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Human-Al collaboration is an increasingly important area of research as Al systems are integrated into everyday
workflows and moving beyond mere automation and augmentation to more collaborative roles. However,
existing research often overlooks the dynamics and performance aspects of this interaction. Our study addresses
this gap through a review of empirical Al studies from 2018-2024, focusing on the key factors influencing
human-AI collaboration outcomes within the spectrum of Human-Centered Artificial Intelligence (HCAI).

We identify 24 critical performance factors that influence hybrid performance, grouped into four categories
using thematic analysis. Then, we uncover and analyze the complex, non-linear interdependencies between these
factors. We present these relationships in a factor dependency graph, highlighting the most influential nodes.

The graph and specific factor interactions supported by the papers reveal a quite complex web, an intercon-
nectedness of factors. As opposed to being an easy-to-predict combination of inputs, human-Al collaboration in a
given context likely leads to a dynamic, evolving system with often non-linear effects on its hybrid performance.
Our findings and the previous research on automation technologies suggest that the application of Al tools in
collaborative scenarios would benefit from a comprehensive performance framework. Our study intends to

contribute to this future line of research with this initial framework.

1. Introduction

Artificial Intelligence (AI) has become a transformative force in
various sectors, including healthcare, education, business, and leisure
with numerous studies underlining this impact (Braun et al., 2022;
Cabitza et al., 2023; Choi and Schwarcz, 2025; Dwivedi et al., 2021;
Loske and Klumpp, 2021; Revilla et al., 2023; Vas, 2016).

This dynamic growth is largely driven by technological advances in
machine learning (ML) and neural networks (Cabitza et al., 2023; Gilpin
et al., 2018; Holzinger, 2018b; Jordan and Mitchell, 2015; LeCun et al.,
2015; Richens et al., 2020) and most recently, the rise of agentic Al
(Bornet et al., 2025).

Beyond automation, Al systems are increasingly in a collaborative
mode (Haesevoets et al., 2021; Inkpen et al., 2023; Jain et al., 2022;
Jarrahi, 2018; Xu et al., 2020)with humans in complex workflows:

especially in decision-making tasks (Chen et al., 2023; Chong et al.,
2022; Gomez et al., 2023a; Jakubik et al., 2022; Jarrahi, 2018; Linde-
baum et al., 2020; Morrison et al., 2024; Richens et al., 2020; Schemmer
et al., 2022; Wang and Yin, 2023; Weiss et al., 1978).

As a result, the role of Al is shifting from passive task augmentation
(Acemoglu and Restrepo, 2018; Coombs et al., 2020; Davenport and
Glover, 2018; Davenport and Kirby, 2015; Janssen et al., 2019; Jarrahi,
2018; Leyer and Schneider, 2021; Miller, 2018; Raisch and Krakowski,
2021; Vas, 2016) to interacting and even collaborating with human
decision-makers, sometimes as peers (Blaurock et al., 2024; Bossen and
Pine, 2023; Cabitza et al., 2021; Cabrera et al., 2023; Cao et al., 2023;
Dell’Acqua, 2022; Dellermann et al., 2021; Fiigener et al., 2021a; Gomez
et al., 2023b; Lai et al., 2022; Kazuo Okamura and Seiji Yamada, 2020;
Sowa et al., 2021; Tschandl et al., 2020; Wang et al., 2019). Although Al
involvement in augmenting human capabilities is expanding, the
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understanding of effective human-AI collaboration and hybrid perfor-
mance, in our view, remains underdeveloped.

Despite significant advancements in Al and its growing use in prac-
tice, current Al literature lacks comprehensive performance frameworks
that address the dynamic complexity of human-Al collaboration. Most
research focuses on how Al can complement or enhance human tasks,
keep emphasizing growth in efficiency and improved human perfor-
mance. Furthermore, these studies often overlook how AI really in-
teracts with and supports human users, and they do not explore features
of effective human-AlI collaboration, and its outcome, which we refer to
as hybrid performance. We argue that AI should be put in a more
collaborative role, raising critical questions about designing these sys-
tems to work together with humans enhancing, rather than diminishing,
human agency and decision-making.

In order to understand human-AlI collaboration better, we conduct a
qualitative meta-analysis of empirical Al studies focusing on the
following question: “What are the most influential factors of human-
AI hybrid performance?” And by implication, we ask “How should
these factors be considered when designing and implementing Al
in everyday workflows to foster human-AI collaboration?”

Our goals are to identify the critical performance factors that influ-
ence the quality and efficiency of human-AI collaboration and hybrid
performance and to map the interconnections of these factors and un-
derstand their nature better. By answering these questions, we
contribute to the scholarly understanding as well as practice of Al sys-
tems design to support the development of hybrid performance man-
agement and, ultimately, a more effective human-AI systems in practice.

Our paper is structured as follows:

Section 2 presents the knowledge background and the knowledge
gap in the literature.

Section 3 details the methodological framing of our study and the
methods used for data analysis.

Section 4 introduces the paper selection and data collection process.

Section 5 presents the completed review and analysis and the
findings.

Section 6 discusses the previously introduced findings in the light of
the extant literature.

Section 7 highlights the paper’s implications of the findings.

Section 8 concludes our exploration and indicates future research
directions.

2. Knowledge background

To provide context for our study, we discuss how Al represents a new
phase in automation, shifting from a tool-based approach to a more
collaborative form of interaction. This shift aligns with the evolving
Human-Centered Artificial Intelligence (HCAI) approach (Riedl, 2019;
Shneiderman, 2020b), which emphasizes designing Al systems to
enhance human capabilities while ensuring they are transparent, equi-
table, privacy-conscious, and under human control (Ozmen Garibay
et al., 2023; Pisoni G, 2021; Shneiderman, 2020b). We then examine the
key features of Al models that impact human-Al interaction, focusing on
performance. We could not identify any models that effectively address
the joint human-Al performance, and this gap provides scope for the
contribution of this paper.

2.1. AL a new chapter in automation

In line with the advances of Al developments, the traditional auto-
mation landscape has started shifting towards Al-based automation and
augmentation to support human users’ capabilities and performance
(Davenport, 2018; Davenport and Glover, 2018; Davenport and Harris,
2017; Davenport and Kirby, 2015, 2016).

Unlike traditional automation, HCAI prioritizes a user-centric
perspective, aiming to design systems that complement human
strengths while addressing societal and ethical considerations
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(Nabizadeh Rafsanjani and Nabizadeh, 2023; Ozmen Garibay et al.,
2023). According to this concept such human traits are critical to
fostering meaningful collaboration, highlighting the importance of sys-
tems designed to augment and empower users rather than replace them
(Herrmann, 2024; Yang et al., 2021).

Al-driven automation is used in many industries and in various job
roles. It follows the typical pattern of traditional automation, where
human workforce is replaced by machines, computers (Acemoglu and
Restrepo, 2018; Davenport and Harris, 2017; Davenport et al., 2010;
Davenport and Kirby, 2015, 2016). Al-based automation impact tasks
rather than full jobs and is more relevant for white-collar workers
(Davenport, 2018; Davenport and Harris, 2017). Though Al can replace
certain tasks, most human skills remain difficult to automate, such as
complex reasoning, judgment, analogy-based learning, abstract
problem-solving, and a combination of physical activity, empathy, and
communication skills.

Any kind of automation aims to determine the distribution or allo-
cation of tasks between humans and machines (Dearden et al., 2000;
Hollnagel and Bye, 2000; Janssen et al., 2019; Milewski and Lewis,
1997; Parasuraman et al., 2000; Press, 1971; Sheridan, 2000; Sheridan
and Maschinenbauingenieur, 2002). The evolution of computer-based
automation (Janssen et al., 2019; Parasuraman et al., 2000; Sheridan
and Verplank, 1978) and the parallel development of AI (Buchanan
et al., 1969; Feigenbaum, 1992; Minsky, 1988; Moravec, 1988; Newell
and Simon, 1956; Peitgen et al., 1992; Russell and Norvig, 2020) set the
scene for our exploration. While both concepts originated in the 1950s,
they developed separately for many decades. The impact of
computer-based automation, mainly driven by ERP systems, trans-
formed the workplace, replacing paper-based administrative tasks with
computer platforms (Janssen et al., 2019; Parasuraman and Mouloua,
2018; Parasuraman et al., 2000; Sheridan, 1992; Sheridan and Maschi-
nenbauingenieur, 2002). At the same time, the introduction of the first
expert systems marked the early development of Al (Feigenbaum, 1977;
Russell and Norvig, 2020; Swartout et al., 1991).

The convergence of these two fields became clear as computer-based
automation, including expert systems, changed the work of white-collar
employees. The growing use of computers led to the development of
larger software systems, and traditional software engineering opened
the door for rule-based systems as a new phase of computer automation
(Janssen et al., 2019; Lemaignan et al., 2017; Swartout et al., 1991).
From a management decision-support view, human-computer automa-
tion follows strict rules, while Al-based automation, including expert
systems using symbolic logic and machine learning (ML) in artificial
neural networks (ANN), provides predictions that still require human
judgment for final decisions (Dorfler, 2022; Feigenbaum, 1992; Gomez
et al., 2023a; Gondocs and Dorfler, 2024; Richens et al., 2020; Vaswani
et al., 2017). The success of recent Al methods like deep learning (DL)
(LeCun et al., 2015), convolutional neural networks (CNNs) (CNN, see
LeCun et al, 1989; O’Shea and Nash, 2015), and generative Al
(Gozalo-Brizuela and Garrido-Merchan, 2023; Vaswani et al., 2017) has
sparked a new wave of automation in organizations (Choy et al., 2018;
Davenport, 2023; LeCun et al., 2015; Montazeri et al., 2016; Tschandl
et al., 2020). This wave reflects the principles of HCAI by emphasizing
user adaptability, ethical design, and transparency in Al systems to
improve interactions and outcomes (Riedl, 2019; Shneiderman, 2020c).

Coombs et al. (2020) introduce the concept of Intelligent Automa-
tion, which refers to the automation of knowledge-based tasks using Al.
The authors explain that, beyond its technological benefits, this type of
automation can also increase business value.

Dwivedi et al. (2021) evaluate the potential of Al from technological,
organizational, and societal view in various industries. They point out
that though Al can enhance and potentially replace humans in various
tasks. However, the real challenge is how organizational leaders can use
Al-enabled automation effectively to improve human performance.

Based on this development, we argue that human-computer and
human-AI interactions share a similar foundation. While computer-
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based automation aimed to replace human workers (Acemoglu and
Restrepo, 2019; Bainbridge, 1983; Billings, 1997; Hoffman and Johnson,
2019; Kaber and Endsley, 1997; Wickens et al., 2015), human-Al
interaction focuses more on supporting humans (Ebben, 2022; Leyer
and Schneider, 2021; Miller, 2018; Raisch and Krakowski, 2021; Wilson
and Daugherty, 2018). In augmentation, Al helps improve human per-
formance, and this support could grow into a collaborative relationship
(Jarrahi, 2018; Zahedi and Kambhampati, 2021).

The convergence of automation and Al is not only transforming the
nature of work but also opened discussions on the ‘future of work’
(Acemoglu and Restrepo, 2019; Brynjolfsson and McAfee, 2014; Ford
and Despeisse, 2016). Employees often resist automation because they
fear it will threaten their job security and salary. However, their attitude
toward augmentation is more positive. They see augmentation as sup-
port, where Al helps overcome human weaknesses and enhances their
abilities.

Instead of being replaced, people can feel empowered by using Al in
their work. Al can help them improve their skills and make better de-
cisions (Raisch and Krakowski, 2021; Wilson and Daugherty, 2018).
This partnership between humans and Al can create a more balanced
work environment. Al can boost work quality, increase productivity, and
lead to a more positive work experience (Zahedi and Kambhampati,
2021).

Al-driven automation should not only focus on efficiency, but it also
impacts how humans and machines work together. AI’s ability to handle
complex tasks makes it a potential partner or peer colleague.

2.2. Al models’ features and capabilities related to human-Al interaction

Any human-AlI collaboration’s success depends on the features and
capabilities of the AI models used. Al models, particularly machine
learning, including deep learning, operate based on probabilistic prin-
ciples. That makes these models more complex and less predictable.

Recent advancements in Al, build on neural network architectures,
emphasizing statistical (or probabilistic) methods over deterministic
models (Wang et al., 2020). These approaches do not assume a
completely well-structured context and enable the use of models like
natural language processing and image recognition (Jarrahi, 2018;
Tschandl et al., 2020; Willemink and Noél, 2019; Xu et al., 2014).
However, such methods rely on vast datasets to predict outcomes,
introducing variability that can lead to unpredictable or erroneous re-
sults (Daws, 2020; Dorfler, 2022; Guo and Hao, 2020; Heaven, 2019).
The complexity of neural networks creates real challenges in under-
standing how these models operate. This opacity is often referred to as
the “black box” problem, which makes it difficult to diagnose errors or
biases (von Eschenbach, 2021; Gomez et al., 2023b).

Al models can perform outstandingly in narrow tasks that would
require high levels of human expertise, but they can easily fail on simple
problems that humans handle effortlessly (Moravec, 1988). AI models
can achieve or even excel in adult-level or expert-level performance in
certain areas. On the other hand, it can easily struggle with the tasks of a
one-year-old child, such as perception and mobility. Current Al excels in
narrow domains, such as diagnosing specific illnesses based on
context-specific data (Acemoglu and Restrepo, 2019; Billings, 1997;
Gondocs and Dorfler, 2024; Tschandl et al., 2020), despite ambitions to
develop Artificial General Intelligence (AGI).

The need for complementarity (Jarrahi, 2018) between humans and
Al arises from the foundational differences between the human mind
and Al Machine learning models can learn from data autonomously,
nevertheless, it still requires human supervision (Amershi et al., 2014;
Choi et al., 2016; Gilpin et al., 2018; Organizing Committee of the
Madrid 2017 Critical Care Datathon et al., 2019; Wang et al., 2020).
Examples like counterfactual inference tasks and causal definitions
(Richens et al., 2020; Rizzi, 1994; Weiss et al., 1978) illustrate this need
for human oversight.

Interpretability and explainability often used as transparency are
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basic and crucial requirements for any AI model. It is critical to under-
stand the focus or output of complex Al systems like image recognition
(Bertrand et al., 2023; Gilpin et al., 2018; Herm et al., 2023; Holzinger
etal., 2019; Lipton, 2018; Luo et al., 2019). Despite that interpretability
can be achieved through visual cues and simplified proxies, Al remains a
black box for its human users (Bertrand et al., 2023; Gilpin et al., 2018;
Luo et al., 2019). Transparency means understanding how the outcome
was achieved by Al and through that provides users with insights into Al
operations (Baryannis et al., 2019; Holzinger et al., 2019; Kim et al.,
2023a). Gondocs and Dorfler (2024) argue that in some professions,
such as dermatology, explainability shall focus on understanding the
scientific grounding of Al operation. Trust in Al requires confidence
from the humans that AI models perform as expected. This outlines not
using interpretability and explainability interchangeably, as explainable
models are interpretable, but the reverse is not always true (Gilpin et al.,
2018).

The relationship between explainability and responsibility is central
to building a transparent human-Al relationship, leveraging their
respective strengths in hybrid performance. The Al literature typically
posits explainability as a prerequisite for trust, acknowledging that trust
cannot be established without understanding how AI works (Gilpin
et al., 2018; Lipton, 2018; Luo et al., 2019). Different levels of inter-
pretation may be relevant to different people at varying mastery levels
and professions (Baryannis et al., 2019; Gondocs and Dorfler, 2024;
Holzinger et al., 2019). Responsibility for AI's actions remains with
humans for the foreseeable future (Coeckelbergh, 2020; Dennett, 1998;
Floridi and Sanders, 2004).

We propose building a transparent relationship between humans and
Al to leverage their strengths and complementarity and thus try to
optimize the hybrid performance. Human users should have a clear
picture of the used AI model’s features and capabilities relating to the
specific tasks and working contexts. The key is to balance human
cognitive strengths and Al capabilities, implementing AI to complement
and compensate for human cognitive constraints (Hoffman and John-
son, 2019; Shneiderman, 2020a, 2020b).

Interpretability can support the human user to better understand the
Al-generated decisions, while explainability provides deeper insights
into the processes that lead to certain decisions of Al Finally, adapt-
ability enables Al systems to adjust to human behaviors and preferences,
and with that enhance the overall outcome.

In this section, we summarized the key features of Al models to
ground our understanding of how these features affect the performance
of AL, human users, and the combined human-AlI hybrid performance.
Next, we analyze the process of shifting from tool-based automation to
human-AlI collaboration. In line with this exploration, our main goal was
to find a framework or model that explains how these features influence
performance.

2.3. From automation to human-AI collaboration: the “Performance gap”

The key idea of (tool-based) automation is to achieve performance
improvement by reducing the human component and intervention in
tasks and processes (Acemoglu and Restrepo, 2018; Bainbridge, 1983;
Billings, 1997; Dekker and Woods, 2002; K.Goldberg, 2012; Manzey
et al., 2012; Parasuraman and Mouloua, 2018; Parasuraman et al., 2000;
Sheridan, 1992). Automation research focuses on making systems more
efficient, productive, and reliable. It deals with systems that can work on
their own, usually in well-organized settings, for long periods. It also
looks at how to set up these environments clearly and effectively (K.
Goldberg, 2012; Parasuraman et al., 2000; Sheridan and Parasuraman,
2005).

Introducing Al systems do not differ much from traditional auto-
mation regarding their main goals of improving performance (Hoffman
and Johnson, 2019; Kaber and Endsley, 1997; Kaber et al., 2000; Man-
zey et al., 2012; Parasuraman and Mouloua, 2018; Schreckenghost et al.,
2014; Wickens et al., 2015). AI models are developed and trained to
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produce at least the same but rather better results than the human
performance before (Davenport and Harris, 2017; Davenport et al.,
2010; Davenport and Kirby, 2015; Endsley, 2017; Kaber and Endsley,
1997; Parasuraman and Mouloua, 2018). Organizations also want to
implement Al tools to achieve performance gains, such as efficiency
improvement on cost-benefit basis, or any other quality type of features
(Dell’Acqua et al., 2023; Ebben, 2022; Wang et al., 2020; Wuest et al.,
2016).

Research on computer automation and human-computer interaction
already identified several factors that are highly relevant to the overall
performance of such systems (Billings, 1997; Kaber and Endsley, 1997;
Parasuraman et al., 2000; Sheridan and Parasuraman, 2005; Sheridan
and Maschinenbauingenieur, 2002).

On the other hand, recent Al systems are using more collaborative
type of technologies with a focus on augmentation rather than full re-
placements as it was in traditional automation (Davenport and Glover,
2018; Jarrahi, 2018; Leyer and Schneider, 2021; Miller, 2018). Such Al
systems can work together with humans to enhance their performance
rather than simply replacing tasks (Davenport and Kirby, 2015; Miller,
2018; Raisch and Krakowski, 2021). Nevertheless, these new types of
interactions come along with new challenges and highly complex issues.
While Al research’s main focus is to improve the models’ performance,
and thus they can excel in a lab setting, the same model faces critical
issues in real-life applications (Gentile et al., 2023; Shin, 2021; Steyvers
and Kumar, 2024; Wang et al., 2024; W. Wang et al., 2023). Many
studies conclude that combining AI and human efforts doesn’t neces-
sarily lead to better outcomes or improved joined performance (Bucinca
et al., 2021; Lemus et al., 2023; Lu et al., 2024; Sankaran et al., 2022;
Schemmer et al., 2022; Weber et al., 2023; Wilson and Daugherty, 2018;
Xu et al., 2020; Yildirim et al., 2023; Zhang et al., 2023). Such inter-
action is influenced by various factors, that also highlight that effective
collaboration requires more than just high-performing AI (Cabitza et al.,
2023; Sankaran et al., 2022).

Concluding from the above we believe that the proliferation of
human-AI interaction and especially the collaborative use of Al in
knowledge work and organizations in general will require a careful
design and treatment regarding the expected performance outcomes. We
propose that a proper theoretical background building on available
empirical evidence might promote the development of this area.

We conducted a systematic search across various databases to find
papers that have this collaborative way of interaction with a perfor-
mance aspect in their focus. We were seeking to find any relevant per-
formance framework or model in the field. Despite using different search
terms and criteria, we did not find any papers that provide a compre-
hensive approach or offer a framework that helps understand and
evaluate the human-Al hybrid performance. Nevertheless, we have
found some promising evidence in some papers suggesting that the
complexity of performance factors in human-Al collaboration is an
important area to explore.

2.4. Clarifying key terms

To avoid confusion and ensure consistency, here we briefly clarify
how we use the terms “interaction”, “augmentation”, and “collaboration”
throughout the paper. We do not aim to provide formal or comprehen-
sive definitions here, but rather to explain very briefly how we apply
these terms in the context of our study.

We use “interaction” as the broadest term, meaning any kind of
relationship or exchange between humans and Al This includes all types
of human-AI engagement, as for example, when Al is used as a tool or
assistant, but it can also refer to real human-AI collaboration.

We use “augmentation” in the knowledge background section, where
we describe the shift from automation (full replacement of humans) to
augmentation, meaning that AI helps or supports human work instead of
replacing it.

However, our main focus in this work is on “collaboration”, the
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specific, collaborative type of interaction, where humans and Al coop-
erate with each other, like peers or teammates to achieve a shared goal.

3. Methodological framing

In this section, we outline the methodological framing of our paper,
defining the scope, philosophical underpinnings, theoretical perspec-
tive, and the methods used to complete a thorough review work. We
build on the systematic review approach to identify the relevant litera-
ture and we complete a method-based developmental literature evalu-
ation (Petticrew, 2001; Templier and Paré, 2015).

3.1. Philosophical and theoretical positioning

This study has been conducted in a moderate interpretivist framing
(Dorfler, 2023). Acknowledging the subjectivity, intentionality, judge-
ment, pre-understandings of both the authors of the studies articles as
well as of the researchers conducting this study, we can focus on the
lived experience of Al implementation and are well positioned to deal
with the methodological diversity of the analyzed studies.

Instead of adopting a theoretical lens, as any lens limits what can be
seen, for this exploratory study we adopted a “lens-less” approach. We
have considered three perspectives: Distributed Cognition Theory
(Hutchins, 1995), Socio Technical Systems (Emery and Trist, 1965; Trist
and Bamforth, 1951), and Activity Theory (Vygotsky, 1978, 1979). Each
of these approaches offers significant benefits but each also limits what
can be seen - as any lens does (Brickson, 2021). We have decided to
adopt the so-called phenomenon-based theorizing instead, the basic idea
of which is to allow the phenomenon under scrutiny to guide the theo-
rizing process whichever way it goes (Bas et al., 2023; Fisher et al., 2021;
Ployhart and Bartunek, 2019). Admittedly, this approach is not
commonly used in meta-analysis, but as we have a well-defined phe-
nomenon that we are interested in, Al implementations, and we aim at
understanding this phenomenon, we believe that this was a meaningful
choice (Langley, 2021). This approach also makes it easy to copy with
the philosophical and methodological plurality of the included studies.

3.2. Study design

We achieve rigor in our meta-analysis, we employ explicit, system-
atic methods in the selection and inclusion of studies, and assessing their
relevance via using meta-analysis to gain further insights from their
findings (Liberati et al., 2009; Templier and Paré, 2015). Within that use
qualitative meta-analysis (Timulak, 2009, 2013), a qualitative variant of
meta-analysis (Petticrew, 2001; Templier and Paré, 2015) in which in-
sights from primary studies serve as data for a secondary study aimed at
increasing the scope and the depth in understanding the field (Hoon,
2013; Sandelowski et al., 1997; Timulak, 2009, 2013). We implement
qualitative meta-analysis using thematic analysis (Liberati et al., 2009;
Templier and Paré, 2015) and dependency graphs.

As main protocol for data collection, we use the PRISMA method
(Page et al., 2021), the Preferred Reporting Items for Systematic Re-
views and Meta-Analyses. By following the PRISMA guidelines, we
implement a comprehensive and transparent process for identifying,
screening and selecting relevant papers for our study.

We run systematic search across six online databases. Based on the
first round of searches, we compiled an initial dataset of primary studies
(Bartels, 2013; Meade and Richardson, 1997). Then we ran the
screening of the papers in two stages: first, by screening papers based on
their titles and abstracts, and second, by reviewing the full texts of pa-
pers that passed the initial screening.

To establish the scope of our study, in line with our research ques-
tion, we carry out an exploratory search to determine the keywords and
key terms as part of our search strategy. We define the specific inclusion
and exclusion criteria for screening and selecting all the relevant papers
in a systematic way. We decide to run our search for the period between
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2018 and 2024, with this we are able to cover the overwhelming ma-
jority of papers employing recent (mostly deep learning and to a lesser
extent large language models, LLM) AI models focusing on human-AI
interaction.

Our data analysis consists of two phases. In the first phase, we coded
the insights from the chosen papers qualitatively using an approach
based on thematic analysis (Braun and Clarke, 2006, 2012, 2014, 2019).
This method allows the use of a priori codes, derived from existing
literature and prior knowledge in the field of Al, as well as in vivo codes
that emerged during our analysis work. Besides this flexibility in coding,
we chose thematic analysis for its effectiveness in meta-analysis (Aguinis
et al., 2011; Point et al., 2017; Timulak, 2013), focusing on the insights
from the papers rather than coding their full texts. The coding process is
described in further detail in Section 5.1.

In the second phase of data analysis the identified factors were
mapped and linked according to the interactions described in the
analyzed studies, resulting in a graph. Examining the dynamics of the
interactions between the factors we obtain important insights regarding
the nonlinear nature of the system of factors.

By employing the above-described carefully designed search strategy
along with the applied systematic methods during data analysis, we
wanted to ensure the robustness of our study, making the meta-analysis
comprehensive, in order to uncover the critical performance factors and
these factors’ interrelationships that influence the quality and efficiency
of human-AlI collaboration.

3.3. Common limitations of a qualitative meta-analysis

In this paper, we use a qualitative meta-analysis to review and
interpret findings from several implementation studies. We are aware
that this method has certain limitations, as described in earlier works.
For example, researchers have pointed out that some of the depth,
meaning, and context of the original studies can be lost during synthesis
(Timulak, 2009, 2013).

Different studies often use different methods or theoretical per-
spectives, which can make it difficult to combine their results in a
consistent way (Hoon, 2013; Sandelowski et al., 1997; Timulak, 2009,
2013). Also, because the analysis is based on already interpreted find-
ings, there is a risk of adding further interpretation bias (Sandelowski
etal., 1997; Timulak, 2013). Some studies may not report their methods
clearly, making it hard to assess their quality or compare them (Liberati
et al., 2009; Templier and Paré, 2015). Others have noted that qualita-
tive meta-analyses sometimes focus too much on common findings and
ignore less common or conflicting results, which can reduce the richness
of the overall picture (Hoon, 2013; Sandelowski et al., 1997; Timulak,
2009, 2013). Ethical concerns may also arise, especially when the
original studies did not mention possible reuse of the data (Liberati
et al., 2009; Templier and Paré, 2015).

Despite these challenges, qualitative meta-analysis is a useful tool to
bring together insights and highlight patterns that might not be visible in
single studies and we used a suitable study design to cope with the
philosophical and methodological diversity of the analyzed papers
(Section 3.2) and we specifically explored the limitations of these papers
(Section 4.5).

4. Selecting the empirical studies

We start our work by defining the specific focus of our work in line
with the literature gap and research question from above. Our main
focus is “empirical research on human-Al interaction focusing on
collaborative use of Al tools, models typically in organizations, knowl-
edge work settings and decision-making in general with direct or indi-
rect references to the joint performance of the interaction".

In line with our focus, we set up inclusion and exclusion criteria. That
was followed by the identification of relevant search terms and their
respective formats for different databases. We then compiled specific
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search strings for each database.

We wanted to ensure that our approach is well-structured and
rigorous. Since hybrid performance was the core focus of this review, we
excluded studies that were purely technical or algorithmic in nature.
Instead, we aimed to identify empirical Al studies that explicitly
featured human-AI collaboration and could be analyzed from a perfor-
mance management perspective.

4.1. Inclusion and exclusion criteria

These are the inclusion and exclusion criteria we defined.
Inclusion Criteria

e Emphasis on collaboration rather than automation, focusing on
decision-making, knowledge work, and expert use of Al

Empirical papers, including lab experiments, user studies, real-life
case studies, and interview-based studies.

Completed research articles, with a preference for journal papers but
also including conference papers and preprints from arXiv to capture
recent studies.

Inclusion of medical use papers due to significant examples of
human-AI collaboration in this field.

Date ranges from 2018-2024, covering recent, mostly applied deep
learning methods in AI models and systems.

Exclusion Criteria

Technical papers on machine learning techniques, model training, or
development unless they address the interaction aspect.

e Papers on software design, user interface, or user experience unless
focusing on performance outcomes.

Studies related to robotics, manufacturing, or other physical auto-
mation, as our focus is on algorithmic decision-making.

Papers on education, training, creativity, government, military, or
public sectors unless they focus on Al collaboration.

Studies on customer behavior, ethics, bias, or team dynamics, as
these are outside our performance-focused scope.

4.2. Search terms and keywords applied

To gather the relevant literature, we performed an initial exploratory
search to identify the keywords and refine our search strings. Our sys-
tematic search was completed across five databases, including Web of
Science (WoS), Scopus, ACM Digital Library (ACM-DL), PubMed, and
AISeL. We also added studies (excluding duplications) from Google
Scholar using its less structured, free-form search engine, to ensure
comprehensive coverage.

4.2.1. Search strings

In line with the defined keywords, we developed specific search
strings based on format required from that database.

Web of Science (WoS): We searched for articles with titles containing
"AL" "artificial intelligence," "machine learning," "large language model,"
"LLM," or "ChatGPT," and topics (titles, abstracts, or keywords) including
"study," "studies," or "experiment," combined with "human-AI" or "Al-
assisted." We excluded document types such as review articles and
research areas like education, robotics, chemistry, materials science,
environmental sciences, instrumentation, linguistics, and public health.
This search yielded 944 results.

Scopus: We searched for articles with titles containing "Al," "artificial
intelligence," "machine learning," "large language model," "LLM," or
"ChatGPT," and title, abstract, or keywords including "study," "studies,"
or "experiment," combined with "human-Al interaction," "human-AI
collaboration," "human-Al team," or "Al-assisted decision making." We
excluded subject areas such as arts, physics, biochemistry, materials
science, environmental science, energy, chemical engineering,
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chemistry, nursing, and earth sciences. We made this search string more
specific compared to what we used for WoS since it returned a large
number of not relevant titles and many overlapping with WoS results.
This search returned 716 results.

ACM Digital Library (ACM-DL): We searched for articles with titles
containing "AlL" "artificial intelligence," "'machine learning," "large lan-
guage model," "LLM," or "ChatGPT," and abstracts containing "study,"
"studies," or '"experiment," combined with "human-Al interaction,"
"human-Al collaboration," "human-Al team," or "Al-assisted decision
making." This search yielded 112 results.

PubMed: We searched for articles with titles containing "AL" "arti-
ficial intelligence," "machine learning," "large language model," "LLM,"
or "ChatGPT," and titles or abstracts containing "study," "studies," or
"experiment,” combined with "human-Al interaction," "human-Al
collaboration," or "Al-assisted decision making." This search yielded 61
results.

AlSeL: We searched for articles with "AI" in the title and "human-AI"
and "experiment" or "study" in the abstract. This search yielded 97 re-
sults. Table 4.1 includes the specific search strings used and the results
obtained from the specific databases.

4.2.2. Additional search in google scholar

Due to the lack of structured search options in Google Scholar, we
used specific keywords to identify relevant studies through free-form
searches.

The following keywords and terms were used: “human-AI collabo-
ration”, “human-Al interaction”, "human-AI performance”, “human-Al
hybrid performance”, “human-Al team”, “human-Al augmentation”,
“Al-assisted decision-making” coupled with “empirical”, “experiment”,
“study”/”studies”. A variation of “machine learning”, “LLM” and
“ChatGPT” were also used.

Through this process and the snowballing (of review papers on
empirical Al topics) referred to above, we manually screened and
selected an additional 28 studies from Google Scholar, which were
subsequently added to our final dataset.

Our systematic search across various databases yielded a total of

Table 4.1
Search strings used and results obtained.

Database Search String Results

Web of Science
(WoS)

TI=("AI" OR "artificial intelligence" OR "machine 944
learning" OR "large language model" OR "LLM" OR
"ChatGPT") AND TS=("study" OR "studies" OR
"experiment") AND TS=("human-AI" OR "Al-
assisted")
TITLE ("AI" OR "artificial intelligence" OR 716
"machine learning" OR "large language model" OR
"LLM" OR "ChatGPT") AND TITLE-ABS-KEY
("study" OR "studies" OR "experiment") AND
TITLE-ABS-KEY ("human-Al interaction" OR
"human-AI collaboration” OR "human-AI team"
OR "Al-assisted decision making")
ACM Digital Title:("AI" OR "artificial intelligence" OR "machine 112
Library (ACM- learning" OR "large language model" OR "LLM" OR
DL) "ChatGPT") AND Abstract:(("study" OR "studies"
OR "experiment") AND ("human-AI interaction"
OR "human-Al collaboration" OR "human-Al
team" OR "Al-assisted decision making"))
(("AI"[Title] OR "artificial intelligence"[Title] OR 61
"machine learning"[Title] OR "large language
model"[Title] OR "LLM"[Title] OR
"ChatGPT"[Title]) AND ("study"[Title/Abstract]
OR "studies"[Title/Abstract] OR
"experiment”[Title/Abstract])) AND ("human-AI
interaction"[Title/Abstract] OR "human-Al
collaboration"[Title/Abstract] OR "Al-assisted
decision making"[Title/Abstract])
AlSeL Title AND abstract:"human-AI" AND abstract 97

Scopus

PubMed
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1958 relevant studies.
4.3. Results of the data collection process

Here we summarize the results of our systematic data collection
process completed in line with the protocol of the applied variant of
meta-analysis, the PRISMA method (Petticrew, 2001).

Identification: First, we identified the relevant papers using pre-
defined keywords and search terms across the selected databases. We
developed specific search strings for each database in line with the
required format. This search resulted in a total of 1930 relevant studies,
as the initial dataset.

Removing Duplications: We then started refining this dataset by
removing duplicates. This left us with 1469 papers.

Screening (Eligibility and Inclusion): After that, we conducted
two rounds of screening. The first round involved screening the titles
and abstracts of the selected papers, which drastically reduced the
number of relevant papers from 1469 to 271. In the second round, we
screened the full texts of these 271 papers applying our criteria leading
to 178 items. By adding the 28 found through Google Scholar resulted in
a total of 206 studies as the final dataset. Table 4.2 summarizes the re-
sults of our systematic search including the above-described phases.

4.3.1. Final dataset

The above-outlined rigorous search and screening process led us to
the final set of 206 empirical papers. These papers collectively represent
a wide range of industries, functions, situations, and applications. They
cover healthcare (medical imaging, diagnosis, clinical decision support),
finance, retail, logistics, legal, and creative industries among others.
Several functional areas are involved like finance, sales, human re-
sources, customer service, and engineering. The main themes of the
papers reflect a diverse field like the variations of how humans and Al
(potentially) work together, trust and reliance, explaining and inter-
preting how AI models operate, and others. Researchers used various
methods that are quite relevant to our empirical criteria including
experimental or quasi-experimental studies, field studies and case
studies of real-world applications, user studies and interviews, survey-
based studies and mixed methods, and a few simulations. For the first
review, we find that these papers address our initial goal and criteria
quite well and lend themselves to our thematic analysis that will follow.

4.4. Temporal trends in human-ai collaboration research

Building on the data collection described above, here we explain why
we chose to focus on the period from 2018 to 2024 and what the

Table 4.2
Results of the Systematic Search with PRISMA Protocols.
Databases /No identification  after screening eligibility
of Papers duplications (after title + (after full
removed abstract) text)
WOos 944 940 115 79
SCOPUS 716 460 128 81
ACM_DL 112 8 8 7
AIESEL 97 45 14 7
PUBMED 61 16 6 4
TOTAL No of 1930 1469 271 178
Papers
without
Google
Scholar
Google 28 28 28 28
Scholar
TOTAL No of 1958 1497 299 206
Papers with
Google
Scholar

Source: Own research result.

Source: Own research result.
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consequences of this choice are. We wanted to capture papers with
modern Al methods, particularly DL models. These emerged a few years
earlier but papers targeting human-AI collaboration studies based on DL
models start to appear mostly from 2018. Earlier studies often relied on
older, rule-based expert systems or traditional ANN models, which do
not fully represent the collaboration challenges found in recent papers.

The period from 2018 marks a significant rise in research on Al-
assisted decision making and collaborative scenarios. The research
moves beyond automation towards interactive, explainable systems and
human-AI workflow configurations.

Though LLMs became popular already in 2023, it takes a few years
for collaboration research to reach maturity using these models. This
aligns with our findings, in the 2018-2024 period we identified and
included only 9 papers addressing LLMs. We find that collaboration with
LLM models and LLM-based applications create similar challenges as
specific, narrower DL systems. Some factors may be stronger or more
pronounced with these LLM-based systems given their wide coverage of
applications and conversational nature. Further to that, COVID-19 sped
up digital work and supported the rise of LLMs, but research on remote
Al collaboration using these models has only started to emerge from
2025.

There is a likelihood that additional factor(s) will be found given the
growing body of research focusing on augmentation and human-AI
collaboration with LLMs. This may be a good target scope for a review
in a few years.

4.5. Common limitations in the reviewed studies

To get an impression of the strengths and limits of current research of
human-AI collaboration, we analyzed the reported limitations in 20
randomly selected studies from our final dataset. This helped us take a
more critical look at the quality of the evidence and the state of the field.

We found several common issues. Many studies focused on specific
domains such as medicine, law, or customer service, which limits the
scope of the results. Some used small or unbalanced samples such as
mostly students or online workers, making more general insights prob-
lematic. Tasks were often too simple or unrealistic, and most studies
only looked at short-term use. In many cases, the Al gave limited feed-
back or user control, making the validity findings about real collabo-
rations questionable. Some studies also reported problems issues with
overreliance on early Al suggestions, lack of user training, or poor
explainability.

This reflection on the reported limitations shows that much of the
research is still at an early stage. Our framework of interconnected
factors can help bring more structure to the field and highlight areas for
improvement, such as using more realistic tasks, studying long-term
collaboration, and better supporting trust and understanding. A more
detailed list of these limitations of the 20 studies is included in the ap-
pendix (Section 10.1).

5. Analysis and findings

As mentioned before, we used the systematic method of thematic
analysis to analyze our final dataset of 206 papers. We have been car-
rying out the analysis in two phases. In the first phase, a thematic
analysis was used to identify patterns from the findings of those papers.
As a result of this analysis, we identified 24 factors that affect hybrid
performance, that we collected in four groups.

In the second phase of our analysis, we analyzed the interaction of
these factors using a dependency graph. In the next two subsections, we
describe the analysis process and discuss our findings in detail.

This process was grounded in a detailed database that systematically
assessed and analyzed the Title, Category, Focus, Methodology, and Key
Findings of each paper. This database provided a structured foundation
for our analysis, ensuring a comprehensive approach to uncovering
insights.
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5.1. The coding process: identifying and synthetizing the performance
factors

The purpose of the coding process was to qualitatively interpret the
analyzed studies, in order to identify emergent themes. Initially, we
defined a list of a priori codes including terms like “human trust”, “Al
performance” and “workflow configuration”, etc. As we progressed with
the coding process, we refined these codes and identified new concepts,
such as “mental models”, “delegation”, and “time pressure”, that came
out from the data as in vivo codes. Through these, we could capture new,
unique aspects of human-Al interaction.

During the coding process, we extracted 1-3 key findings (empirical
results) from each study, particularly aiming at ones with performance-
related insights (e.g., “explanations can help humans learn Al errors” or
“trust in Al increases human intention to cooperate with AI”). These
individual insights were used to form our third-level categories. As we
encountered new insights, we continuously refined our codebook
through overlapping codes and updating definitions to better reflect
nuances in the literature.

To ensure a consistency and transparency of the performance factors,
we created short descriptions for each factor and used a shared code
structure across all papers. In order to increase coding reliability we
used iterative team discussions, especially in cases of ambiguity or
disagreement (cf bracketing through transpersonal reflexivity in Dorfler
and Stierand, 2021; Olekanma et al., 2022).

This combination of a priori and in vivo codes enabled us to refine
our understanding of the performance factors influencing human-Al
collaboration. As a result of this thematic analysis, we identified 24
performance factors, that we grouped into four overarching categories
reflecting the complex nature of human-AI collaboration:

e Al Factors: Capabilities, Performance, Transparency, Adaptability,
and Interactivity.

o Human Factors: Performance, Self-Confidence, Trust, Reliance on
Al, Expertise, Mental Models, Decision Authority, Cognitive Load,
and Adaptability.

e Interaction Factors: Communication Mode, Complementarity,
Roles Clarity, Workflow Configuration, and Delegation.

e Task-Related Factors: Task Category, Complexity, Time Pressure,
Risk Level, and Other Related Processes.

This categorization, together with the consistent brief descriptions of
each factor, contributes to the field by offering a structured and
comprehensive framework to guide both research and practice in
human-AlI collaboration. (Table 5.1).

See the following table, which present the factor groups, the per-
formance factors with a brief description.

These synthetized performance factors formed the third level of our
coding hierarchy, representing aggregated insights from the literature.
Through iterative refinement, we merged similar codes, adjusted defi-
nitions, and ensured that the final set of codes accurately captured the
diversity and complexity of the factors influencing human-AI collabo-
ration. This rigorous and comprehensive process synthesized empirical
evidence into a robust framework that integrates both established con-
cepts and emergent themes.

In the next step of our analysis, we wanted to see how the factors
influenced each other in each study. We use a qualitative pairwise
coding for that to capture the direction of each relationship based on the
empirical findings.

5.2. Mapping the papers

We mapped each paper to the performance factors it addressed
(Table 5.2). It is important to note that one paper could be linked to
more than one factor, so the total number of papers is higher than the
selected 206 papers. It is interesting to see how many papers were linked
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Table 5.1
The 24 performance factors’ brief description.

Factor

Factors’ Description

L. Al Factors
Al Capabilities

Al Performance

Al Transparency

AT Adaptability

Al Interactivity

II. Human Factors
Human Performance

Human Self-Confidence

Human Trust

Human Reliance on Al

Human Expertise

Human Mental Models

(Understanding of AI)

Human Decision Authority

Human Cognitive Load

Human Adaptability

Refers to the range of functions, tasks, and
operations that the Al system is designed to
perform. It encompasses the specific skills and
competencies of the Al, such as data processing,
pattern recognition, predictive analytics, and
decision support.

Includes the precision and consistency with
which the Al system performs its tasks. Accuracy
refers to the correctness of Al outputs, while
reliability indicates how consistently the Al
delivers accurate results over time.

Involves the extent to which the Al system’s
decision-making processes are visible and
understandable to users. It includes the ability of
the Al to explain how it arrives at its decisions,
making the system’s operations more
interpretable and trustworthy.

Refers to the Al system’s ability to adjust to new
data, changing environments, or user feedback.
This includes the AI’s capacity to learn from
interactions and improve its performance over
time.

Describes the quality and effectiveness of
communication between the Al system and its
users. It includes how responsive the Al is to user
inputs, how well it can engage in a dialogue, and
how it supports a dynamic exchange of
information.

Refers to the effectiveness, efficiency, and
accuracy with which users carry out their tasks in
collaboration with Al systems. It encompasses the
ability to achieve desired outcomes, execute tasks
promptly, and make accurate decisions.

Refers to the belief that users have in their own
abilities to effectively perform tasks and make
decisions when interacting with Al systems.
Refers to the level of confidence that users have in
the Al system’s capabilities and decisions. Trust
affects how much users rely on the Al and how
willing they are to integrate its outputs into their
decision-making processes.

The degree to which a user depends on the Al
system to perform tasks or make decisions. It’s a
behavioral outcome that is influenced by trust but
also by other factors like task complexity, user
expertise, and the AT's perceived capabilities.
Refers to the knowledge, skills, and experience
that the human users bring to their interactions
with Al systems. It influences how effectively they
can utilize the AT's capabilities and interpret its
outputs.

Are the internal representations that users form
about how the Al system works, including its
capabilities, limitations, and decision-making
processes. Accurate mental models are essential
for effective interaction with AL

Reflects the extent of control that human users
retain over the decision-making process in
collaboration with AL It defines whether the Al is
used as a decision-support tool or as a primary
decision-maker.

Refers to the mental effort required to interact
with the Al system. High cognitive load can
impair decision-making, while well-designed Al
systems can reduce cognitive load by simplifying
tasks and presenting information clearly.

In human factors refers to the ability of users to
adjust their strategies and behavior in response to
the Al system’s outputs and capabilities. It
includes the flexibility to integrate Al
recommendations and to work effectively in
changing environments.
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Table 5.1 (continued)

Factor

Factors’ Description

III. Interaction Factors
Communication Mode

Complementarity

Roles Clarity

Workflow Configuration

Delegation

IV. Task Factors

Task Category

Task Complexity

Time Pressure

Risk Level

Other Related Processes

Refers to the channels and methods used for
interaction between humans and Al, such as text,
voice, visual interfaces or other specific modes of
interaction (eg. prompting). The mode of
communication can impact the clarity and
effectiveness of the interaction.

Describes the synergy achieved when the
strengths of humans and Al are combined to
achieve better outcomes than either could alone.
It focuses on how well the human and Al
components of the system enhance each other’s
performance.

Involves the clear definition of responsibilities
and tasks between human users and the Al
system. Clear role definitions ensure that both
parties know what is expected of them, reducing
confusion and improving collaboration
efficiency.

Refers to the structure and sequence of tasks and
decision-making processes within the
collaboration. This includes whether the
workflow is human-first, Al-first, or a hybrid
approach, and how tasks are allocated between
human and Al

In the context of human-Al interaction refers to
the process by which tasks or decisions are
assigned to the Al system by the human users.
Effective delegation involves determining which
tasks are best handled by AI and which require
human judgment.

Task category refers to the type of task being
performed, such as decision-making, data
analysis, or creative work. Different task
categories may require different levels of Al
involvement and human-AI interaction.

Task complexity describes the level of difficulty
and intricacy of the tasks involved in human-Al
collaboration. Complex tasks often require more
sophisticated AI capabilities and a higher degree
of collaboration between humans and Al

Time pressure refers to the urgency with which
tasks need to be completed. High time pressure
can influence decision-making processes and may
lead to greater reliance on Al to expedite tasks.
Risk level refers to the potential consequences
and severity of outcomes associated with the task
or decision-making situation in human-AI
collaboration. Higher risk levels involve greater
stakes, such as the possibility of significant
financial loss, harm to individuals, or critical
failures, which may necessitate more cautious
decision-making, increased human oversight, and
a careful evaluation of Al recommendations.
This factor includes any additional processes or
systems that interact with or influence the
human-AlI collaboration, such as organizational
workflows, regulatory compliance, and existing
technology infrastructures.

Source: results of data analysis.

to each factor, as this shows how much attention each one has received
in research. To make this easier to grasp, we grouped the factors into
three categories based on how often they appeared in the studies. This
helps highlight which areas have been studied more and which ones are

still less explored.

Most studied factors (mentioned in more than 30 papers): Al
Transparency (79 papers), Al Performance (42), Human Trust (47), Human
Reliance on Al (79), Human Mental Models (39)

Moderately studied factors (mentioned in 10 to 30 papers): Al
Capabilities (10), Al Adaptability (11), AI Interactivity (11), Human Per-
formance (20), Human Self-Confidence (18), Human Expertise (22),
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Table 5.2

The 4 factor groups, 24 performance factors with related papers.

Factors

Relevant Papers

L. Al Factors
Al Capabilities (10
papers)

Al Performance (42
papers)

Al Transparency
(79 papers)

Al Adaptability
(11 papers)

Al Interactivity
(11 papers)

II. Human Factors
Human Performance
(20 papers)

Human Self-
Confidence
(18 papers)

(Fligener et al., 2021b; Okamura and S. Yamada, 2020) (
Bansal et al., 2019b; Cvetkovic and Bittner, 2022;
Dell’Acqua et al., 2023; Eini-Porat et al., 2022;
Flathmann et al., 2023b; Grisold and Schneider, 2023;
Hsieh and Lee, 2024; Lebovitz et al., 2022;
Pataranutaporn et al., 2023; Schreibelmayr et al., 2023)
(Andre et al., 2023; Bansal et al., 2021a; Baryannis et al.,
2019; Bienefeld et al., 2023; Bossen and Pine, 2023;
Braun et al., 2022; Bui et al., 2023; Cecil et al., 2024;
Choi and Schwarcz, 2025; Chong et al., 2024, 2023,
2022; De Brito Duarte, 2023; Dell’Acqua, 2022;
Dell’Acqua et al., 2025; Dhuliawala et al., 2023;
Eini-Porat et al., 2022; Erlei et al., 2024; Fligener et al.,
2021a, 2021b; Gu et al., 2024; Inkpen et al., 2023; Kahr
et al., 2023; Kahr et al., 2024a and 2024b; Le et al.,
2022; Lemus et al., 2023; Maier et al., 2022; Nascimento
et al., 2023; Pandya et al., 2019; Peng et al., 2022; Pinski
et al., 2023; Rechkemmer and Yin, 2022; Schaap et al.,
2024; Tejeda et al., 2022; Tschandl et al., 2020; D.-Y.
Wang et al., 2023; Wang et al., 2019; G. Wang et al.,
2023; W. Wang et al., 2023; Xu et al., 2023; Zhu et al.,
2024)

(Abdel-Karim et al., 2023; Altintas et al., 2023; Bansal
et al., 2019a, 2021b; Baryannis et al., 2019; Berberian
et al., 2023; Blaurock et al., 2024; Bossen and Pine,
2023; Braun et al., 2023, 2022; Bussone et al., 2015;
Cabitza et al., 2023, 2024; Cabrera et al., 2023; Cai

et al., 2019; Calisto et al., 2021; Cao et al., 2024;
Cassenti et al., 2023; Cecil et al., 2024; Chen et al., 2023;
Chiang and Yin, 2021, 2022; Corvelo Benz and
Rodriguez, 2023; De Brito Duarte, 2023; van der Zander
et al., 2024; Ebermann et al., 2023; Fiigener et al.,
2021b; Fukuchi and Yamada, 2023; Gentile et al., 2023;
Gu et al., 2021; Guo et al., 2024; Harbarth et al., 2024;
Hauptman et al., 2024; He et al., 2023; Holstein et al.,
2023; Hiillmann et al., 2023; Jakubik et al., 2022; Jiang
et al., 2022; Kahr et al., 2023; Kahr et al., 2024a; Karran
et al., 2022; Kim et al., 2024, 2023a; Lebovitz et al.,
2022; Lee et al., 2024; Lee and Chew, 2023; Leichtmann
et al., 2023a, 2023b; Lemus et al., 2023; Liu, 2021; Liu
et al., 2021; Lu and Yin, 2021; Ma et al., 2023; Morrison
et al., 2024; Mozannar et al., 2023; Mucha et al., 2021;
Papenkordt, 2024; Park et al., 2022; Pataranutaporn

et al., 2023; Robbemond et al., 2022; M. Schemmer

et al., 2023b; Schreibelmayr et al., 2023; Shen et al.,
2021; Shin, 2021; Sivaraman et al., 2023; Spillner et al.,
2023; Subramanian et al., 2023; Suffian, 2024; Taesiri
et al., 2022; Taudien et al., 2022a, 2022b; Tejeda Lemus
et al., 2022; Tschandl et al., 2020; Vasconcelos et al.,
2023; Walter et al., 2023; Wang and Ding, 2024; Wang
and Yin, 2022, 2023; Y. Wang et al., 2024; Westphal

et al., 2023; Wu et al., 2022; Zhang et al., 2023, 2020)
(Bansal et al., 2021b; Bhattacharya et al., 2024; Fiigener
et al., 2021b; Gao et al., 2021; Grisold and Schneider,
2023; Guzdial et al., 2019; Lu et al., 2024; Mozannar
and Sontag, 2020; Nascimento et al., 2023; Okamura
and Yamada, 2020; Salikutluk et al., 2024)

(Bucinca et al., 2021; Cheng et al., 2024; Danry et al.,
2023; Gomez et al., 2023b; Gu et al., 2021; Lee et al.,
2021; Liu et al., 2021, 2023; Muijlwijk et al., 2024;
Papenkordt, 2024; Wu et al., 2022)

(Beese and Fahse, 2023; Bondi et al., 2022; Bossen and
Pine, 2023; Braun et al., 2023, 2022; Cao et al., 2024;
Dang et al., 2023; Danry et al., 2023; Dell’Acqua, 2022;
Fligener et al., 2021b; Gentile et al., 2023; Hemmer

et al., 2023; Kim et al., 2024; Lee et al., 2024; Loske and
Klumpp, 2021; Rastogi et al., 2022; Revilla et al., 2023;
Tschandl et al., 2020; Walter et al., 2023; Y. Wang et al.,
2024)

(Allen and Choudhury, 2021; Bondi et al., 2022; Chong
et al., 2024, 2023, 2022; Fogliato et al., 2022; Fiigener
et al., 2021a; He et al., 2023; Holstein et al., 2023; Lu
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Table 5.2 (continued)

Factors

Relevant Papers

Human Trust
(47 papers)

Human Reliance on Al
(79 papers)

Human Expertise
(22 papers)

Human Mental Models
(39 papers)

and Yin, 2021; Ma et al., 2024; Niraula et al., 2024;
Papachristos et al., 2021; Schaap et al., 2024;
Subramanian et al., 2023; Tejeda et al., 2022; Tschandl
et al., 2020; Wang et al., 2022)

(Altintas et al., 2023; Bansal et al., 2021b; Berberian

et al., 2023; Bui et al., 2023; Cao et al., 2023; Cecil et al.,
2024; Chong et al., 2024, 2023; Corvelo Benz and
Rodriguez, 2023; Cvetkovic and Bittner, 2022; De Brito
Duarte, 2023; Dhuliawala et al., 2023; Gentile et al.,
2023; Glienke et al., 2023; Hauptman et al., 2024; Hou
et al., 2023; Hsieh and Lee, 2024; Inkpen et al., 2023;
Kahr et al., 2023; Kahr et al., 2024a and 2024b; Karran
et al., 2022; Kim et al., 2023a, 2023b; Kuang et al.,
2024; Leichtmann et al., 2023b; Li et al., 2023; Liu,
2021; Liu et al., 2021; Ma et al., 2023; Maier et al., 2022;
Muijlwijk et al., 2024; Niraula et al., 2024; Okamura and
S. Yamada, 2020; Park et al., 2022; Pataranutaporn

et al., 2023; Schreibelmayr et al., 2023; Shin, 2021;
Sivaraman et al., 2023; Spillner et al., 2023; Taudien

et al., 2022a, 2022b; Wang et al., 2019; Wang and Ding,
2024; W. W. Wang et al., 2023; Wang and Yin, 2023;
Westphal et al., 2023; Yao et al., 2024; Zhang et al.,
2023, 2020)

(Abdel-Karim et al., 2023; Adam et al., 2024; Allen and
Choudhury, 2021; Altintas et al., 2023; Ardichvili et al.,
2024; Bansal et al., 2021a, 2021b; Blaurock et al., 2024;
Bondi et al., 2022; Bossen and Pine, 2023; Bucinca et al.,
2021; Bussone et al., 2015; Cabitza et al., 2024; Calisto
et al., 2021; Cao et al., 2023, 2024; Cecil et al., 2024;
Cheng et al., 2024; Chiang et al., 2024; Chiang and Yin,
2021, 2022; Chong et al., 2023, 2022; De Brito Duarte,
2023; van der Zander et al., 2024; Ebermann et al.,
2023; Eini-Porat et al., 2022; Fahse and Schmitt, 2023;
Flathmann et al., 2023b; Fogliato et al., 2022; Fukuchi
and Yamada, 2023; Glienke et al., 2023; Gomez et al.,
2023b; Guggemos, 2024; Guo et al., 2024; Harbarth

et al., 2024; He et al., 2023; Herm et al., 2023; Holstein
et al., 2023; Hou et al., 2023; Hiillmann et al., 2023;
Jakubik et al., 2022; Jiang et al., 2022; Jussupow et al.,
2021; Kahr et al., 2024a; Kelly et al., 2023; Kim et al.,
2024, 2023b; Lee and Chew, 2023; Lemus et al., 2023;
Li et al., 2022, 2023; Lu et al., 2024; Lu and Yin, 2021;
Ma et al., 2024; Morrison et al., 2023, 2024; Mozannar
et al., 2023; Mucha et al., 2021; Niraula et al., 2024;
Pataranutaporn et al., 2023; Pinski et al., 2023; Rastogi
et al., 2022; Reverberi et al., 2022; Robbemond et al.,
2022; Salikutluk et al., 2023; Salimzadeh and Gadiraju,
2024; Salimzadeh et al., 2024; Schemmer et al., 2023a;
Schemmer et al., 2023b; Schreibelmayr et al., 2023;
Shaikh and Cruz, 2023; Sivaraman et al., 2023; Sowa
et al., 2021; Subramanian et al., 2023; Swaroop et al.,
2024; Taesiri et al., 2022; Tejeda et al., 2022; Tejeda
Lemus et al., 2022; Vasconcelos et al., 2023; D.-Y. Wang
etal., 2023; G. Wang et al., 2023; Westphal et al., 2023;
Yao et al., 2024; Zhang et al., 2022; Zhu et al., 2024)
(Allen and Choudhury, 2021; Ardichvili et al., 2024;
Bulten et al., 2021; Cao et al., 2024; Choi and Schwarcz,
2025; Dell’Acqua et al., 2023; Herm et al., 2023;
Holstein et al., 2023; Inkpen et al., 2023; Jiang et al.,
2022; Jussupow et al., 2021; Kim et al., 2023b; Morrison
et al., 2024; Ou et al., 2023; Qian and Wexler, 2024;
Rondonotti et al., 2023; Tejeda Lemus et al., 2022;
Thomas et al., 2024; Tschandl et al., 2020; W. Wang

et al., 2023; Wang and Yin, 2022; Zhang et al., 2020)
(Allen and Choudhury, 2021; Bansal et al., 2021a,
2019a, 2019b; Blaurock et al., 2024; Bucinca et al.,
2021; Cabrera et al., 2023; Cai et al., 2019; Cassenti

et al., 2023; Chiang and Yin, 2021; Corvelo Benz and
Rodriguez, 2023; De Brito Duarte, 2023; Dhuliawala

et al., 2023; Fiigener et al., 2021b; Gu et al., 2024;
Guggemos, 2024; Harbarth et al., 2024; Herm et al.,
2023; Holstein et al., 2023; Ibrahim et al., 2023; Jiang
et al., 2022; Jussupow et al., 2021; Kelly et al., 2023;
Lebovitz et al., 2022; Lee et al., 2021; Leichtmann et al.,
2023b; Liu, 2021; Liu et al., 2023; Pataranutaporn et al.,
2023; Pinski et al., 2023; Reverberi et al., 2022;

(continued on next page)
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Table 5.2 (continued)

Factors Relevant Papers

Schemmer et al., 2023a; Shen et al., 2021; Shin, 2021;
Suffian, 2024; Tejeda Lemus et al., 2022; C. Wang et al.,
2024; Wang et al., 2019, 2022; Westphal et al., 2023)

Human Decision (Abdel-Karim et al., 2023; Adam et al., 2024; Berberian

Authority et al., 2023; Kong et al., 2024; Schaap et al., 2024;
(6 papers) Westphal et al., 2023)

Human Cognitive Load (Calisto et al., 2021; Eini-Porat et al., 2022; Jiang et al.,
(3 papers) 2022)

Human Adaptability (Beese and Fahse, 2023; Guzdial et al., 2019; Sivaraman
(3 papers) et al., 2023)

III. Interaction Factors

Communication Mode (Ardichvili et al., 2024; Choi and Schwarcz, 2025; Dang

(7 papers) et al., 2023; Glauben et al., 2024; Kim et al., 2024;
Lebovitz et al., 2022; Rapp et al., 2023)
Complementarity (Bansal et al., 2021a; Brehmer et al., 2022; Chen et al.,

(17 papers) 2023; Fligener et al., 2021b; Hekler et al., 2019; Inkpen
et al., 2023; Morrison et al., 2024; Revilla et al., 2023;
Richens et al., 2020; Salikutluk et al., 2023; Tejeda
Lemus et al., 2022; Wang et al., 2016; W. Wang et al.,
2023; Wilder et al., 2021; Xu et al., 2023; Zhang et al.,
2022; Zhang et al., 2020)

Roles Clarity (Papachristos et al., 2021)

(1 paper)
Workflow (Abdel-Karim et al., 2023; Brehmer et al., 2022; Cabitza
Configuration et al., 2023, 2021; Chiang et al., 2024; Fogliato et al.,

2022; Gomez et al., 2023b; Gu et al., 2023;
Henkenjohann and Trenz, 2024; Hu et al., 2024; Kuang
et al., 2024; Lauer and Wieland, 2021; Li et al., 2022;
Lobo et al., 2024; Lu et al., 2024; Sowa et al., 2021;
Swaroop et al., 2024; D.-Y. Wang et al., 2023; Wu et al.,
2022; Xu et al., 2020; Zhang et al., 2024)

(Adam et al., 2024; Bondi et al., 2022; Cvetkovic and
Bittner, 2022; Erlei et al., 2024; Fiigener et al., 2021a,
2021c; Gao et al., 2021; Grisold and Schneider, 2023;
Hemmer et al., 2023; Lai et al., 2022; Pinski et al., 2023;
Taudien et al., 2022a)

(21 papers)

Delegation
(12 papers)

IV. Task Factors

Task Category (Cao et al., 2023; Revilla et al., 2023)

(2 papers)
Task Complexity (Choi and Schwarcz, 2025; Chong et al., 2023; Kim
(6 papers) et al., 2023b; Salimzadeh and Gadiraju, 2024;

Salimzadeh et al., 2024; Westphal et al., 2023)

Time Pressure (Cao et al., 2023; Gu et al., 2021; Lebovitz et al., 2022;

(6 papers) Rastogi et al., 2022; Shaikh and Cruz, 2023; Swaroop
et al., 2024)
Risk Level (Cao et al., 2024; De Brito Duarte, 2023; Gu et al., 2021;
(5 papers) Kim et al., 2023b; Li et al., 2023)
Other Related (Guo et al., 2024; von Richthofen et al., 2022; Ruissalo,
Processes 2024)
(3 papers)

Source: Results of Data Analysis.

Complementarity (17), Workflow Configuration (21), Delegation (12)

Less studied factors (mentioned in fewer than 10 papers): Human
Decision Authority (6), Human Cognitive Load (3), Human Adaptability (3),
Communication Mode (7), Roles Clarity (1), Task Category (2), Task
Complexity (6), Time Pressure (6), Risk Level (5), Other Related Processes
3

This also shows that some factors, such as transparency and reliance,
have been significantly studied, while others, such as decision authority
or task-related aspects, have received much less attention.

Why are some factors studied less? There could be several reasons.
Human-Al collaboration is still a developing field, so many topics have
not been fully explored yet. Some factors might also be harder to study,
depend on specific situations, or have just been missed by researchers so
far. But simply because a factor is mentioned less often does not mean it
is not important. For example, human decision authority, cognitive load,
or task complexity might still play a key role in certain situations.
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5.3. Interconnectedness emerge: graphing factors relationships

As presented in the table above we identified 24 relevant perfor-
mance factors from the papers in our review. We noticed that many
studies not only present findings related to one or a few of these factors
but also provided evidence of the interaction between two or more
factors. Thus we realized that our three-level coding structure may not
fully capture the dynamic, interconnected nature of the factors. More
specifically, key findings of these papers often describe how one factor
influences another, showing that performance is shaped by relation-
ships, not just isolated elements. In addition to these 24 factors, we also
included the concept of “hybrid performance” as an outcome, since
several factors have a direct impact on it.

To uncover these relationships, we reviewed the key findings of each
selected paper, seeking directional links in the form “x affects y” or “x
influences y” where x and y are among the 24 performance factors. Then
using qualitative pairwise coding (not statistical), we analysed each
paper’s description of human-Al collaboration and coded pairs of factors
accordingly. This process resulted in a total of 326 unique directional
links between the performance factors.

An example of such pair is Human Trust — Human Reliance on Al,
indicates that at least one paper provided evidence that human trust (a
belief) influences how humans rely on AI (a behaviour). This relation-
ship implies that the degree of trust users develop towards an Al system
affects how they engage with it in practice, including how often they use
it and under what conditions. Building upon the 326 identified direc-
tional pairs we created a dependency graph (see Fig. 5.1) where each
arrow represents an empirically observed influence from one factors to
another (Lin et al., 2013). This graph helps visualize the complex web of
interdependencies between factors within a specific context and this also
suggests that hybrid performance is shaped in complex ways, through
chains of influence. Instead of isolated cause-effect links, hybrid per-
formance emerges through a dense network of influences between
interconnected factors.

The strength of the interdependencies is not measured through sta-
tistical weighting, but rather indicated by the number of studies dis-
cussing each connection as noted in Section 5.2. Each directional link in
the graph represents a relationship empirically observed in at least one
study. If a particular link appears in multiple studies, it suggests that the
relationship is more frequently recognized in the literature and possibly
also more relevant in real-life practice. However, we want to reinforce
that the frequency of mention does not necessarily reflect true causal
strength; it may also be shaped by current research focus.

By analyzing the graph, we identify the most connected factors
(nodes) by counting the number of links attached to each. These central
factors may have a stronger influence on the overall performance of
human-AI collaboration. Even relationships supported by fewer studies
may still be highly relevant and should not be overlooked.

A recurring example of such interdependence is the path from Al
Transparency to Human Trust, to Human Reliance on Al, and finally to
Hybrid Performance. Studies consistently show that when Al systems
provide understandable, transparent outputs, users develop greater
trust. This leads to more appropriate reliance on the system, which ul-
timately improves collaborative outcomes.

The dependency graph can also serve as a practical tool for Al system
design. By mapping the critical factors in a given context and examining
how they influence each other, designers can better target improve-
ments and anticipate indirect effects. The graph highlights key points
where changes in one factor may positively affect others. Continuous
follow-up is also important: by tracking how these factors evolve during
use, designers can make informed adjustments to better meet user needs
and improve overall performance.

5.3.1. Key insights from the graph
The dependency graph visually shows the dynamic interplay among
the 24 performance factors during any human-AlI collaboration.
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Fig. 5.1. The graph of the factor interconnections.
Source: Own research result.

To sum up the main insights, we found the following:

Dynamic Complexity: The factors rarely work alone. For instance,
one factor can interact with several others, and this way shaping
hybrid performance in complex ways. For example: Human Trust in
AI can influence not only Reliance on Al, but also Decision-making
Authority, and Cognitive Load.

Non-Linear Relationships: Some factors affect each other in non-
linear ways. This means that even small changes in one factor can
lead to much bigger, unexpected effects in others.

Hybrid Performance: Many of these factors directly or indirectly,
shape hybrid performance, as the outcome of how humans and Al
work together. This highlights its central role in human-Al
collaboration

Finally, we highlight that a factor dependency graph can be a useful
tool in practice. It helps understand specific human-Al collaboration in a
specific context by showing how the relevant factors are connected and
influence each other. This makes it easier to find the crucial factors, see
how changes in one can impact others, and plan improvements. The
graph can also help track which factors need to be followed up over time
and adjusted if needed. In practice, this approach can be made even
stronger by adding statistical data to support decisions. Overall, we
suggest that such visualization tool can give helpful insights during Al
system design.

6. Discussion of review results

In this section, we discuss and analyze the findings from our meta-
analysis. First, we look at each of the identified performance factors to
understand their importance. In the second part, we explore how the
interconnectedness of these factors plays out supported by examples
from a number of papers.

By doing so, we aim to address how these insights can guide the
development of Al systems that not only achieve technical excellence
but also align with human needs, aspirations, and ethical considerations.
This interconnected perspective not only advances our understanding of
hybrid performance but also provides actionable insights into designing

A

’ Hybrid Performance
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Al systems that effectively complement human capabilities.

In the following sections, we to unpack these themes in detail, that
aim to enhance human-AlI collaboration while addressing the challenges
and opportunities identified in the literature.

6.1. The 24 performance factors

In this section we introduce the factors according to the four emer-
gent groups; one subsection corresponding to each group.

6.1.1. Al factors

One of the most obvious factors when applying Al tools to support
human work is the capabilities of the Al system. This will define the
scope and potentially the utility of the Al and the way how it may be
used by the human user. An example can be found in this paper
(Eini-Porat et al., 2022) where clinicians desire more reliable and
actionable predictions from Al, tailored to their workflow and tasks. But
already the presentation of the capabilities of an Al system directly in-
fluences human perception, trust and adoption (Flathmann et al., 2023b;
Hsieh and Lee, 2024). Built-in Al capabilities like learning (Grisold and
Schneider, 2023) or reasoning about human mental attitudes are shown
to have an effect on the collaboration. There may be tension between
updating an Al system capabilities and maintaining compatibility with
users’ previous experiences, mental models and expectations (Bansal
etal., 2019b). It was found that when updates were not in line with these
even an improved accuracy model could harm joint performance.

The AI performance has traditionally been viewed as the primary
metric for optimizing performance of human-AI collaboration. An Al
model is typically trained on a constrained dataset tailored to a well-
defined prediction task such as classifying a symptom, recommending
a pass/fail decision in a quality inspection, or generating a new sentence
based on a text input. Model training is performed for a specific outcome
and accuracy measures. However, given its probabilistic way of work-
ing, model outcomes are rarely perfect, they come with a margin of
error. These results in false positives and false negatives (e.g. healthy
patients classified with a disease or missed disease cases in a diagnostic
situation), inherent errors of machine learning models. Machine
learning engineers use a number of techniques to find a good balance of
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fitting the model to the available data and generalizing to new, unseen
data and contexts. This trade-off can have significant consequences
when the model is deployed in real-world applications, where its per-
formance may vary under different conditions. Other trade-offs will also
be present like accuracy versus interpretability especially in applications
requiring transparent operations. Depending on the model choice (or
other factors) some tools may be of higher accuracy, but human users
will have more difficulty to understand their inner workings and inter-
pret outcomes. Beyond accuracy consistency and reliability too are key
performance metrics. Consistency refers to the model’s ability to pro-
duce similar results across similar inputs while reliability ensures that
the model performs predictably under varying input data and other
conditions and over time. Experience shows that even models with
human level or superhuman performance by design will not guarantee
the same level when integrated in real-world workflows or paired with
human users.

Within the context of human-Al collaboration our intuition may be
that pairing a human user with a highly performant Al tool will surely
lead to a better performance. There are a number of studies showing an
improved human decision-making in collaboration with high perfor-
mance Al tools (Bossen and Pine, 2023; Dell’Acqua et al., 2023; Kahr
et al., 2024a; Pandya et al., 2019; Peng et al., 2022; Wang et al., 2019;
Xu et al., 2023). On the other hand, there is also evidence that in certain
situations a lower quality model will contribute to a better team per-
formance (Dell’Acqua, 2022; Pandya et al., 2019) by improving human
engagement or complementarity.

Al performance, especially accuracy has a widely studied direct in-
fluence over human trust and adoption or reliance on using the Al
(Dhuliawala et al., 2023; Kahr et al., 2023; Kahr et al., 2024a and 2024b;
Maier et al., 2022; Park et al., 2022; Rechkemmer and Yin, 2022). High
model accuracy builds human trust and intention to use but Al errors
may degrade this trust and the interaction (Kahr et al., 2023; Maier
et al., 2022). An increased level of human trust likely makes them rely
more on the AL Depending on the actual task and the model perfor-
mance this may improve or worsen the hybrid performance. Al errors
have an impact through actual use when users rely on its faulty out-
comes, accepting an Al advice when they should not (Cecil et al., 2024;
Dhuliawala et al., 2023; Erlei et al., 2024; Kahr et al., 2023; Kahr et al.,
2024b).

According to the definition that we adopted the AI transparency
groups a number of key features of Al systems that relates to how
humans are able to understand the workings of the system. It consists of
explanations of outcomes, descriptions of system performance, confi-
dence (typically displayed case-level), error boundaries, edge cases and
expected behavior in certain situations, and guidelines. Transparency of
Al systems, models are a widely covered research area, this is the factor
in our study which occurred in the largest number of papers. The reasons
for this may be two-fold: 1) this directly relates to the “black-box™ nature
(as mentioned above) of deep learning models overwhelmingly used in
Al solutions 2) explainable AI (XAI) has been studied extensively from
various angles including by researchers specializing in ML engineering.

There are various types of transparency discussed in the studies, here
we summarize the most relevant:

e Feature importances: highlight the most salient features of the data
influencing the AI outcomes

e Model confidences: these are confidence scores (like 0-100) or
probability distributions indicating the level of certainty of the Al
predictions

e Counterfactual explanations: help users understand model behavior
under changing inputs (e.g. “what-if” scenarios)

e Model explanations: descriptions of training data and its distribution,
internal workings of Al models, details of and reasoning about
outputs

e Tutorials, instructions, onboarding: these serve to educate users
about how to engage with the system effectively
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Al transparency influences human trust and human reliance on Al
use. More detailed AI explanations and confidence scores can have a
positive impact on trust and reliance (Berberian et al., 2023; Braun et al.,
2022; Cabitza et al., 2023; De Brito Duarte, 2023; Fiigener et al., 2021b;
Liu, 2021; Ma et al., 2023; Taudien et al., 2022a; Walter et al., 2023;
Zhang et al., 2020). But there are a number of papers which found that
the impact is not as straightforward or even negative (Altintas et al.,
2023; Bansal et al., 2021b; Bussone et al., 2015; Cabitza et al., 2023;
Cecil et al., 2024; Ebermann et al., 2023; Harbarth et al.; Hauptman
etal., 2024; Holstein et al., 2023; Jiang et al., 2022; Lee and Chew, 2023;
Liu, 2021). The authors of study (Hauptman et al., 2024) suggest that
the high-explainability solution caused communication overload which
was counter-productive. This paper (2022) finds that providing alter-
native advice and showing prediction confidence scores may hinder
users’ advice acceptance especially for users lacking proper knowledge.
Transparent systems with well-explained outcomes even if wrong may
be more “convincing” or reduce human vigilance and lead to
over-reliance. Trust in Al is also affected by explanation type (De Brito
Duarte, 2023; Lee and Chew, 2023; Leichtmann et al., 2023b; Ma et al.,
2023; Taesiri et al., 2022; Wang and Ding, 2024).

Al explanations can contribute to better human task performance
(Braun et al., 2022; Gentile et al., 2023; Lee et al., 2024; Tschandl et al.,
2020; Walter et al., 2023). On the other hand hard to understand,
imperfect or “bogus” explanations may mislead users including domain
experts even if the Al is correct (Morrison et al., 2024; Spillner et al.,
2023). Transparent Al systems help build human mental models while
they interact with the system. Case level explanations or confidence
scores have a direct, local effect on decision making in a particular
instance. Repeated interactions and use of an Al system combine expe-
riences and feedback that gradually builds users’ mental models of
system behavior and understanding of other crucial features (Bansal
et al., 2019a; Cai et al., 2019; Fiigener et al., 2021b; Shen et al., 2021;
Tejeda Lemus et al., 2022). These human mental models will have a
significant role in shaping human-AI collaboration. A few studies also
suggest that presentation and design matters, since transparency may
also increase cognitive load for humans and increase the decision time
needed (or otherwise worsen the performance) (Calisto et al., 2021;
Jiang et al., 2022; Westphal et al., 2023). And finally, people tend to use
confidence scores or other similar Al model uncertainty information
differently based on their skills or domain knowledge (Holstein et al.,
2023; Lemus et al., 2023; Subramanian et al., 2023).

Al adaptability refers to the capacity of the Al system to adjust to
changing environments, tasks or user needs. This ability may increase
the effectiveness of the human-Al interaction by adapting to new con-
ditions and learn from feedback. Personalization is an important form of
Al adaptability. It highlights the need to make the interactions indi-
vidual and achieve complementary performance by taking into account
the human decision-makers abilities (Fiigener et al., 2021b; Gao et al.,
2021; Guzdial et al., 2019). An Al system may dynamically adjust its
role. Team performance improved when the Al agent adapted its level of
autonomy to the situation (Salikutluk et al., 2024). In another study the
system defers decisions to the human only when needed depending on
the human expertise showing flexibility in task delegation (Mozannar
and Sontag, 2020). Another area of Al adaptation is trust calibration.
(Okamura and S. Yamada, 2020) demonstrated that “adaptively pre-
senting a TCC (trust calibration cue) could promote trust calibration
more effectively than a traditional system transparency approach”. Ex-
planations and alternative recommendations (“second opinion”) may
also be adaptable to reduce over-reliance contributing to properly cali-
brated trust levels (Bansal et al., 2021b; Lu et al., 2024). Learning from
feedback and experience allows systems to gradually refine their
workflow, delegation mechanism and overall performance
(Bhattacharya et al., 2024; Gao et al., 2021; Grisold and Schneider,
2023; Mozannar and Sontag, 2020; Nascimento et al., 2023).

Interactive Al systems allow dynamic and iterative exchange be-
tween a user and the system. Al interactivity can increase system
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transparency and controllability as shown in (Wu et al., 2022) by
introducing a chaining approach in an LLM model. (Papenkordt, 2024)
finds “if users proactively demand an explanation of the recommenda-
tion, it becomes increasingly likely that they cognitively evaluate it”.
Implementing novel interface designs (“interactive explanations”)
enable users to manipulate input features and observe how Al outcomes
change leading to a better understanding of the prediction (Liu et al.,
2021). The study (Gu et al., 2021) introduces interactivity by developing
and testing a tool that engages users in an active and iterative process in
a medical diagnosis context. This includes iteratively accept-
ing/rejecting image regions highlighted by Al, labeling on-the-fly to
provide feedback to the system and adjusting pre-filled diagnosis di-
alogues. Human mental models are another area where interactivity
plays a role. In a code generating LLM study (Liu et al., 2023) users are
provided with natural language feedback which improves their under-
standing of the system’s capabilities and limitations. Cognitive forcing
interventions which make people engage more thoughtfully with the Al
significantly reduced over-reliance (Bucinca et al., 2021).

6.1.2. Human factors

The study of human trust has gained a significant attention similarly
to Al transparency since these are seemingly closely related in studies.
The definition we use for human trust includes human confidence in Al
for practical reasons (treated similarly in most papers). Another closely
related factor that is often studied in tandem and (casually) used
interchangeably with trust is human reliance on Al. We decided to keep
reliance as a separate factor since trust is a belief while reliance is a
behavior with all the pertaining implications in empirical studies. Trust
influences reliance (or intention to rely) on Al, higher positively, lower
negatively (Glienke et al., 2023; Hou et al., 2023; Li et al., 2023; Niraula
et al., 2024; Schreibelmayr et al., 2023). While another study highlights
the emotional component of trust as a predictor of interaction (Yao et al.,
2024). Whereas trust is not a fixed “quantity”, it evolves over time
driven by interaction (Li et al., 2023).

As mentioned above human reliance on Al is a factor closely
studied with trust. Even though used interchangeably in some studies
most research distinguishes these two in measuring and explaining re-
sults. Human reliance may be affected by trust both in terms of the
degree users rely on the Al outputs and the effectiveness of the inter-
action. “Trust calibration” refers to the appropriateness of trust-reliance
relationship. Over-reliance may signal the use of Al advice even when it
is not adequate while under-reliance misses opportunities to improve
human performance by accepting Al recommendations. Human reliance
is typically an outcome in the papers we analyzed ie. a dependent var-
iable. The majority of the factors that we identified has some influence
on the reliance to use the Al A few examples for such factors: Al
Transparency, Human Mental Models (Understanding of AI), Human
Self-Confidence, Human Expertise, Human Trust, Workflow
Configuration.

There are a number of studies with empirical support that find
human mental models that shapes human user’s understanding of Al,
directly influencing human-AlI collaboration. It is quite challenging to
directly examine human mental models, the research methods and ap-
proaches used in the studied papers are primarily focusing on revealing
its impact. The most often mentioned and analyzed relationship is
through reliance ie. human mental models affect the use of Al tools.
Human mental models shaped by other elements such as trust, cognitive
abilities, learning and experience] (Allen and Choudhury, 2021; Bansal
et al., 2021a; Buginca et al., 2021; Guggemos, 2024; Herm et al., 2023;
Jiang et al., 2022; Jussupow et al., 2021; Kelly et al., 2023; Patar-
anutaporn et al., 2023; Reverberi et al., 2022; Schemmer et al., 2023a)
has a consequence on how and when users rely on AI advice. Trust may
be directly influenced by users understanding of AI (Dhuliawala et al.,
2023; Wang et al., 2019).

Human self-confidence mostly affects reliance, or in other words
the use of AI (Allen and Choudhury, 2021; Bondi et al., 2022; Chong
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et al., 2023, 2022; He et al., 2023; Lu and Yin, 2021; Ma et al., 2024;
Niraula et al., 2024; Tejeda et al., 2022). Humans who are less confident
in their own judgement are more likely accept an Al advice (Bondi et al.,
2022; Tejeda et al., 2022), especially if the Al model is highly confident
(Tejeda et al., 2022). While humans with high confidence tend more to
reject incorrect Al advice (Chong et al., 2023, 2022). High
self-confidence may lead to suboptimal use of Al due to algorithmic
aversion, bias and overall under-reliance on AI (Allen and Choudhury,
2021; Lu and Yin, 2021; Niraula et al., 2024) This effect is also
moderated by the influence of level of agreement between own assess-
ment and the AI’s (Lu and Yin, 2021; Niraula et al., 2024). Humans even
has a tendency (also a widely studied cognitive bias) to overestimate
their own competence (He et al., 2023). Otherwise, self-confidence may
be a crucial component of good decision-making: accepting when being
confident in their own judgement and being able to reject even if less
confident thus avoiding over-reliance on faulty advice (Chong et al.,
2023, 2022). Somewhat unexpectedly self-confidence may be low
despite high skill level so even highly skilled individuals might fall into
over-relying Al (Chong et al., 2022).

Considering human expertise studies indicate that Al typically
improves performance for individuals with lower skill levels (Bulten
et al., 2021; Dell’Acqua et al., 2023; Inkpen et al., 2023; Ou et al., 2023;
Qian and Wexler, 2024; Thomas et al., 2024; Tschandl et al., 2020).
However domain experts tend to trust Al less (Allen and Choudhury,
2021; W. Wang et al., 2023), as their knowledge and experiences leads
them to question the validity of AI advice. While this skepticism
(otherwise known as algorithmic aversion) may protect them from
over-reliance in certain situations (Inkpen et al., 2023; Kim et al., 2023b;
Morrison et al., 2024; Rondonotti et al., 2023; W. Wang et al., 2023) it
may as well be a limiting factor in achieving better performance.
Complementary performance is likely to improve when the human party
has more extensive domain knowledge or task experience (W. Wang
et al., 2023; Zhang et al., 2020).

Human decision authority, or the degree of control humans have
when interacting with Al, impacts trust, understanding and reliance
(Kong et al., 2024; Westphal et al., 2023), via perceived autonomy and
ability to adjust system recommendations according to the findings.
Users of Al systems often expressed their preference for a supportive Al
tool stimulating reflective thinking and collaboration (Abdel-Karim
et al., 2023; Adam et al., 2024; Kong et al., 2024)

Human adaptation refers to how human users of Al adjust their
interaction strategies, techniques and behavior over time working with
Al Studies show users selectively applying various behavior patterns
during interaction and behavior changes over time (Beese and Fahse,
2023; Sivaraman et al., 2023). These papers found specific adaptations
that have been observed for other factors, like aligning mental models,
calibrating trust, developing Al skills.

While human performance is most often measured as part of the
overall hybrid performance of the human-Al collaboration, a few papers
directly refer to its role (Beese and Fahse, 2023; Loske and Klumpp,
2021; Revilla et al., 2023). However, the majority of studies reflect on
how other factors like AI Transparency, Al Performance, Al interactivity,
Delegation are affected by human performance (Bondi et al., 2022;
Braun et al., 2023; Cao et al., 2024; Fiigener et al., 2021b; Gentile et al.,
2023; Lee et al., 2024; Y. Wang et al., 2024)

Al Transparency may be seen as something useful though it may
inadvertently cause human cognitive load issues (Calisto et al., 2021;
Eini-Porat et al., 2022; Jiang et al., 2022). Providing explanations, more
detailed model, output information or uncertainty information can in-
crease complexity and processing time for the human involved
(Westphal et al., 2023).

6.1.3. Interaction factors

Communication and interaction modes refer to channels, methods
and techniques between human and Al including techniques like
prompting or providing natural language feedback. These modes like
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interaction techniques (Fiigener et al.) and behavioral strategies
(Ardichvili et al., 2024; Choi and Schwarcz, 2025; Dang et al., 2023;
Glauben et al., 2024; Kim et al., 2024; Rapp et al., 2023) directly affect
how well users interact with Al tools and their overall performance.

The concept of complementarity, when humans and Al systems
working together outperform either one alone, is a widely accepted
principle in human-Al collaboration research. This performance
improvement may be the consequence of not fully overlapping
strengths/weaknesses when applied to a specific decision scenario.
Many studies focus on the hybrid performance without explicitly
measuring complementarity effects, but a few papers directly address
this factor (Hekler et al., 2019; Salikutluk et al., 2023; Tejeda Lemus
et al., 2022; Wang et al., 2016; Wilder et al., 2021; Zhang et al., 2022).
For instance, algorithms that complement human weaknesses in medical
diagnosis examples can enhance the hybrid performance as shown in.
This paper (Zhang et al., 2022) finds that participants were able to assess
the varying level of complementarity and adjusted their reliance
accordingly.

Roles Clarity is a factor relatively underrepresented in our sample of
papers compared to the others. We still opted to keep it because this
concept may prove to be useful in situations where the task environment
is not well defined than in most of the studies in our review. One
noteable example can be found in (Papachristos et al., 2021) where users
develop their own perception of the Al role during the collaboration and
adjust their behavior to this role.

Workflow configuration plays a critical role in the effectiveness of
the human-AlI interaction by directly triggering the way how and when
humans use the Al (Gu et al., 2023; Hu et al., 2024; Lauer and Wieland,
2021; Lobo et al., 2024; Sowa et al., 2021; Swaroop et al., 2024; Wu
etal., 2022; Xu et al., 2020). Papers explore basic workflow designs such
as the timing of Al use (first, second, parallel) or collaboration models
(complementarity, substitutability, and modularity) (Xu et al., 2020)
and their impact on the hybrid performance. Configurations that pro-
mote human engagement, critical thinking and reflective practices can
positively influence performance (Abdel-Karim et al., 2023; Chiang
et al.,, 2024; Wu et al., 2022; Zhang et al., 2024), while some papers
revisit the impact on performance through reliance (Chiang et al., 2024;
Fogliato et al.; Gomez et al., 2023b; Li et al., 2022; Lu et al., 2024; Sowa
et al., 2021). Others find that specific configurations of the interaction
like suppressing AI under certain conditions, giving alternative opinions
(Sowa et al.), prior provisional response may contribute to appropriate
reliance (Fogliato et al.; Lu et al., 2024; D.-Y. Wang et al., 2023).
Interestingly, even the simplest choices such as Al-before vs Al-after
configuration may impact reliance, accuracy and speed (Cabitza et al.,
2023; Swaroop et al., 2024). Although one-step workflows may lead to
anchoring bias and a consequent performance degradation (Fogliato
et al.).

Delegation mechanisms in human-Al systems, including how tasks
are allocated to either the human or the Al agent and the effectiveness of
delegation behavior have a direct impact on hybrid performance (Adam
et al., 2024; Bondi et al., 2022; Fiigener et al., 2021a, 2021c; Lai et al.,
2022). A few studies experiment with the effect of which party is dele-
gating (human vs. Al) and observe performance differences (Hemmer
et al., 2023)especially when there is uncertainty (Fiigener et al., 2021a).
Another interesting research avenue is conditional delegation which
allows humans to set rules for when AI decisions are trustworthy (Lai
et al., 2022).

6.1.4. Task factors

Studies suggest that the kind of task that is the subject of human-AI
collaboration, the task category as we define it, matters when it comes
to hybrid performance (Cao et al., 2023; Choi and Schwarcz, 2025;
Inkpen et al., 2023; Revilla et al., 2023; Salimzadeh et al., 2024). Ex-
amples: type of forecasting, spatial vs. logical reasoning, prognostic vs
diagnostic tasks in medical setting, task-specific tuning, open-ended vs.
closed task structure.
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Task complexity has a varied impact on other factors: may decrease
overall performance (Chong et al., 2023; Salimzadeh and Gadiraju,
2024; Salimzadeh et al., 2024), studies (Kim et al., 2023b; Salimzadeh
et al., 2024; Vasconcelos et al., 2023)found that increasing task diffi-
culty leads to over-reliance, when tasks are more complex users’ un-
derstanding of how to collaborate with Al becomes less accurate (Bansal
et al., 2019a)

Time pressure can fundamentally alter the ways how users interact
with Al systems influencing the frequency and scope of use and also the
performance outcomes (Cao et al., 2023; Rastogi et al., 2022; Shaikh and
Cruz, 2023; Swaroop et al., 2024). In some studies users rely more on Al
when under time constraints (Shaikh and Cruz, 2023; Swaroop et al.,
2024) but this may be limited by the type of task or task category
(Holzinger, 2018a) also finds that certain forms of Al assistance are more
beneficial under time-pressure compared to no-time-pressure situations.
More time allocated to the process can improve the reliance when users
are more critically assess Al advice (Cao et al., 2023; Rastogi et al.,
2022). Al transparency may have limited benefits in a time-constrained
environment like in medical settings (Gu et al., 2021; Lebovitz et al.,
2022)where transparency has a capacity to improve understanding and
quicker processing by humans. On the other hand, the added cognitive
effort may easily negatively impact decision-making speed.

Risk level is mostly associated in the studies with Al transparency,
trust and reliance (Cao et al., 2024; De Brito Duarte, 2023; Kim et al.,
2023b; Li et al., 2023). Users are generally more critical in high-risk
scenarios indicating less trust and intention to use.

Finally, adoption of Al tools in organizational workflows may require
other related processes and task to be adjusted having an impact on
the overall performance of the Al use (von Richthofen et al., 2022;
Ruissalo, 2024).

6.2. Understanding the non-Linear effects in human-AI collaboration

The studies we cover in this analysis overall suggest that human-AI
collaboration and its joint performance is not the product of simple
additive relationships among contributing factors. Instead we observe
non-linear effects, where small changes in some factors (e.g. Al model
accuracy) cause large, disproportional shifts in others (e.g. trust in Al
output). These may lead to unexpected, sometimes counterintuitive
results.

In this context, non-linear effects refer to interactions among per-
formance factors where the combined impact is not proportional to the
contributing individual influences, or factor contribution leads to sud-
den shift in factor relationship.

Examples:

Overreliance on highly accurate AI: while higher Al model accuracy
tends to increase overall performance studies show that it may
paradoxically reduce user vigilance. Users may accept Al recom-
mendations uncritically thus leading to worse performance as
compared to standalone. Some papers even show that lower accuracy
models result in better overall performance. Thus, performance gain
from AI model accuracy is not linear.

Transparency and cognitive overload: by increasing the transparency
of the AI model output, e.g. providing explanations, the human
user’s understanding will improve. A better understanding presum-
ably leads to better judgement and collaborative performance.
Adding explanations is not a clear-cut exercise — there may be
inadequate representation, too much/unnecessary details or cogni-
tive overload in a time critical situation. While some may be helpful,
inadequate explanations can end up in worsening performance.
Trust collapses on Al errors: even a small number of Al mistakes can
cause a sharp decline in user trust and reliance, despite the AI's
overall accuracy. This illustrates a tipping-point effect, where trust
erosion is abrupt and not proportional to error frequency.
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The non-linearities are important in understanding factor in-
teractions, and also when designing and optimizing real-world human-
Al systems. These challenge general assumptions and the possibility of
understanding the factors in isolation. Effective system design should
anticipate trade-offs, thresholds and tipping-points. We also believe that
future research may address these situations better based on our study.

We provide specific examples of the above relationships and refer-
ences to individual studies in the next two sections.

6.2.1. Interdependencies between the factors and their impact on
performance

Taking into account the most connected factors and the key obser-
vations supported collectively by the analyzed papers, we highlight
several typical interactions among various factors that can be found
across multiple studies.

These interdependencies suggest that performance factors contribute
to a complex, evolving environment, often leading to non-linear and
sometimes surprising outcomes:

Al Transparency and Mental Models: The transparency of the Al
system shapes human mental models about how the system work and
the outcomes it generates. Human understanding, in turn, defines the
level of trust the user develops in the AI. However, this trust may (or may
not) lead to reliance on AI recommendations. When this reliance is
appropriate, then it leads to optimal hybrid performance. In many cases
trust is not well “calibrated” or not correlated positively with reliance, so
it can result in sub-optimal joint performance and prevent humans from
achieving effective complementarity with AL. Human trust and self-
confidence also interact with each other and may have a significant
role in the effectiveness of the collaboration.

Al Performance and User Perception: Users’ perception of Al
performance also determines their trust and confidence in the AI’s ca-
pabilities and usefulness. This trust may be a deciding factor when and
how users will use the Al Contrary to what one might expect, not always
the highest performing AI model that leads to the best team
performance.

Transparency and Cognitive Load: In various contexts we found
that Al transparency not only improves (potentially) human under-
standing but can cause higher cognitive load for the user. Explanations,
confidence scores and similar information can inadvertently increase
task complexity, and this effect is often moderated by the user expertise,
cognitive abilities and domain knowledge. In high-stakes scenarios
under time pressure, this increased complexity could negatively impact
user trust and reliance on the Al

Moderating Transparency: The optimal level of Al transparency is
notably moderated by the Al model performance and shows that finding
a good balance may be context dependent (on nature of task, expertise
level, etc.). A lower performing Al system could provide more trans-
parency (explanations, confidence levels) to help users in finding faulty
Al suggestions. However, offering explanations has been shown to
interact with Al uncertainty information (confidence score) as perceived
by the human user. However, Al performance also affect human self-
confidence and the human confidence in Al in unexpected and oppo-
site ways.

Workflow Configuration: In terms of workflow configuration, the
human-first vs. Al-first models have an impact on reliance and directly
on hybrid performance. Under time pressure some configurations work
better than others. Workflows that promote reflective, interrogative
human practices lead to better human performance. Interactive work-
flows may positively influence human trust and human understanding
(mental models) of the AI by helping reasoning about results, verifying
correctness, providing feedback.

In the following section we demonstrate the dynamic, often non-
linear interconnectedness of various factors using examples from
selected papers. These empirical observations and evidence suggest that
several factors are at play and their relationships and dependencies may
lead to counterintuitive results.
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6.2.2. Complex and non-linear interactions — specific examples

This section provides examples to show how different performance
factors interact in human-AI collaboration. These examples help reveal
some surprising patterns and challenge common assumptions about how
humans and Al work together.

Al Performance and Human-AI Collaboration: Al performance is
thought to directly contribute to the overall performance via its accu-
racy and speed. Although, as we noted earlier, in a collaborative sce-
nario the hybrid performance will also depend on the human
performance component and on how the human decision-maker rely on
the AI tool. Still, one might expect that a higher performing Al is always
better in any situation. But it is not the case as shown in (Dell’Acqua,
2022) that a lower quality Al may lead to better outcomes, depending on
the effort, learning, and skillset of the humans involved. The authors
(Dell’Acqua, 2022) note that “subjects with higher quality AI were less
accurate in their assessments of job applications than subjects with
lower quality Al. these effects were driven by more experienced re-
cruiters”. From a different angle, a study (Bansal et al., 2021a) argues
that Al models tuned to teamwork are better than high accuracy models.
“Our experiments with linear and non-linear models on real-world,
high-stakes datasets show that the most accuracy Al may not lead to
highest team performance and show the benefit of modeling teamwork
during training through improvements in expected team utility across
datasets, considering parameters such as human skill and the cost of
mistakes.” (Bansal et al., 2021a)

Al Performance and Human Trust: Al performance has also an
impact on human trust, just like as on human self-confidence. A high Al
accuracy may increase the trust of its user (Kahr et al., 2023; Kahr et al.,
2024a; Rechkemmer and Yin, 2022) but this also heavily depends on the
reliability of the AI (Dhuliawala et al., 2023; Kahr et al., 2024b). A lower
accuracy but more consistent Al tool can be more trustworthy. At the
same time both human trust and self-confidence affect human reliance
on using Al while also likely interacting with each other. The study
(Chong et al., 2022) found that good decision-makers tend to accept Al
advice when their self-confidence is high and were able to reject more Al
advice than poor decision-makers even if they were not so confident in
their own judgement. Poor decision-makers on the other hand fell into a
vicious cycle when lowered self-confidence after accepting faulty Al
suggestions led them to rely more on Al thus compounding poor per-
formance (Chong et al., 2022). Another study (Chong et al., 2024) finds
as well that users feel personally accountable and less self-confident
when the AI performs poorly. Human trust in Al drops with poor Al
performance but does not improve with good performance according to
(Chong et al., 2023). This implies a non-linear relationship where
negative events have a stronger weight than positive ones. In the same
paper human self-confidence is shown to decrease with Al accuracy
changes despite the direction of the change (Chong et al., 2023).
Furthermore, confidence in Al and self-confidence affect decisions to
accept Al input in opposite directions: "Surprisingly, the more confident
designers are in the AI's ability, the less likely they are to accept Al
suggestions, and the more confident designers are in their own ability,
the more likely they are to accept Al suggestions." (Chong et al., 2023).
While "The fact that showing confidence improved trust and trust cali-
bration but failed to improve the Al-assisted accuracy is puzzling... even
though showing confidence encouraged participants to trust the Al more
in high-confidence zones, the number of trials where the human’s pre-
dictions were better substitutes for Al's predictions in low-confidence
zones was not enough to improve overall accuracy." (Zhang et al., 2020)

Al Transparency and Human User Impact: Al transparency may be
able to improve human-AlI collaboration, but explanations differ in their
usefulness according to the skill, expertise or analytical capacities of the
human users (Wang and Ding, 2024). Although visual explanations
improved human decision-making in an experiment this did not trans-
late to higher trust in the AI system or stronger intentions to use it
(Leichtmann et al., 2023a). Explanations increased perceived task
complexity which impaired users’ trust and understanding, meanwhile
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moderated by cognitive ability with higher ability leading to better
outcomes (Westphal et al., 2023). ” Participants interacting with a
transparent system differentiated between correct and incorrect rec-
ommendations less consequently than participants interacting with a
non-transparent system. Thus, in a transparent system, users seem to
follow incorrect recommendations more often indicating complacency.”
(Harbarth et al.)

Trust and Human Reliance: Regarding trust and human reliance,
we should not assume that higher self-reported trust in AI would
correlate with relying more on it; for instance, (Wang and Ding, 2024)
shows that users might follow Al recommendations even if not confident
about them.

Time Pressure and Task Complexity: Time pressure alters human
behavior in a way that it affects the whole human-AI decision-making
process. Time constraints not only impact human performance but also
make users to weigh between speed and accuracy (speed-accuracy trade-
off) (Swaroop et al., 2024). The lack of time may trigger users to rely
more on Al. Another study shows (Cao et al., 2023) that giving more
time for users to assess Al advice makes them more likely to accept it.

Human Expertise and Non-Linear Dynamics: Human expertise
(seniority level, domain knowledge) shows various non-linear patterns.
Those with less expertise typically found to gain more from Al interac-
tion. This study (Allen and Choudhury, 2021) found the opposite
though: “low experience participants reject algorithmic advice primarily
due to lack of ability to assess and use algorithmic recommendations”.
More domain knowledge may be beneficial in collaboration with Al
from various angles but can also lead to less than optimal reliance,
especially when confident in their initial judgement (Tschandl et al.,
2020).

Let us briefly summarize some of the unexpected findings we
encountered with:

Moderated Transparency: Adding more Al transparency does not
always help, can even worsen performance by causing higher
cognitive load, complicating understanding and lowering decision
speed.

Trust vs. Reliance: Human trust does not equal human reliance on
using AL These two are not as closely correlated as one might expect.
Expertise as a Double-edged Sword: While Al often supports less
experienced users, its effectiveness is not universal, as expertise and
confidence can both enhance and limit collaboration.

e Al Performance vs Hybrid Performance: Strong Al performance
may not be the best contributor to the hybrid performance, on one
hand lower quality AI can improve human engagement and perfor-
mance, on the other complementarity may be of higher importance
than accuracy.

Selective use of AI: Not so perfect Al tools can still be useful if the
human users are able to pick those instances where the Al appro-
priately contributes.

Overall, these findings present the complex, often non-linear in-
teractions between key performance factors in human-AI collaboration.
To achieve a successful collaboration requires more than just designing
high-performing AI systems, it involves creating systems that can
dynamically interact with human users in ways that enhance overall
decision-making and teamwork context-specifically. Such systems
embody the principles of HCAI by prioritizing user-centered design,
trustworthiness, and ethical considerations, ensuring they enhance
human capabilities in diverse, real-world scenarios.

6.3. Summary of contributions

This paper contributes to a better understanding of human-Al
collaboration by looking closely at empirical evidence of factors that
influence hybrid performance. We argue that understanding hybrid
performance is challenging because Al, as a new form of automation, has
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unique features and the ability to collaborate directly with human users.

Several performance factors have been studied before, but there is no
such performance framework grounded in empirical evidence, which
addresses the complex problem space of hybrid performance
comprehensively.

To address this gap, we conducted a qualitative meta-analysis of
empirical Al implementation studies. We screened nearly 2000 papers
(2018-2024) and fully analyzed 206 empirical studies focusing on
performance in human-Al collaboration across various fields. This
makes our paper and our findings timely and relevant for current Al
developments.

Our key contributions are as follows:

Performance Factors: By completing a comprehensive meta-
analysis, we identified 24 critical performance factors influencing
hybrid performance, categorizing them into four groups: Al Factors,
Human Factors, Interaction Factors, and Task-Related Factors. We bring
together the 24 factors into one structured framework and we showed
how these factors influence each other. We describe each factor to help
better understand its role and its interrelationships with other factors.
These factors offer an initial roadmap towards a structured, hybrid
performance framework of human-Al collaboration.

Dynamic Interdependencies: Our work examines 326 directional
links between these factors based on qualitative pairwise coding within
the dataset. We uncover the complex, non-linear interdependencies
between the factors. We create a dependency graph to visualize and
illustrate these interrelationships. Within that we also highlight that
some of these relationships may be non-linear, that sometimes leads to
unexpected effects. We suggest that applying a dependency graph for
mapping the factor relationships can offer both conceptual clarity and
serve as a useful, visual tool during Al system design.

Context-Specific Design and Ongoing Design Support: Our find-
ings show that AI systems must be adapted to the specific situation. It’s
not enough to build technically strong systems, the AI system design
must also reflect specific user needs, task complexity, and how key
factors interact in that setting. Here, the continuous follow-up of these
factors during Al implementation is also essential. Monitoring their
changes over time helps improve system performance and ensures better
alignment with real-world use.

Advancing HCAI Principles: Our study offers practical insights to
operationalize HCAI principles, particularly in addressing challenges
regarding the two critical factors: transparency and trust. This can help
align AI design with human values and support effective collaboration.

7. Implications for AI design and collaboration strategies

Our findings have significant implications for both AI design and
human-AI interaction strategies. To achieve effective collaboration, Al
systems must go beyond high technical performance and engage with
human users in ways that enhance decision-making, adaptability, and
teamwork.

Al systems should accommodate varying user expertise and respond
dynamically to changing scenarios. This adaptability is crucial to ensure
that the systems remain effective and aligned with user needs across
diverse applications.

Designers should consider and balance transparency with cognitive
load, as too much information can overwhelm users. Tailoring trans-
parency to user expertise and task complexity is critical for fostering
trust and understanding without compromising usability.

Recognizing the dynamic relationships among performance factors
can help avoid suboptimal outcomes and support more effective
collaboration strategies.

8. Conclusions: future directions and final remarks

Future research should explore the nuanced relationships between
performance factors further and test their implications in diverse real-



D. Gondocs et al.

world scenarios. The focus should be on developing methodologies and
tools that support the design of Al systems capable of dynamically
adapting to user needs and contextual constraints. By building on the
foundations established in our study, researchers and practitioners can
create Al systems that truly enhance human potential and enable more
effective collaboration across various domains.

This study lays the initial groundwork for advancing hybrid perfor-
mance management and aligns with HCAI principles by offering a
structured approach to understanding and designing Al systems for
collaborative excellence. By bridging empirical evidence with practical
applications, we provide actionable insights that can guide the design,
implementation, and operation of AI systems that work seamlessly
alongside human partners. Through this contribution, we hope to inspire
further research and practice in the rapidly evolving field of human-AI
collaboration.
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Summary of Common Limitations in Empirical Studies
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This table summarizes common limitations found in a set of 20 empirical studies randomly selected from our final dataset of 206 papers. The goal
was to reflect critically on the strength of the evidence and highlight recurring methodological challenges in human-AI collaboration research.

Limitation Summary

Limited Generalizability

Many studies focus on specific domains (e.g., pathology, law, customer service) or unique tools (e.g., the Merlin app), limiting how well findings

transfer across contexts. These context-bound insights are useful for depth but challenge broad application or policy formation.

Small or Unbalanced Samples

A number of studies involved small participant pools, lacked diversity, or had skewed distributions (e.g., few experts or overrepresentation of

students or MTurk workers), undermining the robustness and statistical power of their conclusions.

Ecological Validity Issues

Experimental tasks often did not reflect real-world conditions, relying on simulations, isolated interactions, or simplified environments that miss

the complexity and unpredictability of actual human-Al workflows.

Lack of Longitudinal Data

Incomplete Human-Al
Interaction
Anchoring or Bias Effects

and potential of true bidirectional collaboration.

Most research captured a single point in time or short-term interaction, offering limited insight into how human-AlI collaboration, trust, and
performance evolve over longer periods or repeated use.
In many cases, the Al systems provided limited or static feedback, and users had minimal means to influence or adapt the Al reducing the richness

Presenting Al suggestions early in decision-making tasks often introduced anchoring effects, making it difficult to distinguish between genuine

agreement and influence-driven decisions, complicating interpretation of results.

Use of Proxy or Simplified

Studies frequently relied on proxy tasks or artificially simplified problems, which, while manageable for experiments, do not always map to the

Several studies found users lacked training, context, or understanding of how to interpret Al outputs effectively, pointing to a need for better

Tasks complexity, ambiguity, or stakes found in real professional settings.
Al Literacy and Onboarding
Gaps onboarding and user education to enable productive collaboration.

Al Transparency Limitations
learning the model’s reasoning or limitations.

Many systems used black-box models or lacked explainability features, reducing user trust, hindering diagnosis of errors, and preventing users from

The list of randomly selected studies analyzing limitations:
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et al., 2021)
14.
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15.
16.
17.
2021a)
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. “Help Me Help the AI": Understanding How Explainability Can Support Human-AlI Interaction (Kim et al., 2023a)

. “Hello AI”: Uncovering the Onboarding Needs of Medical Practitioners for Human-Al Collaborative Decision-Making (Cai et al., 2019)

. A Human-AI Collaborative Approach for Clinical Decision Making on Rehabilitation Assessment (Lee et al., 2021)

. A Missing Piece in the Puzzle: Considering the Role of Task Complexity in Human-AI Decision Making (Salimzadeh et al., 2023)

. Adaptive Trust Calibration for Human-AI Collaboration (Kazuo Okamura and Seiji Yamada, 2020)

. Adopting Al in the Context of Knowledge Work: Empirical Insights from German Organizations (von Richthofen et al., 2022)

. Advancing Human-AI Complementarity: The Impact of User Expertise and Algorithmic Tuning on Joint Decision Making (Inkpen et al., 2023)
. Al and Al-human based Salesforce Hiring using Conversational Interview Videos (Chakraborty et al., 2025)

. Al Assistance in Legal Analysis: An Empirical Study (Choi and Schwarcz, 2025)

. Algorithm-Augmented Work and Domain Experience: The Countervailing Forces of Ability and Aversion (Allen and Choudhury, 2021)

. Artificial Intelligence Assistance Significantly Improves Gleason Grading of Prostate Biopsies by Pathologists (Bulten et al., 2021)

. Artificial Intelligence versus Software Engineers (Nascimento et al., 2023)

. Augmenting Medical Diagnosis Decisions? An Investigation into Physicians’ Decision Making Process with Artificial Intelligence (Jussupow

Batman and Robin in Healthcare Knowledge Work: Human-AI Collaboration by Clinical Documentation Integrity Specialists (Bossen and Pine,
Capturing Humans’ Mental Models of Al: An Item Response Theory Approach (Kelly et al., 2023)

Cobots in Knowledge Work: Human-AI Collaboration in Managerial Professions (Sowa et al., 2021)
Cognitive Challenges in Human-Artificial Intelligence Collaboration: Investigating the Path Toward Productive Delegation (Fiigener et al.,
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18. Collaborating with a Text-Based Chatbot - An Exploration of Real-World Collaboration Strategies Enacted during Human-Chatbot Interactions
(Rapp et al., 2023)

19. Does the Whole Exceed its Parts? The Effect of Al Explanations on Complementary Team Performance (Bansal et al., 2021b)

20. Examining the Impact of Varying Levels of Al Teammate Influence on Human-AI Teams (Flathmann et al., 2023a)

Summary of Selected Empirical Cases

We find these real-world cases especially informative to our study since the empirical results of these papers typically cover a wider range of factors
and observations compared to those focusing on a few, selected variables under controlled conditions. We have identified 10 papers that we consider
highly relevant and we highlight their findings. It is important to note that our overall findings support the dynamic, complex, and often non-linear
relationships between the factors, as outlined in the previous sections. These characteristics are clearly represented in the following specific studies as
well.

How does artificial intelligence (AI) enhance hospitality employee innovation? The roles of exploration, Al trust, and proactive per-
sonality (Kong et al., 2024)

The study examines how the employee’s innovation performance is influenced by the autonomy they perceive when using Al tools for their work.
They use a survey-based method and collect data from 407 employees working in the hospitality sector. They find that “when employees hold higher
Al trust and proactive personality, perceived Al-supported autonomy has a stronger relationship with innovative performance via exploration”.

Human-Artificial Intelligence Collaboration in Prediction: A Field Experiment in the Retail Industry (Revilla et al., 2023)

This field experiment was carried out on data provided by an international FMCG company’s 1888 units involving Al-driven demand forecasting.
The paper found that the (predictive) context may require changes in the configuration of the human-AI interaction. “It shows that human judgment is
likely to complement AIML-driven models when task environments are associated with long time horizons and low uncertainty. In contrast, our
research suggests that this is not the case when the task requires coping with short time horizons and high uncertainty, in which case human judgment
is unlikely to improve AIML-driven models.” The results contribute to our findings that several factors are at play by “...demonstrating that the key
issues relate not only to the configuration of the algorithm but also to how it is adaptively applied and integrated with human expertise in different
contexts to reach the best performance”.

Friend or Foe? Teaming Between Artificial Intelligence and Workers with Variation in Experience (W. Wang et al., 2023)

This paper is based on an Al tool used by medical coding experts in a publicly traded US company. In their work the researchers focus on the
dynamics of the expertise in the context of human-Al interaction. Analyzing a large number of collaborative coding data they “show that experience is
multidimensional and different dimensions have distinct interactions with AI and play unique roles in human-Al teaming.” They suggest that
“different types of experience have opposite effects on human-AI collaboration. Our task-based experience reflects the concept of ability, and our
seniority-based experience is related to the aversion effect.” Their results provide evidence that “greater task experience does not necessarily lead to
algorithm aversion, but greater seniority experience could hamper the effective use of AL.” Here is how: “Highly task-experienced coders enjoy greater
improvements in productivity. However, when we turn to a different experience measure using seniority, we surprisingly find that junior coders
experience greater gains in teaming with AI than senior coders. We attribute this to senior workers’ greater sensitivity to Al imperfections, which
results in their resistance to Al use and therefore lower benefits for them.”

Humans, Al, and Context: Understanding End-Users’ Trust in a Real-World Computer Vision Application (Kim et al., 2023b)

In this case study based on interviews with users of a popular, Al-based bird identification app, they delve into the interactions of trust, expertise,
and Al-supported decision-making. They found that end-users’ trust relationship with Al is complex. Instance-specific decisions about Al reliance
“{llustrate the rich reasoning behind participants’ trust-related behaviors, where factors of trust interact with each other. Participants used their
domain knowledge (human-related factor) to assess task difficulty (context-related factor) and weighted it against the app’s ability (Al-related factor)
to decide whether or not to accept the app output or adopt the app in the given situation.” Expertise plays an important role since “Participants with
domain knowledge assessed the correctness of an app output by, for example, cross-checking it with their own... Participants without domain
knowledge, however, had difficulties in assessing the correctness of app outputs and, consequently, the app’s overall ability.”

Ignore, Trust, or Negotiate: Understanding Clinician Acceptance of Al-Based Treatment Recommendations in Health Care (Sivaraman
et al., 2023)

This mixed-method study uses a novel Al-supported interface for sepsis treatment recommendations where intensive care clinicians made Al-
assisted decisions on real patient cases. They find that users interacting with the AI system often move beyond the expectation “...that clinicians
would calibrate their own certainty against the Al and make a binary decision about whether to accept its advice in each case. However, only a few
participants (the Consider group, Sec. 5.2.3) exhibited this dichotomous form of reliance. Instead, most participants engaged in a more nuanced form
of partial reliance on the Al often involving a negotiation between the initial clinical assessment and various aspects of the recommendation.”
Therefore the explanations provided were generally found useful and building confidence still “explainable AI has complex effects on cognitive effort,
especially when clinicians must decompose every recommendation into aspects with differing levels of credibility.” The type and presentation of the
explanation matters in these scenarios: “while the Feature Explanation chart helped participants decide how much weight to place on the recom-
mendation overall, it did not support their ability to assign value to individual recommendation components. On the other hand, the Alternative
Treatments approach may have better supported negotiation behaviors by allowing the Al to “present its findings” (P4) across a range of options.”
They also highlight that for those not integrating AI advice into their decision-making the Al “only served to lower their confidence in their decision-
making and increase the perceived difficulty of the case”. For those who do, “results might suggest that the visibility and complexity of the Al rec-
ommendations be adjusted based on the users’ confidence or the discordance between their decision and the AL”

Exploring the Synergies in Human-AI Hybrids: A Longitudinal Analysis in Sales Forecasting (Fahse and Schmitt, 2023)

The research studied the context of an Al-supported next-day sales forecasting function in a bakery company running the system for more than 3
years already. As a general finding they confirm “previous research in the evaluation that humans tend to deteriorate Al forecasts when overriding™.
They also show that human interaction evolves over time finding that the “course of overriding changed over time in a U-shape.” reaching a plateau.
So human intervention might be related to how well the Al system is adapted to the specific (local) context: “...optimal forecasts in terms of certain
performance metrics do not inevitably yield optimal real-life business outcomes. Complex human behavior, such as feeling uncomfortable when
shelves are sporadically filled, could theoretically be incorporated into Al systems, but are not usually considered from the start... by analyzing the
waste ratio and resulting empty shelves when waste ratios are too low, the results show that critical human thinking is still important in hybrid systems
and should find its way into the system. Al systems are great for specific tasks, but do not always encompass all relevant features.”

18



D. Gondocs et al. International Journal of Human - Computer Studies 205 (2025) 103622

Algorithm-Augmented Work and Domain Experience: The Countervailing Forces of Ability and Aversion (Allen and Choudhury, 2021)

This study tests its hypothesis in a large Indian tech company’s IT department resolving help-desk tickets with the use of algorithmic assistance.
Similarly to “Friend or Foe? Teaming Between Artificial Intelligence and Workers with Variation in Experience” they examine countervailing forces of
human experience arguing that “domain experience can increase performance via the ability to assess the quality of algorithmic advice (e.g., identify
inaccurate predictions), but aversion may decrease performance via rejecting accurate algorithmic advice”. They report that “low experience workers’
low performance is driven by lack of ability to assess algorithmic advice, and high experience workers’ failure to improve performance using algo-
rithms is driven by their relatively high algorithmic aversion.” At the same time “only moderately experienced workers performed significantly better
when using the algorithm”. They conclude that “whether an expert will do better or worse with an algorithm is not merely how much domain
experience they have, but rather whether the aversion effect overpowers the ability effect in a given context”.

Batman and Robin in Healthcare Knowledge Work: Human-AI Collaboration by Clinical Documentation Integrity Specialists (Bossen and
Pine, 2023)

Similarly to the “Friend or Foe? Teaming Between Artificial Intelligence and Workers with Variation in Experience” research, the paper deals with
the real-world collaboration between medical documentation specialists (CDIS) and an Al tool to support their job. The research included observations
and interviews with 23 CDIS employees of the company operating six hospitals in the US. The CDIS find their collaboration with AI “a ‘Batman and
Robin’ relationship: they are in charge, having the discretion of what and when to code, as well as when to query physicians in order to improve the
documentation”. They consider the probabilistic outputs of the Al software as “they have worked out which level of trust to grant the CAC [Computer
Assisted Coding], as they know that the CAC does not catch all possible codes and suggests irrelevant codes. They have what Bansal et al. (2019a) call a
mental model of the CAC’s decision making, and are quite aware that an ‘error boundary’ exists, though with the CAC both are somewhat blurred and
inconsistent.” This paper emphasizes the importance of how the collaboration with AI will impact an existing workflow: “the AI in this case is
embedded in a workflow and software that already is found to support and make CDIS’ work easier and more efficient. Contrary to many instances in
which Al is implemented as a new system into an existing workflow disrupting or slowing that workflow.” They conclude that “this human-AI
collaboration is contingent on several factors: the flexible integration of the Al into the workflow similar to the notion of unremarkable Al sup-
porting the CDIS’ sensemaking; the CDIS’ knowledge about the CAC being predictably unreliable; an experience by the CDIS of the AI’s value; humans
remaining in control; and ability to experiment with the AI, which spurs reflection and learning for these knowledge workers.”

To Engage or Not to Engage with Al for Critical Judgments - How Professionals Deal with Opacity When Using Al for Medical Diagnosis
(Lebovitz et al., 2022)

This in-depth field study covers three departments of a major US hospital and illustrates the “hindering effects of opacity” physicians are faced with
when using Al tools in their diagnostic process. “In all three departments, professionals first formed initial knowledge claims and then considered the
Al knowledge claim, which frequently conflicted with their initial claim. In all three departments, professionals experienced opacity of Al-in-use
because they had no insight into the underlying reasoning of a given Al result, which in turn, heightened their experience of uncertainty.” The
cognitive burden of this uncertainty is compounded with the fact that “the Al tool provides opinions on every case, regardless of the professional’s
degree of uncertainty” contrary to how they solicit opinion from their colleagues (“on a regular but infrequent basis”). Only in one department
physicians integrated Al successfully in their work by applying what they call “Al interrogation practices”. The interrogation practices often require
significant time investment from radiologists by carefully considering Al outputs: closely examining Al-flagged areas, gathering more context, going
back-and-forth between their findings and the AI’s, reviewing prior images, etc. “Enacting Al interrogation practices enabled professionals to reconcile
the two knowledge claims (by overruling the Al claim, reflectively agreeing with it, or synthesizing the claims synergistically)”. They provide insight
into Al transparency: “Based on our study’s findings, explainable or interpretable Al may enable but not guarantee that professionals are able to
integrate AI knowledge (i.e., engaged augmentation).” Another insight was made regarding the time-accuracy trade-off: “Within engaged augmen-
tation, experts invested additional time to reconcile the Al knowledge claims by enacting Al interrogation practices. This additional time may be
justified by improvements to care quality, but it is unclear whether healthcare systems are willing to commit that additional time.”

“Brilliant AI Doctor” in Rural China - Tensions and Challenges in AI-Powered CDSS Deployment (Wang et al., 2021)

The results of this study build on observations and interviews with physicians using an Al-supported clinical decision-making system in primary
health care institutions of rural China. One of the key observations they make relevant to our study is that the AI software is not designed according to
and not adapting to the actual physician’s workflow. “The participants believe that ‘Brilliant Doctor’ is designed to support the ‘textbook’ diagnosis
workflow, and they acknowledge such workflow is more rigorous and legitimate... However, it is simply impossible for these clinicians to follow the
textbook workflow. To workaround the high patient volume and the constant interruptions in these clinics, clinicians had to multitask... Even when
they were using the system, they used the ‘Type-In’ interaction approach rather than the ‘Click-Through’ approach, since the latter approach requires
much longer time to complete a diagnosis process, even though ironically the ‘Click-Through’ approach was designed to make clinician’s work easier
and more efficient... Participants reported why the ‘Click-Through’ approach was rarely used. Not only that clicking through different pages and
answering all the questions is time-consuming, but also the system forces the clinician to follow its clinical reasoning process, eroding the natural flow
of clinicians” work routines and diagnostic practice.”

Data availability An Agenda. University of Chicago Press, pp. 197-236. http://www.nber.org/chapte
rs/c14027.
Adam, M., Diebel, C., Goutier, M., Benlian, A., 2024. Navigating autonomy and control in
Data will be made available on request. Human-AI delegation: user responses to technology- versus user-invoked task
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