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HYBRID EPISTEMOLOGY: EMERGENT KNOWLEDGE
FORMS IN THE AGE OF HUMAN-AI COGNITIVE
INTEGRATION

This article introduces hybrid epistemology as a framework for understanding how
knowledge emerges when humans and Al systems function as cognitive partners. Traditional
philosophy treated knowledge as something individual minds acquire through experience
or reasoning. That view no longer captures contemporary reality. The investigation
examines three critical challenges. How do we evaluate knowledge claims when the
reasoning process involves opaque algorithms? What happens when trust networks replace
traditional methods of justification? How does cognitive responsibility get distributed
across human-machine partnerships? These questions matter because hybrid knowledge
systems now influence medical diagnoses, legal decisions, and policy choices that directly
affect people’s lives.

Keywords: artificial intelligence, epistemology, distributed cognition, extended mind,
epistemic opacity, cognitive agency, human-machine interaction

Problem Statement. Imagine a normal morning in a contemporary medical
facility. Alongside an Al diagnosis system that has examined thousands of identical
photos, the doctor examines X-rays. A small pattern that he might have overlooked
is flagged by the system. His background in clinical practice aids in placing the
discovery in the perspective of the patient’s larger medical background. The
knowledge comes from their cooperation; neither the doctor nor the Al system could
have arrived at the same diagnostic conclusion on their own.

This situation exemplifies a major change in the process of knowledge creation.
Conventional philosophy made the assumption that people’s minds functioned
independently to comprehend the universe. This idea — that knowledge belonged
to individual thinking beings who could clearly distinguish their own thoughts from
external reality — was embodied in Descartes’ well-known «l think, therefore I am»
statement. The knowledge practices of today paint a different picture.

The problem goes beyond simple tool use. When the doctor uses a stethoscope,
he remains the primary knower — the instrument merely amplifies what he can
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perceive. Al systems don’t just amplify human perception. They actively contribute
to the development of novel understandings. The diagnostic algorithm does more
than just process the doctor’s data. Rather, it finds patterns in medical images that
are beyond human perception, producing discoveries that change the way doctors
think about illness.

Why is this important? Because Al systems now have a say in important societal
decisions. University admissions, criminal penalties, and loan approvals are all
influenced by algorithms. Public health interventions, urban planning, and
investment initiatives are all guided by predictive models. Machine learning is being
used more and more in scientific research to find patterns in complicated datasets,
such as those used in climate modeling and genomics. As knowledge arises from
human-AlI collaborations, issues of justice, accountability, and dependability cease
to be theoretical conundrums and instead become pressing practical issues.

Current Research Landscape. Although researchers have taken a variety
of approaches to the relationship between Al and knowledge, the body of extant
research shows notable gaps. The foundation for extended mind theory was
established by Clark and Chalmers. According to their hypothesis, cognitive
processes frequently utilize tools and structures from the environment in addition
to those found inside the brain [1]. Consider how we use GPS to drive or rely
on smartphones to recall phone numbers — these devices become a part of our
cognitive machinery. However, Clark and Chalmers concentrated on passive
instruments like calculators and notebooks. Al systems pose a distinct difficulty.
Instead of merely supporting human thought, machine learning algorithms actively
provide insights that transform entire domains of knowledge, such as when they
identify previously undiscovered astrophysical events or new medicine molecules.

Distributed cognition research looked at how teams address complicated
problems collaboratively. Hutchins demonstrated that navigation aboard navy ships
requires complicated synchronization of persons, instruments, and procedures [2].
No single person has all of the knowledge required for successful navigation.
However, studies on distributed cognition have not effectively addressed Al systems,
which operate as qualitatively distinct cognitive partners similar to human
teammates.

The focus of science and technology studies has been on how technologies
actively influence the creation of knowledge. According to Latour’s actor-network
theory, non-human actors — from written texts to lab equipment — contribute to the
creation of scientific knowledge [3]. To handle Al systems that can surpass human
cognitive abilities in particular domains, these frameworks must be updated. Deeper
epistemological issues were overlooked in recent work on XAI, which addressed
algorithmic opacity’s technical issues. What does it signify for our understanding
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of knowledge itself when an Al system generates accurate predictions using methods
that are difficult for humans to understand? Technical solutions alone are insufficient
to address these philosophical issues.

Fairness and accountability have dominated discussions on Al ethics, but
no formal frameworks for comprehending Al-mediated knowledge have been
developed. Comparably, virtue epistemology has started investigating the application
of conventional intellectual qualities to technological settings; however, this
research needs to be expanded to include hybrid human-Al systems, where cognitive
work is divided among various agent kinds.

Article Objectives. As a paradigm for comprehending knowledge that arises
from human-Al cognitive partnerships, this approach develops hybrid epistemology.
The investigation is guided by three goals. The study first explains how modern
Al systems operate as cognitive agents as opposed to passive instruments. This
discovery calls into question long-held philosophical beliefs regarding knowledge
as a personal accomplishment. Second, the approach looks at issues with epistemic
opacity, or circumstances in which precise knowledge is produced by computing
processes that are difficult for humans to understand. Third, the study investigates
the distribution of cognitive responsibility in human-machine assemblages.

The method is theoretical-conceptual and incorporates concepts from cognitive
science, science and technology studies, and philosophy of knowledge. This work
builds conceptual underpinnings for comprehending epistemic shifts in technology-
mediated contexts rather than providing empirical facts.

Presentation of the main material. Clark and Chalmers changed philosophical
thinking about cognition with their «Extended Mind» thesis. They argued that
cognitive processes routinely extend beyond brain boundaries to incorporate
environmental structures and tools. Your smartphone storing contacts? That’s part
of your memory system. GPS guidance? A part of your spatial awareness. These
tools become intrinsic elements of cognitive processes rather than only aiding
in thought. However, Al systems are more advanced than the passive calculators
and notebooks used in Clark and Chalmers’ initial examples.

Today’s Al agents act as the cognitively active partners, so they are able to adapt,
generate hypotheses, and learn on their own. Instead of using tools in a static
manner, this active quality fosters dynamic relationships. Think about how
radiologists currently use diagnostic algorithms: the Al actively finds patterns that
alter clinical understanding rather than merely amplifying human awareness.
Consider DeepMind’s AlphaFold technology as a concrete example. Instead of just
processing data provided by human scientists, AlphaFold learns to anticipate protein
structures by studying evolutionary linkages and physical restrictions in ways that
are beyond human comprehension [4]. The generated predictions required validation
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using experimental approaches. What developed was a knowledge-production cycle
that combined machine learning, human expertise, and laboratory verification
to produce an integrated epistemic system.

This shift calls into question long-held epistemological beliefs about where
knowledge resides. In hybrid contexts, knowledge is not contained in isolated
human minds, but in interactive systems that include humans, Al, data, interfaces,
and interpretative frameworks. The locus of knowing shifts from the person to the
integrated system, and knowledge becomes an emergent feature that transcends its
basic aspects.

The transition from classical to hybrid epistemology involves fundamental shifts
across multiple dimensions (table 1). This framework demonstrates that hybrid
epistemology does more than just tweak traditional methodologies, it adds
fundamentally distinct organizing ideas. Perhaps most importantly, the fundamental
unit of epistemic analysis shifts from the individual to the system.

Table 1
Key Differences Between Classical and Hybrid Epistemology*
Dimension Classical Epistemology Hybrid Epistemology
Knowing Subject Individual, autonomous Distributed human-Al
human agent cognitive system
Knowledge Location | Internal mental states/beliefs | Network of interactions and
processes
Justification Transparent reasoning chains Institutional trust and
validation networks
Truth Conditions Correspondence to objective | Emergent properties of system
reality dynamics
Epistemic Authority Individual expertise and Collective human-Al
credentials performance
Temporal Structure Discrete moments of knowing | Continuous adaptive learning
Opacity Tolerance Transparency required for Functional opacity accepted
justification with validation

* Source: created by author.

Here’s a major issue: many Al systems are «black boxes» whose underlying
functions are difficult to explain [5; 6]. A deep learning program may correctly
identify skin cancer from images, but explaining how it reached that result
is practically hard. The system processes thousands of features and interactions that
humans cannot understand. This raises an epistemic challenge. Traditional concepts
of justified knowledge frequently assume that knowers can articulate the reasons
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for their beliefs. But what happens when real knowledge comes from computational
processes that are beyond human comprehension?

The problem has inspired the creation of alternate validation strategies. Rather
than requiring explicit reasoning, «epistemic trust» and «institutional justification»
authenticate information through belief in sources, institutions, or procedures [7, 8].
Justification increasingly depends on complex networks of trust relationships rather
than individual comprehension of evidence. Consider high-stakes domains where
this matters most. When Al systems influence medical diagnoses, legal judgments,
or defense decisions, questions of responsibility become simultaneously ethical and
political [9; 10]. Who bears responsibility for knowledge created by hybrid systems?
The human expert who depends on algorithmic insights? Who designed the system?
The institutions that use it?

The opacity problem goes beyond technological considerations. As proprietary
Al systems increasingly mediate knowledge production, epistemic fairness problems
arise, such as who has access to these systems and whose interests they are serving
[11; 12]. Efforts to reduce opacity through explainable Al (XAI) have produced
significant technological advancements, but they frequently overlook the underlying
philosophical point [ 13]. Although XAl techniques can offer post-hoc explanations
for individual actions, they rarely make the underlying computational processes
apparent in ways that meet traditional epistemic justification standards. The basic
tension remains: some types of correct information may need accepting functional
opacity.

The temporal organization of knowledge generation in hybrid systems deviates
significantly from standard epistemological theories. Traditional understandings
of knowledge frequently assumed distinct moments of insight or discovery, followed
by long periods of settled conviction. A scientist would make a discovery, publish
results, and the knowledge would remain relatively stable until new evidence
emerged. This model reflected the human timescale of cognition — deliberate,
sequential, bounded by biological constraints.

Knowledge in hybrid systems demonstrates temporal stratification, which refers
to layered temporal processes in which human deliberation, computational
processing, and system adaptability all occur on separate timelines. Consider how
this emerges in practice: an Al system can process millions of similar patterns
in minutes, whereas a human expert may spend weeks analysing a complex dataset.
However, years of professional experience help humans improve their contextual
understanding and interpretive framework. These various temporal rhythms provide
knowledge that exists concurrently across several time horizons.

The stratification is most visible in fields such as financial trading, where
algorithmic computers make thousands of decisions per second based on pattern
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recognition, while human oversight functions on minutes-to-hours timelines and
regulatory frameworks change over months or years. Knowledge claims in such
systems cannot be evaluated using conventional epistemological frameworks that
presuppose synchronous reasoning processes.

Al systems create temporal complications by allowing for continuous learning
and adaptability. While human experts can update their expertise through periodic
contact with new literature or experience, Al systems can assimilate new data
on a continual basis, resulting in incremental modifications in decision patterns that
may not be immediately evident to human partners [ 14]. This raises questions about
epistemic responsibility: when knowledge arises from systems that change over
time, establishing which version of the system produced specific insights becomes
critical for validation and accountability. Furthermore, hybrid knowledge systems
demonstrate retroactive epistemic adjustment — the ability to change previous
findings in response to new patterns discovered through extended data analysis.

Traditional virtue epistemology emphasized individual qualities such
as intellectual humility, curiosity, and critical thinking [15]. Hybrid epistemology
requires perceiving these virtues as distributed properties of human-Al systems
rather than individual characteristics.

Calibrated trust emerges as a fundamental virtue — the capacity to discern
when to rely on Al systems and when to prioritize human judgment [16]. This
differs markedly from blind faith or wholesale skepticism toward automated
systems. Calibrated trust requires developing sophisticated meta-cognitive
awareness of the boundaries and capabilities of both human and artificial
cognition. A radiologist exercising calibrated trust might recognize that
Al systems excel at detecting subtle pattern variations in medical images that
human eyes might miss, while simultaneously understanding that contextual
factors — patient history, unusual presentation, rare conditions — require human
interpretive expertise. This entails becoming aware of the limitations of both
human and artificial cognition, as well as comprehending how their combination
might compensate for individual inadequacies. The development of calibrated
trust involves practical experience with system failures and successes.
Professionals must learn to recognize when algorithmic confidence scores
correlate with accuracy, when edge cases might confound automated analysis,
and how to integrate computational insights with domain expertise. This
learning process cannot be reduced to simple rules but emerges through repeated
interaction with hybrid systems across varied contexts.

Interpretive flexibility is another essential virtue — the capacity to switch between
multiple modes of explanation and reasoning as required by different contexts and
audiences. Practitioners working with Al systems must be able to switch between
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computational and human-centered modes of reasoning without losing critical
insights from either area.

Beyond modifying methods of information acquisition, Al systems significantly
change the configuration of subjectivity. Human subjects who use Al for cognitive
support are no longer independent sources of understanding, but rather functions
within collective cognition — nodes in an extended network that combines human
experience, technology computing, and social circumstances to produce an integrated
cognitive system.

This transformation is consistent with Marx’s idea of «species-being»
(Gattungswesen) and Heidegger’s concept of «being-in-the-world» (In-der-Welt-
sein), which both emphasize that individual consciousness is always enmeshed
in networks of meaning and interpretation [17; 18]. Don Ihde’s postphenomenology
takes this theory to technological mediation, illustrating how human-technology
relationships fundamentally shape perceptual and cognitive experience rather than
just supplementing it [19; 20].

The hybrid subject is formed as a result of cognitive delegation and integration.
As people increasingly delegate cognitive processes to Al systems, ranging from
memory and arithmetic to complex pattern recognition and decision guiding, the
functional and phenomenological distinctions between human and machine
cognition become less clear [21]. This process occurs gradually and often
imperceptibly. Consider how GPS navigation has affected spatial cognition. Drivers
are increasingly relying on algorithmic route optimisation instead of creating mental
spatial maps of their surroundings. The cognitive function of navigation is split
between human decision-making and automated pathfinding. Over time, this
delegation alters not only how people travel, but also how they perceive and
comprehend spatial relationships. The distinction between human spatial awareness
and algorithmic help becomes increasingly blurred. Similar similarities appear
across the professional fields.. Financial analysts integrate algorithmic trading
insights into their market understanding. Scientists use machine learning pattern
spotting in their experimental reasoning. Doctors use diagnostic Al recommendations
alongside clinical judgement. In each scenario, delegation entails more than just
job automation; it signifies a rearrangement of cognitive architecture in which
human expertise and computing capabilities are interconnected components
of knowledge generation.

This interdependence raises fundamental questions about cognitive autonomy.
When professional expertise becomes inseparable from algorithmic mediation, what
constitutes independent human knowledge? The hybrid subject does not simply use
Al tools but exists in constant cognitive collaboration with artificial systems,
creating new forms of agency that transcend traditional human-machine distinctions.
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The emergence of the hybrid subject transforms traditional notions of epistemic
autonomy and agency. When knowledge emerges from human-AlI partnerships,
questions of intellectual ownership, originality, and authority become complex
[22, 23]. Who «knows» when a radiologist and an Al system collaboratively
diagnose a medical condition? These questions cannot be resolved through simple
attribution to either human or machine but require reconceptualizing agency
as distributed across the hybrid system.

Furthermore, the formation of hybrid subjects raises important questions about
human cognitive development and education in Al-saturated environments.
As young people increasingly develop their cognitive capacities in constant
interaction with Al systems, their intellectual formation occurs through fundamentally
different processes than those of previous generations [24; 25].

Conclusions. This investigation developed hybrid epistemology as a framework
for understanding knowledge production when humans and Al systems work
as cognitive partners. Three key findings were revealed by the analysis.

Contemporary Al systems act as cognitive actors rather than passive instruments.
This conclusion calls into question classical philosophical assumptions about
knowledge as an individual human endeavor. When Al systems actively contribute
to the generation of insights, the old concept of the autonomous knower becomes
ineffective. Philosophical frameworks must now support distributed cognition
between human and machine systems. The fundamental unit of epistemic analysis
moves from the individual to the integrated system.

Second, epistemic opacity introduces additional problems to knowledge
validation. Many Al systems employ computational techniques that are beyond
human comprehension. Traditional approaches to epistemic justification assumed
that knowers could express the rationales for their views. When this becomes
impossible, other validation methods develop. Institutional trust networks and
validation protocols enable new forms of epistemic justification. This transition
is particularly important in sectors where knowledge has a direct impact on human
welfare, raising new challenges to accountability and governance.

Third, hybrid knowledge systems are temporally divided. Human thought and
computer processing take various time frames. Al systems can constantly assimilate
new data, whereas human specialists must update their understanding through
repeated exposure to new material. This raises epistemic responsibility concerns:
when knowledge is drawn from systems that change over time, knowing which
version of the system produced specific insights is critical for validity and
accountability.

These findings indicate particular research directions. Empirical research might
examine how hybrid epistemology evolves in practice by undertaking ethnographic
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investigations into human-Al interactions in certain sectors. Philosophical study
might lead to the creation of new epistemic justification theories that support both
transparency and trust-based validation.

Rather than treating Al as either enhancement or threat, hybrid epistemology
suggests a more nuanced approach. Collaboration between humans and machines
leads to the emergence of new types of understanding. Successfully managing this
transition involves both technological competence and philosophical analysis
of how knowledge is evolving. The paradigm provided here establishes conceptual
foundations for comprehending these shifts while also leading to future theoretical
and empirical research.
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Juxayvkuiit Anopii Bacunvosuu, acnipanm kagpeopu Kynvmyponoeii

ma ¢inocoghii kynemypu, Hayionanvuuii ynieepcumem « Ooecbka noiimexHikay,

m. Ooeca, Ykpaina
I'BPUAHA EINICTEMOJIOI'TA: EMEPI)KEHTHI ®OPMHA

3HAHHS B ENOXY KOIHITUBHOI IHTEIPALIT JIFOAUHU
TA IITYYHOI'O IHTEJIEKTY

Y cmammi npedcmasneno 2iopudHy enicmemonozito ax nioxio 00 po3yMiHHA mMoeo,

5K GhopMyeEmMbCst 3HAHMA Y NPoyect KOZHIMUBHOT 63A€MOOTT TIOOUHY MA WMYYHO20 THMe-
nexkmy. Tpaouyitina ginocoghis posensoana 3uauHs K me, wo oxkpema ocodoa 3000yeae
uepe3 00csi0 abo payionanvre mucients. OOHAK yetl no2uso yace ne 8ioobpasicac cyuac-
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HOI peanbrHocmi. Y 0ocniodcenni po3ensaoarmscs mpu Kiowosi GUKIUKU. SIK OYIHIO8amu
NI3HABANbHI MBEPONCEHHS, AKUO NPOYEC MUCIEHHS MICIMUMb HENpO30pi areopummu?
11]o 8idbysacmuvcst, Konu mepedici 008ipu 3aMIHIOIOMb MPAOUYTUHI MemOoOU 0OIPYHMY6AH-
Ha? Axk po3nodingemvcs KOSHIMUBHA BIONOBIOANLHICb Y NAPMHEPCMBI MIdIC TH0OUHOTO
ma mawuror? LI numanus Maroms 3HA4eHHs, OCKIIbKU 2IOPUOHI cucmemu 3HAHHS 8oice
BNAUBAIOMb HA MEOUYHI OIA2HO3U, IOPUOUYHI PIlUEHHS MA NOTIMUYHI 6ubOpU, Wo Oe3no-
cepeoHbo CIMOCYIOMbCS HCUMMSL TI00elL.

Knwuosi cnosa: wmyunuil inmenexm, enicmemonoeis, posnooiiene nisHauHs, po3-
WUpeHull po3ym, enicmemiuna Henpo3opicmo, KOCHIMUBHA A2eHYis, 83AEMOOIsS TT0OUHU
ma MAawuHu.
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