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Abstract
Due to the ongoing advancements in technology, socio-technical collaboration has become increasingly prevalent. This poses 
challenges in terms of governance and accountability, as well as issues in various other fields. Therefore, it is crucial to famil-
iarize decision-makers and researchers with the core of human–machine collaboration. This study introduces a taxonomy that 
enables identification of the very nature of human–machine interaction. A literature review has revealed that automation and 
technical autonomy are main parameters for describing and understanding such interaction. Both aspects must be carefully 
evaluated, as their increase has potentially far-reaching consequences. Hence, these two concepts comprise the taxonomy’s 
axes. Five levels of automation and five levels of technical autonomy are introduced below, based on the assumption that 
both automation and autonomy are gradual. The levels of automation were developed from existing approaches; those of 
autonomy were carefully derived from a review of the literature. The taxonomy’s use is also explained, as are its limitations 
and avenues for further research.
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1  Introduction

In the digital age, human–machine interaction is an essen-
tial part of everyday life, such as when pilots fly airplanes, 
physicians make use of diagnostic programs, workers oper-
ate industrial machines, and Uber drivers receive messages 
about jobs. All of these examples share a commonality: a 
task is accomplished in collaboration with an advanced 
machine. In many areas, actions are increasingly the result 
of such human–machine collaborations (Kirchkamp and 
Strobel 2019). Machines are taking over more and more 
tasks that previously were performed by humans (Vagia 
et al. 2016). However, these advances are not limited to the 
optimization of automation processes, and, therefore, not rel-
egated to the simple delegation of functions and operations 
to technical artefacts. Rather, through the rise of artificial 

intelligence and machine learning, technology has obtained 
abilities that formerly were reserved solely for humans (Jor-
dan and Mitchell 2015). Because of these two developments 
(that can also be referred to as automation and autonomiza-
tion), human–machine collaboration has not only become 
more prevalent, but also more complex.

For describing human–machine interaction, the con-
cept of socio-technical systems has been introduced. The 
term indicates that technical components and people are 
included as inherent parts of a system (Sommerville 2007). 
In its simplest form, a socio-technical system is composed of 
one human and one technical component. Of course, socio-
technical constellations usually take on more complex forms 
involving many different technical agents and different peo-
ple or social systems (e.g., organizations). However, every 
analysis of a socio-technical system implies the analysis of 
a human–machine collaboration which fulfils a certain func-
tion for a certain duration, regardless of its complexity. As 
the implementation of technology has social, ethical, legal, 
and economic implications, the setup of socio-technical sys-
tems calls for careful consideration (Martin 2018), requiring 
one to define the distribution of roles according to ability, 
authority, and control (Flemisch et al. 2012). The design 
of human–machine collaboration affects its governance 
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(Danaher et al. 2017) and accountability (Shin and Park 
2019), as both go hand-in-hand with the underlying distri-
bution of agency (Beck 2015; Matthias 2004; Pagallo 2017). 
Thus, it shapes the accompanying monitoring measures, as 
well as the system’s administration (Shin and Park 2019).

Due to the importance of the constitution of socio-techni-
cal systems and their underlying human–machine collabora-
tion, these phenomena pose a challenge for management, 
the law and other disciplines. Organizations and managers 
must oversee possible changes that the implementation of 
a new technical system might bring (Shneiderman 2016) 
and understand its broader impacts (Nunes and Jannach 
2017; Shin and Park 2019). However, decision makers are 
often unfamiliar with the fundamentals of implementing 
human–machine collaboration (Shin and Park 2019). Man-
aging technology requires a full grasp of the nature of the 
human–machine collaboration. Comparably, legal assess-
ment equally asks for capturing the distribution of agency, 
because it significantly affects the attribution of responsi-
bility (Simmler 2019). The digital age confronts the law 
with a reality in which human–computer interaction is the 
rule rather than the exception (Wein 1992), challenging 
practitioners to deal with technology with which they are 
unfamiliar.

Understanding the core of a socio-technical collabora-
tion is no longer a task solely for engineers, but also for 
decision makers and experts in different fields and disci-
plines. As illustrated above, not only answering questions 
regarding if, but also how to implement human–machine 
interaction within socio-technical systems are decisive 
managerial tasks. Above all, such implementation requires 
that those responsible understand and capture the essence of 
human–machine collaboration. Therefore, the goal of this 
research is to provide a comprehensive yet straightforward 
taxonomy for classifying human–machine collaboration. 
Taxonomies are valuable tools for understanding and ana-
lyzing complex phenomena (Nickerson et al. 2009). Deter-
mined by their aim (Lambe 2007; Nickerson et al. 2009), 
they store knowledge in a concise form and reduce com-
plexity (Lambe 2007). The goal of the taxonomy presented 
here is to categorize human–machine collaborations by their 
most fundamental socially perceived characteristics. Deci-
sion makers and researchers will now be equipped with a 
tool that enables them to quickly grasp the implications of 
the human–machine collaboration at issue. A taxonomy that 
focuses on the social perception of socio-technical phenom-
ena will help to evaluate such collaborations in terms of 
their consequences for different areas and with respect to a 
diversity of aspects.

Following this objective, this research first describes 
the method by which this taxonomy was developed. Next, 
existing taxonomies and classifications are introduced, lead-
ing to the elaboration of the present taxonomy’s theoretical 

foundation. Hereafter, the taxonomy is developed and 
described in detail. In addition, the approach is further clari-
fied with examples. Finally, the scope and limitations of the 
taxonomy and avenues for further research are discussed 
before conclusions are drawn.

2 � Methodical framework

The approach to developing this taxonomy consisted of a 
literature review and consideration and elaboration of exist-
ing taxonomies and categorizations. We searched the most 
common databases using terms such as “technology,” “clas-
sification,” and “taxonomy.” Whenever possible, we based 
our analysis on existing taxonomies and classification sys-
tems. However, because some of these did not fully meet 
our objectives, we extended and adapted what we found. 
Based on the results of this process, we followed three steps 
to develop the taxonomy presented here.

We first evaluated the core parameters and axes. In so 
doing, we evaluated whether each parameter captured the 
essence of human–machine interaction. A parameter was 
considered relevant if it significantly shaped the nature of the 
human–machine collaboration and clearly displayed differ-
ences between the human and technical components.

In the second step, we derived the parameter levels. We 
mapped each level on a continuum ranging from “none” to 
“all.” We introduced new levels when there were significant 
shifts in social and technical differences (i.e., when a tech-
nical component was assigned a new task or capability). 
To determine these levels, we focused especially on their 
(social) implications (i.e., their impact on social perceptions 
and the attribution of responsibility) and their influence on 
accountability.

In a third step, we validated the parameters and levels 
with regards to their clarity, comprehensibility, and practi-
cability. In this step, we wanted to make sure that the tax-
onomy would be useful to people with little or no technical 
expertise. The goal was to present an instrument for captur-
ing the basic characteristics of interdisciplinary relevance of 
human–machine collaboration.

3 � Theoretical background

3.1 � Conceptualizing socio‑technical phenomena

In the past several decades, there has been a multitude of 
approaches to capturing human–machine collaboration. The 
long-standing tradition has focused on different levels of 
automation (Vagia et al. 2016). These taxonomies describe 
different role allocations (Kaber 2018) and offer descriptions 
of what tasks the “human operator” and “computer” are 
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assigned within a collaboration. Usually, the levels of auto-
mation range from fully manual to fully automated (Vagia 
et al. 2016). Fully manual describes a situation in which 
the human is fully in charge. Conversely, fully automated 
indicates that the human operator is completely out of the 
loop and, therefore, is obsolete (Parasuraman et al. 2000). 
Such taxonomies center on the interaction between human 
and machine, the level of which is derived from variations in 
task allocation (Endsley 1987; Sheridan and Verplank 1978; 
Weyer 2006). However, there seems to be less consensus 
about what and how many levels lie in between these points. 
Some approaches describe four (Endsley 1987), others ten 
(Sheridan and Verplank 1978), and some even more (Riley 
1989). A recent study described different levels of automa-
tion with regards to autonomous driving (NHTSA 2013). 
There, the scale ranged from “no automation” to “auton-
omous”, implying that autonomy is the highest form of 
automation and reflecting a slightly different stance. Solely 
focusing on role allocation, however, is not the only way of 
describing human–machine interactions. There are models 
that also take into account the process by which a task is 
completed. By categorizing every stage of a given process 
or decision, the level of automation can be distinguished 
even more precisely, depending on what stage of the process 
is being automated and to what extent (Parasuraman et al. 
2000; Proud et al. 2003; Weyer 2006).

A different research stream centers on a technology’s 
abilities. One line of thought has focused on naming and dis-
cussing the capabilities of an advanced technology, without 
further mapping. In this debate, scholars have discussed con-
ditions for technical autonomy and agency. The capacity to 
react to changes in the environment (Alonso and Mondragón 
2004; Franklin and Graesser 1997) and the general ability to 
interact (Floridi and Sanders 2004; Misselhorn 2015) have 
both been proposed. Adaptability has been repeatedly identi-
fied as relevant, proposed as either an optional (Franklin and 
Graesser 1997) or necessary (Floridi and Sanders 2004; Mis-
selhorn 2015; Russell and Norvig 2014) condition for tech-
nical agency. An autonomous agent has been described as 
having the ability to perceive its environment and then learn 
from and adapt to it (Alonso and Mondragón 2004; Pagallo 
2017; Santosuosso and Bottalico 2017; Sartor and Omicini 
2016) or to sense, plan and intentionally act upon an envi-
ronment without external control (Beer et al. 2014). A study 
investigating what consumers regard as “intelligent” when it 
comes to technology came to similar conclusions. Product 
intelligence is said to be composed of the key dimensions of 
autonomy: an ability to learn, reactivity, an ability to coop-
erate, humanlike interaction, and personality (Rijsdijk et al. 
2007).

While these approaches suggest preconditions and basic 
characteristics, none conceptualize connectivity among the 
parameters or clearly topologize their impact on autonomy. 

Yet with regards to technical agency, there have been a 
number of approaches suggesting different stages or levels. 
According to these approaches, technical agency is not a 
binary category, but rather varies in terms of degree. For 
example, it was suggested that one must distinguish dif-
ferent activity levels when dealing with technical agency, 
using a scale ranging from “passive” (describing artefacts 
operating as mere tools) to “transactive” (indicating actions 
based on intelligent associations stemming from self- and 
external reflection) (Rammert 2009). Advanced technol-
ogy is assumed to challenge the passive nature of technol-
ogy, blurring the boundary between technical functionality 
and human agency. Rammert and Schulz-Schaeffer (2002) 
identified three levels of agency: causality as the capacity to 
cause change, contingency as the ability to recognize action 
alternatives, and the highest level, intentionality, which is 
defined as intentional reasoning engaging in action. Thürmel 
(2015) added another gradualization by proposing that the 
degree of agency is constituted by four dimensions: activity 
and adaptivity for individual agency as well as interaction 
and personification of others for joint agency.

There have also been other approaches to combine differ-
ent variables into one categorization of technical systems, 
such as autonomy, field of application, and morphology 
(Onnasch et al. 2016) or automation and complexity (Jans-
sen and Kuk 2016), the latter following the assumption that 
the more complex a technical system is the opaquer it gets. 
While these approaches mainly center on the technical side, 
the typology provided by Gransche et al. (2014) additionally 
describes the human role in human-technology interaction, 
while comparing and linking technical and human autonomy 
with control. According to the authors, the “normative” type 
of autonomy and control is reserved only for humans; techni-
cal systems achieve “strategic” and “operative” autonomy 
and control (Gransche et al. 2014).

3.2 � Synthesis

To sum up, there are different taxonomies for describing 
human–machine collaboration, and these follow different 
aims. However, the literature review has shown that there are 
two basic questions underlying these existing frameworks. 
One stream describes different role allocations between 
humans and technical systems and asks who does what? 
(Kaber 2018). This is the core question supporting the con-
cept of automation. Taxonomies centering on automation 
usually address information systems experts and their pursuit 
of technical optimization. Such taxonomies are accurate in 
their capture of basic design issues. Nonetheless, task allo-
cation is not the only point to consider when implementing 
and optimizing human–machine collaboration. The second 
stream takes technical functions and properties into account 
more directly. They focus on intelligence (Rijsdijk et al. 
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2007), autonomy (Beer et al. 2014), or agency (Thürmel 
2015), and, therefore, on the technical system’s abilities. 
These approaches are strongly interwoven, and different 
scholars have reached similar conclusions indicating that the 
primary concern is to describe a technology’s independence. 
The basic question behind these approaches is: what degree 
of freedom does the technology have when completing the 
assigned task? Therefore, they center on technical autonomy.

In sum, a first analysis revealed that the underlying most 
fundamental characteristics of human–machine collabora-
tion are automation and autonomy. Current approaches to 
understanding and conceptualizing such socio-technical 
interaction focus either on automation or technical autonomy 
(or comparable parameters). Sometimes, these notions are 
used interchangeably (Vagia et al. 2016) or mapped onto 
the same continuum (NHTSA 2013). We suggest that the 
allocation of situational executive control (automation) and 
independence of the technical component assigned (auton-
omy) only in combination comprise the core parameters of 
human–machine collaboration.

4 � Taxonomy

4.1 � The axes: automation and autonomy

Although there is no universal definition, it is generally 
agreed that automation refers to a state in which a technical 
system performs a formerly human task or parts of that task, 
respectively (Parasuraman et al. 2000; Vagia et al. 2016). In 
fulfilling this task, the machine runs without a human opera-
tor (Hertzberg 2015; Nof 2009). As explained above, the 
task assigned to the technical system might vary in its scope, 
i.e., be partially or fully automated (Vagia et al. 2016). With 
regards to human–machine-collaboration, the level of auto-
mation describes the extent of the machine’s contribution to 
the joint performance. It is crucial to determine whether and 
to what extent humans are still “in the loop” with regards 
to acting and decision-making (Santosuosso and Bottalico 
2017; Sartor and Omicini 2016). Designing human–machine 
collaboration requires the careful determination of the tasks 
to be automated, and to what extent (Parasuraman et al. 
2000). Thoughtful design decisions depend upon a thorough 
understanding of such task allocation (Vagia et al. 2016).

While an appropriate definition of the level of automation 
is crucial for capturing this allocation of control, it neglects 
the nature of advanced technologies. Advanced machines 
can be more or less independent from their human creators 
and operators (Rammert and Schulz-Schaeffer 2002). Tech-
nical autonomy addresses this notion. Traditionally, auton-
omy is understood as self-governance, self-sufficiency, or 
self-directedness (Bradshaw et al. 2004; Vagia et al. 2016); it 

is a relational concept describing the degree of independence 
from something, such as the specific influence of another 
entity, the environment, or internal restraints (Castelfranchi 
and Falcone 2004; Müller-Hengstenberg and Kirn 2016; 
Verhagen 2004). Usually, the possibility of independently 
developing action alternatives and acting according to 
one’s own preferences serve as prerequisites for autono-
mous behavior (e.g., Müller-Hengstenberg and Kirn 2016). 
In a Kantian view, autonomy requires the ability to adopt 
maxims to govern one’s action and involves the power to 
make laws for oneself (Hilgendorf 2017; Korsgaard 2014; 
Misselhorn 2015). This association with Kant’s moral phi-
losophy requires a careful use of the term; however, its use 
in describing technical agents is far less demanding (Missel-
horn 2015). As mentioned above, the debate surrounding the 
autonomy of advanced technology is closely related to the 
discussion of the possibility of and conditions surrounding 
technical agency per se, as these are often regarded as mutu-
ally conditional (Misselhorn 2015). Autonomy is, therefore, 
closely linked to the concept of agency.

How autonomously a technical component operates 
is important to understand, because this affects not only 
the limits of human control, but, furthermore, also other 
variables such as the explainability, traceability and, pre-
dictability of the technical component’s action (Balkin 
2015). Thus, for an initial assessment, especially in terms 
of consequences, it is important to determine how the 
task is fulfilled by the technical system. Therefore, look-
ing at technical autonomy is equally pivotal. Evaluating a 
human–machine collaboration demands the determination 
of both values: the extent to which the task is automated 
(automation) and how autonomous the technical system 
operates when pursuing that automated task (autonomy). 
We conceptualize both automation and autonomy as grad-
ual, indicating that these are not binary categories but 
rather vary in degree. This suggests a taxonomy composed 
of two axes that consist of different levels.

This taxonomy focuses solely on technical autonomy. 
Conversely, the autonomy of the human as a part of this 
human–machine collaboration is generally regarded as 
given and more substantial than what technology can 
ever reach (Misselhorn 2015; Rammert 2009). Deliber-
ately focusing on technical autonomy, this taxonomy does 
not map or describe the concept of human autonomy in 
detail. A further division of human autonomy would not 
add value to the understanding of human–machine col-
laboration. Although the taxonomy focuses on technical 
autonomy, its description still includes a human perspec-
tive: the extent to which the actions of technology are 
comprehensible to human counterparts. Thus, the levels of 
technical autonomy include the human perspective within 
the human–machine collaboration, though not directly.
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The following examples highlight the difference between 
automation and autonomy and clarify the benefit of includ-
ing these two axes in one taxonomy. A physician and diag-
nostic program together collaborate when they pursue the 
task of diagnosing patients. Fulfillment of this task can be 
automated to different degrees (i.e., a computer program can 
be assigned a varying part of the task). It can, for example, 
suggest diagnoses when certain symptoms are entered or the 
program can reach a single diagnosis and even order medi-
cation without human influence. In addition, the technical 
component can be more or less autonomous in a socio-
technical constellation. For example, the diagnostic system 
can only be a very cognitively limited computer program 
with a restricted dataset and clearly defined variables and 
algorithms. If it is more autonomous, it is an open system 
that obtains data from networks or other technical agents. 
Furthermore, it can learn from diagnoses already conducted 
and adapt its behavior accordingly. These differences relate 
to its level of autonomy.

A self-driving car will serve as a second example. Here, 
the task of operating the car is fully automated. No human 
intervention is needed. Therefore, a self-driving car reaches 
the highest stage of automation. In terms of autonomy, how-
ever, the evaluation may vary from car to car. There are 
self-driving cars whose operation is fully determined, and 
a given body of information always leads to the same pre-
defined output. Due to the absence of machine learning, the 
car does not alter its behavior. Yet there may also be cars 
that reach notably higher levels of autonomy. Some self-
driving cars not only learn and adapt, but are also connected 
to other agents, resulting in an open, multi-agent system. 
Consequently, even within the scope of fully automated driv-
ing, there is a range of different types of human–machine 
interplay, as the autonomy of the technical aspect can vary 
significantly.

To again underscore the important distinction between 
the two axes and the value they add to accurately captur-
ing socio-technical systems, it is useful to revisit what 
lies at the taxonomy’s core. It centers on human–machine 
collaboration of a certain permanence and distinctiveness, 
consisting of one or multiple human actors and one ore 
multiple technical agents (Weyer and Reineke 2005). If 

one focuses only on a single task taken over by a machine, 
that task can be described as embodying full automation. 
However, conceptualizing socio-technical phenomena 
means focusing on a human–machine collaboration not 
only executing a single act, but also fulfilling a distinct and 
permanent function. During this persisting collaboration, 
the system as a whole can be more or less automated, and 
within these automated tasks, the machine can be more or 
less autonomous. Both axes define the human–machine 
interaction at its core.

4.2 � Levels of automation

We draw our approach to defining the levels of automation 
from Endsley’s (1987) four levels, because this study is 
concise and comprehensible and does not neglect the core 
aspects of task allocation in the context of human–machine 
collaboration. We complemented Endsley’s levels of auto-
mation with an additional level borrowed from Weyer 
(2006). Different from most taxonomies (Vagia et  al. 
2016), we did not include a level for manual (and, there-
fore, solely human) operations, because our taxonomy was 
designed only to classify human–machine collaboration. 
This implies that there is already a minimum amount of 
technical participation, which renders a level for classify-
ing manual tasks unnecessary. The five stages are shown 
in Table 1 and described in detail thereafter.

4.2.1 � Level 1: Offers decisions

Our taxonomy begins with what can be called decision-
support systems (i.e., constellations in which the technical 
component makes suggestions). The machine, usually a 
computer program, makes recommendations to the opera-
tor. The operator chooses whether to act accordingly (End-
sley 1987). In this early stage of automation, the system 
presents options; however, it is still the human operator 
who selects and, thus, decides.

Table 1   Levels of automation 
with their main features

Level Description Explanation

1 Offers decision Technical component suggests options and the human decides
2 Executes with human approval Technical component acts after human approves
3 Executes if no human vetoes Technical component acts unless human vetoes
4 Executes and then informs Technical component acts independently and human is 

informed about the actions carried out
5 Executes fully automated Technical component carries out actions independently with-

out informing human
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4.2.2 � Level 2: Executes with human approval

In the second level of automation, the machine executes with 
human approval. Here, the technical component makes a 
recommendation that it carries out if the operator concurs 
(Endsley 1987). This marks an increase in automation in 
that the system selects among options and presents only the 
“best” alternative. The selection process is no longer car-
ried out by the human operator, but rather by the technical 
component. However, at this level it is still the human who 
makes the final decision, either by approving or rejecting the 
system’s proposition.

4.2.3 � Level 3: Executes if no human vetoes

In our third level of automation, the technical system exe-
cutes if no human veto occurs. According to Endsley (1987), 
this means that the system recommends a single option, 
which it will carry out unless the operator vetoes that deci-
sion. This represents an increase in automation, because the 
technical system selects an option and automatically decides. 
However, the human operator remains a part of the process, 
because the operator can correct the action through its veto 
power. The decisions made by the system still require human 
consent. However, this no longer happens in advance, only 
after the component has already reached a decision. This 
influences the social perception of the operator’s role.

4.2.4 � Level 4: Executes and then informs

Further increasing the automation, at this level the technical 
system executes and then informs. We borrowed this level 
from Weyer (2006) and use it to augment Endsley’s (1987) 
approach. The system selects an option and then automati-
cally acts accordingly. However, the human operator still has 
a role in the process, because the system informs the human 
when it acts. Even if a human operator no longer plays an 
active role, they remain informed about the system’s actions. 
The knowledge of these actions is relevant for social percep-
tion. Therefore, it differs from Level 5, where no human is 
made aware of the automated process.

4.2.5 � Level 5: Executes fully automated

At the fifth level, the technical system executes fully auto-
mated. This means that the human is neither informed about 
nor actively participates in the action. The technical system 
is fully in charge, rendering human action obsolete.

4.3 � Levels of autonomy

There was no classification of technical autonomy available 
that met with the scope of our taxonomy (i.e., that described 

the independence of the technical component while com-
pleting an assigned task). Therefore, we could not simply 
borrow different levels of autonomy as we did when typolo-
gizing automation. After reviewing the literature, we iso-
lated the four dimensions we considered most crucial when 
determining the different levels of autonomy.

We tend to call something “autonomous” if it appears 
untraceable. Technical autonomy is generally said to 
describe systems that to a certain degree are independent 
and not fully determined (Verhagen 2004; Castelfranchi and 
Falcone 2004; Müller-Hengstenberg and Kirn 2016). Thus, 
technical autonomy involves a certain lack of traceability 
and certainty regarding the system’s performance, and con-
cerns both, transparency and determinism. Conversely, the 
absence of technical autonomy means full determination and 
traceability. A technical system that meets this condition 
is called deterministic. In a deterministic system, input A 
always equally leads to output B, and all execution steps in 
between are specified and transparent (Loh and Loh 2017). 
A technical system is considered determined when every 
possible condition of the system unambiguously results 
in a subsequent condition of n + 1 (Müller-Hengstenberg 
and Kirn 2016). However, such a determined system does 
not necessarily need to be transparent in all of its execu-
tion steps, leaving the observer or user ignorant about the 
detailed means of processing. Put differently, a deterministic 
system is fully transparent and traceable; a non-transparent 
system is not because of the opacity of the steps required to 
reach a specified output. Transparency in a technical sys-
tem allows for easier tracking and reconstruction, which 
gains relevance in questions of responsibility (Mittelstadt 
et al. 2016) and influences social perception. Consequently, 
regarding certainty of output and traceability as crucial for 
human control consequently led us to the first and second 
dimensions of technical autonomy: non-transparency and 
indetermination.

As introduced above, the literature review revealed that 
adaptability is usually considered crucial for technical auton-
omy. We follow this position and consider adaptability to 
be the third core dimension. Being autonomous requires the 
capacity to learn and adapt behavior to a changing envi-
ronment (Alonso and Mondragón 2004; Floridi and Sand-
ers 2004; Pagallo 2017; Santosuosso and Bottalico 2017; 
Sartor and Omicini 2016; Thürmel 2015). A machine of 
this kind is able to process information, expand the knowl-
edge implemented by programmers, and change the way it 
responds (Müller-Hengstenberg and Kirn 2016; Sartor and 
Omicini 2016; Thürmel 2015). This allows the system to 
adapt and to improve its performance in a certain environ-
ment (Sartor and Omicini 2016) without human intervention 
(Floridi and Sanders 2004; Pagallo 2017). Thus, adaptable 
systems are capable of altering their behavior which tends 
to make them more unpredictable for and independent from 



AI & SOCIETY	

1 3

human operators. Adaptability, therefore, shapes technical 
autonomy.

Interactivity is also regarded as a crucial feature of 
autonomy, as was revealed in the above discussion of core 
parameters. Advanced forms of interactivity result in sys-
tem openness, what we consider the fourth key dimension 
when determining the level of autonomy. Various authors 
have recognized expansion of the original data through col-
laboration with other agents as a characteristic of autonomy 
and called this ability cooperation (Müller-Hengstenberg 
and Kirn 2016) or interactivity (Floridi and Sanders 2004; 
Pagallo 2017; Sartor and Omicini 2016). Due to collabo-
ration, autonomous systems can delegate and divide labor 
among on another or build multi-agent systems (Müller-
Hengstenberg and Kirn 2016). The shared ability to solve 
problems in a multi-agent system can exceed the capability 
of a single agent (Thürmel 2015; Weyer and Reineke 2005). 
The “intelligence” of multi-agent systems emerges through 
coordination among agents (Rammert and Schulz-Schaeffer 
2002; Weyer and Reineke 2005) and hence is not predefined 
by programmers (Müller-Hengstenberg and Kirn 2016). It 
is not foreseeable with whom these technical systems will 
interact (Alonso and Mondragón 2004) and where they will 
gather their data, e.g., because the technical system is con-
nected to other software agents. Openness with respect to 
such cooperation results in greater technical autonomy as 
does the openness and flexibility of the system with regards 
to data-gathering within the environment (and in other 
ways such as through the internet). Technical systems that 
are open in the sense that input is neither predefined nor 
limited are increasingly unforeseeable, resulting in the social 
ascription of more autonomy.

To sum up, due to a technical system’s autonomy it is 
unforeseeable with whom it will interact and from where 

it will gather its data (openness). Furthermore, it can alter 
its behavior on the grounds of experience (adaptability). Its 
programming can leave it undetermined (indetermination) 
and untraceable (non-transparency). Our conceptualization 
thus identifies four dimensions defining the level of technical 
autonomy: non-transparency, indetermination, adaptability, 
and openness. Hence, to determine how autonomous a tech-
nical component is, one must answer the questions listed in 
Table 2.

This binary distinction is a simplification, and all of these 
characteristics can be present to varying degrees. However, 
this simplification is necessary to reduce complexity and 
make the taxonomy practical. Once the crucial features of 
the technical component are defined and the presence and 
absence of each dimension evaluated, the level of autonomy 
can be determined. The definitions of the taxonomy’s levels 
of autonomy rely on the particular combination of features, 
as presented below and illustrated in Table 3.

4.3.1 � Level 1

In the first and lowest level of autonomy, the technical com-
ponent is transparent and determined, meaning that a given 
input always leads to a specified output, with full transpar-
ency with regards to how the system reaches that output. In 
such a machine, everything is completely predefined; the 
system is closed and has no ability to learn. The system is 
fully traceable and predictable. Simple calculators for exam-
ple would operate on this level.

4.3.2 � Level 2

A non-transparent technical system operates at the second 
level of autonomy. This means that the system remains fully 

Table 2   Dimensions of 
technical autonomy with the 
respective assessment questions

Dimension Assessment question

Non-transparency Is the user and/or observer able to trace how the system gets from input A to output B?
Indetermination Does input A always lead to the same output B?
Adaptability Is the system able to learn from its experience?
Openness Is the system able to expand its original input in particular due to cooperation with 

other systems and/or its flexibility in gathering source data?

Table 3   Levels of autonomy with an explanation of the main features

Level Name Description

1 Deterministic system Technical system is determined, transparent, unadaptable, and closed
2 Non-transparent system Technical system is determined, non-transparent, unadaptable, and closed
3 Indetermined system Technical system is indetermined, non-transparent, unadaptable, and closed
4 Adaptable system Technical system is indetermined, non-transparent, adaptable, and closed
5 Open system Technical system is indetermined, non-transparent, adaptable, and open
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determined but not every step is predefined and traceable. 
This marks an increase in autonomy, because the component 
potentially alters its manner of moving from the input to the 
output, and thus is non-transparent in its procedures. It holds 
back information and becomes opaque to the human operator 
or observer, which impacts social perception. However, such 
a system’s output is still determined, because a certain input 
always leads to a particular output. An example for this level 
is a system that weights different parameters when reaching 
a decision. While the same input variables always lead to the 
same result, the human operator cannot fully trace how the 
relevant parameters are weighted in each single case.

4.3.3 � Level 3

At the third level of autonomy, the technical component is 
indetermined and non-transparent. How a given input leads 
to a particular output is untraceable. The component is even 
more opaque, because it does not provide complete informa-
tion about the execution steps and alters the output. At this 
level, there is no certainty of the result (i.e., the output is not 
determined). The same input does not necessarily result in a 
particular output; the system is not predictable. A common 
Level 3 application is a chance factor that is purposefully 
implemented to vary the output. Likewise, programming 
that links the system to a specific (yet at the moment of 
programming unknown) external input variable is a common 
characteristic of such applications.

4.3.4 � Level 4

At level four, the technical system is able to learn from its 
own data. Once a system can learn, it can no longer be com-
pletely determined or tracked, because the input and pathway 
for reaching the output may change. Due to machine learn-
ing, an intelligent system possesses a considerable amount 
of autonomy. Such a system is not only undetermined due 
to a specifically implemented and randomized variable, it is 
capable of changing its behavior base and becomes adapt-
able to the environment. The output and single steps toward 
execution are thus variable and can be permanently adapted. 
This again marks an increase in opacity as it hampers the 
comprehensibility of the system’s action. The human part 
can no longer comprehend the criteria and circumstances by 
which the actions of the technical system are coordinated. A 
technical system drawing upon a machine learning algorithm 
would be an example for this level of autonomy.

4.3.5 � Level 5

A system is classified as Level 5 if it is undetermined and 
non-transparent. The former implies that a given input must 
not lead to the same output, while the latter indicates that 

the way it reaches the output is not easily accessible by the 
observer. Furthermore, it is adaptable due to its ability to 
learn, leaving room for modifications in the way it com-
pletes a task. It is capable of interacting with other systems 
and able to collect data. This openness marks the highest 
level of autonomy, because the system is neither limited to 
a specified and predefined input, nor to its own experience. 
Data gathering for the system’s input is not under the full 
control of a human operator or programmer. It is, therefore, 
even more difficult to trace a system’s actions, because those 
actions are opaque. A technical system based on a machine 
learning algorithm and additionally connected to an internet 
database, where it has access to new learning data would be 
an example for this fifth level of technical autonomy.

5 � Discussion

The goal of this  article was to introduce a tool that would 
allow everyone, regardless of technical expertise, to capture 
the basic structure of any human–machine collaboration. 
Two parameters lie at the core of our taxonomy that essen-
tially characterize human–machine collaboration: automa-
tion and autonomy. We propose that every human–machine 
collaboration is typified mainly and most fundamentally by 
the nature of this cooperation (i.e., the distribution of tasks 
between the human and technical component) and the tech-
nical components’ abilities and capacities, in other words, 
by the levels of automation and technical autonomy. Figure 1 
maps these two axes and depicts the proposed taxonomy.

This taxonomy unites two research streams that run 
parallel to one another: the human factor and automation 
research (e.g., Endsley 1987; Parasuraman et al. 2000; Vagia 
et al. 2016), and technical sociology (Rammert and Schulz-
Schaeffer 2002; Thürmel 2015) and computer ethics (Floridi 
and Sanders 2004) and thus rests on the concept of techni-
cal autonomy. Approaches that focus either on automation 
or on technical autonomy are not sufficiently differentiated. 
Only the combination of the two dimensions allows for a 
thorough understanding of human–machine collaboration, as 
both pose fundamental challenges. Understanding the level 
of automation is important, because the consequences are 
potentially far reaching; the allocation of control, among 
other aspects, affects the distribution of agency and, thus, 
responsibility (Chinen 2016; Kirchkamp and Strobel 2019). 
The higher the level of automation, the less human control 
there is over the system’s actions. Thus, increasing levels of 
automation ask for higher requirements for example regard-
ing precaution measurers, otherwise potentially resulting in 
liabilities. Conversely, discerning the level of autonomy is 
crucial, because this affects traceability and comprehensi-
bility (Zarsky 2016). The greater the level of autonomy, the 
opaquer and more intractable the machine’s actions appear. 
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This necessitates greater requirements in terms of compre-
hensibility and monitoring, as the human part of the system 
should still be able to understand and explain what the tech-
nical part has done. Challenges regarding a lack of explain-
ability arise, likewise affecting questions of legitimacy (Mit-
telstadt et al. 2016), governance (Danaher et al. 2017) and 
accountability (Shin and Park 2019).

What a taxonomy does or does not capture is a chosen 
and, therefore, variable specification. Depending on the 
perspective, this specification may change. Automation and 
autonomy are not the only possible dimensions for describ-
ing advanced technology. There are, for example, taxono-
mies that classify socio-technical systems according to their 
degree of automation and complexity (Janssen and Kuk 
2016). However, complexity is a consequence of advanced 
technology, and, therefore, not necessarily a core element 
of human–machine collaboration. Other scholars have con-
cerned themselves with (technical) agency per se (Rammert 
2009; Thürmel 2015). Although their analyses contribute 
very important and fundamental aspects that significantly 
influence this work, these studies have not allowed for a 
schematic assessment of the division of agency in terms of 
the concrete components determining the distribution itself. 
Other conceptualizations match different types of autonomy 
with different types of control in human-technology interac-
tion, concluding that only humans exert the highest levels 
(Gransche et al. 2014). This assignment of different forms of 
autonomy and control to humans and technology is useful. It 
does not, however, explain in detail what characteristics and 

capabilities shape technical autonomy. Furthermore, as has 
been referred to throughout this work, there are many tax-
onomies and schemes that center solely on automation (see, 
e.g., Vagia et al. 2016). These neglect a dimension crucial to 
social perception, and, therefore, to many implementations.

Both, the dimensions and number of levels, depend on 
the perspective and particular taxonomy’s aims. For exam-
ple, scholars have reached different conclusions about the 
number of levels of automation (Vagia et al. 2016) or of 
autonomy (Gransche et al. 2014) necessary for adequate dif-
ferentiation. Defining the appropriate number of levels is 
not, however, the most fundamental concern, as that number 
reflects only precision and usability. What matters more is 
that automation and autonomy are understood as gradual. 
While this has long been the case for automation (e.g., End-
sley 1987; Sheridan and Verplank 1978), the understanding 
of technical autonomy as gradual is still relatively new (cf. 
for agency see Rammert 2009). Understanding the gradual-
ity of both dimensions contributes to a more differentiated 
capturing of advanced technology. Furthermore, it helps to 
more precisely highlight differences among human–machine 
collaborations.

5.1 � Limitations

This taxonomy only allows for the classification of socio-
technical collaboration within the boundaries of functional 
fulfillment. When evaluating such systems, the levels of 
automation and technical components’ autonomy must be 

Fig. 1   Taxonomy of automa-
tion and technical autonomy in 
human–machine collaboration
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specified. However, it is equally important to determine the 
function that a particular system fulfils (i.e., what task it is 
assigned). Appraising the legitimacy of the technical sys-
tem requires careful consideration of whether the task is, 
in the first place, suitable for automation and autonomiza-
tion. However, this feature cannot be captured abstractly. 
Therefore, this consideration cannot be part of the general 
taxonomy, but rather serve to complement an assessment.

This taxonomy also captures technical autonomy only in 
terms of what is possible today. It might well be that further 
technological developments lead to new and more advanced 
technological systems. However, if this is the case, our tax-
onomy can easily be extended and refined. It is important 
to note that this study’s philosophical touchstones are not a 
limitation. In developing this taxonomy, concepts with sub-
stantial philosophical loading were unavoidable. Autonomy, 
as well as the states of being determined (and determinism) 
and undetermined (and indeterminism) are often used in 
technical literature. Employing them here should not lead 
to the misunderstanding that technology can assume these 
demanding philosophical requirements in the same ways as 
humans.

5.2 � Avenues for further research

This taxonomy offers a number of initial points for future 
research. From a legal science perspective, investigating the 
influence of different levels of automation and autonomy 
on the attribution of legal responsibility is an interesting 
endeavor. Likewise, empirically testing if and to what effect 
the different levels have on punishment would be a fruitful 
field of research. From a management perspective, future 
work should derive implementation standards and pre-
caution measures from this taxonomy, as well as describe 
requirements for organizations to use when implementing 
socio-technical collaboration. One example is a division 
into three levels, distinguishing between low-, medium-, 
and high-level implementation of human–machine collabo-
ration. This categorization follows the assumption that a low 
level of autonomy or automation would lead to a low-level 
implementation, which in turn would require less monitoring 
and fewer precautions. Conversely, high values on both axes 
would indicate a high-level implementation, which would 
potentially be more demanding. Future research could also 
draw attention away from the collective and towards the indi-
vidual level. Scholars could explore whether these levels 
have an actual effect on social and psychological perception, 
and if so, how this perception changes if automation and 
autonomy increase. One could also investigate what influ-
ence these levels have on decision-making and how they 
affect trust. In sum, there is a wide range of psychologi-
cal, sociological, legal, and managerial research questions 
that could be explored based on this taxonomy, which will 

serve as a tool for clearly differentiating among the varie-
ties of distributed agency in human–machine collaboration. 
Moreover, these findings will have a direct impact on policy 
discussions accompanying the implementation of technol-
ogy in the digital age.

6 � Conclusion

As was stated at the beginning of this work, the spread of 
advanced technology has resulted in human–machine col-
laboration becoming more and more prevalent. The con-
sequences of their spread are far-reaching. Describing and 
understanding human–machine interaction is, therefore, cru-
cial and should no longer be a task for engineers, software 
developers, or systems designers; it is now important for 
professionals and researchers in a wider variety of fields. 
However, socio-technical constellations are complex, and 
capturing them adequately calls for a distillation to their 
basic characteristics involved in human–machine collabora-
tion: automation and autonomy.

Introducing this taxonomy based on these two dimensions 
may at first glance seem bold. It is important to note, though, 
that this boldness adds value. It allows the user to grasp 
complex phenomena and focus on what is most important 
in human–machine collaboration: the question of who does 
what on one hand, and the question of how independent is 
it done on the other hand. This clear description of the dis-
tribution of agency will allow professionals and researchers 
from different fields to estimate and evaluate the implica-
tions and consequences of given socio-technical constel-
lations. We do not seek to oversimplify the discussion of 
socio-technical collaboration. To the contrary, by introduc-
ing different levels of automation and autonomy, we empha-
size that these concepts are not a question of all or none, but 
rather vary in degree. The gradual approach presented here 
allows for a more differentiated description and understand-
ing. Thus, the taxonomy points out that human–machine col-
laboration is multi-faceted, while also allowing for all users, 
despite their level of specialized knowledge, a pragmatic 
means of capturing them.
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