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Abstract
The human-centered AI approach posits a future in which the work done by humans and machines will become ever more 
interactive and integrated. This article takes human-centered AI one step further. It argues that the integration of human and 
machine intelligence is achievable only if human organizations—not just individual human workers—are kept “in the loop.” 
We support this argument with evidence of two case studies in the area of predictive maintenance, by which we show how 
organizational practices are needed and shape the use of AI/ML. Specifically, organizational processes and outputs such as 
decision-making workflows, etc. directly influence how AI/ML affects the workplace, and they are crucial for answering 
our first and second research questions, which address the pre-conditions for keeping humans in the loop and for support-
ing continuous and reliable functioning of AI-based socio-technical processes. From the empirical cases, we extrapolate 
a concept of “keeping the organization in the loop” that integrates four different kinds of loops: AI use, AI customization, 
AI-supported original tasks, and taking contextual changes into account. The analysis culminates in a systematic framework 
of keeping the organization in the loop look based on interacting organizational practices.

Keywords Artificial intelligence · Machine learning · Human-centered AI · Organizational practices · Socio-technical 
design · Predictive maintenance · Digital work

1 Introduction

With new technologies such as machine learning, the ques-
tion of the division of labor between man and machine is 
being raised anew. There is an ongoing discussion of how 
the advance of artificial intelligence (AI), especially machine 
learning (ML), will change the work of employees (Brödner 
2018; Brynjolfsson and Mitchell 2017; Webb 2020). There 
are serious concerns about potential employment loss and 
also, more generally, about whether businesses and other 

organizations are losing their connection to human intel-
ligence and creativity.

Numerous theoretical approaches try to capture how the 
division of labor between humans and machines is chang-
ing, looking at the degree of respective autonomy and at 
the distribution of decision-making competencies. In both 
engineering and the social sciences, these approaches focus 
on technology on the one hand and on human individu-
als as users on the other. They widely neglect the fact that 
both the use of technology and the decisions generated in 
this interplay of humans and technology are embedded in 
human organizations. Organizations—be they commercial 
enterprises or public institutions—are subject to their own 
logic, integrated into complex external environments, and 
divided internally by competition among departments with 
divergent interests. No matter whether decisions are techni-
cally or humanly generated, they must be negotiated and 
processed within the organization. This study shows how 
organizational embeddedness can be incorporated into the 
design concepts of AI-driven human–machine decisions.

This article builds on the “human-centered artificial intel-
ligence” perspective, which shows how and why humans 
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are and for the foreseeable future will continue to be “in the 
loop” in organizations that use AI. Most of these approaches 
share a socio-technical perspective, which refers to the 
mutual, crossover influences of social and technological 
factors in organizations. Socio-technical design emphasizes 
the relevance of the organization and argues that the dimen-
sions of human individuals, technology, and organization 
should be integrated (Baxter and Sommerville 2011; Eason 
1989; Kirsch et al. 1995; Mumford 2006). Authors promot-
ing the human-centered AI perspective have not yet done so 
systematically.

The suggestion that we need to go beyond the micro-
level injunction of “keeping the human in the loop” was 
advanced already by Rahwan (2018), who proposes keep-
ing “society in the loop” e.g., by implementing negotiation 
mechanisms between stakeholders with different values. 
There is no reason this idea could not apply also to the meso 
level, i.e., to the organization in which AI is applied. By 
“organization”, we refer to all the organizational practices of 
task management in which AI is utilized, the organizational 
actors responsible for evaluating and controlling AI, and the 
organizational structures, logics, and hierarchies in which all 
these are embedded. We consider these organizational prac-
tices and their social interactions as one dimension of socio-
technical systems. Most scholars consider socio-technical 
systems as the combination of the social and the technical 
dimension. We suggest that the intertwinement between both 
and its evolution are the most crucial challenges of socio-
technical design (Fischer and Herrmann 2015; Herrmann 
et al. 2021). Human–computer interaction (HCI) plays a 
major role for this intertwinement and therefore also in our 
study. In this socio-technical context we suggest the concept 
of “keeping the organization in the loop” that complements 
“keeping the human in the loop.” We define this concept 
as set of managerial measures and interactively sustained 
organizational conventions that:

(a) ensure regulation, control, and supervision of AI-based 
processes and effects by allowing and making workers 
competent to be in control, and

(b) continuously answer the question of the extent to which 
organizational coordination is a subject of AI-based 
decision-making.

We characterize AI as a simulation of decision-making 
(Jarrahi 2018). In cases where decision-making is not based 
on a computational, explicable algorithm but rather on the 
exploitation of continuously changing data and where the 
quality of the decision can be evaluated only at some later 
point in time if at all. While all kinds of complex technolo-
gies (such as ERP-systems, telecommunication infrastruc-
ture etc.) might benefit from the concept of keeping the 
organization in the loop, AI in its current and prospective 

stages of development represents one of the clearest chal-
lenges to be met by this concept.

With respect to keeping the organization in the loop, the 
paper investigates the following research questions:

• RQ1) How can organizations ensure that humans are kept 
in the loop within AI-based socio-technical systems and 
help workers to continuously develop their competences 
and autonomy?

• RQ2) How do organizational practices enable AI-based 
socio-technical systems to ensure reliable functioning—
not only during implementation, but over time?

• RQ3) What does a systematic framework look like that 
integrates the organizational practices that can be empiri-
cally identified and takes them into account continuously 
in AI (re-)design and use?

To answer these questions, we identify existing 
approaches to organizational issues in the literature on the 
design of human-centered AI (Sect. 2). In an extension of 
existing studies, we present the methods (Sect. 3) and find-
ings (Sect. 4) of an empirical exploration of two cases of AI 
implementation in the area of predictive maintenance. The 
case analyses show the many ways in which AI/ML-based 
predictive maintenance outcomes depend on organizational 
influences. In Sect. 5, we build on this analysis by develop-
ing two general models of how AI continuously interacts 
with human labor in production systems. First, we identify 
four different loops of how human tasks, interacting with 
AI and organizational practices, are interwoven. Increasing 
then the granularity of the analysis, we present a schema of 
organizational tasks, actors, and practices that were evident 
in the implementation and maintenance of AI systems in our 
cases and are likely to be characteristic generally of AI-using 
organizations.

2  Literature review: AI and organizations

In socio-technical systems, organizational practices and 
human–computer interaction are closely intertwined, shap-
ing the roles humans play in their daily work—when inter-
acting with technology as well as within organizational 
practices and processes. Therefore, we start the review with 
literature on human-AI interaction (2.1). First, we look at 
approaches that employ humans for the compensation of 
weaknesses in AI (2.1.1). Second, we look at aspects empha-
sizing the necessity of or possibility for humans to improve 
their capabilities by interacting with AI (2.1.2). The con-
trast between these two perspectives demonstrates the type 
of interaction modes that have to be employed in organi-
zational measures (RQ1 and RQ2) that aim to keep work-
ers in the loop. In the second subsection (2.2) we analyze 



AI & SOCIETY 

1 3

organizational issues related to using AI as addressed in the 
literature on human-AI interaction, and in the social sci-
ences and managerial studies. We do this to get beyond a 
pure interaction perspective and to identify aspects to be 
integrated in a systematic framework (RQ3).

2.1  The design of human‑AI interaction

2.1.1  The human as a gap‑filler

Originally, AI design includes aspects of replacing humans 
with machines, and there is a still-growing literature that 
identifies tasks that can be or will likely be automated (Bryn-
jolfsson and Mitchell 2017). Within these approaches, not 
only the relevance of AI experts but also the role of practi-
tioners and domain experts as well as their knowledge and 
experience are acknowledged as necessary for improving AI. 
For instance, for ensuring continuous learning of anomaly 
detectors, Olivotti et al. (2018) propose feedback loops to 
integrate the knowledge and experience of machine builders, 
component suppliers, and machine operators. Similarly, in 
reference to a “hybrid intelligence system,” Kamar proposes 
a kind of workflow whereby an AI system compensates for 
its own shortcomings by asking human workers to verify 
or correct its results (2016). Cai et al. (2019a) also support 
creating possibilities for humans to interactively refine AI 
results. Lindvall et al. (2018) note that clinicians’ correc-
tions could be used to improve ML. Finally, and along the 
same lines, Amershi et al. would require practitioners to be 
involved not only in the rollout and training phases of an ML 
system but also after it has begun normal operation (Amer-
shi et al. 2014).

Some approaches seek to harness the strengths of humans 
as a means of reducing the need for their involvement later. 
However, the more highly developed concepts of “collabora-
tive AI”, “responsible AI”, or “hybrid intelligence systems” 
see a long-term role for humans in the application of AI 
systems (Dellermann et al. 2019; Koch and Oulasvirta 2018; 
Schiff et al. 2020).

Within the context of automation, the concept of distrib-
uted strengths highlights why keeping humans in the loop 
might be necessary: “operational systems often employ 
intermediate levels of automation in which the operator sets 
the high-level goals and monitors the automation as it per-
forms the low-level tasks” (Johnson et al. 2017, p. 229). 
Within the HCI community, this has been described as a 
mixed-initiate interaction strategy, where “each agent can 
contribute to the task what it does best,” and where “the 
agents who currently know best how to proceed coordinate 
the other agents” (Allen 1999, p. 14). These approaches 
focus on the cognitive load on human agents, their capabili-
ties, and on support techniques such as “[c]onsidering the 
status of a user's attention” or “employing dialog to resolve 

key uncertainties” (Horvitz 1999, p. 159). Others propose 
allowing users to intervene systematically so that they 
can control AI outcomes (Schmidt and Herrmann 2017). 
Schmidt (2020) proposes various ways human-centered AI 
can keep the human in control. However, these authors do 
not consider the fact that humans are involved not only in 
human–machine loops but are also simultaneously engaged 
in organizational “loops” like managerial decisions, coordi-
nation, and negotiation of agreements. This organizational 
context surrounds human actors and affects the way they 
handle their tasks. Further clarification is needed to under-
stand how human–machine and human–human (organiza-
tional) loops are socio-technically integrated.

Dellerman et  al. discuss—under the assumption that 
the strengths of humans and AI are complementary—how 
humans and machines working together achieve better 
results than each working separately (Dellermann et al. 
2019). Jarrahi describes their different strengths in deci-
sion-making, arguing that humans are better at dealing 
with uncertainty and equivocality (Jarrahi 2018). While AI 
can extend humans’ ability to handle complexity, people’s 
strengths lie in enabling communication and negotiation. 
Consequently, we assume that for every domain of AI appli-
cation—such as predictive maintenance—activities and the 
strengths needed to accomplish them have to be analyzed in 
the context of organizational practices.

2.1.2  Supporting the development of human strengths 
and competences

Understandability and predictability of machine behavior 
is a key prerequisite for “keeping humans-in-the-loop” 
approaches and for collaborative AI. This insight has fos-
tered an emerging field of research on explainable AI (XAI) 
that aims to help users understand the background of results 
and decisions that are proposed by ML systems (Adadi and 
Berrada 2018). With XAI, the user can justify, control, or 
improve the outcome of AI and discover new insights about 
AI’s possibilities and limits. We suggest that explanations of 
the background of decisions proposed by AI do not only help 
improve a single instance of task handling but contributes 
to an overall understanding of the functioning of AI and its 
potentials and limits, and thus promote the development of 
users’ competences when dealing with AI and the related 
tasks.

Collaborative explanation between humans is explicitly 
mentioned as a model for XAI (Mueller et al. 2019). How-
ever, our extensive review of the XAI literature yielded no 
indication that XAI researchers have reflected on the rel-
evance of explanations that are directly provided by humans. 
How human-to-human explanation and AI system-based 
explanation can be integrated as a socio-technical basis for 
human development is still a wide-open field of research.
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In this context and in contrast to the mainstream, some 
approaches pursue the goal of developing human strengths 
within collaborative AI. This includes continuous improve-
ment by collaborative learning (Dellermann et al. 2019; Her-
rmann 2020). In a broader sense, collaboration is character-
ized by symmetry and negotiability, e.g., about the division 
of labor (Dillenbourg 1999). Furthermore, it includes a rec-
ognition of human work within the machine-learning work-
flow that allows for reciprocal adaption between humans 
and ML systems (Amershi et al. 2014). Job design has to 
combine AI and non-AI training approaches (Wilkens 2020). 
Others focus on how to support learning and identify various 
dimensions where humans and AI can augment each other 
(Holstein et al. 2020). These include areas such as sensing, 
attention, interpretation, and decision-making. The question 
of how learning support is achieved is mostly answered with 
respect to the features of the AI system. Examples include:

• allowing individuals the option to respond to incorrect 
predictions of an AI system (Nguyen et al. 2018),

• giving prompts that help counter the human tendency to 
place too much trust in automated systems (Okamura and 
Yamada 2020),

• and integrating knowledge management with learning (Li 
and Herd 2017).

However, the organizational practices required to realize 
benefits from these solutions are not extensively discussed 
within these approaches.

2.2  AI and organization

2.2.1  Human collaboration and organization within HCI

Some research into collaborative AI or hybrid intelligence 
systems occasionally makes reference to organizational 
factors and the socio-technical approach (Dellermann et al. 
2019). “A key challenge to the implementation and adoption 
of intelligent machines in the workplace is their integration 
with situated work practices and organizational processes” 
(Wolf and Blomberg 2019, p. 546). For example, integrat-
ing AI systems and employees is seen as an organizational 
task—an onboarding process that has to be planned (Cai 
et al. 2019b). The implementation of AI is also seen as a 
process of socialization (Makarius et al. 2020). While some 
scholars refer to team processes and collaboration without 
taking collaboration between humans into account, others 
take a broader perspective. Seeber et al. (2020) address 
research topics about the integration of AI into teams of 
humans. For instance, they suggest that humans likely need 
to learn to adapt to these new teammates and “organiza-
tions could facilitate this adaption by training people in the 
required collaboration competences” (Seeber et al. 2020, p. 

6). Others suggest that XAI has to be complemented with 
network-based trust: “we trust an application because some-
body we know (and trust) trusts the application as well” 
(Andras et al. 2018, p. 79).

Schiff et al. (2020) point out that companies that intend to 
comply with high-level principles for responsible AI have to 
implement these principles as organizational practices. Rak-
ova et al. give concrete examples such as “the importance of 
being able to veto an AI system” and “[b]uilding channels 
for communication between people” (Rakova et al. 2020, 
p. 17). Shneiderman (2020) emphasizes including manage-
ment to achieve reliability and security (Shneiderman 2020). 
Others point out that specific challenges arise from employ-
ing AI in the context of inter-organizational collaboration 
(Campion et al. 2020).

2.2.2  AI and organization in the social sciences 
and in management studies

It may not be surprising that engineering disciplines tend 
to leave organizational factors out of their equations, but 
also social sciences and management studies focus strongly 
on the “distributed agency” between human and machine, 
addressing the organization often just as a static environ-
mental condition than as a dynamic set of actors and rules 
(Latour 1988; Rammert 2008). Current considerations often 
reduce the interaction between humans and AI to a few or 
even single aspects, e.g., how AI decisions affect humans 
or the distribution of moral decision-making in the case of 
autonomous driving (Awad et al. 2018). In engineering and 
computer science, the issue of machine behavior is com-
monly understood as an interdisciplinary task that raises 
ethical questions—appeals to scholars of law, humanities, 
and the social sciences to weigh in are common (Rahwan 
et al. 2019). This big leap from looking at interactions of 
individual human beings with AI to philosophical questions 
concerning the whole society or even “humanity” is often 
made. Generally speaking, the sociology of media and tech-
nology, which is influenced by cultural studies, is focused 
on applications of AI outside of the world of work and on 
related social discourses. It takes a more metaphorical and 
philosophical view of the algorithm, and theoretical con-
cepts of transparency and explainability are at the center of 
interest (c.f. Reichert et al. 2018). Overlooked are the mul-
tiple layers between these micro and macro views: the meso 
level of organizations, institutions, networks, communities, 
processes, and agreements in which (any) use of technol-
ogy is (and must be) decided, realized, concretized, micro-
managed, and processed as well as changed and developed 
on a daily basis:

• Organization as Yet Another Context is addressed when 
individuals—here again the micro-level—are connected 
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to a technology application or how organizations benefit 
from the productivity gains to be realized through new 
technology (Wilson and Daugherty 2018, p. 117).

• Decisions about distribution of agency as organizational 
challenge: Using the empirical case of the Volkswagen 
emissions scandal, Johnson and Verdicchio show that in 
the case of AI, the simple comparison of technology and 
humans must be expanded to include the question of the 
combination of “causal agency of artifacts and the inten-
tional agency of humans to better describe what happens 
in AI as it functions in real-world contexts” (Johnson and 
Verdicchio 2019, p. 639). Athey et al. argue along the 
same lines, noting that the allocation of decision author-
ity between humans and AI is a problem that organi-
zations have to solve; in a taxonomy, they distinguish 
between four conceivable functionalities of AI within the 
organization: replacement AI, augmentation AI, unre-
liable AI, and antagonistic AI (Athey et al. 2020, pp. 
7–9). However, they mention the organization as such 
only once in their introduction. Jarrahi emphasizes the 
importance of a complementary “augmented” use of AI 
in organizations (Jarrahi 2018). In this way, the human 
capacity for intuition can be supported by AI rather than 
replaced, as this human ability is of particular importance 
in organizational decision-making processes. Although 
these three studies start with the stated intention of ana-
lyzing organizational practices, they mostly end up as 
nearly organization-free considerations of single deci-
sions by individuals in interaction with AI.

• Only few studies discuss organization as AI enabler: 
Mateescu and Elish show that the implementation of AI 
in organizations not only impacts work but is itself work, 
stressing “technology’s rough edges“, and serves only 
to reduce the organizational challenge to an once-only 
process of integration (Mateescu and Elish 2019, p. 51).

These over-simplified perspectives were corrected in part 
recently by demands that management recognizes the char-
acteristics of AI systems that distinguish them from other 
technologies and thus require “continuous oversight” by the 
organization (Silverman 2020, p. 2).

2.2.3  AI and organization: missing links, blind spots, 
and some hope

There as yet hardly any reliable data on the use of AI from 
an organizational perspective; even quantitative data with 
regard to AI at the “firm level” is still a clear research lacuna 
(Seamans and Raj 2018). There is also a dearth of qualitative 
case studies, which are necessary to reveal how organiza-
tions integrate AI in practice. Thus, the well-known inter-
relations of individuals, tasks, organizations, and institutions 
continue to be mostly ignored, as are questions of power 

within organizations (Cohen 2016). In fact, this is a blind 
spot not only in the AI debate, but one that organizational 
sociology also criticizes for its own discipline (Vallas and 
Hill 2012).

Performance legitimacy, task legitimacy, and value legiti-
macy are of particular importance for the successful adap-
tation of new technologies, they have to be established and 
negotiated in organizational practices (Ren 2019). Also, the 
relationship between management and employees is particu-
larly relevant but rarely addressed in AI research. Kellog 
et al., a noteworthy exception, describe the organization as 
“contested terrain,” where management implements AI to 
“reshape organizational control”; the authors identify six 
mechanisms (“6 Rs”) of algorithmic employee control: 
restricting and recommending, recording and rating, replac-
ing and rewarding. They also find signs of worker resistance 
which authors call “algoactivism” (Kellogg et al. 2020).

Crawford und Joler show in impressive depth the diverse 
human and natural resources that make Amazon Echo and 
Alexa possible, including also the various companies linked 
into their complex value chain (e.g., distributors, assemblers, 
component manufacturers, smelters, refiners, and mine oper-
ators), but they do not address the coordination and process-
design efforts that are necessary within these organizations 
to guarantee value creation (Crawford and Joler 2018). Ross 
et al. (2017) even proclaim the end of the organization in 
the face of AI.

Only recently have more studies been found that more 
strongly address the organization itself and are also increas-
ingly focusing on the use of AI in companies. Given that 
even “at highly tech-oriented firms like Amazon, ambitious 
AI projects often fail or dramatically exceed their budgets 
and timelines” (Davenport 2021, p. 169). Davenport and 
Miller (2021) are among the few who have looked more 
systematically at deploying AI systems in organizations. 
On the one hand, they distinguish between the technology-
based approach. This includes, for example, the decision on 
the appropriate platform (exploration support, transaction 
support, or automated decision platforms), but also flanking 
software systems for intelligent case management (CMS) or 
robotic process automation (RPA). On the other hand, they 
emphasize a people- and job-role-based approach that not 
only addresses employees, but also highlights the impor-
tance of, for example, customers in certain situations. Some 
compare, for example, the assessments of management and 
employees in terms of fairness, trust, and emotion (e.g., Lee 
2018). But they do not address the organization itself. Oth-
ers address how organizational processes are changed by 
AI, for example, tracing the effects of automated decisions 
in HR management on employment relations (Duggan et al. 
2020). Jarrahi et al. (2021) analyze the impact of algorith-
mic management on power and social structures within 
organizations. Both studies impressively demonstrate the 
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consequences for the organization and its members, but they 
leave open to a large extent which organizational embedding 
would be the prerequisite for satisfactorily functioning and 
error-robust applications in this context and how they should 
be organized. This topic is partly addressed in a study which 
presents new organizational roles and practices, and adopt-
ing alternative technology design principles—although here, 
too, the focus is on the application for peoples’ analytics 
(Gal et al. 2020). Our study, on the other hand, specifically 
addresses the conditions of organizational embedding of AI 
systems for a topic that is not itself social or organizational. 
Precisely because PM can have consequences not only for 
the organization and its members, but also for production 
technology, product quality, delivery reliability, etc., we 
ask about the organizational conditions for this entire com-
plex––and, also technical––system, not only for the impacts 
and consequences for the organization.

The literature review yields many clues relevant to our 
research questions about the significance of organizational 
practices, but the current literature addresses mainly the 
organization of human contributions to advancing AI rather 
than addressing the development of human competences 
by organizing the distribution of agency (RQ1). Also, even 
when the organization is seen as more than just another con-
text, the focus lies on the initial integration of AI and not on 
organizing AI and human development over long periods of 
time (RQ2). Thus, the current literature does not provide a 
systematic framework of how to integrate various organiza-
tional measures and practices for maintaining control (RQ3).

3  Predictive maintenance: case description 
and methods

Predictive maintenance (PM) is considered to be one of the 
most important AI applications for Industry 4.0 (Garcia 
et al. 2020). It is used for process technology such as energy 
supply as well as for infrastructure facilities (Doleski 2020; 
Timofeev and Denisov 2020). A McKinsey study pointed 
to predictive maintenance as one of the most economically 
lucrative use cases for AI and ML, valuing it at 0.5–0.7 tril-
lion USD (Chui et al. 2018, p. 21).

Maintenance and repair have always been the subject of 
anticipation and planning. However, in large-scale plants, for 
example in chemical production, in energy and waste-water 
infrastructure, the aim is to minimize the intervals and dura-
tion of downtimes, to avoid unexpected malfunctions as far 
as possible, and to procure or replace spare parts as often as 
necessary but as late and infrequently as possible. A distinc-
tion has long been made between “corrective maintenance” 
following a malfunction and “preventive maintenance.” In 
the latter case, the aim has always been to avoid faults and 
malfunctions, but at the same time “not to do it too often 

from the viewpoints of reliability and cost” (Nakagawa 
2006, p. 135). Simply put, the goal of maintenance is “to 
keep…physical assets in an existing state,” while predic-
tive maintenance (PM) is a way “to view data and does not 
necessarily require a lot of equipment” (Levitt 2003, p. 91).

It has become technically possible not only to evaluate the 
large amount of data generated in the embedded systems of 
the plants in real time, but also to examine data sets gener-
ated over long periods of time for previously undiscovered 
correlations and to combine them with other data, such as 
data on shift intervals from the Production Planning System 
(PPS). Predictive maintenance is largely understood as an 
application of AI and machine learning, with organizational 
approaches slipping into the background in favor of data-
driven, technical measures. Predictive maintenance (PM) is 
defined as a “technology to recognize the condition of an 
equipment to identify maintenance requirements to maxi-
mize its performance” (Zonta et al. 2020, p. 49).

The use of machine learning in PM is a hot topic with a 
number of unresolved issues, such as scalability, latency, 
and data security (Dalzochio et al. 2020). Recent patents see 
maintenance workers and their activities as part of a neural 
maintenance network (Hishinuma and Osaki 2020). Other 
strategies focus more on models of collaboration between 
humans and AI in a maintenance system and emphasize 
the importance of both sets of knowledge (Illankoon and 
Tretten 2020). Some approaches focus more on the reduc-
tion of working hours and thus the proportion of human 
labor using more ML (Khalid et al. 2020; Silva 2020). Other 
research address the new skill requirements for maintenance 
staff whenever ML is used (Windelband 2017). Further-
more, maintenance workers’ knowledge and experience is 
of widely underappreciated value for the successful intro-
duction of ML-based maintenance systems (Pfeiffer 2020).

Previous studies on the application of machine learning 
in the field of maintenance are predominantly focused on 
concepts for a future application or on the prediction of pos-
sible effects on the level of work. In contrast, the integration 
of this new, dynamically changing technology into the com-
plex organizational structures around all processes of main-
tenance play a marginal role. Thus, for advancing research 
from this perspective, we re-investigated two cases of PM 
in the automotive sector. These case studies allowed an in-
depth investigation into organizational structures. The next 
section provides a description of the cases and the methods 
used for investigating them.

Our two case studies in the automotive industry were 
selected for the following analysis. The reason for this was 
that PM implementations have long been widespread in 
this industry due to series production with extremely large 
batch sizes and complex products. In addition, the industry 
is highly automated and has been very active in the field 
of Industry 4.0 since the beginning, so there is already a 
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lot of digital data with relevance for maintenance here. A 
database for AI-based PM is therefore available here and is 
currently already being used in the industry. The automotive 
industry is therefore particularly suitable for an analysis of 
the challenges for AI-based PM, both for production-related 
and economic reasons, to analyze the potential for and the 
limits of ML using the example of maintenance. Both case 
studies took place in a similar data collection period and in 
the same industry, but deliberately contrast in two respects: 
(a) in the size of the plants studied and (b) in the disciplinary 
access as originally, case study A was researched from the 
perspective and with the methods of business informatics 
and case study B from the perspective and with the methods 
of sociology. Therefore, the original research questions and 
approaches varied.

• Case A: Predictive Maintenance for a Car Manufac-
turer. This case, from the perspective of informatics, 
dealt with a PM implementation project at a German car 
manufacturer in a chassis manufacturing division with 
1500 employees. The PM project team generated hypoth-
eses about what symptoms should initiate warnings for 
a car manufacturer’s chassis assembly line. Because 
such hypotheses are based on fluctuations and outliers 
in a continuous stream of sensor data, it was clear that 
a machine-learning approach could replace a human-
controlled procedure of hypothesis-generation as long 
as enough data and sufficiently granular sensor data are 
available. Study materials included the company’s own 
thorough documentation of the planning and implemen-
tation of the PM process. Conducted were four interviews 
in 2017 with individuals with implementation responsi-
bilities in different roles: plant operator, master crafts-
man, systems specialist, and planner. The interviews 
were transcribed and content-analyzed with respect to a 
set of problem categories.

  In this case, the plant operator was the main addressee 
of PM notifications, discussions and evaluations of warn-
ings, malfunctions, and false alarms by the PM system 
and according reactions were object of team meetings on 
the shopfloor. The PM-implementation process in this 
case thus could be interpreted as a bottom–up approach. 
From the interviews 77 specific challenges for PM inte-
gration were derived (Herrmann 2020).

• Case B: Predictive Maintenance within Industry 4.0. 
The second case is an automotive factory that mainly 
produces smaller commercial vehicles. At the time 
of the sociological study (2016), it employed around 
15,000 people. A qualitative case study was combined 
with quantitative surveys on the views of employ-
ees on Industry 4.0. Predictive maintenance was just 

one aspect of broader issues of technology that were 
addressed in the case study that included 28 qualitative 
interviews, several workplace observations, four group 
discussions, and six feedback workshops (Pfeiffer et al. 
2019). The qualitative interviews, each lasting about 
one hour, were conducted with engineers, shop floor 
employees, and maintenance workers. The interview 
guidelines were loosely structured; the main aim was 
to encourage the development of self-determined nar-
ratives. The survey method and the selection of the 
interviewees were based on approaches from the Ger-
man sociology of work tradition (Pfeiffer et al. 2019). 
These are similar to the company-case-study method 
more often used in international research (Yin 2008). 
The interviews were transcribed in full and content-
analyzed (Mayring 2007). The introduction of PM 
was planned primarily for the assembly and body shop 
areas. The aim was to standardize the control soft-
ware of the industrial robots in the PM train. Thus, 
the PM-implementation process in this case could be 
interpreted as a top–down approach. This one decision 
alone—to control all robots centrally from the head-
quarters simultaneously—triggered the need for a high 
level of organizational coordination and led to numer-
ous technical problems with sometimes considerable 
economic consequences.

The material of both case studies was re-examined for 
this analysis and thereby jointly subjected to interdiscipli-
nary re-interpretation. Inter-disciplinarity is a challenge 
and is often understood as a “one-way cross-disciplinarity 
[…] with researchers in one field using knowledge or output 
from a different field without feedback in the other direc-
tion that contributes to more integrative knowledge” (Morss 
et al. 2021, p. 1154). In contrast, this analysis followed a 
“cross-disciplinary” approach. In our joint re-interpretation 
of the empirical material of both case studies we combined 
“knowledge, approaches, tools, or other core elements” from 
both contributing fields. This joint, multilevel, and iterative 
process of analysis not only confronted the research per-
spectives of two scientific disciplines, but also confronted 
the empirical material with the challenges of an AI-based 
approach in the field of production and maintenance.

Although the different cases varied in terms of the 
organizational embedding of PM integration (Case A bot-
tom–up, Case B top–down), the joint interdisciplinary re-
analysis showed that in both cases, a multitude of organi-
zational preconditions emerge as necessary for successful 
and sustainably functioning implementations—organi-
zational preconditions, however, that were also strongly 
underestimated by the actors in the field themselves. The 
following analysis systematically traces these organi-
zational categories based on both case studies and then 
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discusses the generic organizational requirements for the 
design of human–machine systems of AI-based systems.

4  Case study findings: organizational 
embeddedness of AI in predictive 
maintenance

When analyzing the data of both case studies from the 
perspective of embedding ML/AI within complex business 
organizations, we grouped the challenges and problems 
found into six categories where AI/ML use within PM 
requires or affects specific organizational practices. Below, 
we describe these categories in general terms that could 
also be valid for any organization. In the following, we 
illustrate these core organizational categories for coping 
with AI using our empirical example of Predictive Main-
tenance (see also the discussion in Sect. 5 and in detail 
Fig. 2).

4.1  Leadership and human resources as enablers 
of AI/ML deployment

Leadership and human resource management (HR) are 
decisive factors in shaping organizational processes, sup-
porting change, ensuring employee skill development, and 
enabling a learning organization—this is all the more true 
for embedding AI technology within organizations. While 
leadership and competence development tend to take place 
on site in the operational departments (in the context of 
PM this usually means production, assembly, maintenance, 
and IT), change management tends to be orchestrated by 
central HR. In implementing AI, the more technically 
oriented operational departments and HR administrators 
(who usually have little technical expertise) need to coop-
erate more than usual. Thus, the organizational processing 
and embedding of PM is anything but a self-starter.

Two organizational approaches to the challenge of PM 
are observable. One is to apply standard procedures of 
central HR and local management to the implementa-
tion and development of PM. Another is to augment this 
business-as-usual approach with new and PM-specific 
requirements, which themselves require new organiza-
tional learning processes, especially within the usually 
non-technically driven HR. Beyond systematic coupling 
of the PM implementation and adaption processes with HR 
tools such as change management and skills and organiza-
tional development, additional novel requirements can be 
seen in at least three central dimensions. Each is discussed 
separately in the following three sub-sections.

4.1.1  Aligning roles and people to PM‑related tasks

Designing and improving PM systems, creating new learn-
ing queues, and deciding on new training data necessitates 
having qualified (or qualifiable) employees. This necessity 
increases with the inclusion of ML-based techniques for PM. 
Even already-implemented PM systems are in continuous 
need of intervening action of varying degrees of urgency 
and with varyingly serious consequences (planned produc-
tion downtimes, ordering expensive spare parts, etc.). These 
interventions draw on qualified staff from different disci-
plines (mechanics, hydraulics, embedded systems, etc.) and 
different backgrounds of experience (with specific systems, 
machines, product lines, process technology, etc.). The com-
plex question of who is allowed to decide, initiate, order, or 
remedy what AI-provided decision, whether alone or with 
others, and at what level has to be resolved in the context of 
a PM system time and again. It is resolved in the ongoing 
evolution of the PM system (see Sect. 4.6) and has to be 
prepared and represented organizationally.

4.1.2  Dealing with the shortcomings of AI

PM systems can make bad recommendations. Employees 
may also have good reasons for not following the PM sys-
tem’s recommendation in certain situations, e.g., for an 
experimental handling of assumed false positive PM notifi-
cations. These human decisions can later prove to be bad or 
can lead to quality losses, high costs, or even legal liability 
problems. How to proceed in such cases and what conse-
quences employees will face are questions the organiza-
tion must answer (see Sect. 4.2). The answers they develop 
must comply with law, be robust, and must not only protect 
employees, customers, and the company when mistakes are 
made, but must also initiate and accompany all subsequent 
learning processes. These too are also tasks HR and leader-
ship have to address, generate, and carry out.

4.2  Decision‑making about AI outcome

At the moment when the PM system issues a notification, 
an employee has to decide what to do about it and how to 
integrate the response into routine maintenance tasks. At a 
first glance, this problem seems mainly to be about an indi-
vidual’s activity in interaction with the PM system. A closer 
look reveals the underlying organizational issues.

4.2.1  Responsibilities, duties, and rights

First, the organization has to decide who is authorized to 
deal with the PM messages (see Sect. 4.3). This is usu-
ally the person responsible for the system to which the 
notification refers. However, this person can decide to 
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forward the PM notification to someone else. It is a matter 
of organizational decision rules to whom and under what 
circumstances PM notifications can or must be forwarded. 
Since AI plays the role of a decision-proposer, the persons 
addressed must have the standing and rights to oppose 
such a proposal; whether this is the case must be checked 
and determined at least once by superiors, process manag-
ers, and/or HR (see Sect. 4.1).

4.2.2  Collaborative decisions about AI‑initiated tasks

In case A, a plant operator who is authorized to accept a 
notification is responsible for the coordination of its com-
plete handling. This too is an example of an organizational 
rule. The typical procedure is that the operator will inspect 
the part of the plant that is potentially affected. In com-
plex systems, the initial notification and its root course 
may differ and may require a longer search and a testing 
process and also feedback loops with others (see 4.2.3). 
The next decision is whether fixes are necessary and when. 
Depending on the identified problem, the plant operator 
might decide that their knowledge or experience is insuf-
ficient for handling the notification. If so, and if there is 
sufficient time, the operator will discuss the PM notifica-
tion at a meeting for coordinating maintenance work and 
identifying potential improvements of the plant’s technical 
processes. These types of meetings are another instance 
when organization is involved. When a PM system is intro-
duced, time management, the management of topics, their 
prioritization, and the subsequent documentation work 
have to be reorganized for running these meetings, and it 
has to be determined how far aspects such as prioritization 
become a matter of AI when its data-based capacities will 
increase over time.

4.2.3  Involving others in maintenance work

Even if the plant operator solves the problem indicated by 
the PM system directly, additional specialists may have to 
get involved. Doing the repair work is usually not a job for 
one individual, and the plant operator has to check the avail-
ability of the others involved, their capabilities, the avail-
ability of replacement parts, the availability of tools, etc. All 
in all, this coordination can possibly include complex nego-
tiations, for example if a works council has to be involved 
because the repair work needs to be scheduled for a weekend 
or requires unplanned overtime. In such cases, it may be nec-
essary to involve other actors from the organization who are 
not ordinarily involved in maintenance (see also Sect. 4.4). 
Again, the question is how far AI will be used to coordinate 
the involvement of others.

4.2.4  Continuous improvement of AI‑based PM‑outcome

After having inspected the plant, the operator might also 
realize that the PM notification is not appropriate (false 
positive). Or the operator might detect problems that should 
have but were not flagged by the PM system (false negative). 
In the case of AI—where its quality cannot sufficiently be 
tested before runtime—documentation and the initiation 
of quality improvement is continuously necessary. In case 
A, this cannot be done by the operator alone but needs the 
inclusion of other organizational units such as the master 
craftsman, specialized workshops, and the key user assigned 
to the novel implemented PM system. Frequent refinement 
of PM-results points to the need for evolving the PM-system 
(see Sect. 4.6).

4.2.5  Complying with organizational rules

For all successive decision-making after a PM warning and 
in its context, organizational rules have to be specified and 
conventions have to be established. The rules also have to 
consider the larger context, for example whether equipment 
is still under warranty or whether a contract for maintenance 
by external partners is applicable. It is a task of the organi-
zation that has implemented the PM system to provide the 
rules for these instances of decision-making, to align them 
with its strategies, and to continuously adapt the rules in 
accordance with changes in conditions and strategies.

Furthermore, the organization has to make sure that these 
rules are known and accepted by the employees dealing with 
PM notifications and by all employees in the organizational 
loops within which this decision-making is embedded. 
Potentially, a machine learning-based PM system could sup-
port this long-term alignment of personnel and rules.

4.3  Coordination of original tasks supported 
with AI

4.3.1  Workflows and tasks

If an operator decides autonomously or in communication 
with others that the PM messages should trigger further 
action, the subsequent activities have to be coordinated. 
One of the first things that happens is that the PM message 
is forwarded to others who should know about it. This is 
especially important if other specialists have to contribute 
to the maintenance work. Beyond the involvement of people, 
the acquisition of spare parts or special tools also has to be 
organized. This could involve complex organizational proce-
dures, for example if parts have to be ordered or if the order 
has to be approved, the time needed until the replacement 
part is available also has to be factored into the coordina-
tion of the maintenance task. A long chain of coordination 
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processes with internal or external actors can result (cf. 
also Sect. 4.4). A continuously evolving PM system (see 
Sect. 4.6) could also offer AI-based suggestions for how the 
indicated problems could be dealt with and who has to be 
included.

4.3.2  Involving an ecology of the roles involved

Every decision regarding how an anticipated problem has to 
be dealt with and how the upcoming tasks are handled and 
assigned has to be coordinated with upstream and down-
stream organizational functions and/or departments because 
of possible consequences concerning economic questions, 
technical issues, questions about the stream of material, pro-
ductivity or quality, etc. Further organizational units with 
which coordination should or can take place are, for exam-
ple, the works council, quality assurance, stock keeping, pro-
curement, and production management. Under specific con-
ditions, if a certain machine part is affected by an irregular 
series of breakdowns, it might be reasonable to include the 
supplier of the machine concerned. The inclusion of external 
partners also usually involves an organizational procedure 
(again see also 4.4). Under the condition of AI usage, all of 
these organizational procedures have to set under considera-
tion that they are triggered by more or less reliable forecasts 
that can become obsolete after a procedure has been started.

4.3.3  Reflection of context and interdependencies 
with other maintenance activities

An elaborated handling of PM notifications and the problem 
that generated them will include a reflection and understand-
ing of their underlying causes (see Sect. 4.5.2) and a con-
sideration of possible dependencies with other material and 
technical facts as well as relations to other ongoing or pre-
scheduled maintenance work. That means that not every PM 
notification initiates a separate workflow, because coupling 
with other maintenance steps also takes place. The action 
that follows a PM message is split into different steps that 
are separately coordinated. For example, first an improvised 
fix of a leaking pipe might take place, and then the whole 
pipe is replaced a week later together with a larger unit of 
an assembly machine. This type of consideration and coor-
dination requires deliberate reflection and an understanding 
of the reasons behind a PM notification and of the related 
interdependencies, and it generates expectations regarding 
what advanced AI might also have to consider.

4.4  Coordinating with the external world

Maintenance processes are integrated into a network of 
actors from outside the company, with whom constant 
coordination must occur. This necessity will not disappear 

after PM implementation. Rather, the way the interplay 
with the external world is managed will change and will 
face new challenges. A distinction must be made between 
situational versus general coordination requirements. 
Moreover, new coordination requirements will likely only 
emerge after PM has been in use for a longer period of 
time.

4.4.1  Regulation of access from outside: when, who, 
and what

A basic kind of coordination, which has to be clarified both 
generally and in particular situations, takes place between 
internal maintenance and the external providers of plant and 
equipment. The general clarification, beyond other inten-
tions, also includes who may view, use, and process which 
data for which purpose. The same data can be used for the 
AI-supported teleservice by the external manufacturer 
and/or the internal PM system. Who has access to which 
data must first be clarified in general but also checked and 
adjusted during software updates (of the embedded system 
as well as of the AI/PM systems).

In the event of a malfunction, which kinds of problems 
can be fixed internally and which ones require calling in an 
external service must be clarified. For this purpose, main-
tenance contracts must be negotiated that also deal with the 
question of the extent to which external actors are allowed 
to influence AI-based PM.

4.4.2  Various and varying external influences to be 
addressed

In addition to coordination with the manufacturers of the 
machines and systems, coordination is also necessary with 
other external players. For example, with the suppliers of 
peripheral and handling technology or with the suppliers of 
production-relevant consumables (lubricants, coolants, com-
pressed air, small sealing parts, etc.). Their products have 
a direct or indirect influence on the question whether ML-
based PM system have to be adapted, and they are some-
times also relevant in the event of a malfunction. Often the 
contractual basis of the respective cooperation is regulated 
very differently. New contractual frameworks have to be 
designed that consider the peculiarities of ML-based PM 
and its permanent necessities and possibilities for change.

The coordination with external partners is an ongoing 
task. It is not only necessary when implementing the PM 
system, but also in the case where external relations change 
(change of supplier, changed supplier evaluation, etc.) and, 
if necessary, also in case of the frequent changes in ML-
based PM itself.
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4.4.3  Sharing risks and benefits

In addition, organizational processes with suppliers must 
be set up if materials or vendor parts change—even within 
the specification—because this can also have an effect on 
the PM training-data. Another PM-specific, organizational 
issue to be processed is feedback within the organization 
as well as between the organization and its stakeholders in 
the case of recurring problems. The service and develop-
ment departments of equipment manufacturers will need to 
be called in if the causes of recurring faults are known to 
originate in their equipment. In light of possible negative 
outcomes of PM-based decisions, such as production down-
times, cost risks must be anticipated and protection against 
legal liability (e.g., contractual penalties due to late delivery 
or non-compliance with just-in-time specifications) must be 
in place. Finally, it is conceivable that external partners will 
exploit PM vulnerabilities in their pricing. For example, if 
a supplier becomes aware of just how tightly planned and 
urgent the procurement of a spare part is, it may raise its 
price accordingly.

4.5  Dealing with changes

4.5.1  From prediction to efficient measures and sharing 
of resources

Many decisions within the socio-technical framework of 
a PM system require general organizational clarification. 
For example, a PM system may generate recommendations, 
based on technical parameters, about which spare parts 
should be ordered only when needed and which ones should 
be stored on site. Using storage space and scheduling what 
may then be longer production downtimes may make sense 
technically, but they can increase costs. General procedures 
and organizational decision-making structures are thus nec-
essary for such coordination, as they require negotiating 
among different operational logics and paradigms. These 
general procedures must also be integrated into the existing 
organizational processes and integrated with other IT tools, 
for example with various processes and modules of the ERP 
system (e.g., supplier evaluation, quality management, or 
just-in-time procedures).

4.5.2  Tracing the causes of problems

PM systems based on machine learning and constantly 
changing learning data sets are dynamic systems, which 
means that completely new legal and liability challenges 
arise. If, for example, defective parts produced on the equip-
ment are returned at a later date, it must be legally clarified 
whether the cause of the defect lay with the parts manufac-
turer, the equipment manufacturer, or the supplier of the PM 

system. The parameters of the PM system at the time the 
defective part was produced may have to be reconstructed 
weeks later. Procedures must be developed for this purpose 
that regulate how system states can be continuously docu-
mented and what to do in the event that liability has to be 
clarified.

4.5.3  Risk–benefit trade‑offs

In the long run, PM systems should not only be able to take 
costs into account, but the systems themselves create new 
cost variables that usually were not part of previous opera-
tional or strategic controlling procedures. For example, and 
especially in the PM implementation phase, the cost of deal-
ing with “false positives” needs to be assessed and compared 
to PM-caused savings. The cost side must also be consid-
ered strategically. Depending on the business model, process 
technology, and products, general strategies (cf. Section 4.2) 
for dealing with reports must be defined. The cost and liabil-
ity risks have to be integrated into a trade-off equation, and 
such strategic decisions must be made at higher level in the 
organization. They involve more than just the PM system 
and its shop-floor operator alone.

4.5.4  Organizing multi‑level long‑term changes

Decisions are necessary not only in response to PM notifica-
tions (see Sect. 4.2.2), but also for the long-term handling 
of the system. A decision is needed again and again as to 
whether the PM has to be re-trained based on new data (cf. 
Section 4.6). Criteria for such decisions must be negotiated 
and defined. Further, a procedure must be generated and 
mapped in IT and organizational processes for the following 
question: When should new learning (not) take place? For 
example, for technical, economic, and/or liability reasons, 
a kind of "freeze" for a certain period of time can be more 
sensible than a permanent learning process using constantly 
changing data. The changes may be of contradictory nature, 
their consequences and the related cascades of causes may 
be unknown, and yet they must be considered in the PM 
system and the organizational requirements in which it is 
embedded.

4.6  Evolving the PM system

Every PM notification (or failure to appropriately notify) 
requires two human responses: whether the plant has to be 
maintained and whether the PM system itself needs to be 
adjusted (see Sect. 4.2). In this sense, PM necessitates two 
types of maintenance, and also the second type of main-
tenance is surrounded by organizational roles and proce-
dures. It is useful to differentiate between small and large 
maintenance cycles. A short-cycle example is sorting out 
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outlier data from PM input or modifying trigger thresholds 
for notifications. A long-cycle example would be reactivat-
ing the developers (see 4.4.2) to employ new training data 
for overcoming a larger set of documented failures.

4.6.1  Organizational procedures of improvements

The organization has to decide who is in charge of con-
tinuous quality assurance for PM and who is responsible 
for and has the permission to modify the PM system. A 
typical workflow might be (as in Case A) that the most 
experienced plant operators can propose and test modifi-
cations, and eventually submit them to other individuals 
for approval or rejection, for example a key user higher 
up in the hierarchy. Similarly, long maintenance cycles 
that involve developers must be coordinated within the 
organization. To expand on the example noted above, the 
preparation and handover of new training data, perhaps 
due to changes in the context of the PM system such as 
the addition of new sensors, and the decision about when 
or how often the underlying models of the PM-system 
need to be re-trained are decisions that affect many parts 
of the organization. Another type of decision that needs 
approval is to ignore a PM notification to test whether it is 
indeed appropriate. Such an experiment can in the worst 
case cause a large-scale shutdown. Even if the operators 
are standing ready to manage this emergency, additional 
costs can be expected, and the organization has to develop 
a culture that accepts these potential losses and develop 
procedures to estimate them.

4.6.2  Organizational culture of reflexive PM use

It seems to be a generally accepted requirement that the 
output of a PM system has to be assessed critically, espe-
cially with regard to benefits versus costs. However, such 
critical reflection must first become part of the organiza-
tion’s value system and culture. The responsibility for risks 
associated with experimenting with and modifying the PM 
system has to be distributed among multiple stakeholders. 
The organization must guarantee that no single employee 
bears the responsibility for failure as long as their actions 
remained inside a clearly defined corridor determined by 
the organization. Moreover, promoting critical reflection 
requires that employees know that their input has a chance 
of resulting in concrete decisions and actions relevant 
to the functioning of the PM. Thus, a culture of critical 
reflection must emerge as an integral part of organizational 
procedures in the context of quality assurance, continuous 
improvement, and organizational learning.

4.6.3  Explainability and accountability as organizational 
challenge

Explainability, as a standard for human-AI interaction, 
is often thought of as a technical feature inherent to the 
machine or as a product of machine learning. The discus-
sion of explainability puts great emphasis also on eliminat-
ing discriminating biases, e.g., in ML-powered HR tools 
(Köchling and Wehner 2020). However, explainability is just 
another technical feature, not a quality of ML alone. The 
outputs that enable explainability can create more explana-
tions of PM notifications than the organization requires or 
can even process.

The possibility of analyzing and experimenting is a core 
issue for enabling explanations. The ability to ask a “what 
if?” question is a promising approach for helping users to 
understand what effect slight variations of a situation would 
have on system output. A basis for exploring the effects of 
variations is a collection of examples. Collecting exam-
ples—as a kind of a knowledge-management environment—
is an organizational task involving a variety of people, pro-
cedures, responsibilities, and decisions.

5  Discussion: keeping the organization 
in the loop

What do the empirical observations of PM in our case 
studies, as described in Sect.  4, tell us generally about 
human–machine interaction in dynamic organizations trying 
to implement any kind of AI/ML? The very broadest lessons 
learned from the preceding analysis can be summarized in 
the following four points.

a) The study of human–computer interaction has to include 
the organizational context.

b) Interactions in the organization should be investigated 
continuously, not just during AI rollout.

c) Keeping humans in the loop depends not so much on 
individual workers but mainly on organizational prac-
tices in which task handling is embedded.

d) To realize benefits from the complementary strengths 
of humans and AI and from fostering their coevolution-
ary improvement, it is not sufficient to just plug in AI 
technology. By contrast, it is necessary to also develop 
new organizational practices including organizational 
learning and improvement of human collaboration.

Against this backdrop, it seems clear that “keeping the 
human in the loop” in any organization that uses AI involves 
a variety of interactions on many levels, both between 
humans and machines and among humans in different 
organizational roles. In the following discussion, we offer 
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two ways—at different levels of abstraction—to understand 
these interactions. First of all, we argue in the following sec-
tion that the “loop” of human–machine interaction is actu-
ally four different loops (subsection 5.1). In the subsequent 
Sect. (5.2), we bore down to an increased level of granularity 
in a schematic representation of how AI-relevant organiza-
tional tasks, actors, and practices are interrelated.

5.1  Not one but four organizational loops

To understand the complex organizational implications of 
“keeping the human in the loop” we have to go beyond the 
quite limited addendum of just “keeping management in the 
loop.” Rules of coordination and the assignment of roles and 
tasks can only be developed and continuously evolved if all 
types of relevant actors participate interactively and reitera-
tively. Our empirical findings confirm that organizational 
rules for dealing with AI and its outputs, as an outcome 
of management decisions, are not automatically internal-
ized as standard practice. Rules are practiced as a result 
of people’s constantly changing behavior and their reflec-
tion; as rules are adopted, they are thus constantly under-
going a process of adaptation (Mark 2002). Consequently, 
managerial coordination and organizational procedures are 
dynamic and “loopy.” These dynamics also apply to the 
socio-technical relationship between organizational prac-
tices and human–computer interaction with the AI system 
(Eason 1989).

Against this backdrop and in accordance with our defini-
tion of “keeping the organization in the loop (see Sect. 1) 
we argue that ensuring regulation, control, and supervision 
of AI-based processes needs four feedback cycles. These 
four loops, derived from our empirical findings, refer to task 
handling that:

1) directly deals with AI (UA-tasks, loop 1) using and 
assessing the outcome of AI and includes steps of refin-
ing the outcome or experimenting with it,

2) directly deals with AI (CA-tasks, loop 2) by contributing 
to the evolution of the AI system based on its customiza-
tion and improvement,

3) exist before AI usage as those orignal tasks (O-tasks, 
loop 3) that are now carried out using the AI outcome 
as an information basis, such as replacing a part that was 
the subject of a PM notification

4) deal with those changes and contextual factors (C-tasks, 
loop 4) that influence the usage and evolution of AI.

If we want to understand—whether for analytical reasons 
or to achieve good design—why technologies such as AI are 
more successful in one situation than another, then we need 
to understand not only the impact of user behavior, but also 

the impact of organizational practices and their interaction 
within the four loops mentioned above.

Table 1 describes these four loops both generically and 
concretely in our empirical example of PM. In the last col-
umn of the table, we also add the use of AI in medical image 
analysis (Currie et al. 2019). This is deliberately an initial, 
tentative approach and merely illustrates that the abstract 
representation of the four loops is suitable not only for the 
application field of maintenance—even if it was devel-
oped from it—but also for the use of AI in organizations 
in general.

With respect to Fig.  1, we can spell out some cen-
tral aspects of taking typical AI characteristics into 
consideration:

(1) Every single instance of using AI is also a source for 
deciding whether and how an AI improvement should 
take place. This is particularly true for ML-based AI 
that draws on underlying training data and where every 
usage of AI produces new data that is potentially rel-
evant for (re-)training. Thus, loop 1 and 2 are closely 
integrated.

(2) Since AI is not based on conventional algorithms that 
could be tested with respect to complete knowledge 
about its internal structure, the quality of AI outcome 
has to be checked against its value for repeatedly 
handling the series of original tasks (maintaining of 
machinery in the case of PM). Thus, original task han-
dling immediately feeds back to the question of poten-
tial AI adaptation as shown by the overlap of loop 3 
with the intertwined loops 1 and 2.

(3) Not only AI usage produces potential training data for 
ML but also its context. The ways in which contex-
tual factors can trigger technical change of AI is very 
different compared to conventional IT solutions where 
re-engineering work by human experts is crucial. Con-
textually produced data can permanently be used for 
new training cycles and it is more about organizational 
than technical questions about whether, when, and with 
which data the re-training will take place.

Figure 1 gives an overview of the structure of a systematic 
framework that integrates organizational practices that help 
keep humans in the loop (RQ3). The next section outlines 
the interplay between these practices within the framework.

5.2  Schematic representation of organizational 
aspects of AI

In the following, we derive detailed crossover influences 
from the empirical observations (Sect. 4), describe them 
as interacting organizational practices, and thus provide a 
deeper understanding to the scheme of the four loops. We 
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describe a framework that can provide orientation both 
for the scientific discussion in relation to and beyond the 
literature analyzed above and for the practical design and 
implementation of AI applications. The schema presented 
in Fig. 2 shows how each of the six categories identified and 
discussed in Sect. 4 mutually interact. These categories are 
represented as boxes in Fig. 2, numbered 4.1 to 4.6. The var-
ious organizational roles involved are represented as ovals in 
Fig. 2, with a representation (arrows) of their responsibilities 
and the influences they are exposed to. Four specific types 
of interacting organizational practices (in accordance with 
the four loops in Fig. 1) are shown in Fig. 2 as bi-directional 
arrows numbered 1 through 4 that link the activities of the 
six categories.

5.2.1  Interplay 1: between AI‑supported tasks 
and the preparation and coordination of AI usage.

How the workforce deals with the outcome of an AI sys-
tem is not only a matter of HCI but of complex, collabora-
tive decisions (Fig. 2, 4.2) that need ongoing coordination 
(Fig. 2, 4.3). In interaction (Fig. 2, 1b) with decision-mak-
ing, this coordination covers the ongoing specification of 
duties and rights of roles and workflows that have to be 
aligned with accompanying processes. The coordination of 
AI-supported original tasks (4.3) interacts (1a) with leader-
ship and HR (4.1) to ensure—either by centralized or on-
site activities—that the relevant competences and people are 
assigned to the handling of the AI application. This interac-
tion (1a) includes clarifying who is authorized to decide 
what (Athey et al. 2020). It therefore necessarily encounters 
power relations. The necessity of dealing with power rela-
tionships in organizations is mostly neglected in AI-related 
discourses (Ren 2019; Vallas and Hill 2012). To develop an 
interaction between 4.1 and 4.2, a complementary combina-
tion of human and AI strengths is to be pursued (Dellermann 
et al. 2019; Jarrahi 2018). Organizational practices (1a) have Ta
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Using and assessing AI 
output  
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Contextual changes and 
factors in relation to AI

Fig. 1  Four Loops of Organizational Practices Enabling AI Imple-
mentation
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to provide the channels and procedures that allow negotia-
tion and communication to take place as both can still be 
seen as superior human strengths (Jarrahi 2018).

Most important, the interplay (1c) between handling an 
AI outcome and the carrying out of original tasks to be sup-
ported or triggered by this outcome has to be coordinated. 
As shown in Fig. 1, we differentiate between A-Tasks (AI-
related tasks) and O-Tasks (original tasks). AI is usually 
implemented to make O-Tasks more efficient and productive. 
But we go beyond these foci in the literature (Crawford and 
Joler 2018; Ren 2019). Our empirical findings (4.1, 4.2, and 
4.3) reveal that these efficiency gains can only be achieved 
by appropriately aligned organizational practices. The short-
comings of AI become only completely apparent in relation 
to the O-Task, in our cases the maintaining of machinery. To 
overcome shortcomings, one has to go beyond approaches 
by which humans are asked for help only if the algorithm 
detects its own insufficiency as proposed by Kamar (2016). 
Rather, a large set of organizational measures is needed to 
deal with AI-related shortcomings and to engage in qual-
ity assurance and continuous improvement. These include 
collaboration among relevant decision makers and knowl-
edge-holders. The training and socialization for this kind 
of AI-related collaboration cannot be reduced to interaction 

with a “collaborative” AI (Makarius et al. 2020; Seeber et al. 
2020).

5.2.2  Interplay 2: between the tasks to be supported 
and the preparation and coordination of AI 
customization

The continuous evolution of the AI System (4.6) is also 
a joint effort between management and operations. Also 
involved is the project team in charge of AI implementa-
tion or the technical infrastructure to which the AI system is 
connected. We consider the customization of the AI system 
(CA-tasks) as an ongoing challenge. This customization or 
configuration takes place not only during the initial design 
phase or AI implementation. It is an ongoing endeavor, con-
tinuously triggered by the need to deal with changes (4.5) 
and by the interplay (2c) with the fulfillment of O-Tasks 
as an indicator of the quality of AI outcome. However, it 
is not only a matter of an individual’s interaction with the 
AI system to veto an AI outcome or to intervene into an AI 
process (Rakova et al. 2020; Schmidt and Herrmann 2017). 
These individual interactions have to be supported (2b) by 
appropriate coordination with interrelated HR measures and 
leadership (4.1, 2a). Allowing for minimally intrusive ways 

4.1 Leadership and HR as 
enablers

• Aligning roles, people, and tasks
• Dealing with shortcomings of AI

4.2 Decision-making about AI 
outcome

• Responsibilities, duties and rights
• Collaborative decisions about AI-

initiated tasks
• Involving others
• Continuous Improvement of AI
• Complying  with organizational rules

4.3 Coordination of 
original tasks 

supported with AI
• Workflows and tasks
• Involving an Ecology of 

Roles
• Reflection of context 

and interdependencies

4.4 Coordinating with the external 
world

• Regulation of access from outside
• Various and varying external 

influences to be addressed
• Sharing of risks and benefits

4.5 Dealing with changes
• From prediction to efficient 

measures and resource 
sharing

• Tracing causes of problems 
of AI or its context

• Risk-benefit trade-offs
• Organizing multi-level long-

term changes

4.6 Evolving the AI system
• Organizational Procedures of 

improvements
• Organizational culture of 

reflexive AI use
• Explainability and accountability 

as organizational challenge

Management
HR

Operational forces
Project Team

for tech.-
implementation

External 
partners 

(suppliers, 
clients, etc. )

e.g. Mainte-
nance crew

Handling of original  tasks that are triggered and supported by AI-outcome

4b

Human-Computer 
Interaction (HCI)

Interacting organizational practices Responsibilities

1a

1c

2a

2b1b

2c

4a

4c

Influences on roles

3b3a

Using and evolving AI

Fig. 2  Organizational embeddedness of AI
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of refining AI results is not mainly a question of HCI design 
(Cai et al. 2019a). It is a challenge for the entire organiza-
tion. Whenever the key actors of an organization negotiate 
who is authorized (4.1 & 4.3) to modify the AI system and 
to what extent modification is to be undertaken, dimensions 
of power and control are on the table (Kellogg et al. 2020; 
Ren 2019; Vallas and Hill 2012).

Explainability is a prerequisite of AI customization, but 
an explanation is not only the result of algorithmic support 
(Adadi and Berrada 2018; Mueller et al. 2019). Explain-
ability is also the result of and embedded in communicative 
negotiation and reflection, or exploration and experiment in 
the interplay (2c) with O-Tasks. Experiments and interven-
tions can be risky and have to be authorized by the organiza-
tion (2b). Avoiding misplaced trust in AI results is not essen-
tially a technical challenge (Okamura and Yamada 2020). 
Trust in AI is also rather a question of collaboratively nego-
tiated assessment of the performance of an AI system as a 
consequence of organizational practices that eventually lead 
to networked trust (Andras et al. 2018). Continuously inter-
woven explanation of AI behavior and exploratory adapta-
tion can improve both AI and human learning (Holstein et al. 
2020). For this to occur, it must be promoted by the interplay 
(2a) between coordination and HR. This promotion has to 
acknowledge the value of developing human competence in 
dealing with AI and seek to protect the experiential property 
of the workers that is used and developed during decision-
making with (4.2) and customization of AI (4.6).

5.2.3  Interplay 3: between AI‑related management 
activities and the original tasks

This interplay supposes management and workers have to 
decide which subset of a larger set of original tasks will be 
supported by AI. Including AI into the realm of original 
tasks requires changes of the rights and duties of roles to be 
included (3a) and of the workflows to be coordinated (3b). 
These changes affect organizational practices and are a con-
tinuous outcome of other organizational practices that deal 
with decisions on the distribution of agency between human 
and AI (Athey et al. 2020). Specific human strengths have 
to be taken into account in these decisions—as described 
for instance by Jarrahi (2018). In the realm of the O-tasks, 
extending the level of AI support simultaneously implies 
shifting control from management to technology and a redis-
tribution of power because control over repairs is no longer 
in the hands of management alone but is also relegated in 
part to PM-driven notifications. An AI result may not be 
considered when performing O-tasks, even if it is potentially 
relevant—this is a broader requirement than the approach 
of implementing the technical ability to veto as proposed by 
Rakova et al. (2020). The literature makes note of a require-
ment to evaluate the performance legitimacy of employing 

AI (Ren 2019). But again, this evaluation has to be organ-
ized with respect to the effects on O-tasks. Furthermore, 
the desired increase in competence has to be measured in 
terms of O-tasks whenever AI is coupled with training for 
the human workforce (Holstein et al. 2020).

5.2.4  Interplay 4: between the drivers of dealing 
with changes and applying or evolving AI

As mentioned above, the evolution of the AI system is also 
influenced by contextual changes. Handling these influences 
requires a continuous monitoring of and coordination with 
the external world (4.4, 4a). Some changes result from exter-
nal factors (4a) that include the societal context (Rahwan 
2018), others usually include aspects of inter-organiza-
tional collaboration (Campion et al. 2020) with an ecology 
of external partners. We call all those tasks that deal with 
contextual factors and changes “C-Tasks.” The influence of 
C-tasks is often neglected by scholars that project an AI 
evolution that gradually reduces the need for human involve-
ment (Brynjolfsson and Mitchell 2017). Other changes are 
triggered by the interplay of AI and O-Tasks (1c, 4c). Under-
standing and reflecting these dynamics and diagnosing the 
causes of problems in the performance of the O-Tasks (4.5, 
tracing causes) may lead to new tasks. For example, new 
strategies may be necessary to derive the most efficient and 
economical decisions from a series of PM warnings about 
the same machinery parts. Necessary changes can be sup-
ported by the internal project team, but external partners can 
help in understanding the limitations and opportunities of 
the AI application as well as the potential for further evolu-
tion (4b).

The continuous influence of external factors and their 
variation are the strongest support for our argument that 
specifying organizational measures and implementing 
organizational practices as described above are not a one-
off necessity when an AI application is introduced but are 
rather ongoing throughout the whole life cycle of AI. While 
the loop between AI-related decision-making and O-Tasks 
might achieve stability with a minimum of human support, 
C-Tasks are continuous and will constantly trigger a need for 
decisions about revising the AI system and related organi-
zational practices. Therefore, the processes of socialization 
into procedures of interacting with AI applications cannot 
be limited to onboarding (Cai et al. 2019b; Makarius et al. 
2020). Instead these have to instill organizational readiness 
for ongoing change and learning.

Based on Fig.  2, the essence of our answers to the 
research questions can be framed as follows:

• RQ1: Crucial to the organizational support of keeping 
the human in the loop is the close integration of decision-
making about AI outcome (4.5) and evolving the AI sys-
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tem (4.6) through coordination measures (4.3) that are 
constantly triggered by reflecting the appropriateness of 
AI for the original tasks.

• RQ2: Continuous ensuring of the functioning of AI-
based socio-technical systems requires dealing with the 
external world (4.4) and with changes (4.5) to understand 
how the evolution of AI is coordinated (4.3) with respect 
to the contextually triggered dynamics of original tasks.

• RQ3: A systematic framework of keeping the organiza-
tion in the loop when applying AI has to acknowledge the 
interplay of organizational practices instead of regard-
ing them as isolated measures. This interplay has to be 
adjusted in a way that keeps the four loops displayed in 
Fig. 1 synchronized.

6  Conclusion

This study addresses the human-centered AI-design research 
that emphasizes the relevance of constantly keeping the 
human in the loop. Based on sociological theory and two 
empirical cases in the field of predictive maintenance, the 
contribution of our study is to broaden human-centered AI-
design research by keeping the organization in the loop in 
analyses and design of AI use. A typical phenomenon to be 
accounted for in socio-technical design is that organizational 
practices and technology continuously co-evolve and have 
to be continuously aligned. This applies particularly to the 
realm of AI and machine learning, too, where organizational 
practices have to accompany the continuing need and poten-
tial for improving AI based on new data that emerge by task-
handling and contextual changes.

In this study, we identified four intertwined loops of inter-
acting organizational practices of collaborative task handling 
and compiled a detailed schematic of tasks, actors, and inter-
acting organizational practices that we expect to find in most 
AI-using organizations. These models and ways of thinking 
about the influence of organizations on AI lead to several 
topics for a future research agenda.

Further research could focus on the co-evolution not only 
of human individuals and AI algorithms but also of organi-
zational practices. This includes design-oriented implica-
tions like these:

• AI-based decision-making could be designed to include 
the support for organizational practices, e.g., by integrat-
ing features for knowledge management (Li and Herd 
2017). This seems to be the case for communicative 
coordination of workflows with assigned roles, tasks, and 
rights. For example, explaining the appropriateness of 
an AI-based proposal for a decision might involve those 
human experts who are well informed about how an ML 
model has been trained.

• Continuous customization and improvement of ML 
models could be aligned with such types of technical 
support and organizational practices that contribute to 
the development of human competencies and experi-
ence and aim to value and protect experiential property.

Organizational and management theory is currently 
debating whether and how AI/ML could be used to test 
and prune medium-scale or even large-scale organizational 
theories (c.f. Leavitt et al. 2020; critically Lindebaum and 
Ashraf 2021). Algorithms are seen as “supercarriers of 
formal rationality for organizational decision-making” 
(Lindebaum et al. 2020, p. 255). Still, practical implica-
tions of how to process the various loops of AI/ML in real 
organizations seem surprisingly less relevant for organi-
zational sociology and management theory. With respect 
to advancing theory within these strands of organizational 
theory, the following consequences can be derived from 
our analysis.

• For the academic perspective in social sciences two 
aspects are of special relevance. First, in order to 
adequately explore the complex relationships between 
work process level, AI system, and organizational prac-
tices, it is necessary to work across the often-rigid divi-
sions of labor between sociology of work, sociology of 
organization, and science and technology studies (STS) 
in the social sciences. Secondly, social science should 
open itself more to participative methodology, bring-
ing in AI experts involved at all organizational levels 
into the conceptualization of research projects and the 
transfer of knowledge.

• Even practitioners in leadership positions within organ-
izations tend to involve the organization and its experts 
from the various organizational contexts too little or 
too late when implementing AI systems. Our empiri-
cal and conceptual elaborations may also make evident 
change processes in practice: AI implementations in 
organizations are not a case for purely technical AI 
experts, but a complex, ongoing organizational pro-
cess—from the very beginning and beyond.
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