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ABSTRACT

Rapid advances in artificial intelligence (Al) have fueled high expectations
for the technology’s potential to fundamentally transform our economy and
society through automation. However, given the inscrutability and, some-
times, susceptibility to error of Al systems, we argue that the focus should
shift towards fostering effective human-AlI collaboration rather than pursuing
automation alone. In this context, system decisions must be made available
to decision-makers in an explainable and understandable manner, as further
required by the EU’s recently passed Al Act. Research shows that there is
potential for humans to learn from explainable Al systems and improve their
own performance over time. Meanwhile, in addition to enabling humans to
benefit from working with Al systems on various everyday tasks, such collab-
oration ensures the safe and reliable use of Al systems, especially in high-risk
areas such as medicine, where human oversight remains paramount.



W04 UNLOCKING AI*S POTENTIAL \2

1 Introduction:
Rapid Developments Fuel High Expectations

Rapid advances in artificial intelligence (Al) have not only returned the tech-
nology to the public spotlight but also opened up countless new possibilities
for implementation in the social, commercial, and industrial domains (Berente
et al., 2021; McKinsey Global Institute, 2021). In particular, breakthroughs in
generative Al (GenAl) have prompted widespread adoption of the technology,
precipitating high expectations for its transformative potential (Dwivedi et al.,
2023). For example, after the release of the GPT 3.5-powered GenAl chat-
bot ChatGPT in November 2022 attracted over one million users within two
months, it took OpenAl, the organization behind ChatGPT, only four months
to introduce GPT-4, a GenAl chatbot built upon a much more powerful large
language model (LLM) (OpenAl, 2023). Shortly thereafter, Google released
the PaLM 2 LLM and integrated the technology into its search engine (Roth,
2023). The estimated automation potential of GenAl is impressive, with indus-
try reports suggesting that generative Al can automate 60—70% of daily work.
However, the percentage of companies implementing Al in their operations
has changed little over the past two years (McKinsey & Company, 2023).

Although companies may not yet be fully keeping pace with the rapid techno-
logical developments, research has already demonstrated that Al systems can
undertake tasks previously performed by human experts (e.g., Lebovitz et al.,
2021; Shen et al., 2019). In some cases, Al systems have even outperformed
human experts (e.g., McKinney et al., 2020; Shen et al., 2019), and their use is
increasingly being considered in high-risk areas such as medicine and aviation
(Lebovitz et al., 2021; Reyes et al., 2020; Rudin, 2019). A notable applica-
tion of Al is the diagnosis of diseases such as cancer and the classification of
tumors from medical images (e.g., Calisto et al., 2021; Lebovitz et al., 2021;
McKinney et al., 2020; Pumplun et al., 2023; Silva & Ribeiro, 2011). This
raises questions about the possibility of meeting the increasingly high expec-
tations of Al, especially concerning automation potential, or whether these
developments should ultimately be characterized as hype.
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2 Artificial Intelligence:
Challenges Ahead, Opportunities Within Reach

To assess the potential of Al to change how we work, and to understand the
barriers to widespread adoption of this technology, it is important to under-
stand the fundamental mechanics of AI. Modern Al applications typically rely
on machine learning (ML) algorithms, a subfield of Al that sees algorithms
independently recognize patterns in large data sets (Brynjolfsson & Mitchell,
2017; Russell & Norvig, 2021). After training, these ML models can apply
learned patterns to new data to make predictions, perform classifications, and
either support human decision-making or automatically initiate further ac-
tions (Jordan & Mitchell, 2015; Mitchell, 1997). In GenAl, a subarea of ML,
models can even generate new data based on learned patterns (Dwivedi et al.,
2023; Teubner et al., 2023). Thus, ML models can find solutions independent-
ly, potentially generating new knowledge that complements that of human
decision-makers (e.g., Fligener et al., 2019; Sturm et al., 2021).

2.1 Unique Characteristics Challenge Expectations

While modern Al systems are powerful and often demonstrate high per-
formance (e.g., McKinney et al., 2020), they are inherently prone to error
because they are based on statistical approaches (e.g., Berente et al., 2021;
Jordan & Mitchell, 2015). In addition, Al systems can exhibit inconsistent
behavior (Schuetz & Venkatesh, 2020) and, in the case of GenAl, produce so-
called hallucinations, where systems generate inaccurate information and pres-
ent it convincingly to the end user (Chui et al., 2022; Dwivedi et al., 2023). It
is also critical to be aware that Al systems can be biased due to inherent biases
in the training data, which can lead to discrimination in decision-making (Ber-
ente et al., 2021; Rai et al., 2019).

A well-known example is the Al system developed by Amazon to help select
suitable job applicants. The system did not evaluate candidates in a gen-
der-neutral manner and favored men over women, leading to the project’s
rapid failure. Contrary to many accusations, Al algorithms are not sexist by
design; instead, because Amazon has historically hired primarily men, the sys-
tem produced output patterns similar to those it learned from the biased data
provided (Dastin, 2018). These unique characteristics of Al systems combined
with the complexity of modern algorithms to pose challenges for implementa-
tion, especially where the complexity results in the output of the systems be-
coming inscrutable to human decision-makers (Asatiani et al., 2021; Berente
et al., 2021). Because the inner mechanisms of Al systems are consequently
incomprehensible and the decisions made by Al systems cannot be fully
understood by humans, they are often referred to as black boxes (Adadi &
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Berrada, 2018; Castelvecchi, 2016; Guidotti et al., 2018; Rudin, 2019). In this
way, Al systems differ from traditional information systems, something that
must be recognized to understand the challenges of deployment and to more
comprehensively and profoundly assess the future impacts of Al

2.2 Explainable Artificial Intelligence

Promising approaches for enabling safer and more reliable deployment of

Al systems appear in the nascent field of research surrounding explainable
artificial intelligence (XAI). XAl research aims to make the decision-making
processes and outputs of ML systems more understandable to humans. This

is accomplished by providing human decision-makers with explanations that
help clarify why certain system decisions were made (Arrieta et al., 2020;
Meske et al., 2022). Although XAI outputs were initially designed and provid-
ed primarily for developers of Al systems, research has recognized the poten-
tial for these explanations to positively impact end users too (e.g., Asatiani et
al., 2021; Ellenrieder et al., 2023; Gaube et al., 2023).

While Al systems are often admired for their automation potential, XAI
research shifts the focus back to humans to enable the successful use of Al
systems in the context of collaboration. These efforts are also supported by
new regulations. For example, the political consensus reached by the EU in
December 2023 manifested in the Al Act, which establishes high requirements
for the explainability of Al systems, especially high-risk Al systems at the
European level (European Commission, 2023). The goal is to empower end
users to correctly interpret the output of Al systems and to evaluate the unique
system characteristics described above (Panigutti et al., 2023).

3 Conclusion: Shifting From Long-term Automation
Goals to Effective Collaboration

Many expectations of Al’s potential — some of which may be exaggerated —
are focused on the automation of tasks. However, given the current state of
technology, effective collaboration between humans and Al systems holds the
greatest potential in terms of integrating Al into everyday working life and
substantially impacting all functional areas of companies. Here, the Al system
and the human work independently to achieve a common goal or task (e.g.,
McNeese et al., 2018; Siemon, 2022). Products such as Microsoft CoPilot

— which is being marketed as an everyday AI companion (Microsoft, 2024) —
already offer Al support for a significant portion of daily office work. Howev-
er, it will become increasingly important to enable human oversight of system
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decisions and to ensure that humans retain and even improve their own skills
through collaboration.

Initial studies have already shown that collaboration with Al systems can have
a positive impact on human performance and decision-making, with the ex-
plainability of the output being essential in this context (e.g., Abdel-Karim et
al., 2023; Gaube et al., 2023). These findings are of particular interest for the
deployment of Al systems in high-risk areas, where the human decision-maker
will continue to bear responsibility and retain final decision-making authority.

In an experimental study with radiologists, we were able to show that by collab-
orating with Al-based decision support systems for brain tumor segmentation,
radiologists could improve their performance and decision confidence and even
learn from the Al systems. Explainable output design not only improved the
radiologists’ learning outcomes but also prevented incorrect learning in the case
of errors made by the Al systems. Notably, some radiologists were able to learn
from the mistakes of the Al systems and improve their own performance when
the system presented them in an explainable way (Ellenrieder et al., 2023).

In summary, integrating Al into our daily lives and work processes represents
a significant milestone in technological evolution. AI’s automation capabilities
have been highly anticipated. However, the collaboration between humans
and Al systems holds the most promise for revolutionizing both the economy
and society. Effective collaboration between Al and humans not only utilizes
Al’s capacity to process and analyze large amounts of data but also allows

for human decision-making oversight, particularly in high-risk areas such as
medicine. The challenges associated with Al, such as its propensity for errors,
inscrutability, and inherent biases, underscore the importance of developing
systems that are not only powerful but also explainable and understandable

to human users. Hence, the collaborative approach not only addresses several
ethical and practical challenges posed by Al but also opens up new avenues
for leveraging Al to enhance human capabilities rather than replace them. As
regulations like the AI Act come into effect, demanding higher standards for
the explainability and reliability of Al systems, we are likely to witness more
responsible and beneficial integration of Al across various sectors in the future.

Furthermore, the proposed focus on human-AlI collaboration highlights im-
portant research needs that must be addressed to advance the field. Under-
standing and fostering effective human-Al partnerships will require interdisci-
plinary efforts from fields including computer science, psychology, sociology,
and ethics. As a first step, understanding the human decision-making process
is becoming increasingly important. This includes investigating human pref-
erences and cognitive biases, which can provide insights into how Al systems
can be designed to leverage those preferences and biases to improve future
collaborative efforts. The success of Al technology will depend on the seam-
less integration of Al systems into decision-making processes and applications
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through user-friendly interfaces. Microsoft CoPilot is already making progress
in integrating Al into daily office tasks, but there remains significant potential
to integrate Al systems into the work environment by developing new ap-
proaches that encourage effective bidirectional information exchange between
humans and Al systems.

Second, in collaborative task completion, one party may predominantly take on
certain parts of the task. While humans may become bored or tired of routine
tasks over time, Al systems are well-suited for taking on standardized tasks.
This demands that future research identify and assess which tasks are best suited
for Al systems and which should be performed by humans to optimally achieve
common goals by complementing each other’s strengths. This is crucial not only
for ensuring optimal performance but also for long-term job satisfaction.

Third, the focus on collaborative efforts clearly requires that employees en-
gage with the functionality of Al systems and that companies actively promote
Al training for their workforce. Employees and managers must develop an
understanding of the Al systems deployed rather than hope for automation.
For many types of organizations, building knowledge about Al systems and
establishing rigorous long-term knowledge management present significant
challenges that require new educational approaches.

Fourth, collaboration raises new questions regarding ethical considerations.
Frameworks for the design of Al systems and regulations are needed to deter-
mine who bears responsibility for collaborative decisions and to ensure that dis-
crimination by biased Al systems does not affect collaborative decision-making.

Finally, it must be recognized that XAl outputs are insufficiently developed to
enable non-experts to fully understand Al systems and their decision-making
processes. Interdisciplinary collaboration is required to design XAl for the
diverse user groups that will collaborate with Al in the future. This will ensure
that companies remain competitive and that society benefits without excluding
any segments of the population from this progress.
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