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Abstract 
Human cognitive limitations pose significant 

challenges to processing the vast amounts of data 
necessary for strategic decision-making and 
management. This paper examines some of the 
limitations, including heuristics and biases, and 
explores how emerging Artificial Intelligence (AI) 
systems may transform strategic management 
practices in the future. Drawing on previous literature 
and industry insights, we trace how AI tools are 
already reshaping strategic decision-making to 
overcome human limits. Our paper reveals a tension: 
while novel AI excels at pattern recognition, 
explanation, content creation, and predictive analytics 
across vast datasets, many strategically critical 
decisions, particularly those involving ethical 
judgment and authentic relationship building, are 
likely reserved for humans. This suggests that future 
leaders must balance AI's analytical power with 
distinctly human capabilities, and humans benefit 
from adapting to and collaborating with machines in 
decision-making processes. The paper concludes by 
proposing six working hypotheses and delineating 
research opportunities for understanding human-AI 
collaboration in the future. 

 
Keywords: strategic management, strategy, artificial 
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1. Introduction  

Different limitations, like heuristics, biases, and 
their subtypes, affect human decision-making 
(Tversky & Kahneman, 1974). They play a key role in 
decision-making processes (Rastogi et al., 2022) and 
have been well-studied (Rau & Bromiley, 2025). All 
humans are affected by these cognitive limits – some 
of which are beneficial, while others are not (Trunk et 
al., 2020). Many, such as “bounded rationality,” have 
been explored in behavioral economics since the 
1950s (e.g., Simon, 1955). From this setting, an 
interesting paradox exists: many managers see 
themselves as rational and logical, yet often make 
imperfect or irrational decisions. Even the individuals 
belonging to the realistic segment, who admit being 

subject to emotions, temptations, surroundings, and 
manipulation, are mostly unaware of their limitations, 
as it is impossible to be aware of all factors that impact 
the decision-making (as US Secretary of Defense 
Donald Rumsfeld notoriously put it in 2002, “There 
are unknown unknowns”). Consequently, "gut 
feeling" is sometimes seen as a sufficient or even 
decisive factor in matters both significant and minor 
(Weick & Sutcliffe, 2015), and imagination may serve 
as the north star for some leaders (industry insight; 
leadership coach column by Siang, 2025).  

Strategic decision-making is also considered to 
fall within the category of choices under complex 
ambiguity (Rau & Bromiley, 2025), being situational 
and prone to being influenced by both conscious and 
unconscious biases (Trunk et al., 2020). However, 
relying on something that is not measurable is contrary 
to the very core of something strategic, which, at least 
in a narrow view, is based on rational economic goals 
and contributions (Hallahan et al., 2007) and is almost 
akin to a scientific method, i.e., ideal for making 
informed business decisions.  

This conceptual paper explores the role of both 
human and artificial intelligence (AI), the latter being 
an umbrella term introduced already in the 1950s 
(McCarthy et al., 1955) and covering a wide range of 
algorithms designed to automate various tasks similar 
to human intelligence (Korneeva et al., 2023; Sengar 
et al., 2024) in the strategic decision-making context. 
The lens to the topic is based on the premise that one 
of the highest forms of human cognition lies in 
acknowledging the limits of our approximately 1.3-
kilogram brains (DeSilva et al., 2023), and that a major 
transformation is now underway with the emergence 
of novel AI, which can already increase the quality of 
decisions in business (Baabdullah, 2024) and process 
information at scales far beyond human capability.  

An earlier systematic literature review has 
demonstrated that even pre-2020s AIs (thus, those 
before the latest disruptive wave of generative AI, i.e., 
GenAI/GAI, and large language models, i.e., LLM) 
were capable of forcing a reevaluation of human 
versus AI cooperation dynamics in organizational 
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strategic decision-making (Trunk et al., 2020). The 
dynamics and roles are now even more critical to 
reevaluate, as AI, in its most advanced form, is 
anticipated to possess the capability for human-level 
general intelligence reasoning in the (near) future 
(Mitchell, 2024). Already in the early 2020s, the 
current versions of AI were very powerful and 
significantly impacting strategic decision-making 
(Krakowski et al., 2023).  

In summary, this study critically evaluates how 
novel, human-level or above AI influences strategic 
decision-making, including reassessing human 
management roles in these processes. We shall 
present working hypotheses (WHs) that address 
multiple disciplines, including behavioral economics, 
AI, information systems, and knowledge work 
research, to address and investigate biases, heuristics, 
and human-machine interaction. These fields have 
extensively examined human problem-solving 
limitations and human-machine interactions, requiring 
the multidisciplinary approach that strategic research 
demands (Heide et al., 2018).  

The structure of the themes and topics of this 
paper is summarized in Table 1 below. Our goal is first 
to provide a brief overview of the limitations of human 
decision-making, and then to address how 
contemporary digital tools and data influence human 
thinking in general. These are followed by examples 
of how capable information systems (IS) and AI tools 
currently augment human capabilities. Finally, we 
explore and anticipate the implications of future 
technological advancements for decision-making and 
propose ways to investigate this topic further.  

 
Table 1. Explored themes on the timeline. 

1) Insights 
into the 
limits of 
human 
decision-
making. 
The term 
AI is 
coined. 

2) Digital 
tools 
becoming 
more 
common 
and 
shaping 
cognition 
and 
behavior. 

3) More 
capable AI 
systems 
increasingly 
impacting 
decision-
making and 
task 
automation. 

4) Emerging 
AGI 
potentially 
reaching and 
surpassing 
human-level 
capabilities. 

Explored: 
1950 -> 

1980 -> 2010 -> 2025 -> 

 
Understanding current AI capabilities requires 

leveraging industry insights as valuable secondary 
sources alongside academic literature. These insights 
are marked (ii) in this paper and provide a situational 
analysis of AIs' dynamic, real-world operation. 
Engaging with “ii” and expert evaluations helps our 

paper predict the impact of AI on management and 
identify future research opportunities. An attachment 
(Table 2) provides a summary of how each WH-
question relates to cognitive limitations, how it is 
affected by AI, and the potential barriers and 
mitigation proposals for AI adoption.  

2. Research on the identified limits of 
human decision making 

In exploring human behavior, fields like 
psychology, evolution, sociology, and behavioral 
economics combine to study decision-making and 
interaction (Rau & Bromiley, 2025). A key moment 
was Herbert A. Simon's mid-50s introduction of 
“bounded rationality” (1955), highlighting cognitive 
limits and mental shortcuts that lead people to accept 
“good enough” outcomes rather than optimal ones. 
This challenges classical economic theories based on 
the idea of “economic man” as rational (Persky, 1995). 

The decision-making discourse reached a 
milestone with Tversky and Kahneman's (1974) 
seminal work, which introduced heuristics – cognitive 
shortcuts that lead to biases affecting judgment. These 
psychological phenomena influence decision-making, 
and examples below show their negative impact on 
strategy and management. The list is not complete, but 
ranges, for example, from the sunk cost fallacy, which 
denotes the inclination to prioritize earlier investments 
– monetary or otherwise – over the potential benefits 
of abandoning unfruitful pursuits (Arkes & Blumer, 
1985), to cognitive dissonance, whereby individuals 
consciously eschew information or situations that 
invoke psychological discomfort (Festinger, 1957). 
Additionally, the Dunning-Krüger effect illustrates 
how individuals with limited skills can grossly 
overestimate their proficiency (Kruger & Dunning, 
1999) and the framing impacts human thinking largely 
(Tversky & Kahneman, 1981), making people choose 
“badly” depending on the selection of words, for 
example.  

Later, Stanovich and West (2000) advanced the 
understanding of decision-making by introducing 
System 1 and System 2 thinking, based on previous 
research. They describe System 1 as automatic, 
unconscious, and computationally undemanding, 
while System 2 involves analytic processes 
traditionally studied by information processing 
theorists (Stanovich & West, 2000, p. 658). Kahneman 
popularized this model in his book “Thinking, Fast 
and Slow” (2011). These interconnected processes 
(Evans & Stanovich, 2013) highlight dual cognitive 
pathways that influence human behavior and decisions 
in various situations (Kahneman, 2011). To 
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differentiate cognitive limitations, Rau & Bromiley 
(2025, p. 2) separate heuristics as cognitive shortcuts 
simplifying complex decisions and biases as 
systematic errors from "System I" processing leading 
to suboptimal decisions. 

The scope of biases varies significantly by 
context, categorization, and authors, but is alone too 
much for the human mind to actively monitor and 
mitigate. For example, in fact-checking context 
Soprano et al. (2024) identified 211 total cognitive 
biases through a systematic review, with 39 
specifically interfering with fact-checking In strategic 
decision-making context, Rau & Bromiley (2025) 
suggest that fewer biases apply, identifying 25 
relevant biases through an integrative review: 14 
systematic biases (operating similarly across 
individuals), and 11 idiosyncratic biases dependent on 
the decision-maker's experience and past interactions. 

To conclude, it is well-established that 
individuals are often irrational beings. Still, for 
practical reasons, human limitations are accepted, as 
evidenced by the phrase “to err is human,” and even 
logically thought-through decisions may be influenced 
by cognitive limitations, heuristics, and biases, 
thereby transforming well-intended choices into 
unfavorable outcomes. 

3. Concerns about how data, AI, and IS 
negatively influence human thinking 

Building upon the limitations of decision-making 
inherent in human cognition, it is essential to examine 
the well-documented concerns that arise from the 
interaction between humans and AI, as well as from 
prior interactions with IS and algorithms. The topic is 
not new: as early as 370 BC, Plato already pondered 
whether the skills to read and write would harm the 
human mind (Clark, 2025). Much later, in the 1950s, 
Newell and Simon compared the similarities and 
differences between human and computer thinking, 
concluding that, despite the differences, decision-
making can be simulated usefully by computers 
(1958).  

The contemporary scope of these issues is, too, 
wide and multifaceted, encompassing various 
dimensions that hinder effective learning and critical 
analysis (Lucía & Matute, 2023). According to Guan 
et al. (2022, p. 343), the ethical risks in AI decision-
making primarily originate from the limitations of 
human rationality, “since the programming and data 
importation samples in intelligent decision-making 
involve human decisions.” On a more practical level, 
the major risk is algorithmic bias, where AI systems 

can reinforce existing human biases in the training 
data, leading to discrimination, for example, in hiring 
and promotion use cases (Benbya et al., 2021).  

One significant concern is ”cognitive load” from 
overwhelming data volume and complexity, which 
complicates learning and causes individuals to 
prioritize immediate problem-solving over holistic 
situational evaluation. This phenomenon, articulated 
by Sweller (1988), highlights how excessive 
information creates cognitive challenges. 
Paradoxically, introducing more systems, data, and 
algorithms may not yield greater clarity, control, or 
value, but instead result in diminished outcomes.  

Further investigations reveal that users often 
struggle with utilizing IS due to difficulties in 
maintaining awareness of the operational 
functionalities of these systems. Long ago, Lyytinen 
and Hirschheim (1987) suggested that this lack of 
comprehension can lead to a diminished capacity to 
leverage the tools at one's disposal, ultimately 
impeding the potential benefits these systems can 
bestow. More recently, research has outlined the 
"black box" issue, where AI decision-making is 
opaque, hinders fairness and accountability (Gerlich, 
2025), and suggested that over-reliance on AI poses 
risks of weakening human critical thinking, problem-
solving, and expertise, leading to “deskilling” 
(Gerlich, 2025; Papagiannidis et al., 2023). 

In addition, the tendency to neglect critical 
evaluation of algorithmic outputs poses a significant 
risk to the integrity of decision-making processes 
(Jussupow et al., 2021; Lucía & Matute, 2023). 
Jussupow et al. (2021) highlight the tendency for even 
expert users to accept algorithm-generated results 
without rigorous inspection, fostering a culture of 
uncritical acceptance that can undermine the quality of 
insights derived from algorithms. To understand the 
same phenomenon – experts’ inability to remain 
critical while using AI – (ii) Microsoft conducted a 
literature review of approximately 60 papers (Passi & 
Vorvoreanu, 2022) and identified several biases and 
antecedents that contribute to overreliance. In 
management education, overreliance raises concerns 
about raising AI-dependent managers rather than 
capable ones (Hyde et al., 2024). From an 
organizational perspective, AI can lead to power 
reconfigurations and workplace conflicts (Benbya et 
al., 2021), and the growing use of GenAI may 
contribute to work alienation (Hai et al., 2025) and 
antipathy (Golgeci et al., 2025). Organizations also 
face risks from system failures, security issues, and AI 
investment failures (Papagiannidis et al., 2023), as AI 
simultaneously poses a threat (and fear) of job 
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replacement (Darıcı et al., 2024; Golgeci et al., 2025; 
Stahl & Eke, 2024). 

Compounding these concerns is the subtle 
influence of algorithms on cognitive processes, which 
can manifest in both positive and negative ways. For 
instance, while certain algorithms, such as computer-
assisted qualitative data analysis tools, may enhance 
analytical capabilities (Goble et al., 2012), these, and 
AI systems too, may also inadvertently shape 
individuals’ thought patterns in ways that warrant 
careful consideration (Lucía & Matute, 2023) and are 
not all recognized (Niittymaa & Luoma-aho, 2024).  

4. AI, GenAI, and future AGI 

AI algorithms serve multiple functions, including 
learning, problem-solving, and decision-making 
capabilities (Dalalah & Dalalah, 2023; Miloski, 2023). 
For management, in the context of strategic decision-
making in general, novel AI has already been 
demonstrated to change operations (Krakowski et al., 
2023), also, providing business benefits, for example, 
for small and medium-sized enterprise (SME) 
organizations (Al-Kfairy, 2025; Carayannis et al., 
2025; Sotamaa et al., 2024), often previously lacking 
resources to use high-end AI solutions. To 
demonstrate the new possibilities, Carayannis et al. 
(2025) present nine possible AI tool categories, each 
addressing specific dimensions of organizational 
proactive needs, including, e.g., predictive analytics, 
decision-support systems, horizon scanning, and 
Generative AI, all highly relevant for managers. These 
AI tools expand foresight capabilities now available to 
SMEs and simultaneously exemplify the broader 
phenomenon of “AI democratization” (Niittymaa & 
Luoma-aho, 2024; Ritala, Mero, et al., 2024). This 
refers to the increasing accessibility of capabilities, 
once reserved for only large, resource-rich 
organizations, to a broader range of various actors in 
the domains of strategic management.  

In particular, GenAI has recently (and 
incorrectly) become the synonym for AI for many, due 
to the novel, easy-to-use tools possessing the capacity 
to produce human-like content on varying levels 
(Niittymaa & Luoma-aho, 2024). GenAI is defined, 
for example, by Niittymaa & Luoma-aho (translated, 
2024, p. 15) as “a form of artificial intelligence that, 
by utilizing machine and deep learning models, 
produces content based on statistical prediction based 
on data and inputs that resembles human-produced 
content, such as text, images, sound, videos, or code.” 
In general, GenAI has been recognized for its potential 
to provide strategic insights and support 
organizational planning processes (Prasad Agrawal, 
2024) and, for example, depending on the algorithm, 

provide substantial help for even laymen in complex 
behavioral science studies (Lippert et al., 2024). Also, 
the widespread availability of LLMs is rapidly 
transforming strategic communication – both in 
professional practice and academic research – and 
may ultimately change the world through 
communication (Niittymaa & Luoma-aho, 2024; 
Shirky, 2008).  

In terms of growing complexity, Samuel et al. 
(2022) suggest that the previous AI systems were 
already necessary to overcome limitations by 
augmenting human behavior and performance. To 
learn how to foster organizational adoption of GenAI, 
(ii) Harvard Business Review Analytics surveyed 257 
relevant managers (HBR, 2024). The reported best 
practices were: drive adoption from the top, build 
feedback loops tailored for GenAI purposes, fail 
quickly by adopting agile approaches, choose GenAI 
partners carefully who have a strong track record and 
aligned vision, and share experiences among other 
companies. Also, Shao (2023, p. 2) has summed that 
AI & “firms with strong data processing capabilities 
perform significantly better in rational decision-
making,” tackling some of the cognitive limitations. 

Despite extensive research and rapid market 
growth in AI and GenAI, (ii) with the market expected 
to reach 442.07 billion USD by 2031 (Statista, 2025) 
and investments of 40 billion in algorithms (OpenAI, 
2025), these technologies still face limitations in 
simulating human and technical cognition (Loaiza et 
al., 2024; Shani et al., 2025). Shani et al. (2025) note 
that humans excel in “fine-grained semantic 
distinctions," while LLMs have “superior 
information-theoretic efficiency" in their 
representations. AI/GenAI are primarily tools and 
augmenters, rather than autonomous agents or human 
replacements (Niittymaa & Luoma-aho, 2024; Ritala 
et al., 2024), reflecting their “narrow AI” nature, 
which is suited for specific tasks and currently unable 
to fully displace humans. To further map the impact of 
AI systems and where the effort should be placed in 
the addition of technical research, Benbya et al. (2021) 
emphasize the necessity of AI research in the 
organizational context, Papagiannidis et al. (2023) 
recommend exploring more “the darker side of AI”, 
and Guan et al. (2022) recommend exploring 
unpredictable risks and challenges. 

Although no agreed-upon definition of Artificial 
General Intelligence (AGI) is available yet, some 
define AGI as AI systems that match or exceed human 
cognitive abilities (Joshi, 2025; Maslej et al., 2025; 
Mitchell, 2024). (ii) Prominent figures within the 
GenAI industry, such as Sam Altman, CEO of 
OpenAI, and Dario Amodei, CEO of Anthropic, have 
also made predictions regarding the advent of AGI. (ii) 
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Altman, for example, envisions AGI to “think like 
humans” in the near future (Afifi-Sabet, 2025). We 
can thus conclude that more capable AI will be coming 
in the near future, and their transformative and 
augmentative potential on human decision-making is 
likely to be huge.  

5. Synthesis and working hypotheses 

AI, and especially the potentially forthcoming 
future AGI, could mark a new era, bringing both new 
opportunities and challenges that are attractive to both 
academics and practitioners. It could overcome the 
difficulties presented in decision-making, including 
cognitive biases and heuristics, as well as the amount 
of data required to make informed strategic decisions. 
The literature reviewed in this paper is by no means 
comprehensive or systematic. Still, it illustrates the 
long history of limitations that might now be 
overcome, thanks to novel AI, albeit not all at once, 
but rather through cascading innovations over time. 

In this paper, we propose a set of working 
hypotheses (WHs) that suggest future scenarios based 
on limitations in human cognition. Research shows 
human capacity has clear constraints, while powerful 
AI capabilities are rapidly emerging. The intersection 
of both could influence managerial decisions, offering 
"the best of both worlds," but each having biases 
stemming from their very nature. No system, artificial 
or not, is perfect. The main difference between AI and 
humans lies in their technological progress: AI 
advances quickly, with the context window increasing 
by about 25,000% in 2.5 years, whereas human brain 
size has been declining over thousands of years 
(DeSilva et al., 2023). 

The trajectories, i.e., six WHs, presented suggest 
that there is room for AI to complement and enhance 
human decision-making, going forward, and such 
development is a plausible outcome.  

1. Due to the rapid increase of data and 
information, the impact of individual pieces of them 
are becoming less relevant and disruptive over time 
(Park et al., 2023). This doesn’t (necessary) mean that 
contemporary data is any less valuable; there is simply 
too much to examine. While the playing field becomes 
increasingly complex and filled with various types of 
information, human biological capabilities remain 
largely unchanged or may even decline (DeSilva et al., 
2023), whereas AIs continue to advance (Krakowski 
et al., 2023). WH1: Due to the massive amounts of 
data, without the aid of contemporary sophisticated 
algorithms, it is impossible to remain a capable or 
competitive decision-maker in the future.  

2. Organizations are increasingly taking into 
use algorithmic systems and data dashboards that help 

managers understand in real time what is going on 
(Carayannis et al., 2025). Yet, a study on learning by 
Soemer & Schiefele (2019) has suggested that difficult 
textual data causes the mind to wander and reduces 
reading comprehension, highlighting the need for 
simplicity in the data presented. Also, (ii) the AI agent 
developer platform UiPath states in their survey 
(n=252 US managers) that over half of the respondents 
find improving business oversight, problem solving, 
and accuracy as tempting AI capabilities (industry 
report, Davenport & Barkin, 2025, p. 7). WH2: AI 
systems can significantly help decision-makers 
understand vast amounts of data and make quick and 
accurate decisions. 

3. The use of 24/7 algorithms that curate and 
distill highly personalized data views for decision-
making can augment organizations, managers, and 
knowledge workers with capabilities that are not yet 
fully understood (Clark, 2025; Niittymaa & Luoma-
aho, 2024; Ritala, Aaltonen, et al., 2024). The speed 
and scale at which data can now be processed exceed 
human capabilities, opening up new avenues for value 
creation through quicker responses to emerging 
market signals (Carayannis et al., 2025). Additionally, 
skilled AI-using experts have been shown to provide 
better results than those not using AI (Dell’Acqua et 
al., 2023), and AI has been demonstrated to impact 
what constitutes a “competitive advantage” 
(Krakowski et al., 2023).  WH3: Novel AI will 
augment value creation in all knowledge work and 
help individuals in the organization make faster and 
more accurate daily decisions. 

4. While algorithmic reasoning capabilities 
continue to improve, human capabilities remain 
stagnant. Eventually, once the trustworthiness of 
generative AI is no longer a significant concern, the 
value of human input in business decision-making 
may become significantly lower than that of 
algorithms. This is likely transforming the human 
decision-maker into new roles that have less to do with 
data analysis or judgment, but more with social skills 
and the coordination of individual work. WH4: In the 
future, the highest value of human decision-makers 
will come from "soft skills", such as being present, 
giving opinions, being creative, helping colleagues, 
and providing hope (see, for example, Loaiza et al., 
2024).  

5. As novel innovations – such as Large 
Behavior Models, which learn from human biometric 
data and spatial movement, and androids (humanoid 
robots) like Tesla’s Optimus or Figure's robots – begin 
to merge and communicate via natural language using 
large language models, the management of manual 
labor is likely to undergo transformations similar to 
those currently influencing knowledge work 

Page 1265



management. WH5: In addition to human employees, 
future managers will increasingly manage algorithms 
and humanoid robots, but need to vary their decision-
making and collaboration methods based on who they 
are dealing with in the given context. 

6. Rapidly emerging AI technologies are 
dramatically transforming corporate value creation 
paradigms in ways not yet fully comprehensible. 
Large World Models (AIs simulating the physical 
world) and metaverses (permanent VR worlds) will 
create parallel dimensions that interfere and overlap 
with real-world economies through Digital Twins. 
Managers could virtually test factories or product 
development before implementation, while 
individuals might prefer algorithmic "second life" 
environments over reality. Power gained in 
metaverses could translate into real-world wealth, as 
already demonstrated by online games and 
cryptocurrencies, with algorithms potentially creating 
new value systems and ideologies. WH6: Value 
creation is changing drastically due to AI 
technologies, creating both business opportunities 
and threats, and decision-makers need to prepare for 
future AI-enabled value creation.  

From an epistemological standpoint, these six 
WHs represent theoretical propositions derived 
through systematic reasoning from existing 
knowledge bases. As Box (1976, p. 792) famously 
noted, "all models are wrong," often extended with 
"...but some are useful." This acknowledges the 
inherent limitations of our epistemic frameworks 
while recognizing their instrumental value in 
advancing scientific understanding. Interestingly, this 
approach aligns with our premise, human cognition 
limits decision-making. For example, the deep 
mechanisms driving strategic decision-making cannot 
be directly observed. Still, their effects can be studied 
empirically. While philosophical debates about 
unobservable ontological and epistemological 
mechanisms are sure to continue, our focus is more 
practical: the six WHs propose testable relationships 
that can be empirically validated or refuted. 

6. Future research 

Drawing on the working hypotheses (WHs) 
presented, the following survey items are proposed for 
future research. They are written in the first-person 
format to capture the experiences and perceptions of 
individual decision-makers. Two survey items are 
provided per WH on a scale of 1 (Strongly Disagree) 
to 5 (Strongly Agree). 

For WH1, which addresses the necessity of AI 
due to overwhelming data volumes, the survey items 
could assess: (WH1.1) “I feel the volume of data 

required for strategic decisions is overwhelming 
without algorithmic support”; (WH1.2) “I find that 
using AI-powered analytics tools significantly 
improves my confidence in decision-making 
processes”. 

For WH2, focusing on AI's role in comprehension 
and decision accuracy, the items could evaluate: 
(WH2.1) “I find that AI quickly summarizes complex 
reports that would otherwise take considerable time to 
process”; (WH2.2) “I have found that decisions I make 
with AI assistance are more accurate and impactful 
over time compared to those made without AI”. 

For WH3, examining AI's augmentation of 
knowledge work, the survey could measure: (WH3.1) 
“I have found that using AI for routine tasks enables 
me to concentrate on the more creative, interpersonal, 
and strategic elements of my work”; (WH3.2) “I 
believe the quality and focus of my work have 
improved substantially with the assistance of AI 
tools”. 

For WH4, addressing the shift toward soft skills, 
the items could assess: (WH4.1) “I observe that AI 
systems are increasingly handling the analytical tasks 
I used to perform manually”; (WH4.2) “I believe my 
value as a leader increasingly lies in areas requiring 
human vision, empathy, and the ability to inspire and 
guide my team”. 

For WH5, concerning human-robot management 
dynamics, the survey could examine: (WH5.1) “I 
recognize that managing AI-enabled actors requires a 
different skill set than managing human employees”; 
(WH5.2) “I have access to up-to-date training for 
human-robot collaboration management in my 
organization”. 

For WH6, exploring AI-enabled value creation 
paradigms, the items could evaluate: (WH6.1) “I am 
actively exploring or considering digital twins and 
metaverse applications for strategic planning in my 
organization”; (WH6.2) “I anticipate that current 
value creation models may be increasingly challenged 
due to advanced AI systems within the next five 
years”. 

7. Conclusion  

This paper has highlighted that AI tools – both 
current and emerging – are expanding capabilities at 
all levels of business and transforming how decisions 
are made. Through iterative cycles of hypothesis 
testing, data collection, and theoretical refinement, 
following the hypothetico-deductive method (Box, 
1976), these extrapolations can contribute to the 
cumulative development of knowledge in strategic 
decision-making research. This approach is 
methodologically sound, regardless of one's specific 
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philosophical commitments, as it focuses on empirical 
adequacy rather than metaphysical claims about 
unobservable entities. In this spirit, our WHs offer 
somewhat provocative but testable propositions about 
tackling human cognitive limits through the 
harnessing of AI. 

Even if there is a small chance that AGI may 
emerge in the future, further research and scenario 
development remain crucial. In the editorial titled "On 
ChatGPT and beyond: How generative artificial 
intelligence may affect research, teaching, and 
practice," Peres et al. (2023) question what it means 
for firms, users, markets, and welfare if ideas can be 
turned into products without significant limitations. 
To offer vision and hope, Loaiza et al. (2024) suggest 
that human advantages, such as empathy, presence, 
opinion, creativity, and hope (EPOCH), are qualities 
that algorithms cannot match. Nonetheless, whether it 
is EPOCH or another system, the future of human 
expertise in decision-making appears unclear. This 
paper explored selected limits of human decision-
making and the possibilities that novel AI tools and 
algorithms present. Only by acknowledging facts can 
we consider a new era of decision-making, 
increasingly driven by algorithms, requiring re-
evaluation of the human role. As AI integration 
becomes unavoidable, it's crucial to continue 
developing human expertise and enhancing strategic 
capabilities amid rapid technological progress.  

This paper, like all academic pursuits, has several 
limitations. First, it relies solely on existing literature, 
industry insights, and case examples (see Attachment, 
Table 2) without empirical data gathering, which 
represents the logical next step through expert 
interviews and surveys. Second, this highly 
multidisciplinary topic would benefit from dialogue 
among scholars in cognitive sciences and behavioral 
economics. Third, AI's technical progress is advancing 
so broadly and rapidly that it is becoming difficult for 
anyone to keep up without AI assistance. As a result, 
we increasingly know only what AI platforms provide, 
placing significant responsibility on management to 
decide how to interpret this information and steer 
organizational direction. This responsibility is 
unlikely to disappear anytime soon. 
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