacy assessment encompassed two
primary dimensions: participants' attitudes toward generative Al and their foundational
understanding of it. Recognizing attitudes toward generative Al is essential for crafting
effective change management strategies for the integration of the WartsilaGPT use case
framework and its broader application. Similarly, grasping participants' basic knowledge of

generative Al lays the groundwork for the framework, influencing its development, including
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the formation of its content, leading questions, and guidelines. This foundational

understanding is pivotal for ensuring the framework's relevance and effectiveness.

7.1.1 Self-evaluation of familiarity and attitude toward Gen Al

The findings on HR personnel's self-evaluation of familiarity and attitude toward Generative
Al reveal a spectrum of answers. Half of the respondents considering themsevels slightly
famialiar with generative Al indicates that they have a basic, albeit superficial, understanding
of Al. They recognize Al in popular applications but might not grasp its full capabilities. A
significant portion (30%) considering themsevels familiar could indicate a deeper knowledge
or experience with Al, possibly using Al in their work or actively learning about it. They
engage more consciously with Al technologies. A small minority with no Al familiarity (8%),

can be due to lack of interest, exposure, or seeing Al as irrelevant to their lives.

A notable proportion (40%) feels comfortable, indicating a readiness to engage with Al tools,
while a significant number (35%) remain neutral, reflecting either uncertainty or limited
exposure. The small percentage feeling very comfortable could represent those with more
hands-on experience, as the respondents mostly seem to be representatives of the
Community of Expertise team and age group 20-29 years old. The unanimous comfort with
Al expressed by the HR Leadership Team could indicate their familiarity with Al at a strategic
level, including an understanding of its potential benefits and applications in HR practices.
This insight suggests that the leadership is well-positioned to drive the adoption and effective

use of Al within the HR department.

A large group remains neutral about the concerns of generative Al's societal impact,
suggesting either a balanced view or lack of strong opinion. The considerable number
expressing slight concern indicating awareness of potential issues but not strong
apprehensions. Those feeling concerned or very concerned, though a smaller proportion,
highlight a recognition of significant implications Al could have. HR Local and Business HR
showing higher concern might deal more directly with employee-related issues and see Al's
potential impact on jobs and workplace dynamics. The Leadership Team's heightened
concern could stem from their strategic understanding of Al's broader organizational and
ethical implications. To address these differences, it's advisable to create role-specific training,
for the training of generative Al and integration of WartsilaGPT use case framework, this could

mean that introduction sessions are held individually to each HR function or so called process
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owners and drivers responsible for different HR processes. These should cater to the unique
perspectives and concerns of each HR subgroup, providing relevant information and
facilitating deeper understanding of Al's impact from their specific professional standpoint.
This approach can help align perceptions and foster a more cohesive approach to Al

integration in the organization.

While Al tools are finding practical applications in some employees' lives, there remains a gap
in awareness or understanding of Al's potential and presence in everyday scenarios for others.
This disparity highlights the need for increasing Al awareness and showcasing its practical
applications more explicitly within the organization. The majority of respondents feel that they
have limited to neutral proficiency to assess if a problem in their field of expertise can and

should be solved with generative Al.

A significant number of respondents (40%) said to not have attended any generative Al related
trainings. For the rest, the range of training programs attended by the participants, from basic
courses to specialized sessions, reflects a diverse level of curiosity and commitment to
understanding Al. Encouraging and supporting employees in developing these attitudes and
skills is essential for building a collective Al literacy that contributes to the organization's overall
capabilities. Thus, fostering lifelong learning and encouraging a growth mindset is not only
beneficial for individual employees but also enhances Wartsila's overall ability to perform

coordinated tasks and effectively utilize organizational resources in the context of Al.

7.1.2 Utilization of company internal generative Al tools

The significant awareness yet limited usage of WartsilaGPT Playground among HR personnel
points to a gap between knowledge of the tool and its practical application in work setting. This
disparity presents an opportunity for the organization to enhance user engagement with the
tool. By demonstrating WartsilaGPT's practical benefits and ease of use, and possibly
providing targeted training or resources, the company could encourage more widespread and
effective use of the tool. This is especially relevant for groups with lower awareness or usage
rates, where targeted outreach and education could significantly boost adoption and
integration into their regular workflows. The higher engagement in Business HR and the HR
Leadership Team might reflect a more proactive approach to embracing new tools, perhaps
driven by their roles which might inherently require staying updated with the latest
technologies. In contrast, the lower awareness in People Services: HR Local could be due to

less exposure or need for such tools in their day-to-day functions.
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The primary reasons for not using WartsilaGPT Playground and Chat are unfamiliarity with
the tool, time limitations, and doubts regarding its application in work tasks. Consequently,
integrating WartsilaGPT into everyday HR activities is recommended to normalize its use.
Those that had tried out or use WartsilaGPT, specified to use it for mainly summarizing texts
and revising texts to cater to different tones, audiences or contexts. Interestingly, despite the
frequent need to review lengthy policies and guidelines, a smaller amount employed it as a
conversational interface for assessing documents. This could be due to several reasons.
Firstly, there may be a lack of awareness or understanding of this specific functionality.
Secondly, HR professionals might prefer traditional methods of document review due to
familiarity or perceived reliability. Lastly, there could be a degree of hesitation to trust
generative Al with the interpretation of complex, nuanced HR documents. To address this,
more targeted training and demonstrations showcasing the efficiency and accuracy of Al in

parsing and summarizing long documents could encourage wider adoption.

The survey results regarding utilization of Bing Chat Enterprise (BCE) reveal a significant lack
of familiarity among HR personnel, with a majority (60%) completely unaware of the tool. This
suggests a potential gap in communication or training regarding new Generative Al tools
available at Wartsila and within the HR sector. Addressing this requires targeted awareness
campaigns, practical training sessions, and pilot programs to demonstrate BCE's usefulness
in HR tasks. It is important to point out that as of March 2024, what was previously referred to
as Bing Chat Enterprise has been rebranded to Microsoft Copilot. This change underscores

the rapid evolution occurring within the domain of generative Al.

The survey results indicate a substantial gap in awareness about Microsoft 365 CoPilot among
the respondents. Given the possibility of implementing Microsoft 365 CoPilot at Wartsila, it's
important for HR personnel to be informed about what this tool is, even if deep familiarity isn't
immediately required. Awareness of its functions and potential use within the organization
would prepare HR staff to adapt more readily to its integration, ensuring a smoother transition
and more effective use of the tool in their operations. Understanding new technologies

beforehand is key in staying ahead of the curve and leveraging them for organizational benefit.

It is evident that Wartsila HR personnel’s attitude towards generative Al creates a good base
for utilization of generative Al and WartsilaGPT. Though, the results underline the importance
of bridging the gap between the awareness of WartsilaGPT and its practical application within
HR operations. Establishing avenues for personnel feedback and inquiries about the tool might
also promote an environment conducive to ongoing refinement and use. Overall, HR
professionals’ primary focus seems to be more focused on immediate, practical applications

rather than exploring its full range of functionalities. This suggests the need for more targeted
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communication and training within the HR department to showcase the diverse applications
of WartsilaGPT and encourage its broader use. Moreover, developing the WartsilaGPT use
case framework could significantly aid employees in recognizing potential applications of
generative Al in their work.

7.2 WartsilaGPT Use Case Framework

This section addresses the second research question, "What are the essential elements of a
framework that effectively identifies potential applications of WartsilaGPT?" The identification
of these essential elements draws upon the Al frameworks and canvases detailed in Section
4, titled "The Strategic Power of Structured Framework - Al and ML Canvases," which focuses
on the application of Generative Al in business contexts. Moreover, insights from a survey
assessing the Al literacy levels of Wartsila HR employees were instrumental in crafting a
framework tailored to be accessible and to pose relevant questions in line with their
understanding of generative Al. The framework is however also meant to be a collaborative
tool that can be used by domain experts, decision makers, UX designers, and data scientists,

similar to Dorard (2016) Machine Learning Canvas.

The WartsilaGPT use case framework is designed around a comprehensive approach,
integrating theoretical insights and findings from the Wartsila HR Al literacy level survey.
Survey findings revealed a strong interest in generative Al and its application in daily tasks.
However, it highlighted a significant need for training HR personnel and establishing a
foundation for integrating generative Al into routine and practical activities. The WartsilaGPT
framework simplifies the process of dissecting the business problem at hand, potentially
making the approach more motivating and inspiring, and thus facilitating change management
in the adoption of generative Al within Wartsila HR. Below is an image of the WartsilaGPT Use

Case Framework:
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WARTSILAGPT USE CASE FRAMEWORK

The survey section aimed at assessing Wartsila HR employees' basic Al knowledge featured
questions on the core concepts of generative Al, Large Language Models, and supervised
machine learning. The valuable insights gathered from this section played a crucial role in
developing the WartsilaGPT framework. Also, considering the limited familiarity with
generative Al concepts among Wartsila's HR personnel, a comprehensive guidebook has
been developed. This guidebook offers detailed, step-by-step instructions designed to cover
all pertinent questions and topics, enabling users to effectively leverage WartsilaGPT for their
specific business cases. The responses indicated a starting point, emphasizing the need to
begin with the fundamentals of generative Al. This approach ensured that the guidance
provided was accessible and detailed enough for HR employees and users, setting a

foundation that was both simple and informative, tailored to their level of Al understanding.

The WartsilaGPT use case framework is designed around a seven-step decision tree which
outlines a step-by-step process for identifying potential applications of WartsilaGPT. The
seven steps are: 1.) Value Definition, 2.) Problem Identification, 3.) Solution Matching, 4.) Data
and Technical needs, 5.) Risk and Ethics Assessment, 6.) Solution scale/intensity, and finally
7.) Execution. Each steps includes guiding questions for the user to answer to. In the

guidebook, the guiding questions include explanatory notes or references to clarify complex
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terms or concepts. A more clear visual presentation of WartsilaGPT use case framework is

visible in Appendix.

The framework includes qualifying (row B) and disqualifying (row C.) criteria to ensure the
practicality and relevance of use cases. If the qualifying criteria (B) is met, the user moves to
the next step to answer the guiding questions. In case the criteria is not met, the user is guided
to complete the D. Disqualifying action. The purpose of the D. Disqualifying action is to suggest
actions for steps where the use case does not meet the qualifying criteria. In such cases, a
low-effort, single-shot approach is recommended as a pragmatic way to explore the potential
partial applicability of Al solutions. This approach involves utilizing WartsilaGPT for simple,
standalone tasks, such as discussing a PDF document, to assess if generative Al can offer
any benefits for the problem at hand, albeit on a smaller scale. This action encourages users
to experiment with WartsilaGPT in a manner that requires minimal investment in time and
resources, allowing for a practical exploration of Al capabilities without committing to full-scale
implementation. This could involve generating templates or prompts, sharing learnings, and
screening for adjacent use cases that might be better suited for Al application. It offers a
pathway to gain insights and understand generative Al's utility in specific contexts, even when

a comprehensive use case development is not feasible.

Row E, 'Al-Support and Prompts’, enhances the process by offering targeted guidance on
leveraging generative Al to brainstorm and tackle each guiding question effectively. According
to the survey results, there is a varying degree of how employees frame prompts. Employees
should be supported in how to construct clear, detailed prompts that convey their exact needs
and context to elicit the most accurate and helpful responses from generative Al. In the
framework, employees receive pre-constructed prompts as examples to demonstrate well-
crafted queries that adhere to basic principles of engaging with generative Al tools. The
guidebook further elaborates on the concept of prompting, detailing the process and including

links to Wartsila Oyj's internal training sessions on prompting.

The framework and a link to the Guidebook will be available for Wartsila HR in Miro, an online
whiteboard platform designed to facilitate collaboration among teams. Miro allows for all
stakeholders to fill in information and edit it, both the domain experts in the HR team and the
tech experts can communicate in Miro. To further elucidate the WartsilaGPT use case
framework, an illustrative example, “MyHR Al Assistant -for HR" is shared with framework
users, accessible via a provided link on the Miro board. This case study delves into the
application of the framework in a real-world context, offering insights into the practical aspects

and challenges encountered while deploying generative Al solutions. The WartsilaGPT use
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case framework and the accompanying Guidebook can be found in the Appendix section of

this thesis.

7.2.1 Value definition

Mirroring the approach taken by all Al, ML and DL Canvas creaors; K. Dewalt's (2021),
U.Kerzel et al. (2021), L. Dorard (2016), and E.Perez (2017) the WartsilaGPT use case
framework also initiates its process with the value definition of the use case. The 1.) Value
Definition stage of the WartsilaGPT use case framework determines the significance of
addressing a problem, emphasizing the assessment of its impact on time, costs, efficiency,
and quality. This foundational step ensures that the potential application of WartsilaGPT offers
real business value and benefits, setting the groundwork for the decision-making process in
identifying viable Al use cases. This initial step ensures that the focus remains on applications
that offer tangible benefits such as revenue enhancement, cost reduction, and operational
efficiency. By adopting this starting point, the framework aligns with Dewalt's emphasis on the
importance of defining the opportunity upfront, which is crucial for guiding the strategic

application of Al technologies in a way that delivers real business value.

7.2.2 Problem Identification

Just as Agrawal et al. (2021) emphasize the need for explicit goals in the Action phase of their
Al canvas, the 2.) 'Problem Identification‘ phase in the WartsilaGPT framework focuses on
thoroughly understanding the issue at hand: Can the type of task, problem and desired goal
be defined? This step involves a deep dive into the task, the problem itself, and the desired
outcome. It seeks to clarify whether the problem is well-defined, if the tasks involved are
repetitive, and whether generating text or ideas, or altering or manipulating text, is required as
part of the solution. It includes an assessment of the problem's complexity, whether it can be

segmented into smaller, more manageable components.

E.Perez (2017) in their Deep Learning canvas also stress considering the context where the
tasks are performed. Defining what makes the generated content valuable, such as creativity,
relevance, accuracy, or adherence to specific guidelines. These criteria become the features
that guide the model's learning and generation process. This adaptation ensures that the

generative Al application is developed with a clear understanding of what aspects are most
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critical for success, guiding the selection of training data, model tuning, and ultimately, the

evaluation of the Al system's performance in generating valuable, actionable content.

7.2.3 Solution matching

The 3.) Solution Matching phase of the WartsilaGPT use case framework is dedicated to
aligning the identified problem with the capabilities of generative Al, specifically focusing on
how well Al, particularly Large Language Models (LLMs), can address the type of task,
problem, and achieve the desired goal. This stage requires a detailed analysis of whether the
tasks involved in solving the problem are suitable for automation through generative Al and if
the goals can be clearly defined and achieved using LLMs. Key considerations in this phase
include evaluating the performance of LLMs on the specific type of problem identified,
understanding the nature of the task, and determining if the problem and its solution align with

what generative Al can feasibly accomplish.

Incorporating the "Cognitive Limits" section from The Deep Learning Canvas by Carlos E.
Perez into the 3rd phase, "Solution Matching," of the WartsilaGPT framework enriches this
stage significantly. This adaptation extends the scope from traditional classification or
regression tasks to include generative Al's capabilities in content, ideas, or solutions
generation. This step focuses on using Large Language Models (LLMs) to address tasks that
human cognition limits. By analyzing these tasks deeply, it ensures the Al not only fits the
problem but also improves or automates these tasks. It's crucial to check if the Al can
realistically meet goals considering our cognitive limits. This makes the "Solution Matching"
phase essential in the WartsilaGPT framework, ensuring solutions are both innovative and

enhance human capabilities, aiming to solve complex issues effectively.

These survey results highlight a recognition among respondents of the nuanced capabilities
and limitations of generative Al. A majority understand that generative Al struggles with
interpreting sarcasm or humour and excels in analysing large datasets. However, in the
guidebook, the employee is still instructed on how to identify if the generative Al or LLM excels
in this kind of a task or a problem at hand. In addition, separate instructions can be found from

the Guidebook to present where LLMs excel and where they might encounter difficulties.
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7.2.4 Data and Technical Needs

The 4.) Data and Technical Needs phase of the WartsilaGPT use case framework, also
highlighted by all Al, ML and DL Canvases introduced, emphasizes the essential role of data
in powering Al initiatives and the technical prerequisites for their successful deployment.
Drawing from Agrawal's Al Canvas, this phase underlines the necessity of identifying specific
datasets and ensuring their quality and relevance for effective Al predictions, mirroring the
concept that the foundation of any Al system is its input data. Similarly, inspired by Dewalt's
Al canvas, the WartsilaGPT framework meticulously evaluates the availability, structure, and
integrity of the data required to fuel the Al models, ensuring that the foundational elements
are in place for the Al to function as intended. It delves into the complexities of data
preparation, including cleansing and preprocessing, to ensure the data is in a usable state for
Al processing. Lastly, identifying specific data attributes or characteristics that are crucial for
training the model is important. For LLMs, this might include the diversity of the dataset, the

range of topics covered, or the inclusion of various linguistic styles and formats.

Additionally, this stage examines the technical infrastructure needed to support Al initiatives,
from computing power and storage requirements to software and tools that facilitate the
development, training, and deployment of Al models. The integration of the "Pre-Deployment
Evaluation" section from the Machine Learning Canvas by L. Dorard (2016) into this phase
enhances the framework by introducing a critical step: evaluating the machine learning
model's performance before deployment. This includes selecting suitable evaluation
techniques and metrics that resonate with the model's intended purpose, assessing its
accuracy, robustness, and adaptability to new data, while also taking into account the operational

environment, stakeholder needs, and domain-specific requirements.

The survey findings reveal a gap in understanding the impact of data quality and diversity on
Al performance. A significant portion (41%) lacks awareness of how data quality affects Al's
ability to generalize and make accurate predictions, and many are unsure about the role of
data diversity (44%) in reducing bias and improving model generalization. This underscores
the importance of adding guidelines to the Guidebook that outline what constitutes diverse and

high-quality data for use by generative Al.

7.2.5 The Risk and Ethics Assessment

Inspired by the principles laid out in K. Dewalt's Al Canvas, the "Policy" section which deals

with critical considerations around data, security, and the impact of Al on organizational

75



processes, the WartsilaGPT use case framework incorporates a "Risk and Ethics
Assessment" phase. The 5.) Risk and Ethics Assessment phase focuses on evaluating the
fairness of Al use and the acceptability of associated risk levels. This stage involves
scrutinizing the potential impact of the Al application on individuals and assessing any biases
that might be present. It also includes determining whether the risks involved are manageable
and align with the organization's ethical standards and risk management policies. This
assessment ensures that the use of Al, particularly in sensitive areas like HR, is conducted in
a manner that upholds ethical principles and minimizes risks to individuals and the
organization. Agrawal et al. in their Al canvas (2021) highlight the role of human judgment in
conjunction with Al's analytical power. The WartsilaGPT framework incorporates this by
focusing on evaluating outcomes and potential errors, ensuring that decisions are not only

data-driven but ran by human judgment and aligned with organizational values and standards.

7.2.6 Solution Scale and Intensity Phase

The 6.) Solution Scale/Intensity phase assesses the scope and depth of applying the Al
solution. This step evaluates the problem's prevalence, the scale of impact on the
organization, and the feasibility of expanding the solution. It involves analyzing the extent of
the problem across the company, the clarity of related processes, and the potential business
benefits of a broader implementation. Critical factors include the commonality of the issue, the
specificity of processes to the company, and the solution's overall business impact when
scaled. This phase is essential for planning the Al solution's deployment, ensuring it is
resource-efficient and aligns with organizational goals, with input from stakeholders across

business, technical, and risk domains.

7.2.7 Execution

Finally, The 7.) Execution phase involves determining the key stakeholders who should be
engaged in the execution process, including relevant business units, technical teams, and risk
management departments. The focus is on ensuring a collaborative effort that leverages the
strengths and expertise of various departments to facilitate the smooth introduction and
integration of the Al solution into existing workflows. This multidisciplinary approach ensures

that Al initiatives are well-rounded, combining technical feasibility with business value.
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Based on the findings from the research on Al literacy levels among HR personnel, the
guidebook designed to accompany the Framework has been updated to include more detailed
instructions and pertinent questions, for steps 3, 4, 5 and 6. These enhancements aim to assist
users in effectively responding to the queries and comprehending the intricacies. This tailored
approach ensures that users can navigate through these specific aspects of the framework
with a deeper understanding, facilitating a more informed application of the Framework in
identifying and evaluating potential Al use cases. A more detailed version of the framework

and the guidebook's contents are accessible in the appendix.
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8 Conclusion

This thesis delves into the theoretical foundations of generative Al and examines the levels of
Al literacy within the organization, ultimately leading to the creation and validation of the
WartsilaGPT Use Case Framework, specifically designed for the Wartsila HR department. It
emphasizes the pivotal role of Al literacy in effectively employing generative Al technologies
within HR practices. By adopting a mixed-methods research approach, this study not only
identifies the existing gaps in Al literacy among HR professionals at Wartsila but also outlines
a strategic plan to overcome these challenges. The formulation of the WartsilaGPT Use Case
Framework marks a significant step towards providing a structured, ethical, and practical

pathway for the adoption and implementation of generative Al within the organization.

This thesis significantly enriches the theoretical landscape surrounding the deployment of
generative Al within the human resources (HR) sector and fills a notable void in existing
scholarly work by studying Al literacy levels within an organizational setting, particularly
focusing on generative Al. By systematically exploring the theoretical underpinnings of
generative Al and assessing Al literacy levels within organizations, it offers a unique
contribution to our understanding of how generative Al can be integrated into HR practices.
The creation and validation of the WartsilaGPT Use Case Framework, specifically designed
for HR departments, represent a pioneering effort that bridges the gap between theoretical
knowledge. In doing so, it paves the way for more informed, ethical, and effective deployment
of generative Al in the HR sector, marking a significant step forward in the scholarly
examination of Al literacy within an organizational context.Limitations of the study include the
scope of the research, as the focus was on a specific company in a set industry and function
of human resources, which may not be generalizable across other sectors within the
organization. There may also be limitations related to the empirical data collected. Likert scale
questions and self-reported data, commonly used in research to measure opinions and
behaviors, carry inherent limitations affecting their reliability and accuracy. Likert scales may
lead to biases, such as respondents favoring neutral or agreeable responses and avoiding
extreme positions, which can obscure genuine opinions. The fixed response options might not
capture the complexity of respondent attitudes, and the assumption of equal intervals between
scale points is often contested. Additionally, the methodological constraints of self-reported
data include subijectivity, potential inaccuracies due to memory recall, and variability in
question interpretation, which may not fully reveal the nuances of behaviours or motivations.

Furthermore, non-response and selection bias can skew results. Despite these challenges,
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Likert scales and self-reported data remain valuable for research, with careful question design,
data triangulation, and validated questionnaires helping to alleviate some concerns and
providing insightful, though imperfect, perspectives on topics such as the integration of
generative Al in HR practices. Nevertheless, utilizing Likert scale questions and self-reporting
to assess Al literacy proved advantageous, as it yielded immediate feedback on employees'
views and comprehension of Al tools. This method facilitated the gathering of detailed
information regarding personal experiences and sentiments related to Al use in the workplace.
It established a crucial foundation for tracking advancements and pinpointing specific needs

for enhanced education and skill development in Al literacy.

Additionally, the rapidly evolving nature of generative Al technology means that findings may
become outdated quickly as new advancements are made. The Wartsilda GPT framework is
designed with flexibility in mind, allowing for ongoing adjustments and refinements as we gain
more insights, as HR personnel become more adept, and as generative Al technologies
improve. In its current early stages, a significant emphasis is placed on learning and identifying
suitable use cases for effective application. The approach to its development and utilization is
not dictated by a rigid "best practice" framework. Instead, it is guided by ongoing discussions
and collaborative decision-making processes that involve both the domain experts and the
technical team. This open-ended strategy allows for the framework to be refined and adjusted
based on collective insights and experiences. As Wartsila and its HR personnel become more
acquainted with generative Al's capabilities and limitations, and as generative Al technology
itself advances, the Wartsila GPT framework remains open to modifications. This flexibility
ensures that it can adapt to new learnings, technological improvements, and evolving

organizational needs, making it a dynamic tool in the integration of Al within HR practices.

In conclusion, this Master's Thesis represents a significant step forward in understanding and
navigating the complexities of integrating generative Al within HR practices. By developing the
WartsilaGPT Use Case Framework, it not only provides Wartsila with a strategic asset for
technological innovation but also contributes valuable insights to the academic community and
beyond. As Al continues to reshape the landscape of work, this research emphasizes the
importance of readiness, adaptability, and ethical consideration, paving the way for a future
where technology and humanity intersect harmoniously in the pursuit of organizational

excellence.
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10 Appendix

10.1 Email to all Wartsila HR to ask to fill in the Survey

Subject: Invitation to fill in Survey related to Generative Al
Dear [Employee's Name],
I hope this email finds you well.

I am writing to cordially invite you to participate in a Survey that | am conducting as part of my

Master’'s Thesis for a Master’'s Degree in Human-Technology Interaction.

As Generative Al continues to integrate into our professional settings, grasping its influence
and potential for incorporation is crucial. Generative Al encompasses Al systems capable of
producing novel content, including text, images, and music, through learning from extensive
datasets. My Master’s Thesis focuses on examining the present awareness and perspectives
regarding Generative Al within Waértsild HR. This research aims to enhance our
comprehension of current knowledge levels and to formulate effective training strategies in

the future, tailored to your requirements.

Filling in the survey requires no previous knowledge in the field of Generative Al. The
primary objective is to gauge our collective baseline knowledge of Al. Input from all levels of

experience is valued.

The Survey has been sent to all Wartsild HR employees and is strictly anonymous. The results

of the Survey will be presented during spring 2024.

I genuinely appreciate your reply and am looking forward to the possibility of your valuable
input. If you have any questions or need further information, please do not hesitate to reach

out to me directly.

Here is a link to the Survey: https://forms.office.com/r/7z50fp9mHW

The deadline for filling in the Survey is January 15" 2024.

Thank you for your time and attention to this request. Warm regards, Ira
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10.2 Email to employee to ask for participation in the interview
Subject: Invitation to Participate in an Interview Session
Dear [Employee's Name],

I hope this email finds you well. | am writing to cordially invite you to participate in an upcoming
interview session that | am conducting as part of my Master’s Thesis for a Master’s Degree in

Human-Technology Interaction.

As Generative Al increasingly becomes a part of our work environment, it's important to
understand its impact and possibilities of integration. Generative Al refers to artificial
intelligence systems that can create new content, such as text, images, and music, by learning
from large datasets. Few HR employees have been chosen randomly to participate in an
interview to gain a deeper understanding of the Al literacy level. The interview requires no
previous knowledge in the field of Generative Al. The primary objective is to gauge our

collective baseline knowledge of Al. Input from all levels of experience is valued.

The interview would be held during January 2024 so no need to rush this before the

Christmas holidays. | would schedule us approximately 1 hour for the interview.

Your participation is entirely voluntary, and | understand if you are unable to partake. However,
if you are willing and available to join to support with my Thesis research, kindly confirm your

participation by replying to this email by 215 of December 2023.

As part of the interview, | would ask you to complete the following three forms, before the

interview:

1. Survey (the same survey has been sent to all HR of Wartsila to understand a
general level of Al literacy within Waértsila)

2. Background information form

3. Consent form

I genuinely appreciate your consideration and are looking forward to the possibility of your
valuable input. If you have any questions or need further information, please do not hesitate

fo reach out to me directly.

Thank you for your time and attention to this request. Warm regards, Ira
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10.3 Introduction to the interview

Short introduction the Survey and to the Interview

Greetings and thank you for joining the "Generative Al Insight in Wértsiléd HR" Interview. Your

participation is greatly appreciated.

This interview is a crucial component of my Master's Thesis research at Wartsild Oyj. Your
involvement in this survey and interview will provide invaluable insights into the awareness

and understanding of generative Al among Wértsiléd HR staff.

During the interview, you'll be presented with a series of open-ended questions and couple
of short case studies. It's okay if you can't answer every question; the primary objective is to

gauge our collective baseline knowledge of Al. We value input from all levels of experience.

For analysis purposes, the interview will be video-recorded and transcribed. The video
recordings will be securely held until August 31st, 2024, after which they will be irreversibly
deleted. Your privacy is of utmost importance, and | am dedicated to following GDPR
regulations to maintain confidentiality and protect any sensitive information. You are entitled
to access, modify, or retract your data at any time. Should you have any queries or concerns,

please feel free to raise them.

The findings of this survey and interview will be reported in an anonymous manner. No video
or audio recordings, nor any personal details, will be disclosed. Only I will have an access to

the recordings.

You are free to withdraw from the interview at any moment.

With these details in mind, | now seek your explicit consent to participate in this video-

recorded interview.

Thank you!
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10.4 Background information form

Background Information

1. Your participator code

2. Which Group of the HR operating model are you
representing?

'C:I HR Leadership Team

J Peaple Services: HR Local

o

People Services: People Support Hub

Peaple Services: Talent Acquisition

Communities of Expertise

o O O

Business HR

Portfolio Business HR

O
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3. Kindly select the age range that applies to you
(O 20-29 years
O 30-39 years
O 40-49 years
O 50-59 years
O

60-69 years

4, Gender

O Woman
O Man
() Non-binary

O Prefer not to say

5. Native language(s)

This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form
owner.

@ Microsoft Forms



10.5 Consent form

B4, 1213 PM Consent to participate in an interview and permission fo record it (2)

Consent to participate in an interview and
permission to record it (2)

Greetings and thank you for joining the “Generatrve Al Insighit in Wintsils HR™ Interview. Your panicipation is greathy
appreciated

This mtermew is a crucial compoanent of my Master's Thess research at Wartsali Oyy. Your involeerment in thes survey and
imtemview will provide invaluable insights into the awareness and understanding of generative Al amang Warsila HR
staff,

During the intendew, you'll be presented with a series of open-ended questions and couple of mini case studies. It's okay
if you can't answer every question; the primary objective is to gauge our collective baseline knowledge of AL We value
ngut fram all levels of experience

Far analysis purposes, the interview will be video-recorded and transcribed. The video recordings will be securely held
until August 3151, 2024, after which thay will be irmeversibly deleted. Your privacy is of utmost importance, and | am
dedicated 1o following GDPR regulations 1o maintain confidentiality and pratect ary sensitive infarmatian. You are
entitled to access, modify, or retract your data at any time. Should you have any queries or concerns, please feel free to
raise them,

The findings of this survey and interview will be reported in an anonymous manner. No video or audio recordings, nor
ary personal details, will be disclosed

You are free to withdraw from the interview at any moment
‘With these details in mand, | now seek your explicit condent 1o participate in this video-recorded interview,
Thank you!

Best regards, Ira

* Required

1. | give my permission to record:

E] audio (my voice and potential sounds in the background)

D widen (my face and background)

2. | have received information about the usability test and | had opportunity to ask questions. |
participate in this interview voluntarily.

To consent to the abowe terms, please enter your name (first name and surname)

This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.
@ Microsoft Farms

https:/iformes.office.com/Pages/DesignPageV2. aspx Yorigin=NecPortal Page&subpage=design&id=DOSIkWds Wiy Eja|BLZIrQOAAAAAMAAMAMAT



10.6 Understanding of Generative Al within Wartsila HR -Survey

3M6/24, 1213 PM

hitps:/forms. office.com/Pages/DesignPageV2.aspxTorigin=NeoPortal Page&subpage=design&id=D0SIkWdsWOyx Eja|BLZIMQAAMAAMAMANAR,

Understanding of Generative Al within Wirsild HR

Understanding of Generative Al within Wartsila
HR

Dear HR Colleagues

Az Generative Al |m:rn“|r|gh' becomes a part of our work environment, itU's important 1 understand its impact and
posdibalities of integration. Generatve Al refers Lo artificial intelligance systems that can create new content, such as text,
images, and music, by learning from large datasets. This surey, specifically abmed at our Wartsila HR Department, seeks

1o despen our understanding of your basic knowledge of A1, how you apply it in your work, your attitudes towards Al,
and your maight into ks ethecal implicabions

Please don't be concerned if you're unable to answer every question. The main goal is to identify our starting
point in Al familiarity, and contributions from all experience levels are both needed and appreciated,

Theerefore, | warmiy invite you to take part in a survey for my Master's Thesis, in the field of Human-Technology
Interaction.

Your participation is highly valued

Warm regards,
Ira

* Required

Background information

1. Which Group of the HR operating model are you representing? *

l:\J HRE Leadership Team

() People Senices: HR Local

':__'I' People Senices: People Support Hulb
() eeople Services: Talent Acquisition
—~ i

() Communities of Expertise

() Business HR

() Portolio Business HR

ilhh]
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316724, 1294 PM Understanding of Generative Al within Wirtsila HR

2. Kindly select the age range that applies to you *
() 20-29 years
() 30-39 years
() #0-49 years
() 50-59 years

(O 60-69 yoars

i Gender *
O Woman
) Man
O Mon-binary

O Prefer not to say

4. Native language(s) *

hitps:/forms. office. com/Pages/DesignPageVz.aspx Torigin=NeoPorialPage&subpage=designdid=DQ5kWdsWlyx EjalBLZIrQAAMAAMAMANAR,

2m
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316724, 1294 PM Understanding of Generative Al within Wiirisila HR

Assessing Attitude towards Generative Al

5. Please rate your familiarity with generative Al ~

Mot famaiar Shighthy
ot all farmiliar Neutral Familiar ery farmiliar
~, . ~ - L
Please rate the level O r:_‘J. G O O

fi. Please indicate how comfortable you feel using generative Al *

Very
Uncamfarta Uncomforta Wery
ble bbe Meutral Comfortable comfartable
e, o
Please rate the level O O &) @) O

7. Please indicate how concerned you are about the impact of generative Al on society. *

Mot
Concerned Sligphitly Wery
at All Concerned Neutral Concerned Concerned
Plense rate the level (_} &) :) ."_j (_J

A Please provide examples (if possible) of generative Al applications that you encounter
in your everyday life? How do you use them? *

9. Please share your thoughts on how generative Al might influence your role in HR?

10. Please rate your proficiency to assess if a problem in your field of expertise can and
should be solved with generative Al methods. *

Mo Limited Somewhat Highily
Proficency Proficiency Meutral Proficient Proficient
Please rate the level O ) () O o

https:/forms.office.com/Pages/DesignPageV2.aspx Porigin=NecPortal Page &subpage=design&id=DOSIkWds Wi Eja|BLZIrQAAAAAMAAAAMA,
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316724, 1294 PM Understanding of Generative Al within Wirtsila HR

11. Far which of the following tasks is generative Al most likely to perform well? *
O Identifying the social cues in everyday expressions unique to a culture.
Predicting human emational responses in comples scenanos.
Conducting in-depth psychological assessments of individuals.

O Analyzing large datasets to identify trends and anomales.
() 1danot know

12. In which scenario might generative Al encounter difficulties? *
O Creating variations of a logo based on specific design inputs
D Generating a factuad report based on a set of data paints
Interpreting sarcasm or hurnor i a text

O Sorting data based on date and time.
() 1do not know

13, Have you tried out WiirtsiliGPT Playground? *
Link to WirsdiGPT Playground: hitps.//woptapp.warsilacom/

() Yes, | use Wartsil&GPT frequently
O es, | have tried it once of twice
() 1know about it, but | have nat tried it or utilized it

() 1do not know what WartsdsGPT is

14, If you have tried WiirtsiliGPT Playground, what have you used it for?
D Surmmanse: Get the essence from a large body of text, or to make short and conciue text for presentations
|:| Translate: Safer translation alternative to Internet based services e.g. Google translate
D Explasn terms: Gat explanations for special terms and abbreviations occuring in the text

D Detect sentiment: Get a "sentiment score” and reasaning for it. detecting if the emational tone of the text is
positrve, negative, or neutral

I:‘ Generate query. Helper to formulate proper queres/commands Tor different systems and languages, such as
SOL Git, et

[[] Ravise text Get fewdback and a revised version on your text, based on selection of tane, audience and cantest
D Anakyze Feedback: imernal Wartsdi (ool for analysing free text dats

|:| Chat: Conversional interface o user's documents,

https:/iforms.office. com/Pages/DesignPageV2.aspxTorigin=NeoPortal Page&subpage=design&id=DQSIkWdsWOyxEjajBLZIrQAAAAAMAAMAMA. . 411
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31624, 1214 PM

https/iforms.office. com/Pages/DesignPageVZ.aspx Torigin=NeoPortal Page&subpage=design&id=D0SIkWdsWiyx Eja|BLZIrQAAMAAMAMAAAR, .

15.

16,

18.

Understanding of Generative Al within Wiirisila HR

If you are aware of WartsilaGPT Playground but haven't used it yet, could you please
specify the reasons for not trying it out or incorporating it into your operational work?

Have you tried WartsiliGPT Chat? *
Linds to WarsldGPT Chat: hitps/fwgpt-chat.app wartsila com/

() Ves, 1 use WansilSGPT Chat frequently
O e, | have tried it once or bwice
(7)) 1knew about it, but | have not tried it of utilized it

O I do not know what WarslaGPT Chat i

. Have you tried Bing Chat Enterprise (BCE)? *

Link to the Compass page Al Guidelines (sharepoint com)
() es, tuse BCE frequently

D Yes, | have tnied it once or bace

() Vknew about it but | have not tried it or utized it

D I do not know what BCE i

Do you know what Microsoft 365 CoPilot is? *
D Yes

'C} Mo

{—_) Maybe

If you responded "Yes', to the above question, please rate your comfort level with
integrating Microsoft 365 CoPilot into your everyday operational work,

1. Very uncomfortable: | have significant concerns and discomfort waih the idea of integrating Microsoft 365
CoPilot inta my daily tasks
2 Uncomfortable: | am slightly uneasy about the idea, possibly due to limited understanding or concerns about
specific aspects of using Microsoft 365 CoPilot
3. Neutral: | am neither comfortable nor uncomfortable with the idea; | may need more information to form a
sofid opinion,
4. Comfortable: | am fairly at ease with the idea although | might still have some minor resenations o

estions.
?.“H'uy comfortable: | arm wery comfontable and open to integrating Micrasolt 365 CoPilat nto ey daidy
waorkilow and see potential benefits m [tz usage.

Very
uneamfors Uncomiarts Comfartabl Wy
ble ble Neutral @ comfortable

Flese rate O O O O O

511
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316724, 1294 PM Understanding of Generative Al within Wirtsila HR

20. Have you attended any generative Al-related workshops or trainings? If yes, please
state the name of the trainings.

hitps:/forms.office.com/Pages/DesignPageV2. aspx Torigin=NeoPortal Page &subpage=designid=D0Q S kWdsWlyxEjalBLZIrQAAAAAMAAAAAL  B/11
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3MB24, 1214 PM Understanding of Generative Al within Warlsild HR

Assessing basic understanding of generative Al

I thee third section of the Survey, | aim to gauge your foundational knowledge of generative AL This section indudes a series
of multiple-choice questions designed to evaluate your awareness and comgrehension of the core concepts of generative Al

Again, please don't be concermed if you're unable to answer the guestions. The main goal is to identify the starting
point in Al familiarity, and contr from all experk levels are both needed and appreciated. If you do not
know the answer, please select 'l do not know',

21. Which statement best describes the difference between general Al and narrow Al? *
O General Al can perform same ntellectual tasks that a hurman can, while narrow Al is designed for specific tagks,
General Al is capable of self-awareness and consciousness, unkike narrow Al

O Marrow Al requires human intervention for leaming, whereas general Al learns independentty.
D General Al refers to Al wed in genesal industries, while narrow Al is wsed only in specialized sectors

I de ot ko

22 What are Large Language Models (LLMs)?  *
D The facus on enhancing comguter vision for facal recognition and image analysis,
O Advanced algorithims used in computer graphics and image processing.
Avtificial intelligence models trained on vast amounts of text data to understand and generate human-like text

(___) Computer networks specialized in processing large volumes of high-speed internet traffic.
O 1 do not know

23 What is supervised learning in Machine Learning? *

() A method where the madel is trained an unlabeled data and rmust find patterns an its awn.,
() A method where the madel leams by receiving feedback on its actions.

O A method where the model is trained on a labeled dataset and leams to predict the output
D A method where hurman supervisors are reguired to guide the Al at every step.

O I des it ke

https:/iforms.office.com/Pages/DesignPageV2.aspx Yorigin=NeoPortal Page&subpage=design&id=DOSIkWds Wiy Eja|BLZIrQAAAAAMAAAALA . 7/11
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316724, 1294 PM Understanding of Generative Al within Wirtsila HR

24. Case study on hallucinations

A “hallucination® refers to an instance where the Al generates made-up, iIncorrect, nonsensical, or unrelated
oulput,

In this exercise, you'll be presented with a sefies of employee feedback comments. Seme comments are written
by hurman managers, while others are generated by an Al system. Your task is to identify which comments you
beleve are Al-generated and unfortunately contain hallucinations.

Tashs 1o be I
1. Select which of these comments comain hallucinations. You can select multiple options.
D “This emplopee consistently demonstrates excephionsl problem-solving skills and adapts well to new challenges.”

D ‘Erwnin has shown remorkoble improvernent i her codung skills and was instrumental in debugging oritical (ssues.
She aiso communicoted felepathically with clients to understond their needs better”

“Jovdan's coding skills have significantly mmproved, contribuling fo the success of our fofest soffware relense.
Motably. they developed an algarithm that predicts stock manke? trends with 100% acouracy

I:‘ “Msiie genevolly reliabie, there hove been instonces of missed decadlines thel need o be addressed in futune
projects.”

“There hove been nofcenhie inconsisiencies in the employees affendonce, parficularly in meetings scheauled an
funar holidays. *

25 In the context of generative Al applications, how does the quality of input data
influence the model's performance? *

D It primarily affects the aesthetic appeal of the Al's visual outputs.

O High-quality data allows the Al to function without any algorithms or additional programming.

D Quality data ensures the Al's outpuls are diverse and free from biases.

O It determines the Al model's ability to generalize and make accurate predictions in vared scenamos.
O

I do not know

26. What is the significance of data diversity in training an Al model? *
O It ensures compatibility with all types of software.
O Deverse data helps the model to generalize better and reduces bias

It primarily halps in making data storage mone efficient

Dwverse data is mainly used for testing the moded, not training

I do not know

O
O
o
O

hitps/iforms.office. com/Pages/DesignPageV2.aspxTorigin=NeoPortal Page &subpage=design&id=DQSIkWdsWOyxEja|BLZIrQAAAAAMAAMAMA. .. B/T1
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3MB24, 1214 PM Understanding of Generative Al within Warlsild HR

27. Imagine you are interacting with a (generative Al-powered) Chatbot and you want to
explore the possibility of working abroad for a duration of time. Please create a prompt
for the Chatbot to answer your question. *

Prompl = Your message ta the Al systern, instructions ar questions o guide the Al in genarating accurate and
relevant responses or outputs,

26. When using generative Al in a business setting, what is a key ethical responsibility to
consider? *

D Emsuring the Al system can perform tasks at the highest possible speed

O Prioritizing the wse of Al for tasks that significantly reduce operational costs

O Being mindful of biases in Al outputs and striving to prevent hasm or unfaimess to individuals or groups.
O Focusing axclusivaly on the Als ability 1o generate revenus and business growth,
@]

I do mat know

29. If you suspect an Al algorithm in performance evaluations is biased, what is your first
step in addressing the issue? *

() ncrease the complexity of the algorithm to reduce its transparency and make the output bess predictable.
Review the data and parameters the algorithm is using to kdentify potertial sources of bias.

O Ignore the bias as it is an inherent part of Al algorithms.
O Increase the number of employees the algorithm evaluates,

I do mat know

30. In the context of recruiting, where should human expertise take precedence over
generative Al? *

(_—__) Screening resumes for basic qualifications

O Conducting initial intendews to assess cultural fit
O Scheduling interviews using an Al scheduling tool
O Parsing large volumes of applicant data for eligibility

() 1de net know

https:/iformes.office.com/Pages/DesignPageV2.aspx Yorigin=NecPortal Page&subpage=design&id=DOSIkWds Wiy Eja|BLZIrQAAAAAMAAAANA,

a1
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316724, 1294 PM Understanding of Generative Al within Wirtsila HR

1. How could generative Al be used in employee performance evaluations? *
O To autonomously decide on temporary employment agreement continuation based on algorithmec evaluations,
C) Wtilize Al for prelimenary data analysis but rely on human judgment for inal evaluations
o Allow Al to automatically determine promotions and ralses based on data

O Completely replace human-led evaluations with Al systems

() 1danot know

hitps:/forms.office.com/Pages/DesignPageV2. aspx Torigin=NeoPortal Page &subpage=design&id=D0Q S kWdsWlyxEjalBLZIrQAAAAAMAAAAA . 10V1T1
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10.7 Understanding of Generative Al within Wartsila HR -Interview

questions

Interview Questions:

1. In general, how did the Survey make you feel?
2. Why do you think generative Al has become such hot topic 2023?

3. Case study on application of generative Al:

In a hypothetical situation, Wartsila Oyj is seeking to improve its employee feedback process.
Currently, the feedback is collected annually via a standard survey, and many employees feel
that this method does not adequately capture their ongoing experiences and concerns. The
HR team creates a more dynamic, responsive system that encourages continuous feedback
and better reflects employee sentiments throughout the year. The feedback is effectively
analyzed to identify common themes and areas for improvement, thus enhancing the

responsiveness of the HR team to employee concerns.

Please explain to me the following:
Consider whether and how generative Al could be integrated into this solution. Evaluate the
potential benefits of using generative Al as well as any limitations or challenges it might

present.
4. Related to question number 24 in the Survey (screenshot below), please discuss

any elements in the comments above question that seem unrealistic, out of context, or

factually incorrect, indicating a potential hallucination.
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24. Case study on hallucinations

In this exercise, you'll be presented with a series of employee feedback comments. Some comments are written
by human managers, while others are generated by an Al system. Your task is to identify which comments you
believe are Al-generated and could potentially contain hallucinations. A "hallucination” refers to an instance
where the Al generates incorrect, nonsensical, or unrelated output.

Tasks to be completed:
1. Select which of these comments are likely Al-generated.

D "This employee consistently demonstrates exceptional problem-solving skills and adapts well to new challenges.”

"Emma has shown remarkable improvement in her coding skills and was instrumental in debugging critical issues.
She also communicated telepathically with clients to understand their needs better."

"Jordan's coding skills have significantly improved, contributing to the success of our latest software release.
Notably, they developed an algorithm that predicts stock market trends with 100% accuracy.”

"While generally reliable, there have been instances of missed deadlines that need to be addressed in future
projects.”

O 0O O O

"There have been noticeable inconsistencies in the employee's attendance, particularly in meetings scheduled on
lunar holidays."

5. What could be the potential impact of these hallucinations on the employees
involved and the company as a whole?
6. What steps would you take when you encounter Al hallucinations?

7. Case study Analysis: Purpose of Prompting

Task for Interviewee:
Propose any modifications to the prompt that could yield deeper or more specific insights to

latest trends in Human Resources Management.

Prompt: "Write a summary of the latest trends in Human Resources management."

Al's answer: "The latest trends in Human Resources management include the increasing use
of artificial intelligence for recruitment and employee assessments. There is also a growing
emphasis on employee wellness programs and diversity and inclusion initiatives. Additionally,

remote work and flexible scheduling are becoming more prevalent in workplace policies."

8. In a hypothetical situation, Wartsila Oyj integrates a generative Al system for
initial resume screening. The Al is designed to evaluate candidates based on skills,
experience, and potential cultural fit, intending to make the recruitment process more

efficient and fair. What ethical considerations should be addressed in this case?
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10.8 WartsilaGPT Use Case Framework
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10.9 WartsilaGPT Use Case Framework -Guidebook

WartsilaGPT

Use Case Framework
Guidebook

-for HR

By Ira Paavola

Framework -Seven-step Decision Tree

The WartsiliaGPT Use Case Framewaork serves as a strategic tool designed specifically to assist HR
professionals at Wartsild in pinpointing effective applications of WartsilaGPT in their distinctive
operational contexts.

Organized as a seven-step decision tree and, along with a comprehensive Guidebook, it offers a toolkit to
navigate through precise questions that evaluate if WartsilaGPT can address specific business challenges.

Taillored to match the current Al literacy levels of HR personnel, the framework facilitates the
simplification of complex generative Al concepts and is user-friendly.

For final assessment, you will receive support from UX, content and Al specialists within Wartsild HR.

The Framework and Guidebook is intended to evalve through its use. We welcome any feedback on the
set. &
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How to read the Seven-step decision tree

1. #ssess if the first leading question (A1) meets the qualifying assessment criteria (B1]
¢ Guidelines bedow aré meant 1o Support Sissiment

2 I the qualifying assessment is met {row B), fallow the green arrow and maove o the next phasedleading question (A2)

3. Repeat until disqualifying eriteria (row C) are met G bk ta i
reprat
4 Innglernent disqualifying action (row D) and Steg micving 1o the mext question OR
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Explanation of keywords of the framework

Keyword Explanation

Large Language Madel (LLM)  An advanced artificial intelligence system designed to understand, generate, and Interact with human language on a vast
sr:ale.nalmdmmmmmhmhlmmuuﬁmmmuﬂsthWm
gﬂfnmxm:hamdlﬂrpnp—lﬂmdtm&mh' writing, fzi mam}mmﬂm
questions, making them versatile tools for a variety of applications hmdmalamr.huinﬂs. mdmmﬂdds.

Prompt Text input is given to the model to initiate or guide its generation of output. Prompts can range from simple questions to
complex scenarios, and the model uses the information within the prompt to generate a relevant and coherent response
o continuation of the input text.

single-shat Simple prompt to model the output, "single-shot” refers to 3 method where the model is given a single prompt or
wxample and then generates a respoansa based on that single input, This approach relies on the model’s pre-trained
knowledge and ability to infer or generate relevant output from just one promipt, without the need for iterative feedback
or mﬁﬁemnﬁh;maﬁemm

Hallucination Instances where the model generates incorrect, fabricated, or irrelevant information that doesn't align with the input
data or real-world facts, This phenomenan can occur due to limitations in the model's training data, its interpretation of
the prompt, or its attempt to fill gaps in knowledge, leading to responses that, while coherent, are factually inaccurate or
nonsensical.

PEI Personal data
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Instructions for A1
Is this problem worth solving?

In this section, you're prompted to evaluate the significance of addressing their specific business challenge thraugh a series of guiding
questions (A1). This approach allows a thorough analysis of the problem's scope and its implications, guiding users toward a strategic
understanding of the problem's importance and the value of solving it.

Guidelines for leading questions (A1):
1. How muich time is spent per month?
= What are the current Lasks or processes that we are measuring the
time spent on?
= How are we currently tracking time spent, and is this method accurate
and reliable?
2. How much cost is associated?
What specific costs are we looking to measure (e.g., labor, resources,
technologyl?
Are these costs direct, indirect, fixed, or variable?
How do these costs correlate with the outputs or outcomes they
produce?
. Would increase efficiency or quality?
What are the current benchmarks for efficiency and gquality in our
operation?
How would we define and measure improvements in efficiency and
guality?
What are the facbors that we believe may lead to increased efficiency or
quality?

4. Result in business value?

= What specific value are we expecting to see {e.g., revenue growth,
market share, customer satisfaction)?
Over what time frame are we expacting Lo see this value materialize?
How will we measure and attribute this value directly to the change or
Initiathve?

5. Problem is continual?

= How long has the problem been identified, and has its severity
chamged ower time?

= Are there identified patterns or trends associated with the problem?

= What have been the obstacles ta resolving this issue parmanently?

6. Wheo is impacted by the change?

+  Canwe identify all the stakeholders affected by the change, both
internalty and externally?
How will the change affect each stakehaolder group, and what are their
concerns?

+  Have we engaged with these stakeholders to understand their

perspectives on the change?
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Instructions for A2
Can the type of task, problem and desired goal be defined?

In this section, you will address the_l%uideline questions outlined in section A2, which aim to dissect and understand the core aspects
of the busines challebn‘?ef?t hand. The ?b]ecwe is to dellneate the problem and task clearly, allowing for an assessment of whether
and how an LLM can be effectively employed to achieve the desired goal,

idelines for leadin ion

* What is the task's nature?
«  List dawn the tasks that are being performed.
[dentify thie intrinsic characteristics of the task.
Is it analytical, creative, procedural, customer-service-oriented, or something else?

* What is the problem?
= Clearly articulate the spacific problem or issue at hand.
Is it & gap in efficiency, # lack of innovation, a need for impreved accuracy, or something else?

+ what is the context in which the tasks of the job are being performed?
= Large Language Medels (LLMs) depend on the input and context provided 1o produce oulputs that are relevant, precise, and customized,

Context equips LLMs with the essential background to more effectively understand and address requests, ensuring they capture the complexit
SR s kg ¥ req g they capt plexity

s

‘Without sufficient context, LLM-generated responses can be overl neric or imaccurate, missing the crucial specifics necessary for applicability
in Sl:e'(":“"nc situations, = i i ¥ E i i ¥

= Please define the context in which the tasks of the job are performed.
Include detalls of the customer interactions with other parties or systems.,

+ How would this be solved? (goal)
= Knowing what the solution looks like provides a clear target to aim for.
Please clarify whether the goal is {o generate new content, refine existing content, or perhaps innavate within a given cantext.

Instructions for A3
Does Al (LLMs) perform well on this type of problem?

In this section, you are determining whether Al particularly Large Language Models (LLMs) like GPT, are well-suited to
solve a specific lﬁpe of prof ﬁem. Theggui elines below are a :?'ét u{%uesti:?ns 3e5igne§ tu(eualu!ate the suitability of LLMs for

a particular task,

Guidelines for leading questions (A3);

1.1Is this a common problem?
»  This quéstion aims Lo determing if the problem is a widely recognized one that has been addressed before, possibly in different contexts,
* Ms terhd o Erfutg1 vﬁell ?n ?mglerl'ls that are commaon because they are likely to have been trained on similar data, and there's a greater
chance that the model has learned relevant patterns or solutions,
2. Are the rules of the problem clear?
= LLMs need clarity in the preblem's structure and rules to generate accurate outputs,
- Ifthe problem has clear guidelines, boundaries, and objectives, an LLM can more easily navigate the solution space.
+ This clarity helps in fine-tuning the LLM to the specific problem and can improve the effectiveness of the Al application,

3.Is the process company-specific?
» Ifthe process is unigue ta Wartsild, it might not be something that LLMs have been exposed to in their training data.
+  However, this doesn't automatically disqualify LLMs from being useful.
+  With proper customization and fine-tuning, LLMs can adapt to firm-specific processes.

4. Are the process steps regular?
+  LLMs excel at automating tasks that have regular, predictable patterns.
+ [If the steps in the process are consistent and can be standardized, LLMs can often take over such tasks efficiently.
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Instructions for A3
Does Al (LLMs) perform well on this type of problem?

e e et

Excel in managing frequent issues that are well-defined and  Efficacy can dimminish when faced with highly specialized, frm-speaiffc, or
Explanation of Tasks  follow standardized procedures, They are adept at unstructured challenges that deviate from the norm or when they réquire
and enhamaing tasks that are routing, data- & understanding of complex human ematians and relationships,
intensive, and based on pattems they have encountered
during their extensive tralning on diverse datasers,
Writing company policies, guidelines, Tasks requiring deep domain-specific knowdedge not well-represented in their

Content Generation and employes handbooks, training data,

Language Translation  Translating comrmon languages with a Understanding and generating content based on real-time events or data they
large corpus of training data. haven't been updated with.
Managing routine customer inquiries Interpreting and generating content that relies heavily on context or nuances of

. wia chatbots or email. hurman interaction, Such as sarcasm or humeor,

A PFroviding service or product Tasks that require emotional intelligence, ethical judgment, or adherence to
recommendations based on customer complex regulations
preferences.

Examples of Tasks  Data Analysic SUMMAriEnGg papers or lengthy

dacuments.

Analysing sentiment in customer
feedback,

Instructions for A4
Are the data and technical requirements feasible?

This section is a critical consideration when planning to implement a generative AL
solution like a Large Language Model (LLM). The guidelines provided aim to ensure
that there is a practical foundation of data for Al to operate effectively.

Guidelines f . ions (Ad);

1. Does the required data exist?
= For LLMs to perform well, they need access o large, rebevant datasets.
= Ifthe data doesn't exist or is Insufficient, the LLM may not learn effectively and could perform poorly.

2. What is the quality and quantity of data available?

+ Accurate: free from errors, duplications, or irrelevant infarmation, which could confuse the
model or lead to incorrect learning.

+ Relevant: Directly applicable to the task the Al is meant to perform,

+ Rich: Contains nuanced details that allow the Al to produce more varied and sophisticated
outputs.

=  Quantity of Data:

+ Vastness: A large volume of data to learn from, which helps in understanding different
contexts and variations.

+ Diversity: A broad representation of scemarios, styles, and cases to ensure the Al can handle a
wide range of inputs and produce a wide range of outputs.

= Depth: Enough examples of each specific case or category the Al is expected te understand or
generate content for.
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Instructions for A4
Are the data and technical requirements feasible?

3.1s the data organized in a format that a Large Language Model can easily use and learn from?
« Structured data can be leweraged to train the model more efficiently and with greater accuracy.

Strulctured data is organized in a predictable pattern, often in tabular form like databases or spreadsheets, making it easier Lo process and
analyze,
+ Each piece of information has its place, making it predictable where to find it.

The format of the data should be uniform across the dataset. For example, if the data includes dates, they should be in the same format (like YYYY-

MM-DD) threughaout,
+ The input and cutput data are in a consistent format that the model can expect and understand.

4, Is the data manipulation or analysis straightforward?
This question is about how easy it is to get the data ready for the AL
Straightforward manipulation means the data can be prepared easily, formatied, and fed into the Al with minimal steps,
+ The fewer the steps and the less complex those steps are, the mare "straightforward” the manipulation or analysis is considered to be,

Instructions for A5
Is Al use fair and risk-level acceptable?

In this s¢ cti?n,_ ou are a??rgssin thgethical considerations ind potential risks associated with the use of
Al, specifically in terms of fairness and acceptable |evels of risk.

Guidelines for leading questions (AS5):

1. Does this impact directly persons?
» This guideline explores whether the application of Al will have a direct effect on individuals.

« [tipvolve, _c?Fsiderin%apersonal outcomes such as job displacement, decision-making that might affect an
Individual’s lite, or privacy concerns.
= Forinstance, if an Alis used in hiring processes, it could directly impact who gets selected for an interview,

2. Are there biases?
* B'%ases i||1 Al can stem from skewed data or flawed algorithms, leading to unfair outcomes for certain groups
of people,

3. Are the risks manageable for PEI?
* PEI{Potentially Exposed Individuals) refers to those who could be affected by the Al's actions.
« Assess whether the potential risks to these individuals are within acceptable thresholds and if there are
adequate measures in place to manage these risks.
» Have a plan to mitigate harm if the Al makes a mistake or if there's a failure in the system.
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Instructions for A6
Should the solution be scaled from a personal level to a unit-level solution?

In this section, you are asked to identify and assess the target audience and the scope of challenges before
implementing an Al solution. They aim to understand the direct and indirect impacts, the audience's expectations,
and the potential scale of business benefits and risks associated with Al implementation.

Guidelines for leading guestions (AB):

« What is the impacted audience?
* Can you specify the departments, teams, or user groups that will be directly affected by the Al solution?
» Are there secondary audiences who might be indirectly impacted by the implementation of this Al framework?
* How tech-sawwy is the audience, and what is their level of familiarity with generative AI?
* What are the audience's expectations and requirements for the Al solution?

= Is this a firm-wide or narrow-role-specific problem?
+ Could you define the scope of the problem that the Al is intended to solve?
+ How does this problem manifest differently across various roles within the firm?
+ Are there examples of how this problem is currently being handled in different parts of the firm?

« What would be scaled business impact?
* What are the anticipated benefits of implementing this Al solution on a large scale?
* How do we measure the success of the Al solution once it's scaled across the business? (KPT)
* What are the potential challenges or risks in scaling the Al solution, and how might they be mitigated?
» Are there precedents or case studies of similar scaled implementations that we can learn from?

Tips for prompting

1. Initiate with Simplicity:

o Begin crafting prompts with straightforward language, then iteratively refine based on feedback and
results fram fhe Al fool

2. Demand with Clarity:
o Clearly articulate the specific outcome you're seeking from the Al
o The mare descriptive and detailed the prompt is, the better results.
o All details should still contribute to the goals you want to recelve, don't give irrelevant data,

EX Context is Key:
o ﬁrouldelemum background information to align the Al's responses with the specific scenario you're
ressing.
4. Patience Pays Off:

o Allow the Al sufficient time to process and generate responses, especlally for comples querles,
shing can compromize the quality of outcomes,

o Split the task inbe multiple subtasks, ask model to take pauses and consider their answer.
5. Positive instruction:

o Frame requests in terms of what actions to take rather than what to avoid,

o This approach tends to yield more constructive and dear guidance from the AL
6.  Embrace Politeness and Emotion:

o Incorporating polite phrases and scknewledging @mational tone can enhance the interaction, making
the Al's responses feel more natural andenﬂa;g.
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