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Abstract
As production environments become increasingly automated and AI-assisted, managing automation failures is a growing 
challenge. This study examines how team organization—hierarchical versus self-managed—affects team performance in 
resolving such failures. Using a laboratory experiment simulating a realistic industrial setting, teams operated automated 
machinery supported by AI-based assistance. We hypothesize that communication mediates the relationship between team 
organization and performance outcomes (productivity and quality). The results show that self-managed teams communicate 
more frequently and with higher quality than hierarchical teams, leading to higher productivity and fewer errors. Structural 
equation modeling confirms that the effect of team organization on performance is fully mediated by communication. These 
findings highlight the importance of team communication and suggest that revisiting team organization in AI-driven pro-
duction—by favoring self-management or enhancing communication in hierarchies—may improve performance. The study 
contributes to human–AI teaming research by integrating organizational design into experimental analysis.

Keywords  Artificial intelligence · Teamwork · Human-autonomy teaming · Human-AI teaming · Team performance

1  Introduction

Decision-making is a critical aspect of production environ-
ments, particularly given that the increasing levels of auto-
mation in production (Acemoglu and Restrepo 2018a, b), 
and the growing volume of data and interconnectedness of 

entities make data-driven insights increasingly essential. 
Decision-making is particularly important during auto-
mation failures. Automation failures occur in all forms of 
automation, but the increasing use of AI is creating new 
requirements for dealing with them. AI systems can improve 
decision quality by summarizing and visualizing data and 
offering recommendations (Brynjolfsson and McElheran 
2019; Krzywdzinski and Greb 2022). However, studies 
have shown that humans are susceptible to errors when 
interacting with AI, such as overreliance and complacency 
(Parasuraman and Manzey 2010; Onnasch et al. 2014; Lee 
et al. 2025); this poses challenges to dealing with automation 
failures and effectively integrating AI in decision-making 
workflows.

These problems have been analyzed in different disci-
plinary settings. Since Bainbridge’s seminal work (1983), 
human factors research has dealt with the challenges of 
human–autonomy teaming (HAT) (Endsley 2017). In a 
meta-analysis, Onnasch et al. (2014) showed that increas-
ing levels of automation are associated with higher perfor-
mance of human workers in routine operations, but with 
declining performance in the event of automation failures. 
While this field of research has identified important factors 
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that influence how workers cope with automation failures 
(McBride et al. 2014), it has mainly focused on dyadic con-
stellations of single human workers and automated systems, 
largely ignoring the role of teams.

Promising research on the role of teams includes recent 
studies of human–AI teams (HAIT) (O’Neill et al. 2022; 
Hagemann et al. 2023; Berretta et al. 2023). This research 
responds to the acceleration of the development of AI 
systems and overreliance on AI (Lee et al. 2025). HAIT 
research has, however, produced inconclusive results, 
which authors such as Zercher et al. (2023) attribute to 
the fact that intragroup processes, such as the organization 
of teams, are not sufficiently taken into account.

Important insights into teams’ roles in dealing with 
automation failures can be drawn from sociological 
research, which has focused on the improvement and 
problem-solving activities of teams, such as in the context 
of high-performance systems approaches (Appelbaum and 
Batt 1994; Batt and Doellgast 2005). This reflects the fact 
that in most workplace contexts the handling of automa-
tion failures takes place in a team. Sociological studies 
have emphasized the advantages of self-managed teams 
in solving problems in production processes, in contrast 
to hierarchical work settings with defined vertical roles 
(Appelbaum and Batt 1994; Batt and Doellgast 2005).

Our analysis builds on approaches from human–auton-
omy teaming, human–AI teaming, and sociological team-
work research. We examine the impact of team structure 
on team performance in dealing with automation failures 
in work processes, including AI technologies. Regard-
ing team structure, we compare the work performance 
of hierarchically organized teams (which are widespread 
in “lean” production settings today) with self-managed 
teams. Our main research question is

To what extent does the work performance (out-
put and product quality) of hierarchical and self-
managed teams differ in highly automated and AI-
assisted production processes?

To examine performance, we focused on automation 
failure situations. We expect (first) that communication 
in the team is a major factor in successfully coping with 
automation failures and (second) that team organization 
(vertical versus horizontal) is an important determinant of 
communication—which therefore mediates the relation-
ship between team organization and performance. With 
our contribution to the literature, we advance the research 
on work in highly automated settings by addressing the 
neglected role of internal organization of teams.

We used insights from studies in the field to develop a 
new experimental approach to simulate and study real-life 
situations in an automated and AI-assisted industrial set-
ting. Our laboratory experiment differs from the dominant 

reliance on video games or so-called Wizard of Oz settings 
in HAT research (see Cooke et al. 2020). The experimental 
setting incorporates key elements of Industry 4.0 and the 
“Smart Factory,” including high levels of automation and 
the integration of AI. These developments have signifi-
cantly increased the importance of teamwork, creating new 
challenges for organizational structures and design. Our 
experimental design is based on a realistic factory envi-
ronment, and the findings are intended to provide practical 
guidance for organizations.

The article is structured as follows. In Sect. 2, we discuss 
the state of research and introduce our conceptual model. In 
Sect. 3, we present the methodological design of the study 
and the data. Our empirical findings are summarized in 
Sect. 4 and discussed in the context of the existing litera-
ture in Sect. 5. The article closes with general conclusions 
(Sect. 6).

2 � State of research and conceptual model

2.1 � Automation failures and human–autonomy 
teaming

Since Bainbridge’s seminal work (1983), human factors 
research has repeatedly addressed the effects of automa-
tion failures. Research on “Human-Autonomy Teaming” 
(Endsley 2017) has focused primarily on industries such as 
aviation (Endsley 1996) and health (Goddard et al. 2012). 
Increasing automation was found to accompany a decrease 
in the situational awareness of human workers; they were 
not aware of all the critical features of the automated sys-
tems and, in the event of automation failures, had difficulty 
interpreting the information displayed by the systems and 
recognizing the causes of the problems. In a meta-study, 
Onnasch et al. (2014) showed that these difficulties increase 
significantly above a critical threshold. This critical thresh-
old is reached when the automated systems themselves col-
lect information and offer options for action.

According to McBride et al. (2014), capabilities to deal 
with automation failures are influenced by technology-
related factors (automation level, reliability, design of the 
information interface), complexity of the tasks, individual 
characteristics (knowledge and training, individual automa-
tion complacency potential), and emergent factors such as 
workload, trust in automation, and situational awareness. 
Automation complacency refers to a behavior that refrains 
from sufficiently checking the information and status of the 
technology (Parasuraman and Manzey 2010).

The focus of human–autonomy teaming research has 
so far been on the interaction of individual human work-
ers with automated systems. Human teams have hardly 
been researched to date. The first exception is the study by 
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Harrison et al. (2024) which examined communication strat-
egies in teams. They showed that teams that use both push 
(informing, making suggestions) and pull communication 
strategies (inquiring, confirming) reach higher performance 
in the event of automation failures. The second exception 
is the research by Grimm et al. (2023) on team resilience 
in situations of automation failure. The authors develop an 
approach to measure the enaction, adaptation and relaxation 
times of teams during automation failures as a measure of 
team resilience, but they do not examine the impact of dif-
ferent team structures on resilience. The emerging literature 
on Human–AI teams, which we discuss in Sect. 2.2, pro-
vides important insights for our research questions, but also 
focuses mainly on settings of individual workers cooperating 
with AI systems.

The handling of automation failures in production has 
also received little attention to date. This is surprising, as 
with the help of concepts such as Industry 4.0 (Kagermann 
et al. 2013) and Smart Factory (Osterrieder et al. 2020), a 
radical change in the use of automation technologies has 
taken place since the 2010s, described as the fourth indus-
trial revolution (Schwab 2017). These developments are 
profoundly changing the working environment of teams. 
Teams now have to deal with networked (machine) systems 
that communicate with each other and react to each other 
(for example, in the event of problems). To cope with this 
increasing complexity, companies expand the use of data 
analytics and AI assistants, helping workers to monitor pro-
duction, material flows, and the condition of the equipment, 
and supporting workers in decision-making. Recent studies 
(Herrmann and Pfeiffer 2023; Shaikh and Cruz 2023) have 
emphasized the need to examine whether and how these pro-
found changes require adjustments in the design and organi-
zation of teams.

2.2 � Human–AI teams

A recent research line that relates to our research question 
focuses on human–AI teams (HAIT) (O’Neill et al. 2022; 
Hagemann et al. 2023; Berretta et al. 2023). This framework 
conceptualizes human–AI collaboration as a teamwork prob-
lem, focusing on communication, shared goals, and mutual 
understanding. Like the older research on human–autonomy 
teaming, the newer HAIT research also conceptualizes teams 
as dyads of humans and AI. It starts from the assumption 
that human workers must be able to interact with AI systems 
and understand their capabilities as well as their limits and 
“error boundaries” (Bansal et al. 2019). Due to the black 
box nature of many AI systems, this is a major challenge.

The existing HAIT studies refer to situations in which 
the AI has a high level of autonomy (i.e., it has no human 
direction and acts independently of human workers) or 
at least partial autonomy (i.e., it “can spontaneously 

recommend and execute actions unless they are vetoed”, 
O’Neill et al. 2022: 911; see also Carter-Brown et al. 2021 
and Seeber et al. 2020). In line with this concept, stud-
ies focus on constellations in which AI can be viewed as 
a “teammate” (Carter-Brown et al. 2021). From our per-
spective, this focus refers more to a “technology promise” 
(Hirsch-Kreinsen 2024) than to existing phenomena in 
the real world of work. To the best of our knowledge, AI 
applications with a high level of autonomy are currently 
limited to relatively narrow fields in the world of work 
(Casper et al. 2025), and even a partial level of autonomy 
with the AI’s own decision-making authority is rarely 
achieved—in most settings, AI applications act as assis-
tants whose suggestions are checked and decided on by 
humans. Typical applications include predictive mainte-
nance, production scheduling, order control, and quality 
control. Accordingly, HAIT studies primarily use surveys 
in which respondents are asked about hypothetical sce-
narios (Hauptman et al. 2023; Jain et al. 2023), labora-
tory experiments in which humans play computer games 
together with an AI, or so-called Wizard of Oz approaches, 
in which participants believe to interact with an AI system 
that is, however, operated by a hidden human actor (Bansal 
et al. 2019; Cooke et al. 2020; McNeese et al. 2021).

Another characteristic of HAIT research is its focus on 
the design of AI technology (Berretta et al. 2023). Studies 
have examined how the design of AI agents (for example 
in their degree of autonomy, the way they communicate, 
or the degree of transparency and explainability) affects 
human perceptions such as trust, shared understand-
ing of the team, and the performance of the human–AI 
team (Zhang et al. 2023). Glikson and Woolley (2020) 
and Hagemann et al. (2023) argue that AI’s tangibility, 
transparency, reliability, and responsiveness are central 
to generating trust among human team members. Haupt-
man et al. (2023) and Jain et al. (2023) argue that work-
ers prefer work settings in which they are not dependent 
on AI. O’Neill et al. (2022) emphasize the importance of 
AI acting in a clearly rule-based manner (Liu 2021) and 
providing explanations for its recommendations or deci-
sions with few factors and without complicated probability 
(Bansal et al. 2019).

There have been ambiguous findings regarding the perfor-
mance of HAIT. In an experiment by McNeese et al. (2021), 
HAIT were better at solving emergency events than purely 
human teams. Shaikh and Cruz (2023), however, found that 
HAIT performed worse than purely human teams in situa-
tions with time pressure, as the former relied too quickly 
on the recommendations of the AI. Zhang et al. (2021) also 
concluded that engineering teams working with AI assis-
tants performed worse than purely human teams due to an 
overreliance on AI recommendations and lack of engage-
ment in developing better solutions. In O’Neill et al.’s (2022) 
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analysis, purely human teams outperformed HAIT due to 
their much superior communication.

Zercher et al. (2023) argue that these partly contradic-
tory results can be attributed to the lack of attention paid 
to the intragroup processes in teams—with exceptions such 
as Schelble et al. (2022). Accordingly, a number of recent 
contributions advocate linking HAIT research more closely 
with “traditional” research on human teams (Reinhard et al. 
2023), thus incorporating an organizational perspective (Yu 
et al. 2023; Herrmann and Pfeiffer 2023).

2.3 � Team organization and communication

Another important stream in the literature focuses on team 
organization, particularly on differences between hierarchi-
cal and self-managed teams (Romme 1996; Batt and Doell-
gast 2005; Bunderson and Boumgarden 2010; Oedzes et al. 
2019). Aware of the rich psychological research on teams 
(Kozlowski and Ilgen 2006) examining the role of team cog-
nitive processes, interpersonal and affective processes, and 
behavioral processes, we narrowed our research to focus on 
structural differences in team organization. A hierarchically 
organized team is characterized by pre-defined vertical roles 
with an appointed superior who directs communication, 
decides on the division of tasks, and controls the execution 
of work. The opposite pole is the concept of self-organized 
or self-managed teams, developed since the 1950s in the 
context of sociological and psychological team research 
on the humanization of work (Bunderson and Boumgarden 
2010; Krzywdzinski and Greb 2022). Self-managed teams 
are characterized by a high level of autonomy in the organi-
zation of their roles and tasks and internal communication 
and division of work (Cohen and Bailey 1997; Batt and Doe-
llgast 2005).

Romme (1996) emphasizes that hierarchies and self-
managed teams differ in their communication. Self-man-
aged teams are organized horizontally; information can flow 
freely between team members, leading to a high frequency 
and quality of horizontal information exchange between 
team members (Romme 1996; Oedzes et al. 2019). This can 
also slow down work processes, due to more frequent and 
less structured information flows. Hierarchies are organized 
vertically, decisions about information flows are made by 
a superior. Information flows are faster and pre-structured, 
but they put the other team members in a more passive role, 
which tends to limit the frequency of communication and 
can also have an impact of communication quality. Schraa-
gen et al. (2010) came to a very interesting conclusion in 
their study of the reaction of hierarchies and self-managed 
teams (in their terms: “network teams”) to emergencies and 
crises. In their experiment, teams had to decide under time 
pressure on the probable causes of crisis scenarios, such 
as a terrorist attack. Self-managed teams exchanged more 

information and were more accurate in identifying the 
causes of emergencies.

Research has identified communication in the teams a 
core factor influencing team performance and has indicated 
that it is important to distinguish between frequency and 
quality of communication. Both are correlated with team 
performance, but the quality of communication has a much 
stronger influence on performance than frequency (Mesmer-
Magnus and DeChurch 2009; Marlow et al. 2018). Com-
munication improves coordination between team members, 
guarantees that they receive critical information regarding 
tasks, work processes and situation factors, and is hence cru-
cial in the development of team cognition and team cohesion 
(Marlow et al. 2018).

Some studies have argued that the work performance of 
self-managed and hierarchical teams is also influenced by 
characteristics of the work context. Anderson and Brown 
(2010), Bunderson et al. (2016) and Cantimur et al. (2016) 
argue that hierarchies prove to be more effective and pro-
ductive when the tasks are simpler and clearer, while self-
managed teams perform better in more complex tasks. 
Nederveen Pieterse et al. (2019) found that hierarchies are 
particularly effective when the team members do not have a 
common goal orientation—in other cases, they have a dis-
ruptive effect. An important moderating variable is the lead-
ership style of the supervisor. Other studies, however, have 
stressed the dysfunctionalities of hierarchies regardless of 
the work context. Oedzes et al. (2019) found that hierarchi-
cal organization negatively influences team creativity; Greer 
et al. (2018) found self-managed teams to be more effective 
regardless of task complexity.

Studies have identified a number of problems with hier-
archies, and self-managed teams have been seen as a core 
element of the humanization of work (Krzywdzinski and 
Greb 2022). However, self-managed teams have been mar-
ginalized at the workplace in recent decades with the shift 
towards lean production concepts. Lean production relies on 
a rather restrictive model often referred to as “lean teams” 
or “semi-autonomous teams” (Appelbaum and Batt 1994). 
Lean teams resemble hierarchies (Dohse et al. 1985; Del-
bridge et al. 2000)—there is an appointed team leader who 
is immediately involved in the event of problems and decides 
how to deal with them (by rectifying the problem them-
selves, calling for support, or marking the respective product 
for later rework). Though lean teams have been described 
as a part of high-involvement practices (Macduffie 1995), 
this involvement mainly takes place at fixed times outside 
of production (offline), when teams discuss problems and 
opportunities for improvement (traditionally referred to as 
quality circles). New concepts such as agile teams (Cohen 
et al. 2004), which contain stronger elements of self-man-
agement and are increasingly finding their way from the 
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software sector into fields such as engineering, have not yet 
been adopted for the design of production teams.

Various reasons have been given for the success of lean 
teams. Bunderson et al. (2016) and Cantimur et al. (2016) 
suggest that standardized tasks in manufacturing are bet-
ter suited to hierarchical forms of organization. Alter-
native explanations are provided by sociological organi-
zational research. Mueller (1994) argues that companies 
choose teamwork models on the basis of their previous 
experience and corporate culture; this makes it difficult 
to implement radically new approaches. Batt (2004) has 
shown that even though self-managed teams are more pro-
ductive and improve the working conditions of workers, 
middle managers perceive such teams as unsettling and 
challenging their position. Therefore, they tend to reject 
them (a similar argument is made by Vidal 2022).

With increasing levels of automation, networking of 
production, and use of AI, the ability to solve critical 
situations and emergencies becomes even more important 
and requires quick recognition of problems and efficient 
use of AI assistance. Are hierarchically organized teams 
still successful when working under these conditions, or 
is self-organization of teams gaining importance?

2.4 � Conceptual model

Our conceptual model emphasizes the role of team organ-
ization in solving failures in automated AI-assisted work. 
We distinguish between two types of team organization: 
self-managed and hierarchical teams. We expect that 
team organization will influence team communication, 
which we understand as information flows in teams. Fol-
lowing Romme (1996), we consider (vertical and hori-
zontal) information flows in teams as a crucial require-
ment to cope successfully with disruptions in automated 
production settings (see also Schraagen et al. 2010), as 
team communication leads to a better understanding of 
the problem and its possible causes. AI assistance can 
provide additional information, but is not error-free and 
therefore requires competent team judgment. Our concep-
tual model and our hypotheses are visualized in Fig. 1.

Our expectations can be summarized in the follow-
ing three hypotheses. We expect that differences in team 
organization indirectly affect the work performance of 

teams, via communication. Self-managed teams will 
develop a better communication than hierarchical teams 
(H1), which we will measure using indicators for fre-
quency and quality of communication. A higher fre-
quency and quality of communication will lead to better 
performance in terms of productivity and product quality 
(H2). We expect communication to mediate the impact of 
team organization on performance (H3).

3 � Methods and data

3.1 � Laboratory experiments in social sciences

Research faces the challenge of capturing complex real-
world dynamics within controlled study designs. While a 
field intervention would represent the most direct approach 
to testing our hypotheses, such studies are difficult to imple-
ment in practice. Our laboratory experiment, therefore, rep-
resents a research design which tries to develop a very close 
approximation to real work conditions. The experimen-
tal setting reproduces a realistic production environment, 
including a highly automated workplace with AI assistance 
and a simulated machine failure, thereby reflecting essen-
tial features of contemporary industrial practice. Laboratory 
experiments provide a high degree of control over the treat-
ment and experimental conditions (Falk and Heckman 2009) 
but run the risk of creating an artificial situation which does 
not correspond to the materiality of the work process (i.e., 
its requirements and content) and the social relations in the 
workplace (Edwards 2012). The relationships between the 
test subjects in the laboratory are also very short term and 
their decisions have no serious consequences; this differs 
radically from the real world, in which people often act in 
longer term relationships and their decisions can have mas-
sive consequences (Levitt and List 2007). These problems 
are addressed under the heading of (lacking) external valid-
ity, a standard objection to laboratory experiments (Falk and 
Heckman 2009; Jackson and Cox 2013, p. 37).

To cope with these problems, we developed a simulation 
of the work process which creates a feeling of immersion 
for the test subjects. Immersion refers to a feeling of empa-
thy in an artificial environment that allows the awareness of 
the artificiality of the situation to fade into the background 
(Jennett et al. 2008; Gronau et al. 2023), also used under the 

Fig. 1   Conceptual model



	 AI & SOCIETY

heading of “serious games” (Teichmann et al. 2020). The 
test subjects should feel that their work actions have a real 
impact and that they are responsible for successful produc-
tion with their work. With immersion, we also created a 
context for the work actions in the experiment and made the 
materiality of the production process tangible. As explained 
in more detail below, the test subjects stood at a real pro-
duction line, inserted workpieces, operated machines, and 
had to react to problems such as machine failures or faulty 
workpieces. They were in the same room and could interact, 
speak, and move around freely.

3.2 � Experiment design

We used the Industrial Transformation Lab at the Univer-
sity of Potsdam for our experiment. Each experiment run 
included two persons. The subjects were recruited indi-
vidually and randomly assigned to a hierarchical or a self-
managed team, in order to exclude that familiarity between 
team members influences the outcomes. In the hierarchical 
team, the person at machine 2 was assigned as team leader. 
They were told that they were responsible for successful 
production, deciding when to communicate with the per-
son at machine 1, and how to solve any problems. In the 
self-managed team, both test subjects were assigned equal 
rights, and it was explained to them that they were jointly 
responsible for production and problem-solving.

The experimental work setting was a U-shaped produc-
tion line, with two stations (machine tools) connected to 
each other and to the warehouse by a conveyor belt. We 
simulated the production of lenses, with machine 1 respon-
sible for grinding (producing the optical properties) and 
machine 2 responsible for coating (tinting, anti-reflective 
coating). The aim was to produce 15 batches of lenses in 
the shortest possible time, with a typical production time of 
around 3 min per batch. The production flow consisted of 
several steps. First, the lenses to be processed traveled from 
the warehouse on the conveyor belt to the first machine; 
here a test person had to check the order number displayed 
on the machine against the workpieces and begin process-
ing. After that, the lenses traveled on the conveyor belt to 
the second machine for processing, where the order number 
had to be checked again and processed. The finished lenses 
were then transported to the warehouse and the production 
process began again.

The simulation of automation failures formed the core 
of the experiment. We programmed six different machine 
breakdown scenarios based on real-world problems in manu-
facturing that were based either on a pressure drop in the 
machines or on faulty parts.

At the beginning of the experiment, the test subjects 
received a standardized introduction (video) to the pro-
duction process and the operation of the machines lasting 

around 10  min, followed by a short practical training 
session. An important element of the introduction was 
the presentation of possible machine problems and the 
strategies for solving these machine problems. After the 
introduction, participants were explicitly asked whether 
the provided information was clear and whether any ques-
tions remained. In cases where participants expressed 
uncertainty or requested clarification, the relevant content 
was reiterated and explained using a standardized script 
to ensure that all participants received the same level of 
information. This approach was intended to ensure that all 
participants entered the experimental setting with a shared 
and adequate understanding of the task and its context.

The work on the automated line was supported by an 
AI-based assistance system. The test subjects were given a 
tablet with an assistance system that provided recommen-
dations for solving problems in the event of machine prob-
lems. They were informed that the AI-based assistance 
system also indicates the probability that the recommen-
dation is correct. The output of the assistance system was 
programmed to ensure that all subjects received the same 
output in all situations. The assistance system gave correct 
recommendations in four of the six error scenarios and 
incorrect recommendations in two. The indicated prob-
ability of the recommendations was higher in the “correct” 
cases (70% or 65%) and lower in the “incorrect” cases 
(60%). The test subjects could either follow or ignore the 
suggestions of the assistance system. Our system can thus 
be regarded as a partial automation in the sense of O'Neill 
et al. (2022), with the restriction that the recommendations 
of the system were not executed automatically, but had to 
be explicitly confirmed by the test subjects.

Studies have suggested that people are more likely to 
trust AI systems that explain their rules (Liu 2021). Trans-
parency regarding the uncertainty of AI recommendations 
is important, but must not become too complex, as the 
combination of a lot of probabilistic information is diffi-
cult to understand (Bansal et al. 2019). We therefore opted 
for an output that briefly formulates the problem diagnosis 
and rationale for the recommendation with a simple per-
centage chance that the recommendation is correct:

“Pressure drop at the machine!
Diagnosis 65% probability: Leak in the compressed 
air supply. Recommended action: Stop the entire 
system briefly and plug the leak. [Button: Execute]
Diagnosis 35% probability: Error in the pressure con-
trol. Recommended action: Raise the idle pressure in 
the machine control system and continue production. 
[Button: Execute]”

When a problem occurred, the test subjects could 
decide to go with the solution identified by the AI (with 
an indicated likelihood) or take a different approach. The 
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introduction they had initially received enabled them to 
find out the correct course of action themselves at any 
time by checking the information on their machines, also 
without the assistance system. We were interested in how 
hierarchical and self-managed teams differed in mobilizing 
this knowledge in emergency cases.

3.3 � Measurement

Our treatment variable was team organization, either self-
managed or hierarchically organized. After deducting trial 
runs, incorrectly recorded data sets (an automation failure 
in itself), and one outlier, a total of 87 experiment runs 
remained for the analysis: 49 self-managed teams and 38 
hierarchical teams.

Our second core variable was communication in the 
teams. To develop a robust measurement of communication, 
we used several indicators based on the observations of the 
experimenters and the self-assessment of the test persons. As 
existing instruments do not sufficiently reflect the situational 
characteristics relevant to our study (O’Reilly and Roberts 
1977; Faraj and Sproull 2000; Bunderson and Sutcliffe 
2002; Boerner et al. 2012), particularly the role of commu-
nication during task execution and in response to machine 
disruptions, we developed a communication scale, with 
which two observers independently rated the communica-
tion between the two test persons with five items. Our scale 
builds on existing research in that it assesses both the fre-
quency and quality of communication (Marlow et al. 2018) 
with context-specific items adapted for our research context 
(CommA–CommE), including communicative responses 
to breakdowns and the constructiveness of exchanges. By 
aligning the scale closely with the experimental scenario, 
we ensured that it captures relevant behavioral patterns with 
ecological validity while allowing for systematic and com-
parative observation across conditions.

Two experimenters were present at each experiment to 
conduct the experiment and observe the behavior of the test 
subjects based on a standardized observation questionnaire. 
We included four questions about communication behavior 
(Table 5 in the Appendix) and calculated the mean of the 
two coders for each. The coders used a four-item ordinal 
scale for each question. Cohen’s Kappa indicates a sub-
stantial inter-coder-reliability (0.21, p < 0.01) for question 
CommB (“How often do the teams communicate during 
machine breakdowns”) and fair inter-coder reliability for 
the other questions. CommB is strongly correlated with 
CommA (“How often do the teams communicate when 
working on the workplace?”, r = 0.58, p < 0.01), CommC 
(“How dense is the communication during disruptions?”, 
r = 0.74, p < 0.01), and CommD (“Is the communication 
constructive?”, r = 0.69, p < 0.01).

In our analysis, we will focus on CommB as an indicator 
for communication frequency and on CommD as an indica-
tor of communication quality.

We also asked the test participants to evaluate the qual-
ity of their team communication (CommE). They rated the 
quality of communication from disruptive (1) to helpful 
(5). We calculated the mean value of the two assessments 
for the analyses. Cohen’s Kappa indicates fair inter-coder 
reliability. CommE is moderately correlated with CommB 
(r = 0.49, p < 0.01) and CommD (r = 0.36, p < 0.01).

The crucial question for our analyses is how differences 
in team organization affect variations in work performance 
in handling automation failures. Our first key measurement 
of performance is productivity (see Table 3 for descriptive 
statistics). In our experiment design, it is systematically 
linked to the successful handling of automation failures, as 
errors in troubleshooting lead to time losses. Productivity 
was measured directly by the machines as the time (in sec-
onds) needed to produce 15 bunches of lenses; the lower 
the production time, the higher the productivity is. We 
differentiated between the gross production time (which 
was on average 2777 s, i.e., around 46 min), i.e., the total 
time spent by the test subjects on production, and the net 
production time. Net production time refers to the produc-
tion time that depends on the test subjects’ ability to solve 
the automation failures. It was calculated by subtracting all 
the production steps that were independent of our interven-
tions in the experiment: transport times of the workpieces 
between the warehouse and the machines as well as input 
and processing times at the machines that were not related 
to the emergency scenarios.

Product quality (see Table 3 for descriptive statistics) 
is the second key measurement of performance. It also 
relates to successful handling of automation failures, as 
repeated incorrect handling of problems leads to the pro-
duction of faulty lenses. It was measured by the number of 
errors made by the subjects when reacting to six simulated 
machine breakdowns. The number of errors ranged from 
0 to 6.

A number of control variables were included in the 
analyses:

(1)	 Training: Although all subjects underwent the same 
standardized introductory training, we used their 
assessment of this knowledge to check that no system-
atic differences emerged between the treatment and the 
control group (“How helpful was the introductory train-
ing at the beginning of the experiment?”, 5-point Likert 
scale).

(2)	 Ability to work with the machinery: Although all sub-
jects worked with the same machinery, we checked 
whether both groups experienced the same level of 
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difficulty in operating it (“How difficult/easy was it to 
operate the machinery?”, 5-point Likert scale).

(3)	 Team orientation: We controlled for differences in the 
motivation to work in teams (“I like to work in teams 
with other people.”, 5-point Likert scale).

(4)	 Trust in technology: We used McKnight et al.’s (2011) 
constructs of a trusting stance towards technology (3 
items, 5-point Likert scale) and a general faith in tech-
nology (4 items, 5-point Likert scale) to check whether 
subjects could be influenced in their behavior by their 
level of trust in technology.

Regarding all control variables, an ANOVA test did 
not show evidence for statistically significant differences 
(p < 0.05) between the self-managed and hierarchical teams 
(treatment variable). Table 1 shows the description of the 
sample.

4 � Analysis

In this section, we present our results for the influence of 
team organization on team performance in the context of 
automation failures. We begin with a descriptive analysis 
and then test our hypotheses with a structural equation 
model.

4.1 � Descriptive analysis

A comparison of mean values for communication in self-
managed and hierarchical teams shows that in the case of 
automation failures, self-managed teams communicate 
more frequently and with a higher quality than hierarchical 
teams (Table 2). The ANOVA analysis of the mean values 
for communication frequency and quality for the two team 
organization types shows statistically significant differences 

(p < 0.01). The Bartlett’s test confirms the assumption of 
equal variances.

We explored the influence of communication on produc-
tivity and product quality using Pearson’s r. Table 3 presents 
the correlations between the study variables. Productivity is 
our first operationalization of performance, as errors in the 
troubleshooting of automation failures lead to considerable 
time losses. The higher the frequency of communication is, 
the lower the net production time required for 15 batches of 
lenses. The Pearson correlation coefficient of both variables 
is r = 0.37, p < 0.01. Higher communication frequency also 
led to fewer errors when coping with automation failures. 
The Pearson correlation coefficient is r = 0.47, p < 0.01. We 
observe similar relationships if we use the communication 
quality indicator: Higher quality of communication is associ-
ated with higher productivity (r = 0.34, p < 0.05) and higher 
product quality (r = 0.44, p < 0.01).

We used a cluster analysis to take a closer look at the 
configurations of the cases. Cluster analysis groups the cases 
in such a way that cases within the same cluster are more 
similar to each other than to those in other clusters. Our aim 
was to identify characteristic constellations of team organi-
zation and communication. The z-standardized values were 
used to avoid distortions due to different scales.

Table 1   Sample description 
(demographics and control 
variables)

With the exception of gender and age, values are presented as M (SD)
*Response format 1–5

Variable Hierarchical team Self-managed team

Number of teams 38 49
Gender of team members
 Women 50% 40%
 Men 47% 59%
 Diverse 3% 1%

Age 25 25
Training at the beginning of experiment helpful* 1.68 (1.09) 1.96 (1.21)
Ability to work with machinery* 1.77 (0.90) 1.78 (0.90)
Team orientation (“I like working in a team”)* 3.60 (0.79) 3.54 (0.87)
Trust in technology (Mcknight et al. 2011)* 3.73 (0.55) 3.57 (0.76)
General faith in technology (Mcknight et al. 2011)* 3.94 (0.52) 3.79 (0.51)

Table 2   Results of communication, productivity, and product quality 
for hierarchical and self-managed teams

NHierarchical = 38, NSelf-managed = 49. Values are presented as M (SD)

Variable Hierarchical team Self-managed team

Communication frequency 2.76 (1.04) 3.53 (0.76)
Communication quality 2.31 (1.05) 3.02 (0.88)
Product quality (errors) 2.39 (1.62) 2.18 (1.58)
Productivity 1326.18 (277.38) 1228.43 (252.38)
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To determine the number of relevant clusters, we fol-
lowed the standard approach and carried out a Ward cluster 
analysis. Inspection of the dendrogram and the Duda/Hart 
test revealed two possible solutions: one with two clusters 
and one with four clusters. When using the communication 
frequency variable, the two-cluster solution had a middle 
pseudo T2 value (84.31) and a low Je(2)/Je(1) value of 0.30. 
A four-cluster solution reached an even lower pseudo T2 
(43.94) and a similarly low Je(2)/Je(1) (0.33) (when using 
the communication quality variable, the two-cluster solution 
yielded a pseudo T2 value of 140.11 and a Je(2)/Je(1) value 
of 0.25; the four-cluster solution yielded a T2 of 106.89 and 
Je(2)/Je(1) of 0.23). We chose the four-cluster solution as 
it offered higher interpretability. The two-cluster solution 
organized the clusters only by communication, while the 
four-cluster solution used both communication and team 
organization. The final assignment of the cases to the four 
clusters was then determined using the kmeans method.

Table 4 shows the mean values of the core variables 
included for the four clusters. Cluster 1 includes only self-
managed teams with high communication frequency and 
quality. Cluster 2 includes only hierarchical teams with high 
communication frequency and quality. Cluster 3 includes 
only hierarchical teams with low communication frequency 
and quality, and Cluster 4 only self-managed teams with low 
communication frequency and quality. There are hardly any 
differences between the two clusters of hierarchical teams 

(2 and 3) as to whether communication frequency or quality 
is used as an indicator. In self-managed teams, the use of 
the communication quality indicator means that the group 
of teams classified as high communication (Cluster 1) is 
slightly smaller than with the communication frequency 
indicator.

The cluster analysis reveals distinct patterns between 
self-managed and hierarchical teams. A large proportion 
of self-managed teams is classified into the high-commu-
nication cluster (84% based on communication frequency; 
67% based on communication quality), with only a small 
minority forming a separate low-communication cluster. 
In contrast, hierarchical teams are split into two clusters of 
approximately equal size. This indicates higher variabil-
ity in communication behavior among hierarchical teams. 
Moreover, conditional patterns emerge with respect to per-
formance: when communication frequency is used as the 
clustering indicator, high-communication hierarchical teams 
outperform high-communication self-managed teams; when 
communication quality is the indicator, self-managed teams 
achieve higher performance. At the same time, hierarchical 
teams exhibit a relatively high likelihood (≈ 50%) of falling 
into the low-communication cluster for both frequency and 
quality measures.

Table 3   Descriptive 
statistics and correlations for 
productivity, product quality, 
and communication

The number of observations is n = 87
*p < 0.05
**p < 0.01

Variable M SD (1) (2) (3) (4)

(1) Communication frequency (CommB) 3.19 0.97 – 0.69** 0.37** 0.47**
(2) Communication quality (CommD) 2.71 1.02 – 0.34* 0.44**
(3) Productivity 1304.92 262.69 – 0.73**
(4) Product quality 2.27 1.59 –

Table 4   Descriptive statistics by cluster

Values are presented as M (SD)

Communication measured as communica-
tion frequency

Communication measured as communi-
cation quality

Productivity Product quality Productivity Product quality

Cluster 1: High-communication self-managed teams 1283.31 (257.34)
(n = 41)

2.00 (1.61)
(n = 41)

1229.32 (233.77)
(n = 33)

1.73 (1.53)
(n = 33)

Cluster 2: High-communication hierarchical teams 1211.83 (261.84)
(n = 20)

1.60 (1.35)
(n = 20)

1267.47 (269.15)
(n = 19)

1.84 (1.64)
(n = 19)

Cluster 3: Low-communication hierarchical teams 1453.23 (241.57)
(n = 18)

3.28 (1.45)
(n = 18)

1384.89 (280.06)
(n = 19)

2.95 (1.43)
(n = 19)

Cluster 4: Low-communication self-managed teams 1314.66 (239.64)
(n = 8)

3.12 (0.99)
(n = 8)

1410.35 (252.40)
(n = 16)

3.12 (1.26)
(n = 16)
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4.2 � Path analysis

The descriptive analysis gave us an initial understanding of 
the relationships between our key variables. We next used a 
path analysis to test our three hypotheses. We estimated two 
structural equation models (SEMs) based on maximum likeli-
hood estimation to examine the effect of team organization on 
productivity and product quality, mediated by communication. 
Both models allowed for a residual covariance between the 
error terms of the two outcome variables to account for shared 
unobserved influences. We opted for this approach because we 
were testing a simple model with few variables in the experi-
ment, and the two outcomes of productivity and product qual-
ity can be traced back to a common cause—the handling of 
automation failures. We used z-standardized values to make 
the coefficients comparable. We calculated both models in two 
versions, one including the communication frequency and the 
other including the communication quality indicator (Figure 2). 
See Tables 6, 7, 8 and 9 in the Appendix for the full documenta-
tion of the models.

The first model included only indirect effects of team 
organization via communication. Model fit was excel-
lent (Model using communication frequency: χ2(2) = 2.05, 

p = 0.359; RMSEA = 0.017; CFI = 1.000; SRMR = 0.046; 
Model using communication quality: χ2(2) = 0.97, p = 0.0.616; 
RMSEA = 0.000; CFI = 1.000; SRMR = 0.031) and all indi-
rect paths were statistically significant (p < 0.001). The second 
model also included direct paths from team organization to both 
outcome variables. This model was just-identified (χ2(0) = 0) 
and fit indices were formally perfect (RMSEA = 0.000; 
CFI = 1.000; SRMR = 0.000), but not interpretable due to zero 
degrees of freedom.

Comparing the two models, the inclusion of direct effects did 
not significantly improve model performance. Direct paths from 
team organization to both productivity and product quality were 
non-significant, while the indirect effects via communication 
remained strong and significant, confirming hypotheses H1 and 
H2. Explained variance (CD) increased only marginally (from 
0.156 to 0.176 when using the communication frequency indi-
cator, and from 0.120 to 0.129 when using the communication 
quality indicator). The explained variance was limited, which is 
related to the fact that our model contains only a few variables 
and is very simple. Our findings support hypothesis H3, a full 
mediation model in which the influence of team organization on 
production performance operates entirely through the frequency 
and quality of communication. We have to emphasize, however, 

Fig. 2   Structural equation model including direct and indirect paths 
(first model using communication frequency, second model using 
communication quality). Note *Since higher productivity is measured 
by decreasing production time and higher product quality by a lower 

number of errors, the two negative coefficients imply a positive cor-
relation between communication and productivity as well as product 
quality (see Tables 6-9 in the Appendix)
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that the low explained variance indicates that there are impor-
tant factors influencing performance of teams working with AI 
systems that are not included in the model (Fig. 2).

5 � Discussion

5.1 � Main findings

This study examined the impact of team organization (self-
managed vs. hierarchical teams) and communication on 
performance, measured by production time and errors. We 
created a realistic simulation of an industrial workplace 
and investigated teams working with highly automated 
production processes with AI support.

Correlations showed that both communication frequency 
and quality were positively related to productivity and 
product quality. The cluster analysis further indicates that 
most self-managed teams fell into the high-communication 
cluster, while hierarchical teams split into two clusters of 
roughly equal size. Hierarchical teams had a high likelihood 
(≈ 50%) of belonging to the low-communication cluster.

In line with our theoretical expectations, our study shows that 
high quality and frequency of communication are crucial fac-
tors to cope successfully with machine breakdowns in “smart” 
production environments. Self-managed teams are characterized 
by a significantly higher frequency and better quality of com-
munication in these situations, leading to better outcomes in 
productivity and product quality. Hypotheses H1, H2, and H3 
were confirmed. Structural equation modeling supports H1 and 
H2 by showing that self-managed teams develop better commu-
nication than hierarchical teams, and that higher communication 
frequency and quality are associated with better productivity and 
product quality. In line with H3, the analysis further confirms a 
full mediation model: the effect of team organization on perfor-
mance operates entirely through communication, while direct 
effects remain non-significant and explained variance increases 
only marginally.

The impact of team organization on performance is 
fully mediated by communication.

5.2 � Limitations and future research directions

While this study provides valuable insights into human–AI 
collaboration, several limitations must be acknowledged. 
First, the study’s external validity is constrained by the sim-
plified nature of the experimental tasks. Though our research 
design combined a simulation of a realistic industrial setting 
with a laboratory experiment setting with which we intended 
to provide a solid way to test (theoretically derived) causal 
effects in a highly controlled environment, the transferability 
to real-world social settings remains difficult. The results 

of our analysis should be interpreted carefully and future 
research should complement the results with observational 
data, such as findings from case studies.

The second limitation arises from the design of the AI 
agent. We focused on AI as an assistance technology with 
partial autonomy. In the future, we will need to test different 
configurations of AI agents and their suitability for differ-
ent team structures. We also used a very simple distinction 
between hierarchical and self-managed teams, which can be 
further differentiated in future research.

5.3 � Team design in high automation 
settings: calling for self‑management 
and communication

Based on our analysis, we argue that the increasing importance 
of highly automated and AI-assisted production processes 
should be linked to a new discussion about the right design of 
teams. In highly automated systems, the complexity of auto-
mation failures that need to be solved by teams is increasing. 
Companies are responding to this with increasing use of AI 
assistants, but this is a double-edged sword. AI systems support 
workers but they also create another level of complexity, as they 
themselves are not error-free; workers must be able to assess the 
reliability of AI recommendations. A tendency to over-rely on 
AI systems can lead to poor performance.

Current approaches to team design in production are 
essentially shaped by lean production concepts, combining 
a clear hierarchical structure (with a team leader responsi-
ble for problem-solving in the ongoing process) with the 
involvement of the team in improvement suggestion schemes 
and continuous problem-solving activities outside of pro-
duction times. Traditional self-managed concepts and new 
agile team concepts are yet to find their way into the design 
of teams in production.

Our findings suggest that the design of team structures in 
production urgently needs to be modernized. Hierarchical 
teams are characterized by a clear assignment of responsibil-
ities and thus quick decision-making, but they increase the 
risk of insufficient communication about the causes of prob-
lems. To prevent this, systematic investment in team leader 
training is required to promote team leadership styles that 
focus on intensive communication. A promising approach 
could also be technology design which supports communica-
tion. AI assistants for team leaders could suggest the cross-
checking of information and confirm decisions with team 
members, implementing the “human in the loop” principle 
(Herrmann and Pfeiffer 2023).

By contrast, the risk of low-communication situations is 
significantly lower in self-managed teams, as our cluster analy-
sis shows. Our experiment design could even underestimate the 
performance of self-managed teams, as we did not establish 
any procedural rules in the experiment for decision-making in 
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self-managed teams, what could have slowed down communi-
cation. If organizational measures such as establishing micro-
roles for certain tasks or expertise areas are implemented, we 
could expect that self-managed teams will perform even better 
than in our experiment. However, such micro-roles need to be 
established carefully, as there has been little research on their 
impact on the problem-solving capability of teams (e.g., He 
et al. 2022). Technological solutions can also be imagined. AI 
assistants could guide the team’s information exchange and 
decision process and support quick reactions. The transfor-
mation process required for this is the subject of research in 
change management studies that can provide support for prac-
titioners (e.g., Todnem By et al. 2018).

The implementation of self-managed teams will also 
increase the quality of work for workers themselves. Studies 
show that self-managed teams show higher job satisfaction 
and motivation ratings than hierarchical settings (Batt 2004).

5.4 � Extending the human–autonomy and human–
AI‑teaming debate: the role of team 
organization

While our experiment conceptualized AI as an assistance 
technology and not as a fully autonomous teammate, we see 
our study as a contribution not only to the human–autonomy 
field, but also to HAIT research. We advocate relaxing the 
concentration of HAIT research on constellations in which AI 
has a very high degree of autonomy. There is a great need for 
research that examines the work of teams with AI with partial 
autonomy or with assistance functions, as these constellations 
are expanding rapidly in the world of work.

Our first major contribution is our immersive experiment 
design, which corresponds to typical settings in today’s pro-
duction. We see a very fruitful path for future research in the 
development of such experimental designs that reflect actual 
production problems while enabling the experiment partici-
pants to immerse themselves in the experimental setting.

Our second contribution is to demonstrate the importance 
of team organization. While some recent contributions (Rein-
hard et al. 2023; Zercher et al. 2023; Harrison et al. 2024) have 
suggested considering the organizational setting of human-
technology interactions, our study represents the first effort 
(to our knowledge) to respond to this request and develop an 
experimental design which includes high levels of automation, 
AI assistance, and team organization. Our study shows that with 
constant technology, team types and team communication have 
a significant impact on performance during automation failures. 

The next step in research must be to vary team structures and 
the design of AI agents.

6 � Conclusions

The design of team structures is a key element of work 
organization. It influences work processes, interactions, 
and therefore productivity, as well as cohesion and job 
satisfaction in teams. While self-managed teams were pre-
viously seen as an important way of improving the quality 
of work, lean teams (which have strong hierarchical ele-
ments) have prevailed in manufacturing since the 1990s. 
Although the recent debate about agile teams has again 
strengthened self-management elements of teamwork, it 
has so far remained largely limited to white-collar areas 
such as engineering and software development.

The increasing complexity of automation and the use of AI 
in manufacturing represent a critical point at which questions 
of team design in production should be reconsidered. Our 
study shows that well-functioning communication in teams 
is crucial to efficiently solving automation failures, ensuring 
high productivity and quality in highly automated processes, 
and interacting with AI. Hierarchical teams have a high risk 
of suppressing communication if it is not systematically pro-
moted through appropriate leadership training and technologi-
cal support. Self-managed teams, on the other hand, often cre-
ate well-functioning communication structures, even if these 
can sometimes be somewhat slower.

With this study, we not only argue for a rethinking of team 
organization concepts in the research line of management 
of manufacturing companies, but also we wish to contrib-
ute to the systematic inclusion of team and work organiza-
tion issues in research on human–autonomy and human–AI 
teaming. This research has so far focused on the design of 
the technology; it should reflect more strongly that the use 
of technology takes place in a collective work process with a 
division of labor. There is great potential in this broadening of 
the research perspective alongside a stronger exchange with 
sociological research on work organization.

Appendix

See Tables5,6,7,8 and9.
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Table 5   Descriptive statistics and inter-coder reliability for communication variables

N = 87, Response format of CommA–CommD ranges between 1 and 4 and of Comm E from 1 to 5

M SD Cohen’s K

CommA: “How often do the teams communicate when working on the workplace?” 2.10 0.81 0.21 (p < 0.01)
CommB: “How often do the teams communicate during machine breakdowns?” 3.19 0.97 0.61 (p < 0.01)
CommC: “How dense is the communication during disruptions?” 2.49 0.92 0.27 (p < 0.01)
CommD: “Is the communication constructive?” 2.71 1.02 0.26 (p < 0.01)
CommE: “How did you perceive the communication with your teammate?” 4.22 0.87 0.21 (p < 0.05)

Table 6   Structural equation 
model (only direct effects)

Fit statistic: χ2(df = 2) = 2.05 (p = 0.36), RMSEA = 0.02, CFI = 1.00, TLI = 0.99, SRMR = 0.05, AIC/
BIC = 875.98/900.64, CD(R2) = 0.156

Outcome Predictor B SE z p

Communication frequency Team organization 0.39 0.10 4.01 0.000
Productivity Communication frequency − 0.34 0.09 − 3.77 0.000
Product quality Communication frequency − 0.45 0.09 − 5.06 0.000

Table 7   Structural equation 
model (direct and indirect 
effects)

Fit statistic: χ2(df = 0, no test possible) = 0.00, RMSEA = 0.00, CFI = 1.00, TLI = 1.00, SRMR = 0.00, AIC/
BIC = 877.94/907.53, CD(R2) = 0.176

Outcome Predictor B SE z p

Communication frequency Team organization 0.39 0.10 4.01 0.000
Productivity Communication frequency − 0.34 0.09 − 3.77 0.000

Team 0.08 0.10 0.84 0.401
Product quality Communication frequency − 0.50 0.09 − 5.27 0.000

Team 0.13 0.09 1.43 0.153

Table 8   Structural equation 
model (only direct effects)

Fit statistic: χ2(df = 2) = 0.97 (p = 0.61), RMSEA = 0.00, CFI = 1.00, TLI = 1.034, SRMR = 0.03, AIC/
BIC = 883.66/908.32, CD(R2) = 0.120

Outcome Predictor B SE z p

Communication quality Team organization 0.35 0.10 3.44 0.001
Productivity Communication quality − 0.31 0.09 − 3.33 0.001
Product quality Communication quality − 0.41 0.09 − 4.57 0.000

Table 9   Structural equation 
model (direct and indirect 
effects)

Fit statistic: χ2(df = 0, no test possible) = 0.00, RMSEA = 0.00, CFI = 1.00, TLI = 1.00, SRMR = 0.00, AIC/
BIC = 886.70/916.29, CD(R2) = 0.129

Outcome Predictor B SE z p

Communication quality Team organization 0.35 0.10 3.44 0.001
Productivity Communication quality − 0.33 0.10 − 3.30 0.001

Team 0.05 0.10 0.47 0.636
Product quality Communication quality − 0.44 0.09 − 4.64 0.000

Team 0.09 0.09 0.96 0.339
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