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ABSTRACT

This narrative review integrates evidence from cognitive science and Al research to challenge commonly accepted dichotomies
between human and artificial cognition, such as the assumed divide between genuine human understanding and mere machine
pattern matching. Instead, we propose a view that recognises similarities in their cognitive architectures and processes. Human
and artificial cognition seem to operate through comparable mechanisms, as both rely on statistical processing, associative pattern
recognition and approximation rather than perfect logic. Through a systematic comparison of core cognitive domains across 363
articles, we highlight parallels in capabilities and limitations, including shared vulnerabilities to biases, memory distortions and
decision-making opacity. We critically examine popular narratives such as the stochastic parrot argument and the myth of human
rationality. These positions often rely on idealised views of human cognition that are contradicted by cognitive and neuroscientific
evidence. This review calibrates expectations of both human and artificial systems by moving beyond both AT alarmism and human
exceptionalism towards a more empirically grounded perspective on cognition. Our comparative review acknowledges both the
shared statistical foundations of intelligence and differences in embodiment, intentionality and phenomenological aspects of
cognition. This perspective has implications for human-AI collaboration, cognitive performance benchmarking and research on
Al transparency.

1 | Introduction the paradigm of Industry 5.0 [5]. In commerce, machine learning
(ML) models now drive demand forecasting, dynamic pricing
and personalised marketing strategies [6]. In transportation, Al
technologies optimise traffic flow through real-time predictive

systems, enabling autonomous navigation in vehicles and public

Artificial intelligence (AI) is no longer a distant technological
curiosity but rather an omnipresent force reshaping how we
work, think and interact with the world. AI now underpins

virtually every sector of the digital economy. Al is estimated to
contribute approximately $19.9 trillion annually to global retail
productivity by 2030, potentially automating or transforming up
to 60% of workplace tasks as they are defined today [1, 2]. En-
terprise AI adoption has accelerated rapidly, with surveys
showing 78% of companies reporting Al use in 2025, up from 55%
in 2022 [3], while 91% of organisations plan to incorporate Al
technologies by 2030 [4]. In industrial contexts, this shift is in-
creasingly framed through the lens of human-centred AI within

transport networks [7].

Although the existing literature includes empirical studies
contrasting human and machine intelligence on specific cog-
nitive tasks (e.g., Yax et al. [8]), to our knowledge, no prior work
has explicitly mapped cognitive-functional dimensions for both
systems in a comparative manner. Pervasive and persistent
misconceptions about both human exceptionalism and AI lim-
itations impact the potential of human-AI collaboration and
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informed policy development. This becomes increasingly prob-
lematic as Al systems are integrated into critical domains that
require a better understanding of both human and artificial
cognitive capabilities. From generative models that produce art
and writing to predictive Al that optimises logistics and decision-
making and the pursuit of artificial general intelligence (AGI), Al
is at the forefront of organisational and societal transformation
[1]. Despite its exponential progress, Al remains a functional
mirror of human cognition: It simulates, augments and even
challenges our understanding of intelligence. Although AI is
often presented as a tool devoid of true cognition and actual
consciousness or as an existential threat exceeding human ca-
pacity, these opposing views overlook a more complex reality.

The overarching goal of this review is to portray the similarities
and discrepancies between human and artificial cognition to
support the case that they are very much alike [9]. Critics like
those behind ‘stochastic parrot’ argument [10] caution against
anthropomorphising Al systems. However, these critiques often
assume an idealised view of human cognition: one where we
reason through deep, symbolic understanding rather than the
statistical and heuristic-based processing we seem to use. In-
sights from cognitive science suggest that human cognition
primarily operates through probabilistic inference rather than
through fully conscious logical reasoning. Chater and Oaksford
[11] argue that the human mind is best understood as a proba-
bilistic mind, relying on Bayesian principles to navigate un-
certainty (see Ref. [12]) rather than fully logical reasoning.
Dennett’s influential accounts of consciousness [13] provide
further support for the view that cognition emerges from pattern-
based, distributed processes rather than explicit reasoning alone
(see also Ref. [14]). From these perspectives, the statistical
mechanisms that underpin AI models may be less fundamentally
distinct from biological minds than they first appear.

Al systems encompass various approaches beyond the current
wave of data-driven and generative models. Historically, AI
development has evolved through two fundamental paradigms
that differ in their approach to knowledge acquisition. Symbolic
Al adopts a top-down approach that relies on explicit rules,
logical reasoning and structured knowledge representations that
are programmed into systems. In contrast, subsymbolic AI (in-
cluding connectionist networks and deep learning [DL]) follows
a bottom-up approach, learning patterns and representations
from data without preprogrammed knowledge. Both paradigms,
along with mathematical optimisation techniques, aim to cap-
ture facets of human reasoning and decision-making [15, 16].
Contemporary Al increasingly merges these paradigms in hybrid
and neurosymbolic systems [17], for example, integrating logic
constraints into neural architectures to combine the in-
terpretability of symbolic reasoning with the pattern-learning
capabilities of subsymbolic approaches [18]. Through this
combination of symbolic, subsymbolic and optimisation ap-
proaches, AI can be classified by its capabilities and
functionalities [19].

2 | AI Capability Classification

By capability, systems range from artificial narrow intelligence
(ANI) to the aspirational AGI prototypes and onward to the
theoretical artificial superintelligence (ASI). ANI refers to ‘weak’
Al, which is engineered for a narrow set of tasks. Examples

abound in today’s world: AlphaFold predicts protein structures
with high precision [20]; GPT-4 generates human-like text across
diverse topics [21]; and autonomous driving systems use sensor
fusion, DL and rule-based decision-making to navigate urban
environments [22]. These ANI systems operate within well-
defined parameters and perform pattern-based tasks without
genuine understanding [23].

AGI is the vision of machines that learn and reason across any
domain with human-like flexibility [24]. Although no system yet
fully qualifies, research and development efforts such as OpenAI’s
GPT-Next and DeepMind’s Gemini are devoted to building mul-
timodal architectures with the explicit goal of cross-domain gen-
eralisation. Fictional figures like Star Trek’s Data capture the
promise of AGI, that is, machines that master diverse tasks and can
develop emotional insight. In practice, advances in neurosymbolic
AI[25] have shown improved integration of formal logical rules and
data-driven learning; however, core challenges remain. AGI systems
still face limitations with generalisation to novel environments, true
causal inference rather than mere correlation and embodied cog-
nition (which refers to the grounding of concepts in sensory-motor
experience) [26, 27].

ASI occupies the speculative frontier: an intelligence surpassing
human cognitive capabilities in all spheres, from creativity and
strategic decision-making to self-reflection. ASI would not only
generalise but would also improve itself recursively, potentially
achieving full autonomy from human oversight. Thought experi-
ments such as Bostrom’s ‘paperclip maximiser’ warn that ASI could
pursue goals antithetical to human welfare [19]. Cultural meta-
phors, such as Skynet in Terminator and VIKI in I, Robot, highlight
fears of misalignment between AI and human goals and loss of
control [28], although most researchers argue these narratives re-
flect societal anxieties more than technical realities [29, 30]. The
prospect of ASI raises profound ethical, governance and existential
questions. ASI decisions could rapidly outpace human compre-
hension and thus render traditional supervision mechanisms un-
reliable [31, 32]. Holl [33] cautions that ASI will require internal
motivational mechanisms and agency frameworks.

3 | AI Functionality Classification

While capability frameworks map AI along a spectrum from
narrow to more adaptive systems, a functional perspective
highlights what AT actually does: the concrete roles and services
it provides across real-world settings. This study focuses on five
core functional roles that anchor modern AI ecosystems. These
roles are more than technical categories; they reflect how Al
systems are built and used and influence human behaviour. The
discussion also explores how these roles evolve and interact with
people and broader sociotechnical environments.

3.1 | Predictive Systems

Predictive AI uses statistical learning and historical data to
forecast future outcomes. In finance, platforms using gradient-
boosted decision trees and neural networks show significant
improvements in credit risk assessment, with up to 36% re-
duction in default prediction errors compared to logistic re-
gression models [34]. Public health applications employ Al-based
syndromic surveillance systems that analyse multiple data
streams (including travel, news and social media), achieving
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outbreak detection between 7 and 14 days earlier than traditional
epidemiological methods [35]. Manufacturing harnesses
predictive-maintenance algorithms that continuously monitor
equipment vibrations and temperatures, which enables proactive
repairs before breakdowns occur [36]. Though invaluable for
mitigating risk and optimising resources, predictive systems
must guard against embedding historical biases (e.g., redlining in
credit scoring or discriminatory policing patterns) into new
decisions (see Narayanan and Kapoor [37]). Beyond industry and
applied domains, predictive models are increasingly adopted in
scientific research, including psychology and cognitive science,
where they are used to enhance replicability, detect nonlinear
effects and improve single-subject-level predictions [38, 39].

3.2 | Generative Systems

Generative AI (GenAl) creates new content (text, images, audio
and code) by learning patterns from vast datasets. Generative
adversarial networks (GANSs) [40] first demonstrated photo-
realistic image creation, while subsequent advances in diffusion
models and transformer architectures drastically expanded
generative capabilities. Systems like OpenAI’'s DALL-E produce
imaginative visuals from textual prompts [41], and large lan-
guage models (LLMs) such as GPT-4 (OpenAl) and Claude
(Anthropic) generate essays, dialogue and even software code
[42]. These systems accelerate workflows in marketing, art and
scientific exploration. However, they are prone to ‘hallucina-
tions’ (e.g., plausible yet incorrect or biased outputs) and their
widespread adoption raises issues in education (e.g., academic
integrity, student over-reliance on Al-generated work) and
questions about authorship, copyright and the propagation of
misinformation [43].

3.3 | Supervisory and Control Systems

In safety-critical domains, supervisory AI monitors real-time
data streams and can intervene to maintain safe operation, ei-
ther autonomously or by alerting human operators. Aviation
leverages autopilot systems that fuse radar, GPS and inertial
measurements (from onboard gyroscopes and accelerometers) to
guide aircraft. However, the analysis of aviation incidents reveals
that over-reliance on automation contributed to 60% of major
accidents between 2010 and 2020. This problem could be at-
tributed to reduced pilot situation awareness during automated
operations [44] and the persistence of automation surprise when
system actions diverge from pilot expectations [45]. These
findings highlight the critical need for human-in-the-loop failure
safeguards (see Kirwan [46]). In manufacturing, reinforcement
learning systems adaptively tune parameters for process opti-
misation (e.g., controlling temperature, pressure and flow rates
in chemical plants), reducing equipment downtime and im-
proving product quality through real-time adjustments [47]. In
digital environments (e.g., social media, online gaming and fo-
rums), content-moderation algorithms filter hate speech, mis-
information and harmful imagery, balancing precision and recall
amidst cultural and contextual differences [48].

3.4 | Recommender Systems

Recommender systems power personalisation across e-
commerce, streaming media and social platforms by analysing
user behaviour (e.g., clicks, purchases, viewing patterns) to

suggest relevant items. From early collaborative filtering ap-
proaches that launched modern e-commerce recommendations
[49] to contemporary graph neural network architectures [50]
and reinforcement learning enhancements, these systems dy-
namically update user profiles to capture evolving preferences
[51]. Platforms such as Netflix, Amazon and Spotify rely on such
algorithms to boost engagement and revenue. However, rec-
ommender systems may inadvertently create filter bubbles that
restrict exposure to diverse perspectives and amplify confirma-
tion bias. Finding ways to encourage both serendipitous dis-
covery and fair content distribution can be a challenge.

3.5 | Agentic Systems

Agentic Al represents a shift towards autonomous systems that
plan, coordinate tools and adapt with minimal human oversight.
Unlike prompt-based models that respond to individual queries,
agentic systems execute multistep tasks by decomposing goals
into subtasks, selecting APIs or knowledge sources and refining
strategies based on feedback [52]. Examples include travel
planning agents that can autonomously search, compare and
even book itineraries [53]; collaborative coding frameworks like
Microsoft’s AutoGen framework that coordinate code genera-
tion, testing and review cycles [54]; and multiagent simulations
such as CAMEL, which simulates financial-auditor and analyst
interactions [55]. This ‘agent as a service’ model is expected to
blur the line between software and autonomous collaborators
capable of executing goal-directed workflows [56]. However,
agentic systems raise concerns about accountability, trans-
parency (how decisions are made across multistep processes) and
the potential for unintended consequences when systems operate
with extended autonomy.

4 | Objectives

An ongoing debate in AI research concerns whether Al is truly
‘intelligent’ [57] or merely an advanced pattern-recognition
system [58] (see also Bender et al. [10]). Although LLMs have
demonstrated impressive capabilities in language processing and
reasoning, many contend that these abilities do not equate to
human-like cognitive processing [27, 59]. McDermott [60]
challenges this framing by arguing that debates about Al in-
telligence often rest on an idealised view of human cognition.
Humans fundamentally overestimate their own cognitive ca-
pacities. Al scepticism often assumes that humans are rational
and consistent decision-makers, but research suggests that hu-
man cognition is flawed, subject to biases and prone to in-
consistencies. It is thus important to understand the boundaries
of human versus Al cognitive capabilities.

Korteling et al. [58] introduce the concept of intelligence
awareness in order to describe the need for humans to develop
a more balanced and deeper understanding of the capabilities
and limitations of AI. Similarly, the concept of Anthro-
pofabulation, coined by Buckner [61] illustrates that unrealistic
expectations are often set for AI (e.g., Suomala and Kauttonen
[62]) and neglect the prevalence of cognitive biases and vul-
nerabilities in both human and Al systems (see Zerilli et al. [63]).
One observation is that humans should also better understand
their own cognitive limitations and rethink their expectations
towards AL Perhaps, there is a need to move beyond the per-
spective of Al as either a threat or a silver bullet” to be exploited

Human Behavior and Emerging Technologies, 2026

3 of 29

95UB917 SUOWILOD SATER1D) 3|cedldde aU Aq pauRA0B 9.2 9 D1 O ‘85N JO S9INI 10} ALeIg1TUIIUQ AB|IA LD (SUONIPUOD-PUE-SLLIBY WD A 1M Aleq Ut juo//SANL) SUORIPUOD Pue SWB | 84} 985 *[9202/20/9T] Uo AIqiTauliuo A8|im * 8aiuseoue JO AISIBAIUN - Suoeaiunwiwod ALR[0udS Ad EvTOV66/2eqU/SSTT OT/I0p/L0d A8 AReiq1puluo//sdny wouy papeojumod ‘T ‘9202 ‘Bay



towards seeing it as a complementary intelligence with collab-
orative potential.

This comparative narrative review explores the parallels and
distinctions between human and artificial cognition and criti-
cally examines the misconceptions surrounding the capabilities
of AL Building on work in the emerging field of cognitive Al,
which examines the intersection of AI and cognitive science [16],
we suggest that, although differences exist, they are not as well-
defined as often portrayed. AI technologies are driving major
societal and cultural transformations in both personal and
professional domains. The rapid development of AI forces
a reassessment of the boundaries between human intelligence
and AI [64, 65].

Understanding the similarities between AI and human cognition
requires a closer examination of their architecture and processes.
This review pursues three interlocking objectives that form the
main sections of our analysis. First, in ‘Comparison of Al and
Human Intelligence From a Cognitive Perspective’, we map
cognitive parallels and distinctions between human and artificial
cognitive mechanisms. Second, in the section ‘Reframing Ex-
pectations: Misconceptions About AI and Human Cognition’, we
challenge perspectives that range from the “stochastic parrot”
argument to romanticised notions of human rationality. Third, in
‘The Emergence of (Artificial) Intelligence’, we explore parallels
between human cognitive evolution, illustrated through the case
of language development [66], and advances in AI, which LeCun
[67] describes as not yet intelligent, as well as the emerging
coevolutionary relationship between human and AI [68].
Throughout the paper, we highlight how cognitive science
principles (e.g., heuristics, memory decay, metalearning) can
augment Al architectures. In our conclusion, we present a view
that acknowledges both shared mechanisms and meaningful
differences between human and artificial cognition.

Given their omnipresence in current public discourse and de-
bates within the research community, our review focuses pri-
marily on statistical learning systems and neural network-based
Al, especially DL, ML and GenAI models. Symbolic, rule-based
and optimisation-based AI approaches have demonstrated value
in the field, and while not the central focus of this analysis, their
increasing integration into contemporary data-driven systems
through hybrid models and neurosymbolic approaches is noted
throughout this review.

5 | Approach and Method

This comprehensive narrative review integrates insights from
cognitive psychology, neuroscience, human factors and Al re-
search to examine parallels and distinctions between human and
artificial cognition. Following established guidelines [69, 70], this
narrative synthesis enables critical examination of cognitive
comparisons while accommodating the rapid evolution of AI
capabilities that continually redefine the boundaries of
human-AI cognitive interaction.

5.1 | Search Strategy

The analysis employed the information-processing framework to
enable systematic comparison across cognitive domains. This
framework, outlined by Neisser [71, 72], conceptualises cognition
as a sequence of operations for acquiring, encoding and

retrieving information. Newell and Simon [73] extended the
information-processing perspective by modelling human prob-
lem solving as a symbolic search process, which can be seen as
a conceptual bridge between cognitive psychology and computer
science (see also Marr [74], who showed that perception could be
analysed computationally). Simon [75, 76] argued that intelli-
gence—whether human or artificial—operates through common
information-processing principles. Taken together, the contri-
butions of these pioneers support the view that the information-
processing framework provides a well-documented and valid
conceptual ground in which a set of cognitive operations can be
analysed for both biological and artificial systems.

Literature searches were conducted using Google Scholar, Sco-
pus, PsycINFO, IEEE Xplore and ACM Digital Library, covering
publications from 1960 to July 2025. This temporal scope cap-
tures the evolution of both human cognition research and Al
research and development from their foundations [77] through
advances in LLM. To ensure comprehensive coverage, forward
citation tracking was performed on seminal works (e.g., Dennett
[13]; Marr [74]; Rumelhart et al. [78]) as well as more recent
articles integrating cognitive science and Al perspectives (e.g.,
Bundy et al. [17]; Korteling et al. [58]; Lake et al. [79]; Taylor and
Taylor [80]).

Search terms employed systematic combinations including
‘human cognition’ AND ‘artificial intelligence’; ‘artificial cog-
nition’; ‘human vs. AI cognition’; ‘Al cognitive architectures’;
‘cognitive processes AI humans’; ‘explainable AI” AND ‘human
cognition’; ‘metacognition human and AI’; ‘human-AlI cognitive
comparisons’; ‘cognitive biases AI’; ‘machine consciousness’;
‘neural networks cognition’; ‘Bayesian brain AT’; ‘cognitive ar-
chitectures comparison’; and ‘human-machine intelligence’.
Two reviewers from the multidisciplinary author team in-
dependently screened 476 candidate articles: one reviewer spe-
cialised in cognitive science research and the other specialised in
Al Following independent screening, selections were collabo-
ratively discussed to ensure conceptual validity and shared
agreement, with the entire author team approving the final
corpus.

5.2 | Selection Criteria and Data Synthesis

Articles meeting the inclusion criteria allowed us to address
empirical or theoretical comparisons of human and AI cognitive
processes, particularly those examining learning, pattern rec-
ognition, perception, memory, reasoning and decision-making
within information-processing frameworks. Peer-reviewed
publications and seminal works (> 100 citations) were priori-
tised. Exclusions primarily comprised non-English publications,
technical articles not addressing cognitive comparisons and ar-
ticles focusing exclusively on technological implementations
without relevance to human cognition or human activities.

The final corpus of 370 publications underwent data extraction to
capture cognitive domains, methodologies, key findings, theo-
retical frameworks and disciplinary perspectives (see Figure 1 for
the detailed selection process). Of these, 363 articles directly
contributed to the comparative analysis and were categorised as
either Al-related or cognition-related papers. The remaining
seven articles provided methodological support or statistics on Al
usage and adoption. Figure 2 illustrates the temporal distribution
of the 363 articles addressing cognitive comparisons, which
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Records identified
through database
searching
(N = 414)

Additional records
identified through other
sources
(N=62)

Records screened after
duplicate removal
(N = 434)

Records excluded

(N=128)

Full-text articles
assessed for eligibility
(N = 406)

Full-text excluded

N =128)

Articles included in
narrative synthesis
(N =370)

- Direct cognitive
comparisons (n = 363)
- Methodological
support (n =7)

FIGURE1 | PRISMA flow diagram of the study selection process. A total of 476 records were identified (414 through database searches and 62 from
additional sources). After duplicate removal, 434 records were screened. Twenty-eight were excluded at title/abstract screening and 36 at full-text
assessment. This process yielded 370 studies for the narrative synthesis. Of these, 363 comprised the main corpus. While not all directly compare human
and Al cognition, many articles address cognitive processes that artificial systems attempt to replicate, and others focus on Al research and development

related to artificial cognition.

shows exponential growth following breakthroughs in DL. We
acknowledge the limitations of the narrative approach compared
to systematic reviews, the potential language bias from English-
only inclusions and challenges in capturing rapidly evolving Al
capabilities.

6 | Comparison of AI and Human Intelligence
From a Cognitive Perspective

In this section, we adopt the classic perspective of the
information-processing framework to compare six core cognitive
functions in humans and machines: (i) learning mechanisms, (ii)
pattern recognition, (iii) visual perception, (iv) cognitive load
management, (v) memory and (vi) reasoning, problem solving
and decision-making (see Table 1 for a summary).

The historical development of Al is closely linked with advances
in cognitive science and connectionist psychology, particularly
during the 1960s and 1970s. The Dartmouth Conference in 1956
established the field of AI with pioneers such as John McCarthy,
Marvin Minsky, Allen Newell and Herbert Simon, who aimed to

model human cognition computationally [81]. This period saw
the rise of symbolic AI, which relies on logical rules as exem-
plified by Newell and Simon’s General Problem Solver [82],
a system designed to emulate human problem-solving strategies
[83]. At the same time, connectionism was gaining momentum
[84], with Frank Rosenblatt’s Perceptron, which represented an
early subsymbolic approach to AI that learnt from data rather
than explicit rules. However, Minsky and Papert [85] showed
that single-layer neural networks were limited in solving non-
linear problems. This critique, combined with the absence of
training techniques for multi-layer networks at the time, con-
tributed to temporarily slow research in neural networks [78].

Inspired by biological systems, connectionist models represent
neurons as artificial nodes and synapses as connections. Net-
works learn by adjusting connection weights [84]. The parallel
distributed processing (PDP) framework proposed by McClelland
et al. [86] established a theoretical basis for distributed repre-
sentations and parallel processing in neural networks. The field
advanced significantly when Hinton et al. [87] introduced deep
belief networks and new training methods, which were a catalyst
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Distribution of articles by year of publication and type (N = 363)

Number of articles

<1960
2005-2009

1960-1969
1970-1979
1980-1989
1990-1999
2000-2004

28
26
25
16
14 14 14
8
(=3 ] N g < n
s & & & 3 £
5 3y Q Q S Q

2010-2014
2015-2019

Year of publication

mm Al-related articles
— Cognition-related articles (non-AI)

FIGURE 2 | Temporal distribution of the 363 articles retained for review, directly comparing human and Al cognition, plotted by the publication

year. Bars are colour-coded to distinguish Al-related papers (studies of artificial cognitive systems) from cognition-only papers (human cognition
without an AI comparison). The sharp post-2019 rise coincides with breakthroughs in deep learning and LLM research. Data for 2025 include
publications up to August 2025. Note: Seven additional articles and reports providing methodological support or statistics on AI usage support are not

displayed in this temporal analysis.

for the resurgence of DL. This progress led to the development of
convolutional networks [88] and was further revolutionised by
the transformer architecture [89]. These breakthroughs shifted
Al from controlled laboratory tasks to large-scale, data-driven
pattern learning across diverse domains. In parallel, researchers
have pursued the integration of symbolic reasoning with neural
approaches through frameworks such as logic tensor networks
[90] that combine first-order logical reasoning with DL.

In his seminal book, Artificial Intelligence—A Personal View,
Marr [91] outlined an integrative perspective to understand both
natural (human) and artificial cognitive systems [92]. Concur-
rently, McCarthy introduced formal methods for symbolic rea-
soning, which became a basis for AI programming [93].
Together, their efforts shaped AI and promoted human cognition
as a model for intelligent systems. This interplay between cog-
nitive science and AI has continually evolved through a bi-
directional exchange where advancements in one domain often
lead to progress in the other [94].

The belief that AI and human intelligence are increasingly
similar is often resisted due to concerns about control [29] and
our (mis)understanding of consciousness [95]. Many people
prefer to see AI as fundamentally different from humans to
maintain a clear distinction between technology and humanity
[96, 97]. As Al continues to improve, these boundaries blur. Al is
already performing at or above human levels in a wide range of
cognitive tasks [98] and even in some aspects of creativity (see
Hubert et al. [99]). The cognitive and even philosophical ques-
tions arising from this overlap, such as whether AI can be truly
self-aware or capable of causal reasoning, remain debatable.
Several key points of convergence exist between AI and human

intelligence or between artificial and human cognition [80, 100]
(see also Simon [75]).

The information-processing framework conceptualises cognition
as a sequence of operations that transform inputs into mean-
ingful outputs through various mental functions [76] (see also
Neisser [72]). Within this framework, core cognitive processes
can be distinguished and serve as the analytical lens for com-
paring human and artificial cognition. Learning mechanisms
involve the ability to acquire new knowledge, abstract patterns
from experience and adapt behaviour through reinforcement and
feedback (see, e.g., Gilchrist [101]; Tenenbaum et al. [102]).
Pattern recognition and perception refer to the processes by
which individuals detect structure in sensory input, enabling the
interpretation of visual, auditory and other modalities of expe-
rience (e.g., Findlay and Gilchrist [103] for visual perception).
Cognitive load and multitasking refer to the constraints on
information-processing capacity and the mechanisms for allo-
cating limited resources across concurrent demands (e.g., Cowan
[104]; Lavie [105]; Wickens [106]; Anderson [107]; Hommel et al.
[108]). Memory processes encompass the mechanisms through
which information is encoded into long-term storage, main-
tained and later retrieved or lost over time, with retrieval often
being reconstructive rather than exact (e.g., Schacter and Addis
[109]; Tulving [110]). Finally, reasoning and decision-making
include the ability to draw inferences, make predictions and
select among alternatives, often under uncertainty and within
cognitive constraints [111]. By examining these cognitive pro-
cesses across human and artificial systems, the information-
processing framework enables researchers to identify the
shared mechanisms of intelligent behaviour and differences in
how biological and computational systems achieve similar

6 of 29

Human Behavior and Emerging Technologies, 2026

85UB0| SUOLULLOD BAIER1D 3|eotidde U Aq pauseAob 8.2 S3o1Le WO 88N JOSBINI 104 ATiq 1T BUIIUO AB|IM UIO (SUOIPUOD-PUB-SLLLBY/WO"AB| 1M ARe.q]1BU1|UO//SHIY) SUORIPUOD PUE SWL L 8U3 89S *[9202/60/0T ] U0 ARIgIT8UIIUO A811M * B11USEaUe T JO AISIBAIUN - SUDIedIUNWLIOD ARIOIS Ad E7TIY66/2eaU/SSTT 0T/I0p/wod"A3] 1M ARelqeul|uo//sdiy Wwouj pepeojumod ‘T ‘9202 ‘Bay



hbet, 2026, 1, Downloaded from https://onlinelibrary.wiley.com/doi/10.1155/hbe2/9946143 by Scholarly Communications - University Of Lancashire, Wiley Online Library on [16/03/2026]. See the Terms and Conditions (https://onlinelibrary.wil ey.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

7 of 29

‘SsauaIEME "SUTRWOP J0BIISqe ‘sonsunay pue Suriduwres ueisakeq
renixajuod pue Arxsdwod uo spuadap ‘[oA0u Ul SuTUOSEaI ISR SONISLINSY SN ULD ‘3UTUOSEAI 9ATIONPQE/IANONPIP/AATIINPUT Suryeuwr-uorsoap
Q0UBWLIONJ "Soselq 0) ouoid SUIISAS yjog  Inqg S[Opouwl USALIp-ejep ‘onsiiqeqord Uo soroy  ‘Suruosear onsijiqeqoid uaAlIp-eiep sauiquio)  pue Suiajos wojqoid ‘Suruoseay
'sa139jen)s uonednIw pairdsur "9ATIONIISU0IAI
A[res130101q WO 1JoUQ UL [V ‘90USIQJISIUL  "UONBPI[OSU0D pue Ae[dal sasn 9ouaIafIajul pue Tenpeid st Suagioy uswpoquid
0} 103[qns 216 puUE JONIISUOIAI SW)SAS Yjog 0} J[qeIdUNA ‘AIOWAW PIAINGIUSIJ pue aouarradxa Aq padeys st ATOWAIA Sunye8ioy pue ArowaN
‘syruan] 3idsap Aqresiderens jdepe suewiny 'sa1391e1)S
‘APULToLJe SYSLIN[NW [V "SWaISAS yjoq "UOIBOO0[[aI PAJUSLIO-[e0T Suryolims-yse) pue (013000 AR TUS0dRIOW
Ul SIJO-9pe) 1JoUaq—1S0d saAjoAul SUTSBINININ ASIYJE Ued [V onuade ‘syse} [o[[eted sofpueH Uuo S9I[I ‘ATowawl Juryiom Aq pajwry Sunyseinnuw pue peol 2ARTUS0)
"UTBWAI SAIN[IE] JLIdWe)oW [V ‘suoneidepe *£oueISUOd surejuUIew
paxidsur Ajresidojolq ojerodioour ued 1y “UOTIRUTWN]T 30UBJI[JoI 9xa1u0d pue suonedadxa Yim jndur A1osuss
‘3urssaooi1d TeorydIRISIY pue PaIake[ asn ylog S9SNJUO) ‘saniIe[n3al [ensia sapoduyg soje1dour ‘suonejuasardar parakel s}ONIISUOD uondaorad ensip
"2INJONIIS JUJR] Y} SISA00UN Y ‘IXIU0D ‘uonesIeIauad ur pajruiy "SUTBWIOP [AOU UI J[qIX3[J
arerdajur suewiny ‘sepre[ngal 10eNXd Yog  ‘UONOBIIXS 9INJBIJ PUE S[OPOW [BONSHEIS SIS INJONIIS Y} 109)9p 03 IX)u0d pue siorid sasn uonrugooar ursied
“UOT}O3[JaI
"UOT}OBIISQE Ul SUBWINY ‘9[edS spre uonrudooe}awW So[dUrexs Maj woij
e 19139q SI IV oeqpad ydnoiy) ydepe yjog -Suruied[ejdw sasn ‘sjasejep 93Ie] WOIJ SUILYT UONESI[RIdUSS JUSIOIS 0USIIadXe WOIJ SUIBdT swisiueyoaw JuruIed]
syySisur A33] TenynIy uewny 1030¢] danuso)

‘uonIugod urwny pue [epYnIe usamieq uostedwo) | T HTIV.L

Human Behavior and Emerging Technologies, 2026



cognitive outcomes [16]. Mapping and modelling these functions
contribute to improving our understanding of human cognition
and inform the design of artificial systems [112].

6.1 | Learning Mechanisms

Both humans and AI rely on learning from experience. This
fundamental similarity is evident in how AI systems, especially
those grounded in ML and DL, can learn and adapt over time
based on the data they process [85]. Neural networks reproduce
how neurons respond to stimuli, paralleling brain processes for
information processing, memory formation and knowledge
representation. Despite these similarities in learning patterns,
significant differences remain in how information is processed
and interpreted. Al systems are very efficient at extracting pat-
terns from both structured (like databases) and unstructured data
(such as text or images). However, human processing in-
corporates layers of subjective experience, cultural context and
embodiment that extend beyond what even large datasets can
achieve. For instance, Al can analyse millions of news articles
and social media posts to detect sentiment. However, it may still
miss cultural subtleties, which require an understanding of the
underlying context and intent [113].

In the human brain, synaptic plasticity, such as long-term po-
tentiation, underlies Hebbian learning [114, 115], and dopami-
nergic reward signals guide both model-based and model-free
reinforcement learning. This allows humans to adapt their be-
haviour via feedback [116]. Humans also show so-called one-shot
learning by forming concepts from minimal examples [117, 118]
and engage in metacognitive processes, such as self-explanation,
that deepen learning through reflection [119, 120]. In AI systems,
supervised learning adjusts network parameters using labelled
training data [78], while unsupervised methods extract structure
without explicit labels [121, 122]. Reinforcement learning en-
ables AI to learn from trial and error over time [123, 124].
Traditional deep neural networks (DNNs) are notably data-
intensive compared to human one-shot learning. However, re-
cent advances have begun to narrow this gap: Metalearning
techniques such as model-agnostic metalearning (MAML) [125]
and memory-augmented architectures [126] enable Al to learn
from fewer examples. Furthermore, transformer-based LLMs
[89] exhibit few-shot learning through in-context learning (ICL),
where they adapt to new tasks from examples provided in the
prompt without updating model parameters [127].

However, differences in learning efficiency between humans and
Al may be partly attributable to timescale rather than mechanism
alone. The heavy reliance of standard DNN on large datasets
represents a practical limitation due to compressed timeframes in
which AT is expected to learn rather than a cognitive flaw [128].
Humans also accumulate a vast amount of experiential ‘data’
throughout development and gradually refine their ability to
generalise with less new input. Humans integrate compositional,
hierarchical models to generalise from sparse examples [79, 102].
The learning efficiency gap likely reflects a combination of
temporal compression and architectural differences.

Limitations in AI learning can be mitigated by integrating
cognitive principles. Sense et al. [9] demonstrate that in-
corporating human-inspired learning mechanisms (such as
memory decay functions and forgetting curves) improves the
ability to make accurate predictions with limited data. For

instance, they developed a model that simulates human-like
spacing effects in memory retention, which shows superior
performance on tasks with sparse training examples [129]. As
mentioned, Al models trained with context-awareness through
techniques such as metalearning replicate how humans integrate
knowledge into new learning experiences [130-132]. Al learning
mechanisms can also benefit from internal cognitive processes
similar to those observed in human cognition. Lombrozo [120]
describes this process as learning by thinking, in which
knowledge emerges from self-explanation, mental simulation
and analogical reasoning rather than direct observation. Al
systems can exhibit similar behaviour, as seen in chain-of-
thought prompting, where models improve performance by
generating intermediate reasoning steps without additional data
[133, 134]. These introspective loops echo human self-reflection
by testing whether internal representations maintain coherence
with the inputs that generated them.

6.2 | Pattern Recognition

The mechanisms underlying learning are intimately connected
to pattern-recognition capabilities. While learning involves ac-
quiring and adapting knowledge through experience, pattern
recognition represents the application of that learnt knowledge to
identify regularities and make predictions. Both humans and Al
systems rely on statistical regularities extracted during learning
to inform pattern detection. Although humans have traditionally
been credited with superior pattern-recognition abilities, evi-
dence from cognitive science suggests this advantage may be
overstated [135]. Human pattern recognition draws on the
probabilistic processing of prior experiences. However, it in-
corporates additional mechanisms, including compositional
reasoning and model-based inference (see also Kidd et al. [136];
Tenenbaum et al. [102]). According to Sanborn and Chater [137],
humans generate plausible hypotheses through approximation
rather than exhaustive probabilistic computation [138].

Al systems employ explicit statistical techniques and computa-
tional power to detect correlations within datasets. Similarly,
humans process patterns through neural mechanisms that are
equally shaped by statistical regularities in our environment
[139]. AI pattern recognition relies primarily on learnt statistical
correlations and hierarchical feature extraction. The human
cognitive system integrates multiple sensory inputs with prior
knowledge and contextual understanding through predictive
processing [140], where the brain continuously generates and
updates predictions based on incoming sensory information
[141]. This predictive framework allows humans to recognise
patterns across modalities and in ambiguous situations where
context provides critical cues.

The evolution of pattern-recognition capabilities in AI systems
provides insights into cognition. DL systems can detect subtle
statistical regularities that might escape human perception [142].
Convolutional neural networks [88] were the first to match and
surpass human accuracy in object recognition tasks. For in-
stance, in medical imaging, Al systems can identify patterns
indicative of disease at a level that may exceed human expert
performance [143]. However, it may be difficult for these AI
systems to identify patterns in novel situations that deviate
significantly from their training data. Conversely, humans show
substantial flexibility in adapting pattern-recognition strategies
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to new domains. More recent Al techniques address this limi-
tation by transferring knowledge learnt in one context to new
situations [144]. For example, models that learn relationships
between images and text can recognise new concepts without
specific training on those concepts by matching visual features
with textual descriptions [145].

6.3 | Visual Perception

Visual perception provides a concrete example of human and AI
pattern recognition in action. The ability of the visual system to
extract meaningful information from sensory input exemplifies
how pattern recognition operates under real-world constraints of
noise, ambiguity and contextual variation. By examining visual
processing specifically, we can observe how the general princi-
ples of pattern recognition manifest in a concrete perceptual
domain where both humans and AI systems have been exten-
sively studied and compared.

In human vision, the ability to detect and maintain consistent
representations of objects and surfaces across varying conditions
(e.g., shadows, occlusions or shifts in viewpoint) is supported by
perceptual mechanisms that disentangle lightness, reflectance
and illumination [146]. Classic theories posit a hierarchical
structure in visual processing: low-level edge detection, mid-level
perceptual grouping and high-level object inference [147, 148].
The human visual system operates through layered represen-
tations, integrating both bottom-up and top-down information to
maintain coherence in visual scenes [74, 101]. These mecha-
nisms reflect the capacity of the human visual system to con-
struct multilayered representations [149] and to use contextual
anchoring (e.g., Gilchrist and Soranzo [150]), thereby allowing
stable interpretations even when sensory input is incomplete or
ambiguous (see Ullman [151] for work on perceptual
organisation).

Contemporary Al systems, particularly DNNs for computer vi-
sion, often reach high levels of accuracy in controlled tasks.
While human perception relies primarily on global shape, many
deep networks depend more on local texture cues. Their rep-
resentations tend to be fragile when faced with image pertur-
bations, unfamiliar viewpoints or contextual shifts. These
conditions typically pose no problem for human observers [152].
Developments in computer vision have begun to address these
limitations by incorporating biological principles [153]. For ex-
ample, models that include temporal adaptation and recurrent
processing show improved robustness to dynamic visual con-
ditions and can better track objects under occlusion. These ar-
chitectures introduce features inspired by the human visual
system, such as the ability to update internal representations over
time in response to new input. This temporal integration allows
the system to reproduce the gradual accumulation of perceptual
evidence.

Agrawal et al. [154] have shown that incorporating human fovea-
inspired sampling improves performance on fine-grained visual
recognition. Their model mimics the fovea process by concen-
trating high-resolution processing on the centre of the image and
using lower resolution in the surrounding areas. Similarly, Lin
et al. [155] developed models that separate images into broad and
detailed regions and then use diffusion-based methods to en-
hance brightness, contrast and sharpness [156]. Such approaches
explicitly replicate human perceptual constancy mechanisms,

improving the perceptual coherence and generalisation of Al
vision systems. Despite their impressive performance, deep
neural models still fail to fully capture human perception.
Humans disentangle reflectance, illumination and brightness to
perceive stable surface properties across lighting conditions
[157], whereas AT models tend to conflate these components and
process them as overlapping visual features [158, 159]. Even
though visual perception in both humans and Al involves layered
and adaptive pattern recognition, these findings show that
achieving human-like internal representations remains a chal-
lenge for artificial vision systems.

6.4 | Cognitive Load and Multitasking

Beyond learning and pattern recognition, cognitive systems must
also manage multiple tasks and inputs simultaneously. Cognitive
load refers to the mental effort required to manage, process and
prioritise task-related information. Lavie [105] refines this un-
derstanding by showing that perceptual and cognitive control
interact to determine attentional resource allocation and dis-
traction susceptibility. Salvucci and Taatgen [160] proposed that
multitasking performance is constrained by the availability and
allocation of resources across competing task demands. Man-
aging multiple tasks simultaneously places significant demands
on cognitive resources, often resulting in diminished efficiency
and increased errors.

Human multitasking involves metacognitive elements: contin-
uous self-reflection, assessment and adjustment of task priorities
based on internal performance monitoring. This metacognitive
capacity enables humans to dynamically recognise limitations
and adjust their resource allocation [160]. However, humans are
limited in multitasking as they attempt to coordinate and pri-
oritise competing sensory, cognitive and motor demands. For
instance, driving while engaging in a phone conversation re-
quires continuous recalibration of priorities across visual, au-
ditory and motor systems. Such tasks highlight how humans can
adaptively manage overlapping information streams [161] de-
spite resource constraints [162].

Al systems process parallel information streams differently by
leveraging distributed computational resources without experi-
encing the same resource bottlenecks (e.g., Thakur et al. [163]).
Although AI systems handle multitasking through parallel
processing, they face challenges in dynamic task prioritisation
and resource allocation in unstructured environments, a process
akin to the so-called executive functions that characterise human
multitasking despite our limitations (see Hodgetts et al. [164] for
a discussion). Both humans and AI systems experience slower
processing constraints under high information load; however,
the nature of these constraints may differ. Human performance
degrades in both speed and accuracy under multitasking situa-
tions. This decline is well-documented in neuroergonomic and
cognitive psychology research, which shows that increased de-
mands significantly impair human task performance [165]. In
contrast, Al systems encounter computational bottlenecks such
as memory constraints or throughput saturation [166, 167]. This
suggests an asymmetry in how humans and machines respond to
information overload and multitasking.

The future of AI multitasking research points towards agentic Al
systems capable of autonomous task management and priority
assessment that mirror human executive functions and dynamic
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cognition [168]. Some adaptive interfaces and task-switching
algorithms can reduce cognitive load by dynamically reallocat-
ing resources [169, 170]. By examining how humans and AI
systems manage cognitive load, researchers can develop more
effective collaborative systems that leverage the complementary
strengths of both human flexibility and computational pro-
cessing power (see [171] for an example in human-robot
interaction).

6.5 | Memory and Forgetting

Human and AI memory systems exhibit several similarities in
how they operate and fail. Both systems rely on distributed ar-
chitectures to store and retrieve information, with DNN explicitly
inspired by the human memory structure [87, 172]. In distributed
architectures, information exists across multiple connected
nodes rather than in a single location; memories in the brain are
encoded across networks of neurons [115, 173]. Neural networks
use interconnected layers to encode and process information
with learning driven by adjustments to these connections [142],
much like the brain stores memories through interconnected
neural pathways [174].

One significant functional similarity between human and Al
memory systems lies in the role of interference. In humans,
proactive interference occurs when older memories disrupt the
acquisition of new knowledge, whereas retroactive interference
happens when new learning hinders the retrieval of older in-
formation [175]. These processes result in the gradual weakening
of memory accessibility rather than complete deletion [176].
Similarly, in AI, new learning can overwrite previously acquired
knowledge. This phenomenon, known as ‘catastrophic forget-
ting’, has posed a major challenge for neural networks. For
example, a neural network trained to recognise cats and then
retrained on dogs might completely lose its ability to identify cats.
Unlike the gradual forgetting in humans, early AI systems would
experience abrupt memory loss when tasks overlapped [177].

Advances in the field have improved the ability of AI systems to
manage interference better. For instance, an AI system using
meta-reinforcement learning might quickly adapt its chess-
playing strategy when facing a novel opening move without
forgetting its core understanding of the game, similar to a human
player [178]. Tadros et al. [179] provided another example of how
mimicking human behaviour may solve some AI challenges with
memory and interference by demonstrating the effectiveness of
replay mechanisms modelled on biological sleep. These mech-
anisms reactivate and consolidate older knowledge during offline
phases, thereby reducing interference and supporting retention
(see also Refs. [180, 181] for techniques that provide resistance
against forgetting by interference).

The comparison between human and artificial systems also dis-
tinguishes between episodic and semantic memory. While episodic
memory in humans involves encoding specific, contextualised ex-
periences, semantic memory supports the abstraction of general
knowledge across various contexts [110]. Most LLMs resemble
semantic systems: They lack temporal or spatial anchoring but do
very well at extracting statistical regularities from vast textual input.
This bias towards semantic generalisation enables fluent perfor-
mance but contributes to their vulnerability to so-called halluci-
nations (i.e., plausible but incorrect outputs that may emerge when
semantic patterns are overextended).

The parallels between human and AI memory failures extend to
false memories. For instance, Al hallucinations are similar to
human memory errors. Humans regularly misremember events
owing to suggestibility or interference from similar experiences
[182]. A classic example is how eyewitness testimony can be
altered by the way questioning is formulated. In the seminal
work by Loftus and Palmer [183], participants were shown
a video of a car accident and estimated different speeds when
asked about cars ‘hitting’ versus ‘smashing into’ each other.
People confidently recall entire events that never happened when
these false memories align with existing knowledge structures.
Al systems show similar vulnerabilities. GenAl, for example,
may confidently produce plausible but incorrect responses, such
as citing nonexistent research papers with believable titles and
author names. These errors stem from overextended semantic
networks in LLMs, noise in training data, adversarial manipu-
lation or corruption during learning (e.g., mislabelled data) that
leads to false associations. The phenomenon represents not
a flaw specific to artificial systems but rather a major challenge of
any associative memory system.

Memory systems face key challenges in prioritising and con-
solidating information. These systems operate as a dynamic
filtering system [184] guided by relevance and utility [185] as well
as emotional salience [186]. Empirical evidence suggests that
human working memory implicitly tunes forgetting rates based
on information relevance [187]. Forgetting is not merely a limi-
tation; it enables cognitive flexibility, helps filter irrelevant in-
formation and prevents overload [188, 189]. Cowan et al. [190]
describe consolidation as a mechanism where significant expe-
riences receive preferential processing for long-term storage.
Emotionally powerful events like traumatic experiences are more
readily consolidated into lasting memories than routine activities
[191]. Similarly, reward-based prioritisation enhances the re-
tention of motivationally relevant information [192]. Students
remember material better when taught its future relevance, and
people recall objects associated with rewards more than neutral
objects [193].

Al systems also exhibit forms of selectivity and consolidation,
although approaches vary. Traditional symbolic AI systems rely
on explicit, rule-based mechanisms for prioritisation. In contrast,
subsymbolic approaches such as neural networks can develop
implicit prioritisation through training. Although AI systems,
both symbolic and subsymbolic approaches, can be designed to
prioritise high-probability patterns in data and de-emphasise
rarer information, they typically operate with less contextual
flexibility than human memory [194]. This limitation can lead to
overfitting, where, for instance, neural networks become too
specific to their training data and fail to generalise. Richards and
Frankland [195] describe a similar trade-off in human memory
between specificity and generalisation. Unlike humans, who
integrate emotional salience, utility and relevance when
encoding and remembering information, symbolic Al systems
require explicit programming for these features, while neural
networks can learn them through training. Memory systems
must balance retention with adaptability and context sensitivity.
Al systems are beginning to achieve similar flexibility through
architectural and training innovations [196]. Understanding both
human and machine approaches to memory can help us to
design systems that combine their respective strengths and
mitigate their limitations. For instance, Al can benefit from
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implementing variable forgetting rates based on information
utility rather than processing all data equally [197] (see, e.g.,
Lavoie-Hudon et al. [198]).

6.6 | Reasoning, Problem Solving and Decision-
Making

Despite being often used interchangeably, problem solving and
decision-making represent distinct yet closely connected cog-
nitive processes. Decision-making involves evaluating and
selecting, under uncertainty, among alternatives. These alter-
natives can be relatively static and independent choices
[199-201] or dynamic and interconnected options [202].
Decision-making can be broadly categorised into three in-
terrelated types, each presenting distinct challenges for both
humans and Al, such as classification decisions, judgement
decisions and dynamic decision-making (which, in turn, can be
divided into fast, time-pressured decision-making and complex
decisions based on elaborate reasoning).

Problem solving involves identifying discrepancies between
current and desired states and then generating strategies to
bridge this gap [203]. A relevant framework for understanding
problem-solving processes is the distinction between compli-
cated and complex problems [204, 205]. Complicated problems
contain many components but follow predictable patterns and
are governed by fixed rules. However, complex problems involve
numerous interconnected variables, unpredictability, in-
terdependencies and multiple potentially conflicting goals [206].

As a cognitive process, reasoning involves drawing inferences
from available information. In cognitive science, reasoning is
often categorised into three types: deductive (applying general
rules to specific instances), inductive (deriving general principles
from specific observations) and abductive (forming the most
likely explanation from incomplete information). These rea-
soning processes underpin problem-solving and decision-making
activities [111]. These processes are also affected by constraints
such as time pressure, uncertainty and cognitive load, which
influence whether individuals rely on deliberate reasoning or
fast, heuristic-based thinking [207].

Classical AI research addressed problem solving and decision-
making via distinct approaches, each with different architectural
foundations and application domains. Early symbolic AI, such as
Newell and Simon’s General Problem Solver [82], focused on
general-purpose problem solving by systematically exploring
possible solutions and progressively reducing the gap between
the current state and the desired goal. These systems targeted
well-defined domains such as mathematical puzzles and strategic
games by representing problems as structured sequences of steps
with explicit rules for moving from one state to another [73].
Later AI research shifted towards domain-specific decision
support through rule-based expert systems. These expert systems
provide support to human decision-making by encoding domain
knowledge from human experts into explicit rules to recommend
actions under uncertainty.

AI has reached and even surpassed human performance on
a wide range of cognitive tasks that require advanced thinking
and reasoning. Chess, once the gold standard for measuring Al
capability, is now dominated by AI [208]. Al systems master
strategic thinking in games like Go, making moves that even

human experts could not predict [143] and succeed even in
games like Diplomacy, which involves negotiation [209]. Simi-
larly, the AI system Pluribus defeated professional poker players
in six-player no-limit Texas Hold’em, which demonstrates the
ability to make decisions under uncertainty [210]. Another Al
system, AlphaStar, reached the grandmaster level in the game
StarCraft II, outperforming 99.8% of human players in this real-
time strategy environment [211]. Hagendorff et al. [212] have
shown that advanced LLMs can even outperform humans on
cognitive reflection tests designed to elicit human reasoning
errors [213]. In professional domains, AI models have achieved
passing-level performance or high scores on licencing-style and
qualification assessments, such as the Uniform Bar Examination,
where GPT-4 scored well above passing thresholds across all
components [214].

These AI accomplishments largely reflect performance in
structured problem spaces, where success depends on fast pat-
tern recognition and data synthesis. These successes often occur
in constrained environments with clear rules, not in open-ended,
ill-structured domains requiring contextual adaptation. Al-
though models like GPT-4 show impressive results on reasoning
benchmarks, some researchers argue that their inferences rely on
pattern matching across training sets rather than true causal or
analogical reasoning [215], although this interpretation remains
a matter of debate. The distinction between complicated and
complex problems may partly explain why AI systems show
superior performance in chess, Go and professional exams yet
face difficulties with open-ended scenarios requiring contextual
judgement. Nevertheless, as mentioned, AlphaStar, a deep re-
inforcement learning system, can handle dynamic and relatively
complex decision-making, as demonstrated by its performance in
StarCraft II. It is important to note that LLMs were not explicitly
designed for problem solving or decision-making. While they
demonstrate capabilities on various benchmarks, such perfor-
mance stems from emergent properties of language modelling
rather than architectures built for reasoning [26, 27, 215].

One key distinction in how AI and human systems approach
problem solving is that Al has the computational capacity to deal
with very large datasets. In contrast, due to their limited capacity,
humans are likely to restructure problem spaces to find efficient,
though suboptimal, solutions. This is in line with Simon’s 1955
concept of satisficing, where decision-makers produce ‘good
enough’ solutions rather than optimal ones, given constraints in
time and cognitive resources [216] (see also Goodrich et al.
[217]). Even AI systems, despite their ability to process large
datasets, face practical real-world constraints (such as processing
time, energy costs, response latency) that make computational
efficiency valuable. Hélie and Pizlo [218] suggest that AI can
benefit from incorporating human-like heuristics to improve
real-time decision-making (see also Gigerenzer [219]). Research
on models that account for cognitive and computational costs
shows that simple heuristics can achieve near-optimal outcomes
when operating under constraints such as limited time, memory
or processing capacity [220, 221]. This body of research suggests
that computationally simple heuristics may sometimes out-
perform complex optimisation algorithms in conditions char-
acterised by uncertainty and limited resources [222, 223].

However, heuristics can also introduce biases that are potentially
detrimental to reasoning [224]. Evidence suggests that Al
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systems, like humans, are subject to cognitive biases that can
impact problem solving and decision-making [225]. Research
indicates that LLMs can reproduce human-like errors when
making judgements based on anchoring, availability or confir-
mation cues [226]. For instance, Nguyen found that LLMs, in-
cluding GPT-4 and Claude, exhibit anchoring bias, that is, the
tendency to rely heavily on initial information when making
judgements. When asked to make financial forecasts, these AI
systems produced significantly different predictions based on
whether they were first exposed to high or low numerical values,
which is a well-documented bias in human decision-making.
Attempts to mitigate this bias through explicit instructions or
structured reasoning prompts showed limited success. These
parallels suggest that the tendency towards cognitive biases may
arise not only from biological constraints but also from the ar-
chitecture of learning systems more broadly.

7 | Reframing Expectations: Misconceptions
About AI and Human Cognition

Public opinion of AI oscillates between overestimating its ca-
pabilities and underestimating its possibilities, which results in
both inflated expectations and dismissive criticisms. To address
misconceptions, we organise our analysis around three inter-
connected themes. First, we examine whether Al systems truly
understand language and concepts or merely identify statistical
patterns. We re-examine the ‘stochastic parrot’ critique and
explore the nature of logical reasoning in both human and ar-
tificial systems. Second, we review evidence of shared cognitive
vulnerabilities. We show that both humans and AI make errors
and exhibit biases across multiple cognitive processes, albeit with
different manifestations and consequences. Third, we investigate
the questions of transparency and agency, which include opacity,
free will and creativity. Neither human nor artificial systems
operate with the complete transparency or independence often
assumed. Table 2 provides a summary of the key comparisons
reviewed in this section.

7.1 | Is Generative AI Merely a ‘Stochastic Parrot’?

Computer scientist Emily Bender (see Bender et al. [10]) suggests
that GenAI produces statistically likely outputs based on its
training data rather than understanding or reasoning. According
to this view, Al does not understand anything; it can only mimic
human language superficially without any comprehension or
insight. However, this critique is perhaps overly reductive. The
key question is whether statistical pattern matching necessarily
precludes understanding, or whether understanding itself might
emerge from pattern-based processing. GenAl systems do not
merely repeat phrases they have encountered; they synthesise
new responses by recombining large amounts of information in
novel ways. The ability to generalise from data and generate
appropriate responses to unseen prompts suggests a level of
abstraction that exceeds simple parroting. Humans can typically
produce recursive syntactic constructions (such as nested relative
clauses) without explicit awareness of the underlying gram-
matical rules [227]. Similarly, GenAl systems can generate re-
cursive linguistic structures by relying on statistical regularities
acquired through training. One can argue that, in both cases,
recursion emerges from implicit, pattern-based processing rather
than from explicit symbolic computation [228].

GenAl systems exhibit several capabilities that challenge the
‘stochastic parrot’ characterisation. Contextual understanding
can be ascribed to their ability to maintain awareness across
conversations, adapting responses based on dialogue history and
user intent, enabling them to follow conversational logic and
provide contextually appropriate answers. Beyond this, their
analytical output capabilities allow them to generate solutions,
analyse various forms of information and provide insights, from
creating stories to generating and debugging code. Although
these abilities are grounded in pattern recognition, they show-
case the production of new and useful outputs. Furthermore,
larger and more complex models exhibit emergent capabilities
that were not explicitly programmed, such as performing
arithmetic or following logical steps, hinting at forms of rea-
soning that developed organically from model training and data
exposure rather than direct coding [214].

Critiques of Al as a ‘stochastic parrot’, such as those by Thierry
[229], typically rely on the argument that these systems lack true
understanding or intent. Thierry argues that AI merely ‘mas-
querades as minds’ and generates superficially coherent lan-
guage without awareness, meaning or goals. These critiques may
serve as a safeguard against uncritical anthropomorphism.
However, they often rest on an implicitly dualistic conception of
human cognition: one in which thought is guided by an internal,
quasispiritual core capable of transcending statistical associa-
tions [230]. This perspective resonates with long-standing efforts
in cognitive science to ‘banish the homunculus’, that is, the
metaphorical inner agent invoked to explain intention, control or
understanding. As Verbruggen et al. [231] argue, appeals to
internal controllers in models of behaviour often mask rather
than solve theoretical problems; they can be replaced by more
mechanistic, distributed accounts of action control. Similarly,
Hazy et al. [232] proposed a biologically plausible framework for
working memory and cognitive control that operates through
interactive neural dynamics within prefrontal and basal ganglia
circuits. These models show that cognitive functions such as
memory and decision-making can be achieved without invoking
a central executive controller. This challenges critiques that
position human intelligence as categorically distinct from the
distributed inference systems of modern AI. These arguments
echo Margolis’ [233] philosophical rejection of explanatory re-
gress in so-called mentalist models and reinforce that neither
biological intelligence nor AI depends on a metaphorical ho-
munculus to be meaningful.

Theories of the ‘Bayesian brain’ (e.g., Knill and Pouget [12])
further challenge the assumption that human understanding is
categorically distinct from statistical inference. In this frame-
work, the human mind operates as a predictive inference engine
that constantly generates and updates hypotheses about the
world based on sensory feedback. Chater and Oaksford [11]
similarly describe human cognition as a form of Bayesian
sampling that relies on heuristics and approximations rather
than optimal logical solutions. Even highly specialised human
abilities, such as face recognition, illustrate this pattern-
matching tendency. Thierry et al. [234] showed that neural re-
sponses associated with face perception are not exclusive to
human faces; similar activation patterns occur when people view
cars, door handles or other stimuli that share configural prop-
erties with faces. These findings support the argument that
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human brains, like Al systems, may operate as adaptive pattern
recognisers.

Dennett [13, 14] has argued that cognition does not require an
internal self that ‘understands’ in a conscious, deliberative sense;
rather, intelligence and agency emerge from the interaction of
simple components under appropriate constraints. Baars [235]
similarly critiques the persistent mind-body dualism in in-
terpretations of cognitive processes and calls for a more in-
tegrated, mechanistic account of the mind [236]. Current AI
systems do not exhibit embodied experience, self-reflective
consciousness, intrinsic motivation and autonomous goal for-
mation. However, drawing a strict line between human and
artificial cognition based on criteria themselves undermined by
findings in neuroscience and psychology represents a missed
opportunity for a comparative understanding of biological and
artificial minds. Seth [237] argues that the true artificial con-
sciousness is unlikely under computational AI paradigms.
Consciousness, they contend, stems from our biological nature,
although it becomes more plausible only if machines grow in-
creasingly brain-like or life-like. Such a shift would also bring
profound ethical challenges (see also Mahowald et al. [26]).

7.2 | Is AI Capable of Deductive Logic?

Felin and Holweg [238] argue that human reasoning is uniquely
forward-looking, fundamentally theory-driven and causal and
built for abstraction, counterfactual reasoning and deep sense-
making [239, 240]. They suggest that AI, being data-driven
(unless knowledge-based rules are coded and implemented by
humans) and statistical, cannot replicate human-like reasoning
[59]. However, this position is challenged by Chater [241], who
argues that human cognition itself operates through shallow
statistical processing similar to modern AI systems. He also
argues that human cognition operates reactively and constructs
rationalisations. This view is in line with the concept of bounded
rationality [216, 242], which suggests that human reasoning is
constrained by cognitive limitations, incomplete information and
time pressure, leading individuals to rely on heuristics rather
than purely rational computation [243, 244]. According to the
Bayesian sampler hypothesis, humans do not store complete
probability distributions but instead sample from past experi-
ences to approximate probabilistic reasoning [245].

Deductive reasoning is the process of deriving specific conclusions
from general premises through formal logical rules and has long
been central to logical thinking [246]. From Aristotelian syllogisms
to contemporary computational systems, deductive reasoning re-
mains essential to developing structured arguments. Syllogisms il-
lustrate this approach through their characteristic two-premise
structure that leads to a conclusion, with specific logical forms (e.g.,
‘all A are B’, ‘some A are B’) providing a systematic framework for
analysis [247]. Yet human deductive reasoning frequently deviates
from formal logic due to cognitive biases and heuristics. For in-
stance, when presented with ‘no police dogs are vicious; some highly
trained dogs are vicious; therefore, some highly trained dogs are not
police dogs’, most people reject this valid conclusion because it
conflicts with their beliefs about police dogs [248]. Confirmation
bias adds to these errors, as people tend to seek evidence that
supports their preferred conclusions [249].

Oaksford and Chater [250] suggest that humans often prefer
inductive reasoning and probabilistic approaches when dealing

with uncertain information rather than strictly adhering to de-
ductive logic (see also Holland [251]). This shift towards prob-
abilistic reasoning reflects a natural inclination to deal with
uncertainty, which aligns with the Bayesian framework of hu-
man cognition [252]. Many real-world problems require a com-
bination of deductive, inductive and abductive reasoning rather
than pure deduction alone. Humans typically integrate contex-
tual cues, prior beliefs and background knowledge in their
reasoning processes by generating general rules from specific
observations (inductive), applying general principles to specific
cases (deductive) and forming the best explanations from in-
complete data (abductive). This integration makes human rea-
soning flexible but also prone to logical inaccuracies [253]. Al
systems can perform reasonably well across this spectrum of
reasoning by generalising from patterns observed in large
datasets.

GenAl is assumed to be unable to perform the rule-based reasoning
that underpins deductive logic. According to some researchers,
because GenAlI depends on probabilistic patterns instead of ex-
plicitly applying deductive rules [254], it cannot fully engage in
formal logical reasoning (see Ref. [255]). However, a number of
documented outcomes of GenAl seem to challenge this notion. For
example, LLMs like GPT-4 have shown emergent deductive ca-
pabilities by leveraging their extensive training on linguistic data.
Classic syllogisms can be resolved by GenAl, not through formal
logical computation but rather from patterns derived from linguistic
data that inherently reflect logical structures. Even though the
underlying mechanism is probabilistic (relying on the likelihood of
words and phrases co-occurring), the result is often logically sound
because language and reasoning are tightly intertwined [227, 256].
This approach allows GenAl to handle tasks that involve deductive-
like processes, especially in familiar, well-documented domains
[257]. Nevertheless, as Cheng et al. [258] observe, LLMs are un-
reliable when constructing unseen logical structures. In a series of
experiments, Jiang et al. [259] reveal limitations in how LLMs
process logical problems. For instance, when presented with the
classic ‘Linda problem’ (a well-known conjunction fallacy test),
GPT-4 correctly identified that the probability of Linda being a bank
teller must be higher than her being both a bank teller and
a feminist. However, when researchers changed ‘Linda’ to ‘Bob’
while preserving an identical logical structure, performance drop-
ped significantly (see also [260]).

Despite these shortcomings in current LLMs, emerging innovations
in AI architecture design offer pathways for improving logical
reasoning capabilities. By explicitly integrating logical rule-based
structures into neural network frameworks, researchers are de-
veloping approaches that may overcome the pattern-matching
limitations of current systems [261]. For instance, the dual-agent
framework proposed by Du et al. [262] shows the potential for LLMs
to refine their deductive reasoning capabilities. This setup involves
collaborative agents—one acting as a questioner and the other as an
answerer—working together to navigate logical tasks like the 20-
question’ game (see also Liang et al. [263]).

7.3 | Are Humans Rational, Fully Self-Aware and
Unbiased?

Human understanding of the rationale behind our own decisions
is often far more limited and ambiguous than we might like to
admit. The idea that humans possess perfect self-awareness and

14 of 29

Human Behavior and Emerging Technologies, 2026

85UB0| SUOLULLOD BAIER1D 3|eotidde U3 Aq pauieAob 8.2 S3o1Le WO 88N JO SBINI 104 ATiq I BUIIUO AB|IM UIO (SUORIPUOD-PUB-SLLLBYWO"AB| 1M ARe.1q]1 U 1|UO//SHIY) SUORIPUOD PUE S L 8U3 89S *[9202/60/0T] U0 ARIgIT8UIUO A81IM * Bi1USeaUeT JO AISIBAIUN - SUDIeaIUNWLLOD ALRI0UIS AQ E7TOY66/2eaU/SSTT OT/I0p/wod" A3 1M ARelqjeul|uo//sdiy Wwouj pepeojumod ‘T 9202 ‘Bay



rationality is largely a myth [264]. Human metacognition, the
ability to monitor and evaluate one’s own thought and cognitive
processes, reveals miscalibrations when subjected to empirical
investigation (e.g., Rousseau et al. [265]). Empirical work has
documented substantial gaps between what people believe about
their cognitive abilities and their actual performance [266].

As previously discussed, psychological research has consistently
shown that people often make decisions based on intuition or
unconscious biases and only then try to rationalise them with logical
explanations (e.g., Dennett [267]; Haidt [268]). There is ample ev-
idence that individuals who do not possess expert knowledge and
skills in a particular domain overestimate their abilities [269, 270].
Moreover, the concept of choice blindness suggests that decision-
making is not always guided by stable, deeply held preferences but is
instead malleable and context-dependent [138]. This metacognitive
unreliability extends beyond inaccurate self-assessment of knowl-
edge and skills to the very processes of decision-making and
preference formation. Research on constructed preferences [271]
and unconscious influences on choice and forecasting [272, 273]
collectively suggests that individuals are frequently unaware of the
factors shaping their decisions. Even though people make decisions
based on complex cognitive processes, they may fail to articulate
their reasoning for that decision [274]. Although humans may be
more self-aware than Al can be, they often cannot fully explain their
decisions.

The capacity to self-reflect, that is, to monitor, evaluate and revise
one’s own mental processes, is deemed by many researchers to be
central to learning, decision-making and self-regulation
[275, 276]. Humans engage in reflective processes to assess
confidence and error as well as to revise their goals, question
assumptions and gain insight, processes linked to notions of
autonomy and responsibility. Al systems are beginning to exhibit
elementary forms of metacognition, such as revising their own
responses to improve coherence [277]. Such models can evaluate
their outputs and then regenerate improved answers. Related
research on system introspection explores how a model can
generate a textual representation of an input (e.g., an image
caption) and uses that description to regenerate the original
stimulus; high fidelity between the two suggests an internally
coherent representation rather than superficial pattern match-
ing. Early instantiations of this caption-regeneration loop appear
in agentic AI [278] and in techniques that train models to predict
their own responses [277] as a form of computational meta-
cognition. These developments raise important questions about
whether machines can possess reflective cognition without
consciousness.

7.4 | If to Err Is Human, What Does It Mean That
Al Errs Too?

Humans are susceptible to visual, auditory and cognitive illu-
sions whereby our perception is systematically misled by specific
patterns or contextual cues [279, 280]. These perceptual distor-
tions reveal limitations in human sensory processing and suggest
that our cognitive system interprets information based on pre-
dictive models, expectations and prior knowledge rather than
simply registering direct sensory data [281]. Visual illusions like
the Miiller-Lyer or Ebbinghaus effects expose how our visual
system applies unconscious inferences to make sense of am-
biguous stimuli [282], while auditory illusions such as the

Shepard tone and phonemic restoration effect similarly highlight
how our auditory processing tends to (re)construct coherent
perceptions from incomplete information [283, 284]. These
perceptual anomalies highlight that human perception is not an
exact recording of reality but rather an active, interpretive
process shaped by cognitive and neural constraints [141].
However, these errors often serve a functional role in human
cognition, acting as feedback for the learning and recalibration of
mental models [285].

Al systems are also vulnerable to inputs that can mislead their
classification and inference process [286]. For example, small, often
unnoticeable changes to an image can cause artificial vision to
misidentify it entirely, a similarity to human perceptual illusions in
outcome rather than mechanism [128]. Al will often make errors
based on the limitations of its training data that reflect represen-
tational and statistical sensitivities. This is similar to how human
decisions are influenced by past experiences and learnt information.
If biased, incomplete or adversarially modified (or selected; so-called
naturally adversarial) data are used for training, Al models and their
predictions will reflect these problems. AI models can be manip-
ulated by deliberate changes to input data that cause Al to make
incorrect predictions. This is comparable to how humans can be
deceived by illusions or manipulated by misinformation [287]. Al
also exhibits intrinsic algorithmic limitations due to constraints
defined by its underlying computational and training approaches
(see Hooker [288]). Modern AI systems still show vulnerability
when confronted with new operational domains or scenarios that
significantly diverge from what they were initially trained on (e.g.,
Hendrycks et al. [289]). This phenomenon parallels human cog-
nitive biases, where both AI and humans fail to adapt when faced
with unfamiliar problems requiring substantial transfer of
learning [79].

Acknowledging that both AT and humans can err (often similar in
observable ways) supports the idea that error making is a feature of
complex adaptive systems rather than a flaw exclusive to artificial
models. Despite shared tendencies for error, human and Al errors
differ in their systemic nature. Human errors tend to be clustered,
state-dependent and context-sensitive, affected by factors such as
fatigue, stress and task difficulty [279, 290]. These patterns are often
domain-specific, such as making multiple errors in similar medical
procedures, or condition-specific, such as making more errors when
fatigued [291]. In contrast, Al often does not exhibit human-like
clustering or metacognitive expressions of uncertainty, which can
make failures appear unpredictably distributed from a human
perspective rather than truly random. AI errors can also be dif-
ferentiated from human errors by their uniformity and scale [279].
Empirical work further shows that Al systems tend to make highly
similar mistakes to one another, whereas human errors are more
heterogeneous across individuals [292]. When an AI system makes
an error, that same error is replicated across every instance of the
system, potentially affecting millions of decisions at once [293].

7.5 | Is Free Will Uniquely Human, or Is It an
Illusion?

Some researchers suggest that human thoughts and decisions are
profoundly influenced by deterministic factors (biological, social
and environmental) that shape behaviours beyond conscious
awareness [294, 295]. For example, genetics, cultural background
and cognitive biases have been shown to drive much of our
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thinking and decision-making, often without us realising their
influence (e.g., Béchard et al. [296]). Empirical work on the
timing of conscious intention, such as Libet’s classic yet con-
troversial experiments, has been argued to suggest that the
feeling of making a decision is a post hoc narrative constructed to
make sense of processes already in motion [297] (see also
Matsuhashi and Hallett [298]).

Sapolsky [135] extends this view, arguing that the sense of agency
is an illusion essential for social cohesion. In his view, self-
awareness is less of a cognitive capacity and more of a self-
generated story designed to make sense of our behaviour and
social interactions [299]. From this perspective, many human
behaviours and choices may be adaptive responses to environ-
mental stimuli akin to advanced AI pattern recognition.
Kotchoubey [300] adds to this perspective by framing con-
sciousness as an emergent property of adaptive behaviour. He
describes consciousness as a ‘mental space’ for simulating po-
tential actions and anticipation. This anticipatory capacity could
be argued to resemble advanced AI systems, which simulate
potential outcomes based on learnt patterns without genuine
intentionality. Brass et al. [301] refine discussions on free will by
challenging overly deterministic interpretations of neural and
cognitive processes. They argue that unconscious neural activity
does not preclude free will. Their research posits that conscious
intentions establish parameters for decision-making processes
and facilitate the inhibition of undesired behavioural responses.
Mudrik et al. [302] propose that free will operates along
a spectrum rather than as a binary construct.

Research on artificial consciousness and the Theory of Mind
(ToM) in AI extends these questions about the nature of agency
and free will [303, 304]. ToM, defined as the ability to attribute
mental states to oneself and others [305], can serve as a con-
ceptual framework for analysing the capacity of Al systems to
predict and interact with human behavioural patterns. Farisco
et al. [306] argue that while human-like consciousness remains
unattainable for AI, alternative forms of consciousness-like
processing adapted to Al architectures are theoretically possi-
ble [307]. This possibility calls for a reassessment of traditional
notions of autonomy and raises philosophical and ethical
questions [308]. Philosophers and researchers now explore
whether AI systems capable of exhibiting alternative forms of
consciousness might redefine the boundaries of autonomy and
agency in relation to free will (see Bayne et al. [95]).

These developments have implications for the debate about free
will. If alternative forms of agency can emerge in artificial sys-
tems through learnt goals and adaptive behaviour [309, 310], this
challenges the view that free will requires biological embodiment
and phenomenal consciousness [311]. Moreover, if both human
and artificial decisions emerge from accumulated patterns rather
than unconstrained choice, natural and artificial agency may
differ in degree rather than in nature [312]. This convergence
suggests that free will, whether in humans or machines, may be
better understood as context-dependent autonomy within learnt
constraints rather than absolute freedom of choice.

7.6 | Is AI Capable of Creativity

Despite decades of research, the cognitive and neurobiological
mechanisms underlying creative thought have remained largely
underspecified, with traditional cognitive approaches failing to

capture the spontaneous nature of creativity [313]. Creativity is
often romanticised as a uniquely human capacity, yet recent
developments in AI challenge this assumption. At its core,
creativity involves generating novel and valuable ideas or arti-
facts, but the definition of what constitutes novelty remains
contested. Humans generate ‘new’ ideas by recombining patterns
from a large corpus of data, much of which comes from their
experiences, education and interactions with the world (see
Fauconnier and Turner [314]). According to Fauconnier and
Turner, creativity emerges when we combine elements from
different mental spaces or knowledge domains. Both humans
and Al rely on prior knowledge and experiences (or training data,
in the case of AI) to develop new ideas or solutions (see Leach
[315]). The ability of AI to recombine data can produce outputs
that seem novel because it identifies relationships within the data
that might not be immediately obvious to humans [316].

The mechanisms that enable recombination involve both asso-
ciative and combinatorial processes. At the associative level,
human cognition relies on both common associations between
high-frequency, closely linked concepts and remote associations,
which require bridging distantly related ideas. Classic associative
network models (e.g., Mednick’s associative theory [317]) pro-
pose that creative and flexible cognition emerges from the ability
to traverse conceptual space at varying distances [318]. AI sys-
tems show analogous behaviour: Transformer-based architec-
tures encode dense manifolds where semantic proximity arises
from statistical co-occurrence, enabling both local prediction and
remote associative leaps (e.g., analogy generation, metaphor
synthesis) [228]. Additionally, human thought frequently oper-
ates through combinatorial processes, where elements are re-
cursively recombined into higher-order structures, as seen in
conceptual blending [314], mental model construction and
language syntax. Contemporary AI mechanisms such as chain-
of-thought prompting [134] and compositional generalisation
[228] emulate the aspects of combinatorial processing. These
parallels suggest that abstraction and flexible recombination
(once seen as uniquely human) may arise in any system that
learns distributed representations under sufficient variation
and scale.

Although we may feel capable of creating entirely new concepts,
neuroscience research reveals that creativity involves dynamic
integration between the brain networks responsible for memory
and sensory processing [319]. These findings suggest that crea-
tive insights emerge from the novel combinations of existing
knowledge. Groundbreaking ideas like democracy or abstract art
could be seen as extensions or adaptations of existing principles,
perspectives and observations rather than entirely new con-
structs [320]. Cultural [321] and linguistic [322] contexts shape
our thinking and imagination, setting a frame for what we
perceive as ‘new’ ideas [323]. This phenomenon is often termed
an ‘{llusion of novelty’: While our ideas feel innovative to us, they
remain fundamentally tied to pre-existing culture and cognition.

The capacity to take risks is often cited as a specific human
creative trait that pushes beyond established boundaries in
search of the unknown. Innovation is conceived as involving
risk-taking and exploration [98]. A musician might experiment
with unconventional sounds that defy traditional genres. This
willingness to take creative risks can lead to unexpected out-
comes. However, the assertion that AI cannot take creative risks
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by generating outputs based on probabilities is debatable [324].
GenAl has been shown to outperform humans in divergent
thinking, a skill associated with creativity [99]. The use of
techniques that mimic risk-taking and divergent thinking can
produce creative outputs, often indistinguishable from or pre-
ferred over human-created art [325], but only when human
evaluators are not told whether the creator is human or artificial
[326]. Research also shows that AI systems can be tuned for
novelty via functionalities that optimise for originality [327, 328].
However, human creativity is guided by the ‘why’ question and
shaped by emotional and social considerations [98]. Whether
creating art to evoke emotions or developing solutions to address
societal issues, humans innovate with a sense of purpose that AI
cannot (yet) replicate. From a cognitive perspective, it seems we
approach creativity by planning, revising and reflecting. We set
goals, question assumptions and change direction based on our
evolving understanding and desires. Al can simulate goal-
directed behaviour through prompts; however, it does not
have the reflective capacity that guides human creativity [329].

7.7 | Are Human Decisions Fully Transparent?

There is a quest for transparency in AI models on which rec-
ommendations and automated actions are based. There is
pressure on industries and governments to find solutions and set
regulations to ensure that Al decision paths are understandable,
particularly in complex fields like medical diagnostics and fi-
nance [330]. A critical challenge in AI development concerns
balancing the need for high predictive accuracy with the demand
for transparency and understandability [331]. Both explainable
AT (XAI) and interpretable Al seek to improve transparency
through different approaches. The goal of interpretable Al is to
develop inherently understandable models, such as decision
trees in medicine [332]. In contrast, XAI focuses on post hoc
explanations for ‘black box’ models, such as generating heatmaps
to highlight the most influential regions in an Al-assisted
medical diagnosis.

The expectation for Al to be both accurate and explainable in-
troduces a necessary trade-off. Researchers have extensively
documented this ‘interpretability-accuracy trade-off’. The key
observation is that more interpretable models (e.g., decision
trees) generally achieve lower predictive accuracy [333], while
more accurate systems (e.g., DNN with millions of parameters)
remain opaque [334]. Al is often held to a higher standard of
transparency than human decision-makers, who regularly em-
ploy tacit knowledge and intuition without explicit explanations
[335, 336]. Raz et al. [337] describe this as a transparency double
standard; while AI systems receive criticism for their opacity,
humans operate within institutional and social frameworks that
provide post hoc justifications rather than real-time explana-
tions. Human decision-making also suffers from what Rozenblit
and Keil [338] termed ‘the illusion of explanatory depth’: We tend
to overestimate our understanding of complex phenomena [339].

XAI promises to make complex models understandable to
humans; however, as AI models grow more sophisticated, the
very nature of their complexity often surpasses human capacity
to grasp those models fully [331]. Liao and Vaughan [339] argue
that as AT models become more complex, transparency efforts fail
to enhance human comprehension. There is ample evidence that
in the case of complex problems, not just complicated problems

[203], Al-based decision support systems act more like a cogni-
tive prosthesis to human cognition [340]. The calls for trans-
parent Al create a paradox because, in many situations, Al can
(and will be expected to) solve problems that are too complex for
the human brain [341]. DL models produce outputs based on
layers of interactions and feature abstractions that are beyond
human comprehension [80].

XAI and interpretable AI approaches run into the complexity-
comprehension paradox [342]. For interpretable Al, this paradox
expresses the need to simplify models to make them compre-
hensible; however, this simplification inevitably means sacri-
ficing the ability to capture complex relationships. A simple
scoring system for loan decisions might be perfectly interpretable
but misses patterns in financial behaviour that a more complex
model could detect (e.g., Baesens et al. [343]). When explaining
complex models, XAI methods provide simplified explanations
mainly through data visualisation [344]. Even with tools like
SHAP [345, 346] and LIME [347], humans can only partially
understand the reasoning behind AI predictions and decisions
[331, 348]. These methods might reduce complex models to
surface-level explanations.

Oversimplification can give a misleading sense of transparency,
where users feel they understand how AI operates without
understanding the underlying depth. This can lead to over-
confidence in some users and mistrust in others [349]. Humans
are often biased when interpreting Al-generated explanations,
especially in ambiguous situations. For instance, confirmation
bias can lead individuals to selectively trust aspects of an output
that match their expectations, potentially overlooking critical
insights or anomalies. Whether we build simplicity from the start
(interpretable AI) or create simplified explanations afterwards
(XAI), we are constrained by the gap between Al capabilities and
human comprehension [350, 351].

8 | The Emergence of (Artificial) Intelligence

The argument that human intelligence significantly advanced
with the development of language [68] is in line with the idea that
language is a critical tool for shaping cognitive abilities [352]. If
we applied this perspective to AI and LLMs, it may suggest
a parallel: Just as language catalysed the development of human
intelligence and cognition, LLMs might act as a catalyst for
further developing machine intelligence. Pinker [353] and other
cognitive scientists suggest that language is not just a by-product
of intelligence but a driving force behind cognitive evolution (see
Lupyan [354]) and that language can be seen as a cognitive tool
[355].

Language allows humans to express thoughts, share information
and collaborate in ways that would not be possible without
a common communication medium. However, human language
acquisition is deeply tied to embodied sensorimotor experience,
through which words acquire meaning in perception and action
[356, 357]. Language enables abstract thinking, the formation of
social structures and the accumulation of knowledge. To some
extent, it also shapes how we think [358]. For example, different
languages emphasise different aspects of the world (time, space,
emotions) and thus exert a significant influence on how speakers
perceive and reason about these concepts. Human intelligence
evolved in a social context, and language was key to facilitating
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cooperation, teaching and coordination within groups. If we
draw an analogy to LLMs, one could argue that something akin to
human cognition is emerging in GenAl because of the ability to
process, generate and manipulate language on a large scale.

LLMs are trained on large datasets of human language that
encompass centuries of accumulated knowledge. This massive
linguistic exposure allows them to form networks of associations
between concepts, which parallels how humans build and
transmit understanding through language. Beyond language as
a knowledge base, there seems to be an emergence of new
abilities. LLMs exhibit capabilities that were not explicitly coded
in a similar fashion to how language enabled humans to reason
abstractly. These emergent capabilities seem to appear only after
models reach certain thresholds of scale and complexity. Mul-
timodal models that combine vision, audio and language may
further support such emergent behaviours by adding perceptual
grounding to textual learning (see, e.g., [359, 360]).

In both humans and Al, interaction and social communication
through language are deemed critical in developing intelligence. In
the case of Al, interactions with human users and other Al agents, as
well as feedback loops and continuous learning, help refine its
capabilities. The iterative process of refining models based on
language data parallels the feedback humans receive through
communication. Human intelligence also evolved in a social con-
text, and similarly, LLMs can improve because of their ability to
interact with multiple forms of communication. As these systems
become embedded in education, healthcare and business envi-
ronments through interfaces ranging from chat platforms to APIs,
they increasingly participate in collaborative problem solving. As
human intelligence thrives through collaboration facilitated by
language, LLMs may enhance collective problem-solving abilities,
particularly when embedded in collaborative platforms or teams
(albeit multiagent or human-agent teams).

Whether AI could evolve like human intelligence is more
speculative, but some parallels exist between human cognitive
development through language and the growing complexity of
LLMs. Language has been fundamental to human cognitive
evolution, and LLMs are finding a viable pathway for AGI de-
velopment (see, e.g., Xu and Poo [361]). However, limitations
persist in areas such as causal reasoning and planning [30]. This
perspective is complemented by LeCun [67], who argues that
language processing alone is insufficient for developing in-
telligent systems and advocates for so-called ‘world models’ that
learn from visual and spatial data to understand physical reality
and causal relationships. He also indicates that current LLMs
cannot retain and apply learnt information contextually across
interactions (but see Yax et al. [8]).

Expanding this critique, several researchers argue that in-
telligence cannot be fully understood or replicated without
considering the dynamic interplay between agents and their
environments. For instance, Pedreschi et al. [68] suggest that
intelligent behaviour would emerge from coevolutionary feed-
back loops between humans and ML systems. Rather than
evolving separately, Al systems and their users mutually influ-
ence each other over time, shaping collective behaviour and
potentially giving rise to unintended systemic outcomes. This
view supports the notion that language, though central to human
cognitive development, is embedded in broader architectures
shaped by embodied interaction and social cooperation.

Therefore, efforts to build synthetic intelligence must go beyond
language and include sensorimotor feedback [356, 362] and
motivational systems [66, 363] that mirror the integrative
complexity of the human mind.

These limitations are consistent with perspectives from embodied
cognition, which emphasise that cognitive processes emerge from
the continuous coupling between perception, action and environ-
ment rather than from disembodied symbolic or statistical ma-
nipulation. Recent work on morphological computation provides
a mechanistic account of this claim by showing how physical
morphology itself performs computational work that supports and
constrains sensing, control and learning across multiple levels of
organisation [364]. In biological systems, and increasingly in ro-
botics, body morphology functions as a bridge between the envi-
ronment and internal control systems, effectively offloading part of
the computational burden to physical dynamics, material properties
and situated interaction with the world [365]. While the broader
theoretical claims of embodied cognition remain debated [366], the
practical implications for AI development are clear: Progress to-
wards more human-like artificial cognition requires not only
learning from multiple modalities beyond text and static vision but
also embodied interaction. In embodied systems, learning is shaped
by sensorimotor feedback, physical constraints and engagement
with dynamic environments rather than by purely statistical
correlations.

Another avenue for exploring the emergence of intelligence is
artificial life (ALife) simulations. Rather than relying on top-
down engineering, ALife seeks to recreate the ecological and
interactive conditions under which intelligent behaviour might
arise organically. Ramirez-Vizcaya and Froese [367] argue that
these simulations provide a framework for accelerated, open-
ended evolution within computational environments, where
artificial agents gradually develop through self-organisation
processes and interaction. This approach shifts the focus from
preprogrammed architectures to emergent properties that may
arise in multiagent ecosystems. Digital evolution platforms en-
able researchers to conduct experiments that would be in-
tractable in biological systems by compressing thousands of
generations into hours rather than years [368]. These systems
have shown how complex cognitive capabilities can emerge
through evolutionary processes without being explicitly pro-
grammed. Such experiments offer insights into the conditions
necessary for the open-ended evolution of intelligence [369].
However, it is important to avoid anthropomorphising AI; su-
perficial similarities in behaviour or learning patterns do not
guarantee equivalence in understanding, intentionality or con-
scious experience [10, 240]. Such perspectives invite a broader
reconsideration of how synthetic intelligence may unfold when
designed to evolve rather than merely to predict.

9 | Conclusion

Al systems can improve their cognitive capabilities, efficiency
and resilience through human-inspired cognitive mechanisms;
however, Moravec’s paradox is a reminder of disparities between
human and AI capabilities. This principle, first articulated by
robotics researcher Moravec [370], posits that high-level rea-
soning requires relatively little computation from AI systems,
whereas sensorimotor and perceptual tasks demand enormous
computational resources. Tasks that humans find effortless (e.g.,
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recognising objects from different angles or manipulating objects
with accurate movements) prove extraordinarily challenging for
Al systems. Conversely, complex mathematical calculations or
playing chess at the grandmaster level, activities that humans
consider intellectually very demanding, are relatively straight-
forward for AI to master. Buckner [128] argues that this inverse
relationship between human cognitive effort and AI computa-
tional requirements suggests that evolution has heavily tuned our
neural circuitry for sensorimotor tasks, making them appear
simple despite their objective complexity. Orhan and Lake [371]
note that despite advances in DL, sensors and robotics, embodied
Al remains a major challenge that encompasses sensorimotor
skills and contextual understanding (see also Zador et al. [362]).

More broadly, the cognitive parallels documented in this review
illustrate a recurring historical pattern in debates about AI. Al
systems have progressively achieved cognitive functions once
assumed to be uniquely human, such as expert reasoning (e.g.,
grandmaster-level chess), strategic planning under uncertainty
(e.g., Go, poker) and creative production (e.g., visual art, music).
Yet these achievements are frequently dismissed as ‘surface
intelligence’ or mere pattern matching, which prompts new
benchmarks of intelligence for AI to achieve and forces us to
rethink the nature of human intelligence.

The rapid advancement of AI technologies can be deeply un-
comfortable for many people, including researchers, even trig-
gering feelings of being threatened or overwhelmed as machines
appear to surpass human cognitive capacities [58]. Public per-
ceptions of AI are often shaped less by an accurate understanding
of technical capabilities than by social constructions infused with
hopes, fears and cultural narratives [30, 64]. The present analysis
suggests that much of the perceived threat and cycles of rede-
fining benchmarks stem from long-standing overestimations of
human cognitive capabilities. Moving beyond oversimplistic
comparisons reveals a continuum of cognitive capabilities across
human and artificial systems [100] (see also Steyvers et al. [351]).
Both human and artificial systems are adaptive, probabilistic and
shaped by learnt patterns, albeit within distinct constraints:
biological in humans and computational in AI [293].

Even though understanding human cognition can inform Al de-
velopment, we should be cautious about reverse-engineering hu-
man cognitive processes, given their limitations, biases and
vulnerabilities [372]. Instead, the goal should be to understand both
the strengths and weaknesses of human cognition to develop AL
systems that can complement human capabilities. We should ac-
knowledge that human cognition is not fully transparent and is
subject to biases such as the illusion of explanatory depth [338], just
as Al explanations often oversimplify the complexity of underlying
models [331]. Our comparative narrative review has challenged
traditional dichotomies between human and artificial cognition.
The future of intelligence may not be defined by competition be-
tween human and artificial systems, but rather through a collabo-
rative approach, requiring interdisciplinary dialogue between
cognitive science, philosophy, system design and other disciplines of
social and natural sciences.

Acknowledgements

The authors thank Delphine de Hemptinne for her helpful comments on
earlier versions of the manuscript. During manuscript preparation, the

authors used Al-assisted tools (OpenAl ChatGPT-4 and Anthropic
Claude v3) to explore alternative formulations of interpretations and
suggest phrasing options. All outputs from these tools were critically
reviewed, verified and validated by all coauthors, who take full re-
sponsibility for the accuracy, integrity and final form of the manuscript.
The authors also acknowledge the editorial support provided through
Wiley Editing Services, which included two rounds of proofreading,
narrative editing and reference cross-checking.

Funding

This research was supported by the Natural Sciences and Engineering
Research Council of Canada (NSERC) Discovery Grant Program (Grant
No. RGPIN-2022-04852).

Conflicts of Interest

The authors declare no conflicts of interest.

Endnotes

The classification of fictional Al characters such as HAL 9000
(2001: A Space Odyssey), Data (Star Trek: The Next Generation)
and C-3PO (Star Wars) as ANI, AGI or ASI is subject to ongoing
debate among fans and bloggers (see, e.g., Myrow [373]). In-
terpretations often vary depending on factors such as autono-
mous strategic reasoning, emotional processing, learning
flexibility, goal (mis)alignment and the scope of domain expertise
(see Hermann [29], for a discussion of AI in metaphorical
fiction).

2AI silver bullet is a common expression often used by re-
searchers, media writers, bloggers and practitioners to refer to
the unrealistic expectation that AI can solve all problems per-
fectly and effortlessly.
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