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ABSTRACT
Artificial intelligence (AI) has the potential to significantly enhance human performance across 
various domains. Ideally, collaboration between humans and AI should result in complemen
tary team performance (CTP)—a level of performance that neither of them can attain indivi
dually. So far, however, CTP has rarely been observed, suggesting an insufficient understanding 
of the principle and the application of complementarity. Therefore, we develop a general 
concept of complementarity and formalize its theoretical potential as well as the actual realized 
effect in decision-making situations. Moreover, we identify information and capability asym
metry as the two key sources of complementarity. Finally, we illustrate the impact of each 
source on complementarity potential and effect in two empirical studies. Our work provides 
researchers with a comprehensive theoretical foundation of human-AI complementarity in 
decision-making and demonstrates that leveraging these sources constitutes a viable pathway 
towards designing effective human-AI collaboration, i.e., the realization of CTP.
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1. Introduction

The increasing capabilities of artificial intelligence 
(AI) have paved the way for collaborating with 
humans and supporting them in a wide range of 
domains. Examples include decision support for 
humans in application areas such as customer services 
(Vassilakopoulou et al., 2023), medicine (Jussupow 
et al., 2021), law (Mallari et al., 2020), finance (Day 
et al., 2018), and industry (Stauder & Kühl, 2022). 
With AI decisions becoming increasingly accurate, 
there is an obvious temptation to fully rely on them 
and to automate decision tasks. However, this 
approach often falls short of realizing even better 
performance by combining and integrating the unique 
strengths of the individual members in a human-AI 
team (Seeber et al., 2020). The recent emergence of 
large language models illustrates this (Vaccaro et al., 
2024): While applications like ChatGPT often provide 
helpful, but not always correct results, a human deci
sion-maker can collaborate with the system to, for 
example, override erroneous responses in order to 
achieve superior task performance (Vaccaro et al., 
2024). Similarly, in the medical domain, both AI mod
els and physicians are able to produce diagnoses indi
vidually. It has, however, been demonstrated that 
humans and AI models could make different errors 
(Geirhos et al., 2021; Steyvers et al., 2022) so that they 
may realize superior results when “teamed up”: For 
instance, the AI model might detect patterns in large 

amounts of data that humans might not discover 
easily, while humans might excel at the causal inter
pretation and intuition required to understand these 
patterns (Lake et al., 2017).

This complementarity as the “quality of being dif
ferent but useful when combined” (Cambridge 
Dictionary, 2024) has inspired researchers to investi
gate how humans’ and AI’s individual abilities could 
be leveraged to achieve superior team performance 
compared to either one performing the decision task 
independently. Such an outcome is defined as comple
mentary team performance (CTP) (Bansal et al., 2021). 
This phenomenon is of increasing interest as recent 
studies tell only part of the story: On the one hand, 
various studies have demonstrated that human-AI 
teams are able to outperform human individuals 
(Alufaisan et al., 2021; Inkpen et al., 2023; Liu et al., 
2021; Sarkar et al., 2023)—often not analyzing, 
though, whether they also surpass the AI model’s 
individual performance (Bansal et al., 2021). On the 
other hand, while many settings exist in which 
humans still show better task performance (Grace 
et al., 2018, 2024), recent studies also demonstrate 
evidence for human-AI teams outperforming AI mod
els (Dvijotham et al., 2023; Fügener et al., 2022; Ma 
et al., 2023).

To make things even more complex, the particular 
design of human-AI collaboration in decision-making 
affects humans and their contributions within the 
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team, e.g., the use of unique human knowledge 
(Fügener et al., 2021), the self-assessment of human 
capabilities (Fügener et al., 2022), the adjustments of 
mental models (Bauer et al., 2023), the incentive for 
“active rethinking” (Lu & Zhang, 2024), or human task 
performance and learning (Förster et al., 2024). In 
summary, current research still misses compelling 
explanations for the success of human-AI teams as 
well as a systematic understanding of complementar
ity when the team performance is measured against 
the performance of both team members individually. 
Thus, concentrating on decision-making as an impor
tant application of human-AI collaboration (Lai et al., 
2023), we pursue the following two research questions 
in this work:

RQ1: How can we model human-AI collaboration in 
decision-making to enable a more nuanced under
standing of the synergetic potential in a human-AI 
team?

RQ2: What factors contribute to complementary 
team performance?

We address these research questions by developing 
a conceptualization of human-AI complementarity 
that introduces and quantifies complementarity poten
tial (CP) and complementarity effect (CE) and outlines 
the two key sources of complementarity—information 
and capability asymmetry. In detail, we argue that 
both complementarity potential and complementarity 
effect consist of an inherent and a collaborative com
ponent. Whereas the first component captures deci
sion-making synergies that, for each task instance, can 
be attributed to the individually more accurate team 
member within the human-AI team, the second com
ponent captures decision-making synergies that only 
emerge through collaboration resulting in team deci
sions which are more accurate than each of the indi
vidual ones. We demonstrate the application and the 
value of our conceptualization in two experimental 
studies—leveraging the two sources of complementar
ity, i.e., information and capability asymmetry within 
the human-AI team. In both studies, humans collabo
rate with an AI model to conduct decision-making 
tasks. The AI model provides independent decision 
suggestions that humans can incorporate into their 
judgment to derive a final team decision. In the first 
study, we choose the domain of real estate valuation to 
investigate information asymmetry. We train an AI 
model to predict real estate prices based on tabular 
data. Humans receive its suggestions and also have 
access to a photograph of the real estate. They can 
use both to arrive at a final team decision. In 
the second study, we select the context of image clas
sification to analyze the impact of capability asymme
try between humans and AI. We train two AI models 

whose capability gaps differ from those of the human 
decision-maker. In both studies, we apply our concep
tualization to demonstrate that both of these sources 
increase the inherent component of complementarity 
potential as well as the realized effect, resulting 
in CTP.

To summarize, we make the following contribu
tions to the state of knowledge in information systems 
(IS) research: First, we conceptualize human-AI com
plementarity as a means to comprehensively analyze 
and design human-AI collaboration in decision- 
making. Second, we scrutinize information and cap
ability asymmetries as sources of complementarity. 
Third, we demonstrate the value and application of 
our concepts and the sources’ potential impact in two 
behavioral experiments. This should provide IS 
researchers with a better understanding and metho
dological support when purposefully designing 
human-AI collaboration in decision-making for 
more effective outcomes—thereby supporting the 
development of hybrid intelligence (Dellermann 
et al., 2019) and advocating the “AI with human” 
(opposed to “AI vs. human”) perspective in societal 
debates on the future of work (Huysman, 2020).

In the remainder of this work, we first outline the 
relevant background and related work in Section 2. In 
Section 3, we derive the conceptualization of human- 
AI complementarity. In Section 4, we empirically illus
trate our conceptualization’s utility in two experimen
tal studies. We discuss our results and conclude the 
work in Section 5.

2. Theoretical foundations and related work

In this section, we elaborate on the key concepts and 
on existing work that provide the foundation for 
a formal conceptualization of complementarity. We 
first cover existing differences between humans and 
AI models1 as sources of complementarity, then 
review existing literature on human-AI collaboration 
in decision-making as the means to harness comple
mentarity, and finally summarize the current state of 
knowledge on human-AI complementarity.

2.1. Sources of complementarity: information and 
capability asymmetry

In the following, we assume that both human and AI 
can independently produce solutions to a particular 
decision problem. Collaboration would not be of 
interest if both always generated identical decisions. 
However, human and AI typically make different types 
of errors (Geirhos et al., 2021; Steyvers et al., 2022)— 
a phenomenon that very generally can be traced back 
to two key sources. To illustrate this, we employ 
a simple Input-Processing-Output Model for deci
sion-making (Figure 1)—as used both in IS (D’Arcy 
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et al., 2014; Parsons & Wand, 2012) and social psy
chology (Gladstein, 1984; Hackman & Morris, 1975): 
Any team player (human or AI) draws on and pro
cesses certain sets of information to derive a decision. 
Discrepancies in the decision outcome may either 
stem from different levels of available information 
(information asymmetry) or from different capabilities 
to process this information (capability asymmetry). 
The two asymmetries may then be exploited for 
a (hopefully) improved team decision resulting 
in CTP.

2.1.1. Information asymmetry
Often, humans and AI have access to different sets of 
information as decision input: On the one hand, AI 
models are trained on a well-defined, limited, and 
digitally available set of data (LeCun et al., 2015). 
Humans, however, may also have access to informa
tion that—due to technical or economic reasons—is 
not digitized and, thus, not usable for an AI model 
(Ibrahim et al., 2021). They may use contextual infor
mation or information on rare events for a more hol
istic decision-making setting. For example, AI models 
in the medical domain derive diagnoses from X-ray 
scans by analyzing the pixels of the image (Irvin et al., 
2019). Human radiologists, however, may also draw 
on information from direct interaction with patients 
or from access to medical records. On the other hand, 
the AI may also have access to information not avail
able to the human decision-maker: A driving assis
tance system may base its actions on sensor data, e.g., 
from lidar systems that are not accessible by the 
human while driving (Li & Ibanez-Guzman, 2020).

2.1.2. Capability asymmetry
Even if the information would be identical, different 
outcomes may be driven by different internal modes of 
information processing between human and AI (Kühl, 

Goutier, et al., 2022). Such capability asymmetries 
emerge as AI models encode relationships inferred 
from training data, whereas humans employ composi
tional mental models that encode beliefs about the 
physical and social world (Lake et al., 2017; Rastogi 
et al., 2023). While humans are capable of conducting 
decision-making tasks already after a few trials, AI 
models require vast amounts of training data to 
become capable of accurately performing decision- 
making tasks (Gopnik & Wellman, 2012; Kühl, 
Goutier, et al., 2022; Lake et al., 2017; Tenenbaum 
et al., 2011). Similarly, humans have often gained 
experiences with regard to a particular decision- 
making task continuously over their lifetime, while 
AI models’ experiences are limited to the task 
instances seen during model training and may only 
be updated from time to time (Dellermann et al., 2019; 
Rastogi et al., 2023). On the other hand, AI may excel 
in digesting vast amounts of information much faster 
than humans could, and its processing exhibits 
a greater capability to perceive even small variations 
in data (Findling & Wyart, 2021).

Overall, both asymmetries may give rise to perfor
mance synergies when collaborating in human-AI 
teams. A traditional example is forecasting theory 
(Sanders & Ritzman, 1991, 1995, 2001): Sanders & 
Ritzman (1995) analyze the effects of combining sta
tistical forecasts with predictions of a human with 
access to contextual information and find that such 
combinations could positively impact forecast accu
racy. Composing suitable teams to optimize team per
formance has been investigated for human-only teams 
(Horwitz, 2005), but lately has also been applied to 
human-AI teams (Hemmer et al., 2022). While 
research has shown that such asymmetries can 
improve team performance (Simons et al., 1999; 
Q. Zhang et al., 2022), they also bear the risk of 
negative effects, i.e., performance degradation 
(Dougherty, 1992): Heterogeneous and interdisciplin
ary human-only teams may enjoy benefits from higher 
levels of individual problem-solving creativity that 
may be outweighed, though, by the difficulties to 
effectively communicate with each other (Ancona & 
Caldwell, 1992).

2.2. Means for harnessing complementarity: 
human-AI collaboration

Many terms are used to describe the interplay between 
humans and AI. Common ones are human-AI team 
(Seeber et al., 2020), human-AI collaboration (Vössing 
et al., 2022), and human-AI decision-making (Lai et al., 
2023). These are interrelated concepts that emphasize 
combining the complementary qualities of humans 
and AI. The notion of a human-AI team refers to an 
organizational setup in which AI systems are increas
ingly considered equitable team members rather than 

Information Information

Processing:

Input:

Output: Decision Decision

Capability asymmetry

Information
asymmetry

Team
decision

Collaboration 

Differences

Figure 1. Asymmetries in decision-making between human 
and AI as sources of complementarity.
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support tools for humans—since AI can perform 
a continuously growing number of tasks indepen
dently (Endsley, 2023; Seeber et al., 2020). Human-AI 
collaboration is the process in which these teams work 
together in a synergistic manner to achieve shared 
goals, e.g., with the AI providing recommendations 
or insights, and humans guiding and refining the AI- 
generated outputs (Terveen, 1995; Vössing et al., 
2022). Human-AI decision-making, which is the focus 
of this work, refers specifically to human-AI collabora
tion in decision-making tasks (Lai et al., 2023).

The increasing abilities of AI have contributed to its 
use in a growing number of application domains 
(Kleinberg et al., 2018; McKinney et al., 2020; 
Mikalef & Gupta, 2021; Vassilakopoulou et al., 2023). 
Consequently, AI-based technologies are employed in 
processes and systems with varying degrees of human 
involvement, ranging from autonomous decision- 
making (Rinta-Kahila et al., 2022) to just auxiliary 
support for the ultimate human decision-maker 
(Bansal et al., 2021; Buçinca et al., 2020; Lai et al., 
2020; Liu et al., 2021). In this context, unintended or 
unfair outcomes, e.g., AI-based systems’ decisions that 
benefit certain individuals more than others 
(Kordzadeh & Ghasemaghaei, 2022), have ignited 
a debate on the degree of autonomy granted to AI to 
ensure responsible outcomes (Mikalef et al., 2022). To 
alleviate possible detrimental effects, configurations 
have been suggested that keep humans in the decision- 
making loop (Grønsund & Aanestad, 2020; Herath 
Pathirannehelage et al., 2024; Mikalef et al., 2022).

Researchers have been devoting significant efforts 
to better understand human-AI decision-making and 
to design the collaboration in a way that ultimately 
achieves CTP (Hemmer et al., 2021; Lai et al., 2023). 
Overall, a wide range of behavioral experiments seek 
to help us understand how humans make decisions 
within human-AI teams (Alufaisan et al., 2021; Bansal 
et al., 2021; Buçinca et al., 2020; Carton et al., 2020; 
Fügener et al., 2021, 2022; Lai et al., 2020; Liu et al., 
2021; Vaccaro et al., 2024; Reverberi et al., 2022; van 
der Waa et al., 2021; Q. Zhang et al., 2022). A key 
emerging concept in this space is that of human reli
ance on AI advice that needs to be appropriately 
calibrated to ensure effective decision-making 
(Buçinca et al., 2020; He et al., 2023; Kunkel et al., 
2019; Schemmer et al., 2022; Schoeffer et al., 2023; Yu 
et al., 2019; Y. Zhang et al., 2020). To assist the human 
in judging the AI’s decision quality, the AI can provide 
information about the decision’s uncertainty (Fügener 
et al., 2021; Y. Zhang et al., 2020) or deliver various 
types of explanations that shed light on its decision- 
making rationale (Adadi & Berrada, 2018; Bauer et al., 
2023).

A closer look at quantitative studies on human-AI 
decision-making reveals that, in general, human per
formance increases when supported by high- 

performing AI models. In the vast majority of cases, 
however, the team performance remains inferior to 
that of the AI model when performing the task alone 
(Hemmer et al., 2021; Vaccaro et al., 2024). This 
means that joint decision-making currently does not 
lead to the realization of the full complementarity 
potential: Humans often do not show appropriate 
reliance by contributing their own decision capabil
ities in the right places. While recent studies have 
shown that the performance of human-AI teams can 
improve beyond that of the individual team members 
(Dvijotham et al., 2023; Fügener et al., 2022; Ma et al., 
2023), the underlying mechanisms why performance 
synergies often fail to materialize are still poorly 
understood. Research has explored different paths: 
First, humans’ ability to exert appropriate reliance 
depends on the overall decision-making situation, 
e.g., whether it is possible to ex post verify the correct
ness of the decisions (de Véricourt & Gurkan, 2023). 
Second, “imperfections” on the human side may con
tribute to this: Humans can struggle to correctly assess 
their own capabilities in comparison to that of the AI 
(Fügener et al., 2022). They may develop implicit 
biases against the AI that inhibit their willingness to 
rely on its advice (Turel & Kalhan, 2023), or they may 
start to mirror the AI’s behavior by following its advice 
even when it is incorrect (Fügener et al., 2021). Third, 
humans may be misled by signals from the AI that 
were originally intended to help them better assess its 
decision quality. Additional explanations may not be 
correct (Morrison et al., 2024), or they may distort 
humans’ situational balancing of available informa
tion, leading to misconceptions and suboptimal deci
sions (Bauer et al., 2023). Overall, further research is 
required to provide the means for developing a holistic 
understanding of the synergetic potential between 
humans and AI—an objective this work pursues by 
proposing a conceptualization of human-AI 
complementarity.

2.3. Concepts related to human-AI 
complementarity

Complementarity between humans and AI is dis
cussed as part of several closely related paradigms:

Intelligence augmentation, human-machine symbio
sis, and hybrid intelligence.

Intelligence augmentation is defined as “enhancing 
and elevating human’s ability, intelligence, and per
formance with the help of information technology” 
(Zhou et al., 2021, p. 245). It follows the idea that 
machines use their abilities to assist humans, not 
necessarily to achieve CTP, but to improve human 
objectives. Human-machine symbiosis is a paradigm 
that envisions deepening the collaborative connection 
between humans and AI. It is based on the notion of 
a symbiotic relationship between both and considers 
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them as a common system rather than two separate 
entities with the aim of becoming more effective 
together than working separately (Licklider, 1960). It 
also makes the assumption that both entities can offer 
different capabilities that can be leveraged to over
come human restrictions and to reduce the time 
needed to solve problems (Gerber et al., 2020; Jain 
et al., 2021). Hybrid intelligence pursues the idea of 
combining human and AI team members in the form 
of a socio-technical ensemble. We refer to the work of 
Dellermann et al. (2019, p. 640), who define hybrid 
intelligence as “the ability to achieve complex goals by 
combining human and artificial intelligence, thereby 
reaching superior results to those each of them could 
have accomplished separately, and continuously 
improve by learning from each other”.

Nevertheless, existing studies under these labels do 
not provide theoretical views of human-AI comple
mentarity. Articles by Donahue et al. (2022), Steyvers 
et al. (2022), and Rastogi et al. (2023) are the only 
works to theorize about human-AI complementarity. 
Donahue et al. (2022) discuss scenarios in which CTP 
could occur by considering fairness aspects. Steyvers 
et al. (2022) derive a framework for combining indi
vidual decisions and different types of confidence 
scores from humans and AI models. Lastly, Rastogi 
et al. (2023) propose a taxonomy of human and AI 
strengths together with the notion of across- and 
within-instance complementarity. All three differ 
from our approach as they do not distinguish between 
complementarity potential (CP) and complementarity 
effect (CE) with their respective components. 
Moreover, they do not empirically analyze human-AI 
decision-making in behavioral experiments.

3. Conceptualization of human-AI 
complementarity

In this section, we first introduce the fundamental 
notion of human-AI complementarity and formalize 

our decision-making situation as a basis for further 
analysis. Subsequently, we introduce and formalize the 
concepts of complementarity potential and effect, and 
relate them to the underlying sources of 
complementarity.

3.1. The principle of human-AI complementarity

We first motivate the underlying idea of complemen
tarity which drives effective human-AI decision- 
making. In this work, we focus on the performance 
on decision-making tasks that humans and AI can 
conduct independently—recognizing that AI models 
have elevated above pure decision support for 
humans. However, since neither humans nor AI are 
perfect, discrepancies in access to information or in 
capabilities could be leveraged to generate superior 
outcomes in a human-AI team. Figure 2 illustrates 
the situation in a simple example for a set of decisions: 
The decision-making task comprises 25 instances that 
each have a set of possible discrete outcomes only one 
of which is correct. The number of incorrect decisions 
measures the performance of each individual team 
member and the human-AI team, respectively. The 
AI makes 13 incorrect decisions, while the human 
errs at 15 task instances when conducting the task 
independently. 5 of the instances can neither be solved 
by the AI nor the human on their own. Consequently, 
if the human-AI team were just to pick the correct 
decision of either the AI or the human, the team could 
correctly solve 20 instances and would only miss the 5 
that none of them can solve. In other words, relying on 
the correct individual decisions of each team member 
improves the result compared to the AI acting alone 
(as the individually better performing team member): 
While the AI still shows 13 incorrect decisions when 
acting independently, teaming up with the human can 
reduce this number to 5—realizing an improvement 
potential of 8 decisions. Moreover, it is also conceiva
ble that—while none of the team members is correct 

Human & AI working alone

Instance correctly 
classified by AI

Instance correctly 
classified by a human

Instance that neither a human 
nor AI can classify correctly

Instance correctly classified 
by a human and AI

Figure 2. Illustration of the principle of human-AI complementarity based on different (in)correct decisions that human and AI can 
make.
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individually—the interaction between the team mem
bers may allow the generation of correct team deci
sions even for the remaining 5 red task instances in 
Figure 2 representing an additional improvement 
potential:2 Team members may recognize through 
collaboration that they have different information or 
capabilities that they can jointly apply. Let us, e.g., 
assume that a task would be to deliver a diagnosis on 
cancer. Both a human radiologist and an AI analyzing 
patient data might each individually render a wrong 
diagnosis, e.g., “malign cancer” conjectured by the 
human and “no cancer” proposed by the AI. If, how
ever, the human might learn about the AI’s rationale 
(e.g., regions in the X-ray scan crucial for the decision) 
or the AI might learn about “side” information that 
the radiologist has on the patient history, they jointly 
may arrive at the correct diagnosis “benign cancer”.

For human-AI teams to achieve CTP, it is essential 
that they manage to realize these improvement poten
tials. If their information and capabilities could be 
adequately combined, the team performance in such 
situations would be superior to their individual per
formances (Rastogi et al., 2023).

In the introductory example, performance is cap
tured by the absolute number of errors. Depending on 
the application context, more intricate measures could 
also be applied, e.g., precision or recall in classification 
tasks (e.g., when analyzing radiology images in health 
care), mean absolute error in prediction tasks (e.g., 
when making sales forecasts for inventory manage
ment), or more complex compound metrics (e.g., 
when weighting multiple dimensions of interest).

In reality, the performance of humans and AI varies 
depending on the task and the application domain. 
Enabled by advances in AI research over the last few 
years, there has been an increasing number of tasks 
where the performance of AI has reached or even 
exceeded that of humans (Afshar et al., 2022; Bubeck 
et al., 2023; Silver et al., 2018). However, many appli
cations remain in which human performance remains 
superior (Brynjolfsson et al., 2018; Grace et al., 2018, 
2024). For the motivating example, we chose a setting 
in which the AI makes fewer errors—as a reflection of 
the developments in AI model performance over the 
last years. However, the conceptualization that we 
develop in this section is independent of the perfor
mance relationship between human and AI.

3.2. Human-AI decision-making setting

Let us first define the human-AI decision-making 
setting illustrated in Figure 2, which is the founda
tion of this work: A decision task T ¼ x ið Þ; y ið Þ� �� �N

i 
is a set of N instances x ið Þ 2 X with corresponding 
ground truth labels y ið Þ 2 Y denoting the correct 
results. In this section, we use the term decision for 

both classification and prediction tasks. The ground 
truth, i.e., the correct decision, might not be known 
at the time of the decision, but can be determined 
and revealed later. Both a human decision-maker 
H and a machine learning model, which we denote 
as AI, are capable of independently producing 
a decision for each task instance. For any given 
instance x ið Þ, the human and the AI will indepen
dently derive decisions ŷ ið Þ

H and ŷ ið Þ
AI . In a scenario 

where the human and the AI might collaborate in 
respect of their decision-making, a collaboration 
mechanism I ŷ ið Þ

H ; ŷ
ið Þ

AI

� �
integrates their decisions 

into a final team decision ŷ ið Þ
I . We note that this 

decision might be different from each individual 
decision.

Each decision’s quality is measured by its deviation 
(“loss”) from the ground truth—by a loss function l 
bounded in Rþ. This function serves as a generic mea
sure of performance that could take different forms 
with different decision problems, e.g., an error rate 
used in classification tasks (like the number of wrong 
or unsolved task instances in Figure 2). For any 
instance x ið Þ, losses l ið Þ

D with D 2 H;AI; If g are given 
by l ið Þ

H for the human decision, l ið Þ
AI for the AI decision, 

and l ið Þ
I for the integrated team decision. This results in 

overall losses LD for the entire task by averaging all the 
available instances: 

3.3. Complementarity potential

From a decision-theoretic perspective, the vision of 
human-AI decision-making is to attain a superior 
team performance compared to the human and the 
AI conducting the task individually—providing the 
fundamental reason for forming human-AI teams 
(Rastogi et al., 2023). In our context, the human-AI 
team reaches complementary team performance (CTP) 
when the loss of the team is strictly smaller than that of 
the human and the AI individually (Bansal et al., 
2021): 

In addition to a binary task outcome, we propose the 
notion of complementarity potential (CP) to measure 
the discrepancy between the overall loss of the indivi
dually better performing team member T� 2 H;AIf g

with LT� ¼ min LH; LAIð Þ and perfect decisions for all 
instances of a task, i.e., the selection of the ground 
truth, with an overall loss of 0: 
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In our introductory example in Figure 2, the overall 
loss is quantified by the number of wrong decisions. 
Consequently, the complementarity potential 
amounts to 13, which is given as the minimum num
ber of individual errors (13 for the AI, 15 for the 
human).3 It should be noted that only 8 task instances 
of this potential can be realized by picking the better 
individual decision, while 5 task instances cannot be 
solved individually, but only—if at all—in collabora
tion, resulting in a decision that neither AI nor human 
could come up with on their own. We reflect this by 
distinguishing two components: Inherent and colla
borative complementarity potential.

Inherent complementarity potential represents 
improvement potential, i.e., loss reductions, that— 
from the perspective of the overall more accurate 
team member T�—could be contributed by any super
ior decisions on the instance level by the overall less 
accurate team member. This means that the team 
decision is confined to the solutions contributed by 
one of the team members—in the introductory exam
ple (Figure 2) represented by the 20 “gray and black” 
task instances solvable by at least human or AI: 

Collaborative complementarity potential, on the other 
hand, signifies improvement potential, i.e., loss reduc
tions, that go beyond the individual team solutions by 
generating “new” knowledge. It may be noted that this 
is only possible if there is interaction between the team 
members enabling them to learn from the result of the 
partner and realize integrated values ŷ ið Þ

I 2 Y different 
from the individual ones (ŷ ið Þ

H and ŷ ið Þ
AIÞ. In the intro

ductory example (Figure 2), this is captured by the 5 
“red” task instances not solvable by either team mem
ber alone.

We illustrate both potentials from a general 
perspective on a continuous range by looking at 

the individual losses of human and AI for a single 
task instance in Figure 3. Without loss of general
ity, we assume that the AI is the overall better 
performing individual team member (LAI � LH). 
If for this particular instance the overall inferior 
team member, i.e., the human, could help reduce 
the loss with his/her decision, we denote inherent 
complementarity potential (scenario 1). The 
remaining loss is unavoidable if—according to 
Equation (4)—the team decision is restricted to 
one of the team members’ individual decisions. 
Thus, the loss of the better performing team mem
ber for a task instance constitutes the collaborative 
complementarity potential. This potential could 
only be exploited if the team members’ collabora
tion yields new insights for this task instance that 
were not available for the individual decisions 
before the collaboration (scenario 1 and 2), result
ing in a team decision that incurs a loss lower 
than that of each team member (human and AI) 
individually.

Formally, inherent complementarity potential 
CPinh can be calculated by aggregating all potential 
loss improvements on the instance level where the 
overall worse performing team member can help 
improve the team result: 

The collaborative complementarity potential CPcoll 

can be calculated by aggregating the remaining mini
mum losses per task instance that the team members 
incur individually: 

Figure 3. Complementarity potential (CP) split into inherent (CPinh) and collaborative (CPcoll) components for a single instance with 
better human performance (left) and better AI performance (right) in respect of T� ¼ AI. lD denotes the instance-specific loss with 
D ∈ {H, AI} with a lower loss indicating better performance for the same instance.
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The inherent and collaborative components are addi
tive and together form the total complementarity 
potential CP (see Appendix A for additional details): 

In our introductory example, the total complemen
tarity potential of 13 instances can be differentiated 
into an inherent complementarity potential (CPinh) of 
8 instances (for which the human team member can 
contribute the correct solution), and a collaborative 
complementarity potential (CPcoll) of 5, with none of 
the team members arriving at the correct decision 
individually.

3.4. Complementarity effect

In real-world collaboration scenarios between 
a human and AI, it is, of course, unlikely that the 
entire complementarity potential will be exploited. 
We, therefore, introduce the complementarity effect 
(CE) as that part of this potential that is actually 
realized by the integrated team decision. Measuring 
and dissecting this effect will allow observed human- 
AI decision-making settings to be analyzed in greater 
detail, in order to infer conclusions about the colla
boration’s effectiveness, and to purposefully develop 
and compare collaboration designs and mechanisms. 
Analogous to the complementarity potential in 
Equation (3), the realized complementarity effect 
accounts for the difference between the average loss 
of the overall individually better team member and 
that of the integrated team decision (LI > 0): 

We expand our introductory example (Figure 2) in 
Figure 4 by incorporating (hypothetical) integrated 
human-AI team decisions for all instances. Let us 
assume that the human-AI team makes 9 incorrect 
decisions, compared to 13 errors by the AI and 15 

errors by the human when acting independently. 
Thus, this collaboration generates a complementarity 
effect of 4—realizing 31% of the full complementarity 
potential of 13.

The complementarity effect measures loss improve
ments—from the perspective of the overall more accu
rate team member T�—that are realized by the 
integration of individual decisions into a team deci
sion. Analogous to inherent or collaborative comple
mentarity potential, we can split the complementarity 
effect into the same two categories. Figure 5 illustrates 
the different scenarios that could materialize for 
a particular task instance in terms of the losses caused 
by the solutions of human, AI, and the (integrated) 
team for the same task instance. Again, we assume, 
without loss of generality, the AI to be the overall 
better performing individual team member 
(LAI � LH). If there is inherent complementarity 
potential (i.e., the overall inferior human is more 
knowledgeable for the particular task instance), this 
potential may be realized either partially (lAI > lI > lH , 
scenario 1), fully (lAI > lH > lI , scenario 2), or not at all 
(lI > lAI , scenario 3). No inherent complementarity 
potential exists where the overall better performing 
team member also dominates in the particular task 
instance (scenario 4).

In addition, the collaborative complementarity 
potential (as the smaller loss of the team members in 
each scenario) could be tapped into. While in scenario 
1 only a fraction of the inherent complementarity 
potential is realized, scenario 2 not only fully exploits 
the inherent complementarity potential, but also taps 
into some of the collaborative complementarity poten
tial. Neither scenarios 3 nor scenario 4 realize any 
inherent complementarity potential, but solely contri
bute collaborative complementarity effects: In sce
nario 3 the integrated solution performs even worse 
than that of the inferior team member—resulting in 
a negative collaborative complementarity effect, i.e., 

Inherent Collaborative Total

3158laitnetoPytiratnemelpmoC:laciteroehT

413tceffEytiratnemelpmoC:dezilaeR

Human & AI working as teamHuman & AI working alone

Instance correctly 
classified by AI

Instance correctly 
classified by a human

Instance that neither a human 
nor AI can classify correctly

Instance correctly classified 
by a human and AI

Instance correctly classified 
by human-AI team

Figure 4. Illustration of (theoretical) complementarity potential and (realized) complementarity effect for a hypothetical situation 
extending the introductory example in Figure 2.

986 P. HEMMER ET AL.



the collaboration actually worsens the outcome. 
Conversely, in scenario 4, the integrated solution out
performs the better team member, generating 
a positive collaborative complementarity effect.

In general, we can aggregate the complementarity 
effects across all instances of a task and summarize both 
cases (AI or human with overall better performance) 
and the scenarios above (depending on the instance 
performance of human, AI, and human-AI team):   

(9)

(10)

Analogous to Equation (7), the inherent and colla
borative components add up to the total complemen
tarity effect (see Appendix A for additional details): 

In our extended introductory example in Figure 4, 
we find that of the 8 task instances offering inherent 

complementarity potential, 3 could be realized as an 
inherent complementarity effect (CEinh) by taking the 
human’s individual decision suggestions into account. 
Of the 5 task instances for which neither the human 
nor the AI could individually make a correct decision, 
collaboration enabled the human-AI team to make 
correct decisions regarding 3 task instances. 
However, also 2 task instances that the AI alone 
could have performed correctly are subject to an erro
neous decision due to the collaboration. 
Consequently, the collaborative complementarity 
effect (CEcoll) amounts to 1 and the total complemen
tarity effect (CE) to 4.

3.5. Sources of complementarity: the impact on 
complementarity potential and effect

In the motivating example, the human and the AI 
make erroneous decisions for different task instances 
allowing for possible performance synergies that may 
be attainable through collaboration. We used this 
example to introduce the measures of complementar
ity potential and effect.

Differences in human and AI decision-making can 
arise from information and capability asymmetries as 
introduced earlier (Section 2.1). These asymmetries 
are fundamental for the existence of complementarity. 
They cause different decisions to be taken by humans 
and AI on an instance level and, therefore, influence 

Figure 5. Illustration of (theoretical) complementarity potential (CP) and (realized) complementarity effect (CE) in respect of 
different loss scenarios for a single instance—assuming, without loss of generality, that the AI performs better overall T� ¼ AIð Þ. lD 

denotes the instance-specific loss with D 2 H; AI; If g—with a lower loss indicating better performance for the same instance.
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the complementarity potential and the realized com
plementarity effect including both components. 
Leveraging information asymmetry means making 
information available to the team: Advantages can be 
captured as inherent (when the team decision for 
a task instance corresponds to the individual decision 
of the team member with “better” information) or as 
collaborative complementarity potential/effect (when 
the information of both team members is joined 
resulting in new insights and a team decision different 
from the individual ones). Similarly, capability asym
metries may contribute to inherent (when the team 
decision corresponds to the individual decision of the 
team member that is more capable for the particular 
task instance) or collaborative complementarity 
potential/effect (when capabilities complement each 
other, e.g., human experience and AI computational 
power, resulting in a team decision that differs from 
the individual ones).

It may be noted, though, that realizing complemen
tarity potential (and, thus, achieving CTP) involves 
managing a number of trade-offs: Information and 
capabilities are typically not distributed in a way that 
either the human or the AI dominates across all exist
ing task instances (Geirhos et al., 2020, 2021; Kühl, 
Goutier, et al., 2022). There may be pieces of informa
tion that only the human or only the AI has access to: 
In our earlier radiology example, this may be contex
tual information about a patient that the physician has 
and a large variety of cases in the training set that only 
the AI is able to access. In addition, also information 
may be traded off against capabilities: Assuming the 
radiologist has dominating information, it may be 
outweighed by the capabilities of the AI to 

automatically digest and evaluate the information 
available to it in real time.

We summarize the notion of complementarity, its 
sources, and the measures of complementarity poten
tial and effect in the conceptual framework in Figure 6. 
Each source can affect both the “inherent” and “colla
borative” components of complementarity potential 
and effect. Our conceptualization presented in this 
section is intended to provide a deeper understanding 
of the phenomenon as well as to provide a concrete 
measurement construct for systematically harnessing 
complementarity.

To illustrate and evaluate this framework, we now 
design two behavioral experiments in which humans 
and AI make decisions on their own and jointly for 
a set of task instances. We investigate how the pre
sence of information (Section 4.1) and capability 
(Section 4.2) asymmetry affect the team’s complemen
tarity potential, the realized complementarity effect as 
well as the joint team performance.

4. Experimental studies

To demonstrate the proposed conceptualization’s 
value and application, and to further investigate 
human-AI decision-making in the presence of the 
identified sources of complementarity—information 
and capability asymmetry—we conducted two beha
vioral experiments. Specifically, we focused on a team 
setting in which a human decision-maker has access to 
AI advice and is subsequently responsible for making 
the final team decision based on his/her judgment and 
that of the AI (Green & Chen, 2019). In this collabora
tion setup, the team decision either matches the 

Figure 6. Conceptual framework for human-AI complementarity. It summarizes the complementarity potential and effect, 
including the inherent and collaborative components. Information and capability asymmetry can affect both the theoretically 
existing potential and the realized effect.
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individual human or AI decision—i.e., the human 
relies fully on his/her judgment or that of the AI—or 
it can be a function of the individual human and AI 
decision—i.e., an “integrated” decision that potentially 
differs from both individual ones. In the first experi
ment, we investigated the effect of information asym
metry on decision-making in the human-AI team in 
the form of additional contextual information only 
available to the human. In the second experiment, we 
investigated the effect of capability asymmetry on joint 
decision-making with different levels of diversity 
between the capabilities of humans and AI.

4.1. Experiment 1: the effect of information 
asymmetry

In the first experiment, we applied the conceptualiza
tion developed in Section 3 to study the effect of 
information asymmetry between humans and AI as 
a relevant source of complementarity. More precisely, 
we created an intervention in which humans are given 
contextual information withheld from the AI to inves
tigate whether and how this affects the final team 
decision and the realized complementarity effect.

4.1.1. Task and AI model
We drew on a real estate appraisal task provided on 
the data science website kaggle.com (Kaggle, 2019). 
Since housing is a basic need, and because it is ubiqui
tous in everyone’s life, all people to some degree have 
the ability to assess a house’s value on the basis of 
relevant factors such as size or appearance. The data 
set encompasses 15,474 houses and contains informa
tion about the street, city, number of bedrooms, num
ber of bathrooms, and size (in square feet). In the data 
set, the house prices denote their listing price. The 
average house price is $703,120, ranging between 
a minimum of $195,000 and a maximum of 
$2,000,000. An image of each house is also provided.

In respect of the house price prediction task, we 
implemented a random forest regression model as the 
AI model (Breiman, 2001). We drew on the individual 
trees in the random forest to generate a predictive 
distribution for each instance and provided the 5% 
and 95% quantiles as indicators of the AI model’s 
prediction uncertainty. We used 80% of the data as 
the training set and 20% as the test set. We trained the 
random forest on the following features: the street, 
city, number of bedrooms, number of bathrooms, 
and square feet of the house. The house’s image was 
withheld from the AI model.

In respect of the behavioral experiment, we focused 
on detached family houses in the test set, with the 
existing image providing a view of its exterior. From 
these, we randomly drew a hold-out set of 15 houses to 
serve as samples for our behavioral experiment. The 
AI model achieves a performance measured in terms 

of the mean absolute error (MAE) of $163,080 regard
ing the hold-out set, which is representative of its 
performance on the entire test set. In respect of the 
condition with unique human contextual information 
(UHCI), we gave humans an additional image of the 
house, which is likely to constitute valuable informa
tion. Humans are able to leverage their general under
standing to form an overall assessment based on the 
house’s features, the visible surroundings, and its 
appearance. We conducted an initial pilot study to 
verify this assumption (Appendix B.1 contains addi
tional details).

4.1.2. Study design
We conducted an online experiment with a between- 
subject design. We recruited participants from proli
fic.com. The study included two conditions (one with 
UHCI and one without UHCI) and randomly assigned 
each participant to one of them. In the condition 
without UHCI, participants were only given the 
houses’ tabular data, while participants in the condi
tion with UHCI were also given images of the house. 
We did not allow any repeated participation. Each 
participant passed the following steps: First, they 
were asked for their consent and to answer a control 
question. After receiving instructions about the study, 
participants had to complete a tutorial to familiarize 
themselves with the task, the data and the AI. 
Subsequently, they conducted two training task 
instances before being transferred to the main task 
which consisted of 15 house price task instances pre
sented in random order. For each instance, partici
pants had to provide a prediction before receiving the 
AI’s recommendation. Then, they were asked to adjust 
the AI’s prediction in the best possible way, constitut
ing the joint human-AI team prediction. Finally, par
ticipants had to complete a questionnaire regarding 
qualitative feedback and demographic information. 
Figure 7 depicts the main task’s interface for both 
conditions. We refer to Appendix B.2 for a detailed 
description of the study design.

The overall task lasted approximately 30 minutes. 
Before recruiting participants, we computed the 
required sample size in a power analysis using 
G*Power (Faul et al., 2007). Based on the pilot 
data, we expected a large effect (d = 0.8). We 
referred to an alpha value of 0.05, while taking 
multiple testing into account in order to achieve 
a power of 0.8. This resulted in a total sample size 
of 86. Anticipating that some participants will fail 
the attention checks, we recruited a total of 120 
participants (60 per condition). They received 
a base payment of £5 and are additionally incenti
vized following the approach of Kvaløy et al. (2015), 
who show the benefits of combining non-monetary 
motivators, such as recognition, attention, and ver
bal feedback, with performance-based pay. We 
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achieved this by adding motivational statements and 
by giving the top 10% participants an 
additional pound. Note that the two training task 
instances are not included in the final evaluation. 
To ensure the quality of the collected data, we 
removed those participants whose entered prices 
exceed the communicated maximum house price 
of $2,000,000 in the data set. We also identified 
outliers for removal by using the median absolute 
deviation (Leys et al., 2013; Rousseeuw & Croux, 
1993). After applying these criteria, we continued 
with the data of 101 participants across both con
ditions—53 in the treatment without UHCI and 48 
in that with UHCI (see Appendix B.3 for additional 
details about the participants).

4.1.3. Evaluation measures
For each participant, we measured the loss of the 
human (lH), the AI (lAI), and the team decision (lI) 
as the absolute error, and calculated the average over 
all task instances to receive the human (LH), the AI 
(LAI), and the team performance (LI) corresponding to 
the mean absolute error (MAE). Furthermore, we 
calculated the complementarity potential’s and com
plementarity effect’s respective components as defined 
in Section 3. Finally, for each measure, we calculated 
the average over all the participants.

4.1.4. Results
In this section, we analyze the impact of unique 
human contextual information on the team perfor
mance, the complementarity potential, and the com
plementarity effect. We evaluate the results’ 
significance by using the Student’s T-test and the 
Mann-Whitney U-test, depending on whether the pre
requisites have been fulfilled. We apply the Bonferroni 
correction and adjust the p-values accordingly. First, 
we focus on the impact of contextual information on 
performance, followed by an in-depth analysis of its 
impact on complementarity potential and effect.

Figure 8 displays the isolated human and joint 
human-AI performance for both conditions. It also 

includes the performance of the AI alone. We first 
evaluate the impact of unique human contextual infor
mation without any AI assistance. Participants in the 
treatment without UHCI achieve an MAE of $251,282, 
while those in the treatment with UHCI yield an MAE 
of $200,510—an improvement of $50,772 (20.21%), 
which is significant (d = 0.92, p < 0.001, two-sample, 
two-tailed T-test). This result confirms the general 
usefulness of the provided house images from the 
human perspective.

Next, we evaluate the impact of unique human 
contextual information when the human is teamed 
with the AI. The team performance in the treatment 
without UHCI results in an MAE of $160,095 versus 
an MAE of $148,009 in the treatment with UHCI—an 
improvement of $12,086 (7.55%), which is significant 
(d = 0.59, p < 0.05, two-sample, two-tailed T-test). In 
both treatments, the human-AI team outperforms the 
AI (MAE: $163,080). Whereas the difference between 
the performance of the human-AI team and the per
formance of the AI alone is significant in the treatment 
with UHCI (d = 0.68, p < 0.001, one-sample, two- 
tailed T-test), the difference in the treatment without 
UHCI does not constitute a significant improvement 
(d = 0.16, p = 1.0, one-sample, two-tailed T-test).

Figure 7. An overview of the interfaces containing the information that the participants were given in the respective behavioral 
experiment’s treatments.

Figure 8. Performance results as the MAE across the conditions 
(UHCI = unique human contextual information), including 95% 
confidence intervals. The red horizontal line denotes the AI 
performance.
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4.1.4.1. Complementarity potential. First, we ana
lyze the inherent complementarity potential (CPinh). 
We observe a significant increase due to the unique 
human contextual information. In the condition with
out UHCI, the CPinh is $42,995, and increases to 
$61,970 in the condition with UHCI (d = 1.05, 
p < 0.001, two-tailed Mann-Whitney U test). This 
shows that the images contain useful contextual infor
mation for humans, which the AI cannot access, 
resulting in fewer shared errors that humans and AI 
make individually.

Next, we calculate the collaborative complemen
tarity potential (CPcoll). Whereas in the condition 
without UHCI, the CPcoll results in $120,085, in the 
condition with UHCI it amounts to $101,110. The 
difference is statistically significant (d = 1.05, 
p < 0.001, two-tailed Mann-Whitney U test). Since 
the participants in both conditions work with the 
same AI model, which has an overall better indivi
dual performance, the CP (i.e., the sum of the 
inherent and collaborative component) is $163,080 
in both conditions. As CPinh increases due to 
UHCI, CPcoll decreases because the CP remains 
constant.

4.1.4.2. Complementarity effect. Then, we focus on 
the realized complementarity potential, i.e., the com
plementarity effect (CE). We find a significant dif
ference between the inherent complementarity effect 
(CEinh) in both conditions (without UHCI: $14,468; 
with UHCI: $27,860; d = 0.87, p < 0.001, two-tailed 
Mann-Whitney U test), which highlights contextual 
information’s potential. This absolute increase might 
be due to an increase in inherent complementarity 
potential and/or an improvement in the integration 
of both team members’ predictions through the 
human. In order to investigate this further, we also 
calculate the inherent complementarity effect’s (CEinh

CPinh) 
relative amount. This analysis reveals that unique 
human contextual information not only enhances 
the theoretically available inherent complementarity 
potential, but that the participants could also use 
significantly more of it (without UHCI: 34%; with 
UHCI: 45%; d = 0.82, p < 0.001, two-tailed Mann- 
Whitney U test).

Next, we analyze unique human contextual informa
tion’s impact on the collaborative complementarity 
effect (CEcoll). We do not find a significant difference 
between the two treatments (without UHCI: $–11,483; 
with UHCI: $–12,789; d = 0.08, p  = 1.0, two-tailed 
Mann-Whitney U test). The negative collaborative com
plementarity effect results from the AI outperforming its 
human team member individually in the experimental 
setup. A positive CEcoll can only occur on individual task 
instances where the team loss is even lower than that of 
the AI and the human alone (see Figure 5). Nevertheless, 

investigating the individual performance of humans and 
AI as well as the team performance for each house 
separately reveals that the human-AI team can derive 
team decisions for task instances 1, 4, and 13 that are, on 
average over all participants, more accurate compared to 
the respective individual decisions of human and AI. 
This demonstrates the occurrence of a positive colla
borative complementarity effect for these three task 
instances. See Appendix B.4 for detailed results regard
ing a performance analysis of each house.

Finally, CEinh and CEcoll can be summed to 
obtain the total complementarity effect (CE), 
which equals the performance difference between 
the best individual team member and the joint 
human-AI team performance (without UHCI: 
$2,985; with UHCI: $15,071). Figure 9 summarizes 
the results of our experiment.

4.2. Experiment 2: the effect of capability 
asymmetry

In the second behavioral experiment, we applied 
the conceptualization to study the effect of capabil
ity asymmetry between humans and AI as another 
relevant source of complementarity. In detail, start
ing with a “baseline” AI, we created an intervention 
in which we increase the asymmetry between the 
AI’s and the humans’ capabilities while keeping its 
overall performance constant. This means 
the second AI tends to make correct decision sug
gestions for task instances that tend to be more 
difficult for humans (“complementary” AI).

4.2.1. Task and AI model
To investigate the effect of capability asymmetry on 
the human-AI team performance in decision- 
making, we chose the image recognition context. 
Research has demonstrated that humans and AI 
tend to make different errors on image classifica
tion tasks (Fügener et al., 2021; Steyvers et al., 
2022). Specifically, an AI model based on deep 
convolutional neural networks tends to infer classi
fication decisions differently than humans do 
(Geirhos et al., 2020, 2021). We could therefore 
expect the AI model to classify certain images 
more accurately than humans and vice versa, 
thereby creating inherent complementarity poten
tial. However, it remains unclear whether this natu
rally existing potential could be sufficiently realized 
when humans incorporate the AI decision into 
a final team decision, and whether its increase in 
the intervention affects the realization.

In order to undertake the experiment, we drew on 
the image data set that Steyvers et al. (2022) provided. 
The data set comprises 1,200 images distributed evenly 
across 16 classes (e.g., airplane, dog, or car). It was 
curated on the basis of the ImageNet Large Scale 

EUROPEAN JOURNAL OF INFORMATION SYSTEMS 991



Visual Recognition Challenge (ILSVRC) 2012 data
base (Russakovsky et al., 2015). To increase the task 
difficulty for humans and the AI, the authors applied 
phase noise distortion at each spatial frequency, which 
was uniformly distributed in the interval [� ω;ω] with 
ω ¼ 110. Despite the heightened difficulty level, both 
humans and AI can attain comparable performance 
on the task. In addition to ground truth labels, the data 
set also contains multiple human predictions for each 
image provided by crowd workers, allowing us to infer 
a proxy for human classification difficulty. Images 
with a high disagreement in respect of multiple 
human predictions indicate a higher level of difficulty 
for humans.

We implemented the AI model as 
a convolutional neural network, more precisely, as 
a DenseNet161 (Huang et al., 2017), pre-trained on 
ImageNet. We partitioned the data set into 
a training (60%), validation (20%), and test set 
(20%). In the baseline condition, we fine-tuned 
the AI model on the distorted images over 100 
epochs, applying early stopping on the validation 
loss. We used SGD as an optimizer with a learning 
rate of 1·10� 4, a weight decay of 5·10� 4, a cosine 

annealing learning rate scheduler, and a batch size 
of 32. The AI model achieves a classification error 
of 26.66% on the test set.

In the intervention, we created an alternative AI 
model that makes erroneous decisions for different 
instances. We fine-tuned the DenseNet161 model 
exactly as in the baseline condition, but, for each 
image in the training set, also incorporated 
a human prediction as an additional label in the 
training process in order to incentivize the AI 
model to learn to correctly classify the images 
that tend to be more difficult for humans 
(Hemmer et al., 2022; Madras et al., 2018; Wilder 
et al., 2020). See Appendix C.1 for additional 
implementation details of this approach. Even 
though the AI model has a slightly higher classifi
cation error of 33.75%, this approach results in 
higher capability asymmetry, i.e., non-overlapping 
capabilities between the humans and the AI model. 
We selected 15 images from the test set for the 
experiment, such that both AI models exhibit the 
same performance on the test set (26.66%), while 
considering non-overlapping errors between both 
AI models.

Figure 9. Result summary of the real estate appraisal experiment.
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4.2.2. Study design
We conducted an online experiment, employing 
a between-subject design with two conditions. 
Participants were recruited from prolific.com and ran
domly assigned to one of the conditions; repeated 
participation was not allowed. We employed 
a similar experimental set up as in the first experiment: 
Participants were transferred to the experimental web
site where they had to submit a consent form and 
answer a control question and an attention check. 
Subsequently, they received a tutorial about the task, 
the data, and the AI followed by a practice round 
comprising three images which had to be classified 
without AI assistance. Next, in the main task, partici
pants had to classify 15 images in randomized order. 
First, they had to provide their own classification 
before receiving AI advice and were subsequently 
asked to verify and adjust the AI classification if neces
sary. Finally, participants had to answer 
a questionnaire regarding qualitative feedback and 
demographic information. Figure 10 displays the 
interface of the main task. We refer to Appendix C.2 
for further information on the study design.

The overall task lasted approximately 20 minutes. 
Before recruiting participants, we computed the 
required sample size in a power analysis using 
G*Power (Faul et al., 2007). We tested for a medium 
to large effect (d = 0.65) and considered an alpha value 
of 0.05, while taking multiple testing into account in 
order to achieve a power of 0.8. This resulted in a total 
sample size of 128. In order to buffer for participants 
potentially failing attention checks, we recruited a total 
of 170 participants. They received a base payment of 
£8 and were additionally incentivized following the 

approach pursued in the first behavioral experiment 
(Kvaløy et al., 2015). We excluded participants who 
did not pass the integrated attention checks, resulting 
in 144 participants—76 in the base condition (baseline 
AI) and 68 in the intervention (complementary AI). 
We provide further details in Appendix C.3.

4.2.3. Evaluation measures
For each participant, the loss of the human (lH), the AI 
(lAI), and the team decision (lI) was measured as the 
classification error and averaged over all the task 
instances, providing the human (LH), the AI (LAI), 
and the team performance (LI). We also calculated 
the complementarity potential and effect, including 
their components (see Section 3). Finally, for each 
measure, we calculated the average over all the 
participants.

4.2.4. Results
We analyze the effect of capability asymmetry on team 
performance, complementarity potential, and comple
mentarity effect while assessing the statistical signifi
cance by using the same procedure as in the first 
experiment.

Figure 11 shows the classification error for 
humans performing the task alone and together 
with the AI in both conditions. In addition, it also 
includes the classification error of both AI models, 
which are identical in this task. Humans conducting 
the task alone exhibit a classification error of 
approximately 0.30, which is nearly identical across 
the conditions (Baseline AI: 0.2999; Complementary 
AI: 0.2951; d = 0.05, p = 1.0, two-sample, two-tailed 
T-test). When humans are teamed with the AI, the 
joint performance increases in both conditions. 
Whereas the human-AI team yields a classification 
error of 0.2473 in the condition with the baseline AI, 
this error decreases even further to 0.1461 in the team 
with the complementary AI. This corresponds to an 

Figure 10. An overview of the interfaces that the participants 
are shown in both treatments of the behavioral experiment.

Figure 11. Performance results as classification error across 
conditions, including 95% confidence intervals. The red hor
izontal line denotes the AI performance.
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improvement of 41%, which is significant (d = 1.29, 
p < 0.001, two-sample, two-tailed T-test). Both classi
fication errors are significantly lower than that of the 
AI conducting the task alone in both conditions 
(Baseline AI: 0.2666, d = 0.33, p < 0.05, one-sample, 
two-tailed T-test; Complementary AI: 0.2666, 
d = 1.25, p < 0.001, one-sample, two-tailed T-test).

4.2.4.1. Complementarity potential. We observe 
a significant increase in the inherent complementarity 
potential (CPinh) in the condition with the comple
mentary AI (Baseline AI: 0.0640, Complementary AI: 
0.2480; d = 3.81, p < 0.001, two-tailed Mann-Whitney 
U test). This reflects a higher level of capability asym
metry between humans and the AI. Compared to the 
baseline AI condition, the AI makes more erroneous 
decisions for instances that humans can process cor
rectly, whereas humans err for instances that AI can 
classify correctly. Conversely, we observe a significant 
decrease in the collaborative complementarity poten
tial (CPcoll) in the condition with the complementary 
AI (Baseline AI: 0.2026, Complementary AI: 0.0186, 
d = 3.81, p < 0.001, two-tailed Mann-Whitney U test) 
as the CP remains constant due to the AI being indi
vidually more accurate than the humans. Whereas the 
inherent complementarity potential constitutes 24% of 
the overall complementarity potential in the baseline 
condition, this share rises to 93% in the complemen
tary AI condition. This means that, for the majority of 
the task instances, one team member is theoretically 
capable of making a correct decision.

4.2.4.2. Complementarity effect. In the baseline 
condition, 58% of the inherent complementarity 
potential (CEinh

CPinh) could be realized by the humans 
integrating their own decision and that of the AI 
into a final team decision, resulting in a CEinh of 
0.0368. In the condition with the complementary AI, 
it is possible to realize 89% of the inherent comple
mentarity potential, resulting in a CEinh of 0.2196. 
This shows a significant performance improvement 
(d = 3.43, p < 0.001, two-tailed Mann-Whitney 
U test), which is attributable to a significantly larger 
fraction of CEinh

CPinh that could be realized (d = 1.02, 
p < 0.001, two-tailed Mann-Whitney U test). It indi
cates that humans tended to rely on the AI decisions 
when they were correct, but on their decision when 
it was incorrect. Moreover, in both conditions the 
collaborative complementarity effect (CEcoll) is nega
tive. Whereas the value is only slightly negative in 
the baseline condition (Baseline AI: –0.0175), it 
decreases to –0.0990 in the condition with the com
plementary AI. The difference between the two con
ditions is significant (d = 1.32, p < 0.001, two-tailed 
Mann-Whitney U test). In addition, we refer to 
Appendix C.4 for additional analyses, including an 

analysis of each image. In this context, similar to the 
first behavioral experiment, we find a positive colla
borative complementarity effect which occurs for 
individual participants for three task instances.

In summary, CEinh and CEcoll result in the total 
complementarity effect (CE)—equivalent to the per
formance difference between the best individual team 
member and the team performance (Baseline AI: 
0.0193, Complementary AI: 0.1206). Figure 12 sum
marizes the analysis.

5. Discussion

We begin this section with a discussion of the key 
findings of this work. We then highlight how our 
research advances the IS community’s theoretical 
understanding of human-AI collaboration in deci
sion-making before discussing its managerial impli
cations. Finally, we outline limitations and consider 
potential areas for future research before concluding 
this work.

5.1. Key findings

In this study, we contribute to a comprehensive 
understanding of the inner workings of human-AI 
teams in the context of decision-making, and provide 
support on how to achieve CTP more consistently. In 
particular, we address our research questions to make 
the following contributions: First, we develop 
a conceptualization of human-AI complementarity 
that introduces and formalizes the notions of comple
mentarity potential and complementarity effect 
(RQ1). Second, we identify and outline information 
and capability asymmetries as sources of complemen
tarity (RQ2). Third, we provide empirical evidence for 
the utility of our conceptualization in two behavioral 
experiments that individually demonstrate the rele
vance of each of the two sources (RQ1 and RQ2).

The first experiment highlights that equipping 
humans with unique contextual information can not 
only enlarge the inherent complementarity potential, 
but may also disproportionally increase the realized 
gain, i.e., the inherent complementarity effect, and, 
thus, materialize in CTP. This constitutes an interesting 
finding as, intuitively, the human perception of having 
more information than the AI could have led to 
a decreased reliance on AI suggestions in team predic
tions. As a consequence, this algorithm aversion could 
have left existing potential for performance improve
ment untapped (Jussupow et al., 2020; Longoni et al., 
2019; Mahmud et al., 2022; Sieck & Arkes, 2005).

The second experiment reveals that a larger cap
ability asymmetry can help capture a larger share of 
inherent complementarity potential, resulting in CTP. 
This is also an insightful observation, as we could have 
expected that humans may reject even correct AI 
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assistance once they witness the AI committing errors 
on task instances they can easily solve themselves 
(Dietvorst et al., 2015). The decrease in the collabora
tive complementarity effect reveals that for some 
instances humans either rely on incorrect AI decisions 
or do not rely on correct ones. However, this is over
compensated by the increase in the inherent comple
mentarity effect. Overall, this finding contributes to 
our understanding of the impact of diversity in team 
composition on performance (Horwitz, 2005). We 
know from human teams that expertise diversity can 
be both a performance driver—e.g., as it provides 
a broader range of cognitive skills (Cohen & Bailey, 
1997)—as well as a performance inhibitor due to the 
potential difficulties of achieving a mutual under
standing (Dougherty, 1992). Similarly, there may also 
be a trade-off in human-AI teams, as humans could 
develop algorithm aversion and avoid AI suggestions 
if they observe them to be incorrect too frequently 
(Dietvorst et al., 2015). Our conceptualization enables 
a detailed analysis of this trade-off—finding that, in 
the specific experiment, the capability asymmetry 
between humans and AI affects team performance 
positively.

Finally, the results provide empirical evidence 
for the validity of our conceptualization. In 

particular, we find that not only are diverse 
human-AI teams able to realize the inherent com
plementarity potential, but also that the interaction 
between humans and AI can lead to different and 
more accurate team decisions for certain task 
instances compared to their individual decisions. 
This proves the existence of the collaborative com
ponent of the complementarity potential over and 
above the inherent one.

5.2. Theoretical contributions and implications

Our research contributes to the IS literature by 
advancing the theoretical understanding of 
human-AI complementarity in decision-making. 
With our work, we contribute to the ongoing 
academic discourse on augmenting human cap
abilities with AI. In this context, our contributions 
underline the “AI with human” perspective 
(Huysman, 2020), thereby not only advancing the 
research community’s theoretical understanding of 
human-AI teams, but also providing empirical 
evidence that the combination of human and AI 
capabilities can actually result in superior deci
sion-making outcomes.

Figure 12. Result summary of the image classification experiment.
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Moreover, we extend the body of knowledge by 
proposing a conceptualization together with a novel 
measurement concept for complementarity potential 
and effect. In particular, our conceptualization allows 
researchers to systematically assess when and, more 
importantly, how human-AI teams can achieve CTP as 
it enables a more nuanced and measurable analysis of 
their synergetic potential. This can support research
ers in formulating and testing hypotheses for design 
theories for human-AI teams in the future (Jain et al., 
2021). While previous studies have confined them
selves to measure aggregated performance metrics 
that do not provide insights into the inner workings 
of the team (Hemmer et al., 2021), our conceptualiza
tion fosters a profound understanding of human-AI 
decision-making by differentiating between the inher
ent and collaborative components.

In addition, the identified sources of complemen
tarity constitute concrete factors that researchers 
should take into consideration when developing 
design principles for human-AI collaboration— 
underscored by the empirical evidence of our beha
vioral experiments. Current research efforts often 
focus on developing design features of the AI, e.g., 
explanations (Liu et al., 2021; van der Waa et al., 
2021), to improve the decision quality of the human. 
This work promotes another avenue for improving the 
outcomes of human-AI collaboration by focusing on 
the complementary composition of human-AI teams.

Finally, our empirical results also inform the dis
course on algorithmic aversion. Previous research has 
investigated factors and conditions that foster 
humans’ mistrust in algorithmic decisions and can 
lead to inferior collaborative outcomes (Dietvorst 
et al., 2015; Jussupow et al., 2020; Mahmud et al., 
2022). Our empirical results demonstrate that, in our 
specific experiments, leveraging information and cap
ability asymmetries does not lead humans to avoid AI 
advice despite having more information and witnes
sing AI errors for task instances that are relatively easy 
for them. These insights emphasize the importance of 
utilizing these sources of complementarity to improve 
human-AI collaboration in decision-making.

5.3. Managerial implications

Our work has also important implications for manage
rial decision-makers. First and foremost, it makes 
a compelling case for the purposeful integration of 
humans and AI. In particular, it should redirect mere 
automation discussions and rather guide practitioners 
towards designing human-AI collaboration in ways 
that reap synergistic benefits. Second, the work iden
tifies information and capability asymmetries as the 
key sources of complementarity: Thoughtful analyses 
of the capabilities of humans and AI with respect to 
these sources should point practitioners to promising 

use cases for human-AI collaboration across various 
application domains. In particular, this implies to not 
build AI models that mimic human experts but rather 
to target complementary capabilities, i.e., by training 
AI models excelling for task instances where human 
decision-making fails (Hemmer et al., 2022; Mozannar 
& Sontag, 2020; Wilder et al., 2020). From a human 
perspective, this also means investing in the develop
ment and preservation of human knowledge that is 
not covered by AI capabilities (Spitzer et al., 2023). 
Third, as demonstrated in both experiments, the con
ceptual framework (Figure 6) can be applied to quan
tify complementarity effects and to plan and monitor 
the results of human-AI teams. With these founda
tions, practitioners can explore various design options 
to build and engage human-AI teams for complemen
tarity, including the composition of suitably diverse 
teams and the design of appropriate collaboration 
mechanisms.

A simple example may demonstrate these implica
tions: Consider the X-ray analysis performed by radi
ologists in a hospital. AI-based interpretation of 
X-rays should not be applied to render human 
experts obsolete but rather to add AI support in 
cases where the AI can draw on additional informa
tion (e.g., access to a broader number of cases) or 
enjoys capability advantages (e.g., higher analysis 
speed). Practitioners should ensure that the respec
tive strengths of the team members are aligned when 
assembling human-AI teams and that the collabora
tion mechanisms are conducive to realizing the com
plementarity potential. The effectiveness of the 
devised setup can be measured (and continuously 
monitored) using the developed framework, as 
shown in Figures 9 and 12.

We anticipate that both the notion of complemen
tarity as well as the operational support presented in 
this work will massively influence the way human-AI 
teams are built and coordinated.

5.4. Limitations and directions for future research

Our current research has several limitations that at the 
same time open avenues for further research: First, the 
controlled settings of our laboratory-based behavioral 
experiments allow us to derive the insights presented 
in this work. However, they do not yet consider the 
wider range of complex human factors that shape the 
effectiveness of human-AI teams, such as motivation 
(Schunk, 1995), engagement (Benz et al., 2024; 
Chandra et al., 2022), self-efficacy (Westphal et al., 
2024), behavioral patterns within teams (Schecter 
et al., 2022), situational factors like time pressure 
(Cao et al., 2023; Swaroop et al., 2024), or acceptance 
barriers of AI systems (Jain et al., 2021).

Second, we use a sequential decision-making setup 
to first measure the human decision and then the team 
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decision. Different collaboration forms and mechan
isms that do not ex ante reveal the AI decision 
(Green & Chen, 2019) or do not integrate a team 
decision, but simply delegate task instances within 
the human-AI team (Fügener et al., 2022) may pro
duce different results. Future work should investigate 
these collaboration forms as to their suitability for 
specific use cases and application domains.

Third, we have described information and capabil
ity asymmetry as the key sources of complementarity, 
and investigated them in behavioral experiments. 
A deeper exploration of complementarity sources 
could reveal and categorize different forms of asym
metry and develop metrics to measure them 
quantitatively.

Fourth, we have considered a situation with one AI 
and one human. However, team settings could com
prise more than two team members. Team design 
principles could be derived to ensure a sufficient 
degree of complementarity and to appropriately select 
and combine multiple human and artificial team 
members (Hemmer et al., 2022).

Finally, although human-AI decision-making is an 
important application of human-AI collaboration, 
other types of problems, e.g., creative or generative 
tasks (Schmidt et al., 2023) may also receive scrutiny 
with regard to complementarity (Vaccaro et al., 2024).

5.5. Conclusion

So far, human-AI collaboration in decision-making 
has been primarily concerned with AI systems helping 
human users. However, since the number of decision 
tasks that can be automated (i.e., can be solved by the 
AI alone) is increasing steadily, the focus has shifted to 
the purposeful design of the collaboration between 
humans and AI as team members—thereby shaping 
the future of work with AI. The ultimate objective of 
these teams must be to achieve complementary team 
performance (CTP), with the team outperforming 
each individual team member. The IS community is 
predestined to drive the development of appropriate 
theories and to lay the foundation for practical appli
cations. We hope that the conceptual foundation 
developed in this paper will provide fruitful ground 
for future research, and that the empirical studies 
illustrate the validity and potential of the human-AI 
complementarity paradigm.

Notes

1. Throughout this paper, we refer to models or systems 
using Machine Learning (ML) as “Artificial 
Intelligence” (AI) (Berente et al., 2021; Collins et al., 
2021; Rai et al., 2019). While we acknowledge the 
technical distinction between AI and ML as discussed, 
e.g., by Kühl, Schemmer et al. (2022) and although we 

have considered the more precise reference to an 
“ML” model, we adopt the use of the broader “AI” 
term as the prevalent terminology established in the 
Computer Science and Human-Computer 
Interaction communities. This choice reflects the 
contemporary linguistic trend rather than a lack of 
distinction between the two fields.

2. We note that this is not possible if team members rely 
on one of their individual decisions as team decision 
—as task solutions are confined to the solutions pro
vided by each team member alone.

3. For simplification, we report LD in the introductory 
example as the sum instead of the average of all the 
instances.
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