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Abstract
This paper presents a multidisciplinary task ap-
proach for assessing the impact of artificial intel-
ligence on the future of work. We provide defini-
tions of a task from two main perspectives: socio-
economic and computational. We propose to ex-
plore ways in which we can integrate or map these
perspectives, and link them with the skills or capa-
bilities required by them, for humans and AI sys-
tems. Finally, we argue that in order to understand
the dynamics of tasks, we have to explore the rel-
evance of autonomy and generality of AI systems
for the automation or alteration of the workplace.

1 Introduction
Much attention is being paid on the impact of artificial intel-
ligence (AI) in the future of work [Kaplan, 2015; Frey and
Osborne, 2017; Arntz et al., 2016; Nedelkoska and Quintini,
2018]. However, current research focuses on narrow views
of the problem, i.e. they lack a comprehensive understanding
about which and how tasks are (and will) be performed by
state-of-the-art AI systems, how occupations are structured
into tasks in different sectors, and what is the expected im-
pact on the labour market.

In many ways, the current impact of AI in the workplace
can be seen as a new take on pushing the frontiers of sci-
entific management [Taylor, 1914], whose main objectives
are to increase economic efficiency and labour productivity
through the engineering process of automation and manage-
ment. However, the importance of human attributes such as
cognitive and personality involvement as determinants of per-
formance at the workplace [e.g. Cote and Miners, 2006; Bar-
rick and Mount, 1991; Hunter, 1986] has been largely ignored
in some recent studies [Frey and Osborne, 2017; Arntz et al.,
2016; Nedelkoska and Quintini, 2018]. Lesser attention is
also given to the role of group dynamics in the workplace re-
lating to the principles of communication, coordination and
culture. Does the replacement of humans with AI truly in-
crease job productivity for all workplaces? How are these
interrelated principles measured in an environment where AI
is becoming more dominant in the workplace? Each of these
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principles must be clearly defined within the realm of automa-
tion in order for it to be successful. Furthermore, the current
view of AI in the future of work does not appear to address the
relevance of learning capabilities for autonomously acquiring
new skills and their ability to generally transfer their knowl-
edge and experience to a range of tasks much more easily
than other more narrow AI models.1

In this position paper we propose a multidisciplinary per-
spective to address this problem. We first define and distin-
guish differences between tasks, skills and occupations. We
then discuss notions of “task” from different perspectives:
socio-economic and computational. We consider the mis-
alignment between both conceptions and the pressures and
distortions of each of them. We then consider whether skills
or abilities can help bridge these different notions, and how
they can be analysed —and measured— for humans and AI
systems in a coherent way. We pay special attention on gen-
erality and autonomy which are key requirements for human
labour in most work situations and how we can measure the
extent to which AI systems are ready for those situations, or
how fast we are progressing towards them.

As a result, we bring some insights into the way AI systems
can replace or change the way humans perform certain tasks,
which will guide us to an understanding of the impact of the
advancements and integration of current AI systems into real-
world job scenarios.

2 Tasks, skills and occupations
The aim of this section is to clarify the distinction between
tasks, skills and occupations in the workplace. Parts of this
section rely on Fernández-Macı́as and Bisello [2017], where
a more detailed description of the task, skills and occupations

1As the terms will be used throughout the paper, we give the fol-
lowing working definitions of autonomy and generality, without any
intention of being normative beyond the scope of this paper. Auton-
omy is the capability of a system to determine and pursue its own
subgoals and to modify its behaviour through optimisation, learn-
ing, self-programming or other kinds of development or adaptation.
In other words, an autonomous system can pursue goals that were
not programmed and in ways that were not programmed originally.
Generality is the degree of coverage of a wide range of tasks (up to
a level of resources). A specialised system can cover a few (possi-
bly very complex) tasks, but a general system is expected to cover a
wide range of (perhaps simpler) tasks.



can be found. This section will also describe the impact of
human abilities in the workplace.

Tasks: According to the main proponent of the tasks ap-
proach in labour economics, tasks can be simply defined as
units of work activity that produce output [Autor, 2013]. The
point of departure of this approach is a strictly technical view
of production, seen as a mechanical process of transforming
inputs into outputs. Work is an input in this process, and tasks
are more or less discrete and distinct units of work. Depend-
ing on the complexity of the production process, it may re-
quire the combination of more or less different types of tasks,
in the same way as it may require different types of raw ma-
terials.

This poses two challenges to the definition of tasks: (1)
discretisation and (2) level of granularity. The way we de-
fine a process that transforms an output from an input often
involves the combination of different tasks. This makes it
difficult to separate one task from the other. Nevertheless,
a framework that enables the distribution of tasks between
humans and machines requires a closed-form definition of a
task. In addition, the level of granularity should be such that
the process of transforming inputs to outputs should involve
one closed task. However, human perception of the granular-
ity of tasks is limited at the micro as well as macro level of
processes that transform inputs to outputs.

Skills: Skills are defined as the stock of human capabili-
ties that allow human beings to perform tasks [Autor, 2013].
It is a combination of human abilities, experience and knowl-
edge put together to perform an activity in a competent man-
ner. Often, they are referred to as the specific psychomotor
processes that are necessary to meet current requirements of
a specific task and are manifested through human behaviours
[Cheney et al., 1990]. Skills also facilitate the capability of
the human being to select among a repertoire of possible ac-
tions that is deemed most appropriate in a particular situation.

The classification of skills can be domain-specific (e.g
skills necessary to survive at a workplace) or domain-general
(e.g., soft skills vs hard skills). Regardless of how they are
classified, task completion is skill dependent. While some
tasks require complex skills (e.g., managing a company), oth-
ers require only very specialised skills (e.g., designing a car’s
engine).

There are certainly attributes of a person that can affect
the way skills are learned and developed over time. For ex-
ample, several studies have shown that performance of skill
acquisition can be affected by personality, motivation and
cognitive-intellectual determinants of individual differences
[Ackerman, 1988; Kanfer and Ackerman, 1989; Bastian et
al., 2005]. These studies indicate that human beings acquire
skill expertise at different levels based on various psycholog-
ical attributes or abilities. We will discuss abilities next.

Given a particular task, humans can either perform the task
if one has already acquired the skills to do so, or they may
require specialised training first to learn the skills in order
to complete the task successfully. The level of which the
individual learns the skills is dependent on several key fac-

tors. Often, the aptitude of the individual and his or her
general cognitive ability determines the achievement level of
the skills acquired. Previous research has shown that general
cognitive ability is an important predictor of job performance
[Schmidt, 2002], where the criteria of job performance are
typically based on the extent to which the tasks assigned to
the individual are executed successfully.

Another important indicator of human attribute to task per-
formance is the personality traits and individuals’ fit at work
[Barrick and Mount, 1991; Kristof-Brown et al., 2005]. An
individual may have an aptitude for the task, but if the envi-
ronment at the workplace is not compatible with the charac-
teristics of the individual, then it is likely that he or she will
struggle to perform well at the tasks.

It is thus, the responsibility of the human resource depart-
ment to enhance human capital and ensure that candidates
selected for the job are predicted to accomplish the tasks at
high levels [Adkins et al., 1994]. This is often achieved by
measuring the job candidate’s general cognitive ability, job-
related skills, motivations and personality traits using various
psychometric tests as a gauge of possible achievement levels
[Morgeson et al., 2005].

Occupations: Theoretically occupations are defined as
bundles of tasks that require a particular combination of
skills, and correspond to positions within the social structure
of productive organisations. However, the real-world appli-
cation of the occupation definition is arbitrary and heavily
influenced by regulations, historical reasons and social con-
vention. Moreover, occupations under the same name (e.g.,
lawyer) may be just grouped by a domain or area of knowl-
edge that the professionals in that area share, rather than by
a coherent grouping of the tasks or skills involved. Also, the
tasks within an occupation may vary significantly in time, es-
pecially in the way they are executed, but the occupation is
considered a more stable label.

As we will discuss later on, the level of analysis is com-
pletely different according to tasks or occupations. For in-
stance, analysing the probability that some occupations can
be automated is very different from –but of course related to–
analysing what tasks have a highest probability of being au-
tomated.

3 Different perspectives of what a task is
While skills, abilities and occupations can help us understand
and organise work, it is ultimately analysed in terms of what
has to be done, i.e. the tasks. However, the notion of tasks
varies in different perspectives. In this section, we present
tasks from two perspectives : a socio-economic perspective as
considered in the social science literature on the work process
[see e.g. Braverman, 1974] and a computational perspective
in terms of how the task is seen from the point of view of
computerisation.

3.1 The socio-economic perspective
In the social sciences, tasks, skills, abilities and occupations
have been categorised according to many different criteria.



On the basis of a recent literature review on tasks and skills,
Fernández-Macı́as and Bisello [2017] propose a classification
of tasks according to their role in the work process across
two different dimensions: the contents of the task (what is
the objective of the task) and the tools and methods used for
carrying out the task (how the task is performed). This is
illustrated in Table 1, already presented in Fernández-Macı́as
and Bisello [2017].

Table 1: A classification of tasks according to their contents and
methods

Content Methods and tools

1. Physical tasks
(a) Strength

(b) Dexterity

2. Intellectual tasks
(a) Information processing:

(I) I.P. of uncodified in-
formation

(II) I.P. of codified infor-
mation

(i) Literacy:
(a) Business
(b) Technical
(c) Humanities

(ii) Numeracy:
(a) Accounting
(b) Analytic

(b) Problem solving:

(I) Information gather-
ing and evaluation.

(II) Creativity and reso-
lution.

1. Work organisation
(a) Autonomy

(b) Teamwork

(c) Routine

(I) Repetitiveness
(II) Standardization

2. Technology
(a) Machines (excluding

ICT)

(b) Information and Com-
munication technologies

(I) Basic ICT
(II) Programming

3. Social tasks
(a) Serving/attending

(b) Teaching/training/ coach-
ing

(c) Selling/influencing

(d) Managing/ coordinating

Source: Fernández-Macı́as and Bisello [2017]

The task content dimension is sub-divided according to the
object upon which the task is performed: physical tasks (that
operate on things), intellectual tasks (that operate on informa-
tion) and social tasks (that operate on people)2.

The second dimension of the task classification is subdi-
vided into methods (work organisation), including autonomy,
teamwork and routine, and tools (technology), including the

2Sometimes, the term ‘manual’ is used instead of ‘physical’,
‘digital’ instead of ‘intellectual‘, and ‘service’ instead of social, but
all are partially cognitive (e.g., they cannot be replaced by an animal
or a tool without some kind of complex information processing).

use of basic tools, basic ICT or even programming.
This second dimension of the task typology reflects the so-

cial organisation and technology used in production, and is
therefore more historically and institutionally contingent (for
the production of the same type of goods or services, differ-
ent societies or organisations can use different technologies
or forms of work organisation). However, the categories of
tasks identified in this second dimension are also very rele-
vant for automation and artificial intelligence research. For
instance, a significant part of the literature considers that the
degree of routine involved in a task is the crucial determinant
of its automatability, even if this degree of routine is the result
of a particular form of work organisation and not an attribute
of the task content as such.Thus, a particular (re)organisation
of a task can be a precondition for its automation. For in-
stance, the automation of manufacturing industries in the 20th
Century was preceded by Taylorism and Scientific Manage-
ment, which radically transformed the organization of work
in factories by an extreme division of labour, standardisation
of processes and reduction in the autonomy of workers.

Moreover, there are different transmission channels that
are affected when a human task is replaced by a purely me-
chanical or digital algorithm-driven machine. Machines can
substitute and/or complement human workers. In both cases
they may trigger labour productivity increases for (remain-
ing) workers and/or reduce output prices. The latter may have
in-sector demand effects that may more than compensate the
decline in labour per unit of output. There may also be cross-
sector spill-over effects as higher wages fuel overall demand
for products. Finally, employment and wage effects may re-
sults in an overall re-allocation of workers across sectors and
the elasticity of labour supply will in turn determine the size
of the implications for wages and employment.

A large part of the economic literature on technology
and automation revolves around the traditional capital/labour
(K/L) substitution model with factor augmenting technolog-
ical progress. That model leaves the possibility for increas-
ing employment with capital deepening as long as the sub-
stitution elasticity is lower than 1. A major breakthrough
came with Acemoglu and Restrepo [2016], who propose a
task-based model, which replaces factor augmentation with
direct substitution between human and (automated) machine-
executed tasks. This approach can model how increases in
worker productivity due to automation will not lead to a pro-
portional expansion of the demand for labour.

The history of technological progress since the indus-
trial revolution suggests a positive impact of technological
progress on employment and wages. Despite massive tech-
nological progress and substitution of human labour by ma-
chines across nearly all sectors, unemployment has not in-
creased while incomes have substantially increased. Em-
pirical evidence for the traditional (K/L)-type model yields
positive employment effects towards a skill-biased techni-
cal change. However, evidence for the task-based approach
shows rather negative effects of automation on employment.
These negative results are not surprising, given the emphasis
of the task-based model on the displacement effect and the
focus of the corresponding empirical literature on the manu-
facturing sectors which is prone to routinisation and automa-



tion. Thus, the empirical literature on the impact of automa-
tion/robotisation on the labour market is scarce and not deci-
sive.

3.2 The computational perspective
Computer science originally conceived tasks as transforma-
tions from inputs to outputs. This paradigm is still captured
by sophisticated tasks using AI, such as object recognition,
audio/visual synthesis or even translation. However, today,
after the introduction of the ‘agent’ paradigm in AI, things
became more complex, as AI systems interact with an en-
vironment, rather than just process inputs into outputs. The
notion of a task, especially in reinforcement learning systems,
became more fuzzy, and linked to the notion of performance,
as 100% correctness was no longer a requirement for many
tasks.

In particular, socio-technical systems have stand to gain in
the increased use of algorithms to connect people and tech-
nology. For example, the Facebook News Feed is a socio-
technical system which is made up of users, content and al-
gorithms. In order for the system to work, users need to con-
tribute content (posts) to Facebook’s extensive corpus of in-
formation. Ranking algorithms then select a subset of posts
from the corpus, rank or organise and subsequently present
them to users in ways that they think the user might appre-
ciate. Under such circumstances, there is no real notion of
correctness, but rather, an output resulting based on the prob-
ability of the user’s preferences in related content.

Furthermore, the irruption of several platforms for com-
petitions (and benchmarking) and human computations has
re-encapsulated tasks in a rather narrow way, also chang-
ing the way in which AI systems are compared and their
progress is measured (see Hernández-Orallo et al. [2017];
Hernández-Orallo [2017b]). With respect to benchmarking
platforms, initiatives such as Kaggle3 or Mediaeval4 are struc-
tured on a number of simplified algorithmic tasks. Mediaeval,
a benchmarking initiative focusing on multimedia access and
retrieval algorithms, defines a task by four different charac-
teristics (see Larson et al. [2017]):

1. Dataset provided to the participants, which should be
representative of the problem to tackle.

2. Task definition: an indication of the problem to be
solved, including the expected input and output data for-
mats.

3. Ground truth against which algorithms are evaluated.
This consists on a set of input and output values.

4. One or several evaluation metrics or performance mea-
sures to compare ground truth information against algo-
rithm output.

Under this view, tasks are still input-output, including audio-
visual object recognition, speech recognition, image classifi-
cation, audio-visual synthesis (voice, image), pattern estima-
tion and prediction, similarity computation, translation, sum-
marisation, question answering and interaction, personality
prediction or emotion estimation.

3https://www.kaggle.com/
4http://www.multimediaeval.org/

The other paradigm that encapsulates tasks in a specific
way is represented by human computation platforms (a.k.a.,
crowd sourcing platform). For instance, Amazon Mechani-
cal Turk defines the so-called “Human Intelligence Tasks or
HITs”5. The platform facilitates an exchange between indi-
viduals and businesses, and enables them to coordinate the
use of human intelligence to solve very specific tasks [Loe
et al., 2016]. Often these tasks are sufficiently well defined
such that the ‘workers’ are able to successfully complete the
task without the need of someone physically overseeing the
workload (e.g., “identify the colour of the car in the photo”).

These and other paradigms such as several AI progress
metrics6, which collect problems, metrics and datasets from
the AI research literature to see how things are evolving and
progressing in AI subfields as a whole, contribute to an over-
simplification of what a task is (e.g. something that can be
measured with a benchmark), even from the perspective of
AI. While most of such ‘tasks’ are static, state-of-the-art AI
systems can now address interactive and complex ones. In-
stead of an input-output view, we can thus consider a task as
a process, specified with an input state and desired goal. For
instance, a task for a robot cleaner can be expressed as “clean
a room”, or for a self-driving car, we just say “take me from
A to B safely”.

In the end, encapsulation makes some tasks possible, but
has also restricted the possibilities of the field in making AI
and machine learning what they should be. Actually, because
of these limitations, it is then a major criterion for automa-
tion whether a task can be encapsulated or not, as we can
see in some of the paradigms mentioned in Brynjolfsson and
Mitchell [2017].

4 Discussion
We have seen that different perspectives have very different
conceptions and notions of what a task is, and its implication
for the analysis of automation and the future of work. Nev-
ertheless, there is virtue in the different perspectives and a
comprehensive framework should integrate them.

The task categories from a computational point of view (in-
cluding AI research) are typically much more detailed and
specific than in socio-economic research (because the latter
is typically concerned about the skill specificity, whereas the
former focuses on specific and relatively self-contained tech-
nical processes). But what matters is whether a particular
task (independent of the level of granularity) can be unequiv-
ocally mapped to a common framework structure. Accord-
ingly, we consider the following directions for a multidisci-
plinary framework for assessing the impact of AI on the fu-
ture of work:

1. Target specification: we first need to understand the
labour market in terms of occupations, tasks, skills and
abilities as defined in Section 2.

2. Task mapping: we need to develop an integrated char-
acterisation of tasks and skills such that the two pre-
sented perspectives can be mapped and linked. While

5https://www.mturk.com/
6https://www.eff.org/ai/metrics



skills have been well developed for humans, with some
existing measurement instruments, the arrangement of
tasks in AI in terms of skills or abilities is still very in-
cipient. So what is really a task for both humans and
machines?

3. Impact assessment: we need to study the direction of
AI progress and the way it will affect the defined task
mapping. In this context, we should consider if AI
systems will evolve towards performing particular tasks
(e.g., information retrieval from legal databases), having
some skills (e.g., arguing and counter-arguing in the con-
text of factual evidence and possibly false testimonies),
displaying some capabilities (e.g., learning a new legal
procedure) or mimicking occupations (e.g., a lawyer).

In order to be able to understand this impact, we need to un-
derstand the process in which a human or a machine is ulti-
mately able to perform a particular task. On the one hand,
humans go through a process of cognitive development dur-
ing their childhood, then receive some primary and secondary
education, where they acquire some fundamental skills, fol-
lowed by more specialised skills and knowledge in tertiary
education or professional training. Ultimately, in the work-
place, companies are constantly retraining workers to develop
more specific skills. All these processes are strongly affected
by innate human attributes such as cognitive abilities and per-
sonality traits, which are understandably so relevant in per-
sonnel selection. There are many trade-offs in this process,
even if we just look at efficiency from the economic perspec-
tive alone. On the other hand, machines in the workplace
seemed easier to understand, just a few years ago. They were
programmed to do a very particular task, which had to be ex-
pressed with a very precise specification, so that a software
project could develop it. However, with a new AI based on
machine learning, many AI services and applications are not
specified, but trained, in the same way skills are trained for
humans.

This is creating a –virtuous or vicious– circle, as the irrup-
tion of more automation through traditional software systems
and new AI systems is changing the tasks that have to be done
and the way they are done. Consequently, skills have to be re-
trained more often. And, as an ultimate result, those workers
that are more independent and adaptable, i.e., requiring less
supervision and learning faster, with more open personalities,
are being more valuable in the organisations. But computers
do not fall short, and those systems that are more independent
and adaptable, or using the AI terminology, more autonomous
and general, may start to become a reality in the workplace
too. Let us explore these two features:

• Autonomy: we should consider the role of AI autonomy
in the workplace, i.e., understanding how tasks and jobs
will be transformed around the degree of autonomy of
AI systems, under the two perspectives. In this respect,
we need to investigate the appearance of new human
tasks to make AI systems supervised, trained, taught
or controlled, and analyse which skills are required for
these new tasks, and how the very character of supervi-
sion may change as well, and become semi-automated.
Also, several degrees of autonomy have to be seen in

terms of what parts are left unautomated, and whether
they can be encapsulated as “human computation” tasks,
which makes the whole system more efficient.

• Generality: we need to study the role of generality and
general AI in the way we define tasks at different gran-
ularity levels, as many occupations today are not char-
acterised by specific procedures but by flexibility for
new situations. What are the trade-offs, for the human,
computational and economic perspective of more gen-
eral and adaptable systems that require adaptation and
training? All this requires definitions and metrics of gen-
erality in AI systems. Is generality defined as covering a
wide range of tasks, a wide range of skills, a wide range
of abilities, etc.? For instance, is it a personal assistant,
endowed with a fixed menu of tasks, general? Or is it
only general if it can learn to do more tasks?

Autonomy and generality are central attributes of human
labour, that fundamentally differentiate it from any form of
machine automation that has ever existed (of course, this may
change in the future). It is therefore an interesting historical
paradox that the direction of economic progress tends to re-
duce rather than extend the degree of autonomy and general-
ity of human labour in productive processes. As Adam Smith
argued more than 200 years ago, economic growth is strongly
linked to an increasingly detailed division of labour, which
relies on complex and bureaucratic organisational forms (that
reduce autonomy) and an increasingly narrow specialization
of labour (that reduces generality). These tendencies imply a
routinisation of some forms of labour, which paves the way
for their eventual automation. Since machines remain limited
in terms of autonomy and generality compared to humans,
the human labour displaced by automation has historically
tended to move to activities that require autonomy and gen-
erality. But the same process of increasing division of labour
and routinisation affects those activities too, so that the fron-
tier of automation is a moving target. This process explains
the continuing existence of human labour despite so many
waves of automation, but it could be abruptly transformed by
the development of AI systems with autonomy and generality
comparable to humans.

In economic terms, more autonomous systems are effi-
cient since less effort is required for supervision. In addi-
tion, higher generality can increase cost-effectiveness of AI
systems, if it makes re-training an ”AI worker” for a differ-
ent task easier and less data-demanding. It is not clear then,
especially in the future, and according to the computational
perspective, whether autonomy and generality are opposed
parameters. AI research is making an effort to have systems
that require less effort for training and supervision (more au-
tonomy), and simultaneously have better transfer and devel-
opment capabilities (more generality).

In this changing scenario, where tasks can be performed
by humans or machines, and skills can be acquired by both
through a training process, we need to have a more compre-
hensive view of the following question: ”is Y suitable for
a set of tasks S?”, when Y may be a human or a machine.
This shifts the personnel selection process to a completely
new direction. Human resources in an organisation must be



understood as cognitive resources, independently of their bi-
ological or artificial source.

Of course this creates great challenges, especially in terms
of evaluation. For a specific task, e.g., a movie recommender
system, current evaluation protocols based on performance
can work well, but if the set of tasks is large and variable, we
may need to evaluate whether an AI system has certain skills,
ultimately, taking us towards the evaluation of AI in terms of
abilities rather than tasks [Hernández-Orallo, 2017a].

There seems to be an important cross-effect of generality
and autonomy on reliability, as making AI systems more gen-
eral and autonomous is usually at the cost of the reliability of
perfectly delineated and dependable software systems, usu-
ally operated by humans. We also need to understand the
extent to which AI systems are reliable across different in-
dustries. Moreover, presence of reliability needs to be deter-
mined over time.

Finally, given that AI is increasingly used in high stake
environments such as judicial systems, college admission,
medical intervention or job recruitment, it is imperative that
these systems are evaluated thoroughly and held accountable
for the decisions on specific tasks in the workplace. This
means that, when developing new AI systems and assessing
its progress, it is necessary to shift effort towards evaluation
on other dimensions relevant to social value, economic value,
and scientific progress, such as compute efficiency, data ef-
ficiency, novelty, fairness, transparency, replicability, auton-
omy, and generality.

5 Conclusion
This position paper provides a multidisciplinary perspective
to the concept of ‘task’ and sets a discussion on how to
map human and computational tasks on a same framework.
Progress in developing this mapping can then be exploited
to study the impact of AI systems on the future of work. In
order to do that, we have seen that we need to get an under-
standing of how relevant autonomy and generality –for both
humans and AI systems– are when performing certain tasks.
Accordingly, we discuss directions that a multidisciplinary
framework would have to take for assessing the impact of AI
on the future of work.
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Thórisson. A new AI evaluation cosmos: Ready to play
the game? AI Magazine, Association for the Advancement
of Artificial Intelligence, 2017.
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