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Abstract
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The management consulting businesses’ of today maneuver through increasingly complex and
dynamic landscapes, they encounter rising competition and innovation. The introduction of
generative Al into management consulting offers a promising pathway to improve the
effectiveness of consulting methods and increase innovation. This thesis investigates the
multifaceted implications of deploying generative Al in management consulting, examining
how management consultants use the technology today and investigating the perceived future
of generative Al and management consulting.

Through a combination of theoretical frameworks and empirical analysis, this study categorizes
and examines the diverse methods through which these models are integrated into consulting
practices. The results indicate that consultants primarily employ generative language models
to optimize workflows, boost productivity, and streamline tasks like text summarization, data
extraction, language refinement, and inspiration. Additionally, these models aid in managing
extensive datasets, facilitating deeper business insights and innovative problem-solving.
Despite their widespread use, generative language models are predominantly employed as a
support function rather than a standalone solution, underscoring a widespread deficiency in
proficiency and confidence among users.

Furthermore, future projections indicate that generative language models will significantly
transform the management consulting industry by augmenting consultants’ capabilities,
enhancing problem solving processes, and delivering greater value to clients. While these tools
will make consulting more accessible and efficient, the importance of human expertise,
particularly in areas requiring social skills and nuanced knowledge, will remain essential.

Finally, the thesis presents a framework derived from the empirical findings, termed the Al
Proficiency and Confidence Grid. This framework is designed to illustrate the relationship
between proficiency in generative technology and confidence in its use. In essence, it highlights
the significance of understanding generative Al and incorporating appropriate training.
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1.0 Introduction

The introduction chapter lays the foundation by providing background, problem discussion,
and the theme of the thesis. From the problem discussion, the purpose of research and its
associated questions emerge. Following the research questions, the introduction outlines the
delimitations of the study and presents the overall structure of the thesis.

1.1 Background

The combination of technology and strategic thinking has become a defining force in the
dynamic and always-changing corporate landscape, pushing management consulting firms to
embrace artificial intelligence's disruptive potential. Technology development and strategic
decision-making have a symbiotic relationship that is becoming more and more obvious and is
changing the core of how businesses tackle opportunities and challenges. Generative language
models, tools that can understand, produce, and interpret writing, presentations, and other types
of communication similar to that of a human, are at the vanguard of this technological
revolution. The rise of generative language models in the management consulting industry
represents more than just a technology development; it is a paradigm change that promises to
redefine traditional methods and spark a new wave of innovation in the industry. These models
have the potential to create new opportunities for creativity, problem-solving, and strategic
thinking in consulting projects since they can comprehend the nuances of language and context.
The deliberate use of Al models in management consulting procedures not only improves
information processing efficiency but also holds the potential to completely transform the way
consultants develop, convey, and carry out solutions. (Bughin et al, 2017)

Management consulting firms need to evaluate and modify their approaches to stay ahead of
the competition in this age of fierce rivalry and swift technological advancement.
Comprehending the ways in which these companies utilize generative language models beyond
the realm of technological curiosity becomes a crucial strategic requirement for professionals,
as well as a deep academic investigation. Examining this relationship between generative
language models and management consultants is like taking a voyage into the future of
consulting, where the union of Al and human knowledge drives the field into unexplored
territory (Brygjolsson et al, 2017). The Al strategy for management consulting firms can be
resembled to a Formula One (F1) race, where most competitors are driving high-tech F1 cars
while one team is operating a fast but standard streetcar. Just as a streetcar cannot compete with
the advanced technology of F1 cars, a company without an Al strategy will inevitably fall
behind competitors leveraging Al capabilities. This highlights the importance of not ignoring
the inevitable technological advancements, but rather adapting to and implementing generative
Al within their organization (Mostafa Sayyadi et al., 2023).
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The incorporation of generative language models into management consulting projects brings
forth a plethora of possibilities and challenges. There are several opportunities and difficulties
with integrating Al technologies, especially generative language models, into management
consulting tasks. On the one hand, by processing large volumes of data quickly and producing
insightful conclusions, these models can improve data analysis, decision-making, and solution
development. But there are also complicated issues that need to be carefully considered, such
as moral dilemmas, biases in training data, and the possibility that Al will replace some
consulting jobs. Due to the dual character of this technological evolution, it is important to
comprehend the consequences of the integration for management consulting firms' projects as
well as how they are now utilizing generative language models. (Brygjolsson et al, 2017)

1.2 Problematization

The use of Al-powered generative language models in management consulting presents a
complicated web of issues that require careful consideration. By their very nature, generative
language models add an opaqueness to decision-making processes, raising concerns regarding
accountability and transparency. In addition to potentially undermining the credibility of Al-
driven insights, the lack of interpretability presents moral conundrums about the responsibility
of choices impacted by these technologies. In the present Al-influenced consulting
environment, figuring out how to ensure ethical and transparent Al usage in the decision-
making landscape becomes a critical task. (Lawton, 2023)

Furthermore, a significant challenge arises concerning the potential biases present in the
algorithms utilized to train generative language models. It is imperative to examine how biases
manifest in the recommendations and solutions generated by Al. Consulting firms must ensure
that Al technologies do not inadvertently perpetuate or amplify existing biases in the training
data. This necessitates identifying and mitigating algorithmic bias. In the management
consulting sector, addressing ethical concerns, and minimizing biases are fundamental
prerequisites for the responsible utilization of Al and the advancement of fair and equitable
decision-making outcomes. (Chang & Kidman, 2023)

Another layer of complexity is revealed when considering the market's future trajectory in
respect to new artificial intelligence instruments. For management consulting organizations,
the rapid advancement of Al innovation presents a strategic challenge. How are they going to
keep up with the rapid advancement of technology? What obstacles must businesses overcome
in order to stay on top of the game when it comes to incorporating new Al tools into their
processes? Strategic foresight and proactive steps are necessary in the race to adapt to the
rapidly evolving technological landscape to prevent obsolescence and fully utilize new Al
technology. (Jong-Seok & Dongsu, 2023)

Furthermore, strategic positioning in the rapidly evolving Al field becomes essential.
Management consulting firms must foresee the transformative impact of these technologies
while considering strategic elements. The focus shifts to optimizing their positioning to
capitalize on the advantages offered by new Al tools, ensuring heightened client value and
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competitiveness. Sustaining innovation leadership and adapting to shifting market dynamics
demand a grasp of the strategic ramifications of Al integration. (Chang & Kidman, 2023)

These challenges, taken together, capture the complex issues that arise when Al, management
consulting, and the moral obligations associated with creating cutting-edge technology come
together. In addition to ensuring ethical Al practices, addressing these issues will advance the
sector toward a day when technology will strategically and ethically enhance human skills.

1.3 Purpose and research question

This study aims to clarify the intricate dynamics of how management consulting firms are
using generative language models. The study seeks to analyze the real-world use, difficulties,
and possible effects of incorporating these Al tools into consulting engagements, going
beyond the catchphrases and claims of innovation. By means of this inquiry, this thesis hopes
to provide a thorough grasp of the existing situation while simultaneously foreseeing the
repercussions that this integration may have on the future tactics, approaches, and
competitiveness of management consulting within the larger corporate ecosystem.

In light of the previously addressed issues, two research questions were crafted to delve into
the contemporary management consulting landscape, centering on the incorporation of Al-
driven generative language models. The objective of the thesis is to understand the current
utilization of these Al tools by consulting firms. Key considerations include their applications,
methodologies, and impact on decision-making, problem-solving, and overall project
strategies. To evaluate the tangible effects of artificial intelligence technologies, the following
research question has been articulated:

How do management consultant firms use generative language models, powered by Al,
today?

The thesis also aims to project into the future, analyzing how the industry will evolve in
response to the introduction of Al tools. It endeavors to understand the potential
transformations and challenges that consulting firms might encounter as they adapt to rapidly
advancing Al technologies. This study sets the stage for envisioning potential shifts in the
management consulting landscape in response to the swift progress of artificial intelligence,
examining strategic implications, industry dynamics, and competitive strategies. The
formulation of the second study question is as follows, aimed at probing into the competitive
strategies, industry dynamics, and strategic considerations that consulting firms must navigate
in light of Al technologies:

How will the management consulting industry change in response to the emergence of Al
tools in the future?
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1.4 Delimitations

This thesis investigates the integration of generative language models within management
consulting firms, with a focus on all consulting firms but with at least one Swedish office.
The scope of the project is the usage of generative language models within the management
consulting industry, with a small focus on future trends. The definition of generative
language models will be provided in chapter 2 but can briefly be explained as an artificial
intelligence system that can create new text based on patterns it has learned from existing
data. Some examples of generative language models are ChatGPT, Copilot, and Bard. The
primary focus remains on exploring the broader applications, challenges, usage, training, and
future trends associated with integration of generative language models in management
consulting.

While acknowledging the interconnectedness of various organizational functions, this thesis
adopts a holistic perspective centered on the human-Al collaboration dynamics within
management consulting firms. It does not delve extensively into specific operational or
technical aspects unrelated to generative language integration. While recognizing the
potential diversity among management consulting firms, this study primarily focuses on
identifying the usage of generative language models and their implementation in the
organization rather than comparing different firms. Individual organizational variations that
do not align with these overarching themes are not extensively explored.
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1.5 Disposition of Thesis

The thesis is constructed out of seven different chapters presented below.

The topic is introduced together with the background description and the
problem discussion. The purpose and the research question are presented. At
last, the delimitations are described.

~\
Relevant literature regarding generative Al is presented. Literature regarding
applications and challenges with generative Al is introduced. At last,
strategies for Al integration and future trends are showcased.
J
] )
The research design and research strategy are presented. The secondary and
primary data collection is explained together with the data analysis and the
quality criteria.
J
- - - - - - - \
The findings from the interviews with the respondents are shown in this
chapter of the thesis.
J
- . - - - - \
The Empirical Findings are analyzed, and the Al Proficiency and
Confidence Grid is presented which is based on the empirical findings.
J
- . - - - - - \
The Empirical Findings are analyzed together with the obtained literature
from the Literature Review in order to answer the research questions.
J

The research questions are answered based on the findings from the thesis.
Additionally, some recommendations for Al integration are presented and
further research is suggested.

-
v
V
s
v
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2.0 Literature Review

The second chapter delves into significant literature relevant to the topic. Initially, it examines
the concept of artificial intelligence, narrowing it down to generative language models and
their integration within the realm of management consulting. Subsequently, the chapter
showcases various applications of generative language models. Ethical consideration and
challenges are then illustrated, drawing from existing literature, along with discussions on
future trends and strategies for Al integration.

2.1.1 Introduction to Al

The field of Artificial Intelligence (Al) is broad and includes a wide range of research and real-
world applications. Its core is the creation of computer systems that are capable of doing tasks
that have historically been associated with human intelligence. These exercises cover speech
recognition, problem-solving, learning, and natural language comprehension. The ultimate
objective of Al technology is to mimic cognitive processes, enabling robots to examine
information, identify trends, and reach well-informed conclusions - often surpassing human
talents in some fields. (Rana et al, 2022)

The development of Al follows a path that starts with rule-based systems and progresses to
increasingly complex techniques like machine learning and deep learning. Through the use of
machine learning algorithms, computers may learn from data and improve over time, even
without explicit programming. Simultaneously, artificial neural networks that are modeled
after the complex architecture and operations of the human brain are included in deep learning,
a branch of machine learning. Complex recognition and abstraction are now possible, which
represents a paradigm change in the field of Al. (Rana et al, 2021)

Al's development has been a voyage of facilitation replete with important turning points and
discoveries. The idea that machines could mimic human intelligence dates to the middle of the
20th century, and here is where Al originated. Earlier Al systems relied on explicit
programming and were rule-based. These cysts could only perform simple tasks since they
were incapable of adapting or learning from data. A major change occurred in the late 20th
century with the resurgence of interest in machine learning. This sudden interest originates
from the event in 1997, when a chess-playing system which was running on a unique purpose-
built supercomputer, became the first computer to win against a chess champion (The Royal
Society, 2017). In order to create more intelligent and adaptable systems, researchers started
looking into algorithms that could identify patterns in data. Nevertheless, these methods
encounter difficulties when managing intricate, multidimensional data. A paradigm change
occurred in the 2010s with the introduction of deep learning. Deep natural networks, which are
neural networks with several layers, have been crucial in enabling complex data representations
(Ryan, 2023). With these advances, the next milestone for Al came when a program developed
by Google built on neural networks and deep learning managed to defeat the world champion
in the board game Alpha Go. This event was remarkable because of the nature of the board



Maneuvering the Al Frontier

game, which was thought to demand qualitative attributes of the player, and therefore marked
a milestone for Al (Haenlein & Kaplan, 2019).

Advances in speech recognition, computer vision, and natural language processing (NLP) have
shown how deep learning can be used (Ryan, 2023). With the goal of building models that can
produce fresh data samples that resemble the training data, generative models have become a
prominent area of study in deep learning. Variational Autoencoders (VAESs) and Generative
Adversarial Networks (GANSs) were two early generative models that demonstrated promise in
producing realistic data and visuals. (Shao et al, 2022)

The introduction of the Transformer Architecture in 2017 revolutionized NLP. Transformers,
with their self-attention mechanisms, allowed for more efficient processing of sequential data.
This architecture became the cornerstone for subsequent developments in language models.
The Generative Pre-Trained Transformer (GPT) series, pioneered by OpenAl, marked a
watershed moment. GPT-2, introduced in 2019, demonstrated the capability to generate
coherent and contextually relevant text on an unprecedented scale, GPT-3, with its staggering
75 billion parameters, showcased remarkable language understanding and generation abilities
across diverse tasks (Shawn et al., 2023). Researchers started fine-running pre-trained language
models for specific tasks, leading to the creation of task-specific models. This approach proved
highly effective in achieving state-of-the-art results in areas such as machine translation,
summarization, question-answering, and sentiment analysis. The increasing capabilities of Al,
particularly in language generation, raised ethical concerns. Issues such as biases in training
data, the potential for misinformation, and the society impact of powerful language models
became focal points. The Al community actively engaged in addressing these challenges
through research and ethical guidelines. (Shao et al, 2022)

2.1.2 Generative Language

Text that resembles that of a human is produced by a class of Al models called generative
language models. Recurrent neural networks (RNNSs) and transformers, two deep learning
approaches, serve as the foundation for these models. Their capacity to comprehend and
produce material that is both intelligible and culturally relevant has garnered them a great deal
of attention. Natural Language Generation (NLG) is an area in which generative language
models shine, demonstrating their ability to produce logical and contextually relevant content.
They are more effective because of their suggested features, which enable them to comprehend
and produce content in a way that closely resembles human language. (Perez-Nunez et al.,
2023)

Generative language models find applications in different domains:
e Content Creation: Generative language models that are employed for creating articles,
marketing copy, and other creative pieces.
e Conversational agents: Chatbots and virtual assistants leverage these models to engage
in natural and context-aware conversations.
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e Coding Assistance. Some models assist programmers by generating code snippets
based on natural language queries, boosting productivity.
(Perez-Nunez et al., 2023)

Generative language models are built on deep learning architectures, RNN and transformers
being prominent examples. Transformers have gained popularity due to their parallel
processing capabilities, allowing for more efficient training on large datasets. The generative
language models, transformers, and RNN undergo a two-step process, pre-training and fine-
tuning. In the pre-training phase, models are exposed to massive amounts of diverse text data
to learn the nuances of language. The fine-tuning stage is then performed on specific tasks or
domains enabling models to adapt to more specialized applications in the specific market
segment. These two-step processes build a generative language model with the distinguished
feature being that it can understand and generate text in context. They consider not just
individual words, but also surrounding context, allowing for the creation of more coherent and
contextually appropriate text. (Blease et al., 2024)

Some models, such as GPT, are capable of conditional generation. This means they can
generate text based on specific input conditions or prompts, providing a level of control over
the output, and making them versatile for various applications. Advanced generative models
exhibit few-shot learning capabilities. This means they can perform tasks with very few
examples or even a single example, showcasing their ability to generalize and adapt to new
tasks with menial training data. They are useful instruments in a variety of industries due to
their adaptability. These models are effective instruments that are being utilized by a growing
number of sectors. Concerns over the models' moral application are developing as they gain in
strength. When creating and implementing generative language models, factors like bias,
disinformation, and unforeseen repercussions must be taken into account. The study of
generative language models is an ever-evolving field. Scholars are always tackling problems
and pursuing new avenues in natural language processing in order to increase the effectiveness,
performance, and safety of these models. Generative language models represent a significant
breakthrough in Al, allowing machines to understand and generate human-like text. Their
applications are vast, and ongoing research aims to enhance their capabilities while addressing
ethical considerations in their deployment (Blease, 2024).

2.2.1 Introduction to Al in Management Consulting Business

When it comes to adopting new methods and tools to enhance problem-solving skills and give
clients greater value, the management consulting industry has always been at the vanguard.
From the earliest days of databases and spreadsheets to the more recent developments in data
analytics and visualization tools, consultants have always looked for novel approaches to
evaluate data, produce insights, and present recommendations efficiently and clearly. (Vial, G.
et al, 2022)

The emergence of generative Al technologies, such as machine learning and natural language
processing, has given the management consulting industry another potent tool to enhance its



Maneuvering the Al Frontier

arsenal. Massive amounts of data may be analyzed by generative Al systems, which may also
produce insights, find patterns, and even make recommendations on their own. (Vial, G. et al,
2022)

While this Al tool equips management consulting firms with novel resources to deliver
enhanced value to clients, it also introduces a disruptive element for companies to consider.
According to Mostafa Sayyadi et al. (2023), simply identifying problems and proposing
solutions to senior managers is insufficient in today's landscape; consultants must also offer
and implement solutions. Generative Al facilitates real-time decision-making and process
optimization for management consulting firms and could therefore be a solution for the
observed problem. Sayyadi (2023) resembles companies without an Al strategy to a Formula
One (F1) race scenario, where competitors are driving high-tech F1 cars while one team is
operating a fast but standard streetcar. Just as the streetcar cannot rival the advanced technology
of F1 cars, a company lacking an Al strategy will inevitably lag behind competitors who
harness Al capabilities. With this analogy, Sayyadi (2023) stresses the importance of not
reducing the signs of this inevitable disruptive technology. Instead consulting companies need
to adapt and implement generative Al into their organization. (Mostafa Sayyadi et al., 2023)

All things considered, the introduction of generative Al technology into the management
consulting industry represents a significant change in the way consultants approach analysis,
communication, and solutions. Businesses may enhance their skills, offer more value to clients,
and keep a competitive edge in an increasingly complex and data-driven business environment
by utilizing Al (Vial, G. et al, 2022). In the subsequent chapter, the different applications of Al
in management consulting will be investigated further.

2.2.2 Applications of Al in Management Consulting

Generative Al, particularly in the form of natural language processing models like GPT, holds
significant promise for revolutionizing various aspects of management consulting (Fosso
Wamba, S. et al. 2023). When investigating the different areas that generative Al holds the
most promise in, the following key areas were found.

One of the key areas where generative Al models could have a big application is handling large
volumes of data. In today’s organizations, large amounts of data are produced daily from
customer transitions, social media interactions, etc. Machine learning algorithms excel at
processing this data efficiently, scaling to handle large volumes without sacrificing
performance. The technology can analyze structured data stored in databases as well as
unstructured data like text, images, and videos. This enables consultants to gain a
comprehensive understanding of the business environment. (Fosso Wamba, S. et al. 2023)

It was also found that generative Al could have a strategic application, serving as an asset in
fostering a culture of lifelong learning and knowledge sharing within organizations.
Management consultants could use natural language models as a virtual mentor and on-demand
access to learning resources. Employees can engage with generative language models, such as
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ChatGPT, to easily seek clarification on complex topics and as a result, develop the knowledge
within the firm. Furthermore, generative Al can facilitate collaborative problem-solving
sessions by acting as a virtual facilitator or mediator. If used effectively, the technology has the
potential to promote deeper discussions and ideas. Generative Al supports collective learning
and creativity within organizations by creating a collaborative environment in which ideas can
be freely discussed and assessed. (Fosso Wamba, S. et al., 2023)

Another key area where generative Al has the ability to significantly benefit the management
consulting sector is in the reduction of repetitive work. The technology holds great potential
for automating repetitive tasks across multiple domains. With developments in generative Al
models, it is now possible to generate human-like text from inputs. This capability can be used
to automate repetitive processes such as report authoring and email drafting. Furthermore, the
work of a management consultant frequently entails creating information in the form of visuals
and symbols to produce visually appealing presentations. This monotonous task could be
streamlined with generative Al. (Tyson, D. & Zysman, J., 2022)

Management consultants are frequently hired to assist organizations with business model
innovation, referring to the process of developing, modifying, or fundamentally changing how
a firm runs and generates value. To remain competitive and meet changing client expectations,
organizations must develop new revenue streams, optimize existing processes, and rethink their
structure. Here consultants are suitable due to their skill in examining company models,
identifying areas for development, and making strategic recommendations. Business model
innovation has also been identified as a key area in which generative Al could impact
management consultants. (Taran et al., 2015)

According to Kanbach et al. (2023), the best applications of generative Al are in areas that
require a synthesis of factual comprehension with imaginative thinking, such as lawyers,
auditors, or consultants. In such cases, where adherence to regulations, standards, and market
dynamics must be balanced with the development of new ideas, generative Al has the potential
to greatly improve the efficiency and quality of business model innovation processes. By
analyzing massive databases containing legal precedents, industry laws, and market trends, Al
algorithms can uncover patterns and correlations that help advisors make decisions during
business model innovation. Furthermore, Al's ability to develop original ideas by combining
factual knowledge and creative insights provides consultants with a new viewpoint, potentially
revealing unusual solutions to challenging problems. This tool can thus help consultants in their
work surrounding strategic decisions and business model innovation. (Kanbach et al., 2023)

Moreover, generative Al assists consultants with scenario planning by modeling various
scenarios based on variables such as regulatory changes and market volatility. This helps
consultants evaluate the potential implications of various business model innovations, allowing
them to make more educated decisions. Al-powered systems can automate processes like
documentation creation and compliance reporting, allowing consultants to devote more time to
strategy planning and client interaction. As generative Al evolves through continuous learning
from interactions with consultants and input from business model innovation processes, it

10
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shows promise for improving the efficacy and competitiveness of consultants' work. (Kanbach
et al. 2023)

2.3.1 Challenges with Al Integration

The integration of Al, particularly generative language models, in management consulting
brings several challenges, ranging from ethical considerations to issues of transparency and
accountability. It is of utmost importance to consider these factors when implementing
generative Al into the management consulting industry. In the following segment, these
challenges will be presented.

As previously stated several times in this essay by Vial, G. et al. (2022) and Kanbach et al.
(2023) among others, Cath (2018) justifies the potential benefits of generative Al for enhancing
economic and social welfare. However, she also acknowledges the risks associated with Al
misuse and its potential to behave unpredictably and harmfully. These risks, such as biases and
data privacy concerns are also established by Garcia-Valencia et al. (2023). This dual nature
underscores the need to reassess the existing ethical, legal, and technological frameworks
governing Al systems, ensuring they evolve in line with changing societal values and norms.
Given the prevalent use of statistical learning in Al systems, particularly in high-risk domains
where they analyze vast datasets to make predictions, there is a growing demand for
accountability, fairness, and transparency. Cath (2018) further stresses the importance of
establishing comprehensive governance structures capable of effectively addressing the
intersection of ethical dilemmas, regulatory requirements, and technical challenges posed by
Al. The overarching objective of such governance is to ensure that Al serves as a positive force
within society.

The use of Al in management consulting must comply with various regulations and standards.
Adhering to legal frameworks, especially in sectors with stringent regulations, requires careful
consideration of how generative language models are used and the implications for compliance.
(Lubis, 2023) The recent introduction of the EU Al Act is the first legal framework for Al
worldwide. The new rules aim to foster trustworthy Al in Europe and beyond, by ensuring that
Al systems respect fundamental rights, safety, and ethical principles and by addressing the risks
of very powerful and impactful Al models. As the European Commission puts it, most Al
systems pose limited to no risk and can contribute to solving many societal challenges.
Nevertheless, certain Al systems create risks that must be addressed to avoid undesirable
outcomes. Some examples of these Al systems could be used in critical infrastructure that could
put the life and health of citizens at risk or, employment where Al powers tools such as CV-
sorting. These high-risk Al systems will be subject to strict obligations before they can be put
on the market. (European Commission, 2024)

The EU Al Act explicitly references chatbots as an Al system categorized with limited risk.
While Al systems categorized with limited risk could offer significant societal benefits, they
still necessitate regulation. According to European Union regulations, individuals must be
informed when they are engaging with a machine, enabling them to make informed decisions
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regarding their interaction. Additionally, providers of Al systems are obligated to ensure that
Al-generated content, including audio and video, is easily identifiable. (European Commission,
2024)

Another possible challenge with the integration of generative Al is transparency. Interpreting
generative language models can be difficult, particularly if they are complicated like GPT.
Building trust requires an understanding of how the model makes suggestions or produces
particular results. In the consulting industry, user adoption may be hampered by a lack of
openness. In management consulting, clients frequently need clear-cut and intelligible insights.
Since Al-generated recommendations are hard to explain, clients would be reluctant or dubious
to use them, which would damage the consulting firm's reputation. (Lubis, 2023)

Cath (2018) emphasizes the pivotal role transparency plays in understanding the functioning
of generative language models. Transparency, in this context, refers to the ability to
comprehend the inner workings of algorithms and how they generate outputs. When this
transparency is lacking, users are left in the dark about why a model produces certain results,
leading to doubts about the credibility of the information it generates.

The EU Al Act also brings up the aspect of transparency. Enacted in 2023, it reinforces the
importance of transparency. This legislation stipulates that high-risk Al systems must adhere
to rigorous transparency measures, including conducting fundamental rights impact
assessments prior to their deployment in the market. These assessments are designed to
evaluate potential risks associated with Al systems and ensure their compliance with ethical
and legal standards. (European Commission, 2024)

The aspect of accountability could also be an obstacle regarding the integration of generative
Al. Determining who is responsible for recommendations or material generated by Al systems
is a complicated matter. Determining who oversees Al-driven recommendations becomes
essential in the consulting setting, where choices can have significant effects on the
organization. To make sure Al systems are operating as planned, ongoing control and
monitoring are also required. In the highly risky field of management consulting, putting in
place strong governance systems is crucial to preserving the caliber and dependability of Al-
generated outputs. (Lubis, 2023)

Arguably the most important aspect to consider with the implementation of generative Al is
data security. The consulting industry often deals with confidential client information. Ensuring
the security of this data when integrating Al, including generative language models, is a
paramount concern. Safeguarding against potential breaches and unauthorized access is crucial
(Lubis, 2023). The General Data Protection Rule (GDPR), a European Union rule on
information privacy, is critical in this context. The regulation declares that the protection of
personal data is a fundamental human right and governs how personal information is processed,
shared, and analyzed. With the GDPR, Europe is showing its solid commitment to data privacy
and security at a time when more individuals are committing their personal information to
cloud services. (GDPR, 2018) When employing various Al language models, it's essential to
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consider regulations like GDPR, which safeguard individuals' data privacy. Since these models
are often internet-connected, there's a risk of data accessibility to the language model providers.
Consequently, users should refrain from entering sensitive information into these systems to
ensure compliance with privacy regulations. (Cath, 2018)

The understanding and training regarding generative language models cannot be
underestimated either. Consultants operating in industries adopting generative language
models may face challenges without adequate training. Understanding the capabilities and
limitations of Al is crucial, as misconceptions can hinder effective integration. Technical
familiarity with machine learning concepts could be one of the challenges, which can impede
the ability to grasp the underlying mechanisms of these models. Furthermore, integrating
generative language models into existing workflows requires nuanced understanding and may
pose ethical and regulatory considerations. Training can help consultants navigate these
challenges, optimizing performance and ensuring smooth integration into business processes.
(Lubis, 2023)

In summary, incorporating generative language models into management consulting has
enormous potential, but it also raises ethical, transparency, and accountability concerns.
Addressing these issues and training users is critical for firms seeking to ensure the appropriate
and effective use of Al in the consulting industry. It necessitates a comprehensive strategy that
includes technical solutions, ethical norms, and strong governance structures.

2.4.1 Strategies for Al Integration

While generative Al clearly provides management consultants with significant tools for
increasing effectiveness and adding value to their customers, successful integration is critical.
Strategic adoption of generative Al enables its systematic integration into the organization's
fabric, assuring alignment with business objectives, workflows, and ethical issues. This
includes not only integrating the technology but also providing rigorous training programs for
consultants and cultivating a culture of safe Al usage. Furthermore, strategic integration entails
regularly monitoring and analyzing Al-powered processes in order to improve and optimize
their performance over time. By proactively embracing generative Al, management consultants
may realize their full potential for driving innovation, improving decision-making, and
ultimately delivering greater results for their clients. (Tyson & Zysman, 2022)

To achieve successful Al integration within an organization, a primary focus must be on the
people within the organization. Individuals inside a firm are ultimately responsible for creating
value for customers, therefore prioritizing their efforts is critical. This includes not only
providing staff with the necessary training and abilities to use Al tools efficiently but also
cultivating a culture that values technical developments and supports innovation. Organizations
may improve productivity and efficiency, as well as produce better outcomes for consumers,
by allowing people to use Al technologies in their daily job. Furthermore, including employees
in the Al integration process, soliciting input, and resolving their concerns can build a sense of
ownership and buy-in, resulting in more seamless adoption and successful implementation of
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Al efforts. Finally, understanding the vital role of people inside the company and emphasizing
their needs and participation is fundamental to creating successful Al. (Lee et al., 2023)

Furthermore, change is frequently greeted with opposition from employees within the firm.
This resistance can arise from a variety of reasons, including fear of the unknown, concern
about how the change will affect them personally or professionally, or simply a preference for
the status quo. People tend to become comfortable and familiar with existing processes,
structures, and habits, making them resistant to changes that disrupt their comfort zone. In
addition, organizational transformation frequently involves a reconfiguration of power
dynamics, which may challenge the positions of individuals or organizations who previously
wield significant authority. Those who are used to wielding power may object to the
introduction of new structures or processes, believing that their status or influence is being
undermined (Cummings et al., 2016). Moreover, the introduction of new technology or
techniques can render old talents obsolete, causing pushback from workers who fear losing
their significance within the firm. These stakeholders, who are involved in keeping their
positions or identities associated with specific jobs, may resist change in order to protect their
interests and avoid marginalization. (Kanbach et al., 2023)

Kanbach et al.'s (2023) research sheds light on the transformative potential of generative Al
within the workplace. Their findings reveal a significant shift in the traditional dynamics of
employment, as generative Al emerges as a powerful tool for reducing disparities among
workers. By offering substantial advantages to employees with varying skill levels, particularly
those with lower abilities, generative Al effectively levels the playing field. This empowerment
of traditionally disadvantaged individuals marks a pivotal change in workforce dynamics,
allowing them to not only thrive but also contribute meaningfully within their roles. (Kanbach
et al., 2023)

While these outcomes initially appear positive, it's crucial to recognize the potential challenges
that may accompany the integration of generative Al into organizational settings. Resistance
from different stakeholders within the organization could emerge as a barrier to adoption. This
resistance may stem from concerns about job displacement, changes in workflow processes, or
uncertainties regarding how to effectively incorporate the technology into existing systems.
Thus, despite the promising implications of generative Al for promoting inclusivity and
productivity, organizations must carefully navigate and address internal resistance to ensure
successful implementation and maximize the benefits of this innovative technology. (Kanbach
etal., 2023)

2.4.2 Future Trends and Market Dynamics

The future of generative Al is defined by a fascinating combination of unpredictability and
constant change, with innovations constantly reshaping its trajectory. The bounds of what
generative Al can achieve are expanding by the day, revealing a wide range of applications in
a variety of fields. As researchers, developers, and innovators continue to push the boundaries
of what is possible, the future of generative Al remains both unpredictable and promising, with

14



Maneuvering the Al Frontier

new applications emerging on a daily basis. Despite the uncertainty, some future trends are
emerging within the generative Al field.

Managers first viewed the use of generative Al with caution, concerned about its dependability,
ethical implications, and potential disruptions to existing operations. This cautious posture
echoed a larger hesitation among companies as they dealt with the uncertainty of this disruptive
technology (Webb, A. & Euchner, J., 2020). However, as generative Al advanced and
demonstrated its possibilities, the trend has now shifted. Managers are more aware of its
revolutionary potential, recognizing the benefits technology may provide, such as greater
efficiency, creativity, and decision-making ability. Additionally, managers are increasingly
open to integrating generative Al solutions into their organizational processes as they gain trust
in their dependability and witness successful deployments across multiple sectors (Forrester,
2023, Obrenovic et al. 2024). As managers become increasingly receptive to incorporating
generative Al into work processes, it can enhance organizational learning by offering insightful
suggestions to users, thereby fostering idea development. It's well-established that people learn
more effectively through interaction and social engagement, an area where generative Al could
offer support. (Obrenovic et al., 2024)

Moreover, the increased acceptance of generative Al across businesses has played a critical
role in shifting perspectives. As more firms embrace this technology and share their success
stories, managers and consultants feel more optimistic and inspired. They no longer see
generative Al as a disruptive force, but rather as a helpful instrument for generating innovation
and achieving a competitive advantage in the digital space. This shift in attitude highlights the
changing perspective of generative Al as a novel notion to a strategic asset with the potential
to reshape organizational dynamics and open up new avenues for growth and advancement.
(Forrester, 2023, PricewaterhouseCoopers 2024)

The emergence of copilots or Al assistants represents a significant trend in how businesses
approach the integration of Al into their operations. Rather than perceiving Al as a mere
substitute for human intelligence, forward-thinking organizations are adopting it as a type of
collaborative intelligence. This shift in perspective recognizes that, while algorithms excel at
processing large amounts of data quickly and precisely, they inherently lack the nuanced
qualities of human judgment, empathy, and creativity. Human consultants and experts, on the
other hand, bring essential real-world experience and contextual expertise to the table. (Hughes,
2023, Bergmann, 2024)

Organizations can leverage the complementary strengths of both human intelligence and Al to
produce accomplishments that beyond what either could do alone. When humans and Al
collaborate, they may combine insights from data analytics with human intuition, harnessing
Al's ability to absorb complex information quickly while adding the sensitivity and creativity
inherent in human decision-making processes. This collaborative approach improves task
efficiency and effectiveness while also encouraging creativity by combining the best of both
worlds. Finally, the combination of human and Al allows enterprises to achieve new levels of
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productivity, problem-solving capabilities, and value creation that would not be possible if
these resources were deployed separately. (Hughes, 2023, Bergmann, 2024)
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3.0 Methodology

This chapter introduces the research strategy, design, and approach adopted for this study. It
outlines the methodology for primary and secondary data collection, including conducting a
literature review and semi-structured interviews. Subsequently, it discusses the process of data
analysis and the method employed for thematic analysis. Lastly, the chapter sizes the quality
criteria associated with the chosen research strategy and describes how these criteria have
been incorporated throughout the study.

3.1 Research Strategy

The research strategy refers to the overall approach taken during thesis research. In other
terms, it may be defined as the procedure for determining an answer to a research issue.
Research strategies can be broadly classified into two categories: quantitative and qualitative
(Saunders, 2019). To evaluate a theory that surfaced from the body of existing literature, the
quantitative approach places a strong emphasis on measurements and numbers. By contrast, a
qualitative research approach emphasizes words, images, and points of view in order to
provide data that helps formulate a hypothesis. A qualitative research strategy allows for an
in-depth understanding of a phenomenon because it is based on human experiences and views
(Bell et al., 2022).

It was decided that a qualitative research approach would be most suited given the nature of
the study issue. A qualitative research design enables more in-depth descriptions and
observations of behaviors that would not be feasible with a quantitative approach, since the
intended research question is to examine how generative Al affects management consulting
firms.

An inductive technique is frequently used in qualitative research strategies, where research
findings form and validate theories. Bell et al. (2022) draw attention to a drawback of this
strategy, namely that the gathered data may not be adequate to fully develop theories because
of possible constraints. On the other hand, the deductive approach bases research hypotheses
on accepted theories and body of literature. Yet, relying solely on testing existing theories poses
limitations. An abductive approach appears when one considers the limitations of both the
inductive and deductive approaches (Saunders, 2019). This method is based on dealing with
paradoxes, which can originate from contradicting real-world occurrences or a paucity of
previous research on the topic (Bell et al., 2022). Considering the limited research on generative
Al in management consulting and its paradoxical nature, an abductive method was thought to
be the most appropriate for this thesis. Since this thesis does not directly derive theory from
data, the abductive approach was the preferred method. The study combines elements of both
inductive and deductive approaches: testing existing literature and gathering data to develop
theory. Specifically, it begins with the deductive approach by reviewing existing research
through a literature review, then transitions to an inductive approach by combining empirical
findings with theoretical frameworks. This integration of inductive and deductive methods
made the abductive approach the most fitting for this study.
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3.2 Research Design

Bell et al. (2022) suggest that multiple research designs can be used to develop criteria for the
research approach. The research design outlines a framework for data gathering and analysis.
To address the limited research on generative Al in management consulting, an exploratory
study design was used. The exploratory research strategy is typically used in qualitative
research with few preceding studies and a broad topic (Saunders, 2019). An exploratory
research design aims to further define a topic before collecting data. In this regard, the
exploratory study approach was deemed most appropriate, given the scarcity of prior research
on generative Al in management consulting. An exploratory approach allows for greater
flexibility and adaptability as fresh findings may change the research direction (Bell et al,
2022).

In addition to the thesis having an experimental research design, it also has a cross-sectional
approach. According to Bell et al. (2022), a cross-sectional approach involves studying
multiple cases to analyze sample variation and examining variables of interest at a single point
in time in a systematic and standardized manner to assess variation. This approach was found
most suitable since the thesis investigates more than one case and the semi-structured
interviews have a systematic structure where the same questions are asked to every respondent
(Saunders, 2019). Additionally, the cross-sectional design limits the research to only examining
the relationship between variables since the data are collected at a single point of time, which
means that no causal relationship between the variables can be established (Bell et al, 2022).
Therefore, this thesis is limited to exploring relationships between variables in the context of
investigating generative Al in management consulting firms.

3.3 Data Collection

3.3.1 Secondary Data Collection

The term "secondary data" describes the information gathered and analyzed by other
researchers and studies (Bell et al., 2022). According to the theoretical framework's description,
a systematic literature review was used to gather secondary data for this thesis. The project
aimed to create a comprehensive and thorough collection of literature on the application of
generative language models in management consulting. A transparent review of the literature
reduces the possibility of biases in the data-gathering procedure (Bell et al., 2022).

The systematic literature review process commenced with the formulation of clear research
questions. Subsequently, a methodological search for a predetermined keyword was carried out
in a replicable manner. Upon completion of the search, the literature was reviewed and
summarized to provide an overview of the subject (Bell et al., 2022). Before formulating the
research questions and embarking on the systematic literature review, an initial exploration of
existing literature was undertaken to enhance understanding of the topic. This preliminary
search was guided by specific keywords such as “generative language” and “management
consulting”.
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Following the establishment of the research purpose, the secondary data collection process
unfolded through a systematic literature review. This phase preceded the primary data
collection to lay the groundwork for the development of the interview guide used in subsequent
in-depth interviews, adhering to the abductive approach.

3.3.1.1 Systematic literature review

As previously stated, this thesis's systematic literature review is divided into three phases:
developing the research questions, reviewing the literature found using pertinent keywords,
and summarizing the results. The selection of keywords for the systematic literature review
was guided by the research questions and their scope. It is common knowledge that the
accuracy of keywords has a major influence on how successful literature searches are (Bell et
al., 2022). To maximize the effectiveness of the literature search procedure, attempts were
therefore undertaken to reinterpret and merge keywords with other search terms. Table 1
below provides a detailed list of the keywords used, along with a list of related additional
search terms.

Table 1: Keywords used in systematic literature review

Keywords

Generative Al in Management Consulting

Generative Language Models in Management Consulting

Applications Generative Al

Generative Al

ChatGPT

Large Language Models

Challenges with Generative Al

Al Integration

Combined keyword search

Generative Language Models and | Applications

Generative Language Models and | Effectiveness in consulting
Management consulting and | Generative Al

Generative Al and | Challenges

Al Integration and | Management Consulting

3.3.1.2 Databases and data collection

The databases employed in the systematic literature review were Scopus, Business Source
Review, Google Scholar, and the Gothenburg School of Business, Economics, and Law Super
Search. Using multiple databases, a sufficient number of articles were discovered. Both
university databases, Google Scholar, Business Source Review, and Scopus are well-trusted
(Bell et al, 2022), ensuring that the data is reliable, and the usage of these databases supplies
valuable literature to perform a high-quality literature review.
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3.3.1.3 Criteria for Inclusion and Exclusion

When writing this thesis, some inclusion and exclusion criteria were defined to establish the
scope of the systematic literature review. Literature on generative Al and management
consulting has been provided to clarify both the fundamentals of generative Al and the links
that may be made with management consulting. Furthermore, material on general applications
of management consulting and ethical considerations has been included. The literature obtained
has been peer-reviewed to the greatest extent possible. Because of the emerging nature of the
research domain and its associated technology, there is a scarcity of peer-reviewed articles in
existing databases at the time of composing this thesis. To establish a robust foundation for the
research, supplementary credible sources have been incorporated. In instances, primarily in the
areas investigating the future trends, where such supplementation is necessary, multiple sources
stating the same information have been utilized to uphold the academic integrity of the study.
At last, given that the authors are native Swedish speakers, publications in both English and
Swedish languages are included in this work.

3.3.2 Primary Data Collection

Collecting primary data involves researchers directly gathering empirical information (Bell et
al., 2022). Since the research approach emphasizes qualitative exploration for a thorough
grasp of the subject, interviews were chosen as the main data collection method. In
qualitative research, two primary interview methods are prevalent: unstructured and semi-
structured. Unstructured interviews resemble casual conversations and are suitable for
delving into topics without predefined themes. In contrast, semi-structured interviews adhere
to a predetermined set of key topics outlined in an interview guide, offering flexibility to
delve into additional questions based on the interviewee's responses (Bell et al., 2022).

As specified in section 3.3.2.2, semi-structured interviews were considered suitable for this
study due to the clarity of the research topic within the theoretical framework. This format
ensures that essential themes are addressed while also permitting flexibility in questioning
based on the interviewee's feedback (Saunders, 2019). Semi-structured interviews promote
comparability among respondents, thereby strengthening the reliability of the data collection
process (Bell et al., 2022). Moreover, in comparison to surveys, semi-structured interviews
offer a greater likelihood of involving respondents in the research process, as individuals are
more inclined to participate in interviews rather than complete questionnaires (Bell et al.,
2022).

3.3.2.1 Selection of Respondents

Sampling for this thesis employed a purposive sampling method, selecting respondents based
on their qualifications to address the research questions (Bell et al., 2022). Given that the
chosen research design was qualitative, respondents were specifically chosen from those
working as management consultants. Since the objective was to explore how management
consultant firms utilize generative Al, interviewing individuals from this professional
background was logical. Additionally, respondents were selected to represent various positions
within their respective organizations to capture diverse perspectives during interviews. To
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enhance sample variation, respondents from different geographic regions in Sweden were
included. Moreover, consultants spanning different age groups were chosen to increase the
sample variation even further.

An effort was made to achieve a balanced distribution across various organization sizes. The
companies were categorized into three groups: Small, Medium, and Large. Small organizations
are defined as employing between 10-99 individuals, while those classified as medium-sized
employ between 100 and 499 employees. Large companies, on the other hand, have a staff
count of 500 or more.

When employing non-probability sampling methods, there are no set rules regarding sample
size. Instead, emphasis is placed on ensuring credibility, particularly in gathering qualitative
data through semi-structured interviews. The depth of insights gained from a sample relies
more on analytical skills than on sample size. Although no specific guidelines exist for sample
size, recommendations typically suggest a minimum of five to 25 participants for semi-
structured interviews. The number of respondents also depends on when the researchers feel
satisfied with the data and a saturation in the collected data has been achieved (Bell et al.,
2022). In this thesis, the total sample size comprised to ten respondents and after the tenth
interview, the researchers felt that a saturation in the data was achieved. Details including their
organization's size, interview dates and times, and interview durations are presented in Table
2.

Table 2: Description of interviews and firm size

Respondent | Firm Size | Date of Interview | Time of interview | Length of interview
R1 Medium 2024-02-20 14:00 46 min
R2 Large 2024-03-01 10:00 37 min
R3 Small 2024-03-06 14:00 39 min
R4 Medium 2024-03-21 14:00 49 min
R5 Small 2024-03-07 10:00 45 min
R6 Large 2024-03-18 11:00 36 min
R7 Large 2024-03-12 15:00 47 min
R8 Small 2024-03-07 15:00 51 min
R9 Large 2024-03-11 14:00 44 min
R10 Large 2024-04-03 10:00 60 min

Table 3 below provides an anonymized description of the respondents’ companies. This is
intended to give the reader a clearer understanding of the types of companies where the
consultants are employed.

21



Master Thesis Spring 2024

Table 3: Description of respondents’ companies

Respondent Description
R1 A Nordic service company that specializes in management issues. The
company currently employs around 100 employees.
R2 A multinational company operating in professional auditing and consulting

services. With over 350,000 employees, the company operates globally. In
Sweden, the company employs approximately 3,000 people.
R3 A Swedish company specializing in innovation, industrial product
development, and tech startups. The company employs approximately 60
employees and has offices in three locations in Sweden.

R4 A Nordic management and IT consulting firm founded in Sweden. The
company employs over 600 staff in the Nordic region.
RS A multinational company specializing in three specific areas: financial

auditing, tax advisory, and consulting. The company employs
approximately 265,000 employees worldwide and around 1,650 employees
in Sweden.
R6 A European consulting, technology, and data company with offices in
various locations in Europe, including Sweden. The company employs
over 1700 people across Europe.
R7 A multinational company operating in professional auditing, tax advisory,
and consultancy services. The company employs 400,000 employees
worldwide and approximately 3,000 employees in Sweden.

R8 A Swedish company specializing in innovation, industrial product
development, and tech startups. The company employs approximately 60
employees and has offices in three locations in Sweden.

R9 A multinational company specializing in auditing, financial and risk
advisory, and consulting services. The company employs over 450,000
employees in 150 countries. In Sweden, the company employs
approximately 2,000 employees.

R10 A multinational management and IT consulting company. The company

employs more than 350,000 people in over 50 countries. In Sweden, the
company employs around 2,800 employees.

3.3.2.2 Interview guide

The interview guide serves as a concise list of topics to cover during the interview, featuring
the primary interview questions. Given that the interviews are structured as semi-structured,
the interview guide ensures that the main questions are addressed, however, additional
questions may arise based on the respondents’ responses, including follow-up questions.
These follow-up questions aim to clarify and delve further into various topics discussed
during the interview, with variations across interviews (Saunders, 2019). The primary
interview questions were crafted to align with the themes discussed in the literature
framework presented in Chapter 2 of the report (Bell et al., 2022).

The interview guide commences with introductory questions designed to gather background
information about the respondent. Subsequently, respondents are invited to share their

22



Maneuvering the Al Frontier

perspectives on the frequency of their use of generative language models and provide
examples of instances where they employ this tool. Following this, questions about the
integration of Al within their organization are posed to divine their perceptions of the current
impact of generative language models in the industry. Subsequent inquiries delve into the
training and adoption of generative Al, seeking insights into whether and how their
organization educates employees and identifies crucial skills for effective utilization of this
technology. Ethical considerations are then explored, aiming to uncover challenges associated
with implementation and reactions within the industry towards generative language models.
Finally, questions regarding future impact and trends are addressed, aiming to anticipate
emerging applications, requisite skills, and the potential future role of generative language
models. The interview guide is informed by secondary data collection and includes questions
deemed appropriate for adequately addressing the research questions. The interview guide is
presented in Appendix 1.

3.3.2.3 Pilot study

Conducting a pilot study in a qualitative interview research project is like testing the waters
before diving into the deep end. It's about laying the groundwork, refining the methods, and
ensuring everything runs smoothly before the main study kicks off (Shakir and Rahman, 2022).
As one of the crucial parts of the research study revolves around the interview questions, a pilot
study was conducted, as they’re the backbone of the qualitative data collection, guiding
conversations and shaping the narrative. During the pilot study, the focus was on testing the
interview questions that were crafted to align with the research objective. The questions serve
as an important part of the data collection.

Designing the research questions requires careful consideration. Researchers need to craft
questions that are clear, relevant, and aligned with the study's objectives. These questions serve
as a roadmap for the interviews, guiding both the interviewer and the participants through the
discussion (Bell et al, 2022). Following the drafting of questions, the pilot study presents an
opportunity to assess their effectiveness. Researchers aim to evaluate whether the questions
prompt the desired type of responses, if they are easily understood by participants, and if there
are any ambiguities or biases that require attention. Through observing participant responses
and interactions with the questions, researchers can refine them to ensure they yield
comprehensive and pertinent data. Additionally, the pilot study enables researchers to evaluate
the flow and structure of the interview. It is essential for researchers to keenly observe interview
dynamics, identifying instances where discussions deviate or stagnate. This observation aids in
refining the interview protocol and fostering natural and productive interactions (Shakir and
Rahman, 2022).

A pilot study is also a valuable opportunity to assess the length and depth of the interviews. By
conducting the pilot study researchers can validate if the interview questions are too numerous,
leading to fatigue or disengagement, or on the other hand, too sparse, leaving important topics
unexplored. By striking the right balance, researchers can ensure that the interviews yield
sufficient data without overwhelming participants or compromising the quality of the
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responses. Throughout the pilot study, researchers need to maintain a reflexive stance,
constantly evaluating and adapting the interview questions based on observation and insights.
This iterative process fosters continuous improvement, enhancing the robustness and validity
of the researchers’ findings. (Kim, 2010)

Engaging with the respondent involved in the pilot study regarding the questions, their input
on each question, and inquiring about any overlooked aspects can lead to the emergence of
intriguing new inquiries while eliminating those not aligned with the research topic. The pilot
study encompassed an "Open-End Inquiry" session wherein open-ended questions were
posed to encourage the respondent to freely express their thoughts and experiences.
Following this initial phase, researchers may delve deeper into specific aspects of the
interview, addressing queries about question clarity, conversational flow, or any encountered
challenges. Researchers should actively seek feedback, particularly on the interview
questions themselves, prompting respondents to reflect on the relevance, comprehensibility,
and depth of the questions posed. This feedback serves as a valuable tool for pinpointing any
ambiguities or biases in the questions and refining them for the main study. Through this
interactive exchange, researchers gain valuable insights into the interview process from the
participant's viewpoint, uncovering unexpected nuances or perspectives that may necessitate
adjustments to the interview protocol (Kim, 2010). Additionally, participant feedback can
illuminate potential enhancements or modifications required to augment the quality and
efficacy of the data collection process. These insights play a pivotal role in honing the
research approach and ensuring the seamless progression of the main study (Shakir and
Rahman, 2022).

In summary, the pilot study played a pivotal role in the thesis research, serving as a
foundation for the qualitative data collection. By systematically testing and refining the
interview questions, the groundwork was laid for a successful main study, ensuring that the
research objectives could be achieved with clarity and precision.

3.3.2.4 Conducting the interviews

Ten semi-structured interviews were conducted as a part of the research project. Prior to the
interviews, participants were contacted via email, where the authors outlined the thesis topic
and purpose, along with practical details such as interview timing, suggested software
(Microsoft Teams), and preferred interview times. Due to geographical distances, all interviews
were conducted via a digital video call. This approach facilitated the scheduling and
accommodating of the limited time respondents have in their day-to-day work. While concerns
about decreased interview quality due to video conferring exist, evidence suggests otherwise
(Bell et al., 2022). However, potential technological glitches and variations of software quality
were acknowledged as limitations. Additionally, the absence of physical presence in video calls
could affect participants' engagement. Thus, though given the circumstances, it was a necessary
compromise. Interviews were conducted in Swedish, the narrative language of both researchers
and participants, to minimize misunderstandings. The initial minutes of each interview focused
on establishing trust and project credibility, emphasizing anonymity, transcription
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confirmation after the interview, and recording consent. All participants agreed to record and
transcribe through the software Microsoft Teams, ensuring comprehensive data capture
alongside note-taking. While concerns about information withholding and distraction due to
recording existed, the absence of physical recording devices mitigated these issues. Post-
interview, transcriptions were checked and corrected to remove names or detailed data of the
company. The transcript was later translated and sent to the participants to confirm that it was
their words used in the report and to reduce the risk of losing context when translating from
Swedish to English. The transcription was then summarized in a spreadsheet where each
answer to the questions was compiled in a sheet for easier analyze and coding.

3.4 Data Analysis

The analysis of data collected in this research has been meticulous and methodically designed
to derive meaningful insights into the utilization of generative language models in
management consulting (Saunders, 2019). The chosen analysis method was thematic
analysis, an approach widely acknowledged for its efficacy in handling qualitative data,
especially when dealing with large and diverse datasets. The thematic analysis was selected
due to its versatility and applicability in distilling extensive qualitative information into
meaningful patterns and themes. The method allows for the exploration of rich textual data
by systematically identifying and organizing recurring concepts, providing a structured
framework for interpretation (Bell et al., 2022).

Given the diverse nature of data expected from the interviews, a thematic analysis aligns with
the complexity of the research objectives. This method enables a nuanced exploration of the
multifaceted aspects of how management consulting firms integrate generative language
models powered by Al. By employing a thematic analysis, the aim is to uncover patterns,
trends, and underlying meaning within the collected data, ensuring a comprehensive
understanding of current practices and future implications. The thematic analysis commenced
with coding, a process where segments of data are labeled with descriptive codes. The initial
coding phase involved systematically tagging elements such as repatriation, similarities, and
differences in the dataset. This coding process serves as the foundation for identifying first-
order concepts, facilitating a structured analysis of the diverse and voluminous data. (Ryan &
Bernard, 2023)

Building on the coded data, the analysis continued to the identification and refinement of
themes. Codes were grouped into overarching themes, allowing for a deeper exploration of
the various dimensions of how management consultant firms leverage generative language
models. This iterative process ensures the emergence of meaningful patterns and insights
(Bell et al., 2022). In essence, the chosen thematic analysis method serves as a robust and
flexible tool to decipher the complexities embedded in our qualitative data. By systematically
organizing and interpreting the data, this approach aligns seamlessly with the research
objectives and ensures a comprehensive exploration of the multifaceted relationship between
management consulting and generative language models. An example of the thematic
analysis is illustrated in Appendix 2.
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In the empirical findings chapter, quotes from respondents are frequently used to highlight
and emphasize their messages. Since the entire thesis is written in English, it was decided to
present these quotes in English as well, ensuring uniformity and making it easier for non-
Swedish readers, even though the original quotes were in Swedish.

3.5 Quality Criteria

When applied to qualitative studies in the field of business research, conventional benchmarks
like validity and reliability frequently present difficulties (Bell et al., 2022). The fluid and
context-dependent nature of social settings make it difficult to freeze and generalize findings.
Therefore, other standards are necessary to maintain the standard of qualitative research
projects. The alternative benchmarks put forth by Bell et al. (2022), which emphasize reliability
and authenticity, are followed by this thesis. These standards, which are further divided into
credibility, transferability, dependability, and conformability, provide strong safeguards for the
accuracy and applicability of qualitative research.

3.5.1 Trustworthiness

Four essential factors are considered when evaluating a qualitative study's trustworthiness:
confirmability, dependability, credibility, and transferability (Shenton, 2004). The subsequent
sections go into more detail about how these topics have been covered in this thesis.

3.5.1.1 Transferability

Transferability, serving as an alternative for external validity, concerns the extent to which the
findings of a study can be applied to other contexts or studies (Bell et al., 2022). However,
achieving transferability in qualitative research poses challenges compared to the more
straightforward process in quantitative studies (Shenton, 2004). Quantitative studies, after
targeting broad concepts, lend themselves more readily to generalization. Conversely,
qualitative studies, with their focus on understanding social phenomena through smaller
samples, present limitations in terms of transferability. The empirical findings in a qualitative
study and semi-structured interviews are often context-specific and may not apply to other
situations or populations (Bell et al., 2022).

While quantitative studies offer a relatively straightforward path to achieving transferability by
targeting broad concepts and facilitating generalization, qualitative research faces distinct
challenges in this regard. Qualitative studies, which focus on understanding social phenomena
through smaller samples, inherently encounter limitations in transferability. The empirical
findings derived from qualitative research, including those obtained through semi-structured
interviews, tend to be context-specific and may not readily extend to other situations or
populations.
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3.5.1.2 Credibility

This alternative criterion, credibility, serves as a counterpart to internal validity, focusing on
ensuring the truthfulness and reliability of the study's findings (Bell et al., 2022). Given the
inherent diversity of interpretations and perspectives within social contexts, adhering to best
practices becomes paramount. This involves presenting empirical findings to study
participants to validate alignment with their perspectives. Establishing credibility commences
with a comprehensive understanding of the concepts and participants involved. Thus, the
authors initiated dialogues with participants early on, elucidating the motives and objectives
of the interviews. Participants were given the freedom to decline participation at any stage,
ensuring that only motivated individuals contributed to the empirical findings, thereby
enhancing credibility (Shenton, 2004). Moreover, emphasizing during interviews that there
are no absolute right or wrong answers further bolsters credibility. The utilization of a semi-
structured interview approach facilitated iterative interviews for comparative analysis (Bell et
al., 2022). The selection of interviewees based on criteria aligned with the study's objectives
also enhances credibility. Lastly, credibility is reinforced through the use of diverse data
sources, encompassing both primary and secondary data (Bell et al., 2022). Accordingly,
respondents were sourced from various organizations and held diverse roles within those
entities. Additionally, a breadth of datasets was employed for the systematic literature review
to ensure transparency and credibility in utilizing secondary data.

3.5.1.3 Dependability

Dependability, serving as a counterpart to reliability in quantitative studies, holds significant
importance in cultivating trustworthiness within qualitative research (Shenton, 2004).
Guaranteeing dependability involves meticulously documenting all decisions made throughout
the research journey, encompassing interview transcriptions and data analysis methodologies.
Comprehensive inclusion of details such as research design, execution, data collection
procedures, and analysis techniques is imperative to ensure dependability (Bell et al., 2022).

In chapter 3 of the thesis, the research process is meticulously documented. This includes
discussions such as the research design and its implications, the data collection process, and
the criteria for assessing design data quality. By providing this comprehensive overview, the
thesis enhances its dependability, facilitating a deeper understanding of its methodology.
Interviews have been transcribed to ensure dependability and the outcomes of the thematic
analysis are presented in Appendix 2.

3.5.1.4 Confirmability

Confirmability, an integral component of quality criteria, emphasizes the need to prevent
authors from imposing personal values and to operate with integrity (Bell et al., 2022). As such,
confirmability closely aligns with the concept of objectivity. Acknowledging that human
researchers may introduce biases, it becomes imperative to take steps to maintain objectivity.
Bell et al. propose that employing diverse sources for both primary and secondary data
collection enhances research objectivity. Additionally, transparency plays a key role in
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documenting the decisions made throughout the research process and providing justification
for these decisions (Bell et al., 2022). Therefore, by comprehensively detailing the choices
made during the research journey, the authors of this study aimed to uphold objectivity and
demonstrate good faith.

The formulation of interview questions was based on insights gathered from secondary data
obtained through literature review. Additionally, the interviews were structured to allow
interviewees to freely express their perspectives on the topic. Furthermore, the interview
questions were crafted as an open-end and non-leading to enhance the objectivity of the study.
These efforts were undertaken to foster an objective approach throughout the research
endeavor.

3.5.2 Authenticity

The authenticity criterion delves into the naturalistic aspect, while trustworthiness centers on
the research methodology (Bell et al., 2022). Ensuring robustness in research involves
incorporating fairness and various facets of authenticity. It's crucial for participants in the study
to engage willingly and for a trusting rapport to be established between respondents and the
authors. As noted earlier, interviewees were given the freedom to disengage at any stage of the
research process, contributing to both credibility and authenticity. By transparently
communicating the purpose of the interviews from the outset and providing the option to
withdraw, a foundation of trust was cultivated. Moreover, detailing the methodology,
transcribing interviews, and allowing respondents to freely articulate their perspectives on the
topic further enhances authenticity (Bell et al., 2022).
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4.0 Empirical Findings

This chapter of the thesis unveils the empirical findings derived from the primary data
collection, which involved conducting semi-structured interviews. The findings are structured
around four main themes, with the first three themes aimed at investigating the initial research
question. The first theme delves into the utilization of generative language models, exploring
aspects such as usage frequency, different applications, and variations in usage across age
groups. The second theme addresses the findings related to training and adoption, focusing on
discussions about training methods and the integration of generative Al tools. The third theme
highlights the challenges associated with Al integration, encompassing both perceived
challenges from consultants and their clients. Finally, the fourth theme examines future trends,
serving to address the second research question.

4.1 Usage of Generative Language Models

The initial part of the interviews was concerning the usage of generative language models in
their work today. The frequency of the usage and examples of how they use these tools was
discussed, together with the different applications where they use generative language tools.
The answers collected regarding these two topics are presented in the following headings, 4.1.1
and 4.1.2.

4.1.1 Frequency
The frequency of each of the respondents' usage is showcased in Table 4 below.

Table 4: Frequency of usage by respondents

8
7
R9
]
5 —_—
R7
]
3
R5 R10
N
1
R1 R3
0 -
Daily Weekly Do Not Use

Table 4 below shows a description of the categories in the different columns of Table 3.
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Table 5: Clarification of intervals in Table 3

Daily Use Generative
Language Models every
day in Their work

Weekly Use Generative
Language Models three
or 3-4 times a week

Do Not Use | Do not use Generative
Language at all

Table 4 presents empirical findings regarding the frequency of usage of generative language
models among respondents. Each row represents a different respondent, and the columns
indicate whether they use generative language models daily, weekly, or not at all. The columns
are also described in Table 5.

Table 4 illustrates the distribution of usage frequency among the respondents. Notably, it is
evident that the majority of respondents (R1, R2, R5, R6, R7, R8, R9) utilize generative
language models on a daily basis, whereas others (R3, R4, R10) employ them weekly. None
of the respondents reported abstaining from the use of generative language models.

Respondent R1 is one of the respondents who use generative language models in their daily
work and are familiar with the technology since their time in school. Both R1, R3 and R9
explained that they have first encountered this type of Al technology from school and have
implemented it in their work.

"I am quite familiar with it since | have used it a lot in school, a great tool.” — R1

During the interviews, it became clear that generative language models are used daily in the
respondent’s workflow routines. The quotes below provides insight in the habitual nature of
interaction with generative models among the respondents. Out of the respondents that use the
Al tool daily, some of them always have a tab open with either ChatGPT or equivalent.

“I am very familiar with Al and generative language models since | work with them almost
daily in some form.” — R2
“It is always open as a tab in my web browser...” —R5
“It has become like having a knowledgeable senior colleague constantly by your side. ” — R8
“I use it daily in my work, primarily as a virtual assistant.” — R9

The below quote from Respondent R10 reflects the respondent’s consistent engagement with

generative language models, suggesting a frequent integration into their routine despite not
using it daily. Other respondents (R3, R4, R7) have also described that they have a moderate
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level of usage of generative language models, without specifying a precise frequency or extent
of usage.

“I use it almost daily, at least on a weekly basis.” — R10

Respondent R3 on the questions about usage, clearly states that the tool is used but not on a
regular basis, highlighting the spectrum of usage behaviors within the study population.

“Yes, to some extent.” — R3

4.1.2 Age Difference

Another intriguing observation concerning the utilization of generative Al models in the
consulting industry pertains to the perceived variance in usage across different age groups.
Most respondents noted that, typically, younger staff members exhibit a greater preference
towards employing generative Al compared to their more senior counterparts. Respondents R1
and R5 attribute this trend to the fact that younger employees have recently completed their
education, during which many encounter ChatGPT for the first time. Upon discovering the
utility of generative Al tools in academia, it often becomes a seamless transition to integrating
them into their subsequent professional career.

“Generally, younger employees who have recently graduated tend to use it more than older
employees.” —R5

Three respondents (R2, R4, R9) attribute younger employees' propensity to utilize generative
language models to their receptiveness to new technology and their general willingness to adopt
novel approaches to work. These respondents suggest that this openness to innovative
methodologies fosters the integration of generative Al into their work practices.

“I can also see a difference in the use of generative Al at my company, where I feel that
younger people have embraced it to a greater extent than older individuals.” — R9

4.1.3 Applications

The initial phase of the interviews also treated the different applications where the respondents
use generative language models in their work today. Answering the question, “can you provide
concrete examples of when generative language models, such as ChatGPT, facilitate your
work?”
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Table 6: Application for generative Al according to respondents

Respondent Refining . source ?f Summarize text Extraction of Inspiration
Language information data

R1 X X X X
R2 X

R3 X X

R4 X X X
R5 X X X X
R6 X X
R7 X X X X
R8 X X X X X
R9 X X X
R10 X X X

Table 6 presents the findings regarding the various ways in which respondents utilize
generative language models to facilitate their work. Each row corresponds to a different
respondent, while the columns represent specific tasks or functions for which generative
language models are employed. “Refining Language” indicates whether respondents use
generative language models to refine language in their work, such as improving writing quality
or clarity. “Source of information” reflects whether the respondents use the tool to obtain or
gather data from various sources, while “Summarize text” shows if they utilize generative
language models to generate summaries of lengthy text or documents. “Extraction of Data"
indicates whether respondents utilize the tool to extract specific data or information from text
or documents, and “Inspiration” reflects if the respondents use generative language models to
generate ideas or find inspiration for their work.

Table 6 reveals the varied applications of generative language models as reported by the
respondents. Nearly all respondents (R1, R3, R4, R5, R6, R7, R8, R9, R10) utilize these models
to refine language, demonstrating their efficacy in improving the quality and coherence of
written content. Additionally, they employ them to tailor their texts to better suit the intended
recipient, whether it be a client or customer.

“It is proficient in formulating and preparing texts, particularly in English.” — R1
“Primarily when communicating with people in English to double-check the grammar and
sentence structure in my text.” —R5

Others, such as respondents R1, R4, R5, R7, R8, and R10, rely on the tool as a valuable source
of information, highlighting its role in gathering data and acquiring knowledge from diverse
sources.

32



Maneuvering the Al Frontier

"Since | work with many technical terms, there are occasions where | need a quick
understanding of certain terms, and | find ChatGPT to be a useful tool for gaining insight." —
R4
“Also functions as a powerful Google because you can ask questions and get very good
summaries on topics of interest. Compared to Google, where you need to search around for a
while to find relevant information, with ChatGPT, you get relevant answers directly, and it's
much faster.” — R8

Furthermore, the ability to condense lengthy texts into concise summaries is evident among
respondents R1, R2, R3, R5, R7, and R8, demonstrating its utility in summarizing information
effectively. Respondents R1 and R3 discussed the tool's ability to summarize meeting notes,
while respondents R7 and R8 use it to highlight headings and find synergies in a text they have
written or notes they have taken.

"Concrete examples of how generative Al facilitates my work could be summarizing meeting
notes in a more efficient way." — R2
“For example, to summarize things in a more official manner and to get clearer explanations
of certain concepts or alternative wordings.” — R3

An application not that frequently used among the respondents is generative language models’
ability to extract data from different documents or PDFs. Only 2 respondents (R8 and R9) used
the application of extracting data. Respondent R9 describes that they use generative Al to
extract data from PDF files, and mentioned that this probably is a bit further than many others
in the industry. Stating that this tool and functionality of generative language models is fairly
new and not that many have started working with this tool yet. It should also be mentioned that
many of the respondents talked about applications in the future when asked to give examples
of when they use generative language models in their work. Many of them told that they have
heard about the function of extracting data and that it can be an efficient tool when creating
PowerPoint slides but have not yet explored these functions. However, mentioning that it
probably will have the ability to use these tools in the near future.

Respondent R10 describes that there is a potential for using generative Al tools to create
presentations and reports but are not using this application today.

“I also see the potential of using generative Al tools to search for and compile information,
as well as to create presentations and reports.” — R10

Moreover, respondents R1, R4, R5, R6, R7, R8, R9, and R10 use generative language models
as a source of inspiration, highlighting its role in generating ideas and fostering creativity in
their work. Respondents R1, R4, R6, R9 and R10 all described the models as tools they can
brainstorm ideas with, helping them to get inspiration and inputs on different topics and in
different projects. Respondents R1 and R10 also mentioned that they can get feedback on ideas
and inputs directly instead of waiting for a colleague to check the texts and ideas for their input.
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"Generative Al facilitates and reduces lead times a lot because you can get feedback
immediately instead of maybe having to wait for a colleague to read and comment on what
you have written." — R1
“Instead of starting from scratch, I can use generative Al features to generate drafts or text
proposals.” —R10

The quote from Respondent R1 describes the phenomena of generative language giving direct
feedback and by that reducing the lead times for generating inspiration. Moreover, R10
discusses that generative language models are a good way of cutting time and getting help with
ideas and inspiration for internal newsletters and texts. Instead of starting from scratch R10
uses inspiration generated from generative Al tools to get started and then fine-tune the text.

Respondent R8 mentioned that generative language models function as a tool for bouncing
ideas with and getting help with inspiration on different subjects.

“I primarily use it as an artificial colleague and as a support function.” — R8

Table 6 delineates the multifarious applications of generative language models as reported by
respondents within their individual professional contexts. Predominantly, the refinement of
language emerges as the primary application, a trend observed among a majority of
respondents. Notably, refinement of language finds application across the board, with only one
respondent deviating from this pattern. After the foremost application, the second most
prevalent function, inspiration, garners notable usage, being employed by all respondents
except for two (R2 and R3). This indicates a widespread inclination among respondents to
utilize generative language models not only for linguistic refinement but also as a catalyst for
creative ideation and concept generation.

Remarkably, respondent R2 exclusively employs generative language models for one
application, specifically to summarize text. Contrarily, the majority of respondents utilize
generative language models across three or more applications, with exceptions noted for R2,
R5, and R6. Notably, respondent R8 stands out as the sole individual who mentions the
utilization of generative language models across all five different applications. Alongside
respondents R1 and R7, who utilize generative language models across multiple applications,
they represent the group most inclined to employ generative language models across various
types of applications.

4.2 Incorporation of Generative Al

In the second part of the interview, there was a deeper exploration of the participants'
experiences with the training provided within their organization. The objective was to gain a
thorough understanding of how this training program was perceived and utilized by
employees. Additionally, insights were sought into how the organization integrates generative
Al technologies into its operations. This phase of the interview aimed to uncover not only the
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effectiveness of the training initiatives but also the organization's level of adoption and
utilization of advanced Al capabilities. Lastly, the interview delved into how efficiency is
measured within organizations to comprehend the potential impact of generative Al on this
aspect.

4.2.1 Data Integrity and Security Training

In Table 7 the training in the organizations is visualized. Three different types of training were
identified in the interviews: Al Integration Training, Al Security Training, and General
Security Training. The former can be described as training in Al specifically focusing on how
to implement generative Al in the management consulting processes and how to best utilize
the tool at hand. Examples of this type of training could be internal workshops with other
employees or courses offered by the company. The Al Security Training is a training provided
by the organization focusing on the necessary security around generative Al, focusing on how
to use the tool safely. In contrast, the General Security Training can be best described as general
training provided by the organization that focuses on how to handle sensitive client
information. The general security training also involves guidelines from the company that state
how employees should handle confidential information.

Table 7: Type of training acquired by respondents

Al Integration . . . General

Respondent Training Al Security Training Sec.utzlty

Training
R1 X
R2 X
R3 X
R4 X
R5 X
R6 X X
R7 X X X
R8 X
R9 X X
R10 X X X

During the interviews, it became evident that the level of training in generative Al among the
surveyed consultants is relatively low. Only three respondents (R6, R7, R10) reported receiving
Al Integration Training, and three out of ten (R7, R9, R10) stated they underwent Al Security
Training. However, all respondents confirmed receiving some form of General Security
Training. This type of training appears to be prevalent in the Management Consulting industry,
given the frequent need to handle client information securely. Respondent R2 explains:

“We handle a lot of company secrets, so you quickly learn how to deal with them.” — R2
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Several of the respondents (R1, R4, R5) expressed that they wish to have more Al training,
regarding both security and integration in their work processes. If they received this training,
they would be better equipped to use generative Al in their work processes.

“We have mostly had general discussions about the potential of generative Al, but nothing
more concrete than that. | find that the information from management has been somewhat
lacking when it comes to generative Al, considering that it can affect us so much. ” — R7

Even though the level of training in generative Al among the respondents was relatively low,
the ambition among many companies to educate their employees exists. When asked the
follow-up question if they have any planned Al training in the near future, Respondent R8
stated the below:

“Not yet, but we are looking to conduct some training in the near future.” — R8

4.2.2 Al Tools in the Organization

The interview also examined the extent to which organizations have integrated Al into their
operations, where three distinct levels of implementation were identified. These levels are
presented in Table 8 below. Additionally, exploring whether the company promotes the
utilization of generative Al is of particular interest. Therefore, this aspect is also outlined in the
table below.

Table 8: Generative Al tools in the respondents’ organizations

Access to external Al No Al tool Encouraged by the
Respondent | Own Al Tool tool t.:y tl:\e e Management
Organization

R1 X X

R2 X

R3 X

R4 X

R5 X X

R6 X X

R7 X X

R8 X X

R9 X

R10 X X

Four of the interviewed respondents’ (R2, R5, R7, R9) firms have developed their own
generative Al tool which should be better fitted to their organization. During the interviews, it
became apparent that all of the Al tools that the different companies have developed are based
on ChatGPT. The main reason why the organizations have implemented their own Al tool is
to make sure the data that is inputted in the Al tool stays in the organization as Respondent R7
explains:

36



Maneuvering the Al Frontier

"The advantage is knowing that the data remains internal and does not go to an external
entity like OpenAl, for example." — R7

Only one respondent (R6) worked in an organization where generative Al were provided by
the company. In this case, the organization paid for OpenAl’s generative Al tool ChatGPT Plus
for every employee which they also were encouraged to use in their consulting processes.

“The company pays for the premium version of ChatGPT-4, which we are encouraged to
use.” —R6

Moreover, a subset of participants (R1, R3, R4, R8) indicated the absence of an Al tool within
their organizational framework. Despite the official non-integration of Al tools by
management, several respondents reported regular utilization of such technology in their daily
routines (R1, R9). Among those where no Al tool had been integrated, the preferred choice
among respondents was the free version of OpenAl’s ChatGPT (ChatGPT 3.5).

"Currently, the majority of us use the free version of ChatGPT." — R4

In organizations where Al tools had not been integrated, a distinct ambition to explore the
potential of Al integration was evident. Certain respondents, such as R1, R3, and R4,
underscored their active consideration of such possibilities, indicating that it is either under
scrutiny or in the developmental stages. Respondent R8 elaborated on their intensive
exploration, expressing plans to recruit new talent specifically to facilitate the integration of
generative Al within the organization.

“The idea is also that in the near future, we will hire a person who will become our Al
manager to introduce it more into the organization.” — R8

Table 8 also displays whether the management encourages the use of generative Al tools in the
consulting processes. The encouragement appears in different forms such as workshops within
the organizations or as in respondent R5’s case, where the immediate supervisor encouraged
the respondent to use ChatGPT for inspiration.

“I have been encouraged by my immediate supervisor to use ChatGPT when I needed
inspiration on a project | was working on.” — R5

The majority of the respondents felt like they had been encouraged by the management to use

a generative Al tool in their work processes, whereas only respondents R4 and R9 felt like they
had never been encouraged to use it.
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4.2.3 Efficiency in the Organization

The interview touched upon the subject of efficiency and how it is measured in the
respondents’ organizations. The reason behind this was to understand how the view on
efficiency could shift with the introduction of generative Al.

Based on insights gathered from the interviews, it appears that most respondents (R2, R4, R5,
R6, R7, R9, R10) employ time-related metrics to gauge the efficiency of consultants. A
common measure of efficiency involves tracking billable hours per consultant, requiring that
the number of billable hours exceeds a specified threshold. Another commonly used and
closely related metric is consultant utilization, which assesses the proportion of consultants
deployed across various projects with clients. As explained by respondent R5:

“We have certain goals for how much time we should spend with clients and how many
billable hours we should have.” — R5

Respondents R1, R2, R3, R4, R7, R10 also assess customer satisfaction levels, which can be
indicative of efficiency. Increased customer satisfaction often correlates with a higher
likelihood of repeat business from those customers. High levels of customer satisfaction
typically signal that the organization is effectively meeting customer needs.

The interview then shifted toward the potential impact of implementing generative Al on the
perception of efficiency within the organization. Some respondents expressed the belief that
while the metrics used to gauge efficiency may remain unchanged, there would be elevated
expectations from managers regarding efficiency. Respondent R9 declares that they
anticipate being tasked with accomplishing more within the same time frame if the
integration of generative Al proves successful in their organizations.

“I believe that if the implementation of Al is successful in our company and we manage to get
rid of many monotonous work processes, we will be expected to do more in less time.” — R9

4.3 Challenges

The subsequent segment of the interview centered around the perceived challenges associated
with integrating Al. It involved exploring these challenges from two perspectives: first, from
the viewpoint of the consultants themselves, and second, by delving into the perspectives of
their clients.

4.3.1 Integration

This segment of the interview focused on the different challenges encountered when using and
implementing generative Al models in the consulting process. Several challenges were
observed during the interviews with the respondents. These challenges are displayed in Table
9, and the characteristics of the different challenges will be explained below.
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Table 9: Challenges related to generative Al integration according to the respondents

Data Client

Respondent AT Quality-check | Credibility | Understanding Trust Legal

R1 X

R2

R3

R4

R5

X | X || X X

R6

XX | X[ X| X[ X| X

R7

R8

R9

X X[ X X X[ X[ X|X|X| X

R10

All participants experienced a common challenge when utilizing generative Al tools: the
necessity to consistently quality-check the output generated by the Al language models. Many
underscored that they never blindly trust Al-generated content, stressing the importance of
verifying its quality. Despite consistent acknowledgment of the need for rigorous quality
checks, certain respondents (R5, R7, R9) highlighted the efficiency gained from employing
such tools for text generation.

The majority of the respondents emphasized that data security posed a significant challenge in
integrating generative Al into their work processes. In fact, all but respondents R2 and R8
identified data security as a concern with generative Al. During discussions on data security,
many respondents highlighted the risks associated with generated content and stressed the need
for caution when dealing with sensitive data on public, cloud-based platforms. Respondent R4
articulated the following regarding data security:

"If you're going to introduce an Al tool into the consulting process, you must be entirely sure
where the data ends up and how it's used." — R4

Although there was a general consensus about data security being a challenge, respondent R8
had a different point of view. This respondent comprehended the concerns regarding data
security and generative Al but explained that there are much bigger wins with using generative
Al than losses of potentially sharing some data.

“I think it is better to give away a little information that someone else might take than to sit
and ponder and twist things around and become slow instead. It’s better to exploit this

boundlessly useful tool to quickly arrive at a good design or innovation.” — R8

The credibility of information generated by generative Al was also a topic of discussion raised
by many respondents as a challenge. Several respondents expressed their difficulties in trusting
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the information generated by generative Al, with some going further by consistently fact-
checking the output from Al tools (R4, R5, R6, R9).

"l always quality-assure the information generated by ChatGPT by comparing it with other
sources to ensure the information isn't biased or skewed." — R4
“I never use ChatGPT as my sole source of information.” — RS

While the credibility of the information generated by generative Al remains a challenge,
respondent R8 elaborates on their approach, utilizing it to streamline the information-gathering
process while mitigating the risk of encountering faulty or biased information.

“I don't trust everything that ChatGPT generates, but I think it works very well for the
purposes | use it for.” — R8

Respondents R2, R3, and R7 highlighted a common challenge related to understanding how
various generative Al tools operate. They emphasized that without a clear understanding of the
mechanics of machine learning and how to provide optimal prompts, users may struggle to
effectively utilize these tools. This lack of understanding can result in inefficiency, as users
may not fully grasp how to leverage the capabilities of generative Al to their advantage.

"One must understand what generative Al is and what it is not." — R2

During one interview, a respondent expressed concerns about customers losing confidence in
the company and its operations upon discovering the adoption of generative Al in their
workflows. R5 elaborated that the management consulting industry places great emphasis on
trust and robust relationships between consulting firms and their clients. Any shortcomings in
communicating the integration of generative Al within the consulting organization to
customers could potentially undermine this trust.

“There is a risk that customers may have less confidence in us if they learn that we use
generative Al in our work processes.” — R5

Respondent R10 addressed the hurdles stemming from the lack of adequate guidance or
legislation surrounding generative Al. They emphasized the potential hazards posed by rapid
advancements in the field, warning that without corresponding regulatory frameworks, future
developments could pose significant risks.

"Currently, there is not enough guidance or legislation in this area, and the industry has been
advancing faster than regulations can adapt” — R10

4.3.2 Industry Reaction

During the interview, the reaction from customers were discussed to understand whether their
perspectives on implementing generative Al might pose challenges for management consulting
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companies. Most of the respondents (R1, R4, R5, R6, R7, R8, R9) have yet to receive any
feedback from their customers. Further discussion revealed that their companies have not
actively promoted the use of generative Al models in their work processes. According to R6,
this lack of promotion likely explains why they have not yet heard any reactions from
customers.

“The company doesn’t exactly advertise that we use ChatGPT in our internal processes ...
I’'m unsure how clients would react to that.” — R6

In contrast, respondents R2, R3, and R10 reported having received feedback from customers.
Respondent R2 noted a prevailing skepticism among Swedish corporate leaders regarding Al,
contrasting with international counterparts. For R3, customer reactions varied between interest
and skepticism. When faced with skepticism, there was a consensus among respondents on the
importance of effective communication to mitigate resistance and promote understanding and
acceptance. Respondent R10 reinforces this sentiment, emphasizing the potential for improved
communication to mitigate skepticism despite experiencing mixed reactions from customers.

"l would say that customers' reactions to the introduction of Al in consulting services vary,
but there is a general interest in understanding how Al can be used and how it can benefit
them." — R10

4.4 Future Trends

In the concluding segment of the interviews, participants were engaged in forward-looking
discussions regarding future trends within the management consulting industry, particularly
considering the integration of generative language models. These discussions aimed to
anticipate potential shifts and transformations that could occur because of emerging
technologies. The focal point of these discussions was the assessment of the anticipated impact
of generative language models on the industry's landscape. The insights gleaned from these
conversations are encapsulated in Table 10, which serves as a pivotal reference tool in
understanding participants' perspectives on this matter. Each respondent is distinguished by a
unique identifier, accompanied by their assessment of the expected impact, categorized as
either "BIG" or "SMALL". By examining the contents of Table 10, one can discern the varied
viewpoints held by respondents regarding the potential impact of generative language models
on the industry. These perspectives provide valuable insights into the spectrum of expectations
and predictions regarding the future trajectory of the management consulting sector in the
context of technological advancements. The table acts as a source of information, facilitating
deeper analysis and informed discussions on the potential implications of generative language
models for the industry's future landscape.
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Table 10: Future impact of generative Al in the industry

Respondent hl:';i(;tt:/n
R1 BIG
R2 BIG
R3 SMALL
R4 SMALL
R5 BIG
R6 BIG
R7 BIG
R8 BIG
R9 BIG

R10 BIG

A noteworthy trend discerned from the data is the prevailing perception among respondents
regarding the significant impact anticipated from the integration of generative language
models. This sentiment is particularly evident among the majority of respondents, as indicated
by their classification as "BIG." These individuals envision generative language models as
having a profound influence across various sectors within the industry, indicating a widespread
expectation of transformative changes driven by these technologies. Conversely, a smaller
subset of respondents, represented by R3 and R4, adopt a more cautious stance, categorized as
"SMALL." These respondents hold a more reserved outlook, anticipating a comparatively
lesser impact of generative language models on industry dynamics. While acknowledging the
presence of generative language models, they perceive their influence as more limited in scope
and magnitude. Despite recognizing the potential of these technologies, they express
skepticism regarding the extent to which they will reshape the industry landscape.

In Table 11, the empirical findings decode the responses of participants regarding future skills
requisite for proficient utilization of generative language models. Each row corresponds to an
individual participant labeled from R1 to R10, while each column denotes a specific skill or
competency. Social skills, denoting the ability to effectively communicate and engage with
others, emerged as a significant aspect. Participants expressed the importance of interpersonal
communication beyond mere technical proficiency, emphasizing the value of social interaction
in utilizing generative language models optimally. Critical thinking skills were also highlighted
by respondents as fundamental for engaging with and evaluating the validity of information
provided by Al systems. Technical proficiency was identified as a crucial criterion, assessing
participants' competence in navigating and leveraging the technical functionalities of Al
systems. Proficiency in technical skills ensures efficient interaction with the platform,
encompassing familiarity with commands, troubleshooting issues, and optimizing system
performance.

Data interpretation emerged as another essential skill, essential for effectively utilizing
generative language models. Proficient interpretation enables participants to extract relevant
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insights, discern patterns, and understand the implications of the content generated by Al
systems. Domain expertise was emphasized as participants' knowledge and understanding of
specific subject areas or industries relevant to the conversation. Individuals with domain
expertise contribute valuable insights, provide accurate information, and engage in more
meaningful discussions within their specialized domains. Continuous learning was recognized
as a critical criterion, evaluating participants' inclination and capacity for ongoing skill
development and knowledge acquisition. Given the dynamic nature of conversational Al
technology, prioritizing continuous learning facilitates adaptation to evolving features, updates,
and best practices, thereby enhancing proficiency over time.

These findings underscore the multifaceted nature of skills essential for effective utilization of
generative language models, encompassing social, cognitive, technical, and adaptive
competencies. They provide valuable insights into the factors influencing participants'
engagement with such Al technologies, informing strategies for skill development and training
initiatives.

Table 11: Future skillsets according to the respondents

Respondent Soc.ial Ct:itic.al Tec.hr.iical ' Data - Doma-in Contim.:ous
Skills | Thinking Proficiency interpretation | Expertise Learning

R1 X X X
R2 X X X
R3 X X
R4 X X X
R5 X X X X
R6 X X
R7 X X X
R8 X X X X
R9 X X X X

R10 X X X X X

Upon examining Table 11, which encapsulates the varied skill sets discussed during the
interviews, it becomes apparent that the majority of respondents identified technical
proficiency as a crucial skill to be acquired in the future. Remarkably, only Respondent R1
diverged from this consensus, highlighting the significance of other competencies instead. The
responses regarding the importance of different skills appear to be dispersed among the
participants. For instance, Respondent R1 emphasized the importance of social skills, data
interpretation, and domain expertise as essential competencies for the future.

“The social aspect and human contact will never change, it will always be a very important
part of our industry” — R1
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Respondent R1 asserted that social skills will retain consultants' paramount importance in the
future, even with the advent of generative language models. They emphasized the enduring
value of interpersonal communication amidst technological advancements.

In addition to highlighting technical proficiency, respondents R8 and R9 underscored the
significance of skills such as social skills, critical thinking, and continuous learning for the
future. They emphasized that these competencies will remain indispensable, offering insights
into their enduring relevance amidst evolving technological landscapes.

“Prompt effectively. Source criticism and being able to distinguish between what is true and
what is fabricated by ChatGPT” — R8
“I think knowledge of how to create prompts effectively will be an important skill.” — R9

Both respondents R8 and R9 emphasized the importance of effectively framing prompts and
interpreting the data generated by generative language models. They recognized the critical
role of these skills in maximizing the utility of such models.

Turning to respondent R2, critical thinking, technical proficiency, and data interpretation were
identified as essential skills for the future. This respondent underscored the necessity of these
competencies in navigating and making informed use of generative language models.

"I think critical thinking is very important to be able to use Al tools correctly. You must have
that as a foundation to navigate in this new landscape." — R2

Respondent R2 clearly describes that critical thinking is important in order to utilize generative
language models effectively.

Among the respondents, R3 stands out as the sole individual who highlighted only two
perspectives on future skill acquisition. While the majority emphasized technical proficiency,
R3 also emphasized the importance of domain expertise. This suggests that despite the vast
information accessible through generative language models, there remains a crucial need for
specialized knowledge in specific areas.

“Al tools pose a risk of replacing some current services, but consultants will still be needed
for specialized expertise.” — R3

Respondent R3 describes that in the long-term future some jobs will be replacing some current
services, but the respondents also indicate that you need the specialized competence. Following
the answers from respondent R3, R4 also discussed the skills of technical proficiency and
domain expertise, but also added continuous learning in the skill set required. Referring to
continuous learning respondent R4 discussed that you need to keep an open mind and keep
learning and utilize generative language models. Below quote from Respondent R4 shows that
it is not impossible that experience in Al models can be a requirement in order to secure a job
in the industry in the future.
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“Looking further ahead, it could even become a requirement to have experience in generative
Al to secure certain types of management consulting jobs.” — R4

The answers from R6 are similar to R3 where they both said that technical proficiency will be
important but, as mentioned above, R3 emphasized the skill of domain expertise while R6
described that the most important skill will be social skills in the future.

“Social competence remains crucial, especially as chatbots evolve, as they lack the
interpersonal skills humans offer.” — R6

Respondent R6 means that interpersonal skills cannot be substituted by generative language
models. Additionally, R6 also discusses the fact that it will take time to implement generative
language models effectively in the business but are sure that some tasks will be replaced by
these types of models.

“Similar competencies to those needed today will still be required in the future.“ — R5

Respondent R5 expressed the view that the skills needed to utilize generative language models
remain consistent both presently and in the foreseeable future. This includes critical thinking,
technical proficiency, data interpretation, and ongoing learning. Similarly, respondent R7
highlighted the significance of technical proficiency, domain expertise, and continuous
learning. Meanwhile, respondent R10 emphasized the importance of social skills, critical
thinking, technical proficiency, domain expertise, and ongoing learning.

“I think that generalists may take a larger part in the industry, but deep expertise will always
be needed along with human social skills." — R10
“Continuous learning and skill updating are essential to stay abreast of rapid industry
developments.” — R7
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5.0 Analysis

In this section, the report aims to delve into the empirical findings of the thesis, dissecting the
data gathered through the semi-structured interviews. Through a thematic analysis, the aim is
to uncover patterns, relationships and insights that contribute to a deeper understanding of the
research questions posed. The analysis will serve as the cornerstone for the discussion,
providing necessary empirical evidence to support the following discussion and conclusion of
the rapport.

5.1 Al Proficiency and Confidence Grid

Based on the empirical findings, a model that emphasizes the connection between technical
proficiency and confidence in generative language models has been produced by the authors
of this thesis. The model presents a classification framework that categorizes respondents based
on their confidence in generative language models (Y-axis) and their proficiency in the
technology (X-axis). This creates a four-quadrant matrix that visually represents how
individuals perceive and engage with generative language models. The four categories in the
matrix are Innovative Leading, Optimistic Adopting, Skeptical Observing, and Cautious
Exploring.

The Innovative Leading category includes individuals with high confidence and high
proficiency in using generative language models. They are eager to adopt new advancements
and actively seek opportunities to integrate these technologies into their workflows. Those in
the Optimistic Adopting category have moderate to low proficiency but display high
confidence in the capabilities of generative language models. Respondents in the Skeptical
Observing category show limited proficiency and low confidence in these tools. Lastly, the
Cautious Exploring category encompasses individuals who are proficient in the technology but
exhibit slightly lower confidence compared to the other categories.

This framework aims to show how competence with the technology and confidence in
generative Al are related. To improve understanding of the framework, four separate categories
have been established; however, it is crucial to understand that these categories are not strict
divisions. Two respondents’ traits might still be fairly similar even if they are categorized
differently. This is illustrated by using dotted lines to show the boundaries between categories,
emphasizing the model's fluidity.
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Figure 1: Al Proficiency and Confidence Grid

5.2 Cautious Exploring

The Cautious Exploring category encapsulates individuals who possess a moderate level of
proficiency in generative language models, often acquired through training sessions or
educational initiatives. Even though they are aware of the technology, they seem hesitant to
use it to its full potential. A person in this group is characterized by their perception of several
obstacles associated with technology and their limited utilization of it. None of the respondents'
responses fit into this section of the four-field matrix, as can be seen in Figure 1. This can be
described by stating that if you have received training in Al models and their application, you
are likely to encounter few difficulties and make extensive use of them. Despite their
knowledge, they seem hesitant to fully utilize the technology. Members of this group are
characterized by their limited use of technology and their awareness of various barriers
associated with it. As seen in the figure, none of the respondents' replies fall into this quadrant
of the four-field matrix. This can be explained by noting that extensive training in the use of
Al models generally leads to their widespread utilization and minimal challenges.
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Even with the necessary knowledge, individuals in this category might lack the confidence to
use generative Al solutions. They may be concerned about potential risks or the outcomes of
using such technology. As a result, they tend to adopt a cautious and systematic approach,
preferring to gradually explore its potential rather than diving in headfirst. Compared to
Innovative Leaders, they likely use generative language models less frequently, although they
may interact with them to some extent. To overcome their hesitation and establish a stronger
foundation for efficient use of the technology in the future, they might prioritize learning and
skill development.

As mentioned earlier, the respondents in this research project do not fit into this category
because, from what has been seen in the empirical findings, those who have undergone Al
training sessions do not perceive many obstacles or challenges. They are therefore positioned
higher on the Y-axis, indicating greater confidence in using Al tools. This can be attributed to
the fact that company-provided training sessions in generative language models likely help
individuals manage and overcome challenges, making the tool more efficient for their
workflows. In summary, individuals in the Cautious Exploring category represent a careful and
deliberate approach to adopting generative Al. Despite having knowledge and training, their
hesitancy arises from a perceived gap between their proficiency and confidence in fully
utilizing the technology.

5.3 Skeptical Observing

The empirical analysis delineates a distinct group termed Skeptical Observing, representing
half of the respondents as illustrated in Figure 1. Those falling into this category exhibit limited
belief in generative Al and possess a limited proficiency with the technology. Their skepticism
may stem from a restricted comprehension or exposure to the capabilities and potential
advantages of generative Al, attributed to inadequate training within their organization or
limited exposure from external sources. Consequently, they adopt a passive or reserved stance
towards integrating the tool into their workflow. Despite their reservations, Skeptical Observers
recognize the presence of Al and its increasing impact but remain hesitant to fully embrace its
incorporation into their consulting practice until they attain greater confidence and
understanding of its implications and benefits.

Upon examining Figure 1, it becomes evident that a cluster comprising respondents R2, R4,
R9, and R10 emerges prominently within the upper part of the Skeptical Observing category.
Their placement in this section of the figure stems from their limited confidence in the
technology coupled with their limited proficiency in the technology. All respondents within
this cluster position themselves at a similar level regarding confidence in generative Al but
exhibit slight variations in terms of their technological proficiency. The consultants
encountered a relatively high number of challenges with integrating generative Al into their
practices and reported relatively few applications of the technology. Respondents R2 and R4
lack training in Al integration and security, hence positioning themselves towards the lower
end of the X-axis. Conversely, respondents R9 and R10 boast more experience with Al tools,
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with R9 receiving training in Al security and R10 receiving training in both security and
integration. Consequently, these two respondents position themselves further to the right on
the proficiency scale.

Respondent R3 stands out as displaying both low confidence in generative Al and limited
proficiency with the technology. This characterization arises from inadequate training provided
by the company, leading to the consultant's diminished ability to utilize the technology
effectively. Additionally, R3 identifies five out of seven challenges associated with integrating
generative Al and applies it in only a few areas, further emphasizing their diminished
confidence in the technology. These observations differentiate the respondent from others in
the same category, rendering them particularly skeptical and passive towards integrating the
tool into their workflow.

5.4 Optimistic Adopting

The third category is labeled as Optimistic Adopting, which comprises respondents R1, R6,
R8, and R5. These individuals demonstrate a notable trait: while they exhibit low proficiency,
they possess a high level of confidence in generative language technology. Unlike the more
adept Innovative Leading users, those in the Optimistic Adopting category display limited
experience and skills in leveraging generative language technology. This suggests a
requirement for further training and skill development to enhance proficiency. Nonetheless,
despite their current limitations, individuals in this category maintain an optimistic outlook
regarding the capabilities and potential of these models. They harbor confidence in the
technology's capacity to evolve, foster innovation, and tackle various challenges across diverse
domains.

Considering the responses of R1, R6, and R8, it's evident that they fall within the category of
Optimistic Adopting due to several factors. One recurring theme among them is the perception
that their organization's training sessions and educational initiatives regarding generative
language technology are lacking. They express a need for more comprehensive training to
transition to the Innovative Leading category. For instance, R6 mentions having received some
Al integration training but desires a deeper understanding of its applications and effective
utilization techniques. Despite their limited exposure and proficiency, these respondents share
a common trait of high confidence in generative language technology. Unlike some other
respondents, they perceive fewer challenges associated with the technology, indicating a strong
belief in its potential. Moreover, they foresee generative language technology playing a
significant role in the future of management consulting.

Upon examining Figure 1, it's evident that respondent R5 occupies a particularly noteworthy
position. While categorized within the Optimistic Adopting category, R5 is not placed
alongside the other consultants within the same category. This discrepancy can be attributed
to R5's comparatively lower confidence in generative Al compared to other consultants in the
same category. Interestingly, R5 is positioned close to the cluster in the Skeptical Observing
category but still manages to ascend into the Optimistic Adopting category due to perceiving
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fewer challenges in integrating generative Al, thus fostering greater confidence in the
technology compared to a skeptical observer.

5.5 Innovative Leading

The last category is titled as Innovative Leading, focusing on the characteristics and
experiences of respondent R7, who is the only respondent located in this category. This
category demonstrates both proficiency and confidence in generative language models.
Individuals in the category are enthusiastic about adopting new advancements in the field and
may actively seek out opportunities to integrate these technologies into their workflows, as
mentioned earlier. They are considered leaders in utilizing generative language technologies,
often pioneering new applications or methodologies within their respective domains. R7
exhibits a strong command of generative language technology, likely stemming from extensive
training, education, or hands-on experience. Individuals in this category possess advanced
skills in utilizing the technology to accomplish various tasks and objectives through many
different applications. Unlike individuals in the Cautious Exploring category, they demonstrate
a high level of confidence in the capabilities and applications of generative language models.
They believe in the potential of the technology to drive innovation and solve complex problems
across different domains.

Despite their proficiency and confidence, individuals like R7 may still encounter challenges
associated with generative language technology. These challenges could include issues such as
data security, quality-check, or model bias. However, their advanced skill set, and deep
understanding of the technology likely enable them to navigate these challenges more
effectively than less experienced users. The empirical results demonstrate that R7 has
participated in specialized training sessions and educational initiatives centered on Al
technology which is required to be classified as Innovative Leading. To encourage innovation
and add value, those in this group are also more likely to employ generative Al tools in their
work. If the usage of generative language is “daily” this also indicates that the category
Innovative Leading also strengthens the argument that respondent R7 is placed in that category.
Another intriguing aspect is that the organization where R7 operates has its own generative
language tool, which could be a contributing factor to the training efforts and the successful
integration of generative language technology among employees. This is further emphasized
by the organization's classification as "large," indicating the capability to develop such a tool,
an opportunity that may not be available in smaller consulting firms.

As an Innovative Leading individual, R7 serves as a leader and influencer within the field of
generative language models. Their proficiency, confidence, and innovative mindset position
them to drive forward-thinking initiatives and push the boundaries of what is possible with the
technology. Individuals in this category can play a pivotal role in knowledge sharing, by
sharing insights, best practices, and lessons learned from experiences.
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5.6 Future Trends

Delving deeper into the empirical findings derived from interviews within the management
consulting industry, a wealth of insights emerges regarding the anticipated impact of generative
language models and the evolving skill sets necessary for their effective utilization. This
analysis aims to provide a comprehensive understanding of the respondent’s perspectives,
exploring correlations, similarities, and individual viewpoints to discern patterns and variations
in their outlooks. By exploring both the convergence and divergence of opinions, we glean
invaluable insights into the multifaceted implications of Al-driven technologies on the industry
landscape and the shifting nature of skill requirements for consultants. Through the exploration,
we aim to shed light on the complex interplay between human expertise and technological
innovations, offering valuable insights for stakeholders navigating the intersection of Al and
management consulting.

Most of the participants expressed anticipation for the incorporation of generative language
models to yield a significant ("BIG") impact. This agreement highlights a general belief held
by participants about the revolutionary potential of these technologies in a variety of
management consulting industry areas. While most respondents share this optimistic outlook,
a minority hold a more cautious perspective, categorizing the expected impact as "SMALL."
Their divergent opinions show that they have different expectations, with some expressing
skepticism regarding the extent to which generative language models will impact the industry.
The contracts between respondents who believe generative language models will have a major
impact and those who believe it will only have a minor impact show varying degrees of
optimism and skepticism about this potential. This variation may stem from factors such as
familiarity with Al technologies, past experiences, or perceptions of industry dynamics.
Respondents more skeptical towards generative language models are placed in the lower levels
in Figure 1 categorized as Skeptical Observing or Cautions Exploring.

Across the board, respondents recognize technical proficiency as a crucial skill for effectively
utilizing generative language models. This alignment suggest consensus on the importance of
technical competency in navigating Al-driven landscapes. Thus, several respondents
emphasize the enduring importance of social skills, highlighting the value of interpersonal
communication in technological advancements. This shared emphasis on social competence
reflects a recognition of the irreplaceable human element in consulting interactions.

Moreover, several respondents highlighted the significance of critical thinking as a
fundamental skill for assessing Al-generated insights and making rational choices. This focus
indicates a shared understanding of the necessity of rigorous analysis in contexts driven by Al.
The recognition of the changing nature of consulting practices is suggested by the convergence
of technical proficiency, social skills, and critical thinking as essential competencies.

Respondents acknowledge the necessity of a multifaceted skill set that can adapt to and

capitalize on technological advancements while retaining core human-centric capabilities.
While there is consensus on certain skills, variations exist in the emphasis placed on domain
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expertise versus broader competencies. Some respondents underscore the importance of
domain-specific knowledge alongside technical proficiency, indicating a need for a balance
between specialization and generalization in future skill sets.

Continuous learning is also discussed by several respondents, underlining the dynamic nature
of Al technologies and the need for ongoing skill development. This emphasis reflects an
understanding of how important it is to adapt to a world that is changing quickly. Additionally,
there is some overlap between different skills and how they apply to navigating Al-driven
environments. A comprehensive approach to skill development that combines technical
proficiency with cognitive and interpersonal competencies is suggested by some respondent
perspectives. Perspectives from respondents also underscore the concept of future-proofing
skill sets. By emphasizing the importance of staying abreast of industry developments and
adapting to emerging technologies, these respondents acknowledge the necessity of
continuously acquiring new skills to remain competitive in evolving job markets.

A common understanding of the value of a varied skill set that includes technical, social,
cognitive, and adaptive competencies is revealed by the analysis. This acknowledgment points
to a shared understanding of the complexity of consulting roles in Al-driven settings.
Respondents stress the long-term importance of human-centric skills like critical thinking,
social interaction, and domain expertise, even though technical proficiency is crucial. This
integration of human and technological capabilities reflects a nuanced understanding of the
complementary roles played by humans and Al in consulting practices.
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6.0 Discussion

This section of the thesis will focus on discussing significant findings gathered from the semi-
structured interviews, in conjunction with the literature previously presented. The discussion
will maintain a similar structure to the empirical findings to enhance clarity for the reader.
Initially, the discussion will explore current usage patterns of generative Al, including
frequency, applications, and any observed age differences. Subsequently, attention will turn
to the incorporation of generative language, integrating insights from the literature on Al
training, various Al tools within organizations, and efficiency, with findings from the
interviews. Following this, the discussion will address the diverse challenges associated with
Al integration, drawing from relevant literature and interview data. Finally, future trends
will be examined, synthesizing insights from both the literature and the findings of this study.

6.1 Usage of Generative Language Models

The presented empirical findings provide insight into the ways in which generative language
models are currently being used in the consulting industry, as well as the apparent variations
in adoption among different age groups. These insights offer valuable implications for both
practitioners and researchers in understanding the integration of Al technologies into
professional workflows and the dynamics of technology adoption in organizations.

Firstly, the frequency of usage among respondents reveals a prevalent reliance on generative
language models, with the majority of respondents incorporating them into their daily work
routines. This high usage rate highlights the important part these Al tools play in increasing
efficiency and making a variety of tasks within the consulting industry easier. Quotations
from the respondents' empirical findings highlight the habitual nature of integration with
generative language models, presenting them as valuable tools like having a knowledgeable
college at your fingertips. This habitual usage pattern suggests a strong integration of
generative language models into the workflow, indicating a high level of acceptance among
users. The observed age difference in the usage of generative Al models adds another layer of
understanding to the adoption dynamics within organizations. Younger employees, who have
recently completed their education, are more inclined to utilize generative language models
compared to their senior counterparts. This trend is attributed to factors such as familiarity
with Al technologies acquired during academic training and general openness to adopting
innovative approaches to work among younger professionals. The quotes provided by
respondents underscore the generational divide in technological adoption and suggest that
younger employees are more receptive to integrating Al tools.

The empirical findings regarding the usage of generative language models in the consulting
industry align closely with the literature on the subject, particularly in terms of the
transformative potential of these tools in enhancing problem-solving skills and delivering
greater value to clients. As highlighted by Vial, G et al. (2022), the management consulting
industry has a long history of embracing novel approaches and technologies to analyze data,
generate insights, and present recommendations effectively. The emergence of Al
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technologies, such as natural language processing, represents the latest advancements in this
trajectory, providing consultants with powerful resources to augment their analytical
capabilities and offer innovative solutions to clients.

Moreover, the findings underscore a habitual integration of generative language models in the
workflow of consultants, with many respondents utilizing these technologies daily. These
repeated usage patterns reflects the transformative impact of generative language models on
the management consulting industry, as consultants increasingly rely on these tools to
augment their problem-solving capabilities and enhance client value. This resonates with the
assertion of Vial, G. et al. (2022) that the introduction of generative Al represents a
significant change in the way consultants approach analysis, communications, and solutions
enabling them to keep a competitive edge in an increasingly complex and data-driven
business environment.

Handling large volumes of data is a paramount challenge in today’s organizations, where data
streams from various sources like customer transactions and social media interactions
overflow databases daily (Fosso Wamba et al., 2023). The literature, as well as the empirical
findings, converge on the potential of generative language models, especially natural
language processing models like GPT, to tackle this challenge effectively. In both realms, it
is evident that generative language models excel in processing vast amounts of data,
including unstructured text. Respondents in the empirical study, particularly those who utilize
these models to extract information and refine language, demonstrate how they leverage the
technology to efficiently navigate through extensive datasets. Whether it's summarizing
meeting notes, extracting data from documents, or refining text for clarity, generative
language models like ChatGPT prove helpful in managing and making sense of large
volumes of textual data. This practical application aligns seamlessly with the theoretical
framework proposed in the literature. Fosso Wamba et al., (2023) suggest that generative
language Al has the capability to analyze diverse data sources comprehensively, providing
consultants with a deeper understanding of the business environment. Moreover, the literature
emphasizes the importance of generative language models in facilitating a comprehensive
understanding of the business environment. By analyzing diverse data sources, including text,
images, and videos these models empower consultants to gain insight into market dynamics,
customer preferences, and industry trends (Fosso Wamba et al., 2023). This aligns with the
empirical findings, where respondents utilize generative language models to refine language
and gather information from various sources, ultimately enhancing their understanding of the
business landscape.

Generative language models offer a promising solution to mitigate the burden of repetitive
tasks in management consulting (Tyson & Zysman, 2022). By automating tasks such as
report authoring and email drafting, as highlighted by respondents in the empirical study,
these models can streamline workflows and save valuable time. This aligns with the notion
that generative language technologies can automate repetitive tasks across multiple domains,
freeing up consultants’ times for more strategic activities (Tyson & Zysman, 2022).
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The findings from Kanbach et al. (2023) suggest that generative language models can
enhance business model innovation processes by synthesizing factual comprehension with
imaginative thinking. By analyzing vast datasets and developing original ideas, Al algorithms
can provide consultants with new viewpoints and solutions to challenging problems,
ultimately improving the efficiency and quality of business model innovation (Kanbach et al.
(2023. This is also shown in the empirical findings where a large majority of respondents use
generative language models for inspiration in their work. Additionally, as noted in the
empirical study, respondents, particularly younger consultants, handle most of the repetitive
tasks for the company, such as drafting reports, performing analyses, and supporting the more
senior partners. They feel that they lack sufficient time to focus on client interactions and
activities that can create value for the customer. According to Kanbach et al. (2023) and
Taran et al (2015), generative Al can support in scenario planning by modeling various
scenarios and evaluating the potential implications of different business model innovations.
They also mentioned that through the automation of document creation and compliance
reporting, Al-powered systems allow consultants to focus more on strategy planning and
client interaction, which many of the respondents would like to do.

Linking the literature with the analysis, particularly Figure 1, the literature indicates
numerous potential applications for generative language models. According to the study's
respondents, all of them utilize Al technologies for at least one application, with some
employing these tools across multiple occasions. The empirical findings, alongside the
distinct categories outlined in Figure 1, notably Innovative Leading and Optimistic Adopting,
closely align with the findings of Blease (2024) and Kanbach (2023). Generally, the literature
underscores a wide array of potential applications for generative language models,
highlighting their efficacy as a versatile tool. However, respondents situated in the "lower-
left" quadrant of the figure do not utilize these models to the same extent as suggested by the
literature. This discrepancy applies particularly to users categorized as Skeptical Adopting
and Cautious Exploring, who exhibit more reservation towards the applications and do not
leverage generative language models across as many scenarios as the other categories.

6.2 Incorporation of Generative Al

A general consensus exists in the industry that the implementation of generative Al will
enhance efficiency within the consulting sector. Nonetheless, to fully leverage the capabilities
of this Al tool, comprehensive training is deemed important. This segment of the discussion
will undertake an analysis of how consultants perceive Al training, combined with insights
from existing literature. Furthermore, a more in-depth exploration of efficiency will be
conducted to illuminate how consultants operationalize this metric within their industry.
Finally, attention will be directed towards examining the extent to which generative Al has
been successfully integrated into organizational structures.

Lee et al. (2023) underscores the pivotal role of prioritizing the human element in effectively

integrating Al within an organization. Their argument emphasizes the necessity of equipping
employees with the requisite training and skills to proficiently utilize Al tools. The
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significance of Al training emerged as a crucial aspect during interviews conducted on this
subject. These discussions revealed a notable disparity in the extent to which consultants had
been trained in Al-related matters. Interestingly, a minority of respondents reported receiving
comprehensive training in either Al integration or Al security and an even smaller portion
reported receiving both. This positions these consultants more favorably on the proficiency
scale as seen in the Al Proficiency and Confidence Grid (Figure 1).

However, despite the evident importance of Al training displayed in the existing literature
(Lubis, 2023; Tyson & Zysman, 2022; Lee et al., 2023), it is alarming to note that merely
four out of ten consultants have undergone any form of Al training provided by their
organization. This discrepancy raises concerns regarding the readiness of organizations to
effectively integrate Al technologies into their operations.

Nevertheless, it's worth noting that individuals may have acquired proficiency in Al through
self-learning efforts, such as previous academic experiences or personal technical interests.
These self-directed learning experiences accounts for the observed higher levels of
proficiency among those who have not received formal Al training from their employers.

Moreover, Lee et al. (2023) emphasizes the importance of nurturing a corporate culture that
not only values technological progress but also actively nurtures an atmosphere conducive to
innovation when incorporating generative Al into organizational practices. This aspect was
further explored during the interviews, where the prevailing attitudes toward generative Al
were examined. The empirical data revealed that a majority of the surveyed organizations
indeed endorse the utilization of generative Al in their consultants' workflow. Considering
the literature's endorsement of an open-minded workplace environment that fosters
innovation (Lee et al., 2023), this approach seems fitting.

Significantly, it was noted that the two respondents (R4 and R9) who indicated that their
management does not explicitly promote the use of generative Al also exhibit lower
confidence levels on the Al Proficiency and Confidence Grid (Figure 1). This finding
suggests that the management’s philosophy can influence employees' attitudes toward
generative Al, with these two consultants being characterized as Skeptical Observers.

Some consultants also describe that their companies have either developed their own
generative Al tools or provided access to premium versions of ChatGPT for their employees.
This demonstrates the companies' commitment to leading the competition in the field of Al.
Mostafa Sayyadi et al. (2023) acknowledge this strategic direction and stress the importance
of staying ahead of competitors who leverage Al's capabilities. As more companies integrate
generative Al tools into their workflows, it will become increasingly evident which
organizations are driving innovation and Al integration, and which are not, as outlined by
Mostafa Sayyadi (2023). With this in consideration, companies equipped with their own Al
tools are well-positioned to maintain competitiveness and foster innovation.
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Many scholars, including Lee et al. (2023) and Kanbach et al. (2023), have explored the
relationship between efficiency and generative Al. The literature suggests that generative Al
holds the potential to significantly enhance efficiency and quality for consultants. This thesis
also investigates efficiency, initially examining how it is measured and later exploring how
perceptions of efficiency might shift with the integration of generative Al in the consulting
industry. Various metrics for assessing efficiency were identified during the interviews, such
as billable hours per consultant, consultant utilization, and customer satisfaction. Some
respondents expressed the belief that, despite potential consistency in the metrics used to
evaluate efficiency, there would be heightened managerial expectations following the
introduction of generative Al. While existing literature highlights the opportunity for
increased efficiency, none of the sources reviewed in this study appear to have addressed this
particular perspective, indicating a novel viewpoint.

6.3 Challenges

When investigating how generative Al models were used in the management consulting
industry, challenges with the integration of these tools were identified. In this section of the
discussion, the different challenges with Al integration found in the interviews will be
discussed combined with the literature presented previously in the thesis.

The majority of interview respondents concur that generative Al holds potential value for
society at large and, more specifically, for the management consulting industry. Nevertheless,
they also recognize the risks linked to Al misuse and its capacity for unpredictable and
harmful behavior. This concern is further supported by Cath (2018) in the literature. One of
the most prevalent challenges identified in the interviews was the issue of data security.
Consultants emphasized the risks associated with managing sensitive data, such as client
information, on public and cloud-based platforms. Lubis (2023) also acknowledges the
challenges related to data security, emphasizing its significance as one of the foremost
considerations when utilizing generative Al. Moreover, Lubis (2023) underscores the
importance of fortifying defenses against potential breaches and unauthorized access, an
aspect not extensively addressed by the interview respondents.

In relation to data security, the literature also highlights the critical role of GDPR in this
context. Cath (2018) underscores the significance of regulations like GDPR when employing
generative Al models. Given that these models are often connected to the internet, a risk
exists that the providers of such services may gain access to the information fed into these
systems (Cath, 2018). Consequently, users should exercise caution and avoid inputting
sensitive personal data into these systems to ensure compliance with privacy regulations.
Interestingly, none of the consultants mentioned GDPR when discussing the use of generative
Al models. While this does not necessarily imply that GDPR compliance is not a
consideration for them, it nonetheless constitutes an intriguing observation.

Another obstacle identified in the literature pertains to the lack of transparency in generative
Al models (Lubis, 2023). This challenge closely correlates with the issue of credibility, as
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evidenced by findings from the interviews. A considerable number of respondents,
predominantly categorized as Skeptical Observers, express hesitancy in trusting information
generated by generative Al. Some of these respondents even engage in regular fact-checking
of output from such Al tools.

Lubis (2023) posits that this lack of trust in Al-generated content can have significant
consequences. Within the realm of management consulting, clients often require clear and
comprehensible insights. However, due to the lack of transparency and credibility associated
with Al-generated recommendations, clients may hesitate to utilize them, ultimately
tarnishing the management consulting firm's reputation (Lubis, 2023). Despite appearing
somewhat distant, this concern was also raised by one of the interviewed consultants,
respondent R5, who highlighted that clients may lose confidence upon discovering the
implementation of generative Al in the firm's processes.

The literature chapter in this thesis also addresses the introduction of the EU Al Act, a legal
framework designed to promote trustworthy Al in Europe. Despite the legislation
categorizing chatbots as Al systems with limited risk (European Commission, 2024),
consulting firms must still consider the law when integrating generative Al into their
workflows. According to the EU Al Act, individuals must be informed when interacting with
a machine, and providers of Al systems are obligated to ensure that Al-generated content is
easily distinguishable (European Commission, 2024). This places pressure on companies
utilizing generative Al tools, suggesting that similar regulations may apply to companies
using generative Al in the future as well. In line with the empirical findings, one respondent
identified the legal aspect as a challenge. The consultant highlighted the risk associated with
a lack of sufficient guidance or legislation concerning generative Al and welcomed the
introduction of the EU Al Act.

The importance of understanding and training in relation to generative language models
cannot be overstated. Consultants who adopt such models may encounter difficulties without
proper training. It is crucial to grasp the capabilities and limitations of Al, as misconceptions
can impede successful integration (Lubis, 2023). This perception was also observed from
some of the consultants during the interviews, with the majority of respondents falling into
the category of Skeptical Observers. Notably, respondents R2, R3, and R7 emphasized the
significance of comprehending the functioning of generative Al tools. They emphasized that
without a clear understanding of machine learning mechanics and how to provide optimal
prompts, users may struggle to effectively harness these tools.

A notable challenge identified during the interviews regarding the utilization of generative Al
was the necessity for quality-checking. Indeed, every respondent interviewed expressed a
shared sentiment: they never completely rely on Al-generated content, such as text refined
with Al assistance. They consistently feel the urge to verify the output generated by the tool
before incorporating it into a presentation or email. Despite this hurdle, three respondents
highlighted the efficiency gained from utilizing this Al tool rather than abstaining from its
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use. Notably, this challenge reported by the respondents has not been documented in the
literature previously, suggesting an interesting finding.

Finally, the interviews delved into the various responses from the consultants' clients. It
quickly became apparent that a majority of the respondents had never received any feedback
from their clients regarding generative Al, whether positive or negative. Some of these
respondents’ attribute this to their companies not actively promoting the use of generative Al,
thus hindering clients from providing feedback. Conversely, three consultants reported
receiving feedback about generative Al in their workflows. They have encountered both
positive and negative sentiments from their clients but unanimously agree that effective
communication is crucial for addressing client concerns.

6.4 Future Trends

The literature and empirical findings offer a valuable insight into the anticipated impact of
generative language models in the management consulting industry, as well as the future skill
sets required for effective utilization. In the literature, Webb & Euchner (2020) discuss the
evolving perspective towards generative Al, highlighting the shift from caution to optimism
among managers and consultants as they recognize its innovative potential. This
transformation is echoed in the empirical findings, where most respondents anticipate a
significant impact (“BIG”) from the integration of generative language models in
management consulting. However, a subset adopts a more cautious stance, categorizing the
anticipated impact as “SMALL”, reflecting varying levels of optimism and skepticism. This
divergence suggests differing perceptions of generative language models' transformative
potential, influenced by factors such as familiarity with Al technologies and past experiences.
People more in line with Webb & Euchner (2020) and have answered “BIG” on the impact
are more likely to place themselves higher on the Y-Axis in Figure 1 as they have big
confidence in Al. Therefore, those who harbor doubts about the potential of generative Al
such as the literature suggests (Forrester, 2023; Obrenovic et al., 2024) often find themselves
aligned with the Skeptical Observing category, reflecting their cautious stance towards Al
within the industry. It's important to note that having a strong belief in generative language
models doesn't necessarily equate to having unwavering confidence, as there are various
factors to consider in this regard.

The empirical findings shed light on the evolving skill sets required for consultants to
effectively navigate Al-driven landscapes. There is consensus among respondents on the
importance of technical proficiency, emphasizing the need for expertise in leveraging
generative language models. This aligns with the literature’s emphasis on technical
competency as a crucial skill for utilizing Al technologies effectively (Lubis, 2023). While
both the literature and empirical findings emphasize the importance of technical proficiency,
they differ in their emphasis on other skill sets. The literature primarily focuses on technical
competency and social skills (Lubis, 2023), whereas the empirical findings also highlight
critical thinking and continuous learning as essential skills. This suggests a broader
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perspective on skill requirements among respondents, encompassing not only technical
expertise but also cognitive and adaptive competencies.

Moreover, the literature highlights the enduring importance of social skills, emphasizing the
value of interpersonal communication in technological advancements (Forrester, 2023;
PricewaterhouseCoopers, 2024). This recognition underscores the irreplaceable human
element in consulting interactions, aligning with literature's depiction of Al as a collaborative
intelligence rather than a substitute for human expertise.

Critical thinking also emerges as a fundamental skill across respondents, underscoring its
importance in evaluating Al-generated insights and making informed decisions. This reflects
a collective understanding of the need for analytical rigor Al-driven contexts, resonating with
the literatures emphasis on combining insights from data analytics with human intuition
(Hughes, 2023; Bergmann, 2024).

Furthermore, the empirical findings emphasize continuous learning as essential for navigating
the dynamics landscape of Al technologies. Respondents recognize the necessity of ongoing
skill development to stay abreast of industry developments and adapt to emerging
technologies effectively. This aligns with the literature’s portrayal of generative Al's future as
defined unpredictability and constant change, highlighting the need for continuous adaption
and skill acquisition (Obrenovic et al., 2024).

The empirical findings delve into several intriguing points. Firstly, some respondents foresee
an uptick in the market's accessibility for generalists, courtesy of generative language models.
Moreover, the analysis addresses concerns about potential job displacement, as certain
respondents anticipate diminished significance of specialized knowledge in the wake of this
flourishing Al technology. This underscores apprehensions among respondents regarding the
transformative impact of generative Al in workplaces, aligning closely with insights from
Kanbach et al. (2023). Their research illuminates the shifting landscape catalyzed by
generative language models, suggesting a departure from conventional industry dynamics.
The study underscores the likelihood of job displacement while also highlighting the potential
for individuals lacking specialized knowledge to level the playing field and assume control.
Consequently, the narrative isn't solely about specific job displacements but hints at an
impending transition toward a more generalist-driven industry, where the importance of
specialized knowledge may wane over time.

The literature introduces the concept of copilots or Al assistance, emphasizing the
collaborative nature of Al integration, (Hughes, 2023; Bergmann, 2024), whereas the
empirical findings focus more on the complementary roles played by humans and Al in
consulting practices. While both sources acknowledge the importance of integrating human
and Al capabilities, the emphasis varies slightly, with the literature highlighting the concept
of collaborating intelligence and the empirical findings emphasizing the nuanced
understanding of complementary roles. Both sources, the findings and the literature,
underscore the importance of integrating human and Al capabilities for achieving optimal
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outcomes in management consulting. The literature introduces the concept of copilots or Al
assistance, emphasizing the collaborative nature of Al integration (Hughes, 2023; Bergmann,
2024). Similarly, the empirical findings highlight the nuanced understanding of the
complementary roles played by humans and Al in consulting practices.

By combining insights from data analysis with human intuition, consultants can harness the
strengths of both human intelligence and Al to achieve new levels of productivity, problem-
solving capabilities, and value creation for the clients in the future. This collaborative
approach not only improves task efficiency and effectiveness but also encourages creativity
by leveraging the best of both worlds.

In essence, while the literature furnishes a theoretical framework and theoretical foundation,
the empirical results offer precise insights and viewpoints from management consulting
professionals. Both the literature and empirical findings underscore the significance of
possessing a varied skill set, which includes technical, social, cognitive, and adaptive
competencies, for the evolution of generative language models. This mutual recognition
underscores an awareness of the multifaceted demands placed on consulting roles within Al-
driven contexts, emphasizing the need to integrate human and technological proficiencies to
achieve optimal outcomes in management consulting endeavors.
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7.0 Conclusion

In the concluding section of the thesis, the research questions will be addressed by drawing
upon the literature review, analysis, and discussion. The findings provide valuable insights
into the integration of generative language models into professional workflows, emphasizing
their potential for transformation and the challenges that organizations may encounter in
effectively adopting them. Additionally, recommendations for successful implementation will
be provided, along with suggestions for areas of further research to enhance understanding
in this evolving field of innovation.

7.1 Answering the Research Questions

This thesis desired to delve into the usage of generative language models in the management
consulting industry within different organizations, with a focus on understanding the essential
application, challenges, skills, and incorporation involved. The study also examined the
potential future impact and development of this innovation. To achieve this objective, the
research questions were formulated as follows:

How do management consultant firms use generative language models, powered by Al, in
their projects today?

How will the management consulting industry change in response to the emergence of Al
tools in the future?

To address these research questions, drawing upon both theoretical frameworks and empirical
findings, four distinct categories have been formulated to serve as a foundation for addressing
the study questions.

Utilizing insights from the literature review, empirical findings, and subsequent analysis and
discussions, it is evident that management consulting firms leverage Al-powered generative
language models in various capacities to optimize their workflows. Primarily, these Al tools
are integrated into daily operations, indicating a widespread reliance on them to boost
productivity and streamline tasks within the consulting domain. Consultants employ generative
language models for tasks such as text summarization, data extraction, language refinement,
and idea generation. Moreover, these models enable the efficient handling of large datasets,
empowering consultants to extract deeper insights into the business landscape. Additionally,
generative language models serve as catalysts for generating fresh perspectives and solutions
to complex problems, ultimately enhancing workflow efficiency and quality. Thus, the tool is
most commonly used as a support function with the facility to be a quick and accessible help-
tool in the industry.

The integration of generative language models into consulting workflows is influenced by

factors such as confidence and technological proficiency, as depicted in Figure 1. Most
respondents position themselves to the left on the X-axis, indicating a lack of proficiency in
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generative language models. This aligns with the notion that these models are primarily
utilized as support tools rather than standalone solutions, as suggested in existing literature.
The other variable depicted in the figure pertains to confidence or the perceived challenges
associated with the tool's usage. Responses vary significantly, with some acknowledging
numerous challenges and limited usage across multiple applications, while others perceive
fewer challenges and utilize the tool for various tasks within their workflow.

To conclude the first research question, it is evident that the contemporary adoption of
innovative generative language tools primarily is used as a support function within consulting
practices. While consultants use these tools for tasks like text summarization, language
refinement, and ideation, there is still some skepticism about their full potential within the
industry.

Looking into the future, the market is bound to undergo substantial transformation fueled by
emerging innovations such as generative language models. There is a consensus among
industry practitioners and researchers that these models will profoundly impact the
management consulting landscape, offering transformative potential in enhancing problem-
solving capabilities, delivering enhanced value to clients, and optimizing workflow processes.
Future market trends suggest increased accessibility for generalists, as Al tools like generative
language models augment consultants’ capabilities, potentially reducing the necessity for
specialized expertise. However, human involvement will remain valuable to the market, as
social skills and nuanced knowledge continue to be indispensable components not replicable
by generative language models.

7.2 Recommendations

Following the conclusion and discussion outlined earlier in the report, three key
recommendations have been identified to facilitate the successful integration of generative
language models within the organization.

Firstly, it is imperative to ensure that consultants undergo comprehensive training to
effectively utilize generative language models. This training should encompass technical
proficiency, ethical considerations, and adherence to best practices. Continuous support and
resources should be provided to enable ongoing learning and skill development. Consultants
must grasp the functionality, limitations, and underlying technology of these models,
including various types such as GPT-based models. Moreover, ethical awareness is crucial,
necessitating an understanding of the ethical implications of Al tool usage and adherence to
ethical guidelines and best practices for responsible deployment.

Secondly, it is essential for consulting firms to proactively address challenges associated with
integrating generative language models into their practices. Anticipating resistance to change

among consultants and reluctance to adopt new technologies or alter established workflows is
key. To overcome this, the benefits of generative language models should be emphasized, and
tailored training and support should be provided to showcase how these tools enhance
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efficiency and productivity. Furthermore, regulatory compliance is paramount, requiring
firms to ensure adherence to relevant laws and regulations such as GDPR and the EU Al Act
through impact assessments and governance frameworks.

Lastly, it is crucial to recognize the importance of human involvement in the integration
process. Fostering a culture that values collaboration between human expertise and Al
capabilities is essential. Consultants should be encouraged to leverage generative language
models as aids to enhance their problem-solving and decision-making processes, thereby
maximizing the potential synergy between human intelligence and Al capabilities.

7.3 Further Research

As demonstrated in this thesis, certain organizations have already integrated their own
generative language tools, with some consultants extensively utilizing these tools. An avenue
for further research involves conducting comprehensive studies on specific management
consulting firms that have effectively incorporated generative language models into their
operations. This research would entail analyzing the challenges encountered during
implementation, the observed benefits, and any established best practices. Such in-depth
investigations can serve as valuable frameworks for smaller consulting firms contemplating the
adoption of Al tools in the near future.

Another intriguing area for exploration is the perception of clients regarding the utilization of
generative language models in consulting projects. This might entail conducting interviews or
surveys with clients who have already worked with consultants using these tools, as well as
with clients who have not yet encountered them, to gather their reactions if consultants decide
to incorporate such tools. The aim would be to delve into their experiences, satisfaction levels,
and perceived value derived from such projects. Furthermore, a deeper examination of the
ethical considerations surrounding the use of generative language models in management
consulting could be interesting to investigate. This includes investigating concerns pertaining
to data privacy, Al-generated content bias, and potential job displacement among consultants.
Strategies for addressing these ethical challenges could also be explored.

Lastly, an assessment of the existing training programs and skill development initiatives within
management consulting firms to equip consultants for working with generative language
models would be interesting. Evaluating the efficacy of these programs and identifying areas
for enhancement to enhance consultants' proficiency and confidence in utilizing Al tools would
be beneficial.
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Appendix 1

Introduction
Can you please describe yourself and your background in management consulting?

Can you briefly describe the general tasks involved in management consulting?
How familiar are you with artificial intelligence, especially generative language models?

Do you use ChatGPT in your work today? If yes, can you provide concrete examples of how
ChatGPT facilitates your work?

Usage of generative Al today / Integration
How do you perceive the impact of Al technologies (generative language) in traditional management
consulting methodologies?

How do you think Al, and especially generative language models, will develop, and what role can
they play in the management consulting field?

Has your organization integrated Al, such as generative language models, into consulting operations?
If yes, how has it affected workflow?

Do you have an Al tool provided by the company?

How do you measure success and effectiveness in the management consulting industry?

Training / Adoption

What skills do you believe are essential for management consultants to effectively leverage Al tools

in their work?

Has your team been trained to make the most of Al capacity in consulting projects? Confidentiality,
privacy, etc.

Ethical considerations
What challenges do you see in the integration of Al tools in the consulting process?

How do you address ethical considerations, such as biases and privacy concerns, when using
generative language models in consulting projects?

How do clients typically respond to the incorporation of Al in consulting services? Have you
encountered any resistance or skepticism from clients regarding the use of Al? If so, how do you
address these concerns?

Future trends
How do you anticipate the role of generative language models in management consulting over the
next 5-10 years?

What emerging applications or use cases do you foresee for generative Al technologies in the
consulting industry?

What skills will be important if generative language models play a larger role in the industry? Do you
think generative Al will have significant effects on consulting operations?
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Do you think knowledge in specific areas will be less important and valuable with the emerging Al
tools, as it will be easier to find and get knowledge from just a search function?

Would you like to add anything more regarding Al and management consulting?

Appendix 2

Examples of coding — Incorporation of generative Al

Have received Al training
Planning to implement training
Wish to receive more training

Looking to implement an AT tool
Al tool developed in the organization
Encouraged by the management

Mainly measured in hours
Customer satisfaction
Presume greater efficiency pressure

Examples of coding — Challenges

Data security
Quality Check
Credibility

Limited feedback
Communication 1s key

Examples of coding — Future trends

Usage will increase and change the
industry

Risk of job replacement

More time for value creation

Social skills will be more important
Technological proficiency
Critical thinking in a more complex world

Theme
Data Integrity and Security Training

Theme
Al tools in the Organization

Theme
Data Integrity and Security Training

Theme
Integration

Theme
Industry Reaction

Theme
Impact on Industry

Theme
Future skillsets



