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Abstract  

This study explores how synergies between artificial intelligence and human expertise can 

optimize decision-making in management consulting. Drawing on qualitative interviews with 

14 consultants and observations from AI training workshops, the research identifies challenges 

such as unclear use cases, trust dynamics, and data security concerns. Findings reveal AI’s role 

in enhancing routine tasks, data analysis, and strategic insights while human judgment ensures 

contextual relevance. A structured Human-AI framework is proposed, integrating AI's 

computational strengths with consultants' expertise to improve decision efficiency and quality. 

Recommendations focus on training, organizational culture, and feedback mechanisms to foster 

successful AI adoption. 
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1. Introduction 

Despite advances in technology and industry dynamics, the management consulting business 

model has been persistently resistant to change for years. The resistance to change that 

management consultants have long aimed to address in their clients has now become a challenge 

within their own profession (Deelmann 2019). However, the growing adoption of Artificial 

Intelligence (AI) is driving transformational change across industries, including management 

consulting, by reshaping decision-making processes and traditional practices (Canals and 

Heukamp 2020). In the context of management consulting, where decisions often involve 

navigating ambiguity and high stakes, AI offers high potential to enhance analytical 

capabilities, improve decision accuracy, and unlock new strategic insights (Samokhvalov 

2024). By automating repetitive tasks, structuring data, and providing actionable insights, AI 

empowers consultants to focus on higher-order activities such as strategic planning (Canals 

2020). Nonetheless, while AI excels at processing large datasets and identifying patterns, its 

implementation is not without challenges. However, despite the technological advancements, 

AI remains a complementary tool rather than a replacement for human expertise. The real value 

lies in the synergistic collaboration between Human and AI systems (Jain, Garg, and Khera 

2023). However, recent advancements in generative AI tools have enabled them to rank 

qualitative options more effectively, bringing their judgment closer to human expertise, 

particularly in management decision tasks. This evolution signals AI’s increasing ability to 

support not only quantitative analyses but also decisions requiring more nuanced, context-

driven evaluations. This evolution signals AI’s increasing ability to support not only 

quantitative analyses but also decisions requiring more nuanced, context-driven evaluations 

(Choudhary et al. 2023). 

This work project, conducted as part of a Direct Research Internship, explores how synergies 

between human expertise and AI can be effectively leveraged to improve decision-making 
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processes within the management consulting industry. As one of the largest global management 

consultancies, the organization under analysis has developed and implemented several AI tools, 

including proprietary, self-developed solutions, aimed at enhancing decision-making efficiency 

and quality. Despite significant investments in AI technologies, the firm has identified 

inefficiencies and untapped potential, particularly in integrating AI-driven insights with the 

human expertise of consultants. 

The primary challenge lies in combining the strengths of AI and human decision-making. While 

AI offers computational power, advanced data analysis, and predictive capabilities, human 

expertise provides critical elements such as contextual understanding, intuition, and strategic 

judgment—factors that AI alone cannot replicate. This research seeks to address the following 

key question: How can the synergies between AI tools and human expertise be leveraged to 

optimize decision-making in the management consulting context? 

By answering these questions, this project aims to identify actionable solutions that improve 

collaboration between AI and human expertise, ensuring decision-making processes are both 

data-driven and contextually informed. 

This report contains a literature review of key concepts surrounding AI integration, human 

expertise, and decision-making styles. Section 3 outlines the methodology used to address the 

research questions, followed by Section 4, which presents the findings of the analysis. These 

findings serve as the foundation for the recommendations detailed in Section 5, which propose 

strategies to optimize decision-making processes through the integration of AI and human 

expertise. Finally, Section 6 concludes the report by summarizing the key insights, highlighting 

the study’s limitations, and providing suggestions for future research. 
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2. Literature Review 

2.1 Artificial Intelligence 

AI has been the subject of intense research for decades. In 1950, British mathematician Alan 

Turing's pioneering study "Computing Machinery and Intelligence" explored the question of 

whether machines are capable of thinking like humans (Turing 1950). Although AI has gained 

enormously in importance in social and economic areas in recent years, there is still no single 

definition of the term "artificial intelligence" (Buxmann and Schmidt 2021). One of the 

founders of this field was the American computer scientist John McCarthy. He defined the first 

official AI development project as follows: “For present purposes, the problem of AIis taken to 

be that of getting a machine to behave in a way that would be called intelligent if a human were 

to behave in such a way” (McCarthy et al. 1955). AI techniques applied in decision-making can 

be divided into several categories. Rule-based systems function by following a set of pre-

established rules, making choices based on specific conditions and outcomes. Expert systems 

differ by using expert insights to replicate human decision processes. Machine learning 

algorithms add another layer, enabling systems to analyze data, detect patterns, and make 

predictions or classifications grounded in models derived from data learning (Shalev-Shwartz 

and Ben-David 2014). AI in decision-making is already applied and improving decision making 

process across various areas, including healthcare (Balicer and Cohen-Stavi 2020), consumer 

behavior (Luo et al. 2019) and finance (Musleh Al-Sartawi, Hussainey, and Razzaque 2022). 

The application of AI enables businesses to undertake real-time decision-making, to streamline 

processes, to reduce costs, and to enhance efficiency (Davenport et al. 2020; Csaszar, Ketkar, 

and Kim 2024; Demir 2022). In the context of management consulting, the adoption of AIis 

experiencing significant growth. In 2023, Accenture announced a $3 billion investment to 

enhance its Data & AI practice by developing internal AI tools and training employees to adopt 

these technologies effectively (Accenture 2023). PricewaterhouseCoopers (PwC) committed $1 
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billion to integrating generative AI, including deploying ChatGPT Enterprise for 100,000 

employees to streamline workflows and decision-making (PricewaterhouseCoopers 2023). 

Similarly, KPMG allocated $100 million, partnering with Google Cloud to develop enterprise 

AI agents and train its workforce for optimized internal operations (KPMG 2024). These 

investments reflect a growing emphasis within the consulting industry on leveraging AI not 

only for client-facing services but also for transforming their own internal processes and 

capabilities. However, despite these substantial investments, the application of AI in decision-

making comes with inherent limitations. While AI can enhance efficiency and provide 

predictive insights, it does not fully address all managerial challenges. For instance, the value 

of leveraging data and predictive analytics can diminish in contexts of high uncertainty, where 

simpler decision-making rules may prove more effective (Sull and Eisenhardt 2015). 

Furthermore, the critical question is not merely whether to use AI but how to apply it 

effectively. While some decisions can be automated, many managerial choices rely on human 

judgment, which incorporates elements such as intuition, ethics, and experience that extend 

beyond algorithmic predictions (Choudhury, Starr, and Agarwal 2020; Raisch and Krakowski 

2021). 

2.2 Managerial Decision-Making 

Managerial decision-making is central to organizational success, as it enables effective resource 

allocation, drives strategic direction, and ensures operational efficiency. Rather than a singular 

act, decision-making is a structured and iterative process that spans all organizational levels, 

from top management to operational staff (Kozioł-Nadolna and Beyer 2021). Decisions are 

critical because they directly impact managerial performance and organizational outcomes, 

influencing both short- and long-term success (Drucker 2007).  

Decision-making involves evaluating alternatives to select the most effective option for 

achieving specific goals, a process guided by individual abilities, values, preferences, and 
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beliefs (Broche-Pérez, Herrera Jiménez, and Omar-Martínez 2016; Williams and Noyes 2007). 

The efficacy of decision-making is influenced by managerial styles, which can generally be 

categorized into a spectrum ranging from rationality to intuition (Calabretta, Gemser, and 

Wijnberg 2017).  

Rational decision-making is systematic and analytical, emphasizing structured evaluations and 

data-driven approaches to identify optimal solutions (Dane and Pratt 2007). It is particularly 

effective in predictable and structured environments (Sinnaiah, Adam, and Mahadi 2023). The 

rational decision-making process is structured into distinct phases, including identifying the 

problem, outlining the solution scenario, conducting a gap analysis, gathering data and 

alternatives, assessing outcomes and selecting the optimal solution (Uzonwanne 2016). By 

relying on extensive information, rational decision-making reduces cognitive biases, such as 

sunk-cost and confirmation biases, thereby fostering objectivity (Idson et al. 2004). However, 

critics argue that the pursuit of unattainable “optimal” decisions can introduce inefficiencies 

and delays (Snyder and Paige 1958; Braybrooke and Lindblom 1964). 

In contrast, intuitive decision-making is based on experience and subconscious insights, 

enabling rapid responses in ambiguous or uncertain environments (Dane and Pratt 2007). While 

it aligns with the rational framework, intuition operates faster, integrating prior experiences 

through pattern recognition and holistic cognitive schemas, but can overlook critical threats and 

opportunities due its reliance on experience and subconscious processing (Calabretta, Gemser, 

and Wijnberg 2017; Miller 2008). Unlike rational approaches, intuitive decision-making 

emphasizes associative mapping and subconscious processing to achieve agility in complex 

situations (Dane and Pratt 2007). 

Although historically treated as distinct, the integration of rational analysis and intuitive 

flexibility enhances strategic and operational outcomes, offering a synergistic approach to 

decision-making (Kolbe, Bossink, and Man 2019; Petrou et al. 2020). 
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Managerial discretion further influences decision-making by determining the freedom 

managers have to adopt rational or intuitive methods. Managerial discretion reflects the balance 

between external constraints and individual agency, enabling leaders to exercise judgment and 

adapt strategies effectively (Wangrow, Schepker, and Barker 2015). While discretion allows 

innovation, it also risks misalignment with organizational goals. Its extent is shaped by factors 

such as executive characteristics (e.g., locus of control), organizational resources, and the task 

environment (Youssef, Hussein, and Christodoulou 2019). Executives with significant 

discretion can have a pronounced impact on organizational strategy and performance, 

leveraging their skills to navigate constraints effectively (López‐Cotarelo 2018). However, 

managerial discretion is most effective when coupled with expertise and ethical decision-

making, as managers with higher expertise are better equipped to apply discretion transparently 

and reduce opportunistic behaviors (Myers et al. 2022).  

Expertise, particularly in the context of management consulting, is a critical success factor in 

addressing challenges that exceed internal organizational capabilities (Germain and Enrique 

Ruiz 2009). Expertise, defined as the integration of knowledge, experience, and skills within a 

specific domain, enables consultants to deliver strategic, operational, and technical solutions. 

This expertise provides value beyond algorithmic tools by offering end-to-end, comprehensive 

support across processes, people, and systems (Tavoletti et al. 2021). 

2.3 Human-AI Collaboration in Decision-Making 

AI has significantly transformed managerial decision-making by providing advanced tools for 

data analysis and predictive insights. Compared to human decision-making, AI-driven 

algorithms leverage statistical models to deliver decisions with greater speed, objectivity, and 

precision (Jung et al. 2018). While AI excels at optimizing routine tasks and improving 

operational consistency, human oversight remains essential to ensure that decisions are context-

sensitive and strategically aligned, particularly in high-stakes or ambiguous scenarios such as 
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management consulting (Kaplan and Haenlein 2019; Amershi et al. 2019). While human-AI 

collaboration offers substantial potential benefits, the successful adoption of AI systems 

depends on their acceptance and integration into decision-making processes by both 

organizations and consumers (Kim et al. 2024). Reluctance to engage with algorithms remains 

a significant barrier, often stemming from factors such as a perceived loss of decision-making 

autonomy and a misalignment between intuitive human decision-making processes and the 

transparency of algorithmic systems (Burton, Stein, and Jensen 2020). Furthermore, Lebovitz, 

Lifshitz-Assaf, and Levina (2022) highlight that both domain expertise and technical 

experience can be critical for effective human-AI collaboration. Domain expertise enables 

professionals to interpret AI outputs within their specific context, while technical experience 

allows them to engage with and interrogate the AI's results, ensuring its recommendations are 

meaningfully integrated into their decision-making processes. 

To classify Human-AI collaboration, Dellermann et al. (2019) defined socio-technological 

ensembles, or hybrid intelligence, as the synergy of human and AI strengths to achieve superior 

outcomes. The core idea underpinning these systems is task division and specialization, where 

each agent is responsible for distinct, non-overlapping sub-tasks, based on their strengths 

(Agrawal, Gans, and Goldfarb 2018). However, overreliance on AI in such a replacement-based 

approach can lead to unintended consequences, such as the erosion of critical human skills—

illustrated by the decline in navigation abilities due to dependence on GPS (Balasubramanian, 

Ye, and Xu 2022). Another aspect this concept may overlook is that combining both human 

and AI capabilities can outperform either alone (Choudhary et al. 2023).  

To address these challenges, Puranam (2021) offers a structured approach to integrating human 

and AI capabilities effectively. The Human-AI Collaborative Decision-Making (HACD) 

framework divides the overall goal into subtasks that are distributed between human and AI 

agents, characterized This framework divides decision-making tasks based on two key 
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dimensions: interdependence and specialization.  

Interdependence refers to the relationship between tasks, which can be sequential or parallel. 

While, sequential tasks involve AI processing data for human interpretation or, conversely, 

humans providing input for AI to process.  

Parallel tasks involve humans and AI independently contributing to the decision-making 

process, where the value of their combined outputs can be either super-additive or sub-additive. 

The HACD framework identifies three types of tasks based on the current state of technology. 

Type A tasks are those where AI matches or outperforms humans, such as image or handwriting 

recognition. Type B tasks are human-centric, where humans outperform AI, such as evaluating 

a job applicant's integrity, though subtasks like reading a CV may still be AI-driven.  

Type C tasks involve collaboration, where humans and AI perform the same task, and 

combining their outputs through assembling can produce results that surpass those achieved by 

either alone. Research has highlighted the need to redesign decision-making processes to 

incorporate private managerial knowledge while maintaining discretion and flexibility. Further 

research is needed to determine when and how organizations can capture value from algorithms 

while preserving managerial discretion. In the organizational context, this involves training 

decision-makers to effectively integrate their private knowledge with data-driven insights and 

redesigning decision-making processes to better align with these dynamics (Kim et al. 2024; 

Makarius et al. 2020). 

3. Methodology 

This study adopts a qualitative research approach to explore complex phenomena in their real-

life context through emergent questions, naturalistic data collection, and thematic analysis. This 

methodology allows for a deeper understanding of issues where variables are not easily 

quantifiable, making it particularly suited for examining context-specific phenomena (Creswell 

and Creswell 2017). Additionally, the research incorporates an applied dimension to explore 
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the organizational context and complexity, with qualitative analysis used to inform a structured 

framework for addressing the challenge (Adams, Khan, and Raeside 2014). 

3.1 Data Collection 

Qualitative, unstructured interviews are employed to investigate the emerging phenomenon of 

Human-AI collaboration in decision-making. Unstructured interviews are particularly effective 

for capturing participants' subjective perspectives, allowing for an in-depth exploration of their 

experiences and interpretations in this context (Rubin and Bellamy 2022). Given the 

exploratory nature of this research, this approach was chosen to allow participants to express 

themselves freely while providing the flexibility to delve into specific topics as they arose 

during the conversation (Lim 2024). The interviews were conducted with 14 management 

consultants from the researched company, including three pilot interviews that were used to 

gain an initial understanding of key areas of relevance, but were not included in the final 

analysis. To ensure participants could engage regardless of their geographical location, 

interviews were conducted via video call. Recordings were made with participants' consent to 

facilitate transcription and analysis, with explicit assurances that the data would be anonymized 

(Bryman 2016). To guarantee the comprehensive collection of data, the study utilized saturation 

sampling, concluding data collection after 14 interviews, as no new themes emerged during the 

analysis. This aligns with the literature, which suggests that saturation is often reached with 9 

to 17 interviews in qualitative studies (Hennink and Kaiser 2022). Participants were selected to 

ensure diversity in technical expertise and professional experience, ranging from highly 

technical to less technical consultants and from individuals with significant professional 

experience (3–10 years) to those with limited experience (1–3 years). A brief overview of the 

interview themes, including current AI usage, strengths and weaknesses of AI tools, and 

perspectives on future AI integration, was shared with participants one day in advance to 

facilitate thoughtful responses (Creswell and Poth 2018). Follow-up questions were sent via 



 11 

email to selected participants to enhance data comparability across responses. While this 

method provides significant depth, a common limitation is the frequent discrepancy between 

participants' reported actions or intentions and their actual behaviors, highlighting the inherent 

inconsistency in self-reported data (Robson 2002). Participant observation complemented the 

interviews by offering real-time insights into behaviors and interactions not easily captured in 

verbal accounts. This method provided a nuanced understanding of organizational dynamics by 

focusing on interactions, collaboration patterns, and implicit practices (McDonald and Simpson 

2014). Observations were conducted during two Generative AI (GenAI) training workshops, 

each lasting 1.5 hours, and involving 22 and 25 consultants, respectively, from mixed technical 

and professional backgrounds . The workshops focused on two primary themes: effective 

prompting techniques and exploring AI tools applicable to consulting practices. Among these 

participants, seven also took part in the unstructured interviews. Immersing in these sessions 

allowed to document emergent practices and contextualize the findings from the interviews 

(McDonald and Simpson 2014). 

Table 1: Data Collection Sources 

Interviews 
Source Codes Frequency Duration 

Consultants with less 
technical background and 

high professional 
experience 

I1, I2, I3, I4 4 30 min. 

Consultants with less 
technical background and 

low professional 
experience 

I5, I6, I7 3 30 min. 

Consultants with high 
technical background and 

high professional 
experience 

I8, I9, I10 3 30 min. 

Consultants with less 
technical background and 

low professional 
experience 

I11, I12, I13, I14 4 30 min. 

Observations 
Source Codes Frequency Duration 
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AI workshops with 20 
consultants (mixed 
backgrounds and 
experience levels) 

- 2 90 min. 

 

3.2 Data Analysis 

This study employed qualitative content analysis based on Mayring's and Fenzl's (2019) 

methodology, which provides a systematic framework for interpreting textual data. The method 

was selected for its structured yet flexible approach, allowing the analysis to remain grounded 

in participants' experiences while addressing the study’s research objectives on Human-AI 

collaboration in decision-making workflows. Interview transcripts were chosen as the primary 

data source for their rich content on consultants’ real-world experiences with AI tools, while 

observations complemented this data by providing insights into behaviors and interactions 

within practical settings. Each transcript was reviewed iteratively to gain a holistic 

understanding of the data, identifying emerging patterns and recurring themes. Mayring and 

Fenzl (2019) emphasize the importance of defining analysis units, which in this study were 

individual sentences and paragraphs, allowing for precise coding. The coding process followed 

inductive category development, with themes emerging organically from the data. Statements 

were grouped into categories such as "usability challenges," "trust dynamics," and 

"organizational constraints." This approach mirrors an iterative refinement process, ensuring 

that categories evolve in response to the data while maintaining theoretical alignment. Once 

categories were established, they were analyzed for Interconnections and broader patterns. For 

instance, the relationship between task complexity and trust in AI outputs emerged as a critical 

theme, reflecting how consultants’ confidence in AI varied with task-specific requirements. 

Similarly, peer support and informal learning mechanisms were identified as key factors 

mitigating barriers to AI adoption. The final stage of analysis involved synthesizing insights 

into actionable findings. Themes were contextualized within the broader literature on Human-

AI collaboration, emphasizing the interplay between technical proficiency, trust, and usability.  
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4. Findings 

The analysis of the interview data revealed several critical themes regarding the integration of 

algorithmic tools into consultants' workflows. These findings provide a nuanced understanding 

of how consultants perceive, interact with, and derive value from algorithmic inputs, 

particularly in relation to their contextual knowledge and expertise. 

4.1 Challenges to Effective AI Integration in Consulting Workflows 

The interviews revealed several challenges consultants face when integrating AI tools into their 

workflows. A key issue is the lack of clarity regarding suitable use cases, which often leads to 

underutilization. Many participants struggle to identify tasks where AI adds value, instead 

completing tasks manually. One consultant noted, “Nearly every day, a new AI tool emerges, 

and to be honest, I have completely lost track of them.” (I10) highlighting the need for clearer 

guidance on practical applications (Logg, Minson, and Moore 2019). 

Concerns about data security further inhibit effective AI adoption. Consultants expressed 

reluctance to input sensitive client data into AI systems due to fears of violating confidentiality 

agreements. One consultant noted. One consultant stated, “We deal with highly sensitive client 

data, and it’s unclear whether these AI tools fully comply with our confidentiality requirements. 

It’s a risk I’m not willing to take.” (I2) This reflects a significant communication gap, as the 

organization’s AI tools were already fully compliant with data protection standards. Many 

participants were unaware of the internal safeguards in place, perpetuating cautious behavior 

and limiting the use of AI for tasks involving client data. 

Another common challenge is the time and effort required to craft effective prompts, which 

often outweighs the perceived efficiency gains. As one participant explained, “Formulating 

prompts can require more time than simply thinking through the task and writing the text.” (I13)  

Additionally, some consultants expressed that they perceive no immediate necessity to explore 

AI tools, as they can still achieve their goals using existing methods. This tendency allows them 
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to stay within their comfort zones, further inhibiting the effective adoption of AI tools in their 

workflows. Combined with tight deadlines and the fast-paced nature of consulting projects, this 

reluctance leaves little time to explore and understand the full potential of AI tools. As one 

participant explained, “Given the pressure of deadlines, it’s difficult to allocate time learning 

something new.” (I5) 

4.2 Current Applications and Benefits of AI Tools in Management Consulting 

Consultants widely rely on AI tools, with the internally developed GenAI tool being the most 

commonly used across all participants. This tool, based on a large language model (LLM), 

ensures data privacy and enables the upload of large client datasets to provide precise and 

context-aware insights. While some participants were unaware of its robust data security, others 

highlighted its transparency, as it clearly indicates content sources. As one consultant noted, 

“It’s extremely useful because I can upload entire datasets, and it understands the context very 

precisely.” (I4) Additionally, eight out of fourteen consultants utilized another company-

developed LLM, which is also compliant with data protection standards and enables real-time 

access to web-based data, improving speed and accuracy. One participant explained, “The real-

time web data makes my research faster and I don´t use Google anymore.” (I7) Microsoft 

Copilot was adopted by five consultants as a reliable assistant for everyday tasks such as 

drafting, summarizing, and organizing information. Furthermore, six consultants leveraged the 

AI model in Power BI to analyze and visualize data, benefiting from its ability to work with 

client-specific and internal information. These tools collectively streamline workflows, enhance 

research capabilities, and enable consultants to deliver more precise and actionable insights. 

For some consultants AI has become an essential tool for consultants, enhancing both research 

efficiency and real-time client communication. In research, AI helps gather insights, analyze 

datasets, and summarize complex information, enabling quick understanding of unfamiliar 

topics. As one consultant noted, “AI helps me cluster, collect, and organize information 
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quickly.” (I11) During client interactions, AI supports credibility by providing real-time 

definitions and examples for industry-specific terms, ensuring seamless communication. One 

participant shared, “AI helps me clarify terminology during conversations, enhancing my 

engagement.” (I1) By providing rapid access to relevant information, AI improves consultants’ 

preparation and performance in high-stakes situations. 

AI also streamlines routine tasks such as drafting emails, summarizing documents, and creating 

report outlines, allowing consultants to focus on higher-value activities. One consultant 

remarked, “I use AI for proofreading and summarizing, it significantly reduces time and effort.” 

(I8) By automating these repetitive tasks, AI frees up time for strategic decision-making and 

complex problem-solving, making it an essential tool for enhancing productivity (Canals 2020). 

In addition to text-related tasks, AI is for some consultants invaluable for data analysis and 

technical support, including crafting formulas, debugging, and interpreting complex 

spreadsheets. These tools simplify data manipulation and reduce technical barriers, enabling 

consultants to work more efficiently. As one consultant explained, “AI helps me understand 

complex formulas in inherited datasets.” (I6). By simplifying such technical tasks, AI facilitates 

faster decision-making and allows consultants to focus on generating meaningful insights . 

Moreover, AI supports the organization of information by clustering ideas and creating initial 

drafts for presentations or reports. One participant shared, “AI helps me create a basic structure 

for presentations, which I can then refine.” (I10) By transforming unstructured findings into 

coherent frameworks, AI boosts productivity and enables consultants to concentrate on refining 

and customizing outputs rather than starting from scratch. Together, these capabilities 

demonstrate how AI enhances efficiency and effectiveness across various aspects of consulting 

workflows. 

4.3 Trust Dynamics in Different Contexts 

The interviews revealed that trust in AI-generated outputs does not vary based on technical 
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background but depends on task complexity, as even more technically experienced experts 

faced similar challenges. For simpler tasks, such as generating solutions for predefined ideas, 

AI is trusted to streamline processes. As one participant noted, “If I already have a concrete 

solution in mind, I just use AI to save the effort of writing it out.” (I7) However, trust diminishes 

in complex scenarios that require integrating diverse references, such as expertise, client 

documents, and internal capabilities. “The more complex the tasks are, the more I scrutinize the 

output.” (I6) explained one participant. 

User expertise also plays a critical role in shaping trust. Participants with limited knowledge of 

a topic expressed greater uncertainty about AI outputs. One participant shared, “When I know 

little about a topic and rely on AI, I feel a significant level of uncertainty about how accurate 

the output is.” (I3) Conversely, those with sufficient expertise to evaluate and validate the 

content showed higher trust: “I can trust AI when I have my own knowledge to assess the output 

and ensure its quality.” (I12) These findings underscore that trust in AI depends on task 

complexity and the user’s ability to critically evaluate content. Trust is higher for structured 

tasks and lower for complex or specialized scenarios, highlighting the need to align AI usage 

with users’ expertise and the task’s requirements. 

4.4 Feedback on the AI tools 

Feedback on AI tools was found to be limited, as many participants admitted they often bypass 

the feedback process and resolve issues themselves when dissatisfied with AI-generated 

outputs. One participant shared, “When the output doesn’t meet my expectations, I just fix it on 

my own.” (I3) Despite this, all interviewees reported being asked to provide feedback on 

internally developed AI tools, although this feedback was collected through company-wide 

initiatives rather than directly within the tools. 

A key challenge identified is the diverse nature of consulting practices, such as Management 

Consulting, which makes providing specific and actionable feedback difficult. As one 
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participant explained, “We don’t provide much feedback because AI tools like Copilot are 

optional assets, not essential daily tools. The way they are used is often too superficial to 

generate meaningful feedback.” (I13) These findings suggest that while feedback mechanisms 

exist, the optional and varied usage of AI tools across consulting practices limits the depth and 

utility of the feedback provided. To enhance adoption and development, there is a need for more 

targeted feedback mechanisms tailored to specific use cases and consulting domains. 

4.5 Training and Peer Support in AI Adoption 

Training programs at the company play a crucial role in supporting consultants’ effective 

integration of AI tools. These include mandatory sessions, often culminating in certifications, 

and optional workshops covering AI trends and practical applications. As one participant 

explained, “Our company doesn’t allow anyone to use the tool without proper training.”(I2) 

However, observations during GenAI workshops revealed that these mandatory training 

programs are often not carefully followed, and feedback indicated they are too general to 

address specific needs. Further training sessions focus on areas such as understanding LLMs, 

prompt optimization, and practical tasks like data analysis with AI tools. Participants 

highlighted the value of these programs in building confidence and improving skills. One 

consultant shared, “Prompting is a big topic, and learning how to do it properly helped me a 

lot.” (I2) However, some noted time constraints as a barrier to participation, as one explained, 

“The last two times, I couldn’t attend because I had conflicting meetings.” (I1) Informal 

learning also plays a key role, with consultants often seeking support from colleagues or internal 

taskforces. One participant shared, “I’d ask my teammates or reach out directly to our GenAI 

taskforces we’ve established within our consulting industry account. These taskforces, which 

meet weekly to share AI use cases, discuss challenges, and explore ways to use AI tools more 

effectively, are something I find very useful for fostering collaboration and continuous 

improvement.” (I12) Overall, the combination of structured training initiatives and informal 
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peer support helps reduce uncertainty, enhance technical skills, and improve productivity, 

ensuring successful AI adoption across the company.  

5. Recommendations 

5.1 Boundary Conditions for Leveraging Synergies between AI and Consultants 

To effectively harness the synergies between AI and the expertise of management consultants, 

several foundational conditions must be met. These conditions, identified through qualitative 

interviews and supported by relevant literature, include enhancing awareness of AI’s potential, 

clarifying data usage policies, addressing training gaps, fostering a supportive organizational 

culture, and ensuring transparency and feedback mechanisms.  

A proactive organizational culture is vital for fostering an environment where AI enhances 

consultant expertise. Participants highlighted their organization’s openness to generative AI, 

which promoted innovation and collaboration. To advance this, organizations could form an AI 

advocacy network with champions guiding teams in integrating AI into workflows and 

showcase successful applications to inspire broader adoption (Jarrahi et. al. 2023).  

Awareness of AI’s capabilities is crucial for maximizing its potential in enhancing consultant 

expertise. Consultants often restrict AI use to familiar tasks, overlooking its broader 

applications. Organizations can address this by promoting deeper understanding of AI’s diverse 

use cases. For example, as mentioned by consultant I12 an AI task force helped team members 

share innovative use cases, broadening their understanding and improving efficiency. The 

described task force could be expanded to other management consulting industry accounts to 

ensure the effective leveraging of proven practices. 

Additionally, effectively harnessing synergies between AI and consultant expertise requires 

employees to comprehend the purpose of AI within their work context, including its specific 

role within the team and its implications for reshaping employee responsibilities (Makarius et 

al. 2020). Such initiatives could be formalized through structured workshops, providing 
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practical demonstrations tailored to each individual role and emphasizing realistic applications 

and limitations (Whittle et al. 2019). Furthermore, dedicated domain experts at each account 

could contribute extensive practical knowledge of tasks, workflows, and business models, 

enabling them to understand and assess the rationale behind deriving business value from AI 

implementation (Herath Pathirannehelage, Shrestha, and von Krogh 2024).  

The integration of AI into decision-making workflows also requires clarity on data usage 

policies. As previously stated in the interviews, consultants frequently refrain from utilizing 

client data in AI processes due to compliance uncertainties and potential conflicts, even when 

they have undergone training on that subject. Addressing this requires the development of 

comprehensive real-world examples to illustrate permissible practices. Additionally, appointing 

dedicated data compliance officers who can offer on-demand guidance would empower 

consultants to leverage client data responsibly while ensuring adherence to regulatory 

requirements (Gupta, Dwivedi, and Shah 2023). 

Transparency in AI-generated outputs is critical for fostering trust and ensuring effective 

collaboration between consultants and AI systems. Participants emphasized the need for greater 

visibility into the sources and logic behind AI recommendations. Organizations should 

prioritize the integration of reference-tracing capabilities within AI tools and provide 

consultants with training on interpreting these outputs (De Vreede, Raghavan, and De Vreede 

2021). Furthermore, structured feedback mechanisms should be established to evaluate AI 

tools’ performance and user satisfaction, enabling continuous refinement and optimization. 

5.2 Framework for Enhancing Decision-Making Through AI 

This framework draws on insights from the interviews and Puranam’s (2021) classification of 

tasks into Type A, Type B, and Type C, providing a structured approach to effectively 

integrating AI into decision-making. Type A tasks, where AI excels due to its speed and 

scalability, involve repetitive and data-intensive activities. Type B tasks require human 
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judgment and domain-specific expertise, while Type C tasks benefit from collaboration 

between humans and AI to achieve superior outcomes through aggregation of the outputs. To 

account for the qualitative nature of many management consulting tasks described by 

participants extended this framework to include qualitative tasks. Unlike quantitative tasks, 

where aggregation methods such as averaging are straightforward, combining human and AI-

generated qualitative outputs is more complex (Choudhary et al. 2023). This chapter examines 

the integration of AI into decision-making processes within management consulting, using a 

hypothetical scenario to illustrate the division of labor between humans and AI. The scenario 

is based on a real-life example where no AI was utilized during the project. It involves the 

development of a digitalization strategy aimed at analyzing over 900 processes within a large 

organization, with the goal of determining which IT processes should be outsourced, 

maintained, or discontinued. Initial datasets, including IT system costs and other relevant 

factors, are provided as part of the analysis. This scenario, defined by Consultant 3, was selected 

due to the fact that 9 out of 14 interviewed consultants had practical experience in creating 

digitalization strategies, highlighting the organization’s strong digitalization focus and 

providing a relevant basis for the recommendations offered. 

AI-Driven Tasks (Type A) 

AI-driven tasks are critical for automating data-intensive processes and analyzing quantitative 

aspects of decision-making. In the problem definition phase, AI tools, such as Power BI, 

structure and analyze large datasets to identify inefficiencies like delays, operational costs, or 

bottlenecks. Visualizations, including heatmaps and bottleneck analyses, highlight measurable 

performance gaps, enabling consultants to prioritize areas for improvement. 

During the gathering information phase, GenAI tools expedite the research process by 

aggregating external best practices, industry benchmarks, and case studies. These tools provide 

actionable insights by identifying proven solutions and strategies from similar industries, 
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forming a solid foundation for decision-making. 

In the gap analysis phase, AI tools quantify and visualize discrepancies between current 

performance and success benchmarks. By automating comparisons, such as identifying 

operational delays or cost inefficiencies, AI enhances the precision of performance assessments. 

In the analyzing option outcomes phase, AI tools streamline evaluations by automating KPI 

visualizations, including ROI, time efficiency, and cost savings. Features like “What-If 

Analysis” simulate scenarios, such as resource adjustments, to project potential impacts. While 

manual configuration may still be necessary to define criteria, AI ensures objective and real-

time insights into each alternative’s viability, simplifying decision evaluation. 

Human-Driven Tasks (Type B) 

Human expertise remains indispensable for addressing contextual complexities, providing 

qualitative insights, and validating AI outputs. In the problem definition phase, consultants play 

a pivotal role in refining the scope of inefficiencies identified by AI and prioritizing problems 

based on strategic importance and feasibility. For example, consultants assess factors such as 

operational significance, resource optimization, and alignment with long-term goals to ensure 

the problem scope reflects organizational priorities. 

In the defining solution scenario phase, consultants incorporate qualitative success factors that 

extend beyond quantitative measures. By engaging stakeholders through workshops or 

interviews, consultants identify broader success indicators such as employee satisfaction, 

workload reduction, or enhanced client experiences, ensuring alignment with both operational 

and strategic goals. 

During the gap analysis phase, human expertise is used to validate and refine AI-driven 

findings. Consultants integrate factors like cultural considerations, workforce readiness, and 

resource availability to contextualize performance gaps within the organization. Additionally, 

they define success criteria and improvement milestones that reflect both tangible outcomes 
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and qualitative organizational needs. 

In the gathering information phase, consultants bridge the gap between stakeholder input and 

AI-driven data by collecting qualitative insights through interviews, surveys, and focus groups. 

This ensures the integration of real-world perspectives into the analysis process. 

In the analyzing option outcomes phase, consultants assess qualitative dimensions that AI alone 

cannot capture, such as stakeholder reactions, cultural implications, and long-term alignment 

with organizational strategy. Finally, during the selecting the best option phase, the consultant 

takes responsibility for choosing the preferred solution to ensure managerial discretion and 

expertise play a central role. This step emphasizes the importance of thoroughly understanding 

the chosen option, as human judgment provides critical validation, contextual alignment, and 

strategic refinement that AI alone cannot achieve. 

Collaboratively-Driven Tasks (Type C) 

Collaborative tasks represent the integration of AI’s computational strengths and human 

judgment, creating a balanced approach to decision-making.  

In the problem definition phase, AI tools, including GenAI connected to real-time data, analyze 

and summarize large volumes of external data, while the internal GenAI tool identifies recurring 

inefficiencies, trends, and emerging issues based on past projects that might otherwise be 

overlooked. These tools provide a comprehensive perspective by combining internal insights 

with external benchmarks and real-time trends. Simultaneously, human consultants engage 

stakeholders to contextualize AI findings, ensuring that cultural, operational, and organizational 

nuances, such as resistance to change or resource limitations, are accounted for. 

In the process of defining the solution scenario, AI and human consultants collaborate to 

prioritize success indicators by combining computational insights with qualitative judgment. 

GenAI tools can ideate and rank quantitative success metrics such as ROI, time efficiency, and 

cost savings based on predefined criteria. For example, AI may highlight cost savings as the 
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most critical indicator due to its measurable impact on resource allocation. However, 

consultants refine and validate these rankings by incorporating broader strategic goals and 

qualitative considerations, ensuring alignment with the organization’s long-term priorities. 

In the gap analysis phase, collaborative tasks involve a synergistic approach where AI tools, 

such as GenAI, and human consultants work independently yet complementarily to define 

actionable steps and identify constraints. With the knowledge gathered from previous steps, 

GenAI can propose initial pathways for bridging the identified gaps. For example, by analyzing 

uploaded insights, benchmarks, and historical data, GenAI can suggest prioritized steps, such 

as automating inefficient IT systems or consolidating redundant processes. 

The proposed framework integrates AI-driven tasks, human expertise, and collaborative efforts 

to enhance decision-making in management consulting. AI-driven tasks focus on automating 

data-intensive processes and analyzing quantitative aspects, such as identifying inefficiencies, 

benchmarking performance, and simulating outcomes using tools like Power BI and GenAI. 

Human-driven tasks rely on consultants’ qualitative judgment, contextual understanding, and 

stakeholder engagement to refine AI findings, validate solutions, and ensure alignment with 

organizational goals. Collaborative tasks combine the strengths of both AI and human 

consultants, with each working independently on the same task. AI analyzes real-time data and 

past projects, while consultants contextualize these insights with qualitative inputs, leading to 

superior aggregated outcomes. 

Additionally, AI tools can support minor tasks such as drafting emails, summarizing 

documents, and organizing information, enabling consultants to focus on higher-value 

activities. This balanced approach ensures more efficient and informed decision-making. 

6. Conclusion 

This study examined how synergies between human expertise and AI tools can optimize 

decision-making processes within the management consulting industry. Drawing on insights 
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from interviews, observations, and existing frameworks, the research highlights the 

complementary strengths of AI and human judgment. AI excels in automating data-intensive 

tasks (Type A), while human expertise remains essential for contextual understanding and 

navigating complex, qualitative decisions (Type B). The study further underscores the 

importance of collaborative approaches (Type C), where integrating AI and human inputs can 

produce superior outcomes. 

However, the study is not without limitations. First, the research is context-specific, focusing 

on a single organization, which may limit the generalizability of the findings to other firms or 

industries. Second, while the qualitative approach provided in-depth insights, the reliance on 

interviews and observations introduces the possibility of bias or discrepancies between reported 

actions and actual behaviors. Additionally, the evolving nature of AI technologies means that 

the frameworks and recommendations outlined here may require continuous adaptation as new 

tools and capabilities emerge. 

Future research could address these limitations by incorporating a broader sample across 

multiple organizations and industries. Further studies could also explore quantitative analyses 

to validate the findings and assess the long-term impact of AI-human collaboration on decision-

making outcomes. 

In conclusion, while AI has transformative potential for the management consulting industry, 

its real value lies in its integration with human expertise. By fostering a balanced and 

collaborative approach, organizations can leverage AI to drive data-driven insights while 

ensuring decisions remain contextually grounded and strategically informed. 

 

 

 



 25 

7. References 

 Accenture. 2023. “Accenture to Invest $3 Billion in AI to Accelerate Clients’ Reinvention.” 
June 13, 2023. https://newsroom.accenture.com/news/2023/accenture-to-invest-3-
billion-in-ai-to-accelerate-clients-reinvention. 

Adams, John, Hafiz T.A. Khan, and Robert Raeside. 2014. Research Methods for Business 
and Social Science. London, UK: 80vxz. 
http://www.uk.sagepub.com/books/Book242499. 

Agrawal, Ajay, Joshua Gans, and Avi Goldfarb. 2018. Prediction Machines: The Simple 
Economics of Artificial Intelligence. Boston, Massachusetts: Harvard Business Review 
Press. 

Amershi, Saleema, Dan Weld, Mihaela Vorvoreanu, Adam Fourney, Besmira Nushi, Penny 
Collisson, Jina Suh, et al. 2019. “Guidelines for Human-AI Interaction.” In 
Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems, 
1–13. CHI ’19. New York, NY, USA: Association for Computing Machinery. 
https://doi.org/10.1145/3290605.3300233. 

Balasubramanian, Natarajan, Yang Ye, and Mingtao Xu. 2022. “Substituting Human 
Decision-Making with Machine Learning: Implications for Organizational Learning.” 
Academy of Management Review 47 (3): 448–65. 
https://doi.org/10.5465/amr.2019.0470. 

Balicer, Ran D., and Chandra Cohen-Stavi. 2020. “Advancing Healthcare Through Data-
Driven Medicine and Artificial Intelligence.” In Healthcare and Artificial Intelligence, 
edited by Bernard Nordlinger, Cédric Villani, and Daniela Rus, 9–15. Cham: Springer 
International Publishing. https://doi.org/10.1007/978-3-030-32161-1_2. 

Braybrooke, David, and Charles E. Lindblom. 1964. A Strategy of Decision: Policy 
Evaluation as a Social Process. New York: Free Press. 
https://doi.org/10.2307/2146703. 

Broche-Pérez, Y., L. F. Herrera Jiménez, and E. Omar-Martínez. 2016. “Bases Neurales de La 
Toma de Decisiones.” Neurología 31 (5): 319–25. 
https://doi.org/10.1016/j.nrl.2015.03.001. 

Bryman, Alan. 2016. Social Research Methods. Fifth Edition. Oxford ; New York: Oxford 
University Press. 

Burton, Jason W., Mari-Klara Stein, and Tina Blegind Jensen. 2020. “A Systematic Review 
of Algorithm Aversion in Augmented Decision Making.” Journal of Behavioral 
Decision Making 33 (2): 220–39. https://doi.org/10.1002/bdm.2155. 

Buxmann, Peter, and Holger Schmidt. 2021. “Grundlagen der Künstlichen Intelligenz und des 
Maschinellen Lernens.” In Künstliche Intelligenz: Mit Algorithmen zum 
wirtschaftlichen Erfolg, edited by Peter Buxmann and Holger Schmidt, 3–25. Berlin, 
Heidelberg: Springer. https://doi.org/10.1007/978-3-662-61794-6_1. 



 26 

Calabretta, Giulia, Gerda Gemser, and Nachoem M. Wijnberg. 2017. “The Interplay between 
Intuition and Rationality in Strategic Decision Making: A Paradox Perspective.” 
Organization Studies 38 (3–4): 365–401. https://doi.org/10.1177/0170840616655483. 

Canals, Jordi. 2020. “The Evolving Role of General Managers in the Age of AI.” In The 
Future of Management in an AI World, edited by Jordi Canals and Franz Heukamp, 
37–64. Cham: Springer International Publishing. https://doi.org/10.1007/978-3-030-
20680-2_3. 

Canals, Jordi, and Franz Heukamp, eds. 2020. The Future of Management in an AI World: 
Redefining Purpose and Strategy in the Fourth Industrial Revolution. Cham: Springer 
International Publishing. https://doi.org/10.1007/978-3-030-20680-2. 

Choudhary, Vivek, Arianna Marchetti, Yash Raj Shrestha, and Phanish Puranam. 2023. 
“Human-AI Ensembles: When Can They Work?” Journal of Management, October, 
01492063231194968. https://doi.org/10.1177/01492063231194968. 

Choudhury, Prithwiraj, Evan Starr, and Rajshree Agarwal. 2020. “Machine Learning and 
Human Capital Complementarities: Experimental Evidence on Bias Mitigation.” 
Strategic Management Journal 41 (8): 1381–1411. https://doi.org/10.1002/smj.3152. 

Creswell, John W., and J. David Creswell. 2017. Research Design: Qualitative, Quantitative, 
and Mixed Methods Approaches. SAGE Publications. 

Creswell, John W., and Cheryl N. Poth. 2018. Qualitative Inquiry and Research Design. 
Thousand Oaks, California: SAGE Publications. https://uk.sagepub.com/en-
gb/eur/qualitative-inquiry-and-research-design/book266033. 

Csaszar, Felipe A., Harsh Ketkar, and Hyunjin Kim. 2024. “Artificial Intelligence and 
Strategic Decision-Making: Evidence from Entrepreneurs and Investors.” SSRN 
Scholarly Paper. Rochester, NY: Social Science Research Network. 
https://doi.org/10.2139/ssrn.4913363. 

Dane, Erik, and Michael G. Pratt. 2007. “Exploring Intuition and Its Role in Managerial 
Decision Making.” The Academy of Management Review 32 (1): 33–54. 
https://doi.org/10.2307/20159279. 

Davenport, Thomas, Abhijit Guha, Dhruv Grewal, and Timna Bressgott. 2020. “How 
Artificial Intelligence Will Change the Future of Marketing.” Journal of the Academy 
of Marketing Science 48 (1): 24–42. https://doi.org/10.1007/s11747-019-00696-0. 

De Vreede, Triparna, Mukhunth Raghavan, and Gert-Jan De Vreede. 2021. Design 
Foundations for AI Assisted Decision Making: A Self Determination Theory 
Approach. http://hdl.handle.net/10125/70630. 

Deelmann, Thomas. 2019. “Consulting: Characterization of Concepts and Connections.” In 
Advances in Consulting Research, edited by Volker Nissen, 31–52. Contributions to 
Management Science. Cham: Springer International Publishing. 
https://doi.org/10.1007/978-3-319-95999-3_2. 

Dellermann, Dominik, Adrian Calma, Nikolaus Lipusch, Thorsten Weber, Sascha Weigel, 
and Philipp Ebel. 2019. “The Future of Human-AI Collaboration: A Taxonomy of 



 27 

Design Knowledge for Hybrid Intelligence Systems.” arXiv. 
https://doi.org/10.48550/arXiv.2105.03354. 

Demir, Fatih. 2022. Innovation in the Public Sector: Smarter States, Services and Citizens. 
Vol. 39. Public Administration and Information Technology. Cham: Springer 
International Publishing. https://doi.org/10.1007/978-3-031-11331-4. 

Drucker, Peter. 2007. The Effective Executive. London: Routledge. 
https://doi.org/10.4324/9780080549354. 

Germain, Marie‐Line, and Carlos Enrique Ruiz. 2009. “Expertise: Myth or Reality of a Cross‐
national Definition?” Journal of European Industrial Training 33 (7): 614–34. 
https://doi.org/10.1108/03090590910985381. 

Gupta, Abhishek, Dwijendra Nath Dwivedi, and Jigar Shah. 2023. Artificial Intelligence 
Applications in Banking and Financial Services: Anti Money Laundering and 
Compliance. Future of Business and Finance. Singapore: Springer Nature Singapore. 
https://doi.org/10.1007/978-981-99-2571-1. 

Hennink, Monique, and Bonnie N. Kaiser. 2022. “Sample Sizes for Saturation in Qualitative 
Research: A Systematic Review of Empirical Tests.” Social Science & Medicine 292 
(January):114523. https://doi.org/10.1016/j.socscimed.2021.114523. 

Herath Pathirannehelage, Savindu, Yash Raj Shrestha, and Georg von Krogh. 2024. “Design 
Principles for Artificial Intelligence-Augmented Decision Making: An Action Design 
Research Study.” SSRN Scholarly Paper. Rochester, NY: Social Science Research 
Network. https://doi.org/10.2139/ssrn.4071519. 

Idson, Lorraine Chen, Dolly Chugh, Yoella Bereby-Meyer, Simone Moran, Brit Grosskopf, 
and Max Bazerman. 2004. “Overcoming Focusing Failures in Competitive 
Environments.” Journal of Behavioral Decision Making 17 (3): 159–72. 
https://doi.org/10.1002/bdm.467. 

Jain, Ruchika, Naval Garg, and Shikha N. Khera. 2023. “Effective Human–AI Work Design 
for Collaborative Decision-Making.” Kybernetes 52 (11): 5017–40. 
https://doi.org/10.1108/K-04-2022-0548. 

Jarrahi, Mohammad Hossein, David Askay, Ali Eshraghi, and Preston Smith. 2023. 
“Artificial Intelligence and Knowledge Management: A Partnership between Human 
and AI.” Business Horizons 66 (1): 87–99. 
https://doi.org/10.1016/j.bushor.2022.03.002. 

Jung, Jongbin, Ravi Shroff, Avi Feller, and Sharad Goel. 2018. “Algorithmic Decision 
Making in the Presence of Unmeasured Confounding.” arXiv. 
https://doi.org/10.48550/arXiv.1805.01868. 

Kaplan, Andreas, and Michael Haenlein. 2019. “Siri, Siri, in My Hand: Who’s the Fairest in 
the Land? On the Interpretations, Illustrations, and Implications of Artificial 
Intelligence.” Business Horizons 62 (1): 15–25. 
https://doi.org/10.1016/j.bushor.2018.08.004. 



 28 

Kim, Hyunjin, Edward L. Glaeser, Andrew Hillis, Scott Duke Kominers, and Michael Luca. 
2024. “Decision Authority and the Returns to Algorithms.” Strategic Management 
Journal 45 (4): 619–48. https://doi.org/10.1002/smj.3569. 

Kolbe, Linn Marie, Bart Bossink, and Ard-Pieter de Man. 2019. “Contingent Use of Rational, 
Intuitive and Political Decision-Making in R&amp;D.” Management Decision 58 (6): 
997–1020. https://doi.org/10.1108/MD-02-2019-0261. 

Kozioł-Nadolna, Katarzyna, and Karolina Beyer. 2021. “Determinants of the Decision-
Making Process in Organizations.” Procedia Computer Science 192:2375–84. 
https://doi.org/10.1016/j.procs.2021.09.006. 

KPMG. 2024. “KPMG Invests $100M in Google Cloud Alliance to Accelerate Enterprise 
Adoption of AI for Clients.” November 20, 2024. 
https://kpmg.com/us/en/media/news/kpmg-google-cloud-partnership-expansion-
2024.html. 

Lebovitz, Sarah, Hila Lifshitz-Assaf, and Natalia Levina. 2022. “To Engage or Not to Engage 
with AI for Critical Judgments: How Professionals Deal with Opacity When Using AI 
for Medical Diagnosis.” Organization Science 33 (1): 126–48. 
https://doi.org/10.1287/orsc.2021.1549. 

Lim, Weng Marc. 2024. “What Is Qualitative Research? An Overview and Guidelines.” 
Australasian Marketing Journal, July, 14413582241264619. 
https://doi.org/10.1177/14413582241264619. 

Logg, Jennifer M., Julia A. Minson, and Don A. Moore. 2019. “Algorithm Appreciation: 
People Prefer Algorithmic to Human Judgment.” Organizational Behavior and 
Human Decision Processes 151 (March):90–103. 
https://doi.org/10.1016/j.obhdp.2018.12.005. 

López‐Cotarelo, Juan. 2018. “Line Managers and HRM: A Managerial Discretion 
Perspective.” Human Resource Management Journal 28 (2): 255–71. 
https://doi.org/10.1111/1748-8583.12176. 

Luo, Xueming, Siliang Tong, Zheng Fang, and Zhe Qu. 2019. “Frontiers: Machines vs. 
Humans: The Impact of Artificial Intelligence Chatbot Disclosure on Customer 
Purchases.” Marketing Science, September, mksc.2019.1192. 
https://doi.org/10.1287/mksc.2019.1192. 

Makarius, Erin E., Debmalya Mukherjee, Joseph D. Fox, and Alexa K. Fox. 2020. “Rising 
with the Machines: A Sociotechnical Framework for Bringing Artificial Intelligence 
into the Organization.” Journal of Business Research 120 (November):262–73. 
https://doi.org/10.1016/j.jbusres.2020.07.045. 

Mayring, Philipp, and Thomas Fenzl. 2019. “Qualitative Inhaltsanalyse.” In Handbuch 
Methoden der empirischen Sozialforschung, edited by Nina Baur and Jörg Blasius, 
633–48. Wiesbaden: Springer Fachmedien Wiesbaden. https://doi.org/10.1007/978-3-
658-21308-4_42. 



 29 

McCarthy, John, Marvin Minsky, Nathaniel Rochester, and Claude Shannon. 1955. “A 
Proposal for the Dartmouth Summer Research Project on Artificial Intelligence.” In , 
13. http://jmc.stanford.edu/articles/dartmouth/dartmouth.pdf. 

McDonald, Seonaidh, and Barbara Simpson. 2014. “Shadowing Research in Organizations: 
The Methodological Debates.” Qualitative Research in Organizations and 
Management: An International Journal 9 (1): 3–20. https://doi.org/10.1108/QROM-
02-2014-1204. 

Miller, C. Chet. 2008. “Decisional Comprehensiveness and Firm Performance: Towards a 
More Complete Understanding.” Journal of Behavioral Decision Making 21 (5): 598–
620. https://doi.org/10.1002/bdm.607. 

Musleh Al-Sartawi, Abdalmuttaleb M. A., Khaled Hussainey, and Anjum Razzaque. 2022. 
“The Role of Artificial Intelligence in Sustainable Finance.” Journal of Sustainable 
Finance & Investment 0 (0): 1–6. https://doi.org/10.1080/20430795.2022.2057405. 

Myers, Linda A., Roy Schmardebeck, Timothy A. Seidel, and Michael D. Stuart. 2022. “The 
Impact of Managerial Discretion in Revenue Recognition: A Reexamination.” 
Contemporary Accounting Research 39 (3): 2130–74. https://doi.org/10.1111/1911-
3846.12775. 

Petrou, Andreas P., Elias Hadjielias, Ioannis C. Thanos, and Pavlos Dimitratos. 2020. 
“Strategic Decision-Making Processes, International Environmental Munificence and 
the Accelerated Internationalization of SMEs.” International Business Review 29 (5): 
101735. https://doi.org/10.1016/j.ibusrev.2020.101735. 

PricewaterhouseCoopers. 2023. “PwC US Makes $1 Billion Investment to Expand and Scale 
AI Capabilities.” PwC. April 26, 2023. https://www.pwc.com/us/en/about-
us/newsroom/press-releases/pwc-us-makes-billion-investment-in-ai-capabilities.html. 

Puranam, Phanish. 2021. “Human–AI Collaborative Decision-Making as an Organization 
Design Problem.” Journal of Organization Design 10 (2): 75–80. 
https://doi.org/10.1007/s41469-021-00095-2. 

Raisch, Sebastian, and Sebastian Krakowski. 2021. “Artificial Intelligence and Management: 
The Automation–Augmentation Paradox.” Academy of Management Review 46 (1): 
192–210. https://doi.org/10.5465/amr.2018.0072. 

Robson, Colin. 2002. Real World Research: A Resource for Social Scientists and 
Practitioner-Researchers. 2nd ed. Oxford, UK: Blackwell. 
https://search.worldcat.org/title/46462641. 

Rubin, Allen, and Jennifer Bellamy. 2022. Practitioner’s Guide to Using Research for 
Evidence-Informed Practice, 3rd Ed. Practitioner’s Guide to Using Research for 
Evidence-Informed Practice, 3rd Ed. Hoboken, NJ, US: John Wiley & Sons, Inc. 

Samokhvalov, Konstantin. 2024. “The Transformative Impact of Artificial Intelligence on the 
Management Consultancy Sector.” Management Consulting Journal 7 (1): 59–68. 
https://doi.org/10.2478/mcj-2024-0006. 



 30 

Shalev-Shwartz, Shai, and Shai Ben-David. 2014. Understanding Machine Learning: From 
Theory to Algorithms. 1st ed. Cambridge University Press. 
https://doi.org/10.1017/CBO9781107298019. 

Sinnaiah, Tamilarasu, Sabrinah Adam, and Batiah Mahadi. 2023. “A Strategic Management 
Process: The Role of Decision-Making Style and Organisational Performance.” 
Journal of Work-Applied Management 15 (1): 37–50. https://doi.org/10.1108/JWAM-
10-2022-0074. 

Snyder, Richard C., and Glenn D. Paige. 1958. “The United States Decision to Resist 
Aggression in Korea: The Application of an Analytical Scheme.” Administrative 
Science Quarterly 3 (3): 341–78. https://doi.org/10.2307/2390717. 

Sull, Donald N., and Kathleen M. Eisenhardt. 2015. Simple Rules: How to Thrive in a 
Complex World. First Mariner Books edition. Boston New York: Mariner Books, 
Houghton Mifflin Harcourt. 

Tavoletti, Ernesto, Niloofar Kazemargi, Corrado Cerruti, Cecilia Grieco, and Andrea 
Appolloni. 2021. “Business Model Innovation and Digital Transformation in Global 
Management Consulting Firms.” European Journal of Innovation Management 25 (6): 
612–36. https://doi.org/10.1108/EJIM-11-2020-0443. 

Turing, Alan Mathison. 1950. “Computing Machinery and Intelligence.” Mind, no. 236 
(October), 433–60. https://doi.org/10.1093/mind/LIX.236.433. 

Uzonwanne, Francis C. 2016. “Rational Model of Decision Making.” In Global Encyclopedia 
of Public Administration, Public Policy, and Governance, edited by Ali Farazmand, 
1–6. Cham: Springer International Publishing. https://doi.org/10.1007/978-3-319-
31816-5_2474-1. 

Wangrow, David, Donald Schepker, and Vincent Barker. 2015. “Managerial Discretion: An 
Empirical Review and Focus on Future Research Directions.” Journal of 
Management, January. https://epublications.marquette.edu/mgmt_fac/326. 

Whittle, Therese, Elena Gregova, Ivana Podhorska, and Zuzana Rowland. 2019. “Smart 
Manufacturing Technologies : Data-Driven Algorithms in Production Planning, 
Sustainable Value Creation, and Operational Performance Improvement.” Economics, 
Management and Financial Markets, Economics, management and financial markets. 
- New York, NY : Addleton Acad. Publ., ISSN 1938-212X, ZDB-ID 2270776-1. - 
Vol. 14.2019, 2, p. 52-57, 14 (2). 

Williams, Damien J., and Jan M. Noyes. 2007. “How Does Our Perception of Risk Influence 
Decision-Making? Implications for the Design of Risk Information.” Theoretical 
Issues in Ergonomics Science 8 (1): 1–35. 
https://doi.org/10.1080/14639220500484419. 

Youssef, Moustafa Salman Haj, Hiba Maher Hussein, and Ioannis Christodoulou. 2019. 
“Competitiveness and Managerial Discretion: An Empirical Investigation at the 
National-Level.” Competitiveness Review: An International Business Journal 29 (2): 
181–203. https://doi.org/10.1108/CR-01-2017-0011. 

 



 31 

Appendices 

Appendix 1 – Adapted Model of Inductive Category Formation and Application  

(Based on Mayring and Fenzl, 2019) 

 

 


