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Abstract

There is little consensus on what artificial intelligence (Al) systems may or may not embrace. Although this may point to
multiplicity of interpretations and backgrounds, a lack of conceptual clarity could thwart the development of common
ground around the concept among researchers, practitioners and users of Al and pave the way for misinterpretation
and abuse of the concept. This article argues that one of the effective ways to delineate the concept of Al is to compare
and contrast it with human intelligence. In doing so, the article broaches the unique capabilities of humans and Al in rela-
tion to one another (human and machine tacit knowledge), as well as two types of Al systems: one that goes beyond
human intelligence and one that is necessarily and inherently tied to it. It finally highlights how humans and Al can augment
their capabilities and intelligence through synergistic human—Al interactions (i.e., human-augmented Al and augmented

human intelligence), resulting in hybrid intelligence, and concludes with a future-looking research agenda.
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Introduction

Situated at the intersection of myth, hype, and technological
reality, artificial intelligence (Al) is often used as a catchall
term—a descriptor applied to a range of computational
systems for strategic or marketing purposes regardless of
whether or not they contain any Al at all (Musa Giuliano,
2020; Newlands, 2021; Schmelzer, 2019). For example, a
survey by MMC Ventures (2019) indicated that forty
percent of startups in Europe that are presented as “Al com-
panies” did not draw upon Al “in a way that is material to
their businesses.” As Jordan (2019) argues, the use of the
term Al is an “intellectual wildcard” and academic, tech-
nical and political discussions have accordingly jumped
on the Al bandwagon, variously adopting and adapting
the term AI based on their own interests. However,
ongoing misclassifications coupled with hyperbolic percep-
tions about what Al can and cannot do (e.g., Al systems
reaching human-like intelligence in near future) can
hamper legitimate efforts to derive value from Al systems
across domains (Barro and Davenport, 2019). The benefits
that can be derived from Al systems are growing, as has
been observed in organizational settings, in public services

or in healthcare (Jarrahi et al., 2021). Yet, without a clearer
or even basic understanding of the boundaries between Al
and human intelligence, too many stakeholders and
decision-makers may be misled by the hype around Al
and miss out on the genuine benefits Al can offer. As a
response to this issue, this article provides a delineation
of Al and what the intelligence in Al may and may not
entail.

Since the term was first coined at the Dartmouth confer-
ence in 1956, Al has undergone a profound transformation.
Yet, despite these rapid changes, Al continues to encom-
pass computing systems that exhibit some form of intelli-
gence. One sensible way to unpack Al is, therefore, to
focus on what we mean by “intelligence” within Al

'University of North Carolina at Chapel Hill, Chapel Hill, NC, USA
Nordic Centre for Internet and Society, BI Norwegian Business School,
Oslo, Norway

Corresponding author:

Christoph Lutz, Nordic Centre for Internet and Society, Bl Norwegian
Business School, Oslo, Norway.

Email: christoph.lutz@bi.no

Creative Commons CC BY: This article is distributed under the terms of the Creative Commons Attribution 4.0 License (https:/
= creativecommons.org/licenses/by/4.0/) which permits any use, reproduction and distribution of the work without further permission
provided the original work is attributed as specified on the SAGE and Open Access page (https:/us.sagepub.com/en-us/nam/open-access-at-sage).


https://orcid.org/0000-0002-5685-7156
https://orcid.org/0000-0003-4389-6006
mailto:christoph.lutz@bi.no
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/bds
http://crossmark.crossref.org/dialog/?doi=10.1177%2F20539517221142824&domain=pdf&date_stamp=2022-12-07

Big Data & Society

Integrating 70 definitions of intelligence from several disci-
plines, Legg and Hutter (2007) present intelligence as “an
agent’s ability to achieve goals in a wide range of environ-
ments.” John McCarthy, one of the pioneers of Al, articu-
lated Al as the ability of machines to solve problems and
achieve goals in the world (McCarthy, 2012). Seen this
way, Al can be understood as a system’s ability to learn
and reason from experience and its environment, and to
adapt to new situations. As such, rather than being deter-
ministic and mechanistic, Al systems integrate real-world
experiences to learn and adapt (West, 2018).

Artificial intelligence in relation to human
intelligence

As De Cremer and Kasparov (2021) recently noted, “our
principal challenge as business people is to anticipate
what Al means in relationship to how humans think and
act.” In exploring that relationship, we can discern three
interdependent areas represented as the yellow, orange,
and blue-shaded areas within Figure 1. In relation to
human intelligence (yellow), we can identify two types of
Al one that goes beyond human intelligence (blue) and
one that is inherently intertwined with it in a form of
hybrid intelligence (orange). Through interactions
between humans and Al, both can augment their capabil-
ities and intelligence, marked by the orange overlap area
in Figure 1. The main products of this synergistic relation-
ship are human-augmented Al and augmented human
intelligence.

Human intelligence

In a recent article titled “Why AI is Harder Than We
Think,” Mitchell (2021), a computer scientist, argues that
one of the reasons behind prevalent misunderstandings
about Al and the several ebb-and-flow hype cycles in the
past stems from a lack of understanding about the nature
and complexity of human intelligence. The power of Al
in replicating human intelligence is overhyped and asso-
ciated with “high levels of over-exuberance and media
attention” (Jordan, 2019). Similarly, Kerr et al. (2020)
note how public expectations about Al and technological
reality diverge, while a recent IBM report demonstrates a
clear intention-action gap when it comes to the (ethical)
application of Al in organizational settings (Goehring
et al., 2022).

Put simply, humans possess “general intelligence” in
being able to comprehend and analyze various situations
and stimuli, to ideate, create and imagine. The intelligence
projected by Al systems is predominantly task-centered
(Narayanan and Kapoor, 2022). Al systems can reveal cor-
relations in data but are not as skillful as humans in deter-
mining causation. Even though AI’s performance on

several tasks has surpassed and will continue to surpass
human capacities, for Al to advance beyond narrow tasks
requires holistic and contextual thinking that remains a
core human capability. Humans benefit from “analogical
thinking,” which enables us to envision common relational
systems in different situations, thus effectively integrating
prior experiences into new knowledge problems and
novel domains. Similar high-level reasoning and thinking,
however, remain elusive for Al systems (Jordan, 2019).

As a result, humans continue to provide hard-to-imitate
emotional, social and cooperative intelligence, particularly
in situations with loosely defined goals. Most Al applica-
tions in the wild (i.e., outside the computer lab) involve
unstructured tasks and unknown elements. These, accord-
ingly, may require both higher-level reasoning and intuitive
decision-making, which is the unique prerogative of
humans (Jarrahi, 2018).

Although intelligent machines can provide greater ana-
lytical capabilities in relation to quantitative data collection
and analysis, it is humans who engage in the more effective
qualitative, holistic, and intuitive analysis of data. This
enables humans to imagine and anticipate. For example,
humans can utilize tacit knowledge in balancing trade-offs
to maximize the interests of various stakeholders in a
decision-making situation. Tacit knowledge embodies per-
sonal wisdom, insight, and intuition and is intertwined with
a wealth of experience over time. By definition, tacit knowl-
edge is hard to express or extract (made explicit); as Polanyi
(1966) famously noted: “we can know more than we can
tell” (p. 4). Consequently, much of humans’ tacit knowl-
edge is impossible to be replicated by Al

Human intelligence is also embodied in the physical and
biological sense, relying on the corporeality of the brain,
nervous system, and complex sensory system that constitu-
tes the human body (Dreyfus, 1992). Al systems, especially
if disembodied and based on abstract representations, will
fail to replicate human intelligence because they lack
similar physical and biological foundations.

Artificial intelligence

Al as represented by the blue area in Figure 1, can be quali-
tatively different from human intelligence or surpass it by a
level of performance unattainable by humans. This is par-
ticularly so in classification tasks and in speed or reach of
execution. Emerging algorithms offer forms of intelligence
and problem-solving that are unmatched by humans in
terms of speed and scale (e.g., fraud detection across mul-
tiple transactions). Al systems may also go beyond the
bounds of existing frameworks, assumptions, and hard-
coded rules formulated and provided by humans, eventually
developing their own learning logic, rather than solely
relying on human intelligence to accomplish tasks.
Although Al may get things right and provide outputs
with high efficiency, Al lacks the ability to explain how
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the process works—what can be called “machine tacit
knowledge.” This is the knowledge that the machine devel-
ops through self-learning but cannot necessarily codify and
transfer to humans or other machines (Burrell, 2016;
Felzmann et al., 2019).

Even though deep neural networks are inspired by the
way neurons function in the brain, this form of intelligence
is not necessarily based on how humans process informa-
tion and make decisions (Hawkins, 2021). This is in line
with McCarthy’s (2012) argument that Al can learn by
observing and imitating humans or developing intelligence
by going through methods that are not observed in humans
or analytical capabilities well beyond what people can
achieve. However, this form of intelligence is predomin-
antly task-centric, meaning Al algorithms could perform
extremely well in rather specific, narrow tasks with
clearly externally definable goals and metrics.

Hybrid intelligence

The overlap (orange area in Figure 1) can be understood as
“hybrid intelligence” (Dellermann et al., 2019), which
incorporates two distinct outcomes: (1) human-augmented
Al (in amplifying machine intelligence) and (2) augmented
human intelligence (in amplifying human intelligence).
These outcomes are fostered through continuous human—
Al interactions.

Human-augmented Al. Human-augmented Al refers to Al
systems that are trained by humans and continuously
improve their performance based on human input. Since
its inception in the 1950s, one of the primary missions of

the Al community has been to mimic human capabilities
such as sensory perception, natural language processing
or logical reasoning. Alan’s Turing vision of “thinking
machines” is exemplified in Turing’s famous Test: “compu-
ters need to complete reasoning puzzles as well as humans
in order to be considered ‘thinking’ in an autonomous
manner” (West, 2018). So, the best Al systems based on
this persistent vision are those that get as close as possible
to the level of human intelligence. Nevertheless, Al systems
so far only reflect a relatively small fraction of human intel-
ligence, so it is important to disavow the “original sin” in
the field of Al, which assumes that “minds are like compu-
ters and vice versa” (Crawford, 2021).

In more cases than AI developers and evangelists
would like to recognize, machine intelligence in this
context continues to be augmented by human intelligence.
ATI’s narrow intelligence still depends on large corpora of
training data generated or processed by humans (Mitchell,
2021). Recent evidence also shows that Al vendors may
keep the human labor required to train and produce Al ser-
vices a secret from investors or clients for strategic pur-
poses (Newlands, 2021). In fact, many people work
tirelessly behind the scenes as a form of “human computa-
tion” (i.e., using humans as computers to perform tasks
that the technical systems cannot perform alone) (Gray
and Suri, 2019), including those who contribute to training
Al systems without knowing about it (e.g., users training
the Google search engine). As a result, rather than being
fully automated systems, human-augmented Al systems
are “technologies of heteromation” that crucially rely on
humans as indispensable mediators (Ekbia and Nardi,
2014).
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Augmented human intelligence. Al systems can also, in turn,
augment human intelligence. In most cases, Al systems
tend to extend or amplify human capabilities by providing
support systems such as predictive analytics rather than
replacing them, resulting in augmented (human) intelli-
gence. For example, personal intelligent assistants do not
make decisions for users but help broaden their cognitive
bandwidth by providing useful affordances for processing,
filtering, sorting, and navigating expansive information
landscapes (Maedche et al., 2019). Another example
comes from the game of chess. Even grandmasters can
play smarter when teamed up with Al. Gay Kasparov
argues that partnering with an Al system amplified his cap-
ability by allowing him to focus on strategic planning and
moves while the machine took care of analytical calcula-
tions of the game (De Cremer and Kasparov, 2021; see
also Tomasev et al., 2022). Augmented human intelligence
is, therefore, one of the major outcomes of the overlap
between human and Al since it requires human and Al to
work together to enhance and elevate human intelligence
(Carroll, 2021).

Human-Al interactions. The outcome of effective interac-
tions between humans and Al is human-augmented Al
and augmented human intelligence. The overlap area in
Figure 1 makes it clear that both humans and Al can
advance through interacting with each other. Yet, in most
real-world applications of Al, achieving intelligent per-
formance requires something beyond big data, algorithmic
capabilities or computational power: most notably it
requires human contributions (Jarrahi et al. 2021; Tubaro
et al., 2020).

As such, Al systems are sociotechnical systems that can
progress in performance only if humans and Al interact and
complement one another with mutual understanding
(Osterlund et al., 2021). That is, machines must better
understand how humans reason and operate (Al alignment),
while humans must develop a better awareness of
machines’ decision-making logics (Al literacy) (Jarrahi
et al. 2021). An important challenge that stands in the
way of developing effective human—Al symbiosis is thus
divergent human and machine tacit knowledge (whose
logic cannot be easily articulated and communicated to
the other party). For instance, the black-box nature of
neural networks can be impenetrable by users or even
developers of Al systems (Burrell, 2016; Felzmann et al.,
2019).

Conclusion and future research agenda

Although the concept of Al remains aspirational, techno-
logical advancements in the field have enabled computa-
tional systems to continuously progress. Putting Al
systems into practice and making a real impact requires a

realistic understanding of the type of intelligence Al
systems can offer and how this compares with and relies
on human intelligence. Figure 1 indicates two variants of
Al one that is less tied to human intelligence and one
that is reliant on human—Al interaction. We also argue
that even though AI systems can be inspired by human
intelligence, reaching human-level intelligence is neither a
sensible nor a feasible objective.

Devising autonomous systems is almost impossible for
many real-world scenarios where humans need to “stay in
the loop” to maintain the sociotechnical system’s versatility
and adaptability in relation to new tasks and environments.
Some of the greatest challenges in developing Al systems
have to do with bringing contextual meaning and reasoning
in relation to real-world situations (Oleinik, 2019). This
requires continuous human—Al interactions, a vision
beyond “automating the last mile”” and superior perform-
ance in narrowly defined tasks. Finally, unrealistic expecta-
tions about what Al really entails and hyperbolic claims
about its capability may yield underwhelming impacts.

Before we conclude, we point to some promising areas
for future research. As the field of Al is developing
further, there is a constant need to scrutinize the intelligence
of the machine, what it is capable of, where it needs human
inputs, and how humans and Al can augment one another.
For instance, using reinforcement learning, the DeepMind’s
AlphaZero algorithm developed knowledge of chess by
only integrating rules of chess and without any prior knowl-
edge of common human strategies. The algorithm only built
on the rules and the reward system and played itself to
develop the knowledge of the game. Such AI systems
open up the possibility of more surprising “machine tacit
knowledge” and the outcomes of these applications may
provide learning opportunities for human players.
Kasparov (2018: 1087) noted: the system “prioritizes
piece activity over material, preferring positions that to
my eye looked risky and aggressive.” Such Al systems
are unlikely to make autonomous and unsupervised deci-
sions in many domains, but future research must continue
examining the ways knowledge-generated by Al systems
(though focused on narrow tasks) can be put into use for
offering fresh and innovative insights to human partners.

As the overlap area in Figure 1 grows in importance,
human—AlI interactions and how they yield hybrid intelli-
gence and mutual augmentation deserve more scholarly
attention. More empirical and conceptual attempts are
needed to advance concepts such as ‘human-Al hybrids’,
‘human-Al configurations’ or ‘human-Al symbiosis’ that
help capture the sociotechnical systems emerging from
human—Al interactions. An example of such theoretical
developments comes from recent work in ‘human-centered
AT’ (Shneiderman, 2022).

With regards to human-augmented Al, a promising
research program is to trace the human labor that goes
into developing, training, maintaining and dissolving Al
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systems (i.e., across the whole Al life cycle). Research, util-
izing ethnographic and qualitative methods, has started to
investigate such human input (e.g., Miceli et al., 2020;
Newlands, 2021; Posada, 2022; Tubaro et al., 2020).
However, more work is needed to grasp the complex
ways in which humans augment Al across contexts and
applications. Studies focusing on highly digitalized forms
of work (Jarrahi et al., 2021), private uses (e.g., social
media and content moderation, e.g., Llansé, 2020) and
domestic applications such as smart speakers (Tubaro and
Casilli, 2022) show that human augmentation is both a
feature and a bug of Al. Future research could systematic-
ally compare application areas and technologies, for
example, embodied vs. disembodied vs. embedded Al
(Glikson and Woolley, 2020), in terms of what human aug-
mentation does to the Al and what the Al does to human
augmentation (Jarrahi et al., 2023).

When it comes to augmented human intelligence,
important aspects that should be investigated relate to fair-
ness, inequality, trust, literacy and privacy. Questions such
as the following should be answered: How does Al augment
human intelligence in social fields such as healthcare, edu-
cation, and the legal system, and how (un)fair is these ten-
dencies for different stakeholders (Trewin et al., 2019)?
Who benefits from Al that augments human intelligence
(Lutz, 2019)? Who is left out or suffers due to discrimin-
ation, a lack of access or undue consequences of augmenta-
tion (Veale and Binns, 2017)? What is the right level of trust
in Al systems that extend human capacities, so that both
overtrust (Aroyo et al., 2021) and undertrust/aversion
(Dietvorst et al., 2015) are avoided? How can Al literacy
be conceptualized in a holistic way, and what are the cogni-
tive and affective prerequisites to the implementation of
augmented human intelligence (Long and Magerko,
2020)? How does augmented human intelligence come
with vulnerabilities in terms of surveillance and privacy
(Lutz and Newlands, 2021)?

These questions and research direction show how ethical
aspects are key to understanding human-augmented Al,
augmented human intelligence, and human—Al interactions.
Future research on the intersection of Al and human intelli-
gence should be interdisciplinary and adopt a socio-technical
understanding. The technical aspects (e.g., represented by
expertise from computer science or the tech industry),
social/human aspects (e.g., represented by expertise from
sociology, psychology, and communication) and ethical
and legal aspects (e.g., represented by expertise from phil-
osophy and law) should be studied in conjunction and
close synergy within teams that prioritize holistic understand-
ings of Al in context (Bailey and Barley, 2020).
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