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Abstract

The rapid emergence of Generative Artificial Intelligence (AI) has begun to transform
knowledge-intensive sectors such as management consulting. Yet, its precise role in supporting
strategic planning activities remains underexplored. This thesis examines where generative AI
can and cannot support strategic planning activities in management consulting, identifying both
benefits and challenges.

An exploratory sequential mixed methods design was employed. Six expert interviews with
consultants from SAP and KPMG first identified the strategic planning activities and narrowed
the six-step strategic planning model to two critical phases, Environmental Analysis and Strategy
Evaluation, by asking interviewees to rank where generative AI would be most suitable. The
subsequent quantitative phase, based on 128 survey responses from KPMG consultants, was
used to generalize these findings. The survey quantified, for each activity, current satisfaction
and future importance. Then the activity-level gap scores were computed to locate where
generative AI support appears most promising versus limited. Finally, a practical demonstration
applied structured prompting strategies to a SWOT analysis to translate the empirical insights
into applied consulting practice.

The interviews converged on Environmental Analysis and Strategy Evaluation as the most
amenable phases for generative AI support; the survey confirmed a marked gap between current
satisfaction and future importance, indicating potential not yet realized in practice. Three
benefits stand out: (1) mature use cases in structured analytical frameworks, such as SWOT,
PESTLE and Porter’s Five Forces, (2) promising but still developing uses in market, competitor
and risk analyses and technological trend forecasting and (3) a "sparring partner" role where
generative AI enhances creativity and accelerates idea generation without displacing human
judgment. The most challenging activities are feasibility assessment, scenario creation and
scenario evaluation given their reliance on contextual understanding and human judgment.
Lastly, an underdeveloped level of prompting literacy among consultants was identified, which
constrains the value in practice.

By combining empirical evidence with an applied demonstration, this thesis shows that
generative AI already adds tangible value to selected strategic planning activities while remaining
constrained by contextual and interpretive limits. The study contributes to both theory and
practice by clarifying where generative AI’s integration into consulting workflows is most
effective and by establishing a foundation for future research on its role in strategic management.
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Chapter 1 Introduction

1.1 Problem statement

This section outlines the central issue addressed by this thesis. It begins by briefly describing the
current problem and why it is relevant. Next, the significance of this issue is highlighted from
both academic and business perspectives, establishing a clear foundation for the subsequent
research focus.

Generative Artificial Intelligence (AI) has rapidly emerged as a transformative technology,
providing the opportunity to reshape business operations [63]. It automates formerly manual
knowledge-intensive tasks such as report generation, customer engagement and data analysis,
which increases operational efficiency and scalability [63]. In addition, generative AI gathers and
integrates vast datasets to provide structured insights for strategic decision-making. These shifts
are equally significant for management consulting, where the synthesis of complex information
and the delivery of strategic recommendations form the core of practice, ultimately allowing
consultants to focus on strategic activities of higher value [44]. Essentially, generative AI
transforms business operations by shifting human effort away from repetitive information
processing toward judgment, creativity and strategic choice. Large Language Models (LLMs),
including ChatGPT, Claude, Gemini and others are able to understand and generate human-like
text and much more, creating opportunities for innovation in multiple sectors. This research will
focus on ChatGPT as the main LLM, as the researcher has upgraded access to all its advanced
features, is peer-reviewed in various studies and has widespread adoption [85, 44]. Recent
studies indicate that generative AI can significantly enhance efficiency and insight generation
in fields like finance, healthcare, retail and customer service [63]. Despite these advances, its
potential to specifically support strategic planning activities in management consulting remains
underexplored.

Strategic planning is a structured process that organizations use to define their long-term
goals and determine the best ways to achieve them [13]. It uses tools and frameworks, such
as SWOT analysis, scenario planning, competitors and stakeholder analysis, the analysis of
internal success factors and cognitive mapping to inform decision making [7, 82, 83]. The
aforementioned tools and frameworks can be called activities of strategic planning. Traditionally,
strategic planning was predominantly undertaken by top executives and dedicated planning
teams. However, recent research underscores the value of involving multiple layers of the
organization, ranging from junior staff to middle managers, in the planning process [55, 84, 34].
This broader inclusion reduces the gap between high-level decisions and operational realities.

Management consultants are integral to this process, leveraging specialized knowledge to
guide organizations in formulating and executing strategic plans. They typically help with
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implementing strategic planning tools, ensure alignment with organizational objectives and
provide an outsider’s perspective to challenge internal assumptions [82, 47]. In a climate of
accelerating technological change management consultants are not only tasked with expert
business advice, but also to deal with navigating clients through digital transformations and
emerging technologies. Therefore, this field may be well-suited for the capabilities of generative
AI.

This focus on technological augmentation is not entirely new. The potential for AI in
strategic planning has already long been recognized. Orsini recognized the potential of AI for
strategic planning as early as 1986, stating that "Artificial Intelligence is the tool that Strategic
Planning needs to fulfill its expectations," way before the widespread adoption of AI in late
2022 [62]. The current generative AI models may be able to live up to these expectations.

1.2 Research gap

Although strategic planning, management consulting and its activities are well-documented,
there is notable absence of research on how generative AI could be utilized to enhance these
activities specifically within the technological advisory sector. Preliminary investigations using
key terms like ’management consulting’, ’strategic planning’, ’generative AI’, ’generative AI in
management consulting’ and ’ChatGPT and consulting’ revealed no substantial relevant studies.
Recent work has begun to analyze AI’s potential in broader consulting contexts, highlighting
benefits such as increased efficiency and improved decision-making, alongside challenges like
data privacy and ethical considerations [69, 44]. However, these studies do not delve into
the unique potential benefits and challenges of where generative AI can support the strategic
planning activities. Moreover, as mentioned by Fayaz et al. it is underexplored how generative
AI affects strategic planning within management consulting [57].

Addressing this gap is crucial for both academic and industry stakeholders. Understanding
where generative AI can be deployed to support strategic planning activities in management
consulting may offer insights for consultants, clients and researchers. For instance, LLMs
could automate initial data analysis, identify emerging trends in real time or generate first-pass
recommendations for scenario planning, enabling consultants to focus on higher-value strategic
decisions.

This leads to the following research question:

RQ. What are the benefits and challenges of using Generative AI to support strategic planning
activities in management consulting?

1.3 Relevance

This research is relevant both academically and practically. From an academic perspective, it
addresses a clear gap in the literature concerning the application of generative AI, specifically
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Large Language Models (LLMs), to strategic planning within the management consulting
domain. While previous studies have explored AI in broader consulting contexts, few have
focused on its potential to support specific planning activities. By applying a mixed methods
approach, including survey-based analysis and practical demonstrations, this thesis offers a
novel contribution that bridges theoretical insights with real-world applicability and lays the
groundwork for future studies in this emerging field.

From a practical standpoint, this research is conducted at KPMG, a global consulting firm
operating at the intersection of strategy and technology. The findings offer actionable insights
into where LLMs can be used to support strategic planning activities in day-to-day consulting
practice. By identifying both benefits and challenges, the study helps consultants make informed
decisions about the strategic fit and potential of generative AI within their workflows, providing
the foundation for improved efficiency and the quality of strategic recommendations.

1.4 Thesis outline

The outline of this thesis is as follows: Chapter 2 presents a literature review that covers the
foundations of generative AI, prompting techniques, strategic planning activities and the role of
management consultants.

Chapter 3 outlines the methodology. It details the exploratory sequential mixed methods
design, including the qualitative interviews, survey construction and a practical demonstration
using ChatGPT. Chapter 4 presents the results from both phases, including, content analysis,
activity rankings and gap analysis.

Chapter 5 discusses the findings and its limitations and places them in context. Chapter 6
concludes the thesis with a conclusion and future research directions. The practical demon-
stration is shown in Appendix C, as it is not directly related to the data and research question,
though provides added value for practical insights.

10



Chapter 2 Literature review

This chapter reviews existing literature to establish a theoretical foundation for understanding
the role of generative AI in strategic planning within management consulting. It introduces and
defines key concepts relevant to this study including generative AI, Large Language Models
(LLMs), ChatGPT and prompting. This technological foundation is followed by a detailed
examination of strategic planning, its underlying process, the role of management consultants
and its activities that characterize strategic planning work. This broad theoretical analysis serves
as the foundation for the rest of the research.

2.1 Generative AI

Generative AI has rapidly emerged as a transformative technology that is changing the way how
businesses operate [63]. Generative AI is capable of producing original content across a range
of modalities, including text, images, audio and video. As a subset of Artificial Intelligence,
generative AI systems use advanced machine learning techniques, primarily deep learning, to
model complex patterns in data and generate new outputs that resemble human-like material.
These systems are trained on vast amounts of data and operate autonomously once trained,
enabling rapid and scalable content creation. While specific applications of generative AI vary
across industries, their core function remains the same: to generate content that mimics human
output.

Within the broader family of deep learning architectures, transformer-based models have
become the dominant force behind text generation [80]. Although other architectures like
Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) contributed to
early advances in visual and audio generation, they are less applicable to the language-focused
tasks relevant to this study [86]. The focus here is on models that generate and manipulate
natural language, a capability that is at the core of strategic communication and analysis [13].

The rise of generative AI tools has come in parallel with the rapid expansion of the global
AI market, which experienced a growth rate of 31% in 2023 alone [24]. According to recent
projections by Statista, the global AI industry is expected to exceed 800 billion euros by 2030,
with generative AI accounting for approximately 350 billion of that total. These figures highlight
not only economic momentum but also its already existing and growing prominence.

Current tools span a wide spectrum of capabilities. For example, DALL-E, DeepAI and
Canva enable users to create visuals based on textual input. Similarly, in audio synthesis,
platforms such as ElevenLabs can replicate human voices with remarkable accuracy and generate
original soundtracks. In video generation, AI models like Sora 2 and Runway produce high-
quality videos based on textual prompts, sometimes achieving results nearly indistinguishable
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from real-life footage. However, these multimodal applications are primarily used in creative
domains such as marketing, entertainment and design. In contrast, text-based generative models
are more directly relevant in the decision-oriented analytics context, such as strategic planning in
management consulting [44]. These tools can support tasks like analyzing trends, summarizing
data, simulating business scenarios and performing risk analysis.

Among all generative AI applications, Large Language Models (LLMs) stand out as the
most widely adopted. Models such as ChatGPT, Copilot and Gemini excel in understanding and
generating human-like text. Interest in these LLMs has risen since the launch of ChatGPT by
OpenAI in late 2022, offering new opportunities for automation, decision-making and strategic
innovation across various sectors [63].

2.1.1 Large Language Models

LLMs are a prominent category of generative AI systems capable of understanding and gen-
erating human-like text. They can perform a wide range of tasks, including but not limited to,
content generation, translation, conversational interaction, reasoning and even programming
support [1]. LLMs excel in interpreting context, identifying patterns and producing fluent and
coherent responses, making them valuable in domains that require knowledge synthesis and
textual articulation. LLMs are already widely adopted across sectors such as finance, healthcare,
retail and customer service, where they are used to enhance efficiency and user experience [63].
Their impact is especially notable in customer service, where they automate repetitive interac-
tions, improve response accuracy and enable personalized communication at scale [63]. These
capabilities mirror the growing need for tools that can support complex, information-intensive
activities such as those found in strategic planning and consulting.

2.1.2 History of LLMs

The development of LLMs is grounded in decades of progress in AI and computational linguistics.
The conceptual origins can be traced back to the 1940s when Warren McCulloch and Walter
Pitts introduced the idea of an Artificial Neural Network (ANN) [66]. In subsequent decades,
the first language models were developed, primarily based on rule-based approaches. At the
time, Natural Language Processing (NLP) tasks were still relatively simple and mostly limited
to binary classification problems, such as identifying whether a word belonged to a specific
category [66].

The 1990s marked a significant advancement with the development of statistical language
models. These models were capable of processing vast amounts of text data, allowing for greater
accuracy compared to their rule-based predecessors. Statistical models enabled early NLP
applications, including text prediction, speech recognition and spam detection. However, they
remained restricted in their ability to capture semantic relationships and contextual nuances.
A key innovation occurred in the mid-2000s with the introduction of word embeddings, a
technique that allowed language models to understand semantic relationships through numerical
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representations [37]. Although word embeddings improved language understanding, they still
lacked contextual awareness and often struggled with homonyms and homophones. These are
straightforward for humans to interpret, but challenging for computers because the same word,
such as ’match’, can have multiple meanings depending on the context.

The 2010s saw a major shift in LLM development with the emergence of neural language
models. Notably, Google’s Neural Machine Translation (GNMT) model was among the first
to integrate neural networks for NLP, significantly outperforming traditional rule-based and
statistical models in terms of accuracy and fluency. It enabled the translation of complex texts
while preserving linguistic structures. The true turning point, however, came in 2017 with the
introduction of the Transformer architecture model by Vaswani et al. [50, 80]. The Transformer
model utilized a self-attention mechanism, allowing it to analyze the relationships between
words across an entire sentence, rather than processing words sequentially. This approach
enabled faster training, better contextual understanding and greater scalability [80]. Unlike
previous models, that struggled with longer text dependencies, Transformers were capable of
capturing long-term relationships between words due to their ability to process information in
parallel. Processing information in parallel means executing multiple operations simultaneously.
This increased computational efficiency gave rise to the development of LLMs with billions of
parameters.

Following the success of Transformers, researchers began developing pre-trained LLMs,
which can be fine-tuned for specific applications. The first major pre-trained LLM were
Generative Pre-Trained Transformer (GPT) released by OpenAI and Bidirectional Encoder
Representations from Transformers (BERT) developed by Google [50, 66]. OpenAI played a
key role in advancing LLM technology through its GPT series. OpenAI’s GPT models became
widely known for their accessibility and performance across diverse use cases. The evolution of
the GPT series reflects rapid scaling and architectural refinement:

• GPT-1 (2018) was trained on 117 million parameters, which are learned numerical values
predicting what word is next after a sequence of words. This process is constantly
optimized during training [50].

• GPT-2 (2019) significantly expanded upon its predecessor, trained on 1.5 billion param-
eters, allowing for more coherent and contextually aware text generation and enabling
more complex text generation.

• GPT-3 (2020) marked another significant leap, trained on 175 billion parameters. It
introduced zero-shot and few-shot learning capabilities, allowing the model to perform
tasks without needing explicit retraining for each one [66, 10].

• GPT-3.5 (2022) is a fine-tuned version of GPT-3, incorporating and combining multiple
AI advancements. These were deep learning, unsupervised pre-training, instruction fine-
tuning, multi-task learning, in-context learning and Reinforcement Learning from Human
Feedback (RLHF) [85]. These technologies together enabled GPT-3.5 to generate highly
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coherent, context-aware and human-like responses, making it the first widely adopted
consumer-facing LLM. This version also marked the introduction of ChatGPT, which was
at that time based on GPT-3.5.

• GPT-4 (2023) the last of this series was trained on an enormous set of 1.77 billion
parameters, having introduced multimodal capabilities, such as interpreting text, audio
and images and enabling web browsing [1].

2.1.3 ChatGPT

ChatGPT is the conversational variant of OpenAI’s GPT series, which evolved from GPT-1
through GPT-4 and has since extended into additional modal lines [66, 85]. In late 2022, OpenAI
publicly released GPT-3.5, marking the first time an advanced LLM was made accessible
through an intuitive chat interface. ChatGPT gained global attention due to its ease of use and
human-like conversational abilities, leading to 100 million monthly active users within just two
months, making it one of the fastest-adopted consumer products in history [85]. This success
catalyzed interest in generative AI’s potential for both individual productivity and organizational
transformation.

ChatGPT is capable of having human-like multi-turn conversations, answering a vast range
of queries. However, early concerns arose regarding the accuracy and reliability of its responses,
as ChatGPT occasionally generated factually incorrect or misleading information [86]. These
limitations highlighted the need for critical oversight when applying LLMs to decision-oriented
domains, such as consulting and strategic planning. The latest ChatGPT version of the GPT
series to date is GPT-4, which has web-browsing capabilities, allowing real-time information
retrieval. Additionally, it introduces enhanced multimodal capabilities, enabling users to input
text, images, PDFs and audio files [85]. Having these multimodal capabilities introduces new
tasks it can perform, such as image captioning, paper summarizing and chart reasoning [85].
GPT-4 is able to outperform other LLMs in a variety of NLP tasks, in English as well as other
languages, further demonstrating its capabilities [1].

Following GPT-4, OpenAI launched a new family of models, known as the "o" series. The o
stands for "omnimodel" and is designed for more seamless and efficient multimodal interactions,
o3-pro is its latest version. These models are optimized for chain-of-thought (CoT) reasoning,
enabling more step-by-step analysis in complex tasks. Compared to GPT-4, the "o" models
are particularly favored for reasoning-heavy tasks but are less optimal for language-focused
applications due to longer response times caused by CoT reasoning. The currently deployed
models within ChatGPT are the GPT series and "o" series; GPT-4o, GPT-4.5, o3, o4-mini
and o4-mini-high, each offering distinct strengths in terms of speed, reasoning or multimodal
interaction. As OpenAI has continued innovating with flagship models, so have others.

The rapid adoption of ChatGPT sparked industry-wide competition, prompting companies
like Google and Meta to develop their own publicly available LLMs. Google has since introduced
the Gemini (formerly Bard) and Gemma models, while Meta has launched the LLaMA model
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family, both designed to compete within the evolving AI landscape [53, 78]. Google’s Gemini
represents Google Deepmind’s latest advancement in AI reasoning, Retrieval-Augmented Gen-
eration (RAG) and multimodal capabilities. One of the features were the Gemini model stands
out is its integration of real-time web search [78]. Furthermore, the Gemini family includes
advanced models like LearnLM, which is specifically designed based on the pedagogical litera-
ture to optimize learning via a LLM. This makes it highly effective for learning and tutoring
use cases, offering a more advanced form of AI-based instruction than simply prompting the
LLM to behave as a tutor [78]. Meta’s LLaMa is a pre-trained and instruction-fine-tuned model,
demonstrating advanced reasoning, instruction following and code generation [53]. Moreover,
Meta’s LLaMA, in contrast, positions itself as the most open-source aligned model, though
its licensing restricts commercial use and imposes geographical and branding limitations that
conflict with the Open Source Definition [53]

While Gemini, LlaMa and ChatGPT each bring unique features to the evolving LLM
ecosystem, ChatGPT remains the most widely used and widely studied. Its integration into
sectors such as customer service, finance and healthcare is already established [63]. In the
context of management consulting, its capacity to rapidly synthesize information, generate
insights and perform a variety of analyses underscores its practical relevance. Though LLMs are
not a replacement for expert judgment, recent research demonstrates their augmentative potential.
In one study comparing the performance of a human analyst and ChatGPT on a strategic business
task, the human analyst outperformed the model, but improved their own performance by 12.5%
when using ChatGPT as a support tool [41]. This finding reinforces the notion that LLMs
like ChatGPT, when applied carefully, can support and enhance the effectiveness of strategic
planning activities.

2.1.4 Prompting

LLMs produce meaningful and context-aware responses based on the input they receive, referred
to as a prompt [73]. While early prompting relied solely on text, recent multimodal LLMs can
process combinations of text, images, audio and documents, expanding the scope and complexity
of user interactions [73]. Prompting thus refers to the formulation of these inputs in a way
that steers the model’s behaviour toward desired outcomes. The wording, structure and intent
embedded within a prompt directly influence the model’s relevance and accuracy [49]. As such,
the practice of prompt engineering, reflects the need for deliberate, iterative refinement of inputs
to optimize LLM performance. Rather than passively querying the model, prompt engineering
involves designing, testing and adjusting prompts based on feedback and iteration. This practice
has proven essential for high-stakes, knowledge-intensive domains such as strategic planning,
where generic outputs or misinterpretations can undermine decision quality [14]. Prompting is
now widely recognized as a key digital competence. It blends technical skills (e.g., understanding
model behaviour), cognitive abilities (e.g., problem structuring) and creativity (e.g., framing
open-ended or role-based instructions) to guide AI output effectively [46, 49, 73]. In strategic
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contexts, prompting proficiency directly affects the utility and reliability of AI-generated insights.
As a result, the ability to prompt well is no longer optional; it is increasingly viewed as a critical
skill for professionals interacting with generative AI. This section introduces prompting as a
foundational mechanism for working with LLMs. The remainder of the chapter explores its
historical evolution, key prompting strategies, practical best practices and its formal recognition
as a professional skill.

2.1.4.1 Background and historical development

The concept of prompting has developed in parallel with advancements in LLMs. Early ap-
proaches to NLP were dominated by supervised learning paradigms that required fine-tuning
a model for each specific task. However, as also outlined in 2.1.2, the introduction of the
transformer architecture enabled the creation of more scalable and generalizable LLMs. Initial
transformer-based models, such as BERT and GPT introduced the possibility of using prefix
inputs or natural language templates to steer model outputs, although within relatively fixed
boundaries [23, 65].

A transformative shift occurred with the release of GPT-3 in 2020, which popularized the
pre-train, prompt and predict paradigm, widely considered as a turning point in human-AI
(LLMs) interaction design [49]. In this new paradigm, the model’s behaviour is steered not
through additional supervised training, but by reformulating tasks as natural language prompts.
This eliminates the need for explicit fine-tuning of internal parameter engineering and allows the
model to generate task-relevant outputs directly based on its pre-trained knowledge. Prompting
thus became the primary method for guiding the behaviour of models without changing their
internal parameters, enabling their application across a wide range of tasks, including strategic
planning.

While early uses of prompting by Fan et al., experimented with input phrasing, the concept
of “prompt engineering” was only formally articulated as a methodological practice following
GPT-3’s release, particularly by Reynolds & McDonell [68, 10, 28]. This marked the start of
systematic studies into prompting strategies, such as zero-shot, few-shot and Chain-of-Thought
(CoT) prompting, which formed the foundational backbone of modern prompt design [73, 10].

These foundational techniques have since evolved into a wide range of prompting strategies.
For instance, Sahoo et al. identify 41 distinct prompt engineering techniques, Liu et al. report 26
and Schulhoff et al. list 58, underscoring the field’s rapid expansion [73, 70, 49]. Each of these
works emphasizes the importance of selecting an appropriate prompting strategy depending on
the task and domain-specific context.

Consequently, prompt engineering has become a vital skill and a critical digital competence.
Writing effective prompts now requires a combination of technical precision, domain knowl-
edge and cognitive effort [46]. In knowledge-intensive activities, such as strategic planning,
where contextual understanding and goal alignment are crucial, the ability to engineer prompts
meaningfully influences the value of AI-generated outputs.
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2.1.4.2 Prompting strategies

As aforementioned the output of a LLM is significantly influenced by how its prompt is for-
mulated. This has led to the development of various prompting techniques recently, each with
its own uniqueness and purpose. Within strategic planning, a domain characterized by its
knowledge-intensive sector it’s crucial to design a prompt in order to retrieve the best possible
outcome. Drawing from academic literature, four prompting strategies are chosen: zero-shot,
few-shot, Chain-of-Thought (CoT) and Retrieval-Augmented Generation (RAG) [70, 73]. To
ensure consistency across the examples, all prompting strategies are applied to the same illustra-
tive case:

A European technology consulting firm is considering launching a “Managed Generative AI
Advisory Service” as a new offering for enterprise clients. The aim of the service is to help
organizations adopt and govern generative AI solutions in a compliant and scalable manner.

The examples are presented in a hybrid structure. First, iteration within the zero-shot strategy
demonstrates how refinement improves quality. Thereafter, more advanced strategies build
upon the previous outputs: few-shots addresses the limits of zero-shot, CoT adds structured
reasoning and Retrieval-Augmented Generation (RAG) grounds results in external evidence.
This approach shows both intra-strategy iteration and intra-strategy escalation (i.e., building
upon previous strategies), reflecting how prompting develops in practice.

Zero-shot is a simple prompting method, it refers to presenting the model with only an
instruction or question, without any examples. This minimalist approach relies entirely on the
model’s pre-trained knowledge, depending purely on carefully crafted prompts to guide the
output [65, 70]. While simple to apply zero-shot prompts require careful phrasing to ensure
clarity and avoid ambiguous results. Prompt structure can be optimized by assigning roles,
specifying tone, structure guidance or embedding stylistic cues [70]. This method may be
well-suited for preliminary tasks, such as performing a basic PESTLE analysis, idea generation
and early-stage brainstorming, which are exploratory scenarios providing initial guidance.

In Figure 2.1, the zero-shot prompt produces a generic output with limited structure and no
quantification. On reviewing this, the prompt was refined to address the identified shortcomings:
the role of a senior consultant was introduced to raise the professional standard, the style
was framed in consulting language to align with client expectations and explicit case context
was added to reduce generic phrasing. The refined prompt, Figure 2.2, produces a more
nuanced feasibility analysis, including indicative figures such as team size and break-even
horizon and presents trade-offs in an advisory tone. This demonstrates the iterative process of
diagnosing weaknesses in an initial output and modifying the prompt accordingly, a critical
digital competence for consultants using generative AI.
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Model input (ZS — Iteration 1)
Analyze the feasibility of launching a Managed Generative AI Advisory Service in
consulting.

Model output (ZS — Iteration 1)
High demand expected from clients; risks include regulation and lack of trust; requires
investment in infrastructure and skilled staff.

Figure 2.1: Zero-shot iteration 1, a naïve prompt results in generic and shallow insights,
resembling a quick online search.

Model input (ZS — Iteration 2)
You are a senior strategy consultant at a renowned global consulting firm, recognized
for delivering high-impact recommendations on technology-driven growth strategies.
Adopt a professional consulting style and communicate with a confident, advising tone.
Case: A client is considering launching a Managed Generative AI Advisory Service.
Provide a feasibility assessment that reflects both market potential and operational
challenges, culminating in a clear go/no-go recommendation.

Model output (ZS — Iteration 2)
The feasibility of launching a Managed Generative AI Advisory Service is strong but
requires a disciplined execution strategy. Client demand is accelerating: over 65% of
European enterprises report piloting GenAI in 2024, yet only 20% have governance
frameworks in place — creating a clear advisory gap. The competitive landscape
remains fluid: while Accenture and BCG are experimenting with AI advisory, most
rivals focus narrowly on tools, leaving space for a compliance-first managed offering.
Risks are non-trivial: the EU AI Act could increase compliance overhead by C0.2–0.4M
annually and talent scarcity will push initial hiring costs up by 15–20%. Nonetheless,
with a dedicated 12–15 FTE launch team, expected billable utilization above 70% and
three anchor clients, breakeven is achievable within 24–30 months.
Recommendation: Proceed with launch, positioned around responsible adoption and
measurable ROI, which resonates strongly with executive clients navigating regulatory
uncertainty.

Figure 2.2: Zero-shot iteration 2: refinement through role, style and tone leads to quantified,
trade-off oriented insights that go beyond generic commentary.

In contrast to zero-shot prompting, few-shot prompting relies less on prompt precision, as
it provides a few input-output examples to give the model more context, before providing the
actual query [10]. This improves accuracy by guiding the model’s response but requires more
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tokens than zero-shot prompting [70]. This approach enhances performance in activities that
benefit from structure or patterns, as this model is already presented with likewise tasks on how
to solve them. This method may be well-suited for generating a competitor analysis that follows
a predefined format, where the consultant provides a few prior examples to ensure consistency
across different industries or clients.

In Figure 2.3, the model receives one input-output example before being given the actual task.
This helps the LLM replicate the analysis style and provides clearer structure than in the zero-
shot case, but it does not clearly outperform the refined zero-shot iteration. This demonstrates an
important point: a well-crafted zero-shot prompt can already produce consulting-grade insights
and a minimal few-shot example may not add much depth on its own. The output remains fairly
high-level, lacking segmentation, assumptions and risk mitigations.

Figure 2.4 shows the second iteration of few-shot prompting, where a refined, more compre-
hensive exemplar is used to calibrate both style and analytical depth. This refinement directly
addresses the shortcomings of the first iteration: the model now introduces demand segmentation,
articulates assumption and provides a structured risk. Here the value of few-shot prompting
becomes clear: the model produces a standardized consulting deliverable aligned with the
exemplars. By embedding best-practice formats into the prompt, consultants can ensure outputs
consistently follow established strategic assessment standards. Unlike the zero-shot case, the
few-shot approach ensures consistency of format and depth, which is critical in consulting
practice.

Model input (FS — Iteration 1)
Exemplar (Input → Output):
Input: Assess the feasibility of a new cloud ERP service for SMEs.
Output: Market adoption accelerating in SMEs; risks in integration costs and talent
availability; ROI horizon of 3–4 years with phased roll-out.

Task: Using the same style as the example above, assess the feasibility of launching a
Managed Generative AI Advisory Service.

Model output (FS — Iteration 1)
Market adoption of Generative AI advisory is growing; enterprises are actively pilot-
ing AI but lack governance frameworks. Risks include regulatory uncertainty, talent
shortages and client hesitation to commit budgets. ROI horizon is around 2–3 years
with early anchor clients. Differentiation possible through a compliance-first managed
model.

Figure 2.3: Few-shot iteration 1, one basic exemplar improves structure over zero-shot but still
lacks segmentation, quantification and actionable mitigations.
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Model input (FS — Iteration 2)
Exemplar A (Input → Output)
Input: Assess a managed AI customer support assistant for software companies.
Output (format to learn):
Executive view: Viable for software vendors with high ticket volumes seeking faster replies.
Demand segmentation: - SaaS with many “how-to” questions: strong fit. - On-premise software:
moderate fit, fewer tickets.
Risk–mitigation (1 row example): Wrong answers ⇒ restrict to approved knowledge base and
add supervisor review.
ROI horizon: 12–18 months with three mid-market clients.
Key OKR (Q1): Cut average first response time by 40% on two pilot accounts.
Differentiation: Quick integration with helpdesk tools and clear quality dashboards.

Task (apply the same structure learned from the exemplars):
Assess the feasibility of launching a Managed Generative AI Advisory Service. Return the same
sections as in the exemplars: (i) Executive view, (ii) Demand segmentation, (iii) Risk–mitigation
table, (iv) ROI horizon, (v) Key OKRs (first 12 months), (vi) Differentiation.

Model output (FS — Iteration 2)
Executive view: Launching a Managed GenAI Advisory Service is feasible and timely. The
market is expanding rapidly and demand for compliance-ready AI guidance is underserved.
Demand segmentation: - Financial services: High demand for AI governance frameworks.
- Healthcare: Strong need for compliant workflows and documentation. - Manufacturing:
Moderate adoption, tied to predictive maintenance and quality control pilots.
Risk–mitigation table (excerpt):

Risk Likelihood Mitigation

Compliance over-
head

High Establish governance processes upfront

Talent scarcity Medium Targeted recruitment, partnerships with
AI vendors

Client skepticism Medium Proof-of-value pilots and ROI case stud-
ies

ROI horizon: Breakeven achievable in 24–30 months with ≥3 anchor clients and 70%+ utiliza-
tion.
Key OKRs (first 12 months): Q1: secure 2 lighthouse clients; Q2: utilization ≥65%; Q3:
compliance framework operational; Q4: NPS ≥50.
Differentiation: Position as the trusted partner for responsible GenAI adoption, leveraging
compliance-first delivery, managed operations and measurable ROI.

Figure 2.4: Few-shot iteration 2, the refined exemplar teaches the full consulting template, now
adding segmentation, a risk–mitigation table, quantified ROI and OKRs for a decision-ready
deliverable.
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For more complex reasoning tasks, CoT prompting has been introduced, as LLMs often
struggle with complex reasoning [81]. CoT encourages LLMs to break down problems into
intermediate steps. This improves logical reasoning and improves the results in areas such as
mathematics and structured decision-making [70]. This prompting method also presents an
opportunity to understand how the model came to its output [81]. This is beneficial for identifying
hallucination or logical errors, as can often happen with LLMs [86]. This method may be well-
suited for assessing strategy feasibility, where consultants must break down the process into
sequential steps, such as evaluating legal barriers, assessing competitive intensity, estimating
cost structures and forecasting ROI, to ensure a transparent and justifiable recommendation.

As can be seen in Figure 2.5, CoT prompts the LLM to break down the complex task into
distinct steps, explicitly outlining the required structure for the output. Unlike few-shot, it
doesn’t provide a full example but rather instructs the model on how to approach the problem,
leading to a more structured and reasoned response. However, the output remains descriptive,
counterarguments are not considered and assumptions are left implicit.

After review, the prompt was refined to require a brief argument map with explicit assump-
tions, step-by-step reasoning and short responses to likely objections. The revised version in
Figure 2.6 delivers a clear, checkable line of reasoning that supports a defensible go/no-go deci-
sion. This illustrates iterative refinement: diagnosing weaknesses in the first pass and adjusting
the prompt to produce more transparent, decision-ready logic an essential digital competence.
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Model input (CoT — Iteration 1)
You are an senior strategy consultant. Step by step, reason through the feasibility of
launching a Managed Generative AI Advisory Service, building on the few-shot assess-
ment:
(1) relate demand to regulatory risk,
(2) relate delivery capacity to talent constraints,
(3) relate cost structure to ROI horizon,
(4) conclude with a recommendation grounded in these trade-offs.

Model output (CoT — Iteration 1)
Demand vs. regulation. Demand is strongest where governance is mandatory (finance,
healthcare). Regulatory exposure is a risk, but a compliance-first posture converts it into a
differentiator.
Capacity vs. talent. Talent scarcity is binding in the short term; narrowing initial scope
to two sectors raises utilization and protects delivery quality.
Cost vs. ROI. Upfront costs are unavoidable, yet a managed model turns advisory into
recurring value, stabilizing returns after the ramp.
Recommendation. Proceed with a focused launch in two regulated sectors; stage hiring
to signed anchors; make governance the centrepiece of the value proposition.

Figure 2.5: Chain-of-Thought iteration 1, explicit trade-offs surface the reasoning, but the
argument is still compact and largely qualitative.
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Model input (CoT — Iteration 2)
Act as a strategy partner. Using chain-of-thought, present your reasoning as a concise
argument map for the feasibility of a Managed Generative AI Advisory Service, building
on the few-shot assessment. Use exactly these sections in your final output (no scratch
work): (1) Framing question, (2) Explicit assumptions (3–5 bullets), (3) Reasoning steps
(premise → inference → implication; 5–7 lines), (4) Counterarguments & responses (2–3),
(5) Decision & rationale (≤4 sentences). Avoid heavy numbers; focus on logic, trade-offs
and causality.

Model output (CoT — Iteration 2)
Framing question. Is a compliance-first Managed Generative AI Advisory Service
feasible and defensible as a new offering?
Explicit assumptions. • Enterprises are piloting AI faster than they can build governance.
• Regulated sectors value auditability and policy templates.
• Early delivery capacity is limited; focus is required.
• Clients prefer low-risk starts (pilots) with clear success criteria.
Reasoning steps (premise → inference → implication). 1) Many pilots lack governance
→ buyers seek trusted guidance → an advisory service centred on governance is valued.
2) Regulation raises perceived risk → providers who operationalize compliance reduce
buyer anxiety → compliance-first positioning differentiates.
3) Scarce talent limits breadth → concentrate on two sectors with similar needs → higher
utilization and consistent quality.
4) One-off projects reset learning → managed engagement preserves context → recurring
value and stickier client relationships.
5) Executives need proof before scale → pilot-led entry with clear success metrics →
faster internal buy-in and referenceability.
6) Competing firms market tooling → advisory that ties process, policy and onboarding
fills a gap → defensible space against tool-only vendors.
Counterarguments & responses. • “Regulation could delay adoption.” Response: pilots
scoped to policy-compliant use cases create a safe on-ramp.
• “Talent is too scarce.” Response: narrow sector focus + partner bench offsets early
constraints.
• “Clients may build in-house.” Response: governance frameworks and operating rhythms
transfer, but managed oversight remains valuable.
Decision & rationale. Proceed with a compliance-first managed advisory focused on
two regulated sectors. The argument map shows demand rooted in governance gaps,
a clear differentiation against tool-centric rivals and an operating model that converts
advisory into recurring value. Scope, sequence and governance gates control downside
while credibility accumulates through pilot-led wins.

Figure 2.6: Chain-of-Thought iteration 2, an explicit argument map makes the reasoning
auditable, where premises, inferences and implications lead to a defendable decision.
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While the previous techniques utilize existing pre-trained knowledge, RAG enhances LLM
capabilities by retrieving and incorporating external data sources before generating an answer.
This retrieved information is then integrated into the prompt. This prompting technique is used
for knowledge-intensive tasks, as the LLM now does not primarily have to rely on its training
data [73]. For example, the LLM may first browse the web before responding, enabling it to
provide real-time, fact-based answers [70]. As a result, RAG is well-suited for strategic planning
activities such as market trend analysis, where relying solely on training data could result in
outdated or incomplete outputs [70]. Moreover, by grounding responses in external facts, RAG
reduces the likelihood of hallucinations, instances where the model generates plausible-sounding
but incorrect information, thereby improving factual accuracy and decision reliability.

The last example, as shown in Figure 2.7, includes an explicit instruction to ’retrieve’ external
information before generating the response. This indicates that the LLM is expected to fetch
and integrate real-time or specific external knowledge into its answer, differentiating it by its
reliance on up-to-date, external data sources. However, this iteration does not yet provide an
in-depth answer on the feasibility of launching a Managed Generative AI Advisory Service.

Iteration 2 of RAG (Figure 2.8) provides an in-depth, decision-ready analysis rather than a
high-level summary. It introduces claim–source tags ([S1]–[S4]) and a consolidated source list
at the end of the output, so each material statement can be audited. The output also marks, per
statement, which source underpins the claim and where available includes direct links to the
underlying documents, enabling immediate fact-checking. This structure materially improves
traceability, reduces hallucination risk and clarifies feasibility by tying evidence to scope, risks
and Go/No-Go conditions.

Model input (RAG — Iteration 1)
Act as strategy partner. Retrieve recent, reputable industry and regulatory sources (e.g.,
Gartner 2024, IDC 2024, EU AI Act draft). Assess the feasibility of launching a Managed
Generative AI Advisory Service. Provide a short synthesis with high-level references.

Model output (RAG — Iteration 1)
Demand signals: enterprise adoption of AI initiatives is rising; many firms seek governance
guidance (Gartner, 2024).
Market spend: advisory and enablement spend is growing at double digits (IDC, 2024).
Regulatory context: the EU AI Act introduces transparency and controls that create
advisory demand, especially in regulated sectors (EU AI Act draft, 2024).
Feasibility: positive if positioned as compliance-first managed advisory; expected to
resonate with finance and healthcare buyers.

Figure 2.7: Retrieval-Augmented Generation iteration 1, external retrieval grounds claims but
lacks per-claim traceability.
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Model input (RAG — Iteration 2)
Act as a strategy partner. Retrieve (date ≥ 2024) from reputable sources (e.g., Gartner, IDC,
European Commission/EU AI Act text, ISO/IEC standards). Produce a Decision Brief for
launching a Managed Generative AI Advisory Service (EU focus). Requirements: A) Demand
& spend signals (qualitative or ranges), B) Buyer ICPs & triggers (who buys, why, when), C)
Regulatory implications (obligations shaping scope), D) Risks & mitigations, E) Go/No-Go with
conditions. For every material claim, attach a bracketed key [S1]–[S4] and list sources at the end
with titles.

Model output (RAG — Iteration 2)
Decision Brief: Managed GenAI Advisory (EU, 2026 launch)
A) Demand & spend signals. Enterprise GenAI programs are moving from pilots to governed
scale; AI services spend growing at double-digit rates across EMEA [S1][S2].

B) Buyer ICPs & triggers. Primary ICPs: regulated enterprises (FSI, healthcare, public) with
multi-model estates. Triggers: board-level AI strategy mandates; upcoming audits; vendor
consolidation; post-pilot production risk reviews [S1][S2].

C) Regulatory implications (scope shaping). EU AI Act introduces obligations around
transparency, risk management, data governance and post-market monitoring, with phased
enforcement; ISO/IEC AI management system standards formalize control frameworks [S3][S4].

D) Risks & mitigations. Scope creep → fixed discovery + control catalog [S3]. Model/provider
lock-in → multi-model reference architecture [S1]. Value capture risk → KPI tree (use-case ROI,
time-to-value) and stage gates [S2].

E) Go/No-Go (conditions). Go if: (1) verticalized control library (FSI, healthcare) is ready; (2)
partner ecosystem covers audit/assurance; (3) pricing aligns to outcomes (pilot, scale). No-Go if:
client lacks data governance owner or refuses minimal documentation [S3].

Claim–source traceability
• “Double-digit AI services growth” → [S2]
• “Governed scale replacing pilots” → [S1]
• “Transparency/risk management obligations” → [S3]
• “Management system approach to AI controls” → [S4]

Sources:
S1) Gartner (2024): Enterprise GenAI adoption and governance trends.
S2) IDC (2024): AI services/advisory spend growth outlook (EMEA).
S3) European Commission / EU AI Act (2024): risk-based obligations and timelines.
S4) ISO/IEC (2024): AI management system / governance standards guidance.

Figure 2.8: RAG iteration 2, adds claim-level traceability, light quantification and enforceable
decision conditions vs. iteration 1. 25



Across all four strategies, iteration 1 reveals concrete shortcomings (generic scope in zero-
shot, limited depth/consistency in few-shot, implicit assumptions in CoT and non-auditable
evidence in RAG). Iteration 2 then addresses these gaps in a targeted way: role/tone/context
raise quality in zero-shot; exemplars standardize client-ready structure in few-shot; argument
maps make reasoning transparent in CoT; and per-claim citations with conflict checks make
RAG auditable. Together, these iterations show that prompt engineering is an iterative craft.
Deliberate refinements produce considerable gains in structure, reasoning transparency and
evidentiary traceability. This establishes prompt engineering as a critical digital competence for
consultants using generative AI.

Table 2.1 provides a clear overview of the prompting strategies: zero-shot, few-shot, CoT
and RAG. By displaying its typical output, limitations and strategic value in consulting.

Prompting
Strategy

Typical Output Limitation Strategic Value in Con-
sulting

Zero-shot Generic, exploratory
insights (e.g., opportuni-
ties/risks list), improve by
introducing: role, tone and
guidance

Shallow, lacks sector nu-
ance

Quick brainstorming, start-
ing point

Few-shot Structured outputs follow-
ing exemplars (e.g., com-
petitor matrix)

Requires high-quality ex-
amples; risk of copying
bias

Template-consistent deliv-
erables; repeatable analy-
ses

CoT Stepwise reasoning with
explicit assumptions

May overcomplicate sim-
ple tasks

Transparency, traceability,
scenario evaluation

RAG Evidence-based outputs cit-
ing external sources

Requires curated knowl-
edge base

Traceability, credibility,
grounding in real-time data

Table 2.1: From zero-shot to RAG: comparative overview of prompting strategies in consulting

These prompting strategies demonstrate that prompt formulation directly influences a LLM
effectiveness, making prompt engineering a critical factor in AI-driven communication and
decision-making [70]. While these unique prompting strategies have been explained and
illustrated, they can also be combined to retrieve a more optimal output. For instance, CoT can
be integrated with few-shot prompting, leading to the development of few-shot CoT. Therefore,
it is important to carefully consider a tailored prompting strategy that suits the desired goals.

2.1.4.3 Prompting best practices

Effective prompt engineering is crucial for maximizing the capabilities of LLMs. A well-
designed prompt increases the relevance, factual accuracy and contextual awareness of the
model’s output. Drawing from the literature, several best practices have been found that guide
prompt formulation to optimize performance and reduce the risk of misleading or hallucinated
responses.
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Foremost among these is the imperative to craft prompts with clarity and specificity. Ambigu-
ous or vague prompts often result in incoherent or overly general outputs. Precision in phrasing
is crucial for ensuring the model’s complete comprehension of the desired output [70, 73]. A
particularly strong technique involves assigning a distinct role or persona to the LLM (e.g., "Act
as a management consultant" or "You are an expert in the area of strategic planning"). Such
strategic guidance refine the model’s response style, content and narrow its focus to a specific
domain, thereby aligning closer to the user’s intent [16, 70]. Furthermore, when using examples
within prompts it’s crucial that they are of high quality. These examples should perfectly match
the style and format as the desired output, this greatly increases the chance the LLM output will
be accurate and relevant [16].

Common pitfalls in prompting include the use of overly broad instructions, mixing tonal
or structural styles and the inclusion of personal opinions, which can produce incoherent
or hallucinated responses, reducing the quality and trustworthiness of the model’s output
[73]. LLMs tend to reflect sentiment and affirm assumptions provided by the user, which
can compromise objectivity, especially in analytical tasks. Maintaining consists tone and
structural logic is therefore important, particularly when using structured approaches such as
CoT prompting.

Lastly, prompt engineering is inherently an iterative process. There is rarely a perfect prompt
on the first try; instead, prompting involves repeated testing and refinement based on the model’s
responses. Observing how changes in structure, wording or context affect the output allows
users to fine-tune prompts for both accuracy and clarity [46, 68]. This iterative nature further
highlights why prompting is not just a technical trick, but a professional skill that continues to
evolve alongside advancements in LLM capabilities.

Following these best practices enhances consistency, reduces hallucinations and maximizes
the relevance. It is hard to master all these techniques, which highlights why prompting in
combination with prompt engineering is now recognized as a vital skill that continues to evolve.

2.1.4.4 Prompting as a skill

Once a nascent concept, prompting has rapidly evolved into a critical digital skill in the 21st
century, fundamentally reshaping how humans interact with AI systems. With the emergence
of advanced LLMs, guiding model behaviour through prompts has become central to AI use,
particularly in professional and analytical contexts [49]. This shift has given rise to prompting as
a distinct and valuable competence, necessary to translate complex tasks into effective machine-
readable instructions. Prompting is no longer a passive interaction but a learned process that
demands a combination of technical precision, cognitive structuring and creative articulation.
Unlike traditional information literacy, which focuses on evaluating and retrieving static in-
formation, prompting requires users to actively construct dynamic input that influences model
reasoning and output [46]. As such, it aligns closely with earlier discussed concepts like prompt
engineering, which relies on the iterative refinement of inputs to improve relevance, accuracy and
transparency. As Federiakin et al. argue, prompt engineering is an emerging skill that supports
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both personal adaptability and professional capability in AI-mediated environments [29]. The
growing importance of prompting as a professional skill reflects the broader transformation in
human-AI collaboration. It is no longer sufficient to understand what an AI can do, users must
now know how to instruct it effectively. This competence continues to evolve alongside model
capabilities, positioning prompting as a foundational skill for effective AI-supported strategic
decision-making.
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2.2 Strategic planning

Every organization regardless of industry, size or field has a fundamental purpose. This purpose
can be to maximize shareholder value, focus on innovation, expand into new markets, contribute
to society or enhance environmental sustainability. Large multinational organizations might
aim for global market dominance, while start-ups often prioritize agility and growth. However,
having a clear purpose is not the full picture; organizations also need to determine how to achieve
these objectives effectively [12].

Achieving these objectives requires aligning resources, analyzing market trends, positioning
competitively and making informed decisions [12]. The fast pace of technological and market
change makes this process increasingly complex and time-intensive [62]. As early as 1986 orsini
underlines this by noting that strategic planning involves multiple factors, including but not
limited to intensive data gathering, in-depth analysis, stakeholder meetings, scenario evaluation
and report generation [62]. These challenges affect diverse sectors, from healthcare and finance
to technology and consulting that remain especially salient today. Their prominence is intensified
by the volume and velocity of available data and, increasingly, the rise of AI in the business
world.

This study focuses specifically on the management consulting sector, conducting the research
within a Big Four consulting firm. In this context, strategic planning stands out as one of the
most influential and widely used tools in business, providing a structured approach to navigate
uncertainty, optimize performance and maintain a competitive edge in an evolving world [13,
83]. The adoption of strategic planning is especially seen in contemporary organizations [35,
83]. Contemporary organizations are organizations that are decentralized, agile, strive for
innovation and engage in teamwork enabling a faster response to market changes due to reduced
bureaucracy [74]. The consulting firm under study reflects these characteristics, making it a
relevant and representative context for this research.

Within this environment, the growing integration of generative AI, especially LLMs like
ChatGPT, presents new opportunities to support strategic planning process and addressing
associated challenges. These can generate context-aware insights, synthesize reports and
support environmental analyses offers potential efficiency and quality gains in strategic planning
activities.

2.2.1 Definition and purpose

Strategic planning is a structured process that organizations use to define their long-term goals
and determine the best ways to achieve them [13]. This is executed through a process, a
process that involves formulating strategies to achieve these goals and effectively allocating
resources to ensure success, a task that can be undertaken by management consultants who apply
their specialized knowledge and expertise [83, 51]. The appropriate time horizon for strategic
planning remains contested in the literature. While some experts contend that the ideal time
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range for strategic planning is around 1.5 to 3 years, others argue that the optimal duration is
highly dependent on sectoral dynamics and environmental uncertainty [6, 9]. Research shows
that during environmental uncertainty managers tend to expand the scope and intensity of
strategic planning efforts [9]. For instance, technology-intensive industries often benefit from
shorter horizons to remain adaptive to rapid innovation cycles, whereas capital-intensive sectors
may favor longer planning periods to accommodate investment recovery and regulatory stability.
According to Bryson, strategic planning is essential for organizations to stay aligned with their
goals and missions [13]. This is done continuously and iteratively an insight that resonates
with earlier discussions on prompt engineering and LLM usage, where iteration and refinement
are also critical [13]. Frameworks such as SWOT analysis exemplify this iteration, helping
organizations reassess internal strengths and weaknesses alongside external opportunities and
threats to evaluate strategies [7]. The SWOT analysis is one of many tools and frameworks
within strategic planning. This allows organizations to adapt to changing circumstances and
remain relevant in the future [13, 12].

In other words, strategic planning is used when there is need for clarity, direction and focus
within an organization. It becomes particularly important when an organization faces significant
challenges, such as conflicting demands, resource limitations or changing external conditions
[13]. Using strategic planning the organization can identify priorities, align their efforts and
develop actionable steps to address these challenges effectively.

A further crucial benefit of strategic planning is its role in improving decision-making [12].
Nutt found that at least half of all strategic decisions fail due to poor decision-making processes
[59]. Strategic planning helps mitigate this risk by directing attention to critical issues and
challenges, as mentioned above, within the organization, enabling key decision-makers to take
well-informed actions.

2.2.2 Practitioners of strategic planning

Mintzberg argues that strategic planning should not be limited to executives and planners, as
effective strategy-making benefits from the insights and experiences of individuals across all
layers of the organization [55]. Having strategies purely based on executives can result in rigid,
overly analytical strategies that are disconnected from existing operational challenges [55]. In
contrast, involving middle managers strengthens contextual awareness in defining the right
strategy. Positioned between executive leadership and operational teams, they possess both
upward access to strategic vision and downward familiarity with practical operational challenges
[84]. Moreover, as of now, middle and lower management tend to lack involvement with regards
to strategic planning within the organization, while top management is not involved in the overall
operations [34]. Gandrita emphasizes that involving everyone in the organization’s strategic
planning creates a shared understanding of goals and fosters a sense of shared ownership across
all levels [34]. Therefore, it essential to not only focus on top management but include all layers
of the organization.
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In this light, the integration of generative AI tools like ChatGPT holds potential to support
more inclusive strategic planning. By lowering the barrier to generating structured input (e.g.,
through prompting), LLMs can enable non-executives to articulate insights, identify risks or
summarize local knowledge in ways that can feed into strategic planning processes.

2.2.3 Management consulting

Strategic planning is important for contemporary organizations, helping them set goals, use
resources effectively, adapt to changing markets and increase organizational performance [83,
35]. While strategic planning is commonly associated with corporations seeking competitive
advantage, it is also essential within the management consulting sector itself [51]. Consulting
firms, like the organizations they advise, must continuously refine their services, develop internal
capabilities and adapt to changing business environments to differentiate themselves from
established competing companies, such as McKinsey or Bain Consulting Group (BCG), as the
industry keeps expanding both geographically and in scope [15]. A study of Kenyan management
consultancy firms revealed that strategic planning helps them develop competitive strategies,
focus on core competencies and adapt to the environment [51]. Moreover, the Maina study
highlights that organizations engage management consultants to address complex management
problems, identify and seize new opportunities and guide implementation changes [51]. This
two-sided dynamic means that consulting firms not only deliver strategic planning services, they
must also actively practice them internally to remain agile and relevant.

Management consulting can be described as either a professional advisory service or a
method of providing practical advice for a task where the consultant has no direct control over
implementation [47]. According to Whittington consultants are outside strategy advisers in the
context of strategic planning, as they provide an unbiased outsider’s perspective [82]. Their
profession is to provide added value to their clients by leveraging business or IT knowledge to
solve management and operational challenges.

However, while consulting firms focus on guiding external organizations, they themselves
must also engage in strategic planning. According to Kubr, management consulting is "an
independent professional advisory service assisting managers and organizations to achieve
organizational purposes and objectives by solving management and business problems, iden-
tifying and seizing new opportunities, enhancing learning and implementing changes" [47].
This definition underscores that consultants help organizations develop actionable strategies, a
core function that mirrors the essence of strategic planning itself. As consultants guide other
businesses in defining goals and structuring their paths to success, they must also apply similar
principles to ensure the growth and sustainability of their own firm, especially in a fast-changing,
tech-driven landscape. This is realized by implementing strategic planning in the organization
[51, 71].

As discussed in Subsection 2.2.2, the strategic planning process benefits from input across all
layers of the organization. Within consulting firms, this includes everyone from junior analysts
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to senior partners. Here the integration of generative AI hold particular relevance. By supporting
ideation, generating tailored analyses and enabling fast access to contextual insights, LLMs
can enhance consultants’ ability to contribute at every level [44]. Moreover, as consultants are
often early adopters of digital tools, their use of LLM for internal strategy and client analysis
illustrates how prompting competence can evolve into a core consulting skill.

2.2.4 Process of strategic planning

As mentioned above, strategic planning is a structured process designed to define long-term
goals, formulate strategies and allocate resources efficiently. Within the management consulting
sector, this process is not only essential for guiding client organizations, but also for ensuring
that consulting firms themselves remain competitive, agile and well-positioned in an evolving
industry landscape [47].

There are various definitions of the strategic planning process. Mintzberg characterizes
it as a highly structured, formalized and bureaucratic process [54]. According to him, the
planning model involves setting objectives, conducting internal and external analysis, evaluating
the chosen strategy, operationalizing it and afterwards keeping control of it. However, he
argues that such a bureaucratic and rigid approach might hinder flexibility and responsiveness
within the organization [55]. Schendel and Hofer proposed a nearly identical process, but
differentiated it by explicitly including a strategy formulation phase, resulting in a total of
six distinct steps [71]. Meanwhile, Ketokivi and Castañer describe the process of strategic
planning as activities conducted periodically, such as budgeting, resource allocations and annual
assessments , framing the process as both cyclical and embedded in organizational operations
[45]. Bryson describes strategic planning as a structured yet iterative process involving goal-
setting, strategy formulation, resource allocation and regular assessments, ensuring organizations
stay aligned with their mission while adapting to internal and external changes [12].

This study will adopt the strategic planning model proposed by Schendel and Hofer as
our primary framework, as it provides a clear and structured approach. The strategic planning
process used in this research is presented in Figure 2.9. This figure shows that the strategic
planning model is a linear yet iterative process. The cyclical nature, represented by the node
"iterative feedback", shows that the strategy control & monitor step provides iterative feedback
to all preceding steps. To further enhance this model’s applicability, it will be supplemented
with insights from contemporary academic literature, allowing other researchers to build upon
and refine it.
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Figure 2.9: The six-step strategic planning process

The first step is determining organizational objectives. These goals can be measurable, such
as revenue growth or increased market share, but must be framed carefully. However, this must
be approached with caution because an over-reliance on numerical targets can blur the line
between setting objectives and actually developing a strategy [54]. While goals are integral, they
should not overshadow the strategic process; the emphasis must remain on how to achieve these
objectives, rather than solely on meeting the numeric benchmarks. Objectives should guide
action, not become the sole metric of success.

The second step, which is quite extensive, is conducting an environmental analysis to
evaluate both external and internal influences on the organization that could affect a company’s
success [13, 83, 71]. Various analytical tools exist for this step. One common framework is
the SWOT analysis, which identifies strengths, weaknesses, opportunities and threats of an
organization [7]. Another widely used framework is PESTLE analysis (political, economic,
social, technological, legal and environmental), which can be employed alongside SWOT to
ensure a more comprehensive environmental evaluation [83, 2]. Stakeholder and competitor
analyses, such as Power-Interest Matrix or Porter’s Five Forces, are also critical for understanding
the broader environment, as they have a major effect on the organization [64, 54, 13, 52].
Combining all these tools produces more accurate and powerful results and strategic decisions
[7]. The effectiveness of these tools depends on identifying the right factors to analyze, such
as political, economic and technological trends, competitive pressures or stakeholder interests.
Overlooking a critical factor can be more detrimental to an organization than inaccurately
forecasting its impact. Therefore, selecting the most appropriate tool or a combination of tools,
based on the specific strategic context is essential [71]. These tools, especially when combined,
play a crucial role in strategic planning by offering a structured approach to analyzing internal
and external influences. Given the increasing integration of AI in business processes, it is
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important to examine how generative AI can enhance these tools [63]. Research has already
shown that generative AI can improve efficiency and decision-making by automating data
analysis, identifying patterns and generating insights that might be overlooked by traditional
methods [69, 44]. Particularly in management consulting, where time-constrained analyses
are common, LLMs like ChatGPT can augment this phase by enabling consultants to prompt
effectively to enhance strategic planning work.

The third step is strategy formulation, where insights gained from internal and external
analyses guide the development of strategies. This phase positions the organization strategically
within its environment to achieve established objectives effectively [71]. The strategy formu-
lation involves clear steps, according to Schendel and Hofer: (1) problem identification, (2)
problem analysis, (3) generation of alternatives, (4) evaluation of alternatives and (5) selection
of the best option [71]. This structured approach is aimed at solving organizational challenges
systematically. However, they acknowledge that strategy formulation can also be informal or
implicit, particularly in smaller or entrepreneurial organizations, where strategy may emerge
organically from the founder’s intuitive understanding of the organization and its environment
rather than through formal analysis. Since management consultants typically work with larger
organizations where formal strategy formulation is standard, we include the environmental
analysis as a key component of the strategic planning process. In this phase, LLMs can also play
a supportive role, enabling consultants to quickly prototype multiple strategies and compare
them through iterative prompting.

The fourth step involves strategy evaluation. Here, the organization assesses whether the
proposed strategy under the given environmental conditions leads to the desired objectives [71].
According to Schendel and Hofer, evaluation requires answering two fundamental questions:
first, whether the existing strategy adequately meets organizational goals and second, whether
any proposed alternative would perform better given anticipated environmental circumstances
[71]. Techniques to evaluate this are risk analysis, early performance metrics, return on invest-
ment measures and tools for testing strategic consistency and feasibility [71]. Another proposed
method to evaluate the strategy is through value creation; will the value of the company increase
by this strategy [54]? Lastly, other key evaluation criteria include consistency (internal coher-
ence), consonance (external fit), advantage (competitive edge) and feasibility (realistic within
resource limits) [54]. LLMs can be prompted to assess strategy feasibility or alignment based on
predefined evaluation criteria, offering rapid assessments or generating structured documentation
to support decision-making. In addition, various strategic scenarios can be quickly created
and compared or evaluated by LLMs. Moreover, preliminary risk analyses can be conducted,
enabling consultants to identify potential weaknesses or trade-offs before full implementation.
This not only accelerates the evaluation process but also enhances analytical rigor by introducing
alternative perspectives and data-informed reasoning into strategic discussions.

The fifth step is strategy implementation, where the chosen strategy is converted into
actionable tasks and executed throughout the organization [54]. According to Schendel and
Hofer, implementation primarily involves administrative tasks, including aligning organizational
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structure, processes and behaviour’s with strategic objectives [71]. Key factors are to determine
clear roles and responsibilities and accurately allocating resources. Consultants often play a
facilitative role in ensuring that the transition from planning to action is executed without loss of
strategic intent [47].

Finally, the last step involves control and monitoring. To control and monitor the strategy,
key performance indicators (KPIs) are determined and regularly checked to see whether these
indicators are being met [54, 71]. These KPI’s can be derived from the early performance
indicators. As the process is not linear, rather continuous and iterative, insights gained from this
evaluation may also feed back into earlier steps [12]. For example, reassessing the mission or
refining objectives to ensure continued alignment with the organization’s evolving environment.

To sum up, strategic planning proceeds like a structured journey: the organization first
clarifies its main concrete, measurable goals (objectives). Next, it analyzes both internal and
external factors (environmental analysis) to gain a clear situational overview. Building on these
insights, it design appropriate strategies (strategy formulation), allocates resources and evaluates
the feasibility of each plan (strategy evaluation). Finally, the chosen strategy is implemented
(strategy implementation) and regularly monitored (implementation and control) to ensure
ongoing alignment with the organization’s objectives.

2.2.5 Strategic planning activities

Having established the importance, purpose and general process of strategic planning, as well
as briefly introducing its activities, we now turn to a more detailed examination of those
activities. As discussed above, the strategic planning process involves six steps, each containing
operational tasks that guide an organization from initial goal-setting to execution and continuous
improvement. These encompass extensive analytical tools such as PESTLE and SWOT analyses,
Porter’s Five Forces, stakeholder and risk assessments and resource analysis. Also critical
are performance monitoring, the determination of Key Performance Indicators (KPIs) and
operational tasks like generating reports for management and facilitating brainstorming sessions
[83, 71, 12]. These activities together form the practical foundation of strategic planning. The
following subsections dive deeper into some of the key activities practiced by management
consultants within the strategic planning process.

2.2.5.1 SWOT analysis

SWOT analysis, established in the 1960s and popularized in the 1970s, evaluates an organiza-
tion’s strengths, weaknesses, opportunities and threats to inform strategic decision-making [7]. It
has been widely adopted as a strategic planning tool both by academics and practitioners [7]. Key
activities include identifying internal strengths and weaknesses through financial performance
reviews, operational assessments and surveys [7]. External analysis examines market trends,
competitor strategies, regulatory changes and technological advancements.
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In consulting settings, LLMs can enhance SWOT analysis by assisting with automated data
summarization, extracting patterns from documents or meeting notes and synthesizing relevant
external developments. When properly prompted, such tools offer consultants a head start in
drafting SWOT matrices or identifying emerging threats and opportunities.

2.2.5.2 PESTLE analysis

Evolving from earlier PEST frameworks, the PESTLE analysis evaluates the external macro-
environmental factors that affect an organization, namely political, economic, social, techno-
logical, legal and environmental factors. Its origins can be traced back to the 1960s, with
foundational work such as Aguilar’s 1967 study on scanning the business environment [2].

In today’s volatile and fast-paced world, the technological dimension of PESTLE has become
particularly salient. Organizations increasingly face technological uncertainty, which is the
difficulty of predicting not just when innovation will occur, but how emerging technologies
will impact operational processes, competitive dynamics and strategic positioning [25]. With
disruptive advancements such as generative AI, the question is no longer if change will occur,
but how and to what extent such technologies will reshape entire industries. In this regard,
generative AI assumes a dual role within the PESTLE framework: both as a subject of analysis
(technological disruption) and a tool that can support the analysis itself.

2.2.5.3 Stakeholder analysis

According to Freeman, a stakeholder is “. . . any group or individual who can affect or is affected
by the achievement of the organization’s objectives” [32]. Brainstorming with leadership roles,
reviewing previous projects and analyzing documents, such as organizational chart can all iden-
tify potential stakeholders. It is important to consider whether to include internal stakeholders
(e.g., employees, management, partners) or external stakeholders (e.g., customers, regulators,
media), as this decision guides the analysis. A well-known model to map stakeholders is the
Power-Interest Matrix, developed by Mendelow. This model is a 2x2 matrix that maps stake-
holders based on their level of power and interest, helping organizations prioritize engagement
strategies [52]. Examining stakeholders clarifies their expectations and helps define the or-
ganization’s purpose collectively. Moreover, in many cases organizations require stakeholder
approval for certain decisions. Therefore, it is essential to understand stakeholders and identify
key influencers, decision-makers and affected parties both within and outside the organization.

LLMs can support this process by generating draft stakeholder profiles using role-based
prompting or by analyzing sentiment from meeting transcripts and notes. These outputs offer
consultants a valuable starting point for deeper stakeholder engagement.

2.2.5.4 Porter’s Five Forces

Developed by Michael Porter in 1979, this model assesses the competitive intensity of a market
by examining five key forces that influence industry profitability [64]. The five forces are:
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threat of new entrants, bargaining power of suppliers, bargaining power of customers, threat of
substitute product or services and the industry; jockeying for position among current competitors
[64]. These forces have the following effect on organizations: suppliers and buyers can influence
pricing and contract terms, new entrants and substitute offerings can unsettle the market and
ongoing battles among established rivals intensify industry competition [48, 64]. Therefore,
it is essential to understand them. Porter’s five forces focus on the industry an organization
is in, as opposed to PESTLE that focuses on macro-environment influences [48]. In order
to successfully execute this tool, several analytical tasks must be performed. Industry data
collection is essential for identifying all five forces and can be achieved through industry reports,
financial statements and market research. To enhance the analysis, SWOT analysis can be
integrated to align internal strengths and weaknesses with Porter’s model [7]. Additionally, a
stakeholder analysis can support this process by constructing a stakeholder matrix, providing
a clearer visualization of interactions between suppliers, buyers and competitors. This, in
turn, helps in identifying potential substitutes and assessing their impact on industry dynamics.
A comprehensive application of Porter’s Five Forces Model enables firms to not only assess
industry dynamics but also proactively shape their competitive positioning by mitigating risks
and leveraging opportunities for sustained profitability [64].

2.2.5.5 Operational tasks

Strategic planning is supported by operational activities that ensure decisions translate into
actionable outcomes. One such activity is performance monitoring, typically guided by KPI’s.
KPI’s help with this, as they provide an indicator of how the company is performing at that
specific time. KPI’s can be set at various levels within the organization, such as market share
growth for the entire company or utilization rate as a team-specific KPI. The latter is particularly
important in the management consulting sector, as the revenue model of these organizations
relies on selling expertise and consequently, consultant time or people. A high utilization rate
indicates that consultants are effectively engaged in billable client work, maximizing revenue
and operational efficiency. Another core task in strategic planning is resource allocation. In
order to make sure the mission statement is achieved, resources should be allocated according to
what is required. This can be done through a resource planner that determines which department
or team receive what resources. There are also various operational tasks that support the higher
levels in an organization. Junior consultants for example, generate reports that in turn are sent
to their managers, which use them to analyze internal or external data to support with strategic
decision-making.

The activities discussed above form the practical core of strategic planning. By breaking
down abstract goals into concrete, repeatable tasks organizations can plan, act and adapt more
effectively in fast-changing markets. This activity-level perspective is particularly important
for assessing how generative AI, especially through tools such as Large Language Models
(LLMs), can play a role. Whether it’s speeding up environmental analysis, drafting reports
or mapping stakeholder concerns, these tools offer new ways to support and possibly reshape
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how strategy gets done. A deeper understanding of these individual activities enables a more
nuanced evaluation of where and how AI-driven tools can contribute meaningful improvements
to strategic decision-making.
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Chapter 3 Methodology

This chapter outlines the research methodology used in this research. For reference, the research
question is presented down below:

RQ. What are the benefits and challenges of using Generative AI to support strategic planning
activities in management consulting?

To answer the research question effectively, an exploratory sequential mixed methods
approach has been adopted. This approach combines both qualitative and quantitative methods
and is finalized by a practical demonstration. The qualitative phase consists of exploratory expert
interviews, aimed at building upon the existing literature to gain a deeper understanding of the
specific activities involved in strategic planning. The findings from this phase combined with
the literature review inform the construction of a quantitative questionnaire. Finally, a practical
demonstration is presented to illustrate generative AI in practice on strategic planning activities.
This chapter proceeds as follows: first, the overall research design and phases are introduced.
Then, data collection procedures, sampling techniques, data analysis methods and validation &
reliability are discussed separately for both the qualitative and quantitative components. The
chapter concludes with an explanation of the practical demonstration.

3.1 Research design

To investigate the benefits and challenges of using generative AI in strategic planning activities
within management consulting, this study employs a sequential mixed methods design. A mixed
methods design is when two different research methods are used within the same research
[38]. Combining research methods enables a more comprehensive analysis than using either
qualitative or quantitative approaches alone, thereby offering richer and more nuanced insight to
the research problem [40]. The integration of both approaches leverages the respective strengths
of each, providing depth and breadth to the findings [30].

There are various design levels in mixed methods research, ranging from basic to advanced
frameworks [30]. This study adopts an exploratory sequential design, in which qualitative data
collection precedes and informs the quantitative phase. This choice is motivated by the need
to first gain in-depth insights through expert interviews, which then guide the development
of a structured survey instrument. According to Bryman, one rationale for mixed methods
is instrument development, where qualitative research is used to inform the design of survey
questions and variables [11]. This aligns closely with the aim of this research: to uncover themes
not yet fully formalized in the literature and to test these at scale. Therefore, this mixed methods
approach is a perfect fit for achieving the research goal.
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In addition, this rationale follows Bryman’s framework, which highlights "completeness"
and "development" as valid justifications for mixed methods [11]. In this study, interviews serve
to develop the questionnaire and ensure completeness by capturing perspectives that may not
yet be fully formalized in the literature. Thus, the research design follows a qual → QUAN
structure, where the qualitative phase has a formative role, but priority is given to the quantitative
phase, which ultimately answers the main research question.

Nonetheless, mixed methods research also presents several challenges. One major challenge,
particularly for junior researchers, is selecting an appropriate design, as this choice significantly
influences the research outcomes [21]. To address this, the exploratory sequential design was
deliberately chosen, as it aligns well with the research objective. The activities of strategic
planning will be explored first, then examined where generative AI can support these activities.
Because the design requires gathering and analyzing two distinct datasets, it typically demands
more effort and coordination than a single-method study [21]. This will be addressed by
limiting the number of interviews while still ensuring sufficient depth and breadth to inform the
subsequent survey design.

In addition to the qualitative and quantitative phases, this study incorporates a practical
demonstration to illustrate how generative AI can be applied in strategic planning activities.
According to Creswell, including visual and applied elements in mixed methods research can
enhance interpretability, particularly when exploring emergent technologies or new practices
[17]. While the exploratory sequential mixed methods approach forms the methodological
backbone of this thesis, a practical component enriches the research by providing a concrete and
experiential understanding of how LLMs can operationalize theoretical insights. The format is
inspired by the work of Jarco, who similarly employed a mixed methods design and concluded
with a visual presentation of LLM outputs to enhance interpretability and insight [41]. To ensure
transparency and replicability, full prompt designs and corresponding model outputs will be
included in the appendix.

3.2 Qualitative phase

The research begins with the qualitative phase. This will be conducted through exploratory expert
interviews. The expert interviews are primarily aimed at uncovering expert perspectives on the
activities of strategic planning and how generative AI can have an impact on these activities. As
Creswell emphasizes, qualitative inquiry is well-suited for studies seeking to explore complex,
under-researched phenomena, such as the specific activities of strategic planning, through
engagement with participants [17]. As the existing literature lacks robustly describing the
activities of strategic planning, it is crucial to create a more complete understanding of what
activities are used in strategic planning and how this can be influenced by generative AI. Semi-
structured interviews are selected as the primary method for qualitative data collection, as they
allow for flexibility while still providing comparability across participants.

40



However, qualitative research is not without its pitfalls. Common criticisms include potential
researcher bias, insufficient scientific rigor and a lack of transparency in the analytical process
[58]. To mitigate these concerns, several measures are implemented. First, all interview
questions will be open-ended rather than closed-ended, allowing for the emergence of novel
insights and helping to reduce researcher bias [42]. Second, the expert interviews will follow a
semi-structured format with a pre-developed interview guide. This approach ensures consistency
across all interviews, thereby enhancing the reliability of the results and contributing positively
to the study’s rigorousness [8].

3.2.1 Data collection

Data will be collected in the qualitative phase through expert interviews, which are audio-
recorded. These are exploratory in nature, as the goal is to gain a deeper understanding of
the subject. As mentioned above, the interviews will follow a semi-structured design. Each
interview follows a flexible interview guide that ensures key topics are covered but leaves spaces
to pursue emerging insights. This format is well-suited for investigating complex and emergent
topics, as it offers flexibility and enables in-depth probing where appropriate [33]. Given the
complexity of strategic planning and the limited prior research on its activities, particularly in
relation to the emerging topic of generative AI, the flexibility to ask follow-up questions makes
this method well-suited for this research. The interview guide will be followed as closely as
possible to ensure the reliability of the results, while considering timing and allowing for natural
variation in the depth of responses [8]. The interview design aims to explore key themes and
deepen the understanding of strategic planning activities. In addition, it investigates how experts
perceive the impact of generative AI on these activities. To ensure clarity and relevance, the
questions were pre-tested with an expert in the field.

3.2.2 Sampling technique

The sampling strategy for the qualitative phase targets professionals in the management con-
sulting sector, specifically those employed by large international consultancy firms and a major
enterprise software provider. These organizations operate at the intersection of technology and
strategy, making them highly relevant to the research topic. The selected consultants vary in
seniority and specialization to ensure diverse perspectives. Rather than aiming for statistical rep-
resentation, the goal was to obtain deep, experience-based insights from professionals embedded
in the field of interest. This purposive sampling approach supports the exploratory nature of the
study and provides a solid empirical foundation for informing the subsequent quantitative phase.

As noted in Section 3.1, mixed methods research is time-intensive. Therefore, the number of
interviewees is deliberately limited. The goal is to gain a deeper understanding of the research
subject, when this is reached there is theoretical saturation. When the topic is fully explored and
more data does not result in additional theoretical insights, theoretical saturation is achieved
[39]. Research suggests that between one and six interviews are often sufficient for identifying
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major themes in homogeneous expert samples [36]. Accordingly, this study will conduct six
expert interviews.

3.2.3 Data analysis

In order to analyze the data from the qualitative phase, the expert interviews will be transcribed.
Transcriptions are essential for performing a thorough and academically sound analysis and
are a central practice in qualitative research [20]. The transcriptions will serve as the primary
data for the subsequent content analysis to identify novel strategic planning activities. As this
research is exploratory and primarily focused on instrument development, the initial phase of
content analysis will be approached with a broad lens to identify strategic planning activities.
All strategic planning activities identified by the interviewees will be systematically documented
in a list.

Additionally, expert perceptions of where generative AI can add value in strategic planning
will be analyzed using a Modified Borda Count (MBC). Each respondent is asked to rank their
top three strategic planning steps (out of six) where they expect generative AI to provide the
most benefit. In line with MBC logic, ranks were converted to points: 3 for first place, 2 for
second and 1 for third, while unranked steps received 0 points. This method accounts for partial
rankings and allows for aggregating ordinal data into a group-level prioritization. The MBC
approach is well-established for processing incomplete preference lists while preserving the
proportional influence of each vote [27]. This will then inform the focus of the quantitative phase,
indicating which steps of the strategic planning process will receive more detailed attention in
the instrument.

3.2.4 Validation & reliability

Ensuring trustworthiness is paramount in qualitative research. Reliability and validity, though
interpreted differently in qualitative inquiry, are addressed through several procedural measures.

Reliability is enhanced by the use of a semi-structured format and pre-developed interview
guide, which ensures that a comparable set of topics is covered across all expert interviews
[8]. Furthermore, all interviews will be audio-recorded and transcribed [20]. This creates an
auditable data trail to enhance transparency in the analysis phase.

Validity is maximized through two key strategies. First, purposive sampling ensures that
participants are deeply embedded experts, providing high-quality experience-based insights
directly relevant to the research topic. Second, the initial content analysis will use an exploratory,
broad lens ensuring that novel and emerging strategic planning activities are accurately captured
as they are voiced by the experts, thereby maximizing the authenticity of the findings [17].

42



3.3 Quantitative phase

To conclude the mixed methods approach, a structured questionnaire will be developed for
the quantitative phase. This survey translates the insights gathered during expert interviews
into measurable constructs, thereby aligning with the principles of an exploratory sequential
mixed methods design [40, 17]. Whereas the qualitative work identified activities per strategic
planning step that are performed by consultants, the quantitative phase measures how large
the unrealized potential is and for whom that potential is most noticeable. In other words,
the primary objective of this phase is to identify the most and least promising activities for
using generative AI in strategic planning activities among a broader population of management
consultants. The resulting gap profile will determine the activity for the practical demonstration
phase discussed in Appendix C.

To operationalize this objective, the survey adopts the gap-analysis logic, as derived from
Dybå & Moe and further inspired by a more recent paper by Stettina & Heijstek [26, 75]. Dybå
& Moe discussed that for each item in their paper, respondents were asked two questions: the
current satisfaction and future importance, which were subsequently compared to identify a gap.
This research follows the same methodology with a minor adjustment. Consistent with the logic
of the aforementioned gap analysis, every strategic planning activity is measured twice, using a
paired-item format. Respondents are asked two questions per activity:

1. Current satisfaction - ’I am satisfied with the current usefulness of Generative AI in
supporting ACTIVITY NAME.’

2. Future importance - ’I believe Generative AI will be important in the future for ACTIVITY
NAME.’

Both judgments use an identical seven-point Likert scale: Not at all = 1, To a very small extent
= 2, To a small extent = 3, To a moderate extent = 4, To a large extent = 5, To a very large extent
= 6 and To an extremely large extent = 7. To ensure higher sensitivity and more accurate capture
of respondents’ subjective evaluations, crucial for identifying subtle differences in perception,
a 7-point Likert scale was used. Prior research has shown that 5-point scales are more likely
to cause response imprecision, i.e., participants attempting to answer between two discrete
options, thereby reducing measurement precision in electronically-distributed surveys [31]. The
numerical nature of the Likert scale allows for the direct calculation of the gap score, computed
as:

Gapi = Future Importancei −Current Satisfactioni (3.1)

This equation quantifies the unrealized potential of generative AI for activity i. Gap values
range from -6 to +6 Likert points, with large positive values indicating high opportunity and
negative values suggesting limited added value.
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The questionnaire retains the six-step planning model discussed in Section 2.2.4, but detailed
measurement is limited to two steps, in line with the interview-based Modified Borda Count.
Their respective activities are then presented in the survey with the paired satisfaction-importance
items as described above. To anchor the gap values in broader attitude theory and enable better
insights into a respondents’ character, four single-item constructs are inserted at the beginning
of the questionnaire:

Perceived usefulness “I am satisfied with the current usefulness of Generative AI in my profes-
sional work.”

Perceived AI importance “I think Generative AI will be important in the future in my profes-
sional work.”

Perceived ease of use “I would find Generative AI easy to use in my professional work.”

Perceived risk " I feel that using Generative AI at work could pose potential risks.”

Demographic and control variables (e.g., age, seniority, specialization, frequency of genera-
tive AI use and strategic planning work) follow, allowing for subgroup analysis. All items employ
the same seven-point format, thereby avoiding scale-switching errors and permitting direct arith-
metic operations on the gap variable. The survey is structured in the following order: (1) initial
attitude constructs, (2) demographic and control variables, (3) paired satisfaction-importance
items for selected strategic planning activities and (4) section on prompting.

The remainder of this chapter sets out how the survey will be distributed and collected, who
will be sampled, how the responses will be analyzed and how the instrument’s reliability, validity
and potential biases are addressed.

3.3.1 Data collection

Data for the quantitative phase will be collected through a self-administered online survey,
completed by management consultants. Qualtrics will serve as the platform to design and
distribute the questionnaire. An online format was chosen, because it allows rapid distribution
to many consultants with minimal administrative efforts [79, 5]. Given the digital literacy of the
target group, an online format is especially appropriate [5].

To promote data accuracy and response validity, confidentiality and anonymity will be
guaranteed throughout the survey process [3, 56]. Ensuring respondent privacy helps to reduce
self-reporting and social desirability biases, which are common concerns in survey-based
research.

However, online surveys are not without limitations. One key concern is survey fatigue,
which can occur when questions require long-term memory recall, detailed calculations or when
survey patterns are not straightforward [76, 79]. Given the benefit of a larger sample size for
this research, survey fatigue will be carefully mitigated. To mitigate this, a pilot test will be
conducted with an expert in management consulting, who will evaluate clarity, cognitive load
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and signs of fatigue. Additionally, consistent use of the seven-point scale throughout reduces
switching costs and keeps respondents engaged. These measures aim to maintain respondent
engagement and reduce dropout rates. After final adjustments, the survey will be distributed to
the target population.

3.3.2 Sampling technique

The target population consists of management consultants within the advisory department of
a Big Four consulting firm, encompassing more than 2000 individuals. The goal is to obtain
at least 100 responses, which would require a 5% response rate. As argued in Section 2.2.2,
strategic planning is a multi-layered organizational process that requires the involvement of
individuals at all hierarchical levels. Consequently, the decision to include consultants from all
seniority levels, ranging from consultants to partners and across various functional disciplines
ensures a diverse and representative set of perspectives within the organization.

Random sampling in online surveys is challenging due to the lack of a clear framework for
traditional probability sample selection [5]. To address this, Ball recommends that researchers
define a target population that is bounded, well-specified and relevant to the research objective
[5]. Following this guidance, purposive sampling technique is adopted to identify the target
group; management consultants within the advisory department of a Big Four consulting firm.
Given their direct engagement with strategic planning and potential exposure to generative AI
tools, this group is particularly well-positioned to inform the research question.

3.3.3 Data analysis

To ensure the rigor and validity of the quantitative data analysis, several preliminary and
analytical steps will be undertaken. Initial data processing will involve screening responses
for quality and completeness. Responses failing predefined attention check questions will
be systematically identified and excluded, a crucial step to mitigate the potential impact of
inattentive responding on the validity of findings [19]. The dataset will also be examined for
missing values.

Following data cleaning, descriptive statistics will be calculated and presented to provide
an overview of the sample characteristics and control variables. Categorical demographic
variables, such as age, seniority, specialization and job title will be summarized using frequency
distributions and visualized using bar charts to provide a better understanding of the data [43].
Additionally, the distribution of attitude items (perceived usefulness, perceived ease of use,
perceived risk, perceived AI importance) and AI usage will be analyzed by computing means.
Histograms will help visualize their distribution, allowing for an assessment of skewness and
kurtosis.

45



3.3.3.1 Gap analysis

To assess the discrepancy between perceived future importance and current satisfaction with
generative AI for specific strategic planning activities, a gap analysis will be conducted. This
analysis will be presented in a table displaying, for each activity, the mean and standard deviation
of current satisfaction and future importance, the resulting gap score and its standard deviation.
Although the primary presentation will focus on average gaps across all respondents, the analysis
is fundamentally based on the paired nature of the importance and satisfaction ratings.

• Gap calculation for activities: For each activity, the gap score for each respondent will
be calculated by subtracting the satisfaction rating from the importance rating. These
individual gap scores will then be averaged across all respondents to obtain the mean gap
score for the activity. This is calculated as follows: ḡi =

1
ni

∑
ni
r=1(I

r
i −Sr

i ), where Ir
i and

Sr
i are the importance and satisfaction ratings of respondent r for activity i, and ni is the

number of paired responses. When all pairs are complete, ḡi equals Īi − S̄i (with Īi and
S̄i computed on the same paired set). This will provide the average difference between
importance and satisfaction for each activity across all respondents.

• Aggregation within strategic planning steps: The activity-level gap scores (calculated
for each respondent and then averaged) will be averaged within each strategic planning
step (Environmental Analysis and Strategy Evaluation) to obtain a mean gap score for
each step (ḡEA, ḡSE). An overall mean gap score (ḡAL) will also be calculated by averaging
the activity-level gap scores across all activities.

3.3.3.2 Software

All statistical analyses will be performed using a combination of the built-in data analysis tools
available within Qualtrics and the statistical programming language R. Qualtrics will primarily
be used for initial data screening, cleaning and descriptive statistics. R will be employed for
making the figures.

3.3.4 Validation & reliability

Reliability and validity of the survey and its findings were strengthened through various tech-
niques. These include ensuring respondent anonymity and confidentiality, using clear and
well-structured survey items and purposive sampling of a highly relevant population [5, 3]. Fur-
thermore, the survey instrument was grounded in both primarily the findings from the qualitative
phase and the literature, enhancing construct validity by ensuring that the items are aligned
with the theoretical constructs relevant to the research objective [17]. These measures mitigate
common forms of bias such as self-reporting bias, non-representative sampling bias and social
desirability bias.

Several additional measures were taken to further strengthen the validity of the survey.
Clearly stating the research objective at the beginning of the questionnaire helped respondents
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understand the scope and purpose of the study, which contributes to improved response quality
[5]. Although reverse-worded items are often used to detect response biases and enhance
construct validity, they were deliberately excluded in this study [22]. Given the professional
nature of the target population and the cognitive complexity of the constructs, reverse-worded
items may have introduced confusion or increased measurement error, as has been observed in
high-cognition survey contexts [22]. Instead, the survey emphasized clarity in item wording and
logical flow to maintain reliability and participant engagement. Additionally, two instructional
attention checks items were embedded in the survey to identify inattentive respondents and
further enhance data quality [61].

Nevertheless, it must be acknowledged that this phase remains subject to a degree of
subjectivity, due to the self-reported nature of the data. While the design includes several
safeguards to enhance validity and reduce bias, these limitations should be considered when
interpreting the results.

3.4 Practical demonstration

To complement the exploratory sequential mixed methods design and enhance the interpretabil-
ity of the findings, this study includes a practical demonstration of generative AI in action.
This component aims to bridge the gap between theoretical insights and applied practice by
showcasing how a generative AI model, such as OpenAI’s ChatGPT, can be used to support
key activities within the strategic planning process in a management consulting context. The
demonstration contributes to the overall research aim by providing concrete examples of how
generative AI tools can be operationalized in a professional setting, based on scenarios derived
from both the literature and empirical phases of this study.

ChatGPT was chosen, because the researcher has extensive experience interacting with it
across various contexts, has access to the premium version of the tool and is widely adopted
within the industry [44]. To optimize the outputs, a set of prompting strategies explained
in Subsection 2.1.4.2 will be employed to optimize the outcome [70]. The latest version of
ChatGPT will be used: ChatGPT-5.

To ensure transparency and replicability, all prompts and their corresponding outputs will
be included in the appendix. This approach not only enhances methodological rigor but also
enables future researchers to replicate or build upon this work. The demonstration is presented
in Appendix C, to keep the main focus of the thesis on answering the research question through
the qualitative and quantitative phase.
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Chapter 4 Results

This chapter presents the empirical findings of the research, structured in accordance with the
two-phase exploratory design. The goal is to provide insight into how the impact of generative
AI is currently perceived within strategic planning activities in the context of management
consulting. The chapter is divided into two main parts: the qualitative results of exploratory
expert interviews and the data analysis of the quantitative survey. First, the qualitative results
are presented in a framework-guided content analysis. Second, the questionnaire are presented
results are presented descriptively.

4.1 Qualitative results

4.1.1 Participants’ demographics

A total of six semi-structured expert interviews were conducted. In line with the sampling
criteria outlined in Subsection 3.2.2, all participants are management consulting professionals
working in large, internationally active firms that integrate strategy and technology advisory
services. The group spans multiple seniority levels, ranging from consultant to partner and
covers a mix of functional specializations. This purposive composition was selected to ensure
high-quality, experience-based insights, aiming to gain a deeper understanding of the activities
involved in strategic planning and how participants perceive the value of generative AI within
these specific activities.

# Interviewee Function Years of Experience Company Specialization Duration (min)
Interviewee 1 Manager 19 KPMG Co-lead AI 56
Interviewee 2 Partner 30 KPMG Sales 52
Interviewee 3 Director 25 KPMG Supply chain & procurement 65
Interviewee 4 Associate Partner 12 SAP Discrete industries & energy 61
Interviewee 5 Consultant 1 KPMG Supply chain management 49
Interviewee 6 Partner 35 KPMG IT enabled business transformations 20

Table 4.1: Descriptive characteristics and interview duration of the interviewees

The qualitative phase serves two main objectives, which also form the basis for the design of
the subsequent survey instrument. The first objective is to identify all the activities management
consultants perform for strategic planning. Strategic planning is then subdivided into the six-step
model: 1) Objective Setting (OS), 2) Environmental Analysis (EA), 3) Strategy Formulation
(SF), 4) Strategy Evaluation (SE), 5) Strategy Implementation (SI) and 6) Strategy Control &
Monitoring (SCM). For each step, activities are identified and determined based on the results
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of the interviews. An overview will be presented, in the form of a list, illustrating the activities
that are linked to the specific activities.

The second objective is to construct a matrix to assess which strategic planning steps are
perceived as most suitable for the application of generative AI. This matrix is based on responses
to the following interview question: “Can you provide a top 3 of the steps where generative AI
can have a positive impact on the respective activities and explain for each step why you chose
it?” This objective serves to prioritize the planning steps, allowing for a targeted selection of the
most prominent steps to be evaluated more specifically in the survey phase.

4.1.2 Content analysis

All interviews were transcribed and systematically reviewed to extract concrete activities men-
tioned by the expert. These activities identified by the expert interviews are then mapped onto
the six steps of the strategic planning model presented in Figure 2.9. Table 4.2 lists the concrete
activities per step. The right-hand column shows the interviewee ID(s); see Table 4.1 for the
ID-to-interviewee information. Items are grouped by step for clarity, with close synonyms
merged. The interviewee IDs just show who mentioned each item; they don’t show agreement or
how important it is. In Section 4.1.3, the steps most suitable according to the experts are selected
and carried forward into the quantitative phase to test and generalize these exploratory findings.

Table 4.2: Strategic planning activities identified from expert
interviews, grouped by planning step.

Strategic planning step Activity Interviewee

Goal Setting

Define goals based on data analysis. 1, 2, 3
Strategic brainstorming and idea generation. 2, 3, 4, 5, 6
Decision-making on objectives. 3
Align objectives with organizational vision. 1

Environmental Analysis

Conduct SWOT analysis. 2, 3, 4, 5
Conduct PESTLE analysis. 4
Conduct Porter’s Five Forces analysis. 4
Perform market analysis. 1, 2, 3, 4, 5, 6
Perform competitor analysis. 3, 4, 5, 6
Perform stakeholder analysis. 1
Conduct organizational maturity / AS-IS analysis. 4, 6
Brainstorm about client/competitor positioning
(“market edge”).

2

Continuously scan technological developments. 4

Strategy Formulation

Define strategic positioning. 3, 4
Prioritize strategic alternatives. 2

Continued on next page...

49



Table 4.2 – continued from previous page
Strategic planning step Activity Interviewee

Challenge with critical questions. 6
Incorporate lessons learned. 4, 5
Design the business model. 4
Structure bottom-up reporting to senior manage-
ment.

3

Consider partnerships in strategy design. 1

Strategy Evaluation

Scenario creation. 3, 4, 6
Assess the feasibility of a strategy in the market. 2
Perform risk analysis. 1, 3, 4
Estimate risk probabilities of goal attainment and
margins.

6

Conduct peer review of proposed strategies. 3
Scenario evaluation. 4

Strategy Implementation

Manage stakeholders. 1, 2, 3, 4
Define roles and responsibilities. 1, 3
Adjust organizational model and governance. 3
Plan and allocate resources and capacity. 2, 3, 5, 6
Allocate investments/budgets. 2, 5
Create shared ownership. 5
Coach and train teams; facilitate change. 3, 4
Refine the business model to support execution. 6

Control & Monitor

Define and measure KPIs. 1, 2, 3, 4, 5, 6
Monitor resources, utilization and deadlines. 1, 3
Continuously evaluate threats and opportunities. 2
Run management reviews (QBRs, governance meet-
ings).

2

Produce evaluation reports. 1, 2, 5
Detect trend deviations and product risks; take cor-
rective actions.

3, 5

Adjust strategy based on new trends and customer
needs.

3

4.1.3 Ranking of strategic planning steps

All interviewees were asked to rank the top three strategic planning steps based on the perceived
usefulness of generative AI for the activities within each step. This prioritization narrows
the scope of the broader strategic planning model and informs the focus of the subsequent
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quantitative phase, allowing for a more in-depth examination of the most relevant steps. The 1st,
2nd and 3rd choices provided by each participant are presented in Table 4.3.

# Interviewee 1st (3 pts) 2nd (2 pts) 3rd (1 pt)
Interviewee 1 Strategy implementation Strategy evaluation Strategy control & monitor
Interviewee 2 Objective setting Environmental analysis Strategy evaluation
Interviewee 3 Environmental analysis Strategy evaluation Strategy control & monitor
Interviewee 4 Environmental analysis Strategy evaluation Strategy formulation
Interviewee 5 Strategy control & monitor Environmental analysis Objective setting
Interviewee 6 Environmental analysis Strategy evaluation Strategy implementation

Table 4.3: Top-3 rankings of strategic planning steps per interviewee.

In terms of frequency of appearance in participants’ top-three ranking shown in Table 4.3,
the following observations can be made:

• Objective setting was mentioned 2 times (once as 1st choice, once as 3rd choice).

• Environmental analysis appeared 5 times (three 2nd-place rankings and two 3rd-place
rankings), making it one of the most frequently selected steps.

• Strategy formulation was selected once (as 3rd choice).

• Strategy evaluation was mentioned 5 times (four 2nd-place rankings and one 3rd-place
ranking), indicating a high perceived usefulness of generative AI in this step.

• Strategy implementation was selected twice (once as 1st choice and once as 3rd choice).

• Strategy control & monitor appeared 3 times (once in each ranking position), suggesting
moderate relevance.

Overall, environmental analysis and strategy evaluation are the most frequently cited steps,
each appearing in five out of six participants’ top-three rankings. Strategy control & monitor
follows with three mentions, while the remaining steps were cited less often. These results
suggest that, based purely on frequency, participants most consistently associate generative AI
with usefulness in environmental analysis and strategy evaluation.

To identify the most relevant strategic planning steps for further analysis, the interviewees’
rankings from Table 4.3 were converted into a quantitative format using the Modified Borda
Count (MBC) method. In this scoring approach, 1st-place rankings receive 3 points, 2nd-place
rankings 2 points and 3rd-place rankings 1 point. This transformation allows for a data-driven
prioritization of steps and the resulting scores are shown in Table 4.4.
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# Interviewee OS EA SF SE SI SCM
Interviewee 1 0 0 0 2 3 1
Interviewee 2 3 2 0 1 0 0
Interviewee 3 0 3 0 2 0 1
Interviewee 4 0 3 1 2 0 0
Interviewee 5 1 2 0 0 0 3
Interviewee 6 0 3 0 2 0 0
Total points 4 13 1 9 3 5

Table 4.4: Converted scores using Modified Borda Count.

As shown in Table 4.4, environmental analysis received the highest total score, with 13
points, indicating a strong perceived usefulness of generative AI in this step. This score is
notably higher than those of the other steps. The second-highest score was obtained by strategy
evaluation, with a total of 9 points. The remaining steps received considerably fewer points: 5,
4, 3 and 1 respectively. Based on these data-driven results, the subsequent quantitative phase
will focus on environmental analysis and strategy evaluation, as these were identified as the
most relevant steps by the interviewees. Qualitative data from the expert interviews support the
high score for Environmental Analysis, with Interviewee 6 saying: "If you don’t do this, what
are you going to build everything on?", referring to environmental analysis. Accordingly, the
strategic planning activities to be used in the questionnaire are presented in Table 4.5.

Environmental Analysis (EA) Strategy Evaluation (SE)

• Conduct SWOT analysis.

• Conduct PESTLE analysis.

• Conduct Porter’s Five Forces analysis.

• Perform market analysis.

• Perform competitor analysis.

• Perform stakeholder analysis.

• Conduct organizational maturity / AS-IS
analysis.

• Brainstorm about client/competitor position-
ing (“market edge”).

• Continuously scan technological develop-
ments.

• Scenario creation.

• Assess the feasibility of a strategy in the
market.

• Perform risk analysis.

• Estimate risk probabilities of goal attain-
ment and margins.

• Conduct peer review of proposed strategies.

• Scenario evaluation.

Table 4.5: Activities identified for Environmental Analysis and Strategy Evaluation in the
interview phase.
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4.2 Survey results

This section will present the results of the quantitative phase of this research. Building on
the exploratory insights from the qualitative interviews, a survey was conducted to evaluate
respondents’ current satisfaction and perceived future importance of using generative AI across
various strategic planning activities. The resulting gap between these two dimensions highlights
where generative AI is likely to offer the most added value. Besides, respondents were also
asked several questions regarding prompting. This section further presents the data cleaning,
demographics and quantitative results both overall and on activity level.

As outlined in the methodology, data cleaning is essential to ensure the reliability and
robustness of the dataset. A total of 266 respondents participated in the survey, representing a
response rate of approximately 13.5%. Of these, 173 respondents completed the entire survey.
To further refine the dataset, respondents who indicated “Never” in response to the question on
the frequency of strategic planning were excluded, leading to the removal of an additional six
cases and resulting in 167 usable responses. Finally, two attention checks were included in the
survey to ensure respondent attentiveness. A total of 128 participants successfully passed both
checks. After applying all cleaning criteria, 128 responses were retained for data analysis.

As respondents had the option to select “Not applicable / Not familiar with” for each activity,
this response serves as an indicator of whether a strategic planning activity was relevant to
their role or if they were familiar with it. It is therefore important to contextualize how many
respondents marked this option, as it affects the effective sample size per activity. As a result,
only the responses from consultants who indicated familiarity with a given activity were included
in the calculation of satisfaction, importance and gap scores. In other words, “Not applicable /
Not familiar with” responses were excluded from the statistical analysis per activity, ensuring
that the reported results reflect only those participants with relevant experience for each activity.
Figure 4.1 illustrates the number of respondents who selected this option across all strategic
planning activities, with after each activity: [% of consultants familiar/applicable with / % of
consultants not familiar/applicable with]. Interestingly, a relatively high number of consultants
indicated unfamiliarity with well-known frameworks such as SWOT, PESTLE and Porter’s Five
Forces. This stands in contrast to the literature, where these tools are consistently highlighted
as foundational to environmental analysis [7, 64, 2]. This finding may suggest a potential
divergence between theory and practice: while academia continues to emphasize frameworks
like SWOT and PESTLE in their textbook form, consultants may engage with them under
alternative names, in simplified format, embedded within client-specific methodologies or that
these tools are less frequently employed in daily consulting practice than expected. In contrast,
fewer respondents marked “Not applicable / Not familiar with” for market analysis and risk
analysis (both with only 29 responses), suggesting broader relevance across roles. Notably, the
activity “Brainstorming with client” had the fewest exclusions (n = 14), implying that it is the
most universally recognized and practiced activity among the sample.
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Figure 4.1: Number of respondents indicating ’Not applicable / Not familiar with’ per strategic
activity.

4.2.1 Demographics

The survey consists of four demographic questions, age, seniority (years of experience), spe-
cialization and job title. This section also presents four attitude items regarding generative
AI: perceived usefulness, ease of use, perceived risk and future importance. In conclusion,
the distribution of the AI usage by consultants and the frequency of engagement in strategic
planning activities are presented.
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Figure 4.2: Age distribution
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Figure 4.3: Department distribution

The distribution of age among consultants is shown in Figure 4.2. A majority of 67 respondents
(52%) are between 22 and 34 years old. This is followed by 37 consultants (29%) aged 35–49
and 24 consultants (19%) aged 50–65. These numbers indicate that most consultants of the
population are younger than 50, with over half being under 35.
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Figure 4.3 displays the departments in which the consultants are active. The largest share
of respondents, 62 consultants (48%), work in the Technology department. The remainder are
distributed across Strategy & Operations (9 consultants, 7%), Risk & Regulatory (20 consultants,
16%), Finance & Business Services (19 consultants, 15%) and Deals (18 consultants, 14%). The
high proportion from the Technology department is explained by the researcher’s affiliation with
this group which led to targeted distribution within this department.
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Figure 4.4: Experience level distribution
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Figure 4.5: Function types distribution

Figure 4.4 illustrates the respondents’ professional experience in consulting and strategic
planning. A total of 32 respondents (25%) have 0–2 years of experience, 42 (30%) have 3–7
years and 21 (15%) have 8–15 years. The remaining 33 respondents (25%) possess over 15
years of experience, representing the most senior group. This variation demonstrates a wide
range of seniority levels across the sample.

Finally, Figure 4.5 shows the functional roles of the respondents. There are 31 consultants
(24%), 19 senior consultants (15%), 21 managers (16%), 26 senior managers (20%), 11 directors
(9%) and 20 partners (16%). The sample includes respondents across all seniority levels, with
both junior and senior roles represented. Partners make up a relatively large share of the
respondents compared to senior consultants. This is remarkable given the typical pyramid
structure of Big Four firms, where the number of professionals decreases sharply at higher ranks.
In such structures, the number of senior consultants usually far exceeds that of partners, making
their equal representation in this sample noteworthy.
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Figure 4.6: Distribution of AI usage
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Figure 4.7: Strategic planning frequency

Figure 4.6 shows the frequency of generative AI usage among respondents. A total of 62
respondents (48%) indicated daily use, followed by 50 respondents (39%) who reported weekly
use. A smaller number reported using generative AI monthly (6 respondents, 5%) or rarely (10
respondents, 8%). These figures indicate that the majority of respondents engage with generative
AI on a regular basis.

Figure 4.7 presents the frequency of engagement in strategic planning activities. Weekly
participation was reported most frequently (47 respondents, 37%), followed by both monthly and
rarely, each with 36 respondents (28%). Daily involvement was least common (9 respondents,
7%). These results show that while strategic planning is a regular aspect of work for many
respondents, it is not typically performed on a daily basis.

4.2.2 Attitudes toward generative AI

All attitude items were measured using a 7-point Likert scale, ranging from 1 (not at all) to 7
(to an extremely large extent). Figure 4.8, Figure 4.9, Figure 4.10 and Figure 4.11 display the
average scores for each attitude category, segmented by experience, department, age group and
job function, respectively. These figures report responses across four attitude dimensions related
to generative AI: ease of use, future importance, perceived risk and perceived usefulness. Each
figure includes the corresponding sample size for each subgroup, denoted as [n], allowing for
comparison between different respondent profiles.
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Figure 4.8: Attitude scores by Experience
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Figure 4.9: Attitude scores by department

Figure 4.8 shows a consistent pattern across experience levels, with all groups assigning
high scores to the future importance of generative AI in their professional work. At the same
time, the current perceived usefulness was rated notably lower across all groups, creating a
visible gap between anticipate future value and current satisfaction. A modest downward trend
is observable in ease of use as experience increases. This decline appears more pronounced
among those with more than 15 years of experience.

In Figure 4.9, future importance again consistently exceeds a score of 6 on the 7-point
Likert scale across all departments. The Technology department reported the highest average
perceived usefulness. While ease of use remained relatively consistent, slight differences
emerged; respondents from the Technology and Finance & Business services departments gave
marginally higher ratings than other groups. Perceived risk was highest in the Risk & Regulatory
department and lowest in Strategy & Operations, indicating variation in risk perceptions between
domains.
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Figure 4.10: Attitude scores by age
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Figure 4.11: Attitude scores by function

A similar pattern is observed in Figure 4.10 and Figure 4.11. Future importance remains
consistently high across all age and function groups, while perceived usefulness shows a more
moderate trend and has the lowest average across the four attitude items. A visible decline
in ease of use emerges after age 35, marking a clear difference between younger and older
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respondents. Perceived risk is relatively stable across age groups but fluctuates more across
functions. Two modest drops are seen, between consultant and manager and again from manager
to partner, before increasing at partner level. Figure 4.11 further illustrates that ease of use tends
to be rated highest by consultants and senior consultants, before gradually declining, with a
notably sharp drop from director to partner.

4.2.3 Current state of prompting and enablement

This section delves deeper into prompting, specifically examining whether respondents have
received training on the use of generative AI and how they rated this training. If they would
benefit from tailored prompting strategies. Various prompting techniques are asked if they know
them. Lastly, respondents were asked how they craft there prompts.

Respondents were asked whether they had received any training related to generative AI.
As this survey item allowed multiple selections, the total number of responses in Figure 4.12
exceeds the number of individual participants. Each response category is shown on the vertical
axis, with the corresponding number of respondents indicated in square brackets (e.g., [n = 50])
and the percentage displayed at the end of each bar. The largest share (39.1%) reported receiving
internal training. In addition, 21.1% indicated that they had received both internal and external
training. A smaller group (8.6%) had participated in external training only, while 31.2% had not
received any training at the time of the survey.

31.2%

8.6%

21.1%

39.1%

Yes, external training [11]

Yes, internal and external training [27]

No, I haven't received any training [40]

Yes, internal training [50]

0 10 20 30 40
Percentage of Respondents

Training Received on Using Generative AI

Figure 4.12: Share of respondent have received internal or external training on the use of
Generative AI.

Figure 4.12 shows that a majority of consultants have already received training on the
use of generative AI, with internal training being the most common. Figure 4.13 presents
respondents’ perceived usefulness of the most recent AI training they received. The responses
vary considerably: while nearly half of the consultants rated the training as useful or very useful,
a substantial portion reported only moderate or limited usefulness. This distribution suggests
heterogeneous experiences with existing training programs.
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In contrast, Figure 4.14 shows a strong positive consensus regarding the perceived value of
tailored prompting strategies in the context of strategic planning. The majority of respondents
agreed with this statement, indicating widespread interest in more targeted prompting support
among the consultants surveyed.
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Figure 4.13: Usefulness AI training

1
5

8

33

54

25

0

10

20

30

40

50

Disagree

Somewhat disagree

Neither a
gree nor d

isagree

Somewhat agree

Agree

Stro
ngly agree

Response

N
um

be
r 

of
 R

es
po

nd
en

ts

Need for Tailored Prompting Strategies in Strategic Planning

Figure 4.14: Need for prompting strategies

Figure 4.15 and Figure 4.16 are both multiselect survey items, therefore having the same
structure as Figure 4.12. In terms of support needs for effective generative AI use (Figure 4.15),
the most frequently selected enablement resource was hands-on training in writing effective
prompts, accounting for 23.3% of total mentions. This was followed by prompting templates
or examples and access to better tools or platforms (both 19.6%). Clear internal guidelines or
best practices (15.2%) and time or space to experiment with AI in client work (13.4%) also
received notable mention. A relatively small share of mentions referred to a community to
share knowledge (8.9%). Notably, the prominence of workshops and example-based prompting
resources suggests a relatively strong preference for practical, guided forms of enablement.
Compared to more passive or exploratory options, such as documentation, experimentation time
or community forums, support formats that involve direct instruction or demonstration were
selected more frequently.

Figure 4.16 presents how consultants currently engage in prompting. The most common
strategy, selected in 45.6% of total mentions, was creating prompts from scratch. Using
whatever comes to mind in the moment followed with 30.1%, while not using any specific
prompts accounted for 11.5%. Less frequently mentioned were using prompts found online or
from others (8.8%) and having prompts tailored to specific strategic tasks (4%).
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Figure 4.16: Current prompting practices
among consultants

4.2.4 Gap Analysis of current satisfaction & future importance

This section presents the main quantitative findings of the study, based on the paired survey items
measuring consultants’ current satisfaction and perceived future importance of generative AI
for various strategic planning activities. For each activity, mean satisfaction, mean importance
and the resulting gap scores are reported alongside their respective standard deviations (SD)
and sample sizes. These results provide a detailed overview of where perceived potential for
generative AI application is highest or lowest across the surveyed activities. In all tables and
figures, gap denotes the mean of respondent-level paired difference.

First, the results of the paired-item questions across all respondents and strategic planning
activities are presented in the two pie charts in Figure 4.17. For clarity, response options
representing less than 5% of total responses are excluded from the visualizations.

As shown in Figure 4.17, current satisfaction is most commonly rated as "Neither agree nor
disagree" (29.6%), followed by "Somewhat agree" (20.9%) and "Somewhat disagree" (19.1%).
This indicates that most consultants hold a neutral or mildly opinionated stance regarding their
current satisfaction with generative AI. The options "Agree" (14.3%) and "Disagree" (9.7%)
follow, while the two extremes "Strongly agree" and "Strongly disagree" are the least selected,
suggesting a relatively normal and balanced distribution.

In contrast, when considering future importance, the responses show a clear shift toward more
positive expectations. The majority of respondents selected "Agree" (33.4%) or "Strongly agree"
(26.0%), together accounting for nearly 60% of all responses. These are followed by "Somewhat
agree" (19.1%) and "Neither agree nor disagree" (14.1%). The remaining disagreement-oriented
categories ("Somewhat disagree", "Disagree" and "Strongly disagree") each accounted for less
than 5% of responses. This distribution shows a clear skew toward agreement, with most
consultants rating generative AI as important for future strategic planning.
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Figure 4.17: Distribution of current satisfaction and future importance scores among all consul-
tants.

Second, the results of the paired-item questions per activity will be shown in Table 4.6. The
table is sorted in descending order based on the gap values. It provides an overview of key
quantitative results, listing each strategic planning activity alongside its corresponding strategic
planning step. For each activity, the mean satisfaction, importance and gap scores are reported,
together with their respective SDs. The final columns show the number of valid responses per
activity, which varies across items as discussed in Section 4.2. To support interpretation, this
table is also visualized in Figure 4.18, where the satisfaction, gap and importance scores are
depicted graphically alongside their underlying satisfaction and importance values.
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Activity Step M_Sat SD_Sat M_Imp SD_Imp Gap SD_Gap n
Competitor analysis Environmental Analysis 4.01 1.31 5.80 1.05 1.78 1.33 93
Risk analysis Strategy Evaluation 4.04 1.24 5.73 1.06 1.69 1.26 99
Risk probability Strategy Evaluation 3.57 1.44 5.26 1.41 1.69 1.54 86
Scenario creation Strategy Evaluation 3.82 1.43 5.43 1.40 1.61 1.46 82
Technological trends Environmental Analysis 4.10 1.32 5.70 1.24 1.60 1.41 92
Scenario evaluation Strategy Evaluation 3.90 1.32 5.49 1.25 1.59 1.40 81
Market analysis Environmental Analysis 4.44 1.33 5.96 1.07 1.52 1.44 99
Feasibility strategy Strategy Evaluation 3.52 1.55 4.94 1.56 1.42 1.48 85
Stakeholder analysis Environmental Analysis 4.06 1.48 5.44 1.32 1.39 1.51 90
SWOT Environmental Analysis 4.47 1.15 5.81 1.09 1.34 1.15 77
PESTLE Environmental Analysis 4.55 1.16 5.88 0.93 1.33 1.26 67
Porter Environmental Analysis 4.55 1.18 5.87 1.00 1.32 1.23 62
Peer review Strategy Evaluation 3.83 1.57 5.16 1.48 1.32 1.41 77
AS-IS Environmental Analysis 3.77 1.34 5.07 1.54 1.29 1.44 92
Brainstorming client Environmental Analysis 4.32 1.42 5.55 1.36 1.23 1.37 114

Table 4.6: Gap analysis of generative AI usefulness across strategic planning activities. M_Sat
and M_Imp indicate mean satisfaction and importance; Gap is the mean of respondent-level
paired difference (Imp - Sat); SD_Sat, SD_Imp, and SD_Gap report standard deviations; n is the
number of responses.

As shown in Table 4.6, there are nine environmental analysis activities and six strategy
evaluation activities. The SD reflects how much responses vary across consultants. A higher SD
indicates less agreement, pointing to greater ambiguity or inconsistency in how the usefulness
of generative AI is perceived for that activity.

On a 7-point Likert scale, the maximum SD is 3, which occurs when responses are evenly
split between the two extremes: 1 and 7. This can be illustrated by the following calculation:

The mean can be calculated via:

µ =
1
n

n

∑
i=1

xi ⇒ µ =
1+7

2
= 4

The variance is as follows:

σ
2 =

1
n

n

∑
i=1

(xi −µ)2 ⇒ σ
2 =

(1−4)2 +(7−4)2

2
=

9+9
2

= 9

And the maximum SD is then:

σ =
√

σ2 ⇒ σ =
√

9 = 3

In practice, SD values above 1.5 already signal substantial disagreement. Table 4.7 highlights
the three activities with the highest and lowest average SD across satisfaction, importance and
gap scores. The top three indicate lower consensus and more varied perceptions of generative
AI’s usefulness. The bottom three show high agreement, suggesting a shared understanding
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among consultants of how generative AI supports those specific activities. Interestingly, Porter,
SWOT and PESTLE all structured analytical frameworks show the lowest SDs, indicating high
agreement on the perceived usefulness of generative AI for these activities. Conversely, deter-
mining the feasibility of a strategy, conducting peer review and risk probability are associated
with the highest SDs, suggesting greater ambiguity or inconsistency among respondents.

Group Activity SD_Sat SD_Imp SD_Gap Mean_SD

High variability Feasibility strategy 1.55 1.56 1.48 1.53
High variability Peer review 1.57 1.48 1.41 1.49
High variability Risk probability 1.44 1.41 1.54 1.46

Low variability Porter 1.18 1.00 1.23 1.14
Low variability SWOT 1.15 1.09 1.15 1.13
Low variability PESTLE 1.16 0.93 1.26 1.12

Table 4.7: Top 3 and Bottom 3 activities by average standard deviation across satisfaction,
importance, and gap

4.06 1.47 5.54

4.47 1.34 5.81

4.55 1.33 5.88

4.55 1.32 5.87

4.44 1.52 5.96

4.01 1.78 5.80

4.10 1.60 5.70

4.32 1.23 5.55

4.06 1.39 5.44

3.77 1.29 5.07

3.82 1.61 5.43

3.90 1.59 5.49

3.83 1.32 5.16

4.04 1.69 5.73

3.57 1.69 5.26

3.52 1.42 4.94

Brainstorming client
AS−IS
Porter

Peer review
PESTLE

SWOT
Stakeholder analysis

Feasibility strategy
Market analysis

Scenario evaluation
Technological trends

Scenario creation
Risk analysis

Risk probability
Competitor analysis

Average overall

0.0 2.5 5.0 7.5 10.0 12.5

Satisfaction

Gap

Importance

Gap scores overview

Figure 4.18: Gap analysis illustrating the gap scores, including satisfaction and importance for
all strategic planning activities.
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Figure 4.17 presented the overall distribution of responses, while Table 4.6 detailed satisfac-
tion, importance and gap scores per activity. Figure 4.18 now visualizes these results, showing
each activity’s satisfaction, importance and resulting gap score, ranked by gap magnitude. This
figure complements the numeric table by making relative differences more immediately apparent.

Satisfaction scores across all strategic planning activities range from 3.52 to 4.55, while
importance scores range from 4.94 to 5.96. Corresponding gap values fall between 1.23 and 1.78.
This consistent difference of at least one Likert scale point between satisfaction and importance
suggests that for every activity, consultants perceive a notable degree of unrealized potential in
current generative AI support.

The three largest gaps are observed in competitor analysis (1.78), risk probability (1.69) and
risk analysis (1.69). These activities combine relatively low satisfaction scores, particularly in
the case of risk probability (3.57), with importance scores ranging around 5.80 and 5.26 for risk
proabibility. The magnitude of these gaps signals a clear view among respondents that current
generative AI support in these activities lags behind its perceived future relevance.

By contrast, activities such as SWOT analysis, PESTLE and Porter exhibit much smaller gaps,
ranging from 1.32 to 1.34. These activities are also among those with the highest satisfaction
and importance ratings. Indicating that these activities have a relatively close alignment between
existing generative AI support and future expectactions in these well-established structured
analytical frameworks.

The smallest gap is observed in brainstorming over a client (1.23), followed by AS-IS
analysis (1.29). Notably, the former is associated with a higher satisfaction score (4.32 vs. 3.77)
and a higher importance score (5.55 vs. 5.07) compared to the latter.

Several activities exhibit both high gap scores and high importance scores. These include
competitor analysis, risk analysis, technological trends and market analysis. These activities
all scores above 5.70 importance and have gap values exceeding 1.50. Satisfaction for these
activities remain low around 4.10, except for market analysis (4.44). Market analysis has
the highest future importance score (5.96) as with relatively high satisfaction and gap values.
Together, these patterns suggest that these activities may offer the most pronounced opportunities
for generative AI support for strategic planning activities.

Lastly, it is noteworthy to mention that assessing the feasibility of a strategy has both the
lowest satisfaction (3.52) and importance (4.94) score among all activities, while its gap value
remains close to the overall average.

Figure 4.19 presents the gap scores grouped by strategic planning step, comparing activities
categorized under Environmental Analysis (EA) and Strategy Evaluation (SE). A clear difference
emerges between the two groups in terms of satisfaction, importance and gap scores. The average
satisfaction score for EA activities is 4.25, whereas SE activities average 3.78, nearly half a
Likert scale point lower. This suggests that consultants are generally more satisfied with the
current generative AI support for EA tasks than for SE tasks.
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Figure 4.19: Gap analysis illustrating the gap scores, including satisfaction and importance for
all strategic planning activities by each corresponding step.

Similarly, the perceived future importance of generative AI is higher for EA (5.68) compared
to SE (5.34). While both steps are rated above the midpoint of the scale, the higher average for
EA has an indication that consultants assign relatively greater value to generative AI’s role in
environmental scanning, market insights or external analyses.

In terms of the gap between satisfaction and importance, SE again scores less favorably,
with an average gap of 1.55 compared to 1.42 for EA. This indicates that SE tasks are more
frequently perceived as areas where current generative AI support falls short of its expected
usefulness, relative to EA tasks.

Taken together, these results indicate a consistent pattern: consultants report higher sat-
isfaction and importance for generative AI within EA activities, while SE tasks show lower
satisfaction and wider perception gaps.

4.2.5 In-depth gap analysis based on demographics

The demographics can be used to provide in-depth analysis into the gap analysis. To avoid
overwhelming the main narrative with detailed subgroup visualization, only one functional
breakdown is shown in the Results section in Figure 4.20. This figure illustrates how respondent
demographics can enrich the interpretation of gap patterns across strategic planning activi-

65



ties. Additional subgroup heatmaps (e.g., by seniority, age and department) are included in
Appendix E (See Figures E.1, E.2 and E.3) for references and completeness.

Satisfaction scores show a declining trend with age. Respondents aged 25–34 report the
highest average satisfaction (M = 4.20), while those aged 35–50 score slightly lower (M = 4.12
and respondents aged 50–65 report the lowest satisfaction overall (M = 3.53). This pattern is
consistent across nearly all activities and is particularly pronounced in items such as scenario
creation, scenario evaluation and feasbility strategy.

The gap values increases as consultants become older. Notably, the jump from the 22-34
group to 50-65 is from 1.12 to 2.03, indicating a clear difference in gap between age groups.

Importance scores are generally stable across age groups, though slightly elevated among
respondents aged 35–50. For example, for the activity SWOT analysis, the importance score is
6.27 in the 35–50 group compared to 5.55 in the 25–34 group and 5.54 in the 50–65 group. This
results in the largest average gap value also occurring in the 35–50 group (M = 1.64).

Some activities exhibit particularly large gaps for specific age groups. For instance, scenario
evaluation has a gap of 2.33 in the 50-65 group and scenario creation shows the highest gap
overall in the 50–65 group (2.67). In contrast, the smallest average gap is observed in the 25–34
group (0.82), which is also the group with the highest satisfaction levels.

Figures E.1 and E.2 display similar patterns as seen in Figure 4.20. As shown in Figure E.1,
gap scores increase progressively with function, ranging from an average of 0.96 for consultants
to 2.15 for partners. This pattern is mirrored by declining satisfaction scores, with a notable drop
among senior roles. Directors show slightly higher satisfaction than expected within this trend,
forming a mild outlier. Importance scores remain relatively stable across functions, hovering
around 5.60, though consultants again stand out with a lower average importance score of 5.21.

Interestingly, directors report exceptionally low gap values for structured analytical frame-
works like SWOT (0.80), PESTLE (0.50), Porter (0.75) and Market analysis (0.57). These
activities are also associated with high satisfaction scores, ranging from 4.80 to 5.86, suggesting
strong alignment between expectations and current generative AI capabilities in these areas for
this group.

Turning to Figure E.2, a similar trend is evident. Gap scores rise steadily with experience
level, from 1.08 among consultants with 0–2 years of experience to 2.04 for those with 15+ years.
Satisfaction scores decline in parallel, particularly dropping after the 15-year mark. Importance
scores remain relatively stable but are slightly elevated in mid-career respondents (3–7 years
and 8–15 years), structured analytical frameworks.

These patterns collectively suggest that as consultants become more experienced or assume
more senior roles, they tend to perceive a wider gap between the current support generative AI
offers and what they consider important for strategic planning tasks, while also expressing lower
satisfaction.

Figure E.3 shows the detailed gap, satisfaction and importance values for the departments.
The Strategy & Operations department accounts for the highest average gap value (2.07), while
Deals has the lowest average gap value (1.16). The Strategy & Operations department shows the
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Figure 4.20: Heatmap of gap, satisfaction, and importance scores for each strategic planning
activity, broken down by age group. Values represent mean scores per age. Darker shades
indicate more extreme values within each scale.

lowest satisfaction scores among the figure. Deals has some of the lowest importance scores,
having as low as 4.00 for AS-IS analysis.
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Chapter 5 Discussion

This chapter draws on the results presented in Chapter 4 and aims to interpret the findings,
identify the key insights and place them in the context of the main research question. The
discussion begins by examining the benefits and challenges of using generative AI in strategic
planning, thereby providing a direct answer to the central research question: what are the benefits
and challenges of using Generative AI to support strategic planning activities in management
consulting? In addition to addressing the research question, the chapter also considers insights
that emerged beyond its direct scope. These findings will also be discussed. By incorporating
these points, the discussion not only answers the main question but also highlights areas of
broader relevance for both academic and practical contexts. Finally, the chapter reflects on the
limitations of the study and outlines opportunities for future research.

5.1 Generative AI’s role in strategic planning

The research question is addressed in two parts. First, the benefits regarding the usage of
generative AI to support strategic planning activities as perceived by the management consultants
will be discussed. In this research, benefits refer to those strategic planning activities where
consultants reported that generative AI already provides meaningful support. This is reflected
in high satisfaction scores, high importance and relatively low gap values between current
satisfaction future importance. Second, the challenges are examined. These refer to areas where
generative AI is not performing well, but is expected to in the future, typically characterized by
low satisfaction, high importance and larger gap values.1

5.1.1 Benefits

There is a clear shift from current satisfaction toward future importance across all activities.
Consultants across all demographics share the belief that generative AI will become increasingly
relevant for strategic planning, with the average future importance (M = 5.54) rated considerably
higher than current satisfaction (M = 4.06). This consistent pattern indicates that management
consultants in are generally optimistic about the future potential of generative AI, even if current
applications are not yet fully optimized. Three key findings will now be distinguished as benefits:
(1) structured analytical frameworks as success stories, (2) promising emergent activities and (3)
generative AI as a sparring partner.

1Although “benefits” and “challenges” were not formally operationalized as categories in the methodology, they
are interpreted here on the basis of survey outcomes (satisfaction, importance, gap analysis) in order to provide a
structured answer to the research question.
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Structured analytical frameworks as success stories

Structured analytical frameworks, such as SWOT, PESTLE and Porter’s Five Forces emerge
as the clearest success stories in the use of generative AI for strategic planning. Consultants
reported some of the highest satisfaction scores in the survey (all around M = 4.50) alongside
high importance ratings (all above M = 5.80), while producing among the lowest gap values
(M = 1.32−1.34). These activities also recorded the smallest standard deviations of all items,
signaling strong agreement across age groups, seniority levels and departments. In other words,
consultants broadly concur that generative AI already supports these frameworks effectively,
positioning them as established use cases rather than experimental ones. Although interestingly,
only half of the respondents reported using or being familiar with this set of activities, the
literature positions them as a core element of strategic planning practice [71, 48]. Yet, Mintzberg
famously critiqued such reliance on formal tools, arguing that real strategy often emerges through
adaptive iterative processes [55]. The tension between theory and practice may help explain why
only half of the consultants in this study reported usage or familiarity with these frameworks,
despite their strong alignment with generative AI.

The reasons for this maturity lie in the characteristics of these tools. SWOT, PESTLE and
Porter are highly structured, rule-based frameworks that can be decomposed into predefined
categories [7, 2, 64]. This reduces ambiguity and limits the scope of interpretation, which is
precisely where LLMs perform most reliably: structured, boxed task. Their input-output logic
is simple, repeatable and widely documented. Numerous illustrative and real-world examples
are publicly available, meaning that LLMs have likely encountered such patterns extensively
during training. This abundance of structured exemplars makes it easier for LLMs to generate
coherent and relevant outputs, as they can draw on a broad base of similar cases [1]. A consultant
captured this sentiment directly, stating: "I used Copilot for SWOT evaluation. When writing a
good prompt and context (without disclosing the client) the results were amazing. After several
iterations and refinements the output was great." This illustrates not only how generative AI is
already seen as a reliable option for structured analyses, but also once again reiterates prompting
remains a critical digital competence.

Other respondents echoed this perception, noting the usefulness of generative AI in quickly
populating analytical templates. As one survey participant wrote, "I used Generative AI a[s]
source to gain more information on creating a SWOT analysis for a client." Another reflected:
"(...) using [LLMs in a] SWOT-analysis kind of activity, where Generative AI helped me (...) for
the company. I did find some errors in this though so this highlights the importance of double
checking." These comments reinforce the survey’s quantitative finding findings: consultants
already view generative AI as a valuable accelerator for structured analytical frameworks, while
maintaining awareness of its current limitations. This shows that consultants trust generative AI
to accelerate analysis, but not to deliver unverified final outputs.

This finding is also consistent with academic discussions on AI in knowledge-intensive
work. Prior research shows that structured, data-driven tasks are more easily automated [67].
Structured analytical frameworks thus represent a natural entry point for generative AI, where

69



its strength in pattern recognition and templated reasoning can be reliably leveraged. This key
finding thus represents the clearest mature use cases (i.e., structured analytical frameworks),
where generative AI already delivers consistent and reliable value.

Promising emergent activities as generative AI’s next frontier

Another cluster of activities points to what may be described as promising emergent activities.
These include competitor analysis, market analysis, risk analysis and technological trend fore-
casting. Across these items, consultants reported satisfaction scores around the overall mean
(M = 4.05), with market analysis performing slightly higher and consistently high importance
values (M > 5.70). The resulting gaps were noticeably larger than for structured frameworks
(∆ ≈ 0.3), indicating a significant difference between current satisfaction and future expectations.
Standard deviations were also somewhat higher, suggesting less consensus across demographics.
Together, these patterns highlight a set of activities where consultants are moderately satisfied
with generative AI today, but perceive considerable untapped potential for the future, due to its
exceptionally high importance scores.

The qualitative data reinforces this interpretation. One consultant observed: "It is a good
idea [to use LLMs] for competitor analysis, market analysis (...) if GenAI is able to access that
data." Stressing that the LLMs must first gain reliable access to relevant information, which
represents a key area for improvement. Another respondent referred to "risk identification, Gen
AI is good in providing high-level risks in different areas. Some of which can be overlooked
easily." This highlights that risk analysis holds clear potential, but it still has "high-level risks",
indicating that LLMs still provide general answers. Others reported using generative AI "on
a daily basis for maturity assessments as well as identifying market and technology trends"
and described it as "extremely usefull and can save a lot of time (...). It is however key that
experienced professionals still review (...)." Thus, consultants see early value in speed and
breadth, but reliability remains conditional on access to external data and expert oversight.

These quotes illustrate how consultants are already experimenting with AI in these domains,
often finding value in speed and idea generation. Yet, unlike the analytical structured frame-
works, these activities are less standardized and often highly context-dependent [83, 55]. They
involve open-ended synthesis, evaluation of dynamic market signals and room for interpreta-
tion, conditions under which LLMs are more likely to produce generic or incomplete outputs.
Moreover, the tasks themselves involve retrieving data, synthesizing insights and producing
preliminary analysis. While such functions are in principle automatable, consultants consistently
stress the need for human oversight, fact-checking and contextual adaptation. This dynamic may
explain why satisfaction remains relatively low. Consultants express skepticism, (M perceived
risk = 5.2) despite consistently rating these activities as highly important, reflecting limited trust
yet in generative AI for less structured tasks.

Academic literature supports this distinction; studies show that generative AI performs
reliably on structured, templated tasks but struggles in domains that require contextual reasoning
or creative knowledge [67]. Likewise, research on strategic planning has shown that these
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activities are not purely analytical but involve interpretation, human judgment and organizational
context [55, 59]. This aligns with the survey’s findings that consultants remain cautious when
tasks require contextual interpretation rather than template-based reasoning.

There is a clear appetite for generative AI for these promising emergent activities. They are
already perceived as somewhat useful, but their true potential lies in the future. Current tools have
not yet met expectations and bridging this gap may require both technological improvements
and user education, particularly through tailored prompting strategies. Figure 4.14, supports
this, showing that the significant majority (> 89%) of consultants believe customized prompting
approaches are essential. Providing such training workshops could help these activities from an
early stage of adoption toward higher levels of maturity, especially if technological capabilities
continue to advance. To sum, these promising emergent activities highlight generative AI’s
potential: while current performance falls short, consultants remain optimistic about their future
value, making them promising yet still immature use cases.

Generative AI as a sparring partner for client-focused brainstorming

Lastly, the activity of brainstorming client needs deserves an honorable mention. With nearly uni-
versal adoption among consultants (n = 118), this activity received consistently high satisfaction
(M = 4.32 and importance scores (M = 5.55, while recording the lowest gap value (M = 1.23
across all items. In other words, brainstorming represents a "sweet spot" where generative
AI is already perceived as both valuable and reliable, with minimal distance between current
performance and future expectations. Although the standard deviation was somewhat higher
than in the structured analytical frameworks, the consistently positive evaluations indicate that
brainstorming has become an established and trusted application of generative AI in consulting
practice. The open responses illustrate why. One consultant described the experience as "like
having a supercharged brainstorming partner(...) It doesn’t replace human judgment, but it
definitely makes the process smarter and more dynamic." Another referred to it as "almost like
a sparring partner" that supports ideation prior to team discussions. Respondents repeatedly
emphasized the creativity boost, for example noting that "it can definitely help while brainstorm-
ing, as it is generating ideas, that can be the starting point for new" and even that "I love how it
increase creativity and provided broader ideas during brainstorm." These reflections underline
why brainstorming has a unique position in the results: it exemplifies how generative AI can
reliably accelerate idea generation without undermining human judgment. Rather than replacing
consultants, it expands the breadth of options considered, enhances creativity, making it a clear
example of generative AI already adding tangible value to strategic planning practice. In this
sense, brainstorming stands out as a special case where generative AI is not merely a tool, but a
trusted partner in creativity and ideation, while still relying on human judgment to validate and
refine ideas.

It is worth noting that nearly all of the activities classified as benefits fall within the domain of
Environmental Analysis (EA). This includes both mature frameworks such as SWOT, PESTLE
and Porter, as well as promising emergent activities like market and competitor analyses,
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technological trend forecasting and brainstorming over clients. EA focuses on assessing internal
and external influences through structured tools that decompose complexity into predefined
categories [71]. Because these frameworks are rule-based and widely standardized, they align
closely with the strengths of generative AI in pattern recognition. The only exception is risk
analysis, which belongs to the Strategy Evaluation (SE) domain. Overall, the evidence suggests
the EA tasks exhibit a particularly strong alignment with generative AI tools and are likely to
remain the most fertile ground for future development as perceived by the consultants.

In sum, the findings demonstrate that generative AI is already delivering tangible benefits
in strategic planning, particularly in highly structured frameworks where consultants report
strong satisfaction and consensus. Therefore, this cluster of activities can be labeled as mature
regarding generative AI usage. At the same time, consultants recognize considerable promise
in less standardized activities such as competitor, market, risk and trend analyses, though here
current applications fall short of their expectations. This cluster is remarkable for its strong
future potential. Moreover, consultants highlight that generative AI is increasingly used as a
strategic sparring partner, supporting idea generation and client-focused brainstorming. Taken
together, these results suggest that generative AI’s benefits are threefold: it already enables
support for structured analytical frameworks, it holds significant promise for more interpretive
tasks and it provides immediate value as a creativity partner in client-oriented brainstorming.
The next section turns to those strategic planning activities that are not yet ready to be effectively
supported by generative AI: the challenges.

5.1.2 Challenges

Judgment-intensive activities as generative AI’s current limitation

The second part of the research question concerns the strategic planning activities where
generative AI is not yet ready to provide meaningful support. A small set of activities perform
considerably worse than others and they all share some common characteristics. Feasibility
of a strategy, scenario creation and scenario evaluation are all activities that have both low
satisfaction (average of activity means, M = 3.70) and low importance ratings (average of
activity means, M = 5.28), combined with relatively high standard deviations (average of
activity SDs, M = 1.44). These results suggest that consultants are neither convinced of the
present usefulness of generative AI in these areas nor optimistic about its future potential; in
short, they are not yet ready to place trust in AI for these tasks. The high variation in satisfaction
further indicates disagreement among consultants on whether generative AI is useful, reliable
or even appropriate in such context. Unlike the "promising emergent activities", which reveal
unmet expectations but high importance, these activities are characterized by a lack of confidence
and limited perceived value. This pattern is further reflected in the gap scores. Although the
mean gap (average of activity gaps, M = 1.58) appears relatively high, this is largely a function
of the very low satisfaction ratings: when baseline satisfaction is low, even small increases in
perceived future importance produce a significant gap. More importantly, the relatively weak
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importance ratings indicate that consultants have little faith in generative AI’s ability to add
meaningful value to these activities, either now or in the foreseeable future.

Taken together, these results identify feasibility assessments, scenario creation and scenario
evaluation as the weakest areas of generative AI support. These activities share common
characteristics that explain their poor performance with generative AI. Tasks such as assessing the
feasibility of a strategy or creating and evaluating scenarios are judgment-intensive and require
context-specific information, which is often not accessible to LLMs. Moreover, these tasks can
be considered by consultants as mission-critical, making it difficult for them to delegate such
crucial tasks to LLMs. They involve synthesizing ambiguous information, weighing competing
alternatives and making decisions under uncertainty. Prompting for these activities also demands
extensive preparation, as it is not as straightforward as a structured analysis like SWOT. For
instance, evaluating the feasibility of a strategy requires detailed context-specific information
together with criteria, which is both time-consuming and cognitively demanding. Consequently,
consultants may perceive these activities as less valuable, since drafting appropriate prompts
requires significantly more effort than in the case of structured frameworks. Unlike structured
frameworks there are no standardized templates or universally accepted "right answers." Instead,
these activities demand deep organizational knowledge, intuitive expertise and sensitivity to
cultural factors in which LLMs do not yet excel in. In short, the very features that make these
activities strategically significant also make them resistant to automation.

These activities thus require more expertise and the demographic specific scores (see See Fig-
ures E.1, E.2 and 4.20) reveal a clear divide. Senior and older consultants reported substantially
higher gaps in these tasks (up to M = 2.4), whereas junior and younger consultants reported
much lower gaps (around M = 0.90). This discrepancy is largely explained by satisfaction levels:
senior consultants gave very low ratings (around M = 3.30), with feasibility of a strategy even
falling below M = 3.00 (M = 2.54). This pattern suggests that more experienced consultants,
who have a deeper understanding of the complexity and stakes of these activities, are particularly
skeptical of generative AI’s value in this context. By contrast, younger consultants assigned
similar importance scores but reported less skepticism, which may reflect a more limited appre-
ciation of the strategic depth these tasks require. Notably, the Strategy & Operations department
reported extremely low satisfaction alongside high importance, producing a significantly larger
gap than other departments. Given that this department has the most expertise and direct
experience with these activities, these results support the interpretation that less experienced
consultants may overestimate generative AI’s potential, as they do not yet fully recognize the
expertise and contextual judgment that such tasks demand.

The open responses support this interpretation. As one consultants explained, "Gen AI will
have a really hard time to really understand strategic planning on a practical level. (...) At the
moment he can answer high level good, low level not good." Another warned that "sometimes
GenAI uses hallucination and think of scenarios that are not possible." Others were concerned
that such tools may create a false sense of reliability: "It can provide very convincing answers,
however it makes you lazy to actually read what it is saying." These reflections reinforce the

73



quantitative findings: consultants are wary of delegating highly judgment-heavy and mission-
critical tasks to a generative AI system that is prone to generic outputs, hallucinations and
misplaced confidence in complex tasks. Yafei et al. highlight the severe risk of hallucinations of
using LLMs. These risks are particularly severe in strategic planning, where hallucinated outputs
may appear authoritative yet lack factual grounding, making them difficult to detect without
expert oversight and potentially leading to misguided or incorrect decisions [86]. Thus, the
danger is not only mediocre output, but the false authority of hallucinated results in high-stakes
contexts.

Recent scholarship on generative AI and management also provides useful perspective.
Raisch described the "automation-augmentation paradox," emphasizing that while generative AI
systems excel at structured and repetitive tasks, complex managerial activities involving tacit
knowledge and contextual judgment still require human judgment [67]. Feasibility assessments
and scenario creation and evaluation fall directly into this category. These activities involve
ambiguity and organizational dynamics, which cannot be reliably formalized for LLMs. In such
cases, generative AI should be viewed as an augmentation of human expertise rather than a
replacement. This distinction explains why consultants in the survey remain cautious: generative
AI may provide supportive inputs, but it cannot assume responsibility for decision of such
strategic weight.

Crucially, all of these activities belong to the domain of SE. As previously discussed SE
is concerned with assessing whether a chosen or proposed strategy is feasible, consistent and
aligned with organizational goals, often using criteria such as risk analysis, scenario evaluations
and feasibility assessments [71]. By their nature, these tasks require interpreting uncertain
signals weighing trade-offs and applying deep contextual knowledge processes that resist
codification, so that they can be more easily used for generative AI. It is precisely this evaluative
and judgment-heavy character that explains why generative AI performs poorly here, in stark
contrast to its stronger fit with EA tools [67]. In short, while EA aligns with the structured,
pattern-based strength of LLMs, SE remains beyond the current frontier of what generative AI
can reliably support.

Taken together, the results indicate that feasibility assessments and scenario creation and
evaluation represent strategic planning activities where generative AI is not yet suitable as a
stand-alone tool. While younger consultants and the non-dedicated strategy planners show
greater optimism, senior consultants and the daily practitioners, who carry responsibility for
high-stakes outcomes, express stronger skepticism, which is reflected in their lower satisfaction
ratings and higher gap scores. This demographic divide highlights that for judgment-intensive,
mission-critical tasks, human expertise and interpretive capacity remain indispensable. At
present, generative AI can play only a supplementary role in these activities, offering selective
augmentation rather than full automation in these domains.
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5.2 Prompting as a critical but underdeveloped competence

In addition to the main findings on benefits and challenges, the survey highlights a striking dis-
crepancy between consultants’ prompting practices and expressed needs. Figures 4.14 and 4.16
show an interesting contrast while an overwhelming majority of consultants agree that tailored
prompting strategies are essential for effective use of generative AI in strategic planning (over
89% in agreement), only 4% currently employ prompts specifically designed for strategic plan-
ning activities. Instead, most either create a prompt from scratch (45.6%) or use whatever comes
to mind in the moment (30.6%). This gap highlights that consultants recognize the strategic im-
portance of prompting, but lack the structured skills or resources to implement it effectively and
are therefore not yet mature in digital competence. As one respondent summarized: "Prompting
is key, (...) then you will get most value out of Gen AI during strategic planning activities." In
other words, awareness of prompting’s importance is already widespread, but it has not yet been
translated into systematic practice. This gap positions prompting as the bottleneck competence:
consultants recognize its importance, but lack the skills to operationalize it.

The inconsistency of current practice is also visible in how consultants evaluate existing
training. Figure 4.13 shows highly divergent views on the usefulness of recent AI training, with
ratings distributed from "not at all useful" to "extremely useful." This variation suggests that
while some sessions addressed consultants’ needs, others remained too generic, introductory or
insufficiently interactive, failing to deliver task-specific skills. When we compare this with the
stronger consensus in favor of tailored prompting strategies, it becomes clear why consultants
value generative AI training in principle but remain dissatisfied in practice. Much of the training
they have received so far does not meet their specific needs. Consultants note that LLM may
"hallucinate" and that it is "key to keep human in the loop", especially the human judgment. As
one noted "another challenge is training and developing junior staff in also making this judgment
on GenAI output," referring to remaining critical of the output of LLM. In short, prompting
is already recognized as critical, but without targeted and tailored training, consultants remain
unable to operationalize it effectively.

The demand for structured support is equally evident in Figure 4.15. When asked what would
help them use generative AI more effectively, the most frequently selected option was "hands-on
training in writing effective prompts (workshop)" (23.9%), followed closely by "prompting
templates or examples" (19.6%). This demonstrates that consultants do not merely want access
to generative AI tools, they want to learn how to master them through guided, interactive format.
As one respondent put it, support should include "training or guidelines on how to evaluate
AI output." This reflects that consultants seek not only to generate better prompts, but also to
critically assess the quality and reliability of outputs. Put differently, consultants see value in
generative AI only when paired with the competence to interrogate and refine its results through
mastering prompting.

This finding resonates with the academic perspective on AI augmentation. Raisch and
Krakoswki emphasize that while generative AI can automate structured tasks, its value in
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knowledge-intensive work depends heavily on how humans frame, contextualize and guide
the system [67]. In this sense, prompting becomes more than a technical skill: it is the key
mechanism through which consultants can enable generative AI to augment, rather than replace,
their strategic expertise. The survey results suggest that without stronger prompting competence,
consultants risk leaving much of generative AI’s potential untapped.

In sum, the results suggest that prompting should be treated as a core digital competence in
management consulting. Currently, the lack of tailored prompting strategies leads to unmet needs
and untapped potential. Yet, there is broad consensus on the need for these strategies and strong
demand for practical, workshop-based training. Developing this competence could accelerate
generative AI adoption from ad-hoc experimentation toward systematic prompt engineering,
establishing prompting as the bottleneck capability that determines whether generative AI
delivers reliable strategic value. Prompting should therefore be understood as the critical lever
that determines whether generative AI augments consultants effectively or remains underutilized.

5.3 Limitations

Every research has its limitations and this study is no exception. The limitations are discussed
below. This study followed an exploratory sequential mixed methods approach, combining
initial qualitative input with a broader quantitative survey. While this design is appropriate for a
novel and underdeveloped topic such as generative AI in strategic planning within management
consulting, it also introduces several limitations.

The initial qualitative phase was constrained by selection bias, as the interview sample was
limited to only six expert. While sufficient for theme generation in a homogeneous context,
this small N restricts the diversity of perspectives, limiting the range of identified themes [36].
Furthermore, the semi-structured, researcher-led format poses a risk of confirmation bias and
interpretive drift, despite the use of an interview guide. Since these interviews informed the
subsequent survey, early framing effects may have unintentionally privileged certain strategic
planning activities over others.

The survey phase introduced constraints related to sampling, response patterns and data
characteristics. Self-selection bias arose from voluntary participation within a single Big Four
advisory firm, likely attracting consultants already interested in generative AI. Therefore, the
results may skew toward more favourable assessments. Though the survey was distributed across
diverse roles and departments to capture a heterogeneous sample and mitigate the bias, the core
limitation of external validity remains.

The data is inherently constrained by the self-report on the Likert scales, capturing subjective
perception rather than objective performance. Despite anonymity, the risk of social desirability
bias remains, with respondents potentially overstating positive attitudes due to its current hype or
perceived professional expectations. This is particularly relevant given the unanimous optimism
in the responses, which is therefore interpreted with caution. The potential for non-reponse
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bias due to survey fatigue was mitigated through a pilot test and a consistent response scale, to
reduce cognitive load.

Analytically, the exclusion of "Not applicable / Not familiar with" responses, while improving
internal validity for those items, reduced the effective sample size and may have biased the
findings toward the view of consultants most engaged in specific strategic planning activities.

The generalizability of the findings is further constrained by the sample’s concentricity.
Although various seniority levels, departments and function were reached, the overall sample
size was modest and regionally concentrated within one firm. Moreover, the population was
somewhat overrepresented by the technology department and senior roles. Therefore, the
findings should be generalized with caution to the consulting industry at large.

The demonstration used a single model family (ChatGPT) and a single prompting workflow.
Performance and outputs may vary across models, versions and across alternative prompting
strategies. As such, the findings should not be overgeneralized to other tools or firms.

Taken together, although several mitigation were taken, these limitations constrain the
external validity and generalizability of the findings, yet they do not undermine the study’s
contribution in providing early insights into the role of generative AI in strategic planning.

5.4 Future research

Building on the limitations outlined above, several avenues for future research can be identified.
First, expanding the qualitative phase to include a larger and more diverse set of interviewees

across different firms and sectors would strengthen the breadth and transferability of insights.
Comparative studies between Big Four consultancies and boutique firms could highlight whether
organizational size, culture or sectoral focus shapes perceptions of generative AI in strategic
planning.

Second, the quantitative phase would benefit from a larger more diversified sample size. A
multi-firm survey could reduce organizational bias and allow for benchmarking across industries.
Moreover, complementing self-reported perception with objective performance metrics, such
as efficiency gains, quality of deliverables or client outcomes, would enable more robust
conclusions in terms of actual value.

Third, future studies should explore the role of different generative AI models and prompting
strategies. The practical demonstration in this thesis was limited to ChatGPT; subsequent
research could focus on one activity and systematically compare outputs across multiple models,
version and configurations. To assess how tool choice and prompting technique affect outcome.

Fourth, future research could focus on the more challenging activities identified in this
study. These tasks often require extensive preparation and carefully crafted prompts, making
them resources-intensive. However, the emergence of live prompting techniques (i.e., LLMs
listening to conversations) may open new opportunities for achieving effective outcomes with
minimal effort. Investigating whether live prompting can reduce the cognitive and time burden
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of designing prompts, while maintaining reliability and quality, would be a valuable direction
for further exploration.

Finally, as prompting and generative AI are nascent concepts a longitudinal research is
recommended. Tracking changes in consultant perceptions and practices over time would
provide insight into adoption dynamics, shifts in trust and the long-term integration of generative
AI strategic planning activities.
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Chapter 6 Conclusion

This research set out to explore where generative AI can and cannot support strategic planning
activities in management consulting, in other words, its benefits and challenges. Using an
exploratory sequential mixed methods research design, the study combined six qualitative expert
interviews with consultants from KPMG and SAP, a quantitative survey with 128 responses
from KPMG consultants and a practical demonstration to bridge the gap between theory and
applied consulting practice.

Within the six-step strategic planning model, Environmental Analysis and Strategy Evalu-
ation emerged as the most relevant phases for generative AI support. The subsequent survey
conducted a gap analysis: respondents rated current satisfaction and future importance, with
future importance rated significantly higher than current satisfaction, signaling potential that is
not yet fully realized in practice.

The findings point to three main benefits. First, mature use cases: LLMs reliably assist
structured analytical frameworks, such as SWOT, PESTLE and Porter’s Five Forces, where the
model’s reasoning aligns with predefined logic and categories. Second, promising emergent
activities, which are market, risk, competitor analyses and technological trend forecasting, show
exceptionally high future importance despite their current immaturity, suggesting clear potential
for future development. Third, the "sparring partner" role, in which consultants use generative AI
to brainstorm over clients, exemplifies how the technology enhances creativity and accelerates
idea generation without undermining human judgment.

The study also uncovers clear challenges that constrain broader adoption. Tasks involving
feasibility assessment, scenario creation and scenario evaluation remain difficult for current
models due to their context-dependent and judgment-intensive nature. These activities require
well-crafted prompts. The quantitative findings suggest that prompting literacy, the ability to de-
sign clear, structured and context-aware prompts, has become a critical capability for consultants.
Consultants, however, note that this emerging critical digital competence is underdeveloped.

The practical demonstration complements these insights by showing how deliberate prompt
engineering can systematically improve output quality. Through six prompting stages, ranging
from zero-shot baseline to self-refining reasoning overlays, the demonstration illustrates the
output of LLMs can evolve.

This thesis demonstrates that generative AI already supports various strategic planning
activities, while limitations in contextual understanding and judgment constrain its applicability
in others. By clarifying where generative AI provides tangible value and where it does not, this
study establishes a foundation for future research and informs areas of practical exploration for
consultants.
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Chapter A Interview guide

Introduction

• First, I would like to ask if I may record this interview and use the data for my thesis. The
data will be anonymized by name but not by function.

• Thank you for being open to this interview for my thesis.

• In my thesis, I want to investigate the pros and cons of using Generative AI for strategic
planning activities within the management consulting sector. I am particularly interested
in the specific activities carried out in daily practice, rather than a high-level overview and
what effect Generative AI can have on these activities. I will later provide definitions of
Generative AI and strategic planning.

• I define management consulting as the sector that advises companies on strategic, opera-
tional and technological issues.

• I will start by asking a few general questions.

General Questions

• Question: Could you briefly tell me about yourself, including your role, activities and
responsibilities?

• Question: Could you describe a typical workday? Please be as detailed as possible.

Strategic Planning (Without Context)

• Question: Could you describe what you think strategic planning is?

– If no: I understand that it’s difficult to describe directly. Could you tell me how your
organization (or department) reaches a decision about long-term goals and how you
contribute to this?

– How do you think organizations make decisions about what they want to achieve
and how they can achieve it?

• Question: What are the daily activities or tasks that, consciously or unconsciously, directly
or indirectly contribute to strategic planning? Think about specific activities at both an
operational and strategic level.
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Definition of Strategic Planning

• To properly answer the next questions, I need to first explain a few terms.

• Strategic planning is a structured process consisting of 6 steps: setting goals, performing
an environmental analysis, formulating a strategy, evaluating it, implementing it in the
organization and finally, iteratively controlling and monitoring.

The 6 Steps of Strategic Planning

1. Setting Goals: During this step, long-term goals (approx. 1.5 to 3 years into the future)
are defined. These goals are often numerical and specific, such as increasing market share
by 15% or annual revenue by 20%.

2. Environmental Analysis: In this phase, the organization performs various analyses, such
as a SWOT analysis, to identify the strengths, weaknesses, opportunities and threats. This
helps an organization determine where opportunities lie.

3. Strategy Formulation: Based on the information gathered in the previous step, the
organization decides which direction it wants to go and how to get there. This step has 5
sub-steps: identifying the problem, analyzing the problem, developing various strategies
to tackle the problem and achieve the goals, evaluating the alternatives for suitability and
feasibility and choosing the most suitable strategy. This formal, structured process ensures
that issues can be resolved.

4. Strategy Evaluation: This step is essential for determining whether the strategy is
achieving the right goals, given the environment the organization is in. This can be tested
using tools like risk analysis, early performance indicators and return on investment.

5. Strategy Implementation: This step divides the strategy into “actionable steps,” which
are subtasks that can be easily implemented in the company. It is important to adapt
the organizational structure, processes and behavior across the entire organization to
this strategy. This involves clear roles and responsibilities and the proper allocation of
resources.

6. Strategy Control and Monitoring: During this phase, progress is checked to ensure that
goals are being achieved. Key Performance Indicators (KPIs) are established, which can
be derived from the early performance indicators. It remains important to continuously
evaluate the strategy so that adjustments can be made if necessary.

Activities of Strategic Planning

• Question: Now that you have heard this explanation, what activities in your daily work
have an interface with the definition of strategic planning just mentioned?
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– (Think about data analysis, reporting, customer interaction, problem identification.)

– If no: I understand that you may not immediately recognize these activities in your
role. Could you describe how your organization handles these tasks or decisions?
Who normally does that and how do you get the information or direction for your
own work to contribute?

• Question: In what ways do you contribute to your organization’s long-term goals or
strategy? Can you provide an example of how you do this in your work?

• Question: What specific activities are performed to operationalize and implement a
strategy in your organization?

• Question: How do you monitor the progress of projects or initiatives you are working
on? When is something successful?

• Question: Is AI already involved in this or would that be useful?

• Question: Could you describe how data analysis and collection are part of your work and
how you think they contribute to strategic planning?

• Question: Can you describe how reports are created in your organization and what role
they play in strategic decision-making?

Generative AI

• Generative AI is an emerging technology that can create new content based on existing data.
This can include music, visual material (photos and videos) and, most famously, text. In
this study, I am specifically focusing on the textual side of Generative AI: “conversational
Large Language Models” (LLMs).

• These are advanced computer models, trained on massive amounts of text, that not only
respond like a search engine but are also capable of making logical connections, holding
conversations and remembering the context of previous input. They can also search
internal files, making it easier to retrieve and combine information.

• Popular examples of conversational LLMs are ChatGPT (developed by OpenAI) and
Gemini (from Google). They generate text by predicting which word or phrase logically
follows the given prompt or earlier messages in the conversation. This allows them to for-
mulate coherent and contextually appropriate answers that sometimes sound surprisingly
human.

• At the same time, there are also risks in using these models. For example, they can provide
inaccurate or outdated information (so-called “hallucinations”) or adopt certain biases
from their training data. For strategic planning activities, it is therefore important to
consider both the possible benefits and the limitations.
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• Question: For what purposes are you currently using Generative AI tools in your daily
work?

– If no: what is the reason you are not using Generative AI tools?

• Question: Looking at the six steps of strategic planning

– Goal Setting

– Environmental Analysis

– Strategy Formulation

– Strategy Evaluation

– Strategy Implementation

– Strategy Control & Monitoring

could you give a top three of the steps where Generative AI could have a positive impact
on the respective activities and explain for each step why you chose it?

• Question: Do you have suggestions or ideas about how and where Generative AI could
be further integrated into daily strategic planning activities?

• Question: Do you think there are specific human skills or competencies that Generative
AI (still) cannot take over, but that are important in strategic planning? If so, which ones?
(For example, stakeholder management, intuitive decision-making.)

• Question: Are there any strategic planning activities where Generative AI would not be
suitable, apart from ethical or legal considerations?

Conclusion

• Question: Do you have any other insights you would like to share about strategic planning
and AI in your work?
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Chapter B Survey instrument

Hi colleague, thank you for contributing to this research. The survey will take between 10-15
minutes. Your input is greatly appreciated!
This research explores how Generative AI supports strategic planning activities in management
consulting. Your input helps shape KPMG’s wider AI journey and contributes to a tailored
prompting strategy to help you get more out of tools like ChatGPT in your daily work.

Definitions: Generative AI & Strategic Planning Practices

• In this study, Generative AI refers to tools like ChatGPT, Copilot or internal KPMG
AdvisoryGPT that use artificial intelligence to create new content, such as text, images or
summaries. These tools are trained on large datasets and can support tasks like drafting
analyses, brainstorming ideas and summarizing reports.

• Strategic Planning Practices are structured, iterative activities that help organizations set
long-term goals, analyze their environment, choose strategies, allocate resources and track
progress. These activities occur in different phases within projects. This research focuses
on two key steps:

– Environmental Analysis: gathering and interpreting data on markets, competitors,
stakeholders and trends to identify opportunities.

– Strategy Evaluation: assessing whether a strategy is realistic, goal-aligned and
risk-aware.

What I ask of you

• Please read each question and rate on a 7-point Likert scale. Honest answers help generate
meaningful insights.

Privacy

• All responses are anonymous, used only for research and stored securely.

Declaration of consent

• I have read the information provided, understand the definitions of Generative AI and
strategic planning and agree to participate in this study.
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• I confirm that I am currently working in a consulting-related role, have read the informed
consent and agree to participate in this research.

Introduction Questions

The following demographic items are used to assess seniority and career profession. Please
respond based on your current role, experience level and age group.

What is your job title?

– Consultant

– Senior consultant

– Manager

– Senior manager

– Director

– Partner

How many years of experience do you have in consulting?

– 0-2 years

– 3-7 years

– 8-15 years

– 15+ years

What department are you part of?

– Technology

– Risk & regulatory

– Finance & business services

– Deals

– Strategy & operations

What is your age (in years)?

– 18-21

– 22-34

– 35-49

– 50-65

– 65+
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How often do you actively use Generative AI in your professional work?

– Never

– Rarely

– Monthly

– Weekly

– Daily

How often do you perform strategic-planning work?

– Never

– Rarely

– Monthly

– Weekly

– Daily

Usage of Generative AI

Remember, there are no right or wrong answers; I am interested in your honest opinion. The
statements provided are hypothetical. Please consider each statement thoughtfully and provide
your insights.

• I am satisfied with the current usefulness of the Generative AI in my professional
work.

• I think Generative AI will be important in the future in my professional work.

• I find Generative AI easy to use in my professional work.

• I feel that using Generative AI at work could pose potential risks.

Strategic Planning Practices: Environmental Analysis

The following questions relate to the strategic planning practices of environmental analysis.
For each question, the specific practice (e.g. SWOT analysis) is shown in the top-left corner.
There will be two questions for each practice, one testing the current satisfaction and the other
the future importance of Generative AI in that practice. Please try to answer each question as
accurately as possible based on your experience and expectations.

• SWOT Analysis - Identify strengths, weaknesses, opportunities, threats to inform strategy.

– I am satisfied with the current usefulness of Generative AI in supporting SWOT
analysis.
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– I believe Generative AI will be important in the future for SWOT analysis.

• PESTLE analysis - Scan political, economic, social, technological, legal, environmental
factors.

– I am satisfied with the current usefulness of Generative AI in supporting PESTLE
analysis.

– I believe Generative AI will be important in the future for PESTLE analysis.

• Porter’s Five Forces - Assess industry rivalry, substitutes, buyers, suppliers, entry threats.

– I am satisfied with the current usefulness of Generative AI in supporting Porter’s
Five Forces.

– I believe Generative AI will be important in the future for Porter’s Five Forces.

• Market analysis - Collect and analyse market size, segments, growth and competitors.

– I am satisfied with the current usefulness of Generative AI in market analysis.

– I believe Generative AI will be important in the future for market analysis.

• Competitor analysis - Evaluating rivals’ strengths, weaknesses, strategies and perfor-
mance.

– I am satisfied with the current usefulness of Generative AI in competitor analysis.

– I believe Generative AI will be important in the future for competitor analysis.

• Technological market trends – Project future trends and technologies affecting markets
and strategy.

– I am satisfied with the current usefulness of Generative AI in trend and technology
forecasting.

– I believe Generative AI will be important in the future for trend and technology
forecasting.

• Brainstorming on client needs – Generate ideas addressing client needs, issues, aspira-
tions and opportunities.

– I am satisfied with the current usefulness of Generative AI in brainstorming on client
needs.

– I believe Generative AI will be important in the future for brainstorming on client
needs.

• Stakeholder analysis – Identify, map, prioritise stakeholders’ interests, influence and
expectations.
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– I am satisfied with the current usefulness of Generative AI in stakeholder analysis.

– I believe Generative AI will be important in the future for stakeholder analysis.

• AS-IS analysis of current organizational situation – Describe current processes, struc-
ture and performance to establish baseline for improvement.

– I am satisfied with the current usefulness of Generative AI for making an AS-IS
analysis of the current organizational situation.

– I believe Generative AI will be important in the future for making an AS-IS analysis
of the current organizational situation.

Strategic Planning Practices: Strategy Evaluation

The following questions relate to the strategic planning step of strategy evaluation.

• Strategic scenario creation – Imagine different possible future situations for the business.

– I am satisfied with the current usefulness of Generative AI in scenario creation.

– I believe Generative AI will be important in the future for scenario creation.

• Strategic scenario evaluation – Systematically analyzing scenarios to assess strategic
viability and implications.

– I am satisfied with the current usefulness of Generative AI in scenario evaluation.

– I believe Generative AI will be important in the future for scenario evaluation.

• Peer-review synthesis – Colleagues, external parties or tools review strategic plan and
suggest clear improvements.

– I am satisfied with the current usefulness of Generative AI in peer review synthesis.

– I believe Generative AI will be important in the future for peer review synthesis.

• Risk analysis – Identify potential risks, analyse causes, consequences and mitigations.

– I am satisfied with the current usefulness of Generative AI in risk analysis.

– I believe Generative AI will be important in the future for risk analysis.

• Risk probability assessment – Estimate probability and impact scores for each identified
risk.

– I am satisfied with the current usefulness of Generative AI in risk probability assess-
ment.

– I believe Generative AI will be important in the future for risk probability assessment.

• Brainstorming on strategy feasibility – Can we realistically execute this strategy?.
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– I am satisfied with the current usefulness of Generative AI in brainstorming on the
feasibility of a strategy.

– I believe Generative AI will be important in the future for brainstorming on the
feasibility of a strategy.

Personal Experiences and Reflections

In this final section, we ask for your personal experiences and reflections. Your responses will
help us understand how Generative AI is used in practice during strategic planning. Feel free to
mention both positive and negative aspects and provide concrete examples where possible.

• What do you think about integrating Generative AI in strategic planning activities?

• Can you describe a situation, if any, where Generative AI supported you in a strategic
planning activity as mentioned in the survey? What worked well?

• Describe one limitation or risk you experienced when using Generative AI for
strategic-planning activities.

• Have you received any internal or external training on the use of Generative AI?

– Yes, internal training at KPMG

– Yes, external training (e.g. online course, university, external company, etc.)

– No, I haven’t received any training

• What type of training have you received on using Generative AI for professional
work?

• How useful was the most recent AI training you received?

• I would benefit from tailored prompting strategies for specific strategic planning
activities.

• What kind of training, tools or support would help you use Generative AI more
effectively in strategic planning?

• Which of the following prompting techniques are you familiar with? (Check all that
apply)

– Ask Me Anything (AMA): Combines prompts and answers for richer model output.

– Zero-Shot Prompting: No examples, model relies on pre-trained knowledge.

– Few-Shot Prompting: Uses examples to guide model’s generated responses.

– Chain-of-Thought (CoT): Encourages step-by-step reasoning for complex tasks.
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– Automatic Chain-of-Thought (Auto-CoT): Automates reasoning steps using struc-
tured prompt instructions.

– Retrieval-Augmented Generation (RAG): Retrieves external data before generating
final response.

– None of the above

• Which of the following best describes how you use prompts when working with
Generative AI tools?

– I create my own prompts from scratch.

– I reuse prompts I found online or from others.

– I have prompts tailored to specific strategic tasks (e.g., SWOT, risk analysis).

– I use whatever comes to mind in the moment.

– I don’t use any specific prompts.

– Other:

• If you have found any specific prompts to be particularly effective when using
Generative AI for strategic planning tasks, please feel free to share an example below
(e.g., a prompt you used for competitor analysis or generating strategic alternatives).

B.1 Open-ended question answers

Table B.1: Respondents’ perspectives on integrating Genera-
tive AI in strategic planning activities.

What do you think about integrating Generative AI in strategic planning activities?

Might be good to collect all necessary information and scenarios. When it comes to making
choices, the human factor becomes more important.
I think it will be useful, but I also feel a certain cautiousness about using it for strategic
planning—the context is so important in many cases and hard to define perfectly in a prompt
(at least for me right now).
Prompting is key. When you are able to create a well-designed prompt, you will get most
value out of GenAI during strategic planning activities.
It will take over all the planning activities.
I believe it can support in getting more complete ideas, thinking out of the box, etc. The
evaluation is, I guess, less applicable.
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Table B.1 – continued from previous page

What do you think about integrating Generative AI in strategic planning activities?
(continued)

As GenAI mainly looks at the current state of things and strategic planning is about the future
state, I think GenAI can mainly help in drafting suggestions, but the work remains human.
It could be helpful, but people should not be depending on it.
It could support activities. Key in my view for strategic planning is: (a) to collect and structure
a lot of data, which GAI could be very helpful with; (b) to assess, value, interpret the data and
insights and decide on new, strategic plans. For this you need out-of-the-box thinking and
new relations, which are not there yet. Therefore, I expect GAI to be less useful.
It should be integrated carefully, considering its biases.
It has immense opportunities to support strategic planning—identify and analyze a lot of
information—but the strategic direction will and should still be owned and shaped by people.
Strategizing is synthesizing large amounts of input to establish a direction. AI is vital
nowadays for this.
It can definitely help while brainstorming, as it generates ideas that can be the starting point
for new directions.
I believe generative AI can be of great help in terms of speed. With good input, you can get
output that does not need much change anymore. This means that more work can get done.
We overestimate the impact.
It has the potential to enhance decision-making by providing new perspectives, generating
creative ideas and automating certain tasks. These AI tools can analyze vast amounts of data
quickly, identify patterns and help in scenario planning.
Useful to generate ideas, but since GenAI draws from past text and extrapolates, it also
hallucinates. So far GenAI also has a time limit on past data in its source. It is key to keep the
human in the loop to avoid logical fallacies and ensure conclusions remain relevant.
It will be challenging to integrate GenAI in client situations, as it generally lacks the internal
context and dynamics of an organization.
I think this is extremely useful and can save a lot of time. It is, however, key that experienced
professionals still review and make sure the output is correct and useful. Another challenge is
training and developing junior staff to make this judgment as well.
Wise to use as an additional perspective or to give suggestions for improvement.
It will speed up certain processes and allow focus on the actual thinking and more enjoyable
parts. As of now, AI is too generic to be truly helpful, but I use it to come up with different
ideas and get a first overview.
As it is currently, we take everything with a grain of salt, so I am not sure how reliable the
outcomes are. A sense check is always required for even the lowest-level output. I think it
could be a great complementary tool.
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Table B.1 – continued from previous page

What do you think about integrating Generative AI in strategic planning activities?
(continued)

It is very useful for a brainstorming phase, but the more you use it for generating full analyses,
the more of a black box it becomes, making it less transparent and harder to justify as a
consultant.
It can help as a starting point but needs adjustments to make it tangible and client-specific.
I like it, but it should keep thinking outside the box and also provide totally new opportunities.
As long as it does not do that, it cannot replace people.
Using Generative AI in strategic planning is like having a supercharged brainstorming part-
ner—it helps explore ideas, spot patterns and test scenarios faster. It does not replace human
judgment, but it makes the process smarter and more dynamic.
Generative AI can be used well for the initial design of strategic planning activities, but
humans will always have to make additions and checks. It is also important that the right
information is given (right prompts) and that follow-up questions are asked.

Table B.2: Respondents’ examples of situations where Gen-
erative AI supported strategic planning activities and what
worked well.

Can you describe a situation, if any, where Generative AI supported you in a strategic
planning activity as mentioned in the survey? What worked well?

Risk identification – GenAI is good at providing high-level risks in different areas, some of
which can be easily overlooked.
Several situations: risk analysis, stakeholder analysis and Five Forces.
During our SAP implementation, we used Generative AI to simulate different rollout strategies
and flag potential integration issues before they became real problems. What really stood out
was how it helped us align stakeholders quickly by turning complex data into clear, actionable
insights.
It was able to identify risks that were unknown to me – so-called unknown unknowns. That is
great for raising awareness of risks.
Using it for a SWOT-style activity, where Generative AI helped me think about strengths,
weaknesses, opportunities and threats for the company. I did find some errors, though,
highlighting the importance of double-checking.
SWOT and risk assessments – definitely works well.
I used Copilot for SWOT evaluation. With a good prompt and clear context (without disclosing
the client), the results were impressive. After several iterations and refinements, the output
was great.
Designing the framework for an analysis. This worked very well and the client was happy.
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Table B.2 – continued from previous page

Can you describe a situation, if any, where Generative AI supported you in a strategic
planning activity as mentioned in the survey? What worked well? (continued)

Mostly research and summarizing, but also identifying risks or helping translate project scopes
into business value and making this more quantifiable.
Doing background research on an industry in a couple of minutes, saving lots of time.
It saved me time when diving deep into a sector and it also came up with out-of-the-box ideas.
I use GenAI on a daily basis for maturity assessments as well as identifying market and
technology trends.
Reviewing the options on the table and using it almost as a sparring partner to brainstorm
with before human discussions.
Often brainstorming on risks or improvement possibilities for a client when I describe my
situation to GenAI.

Table B.3: Respondents’ reported limitations and risks when
using Generative AI for strategic-planning activities.

Describe one limitation or risk you experienced when using Generative AI for strategic-
planning activities.

A tendency to generate overly confident recommendations based on incomplete or outdated
data.
Overly convincing answers can make you lazy to read critically; outputs are not always the
right solution or formulation.
Hallucinations are a key risk; effective guardrails are needed.
Undetectable hallucinations; convergence risk—if multiple organizations use the same model,
inputs become similar and competitive advantage erodes.
Conformity/authority bias: “ready-to-go” outputs may be accepted too quickly; risk of
groupthink (people align with perceived authority even if they disagree).
Enterprise setup does not support the most recent LLMs.
Risk of overreliance—belief that AI will outperform humans in 2–3 years could reduce human
oversight.
Outsourcing one’s thinking: plausible but incorrect answers can lead to insufficient analysis.
“Garbage in, garbage out”; input and output quality assurance is required.
Company LLMs generally provide less accurate results than LLM+RAG setups built into
platforms.
Weak problem understanding without explicit framing; tends toward generic analysis.
Outputs are too generic; risk of overlap across engagements.
Erosion of critical thinking and attention; decisions may become more fragile and superficial.
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Table B.3 – continued from previous page

Describe one limitation or risk you experienced when using Generative AI for strategic-
planning activities. (continued)

Internal AiQ engine is limited; desire to load frameworks and client context to generate logical
strategic directions.
Limited reasoning and context window; hallucinations persist—larger context/project memory
would help.
Copy–paste risk without proper verification.
Hard to leverage internal documents/knowledge (e.g., KPMG inputs) to enhance results.
Tailoring requires extensive client data that is currently infeasible to provide; otherwise
answers remain generic.
Validation burden: with large inputs (multiple files, studies), users may be unable to verify
and may accept outputs as truth.
You must remain critical in your thinking.
Hallucinated, impossible scenarios.
Data confidentiality concerns.
Lacks deep understanding of the company and its people (tacit context).

Table B.4: Consultants’ suggestions for improving the effec-
tive use of Generative AI in strategic planning.

What kind of training, tools or support would help you use Generative AI more effec-
tively in strategic planning?

Training or guidelines on how to evaluate AI output
Training in Agents
Limitations and risks are more relevant compared to smart prompting
Introduction to AI
Clear showcase of value (e.g., normally deliverable A costs 40 hours work, now 4)
Business support
Access to latest models. Current enterprise approach limits access to reasoning models or
building chains of analysis with different LLMs

Table B.5: Consultants’ self-reported prompting practices
when using Generative AI tools.

Which of the following best describes how you use prompts when working with Genera-
tive AI tools?

Use prompts colleagues sent me
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Table B.5 – continued from previous page

Which of the following best describes how you use prompts when working with Genera-
tive AI tools? (continued)

I use LLMs to write the prompt, taking into account research on best practices and emerging
prompting techniques
I typically ask for source information in a tedious way using prompting
Combination of the above
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Chapter C Practical demonstration

This appendix document translates the study’s empirical insights into practice by demonstrating
how generative AI can support priority strategic planning activities in a management consulting
context identified in Chapter 5. It completes the exploratory sequential design by adding an
applied component to the qualitative and quantitative phases and shows what this looks like with
reproducible artifacts. Full prompts and long-form outputs are included in the Appendix D, for
transparency and replication. This practical demonstration uses ChatGPT-5. To ensure a fair
comparison between prompting strategies, the model configuration is held constant across all
activities.

The selection of activities is grounded in the thesis’ findings. The Discussion (Chapter 5)
highlights one clear success story for generative AI: the structured analytical frameworks, such
as SWOT, PESTLE and Porter, where satisfaction and importance are relatively high and gaps
are smaller. For the demonstration, SWOT is chosen as a representative activity from the mature
cluster. SWOT provides a stable and familiar framework that fits well with the strengths of
LLMs, since it is rule-based and can be broken into clear categories. Focusing on one activity
rather than many allows for more depth, showing in detail how prompt design can improve the
quality, structure and actionability of outputs.

The purpose of this chapter is to enrich the quantitative findings by providing examples
of generative AI usage in practice on strategic planning activities. By showcasing the outputs
of the LLM it becomes increasingly clear what its potential is. To realize this, prompting is
approached as an iterative design process, where simple starting points are progressively refined
through prompt engineering. The prompting strategies discussed in Section 2.1.4.2 are zero-
shot, few-shot, Chain-of-Though and Retrieval-Augmentation Generation and are not treated as
disjoint techniques but as composable building blocks that can be layered where they add the
most value. Each has particular strengths and weaknesses, as summarized in Table 2.1. Besides,
these various prompting strategies may be combined to achieve even better prompting results.
Prompting strategies can also be enhanced by providing, role, specification, structure guidance,
exemplars, reasoning instructions and retrieval options. The demonstration therefore follows
a staged refinement process, beginning with a baseline SWOT prompt and then incrementally
adding role specifications, exemplar, reasoning steps or grounding elements to illustrate how
deliberate prompt design can shift outputs from generic to consultant-ready.

The demonstration will follow a fixed protocol to keep the comparison auditable and focused
on the effects of prompt design:

1. Task framing: the business context is clearly explained and its goal.
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2. Baseline SWOT: a minimal zero-shot prompt aligned to SWOT’s four categories, includ-
ing 2-3 "strategic implications".

3. Refined prompt: re-run the SWOT and implications with an explicit consultant role,
audience, task, style and structure guidance to increase relevance and completeness.

4. Reasoning overlay: add reasoning instruction to improve formatting, depth and trans-
parency, by requiring mapping drivers into S/W/O/T before composing implications.

5. Few-shot micro exemplars: provide two short exemplars that demonstrate desired tone,
depth and formatting, then apply the same structure to the common case to lock form and
specificity.

6. Grounded variant: provide 4 curated public text snippets (e.g., news reports, analyst
notes, reports) each with source tag [S#] and require inline attributions on any evidence-
based bullet.

7. Targeted refinement & finalize: prompt a brief self-critique against four lightweight
criteria (structure adherence, quadrant completeness, clarity of implications, explicit
assumptions) and revise against the rubric, where confidence is low and flag any remaining
uncertainties once to produce the final illustrative artifact.

For each variant, the prompt, the model’s output and a two-to-three sentence design note
explaining what changed and why are archived in the Appendix D. This section will only contain
concise excerpts to illustrate differences that matter for consulting practice.

Although strategic implications are not part of the canonical SWOT, they are included here
to demonstrate how generative AI can bridge from analysis to action, which is standard practice
in consulting deliverables. In this context, strategic implications refer to short, forward-looking
statements that connect internal factors (strengths and weaknesses) with external conditions
(opportunities and threats) to suggest a possible course of action. For example, a strength in
strong client relationships combined with an opportunity in growing market demand may imply
prioritizing partnership-based expansion. Including such implications makes the analysis more
actionable and illustrates how LLMs can move beyond categorization toward informing strategic
decision-making. To maintain focus on prompt design rather than on factual correctness, the
demonstration is based on a synthetic case scenario: a European HR-tech scale-up AI-based
talent matching platform. Using a fictive case avoids distracting debates about company-specific
accuracy while still providing a realistic context. This common scenario is presented at the start
of each prompt and remains unchanged across all stages:

A European HR-tech scale-up is developing a generative AI service that helps enterprises
with workforce planning. The platform uses LLMs to scan job descriptions, internal performance
data and training catalogs to generate skill-gap analyses and propose reskilling strategies. The
service targets organizations facing talent shortages in digital and engineering roles.
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C.1 Prompt engineering

This section demonstrates how deliberate prompt engineering shapes the performance of genera-
tive AI in strategic planning tasks, specifically the SWOT analysis. To ensure comparability,
each prompt was entered into a blank prompting page so that no memory of earlier runs could
influence later ones. This design reduces bias and makes it possible to compare outputs side by
side. Only the final stage (Stage 6) was prompted in the same prompting page, as it specifically
relies on the model critiquing and improving its own draft.

The process follow six stages, which are all distinct and incrementally refined per stage.
Each stage is documented with full input and output in Appendix D. For each stage, the changes
in prompt design and their effects are visible, allowing the reader to see how simple adjustments
can shift outputs. First, the stages are mentioned briefly below, at the end an overview is
presented in Table C.1.

Stage 1 - Baseline SWOT The first stage uses a minimal zero-shot prompt (see Figure D.1).
The output resembles raw brainstorming notes: broad ideas are captured, but categories overlap
and implications remain vague. The value for consultants lies in seeing the "default" starting
point of an unstructured model. The drawback is clear: without design, outputs remain too
generic to be of practical use.

Stage 2 - Refined prompt Adding role framing, style and structure guidance (see Fig-
ures D.2 and D.3) immediately improves organization. The SWOT becomes more balanced and
implications are sharper. What stands out is how small changes in wording make the output look
somewhat closer to consulting deliverables.

Stage 3 - Reasoning overlay Here, the model is asked to first list drivers before mapping
them into SWOT quadrants (see Figures D.4 to D.6. This adds transparency, as the logic behind
each item mapping becomes clearer. The benefit is that it reduces overlap and show why each
point sits where it does. What stands out is the clearer link between drivers and the final SWOT,
whereas in previous stages the SWOT was just produced, without backed information.

Stage 4 - Few-shot exemplars By including an exemplar SWOT (see Figures D.7 to D.9,
the model follows the exact structure of this exemplar, providing clear guidance. The output
looks more polished and consistent, with a tone that resembles consulting slides.

Stage 5 - Grounded variant In this stage, public external sources are introduced and
referenced to with [S] (see Figures D.10 to D.13). This makes the SWOT evidence-based and
auditable, introducing stronger claims. The value is that claims are not traceable to real sources,
as consultants would do in practice. What stands out is the explicit citation of evidence, moving
the analysis from plausible to credible.

Stage 6 - Targeted refinement & finalization Finally, the model critiques its own Stage
5 output against a rubric (structure, completeness, clarity, assumptions) and refines it once
(see Figures D.14 to D.17). This produces an even more focused, streamlined output with
assumptions called out and criticized by itself. The benefit is showing generative AI not just as
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a generator, but also as a reviewer. What stands out is the shift toward a "final draft" quality,
which is now ready for expert consultant review.

Table C.1: Overview of prompting stages, benefits and limitations
Stage Prompting

Strategy
Change Introduced Benefit Limitation

1 Baseline
SWOT
(Zero-shot)

Minimal prompt with no
structure or role

Neutral bench-
mark, illustrates
unrefined output

Generic, overlap-
ping categories,
weak implications

2 Refined
prompt

Role framing, audience
and structural guidance

More complete or-
ganized, aligned to
consulting deliver-
ables

Reasoning behind
choices remains
opaque

3 Reasoning
overlay
(CoT)

Drivers listed first, then
mapped into SWOT be-
fore implications

Transparent causal
chain, reduced
drift, auditability

Longer prompts,
higher token cost

4 Few-shot
exemplars

A short exemplar
SWOTs lock tone, style,
depth

Mimics consulting-
grade outputs,
consistency across
cases

Exemplar quality
critical; poor exam-
ples propagate er-
rors

5 Grounded
variant
(Simulated
RAG)

Curated public sources
with inline attributions
[S#]

Evidence-based,
auditable outputs
closer to practice

Dependent on
source selection,
potential bias

6 Targeted re-
finement

Self-critique against
rubric, one-shot revision

Iterative improve-
ment, AI as re-
viewer, higher clar-
ity

Limited domain
validation, may
miss blind spots

Finally, the six stages illustrate the trajectory from raw brainstorming to client-ready deliver-
ables. Each stage mirrors a familiar consulting workflow: Stage 1 resembles brainstorming notes
on a whiteboard, Stage 2 the first outline slides, Stage 3 the driver tress and causal logic consul-
tants use to justify their framing, Stage 4 the application of a consistent "house style", Stage 5 the
evidence-backed deck enriched with external data and Stage 6 the final quality-control pass by a
senior consultant or partner (AI in this case). For consultants, the implication is clear: mastering
prompt engineering allows generative AI to be integrated not just as a productivity tool, but as a
strategic sparring partner across the full lifecycle of strategy deliverable preparation.
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Chapter D Output of LLMs

This section presents the exact input prompts and outputs generated by the LLM for the practical
demonstration. The process consists of six stages. Each stage shows the full prompt text and
corresponding model output. In addition, a short design note of 2–3 sentences explains what
changed in the prompt design compared to the previous stage and what effect this had on the
output. For Stage 1 (Baseline SWOT), the change is not included.

D.1 Stage 1 – Baseline SWOT

This stage uses a minimal zero-shot prompt. The output provides a basic SWOT analysis with
short implications but tends to be broad and generic, serving as a reference point for further
refinements.
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Figure D.1: Stage 1 – Zero-shot SWOT with broad generic items and overlap.
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D.2 Stage 2 – Refined prompt

This stage introduces an explicit consultant role, sector context and structural guidance to
increase the specificity and completeness of the SWOT. The output is more organized and
provides more context-aware output.
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Figure D.2: Stage 2 – Role and strict schema make items concise and consistent, part 1
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Figure D.3: Stage 2 – Role and strict schema make items concise and consistent, part 2
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D.3 Stage 3 – Reasoning overlay (Chain-of-Thought)

Here the prompt is extended with reasoning instructions. The model is required to first list
drivers before mapping them into SWOT categories. This makes the reasoning transparent and
helps reduce off-topic or repetitive factors.
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Figure D.4: Stage 3 – Examples guide tone and raise specificity for this domain, part 1
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Figure D.5: Stage 3 – Examples guide tone and raise specificity for this domain, part 2
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Figure D.6: Stage 3 – Examples guide tone and raise specificity for this domain, part 3
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D.4 Stage 4 – Few-shot micro exemplars

A short exemplar SWOT is added to the prompt. These lock in the tone, structure and granularity,
leading to outputs that more closely mirror the style and depth of consulting deliverables.
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Figure D.7: Stage 4 – Stepwise prompting clarifies logic and reduces quadrant leakage, part 1
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Figure D.8: Stage 4 – Stepwise prompting clarifies logic and reduces quadrant leakage, part 2
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Figure D.9: Stage 4 – Stepwise prompting clarifies logic and reduces quadrant leakage, part 3
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D.5 Stage 5 – Grounded variant (Simulated RAG)

This stage asks the model to browse publicly available renowned sources. The aim is to simulate
retrieval-augmented generation, improving grounding and auditability of the SWOT factors.
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Figure D.10: Stage 5 – Grounded in source snippets so claims are evidence based, part 1
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Figure D.11: Stage 5 – Grounded in source snippets so claims are evidence based, part 2
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Figure D.12: Stage 5 – Grounded in source snippets so claims are evidence based, part 3
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Figure D.13: Stage 5 – Grounded in source snippets so claims are evidence based, part 4
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D.6 Stage 6 – Targeted refinement & finalization

The model is asked to self-assess the draft output against a simple rubric (structure adherence,
completeness, clarity of implications, explicit assumptions) and revise once. This produces the
final illustrative artifact with improved clarity and transparency.
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Figure D.14: Stage 6 – Quality checking the output of the LLM and refining it, part 1
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Figure D.15: Stage 6 – Quality checking the output of the LLM and refining it, part 2
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Figure D.16: Stage 6 – Quality checking the output of the LLM and refining it, part 3
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Figure D.17: Stage 6 – Quality checking the output of the LLM and refining it, part 4
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Chapter E Figures

Figure E.1: Heatmap of gap, satisfaction, and importance scores for each strategic planning
activity, broken down by functional role. Values represent mean scores per function. Darker
shades indicate more extreme values within each scale.
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Figure E.2: Heatmap of gap, satisfaction, and importance scores for each strategic planning
activity, broken down by experience group. Values represent mean scores per experience group.
Darker shades indicate more extreme values within each scale.
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Figure E.3: Heatmap of gap, satisfaction, and importance scores for each strategic planning
activity, broken down by department. Values represent mean scores per department. Darker
shades indicate more extreme values within each scale.
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