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Abstract

In the era of digital transformation, companies are
increasingly confronted with the challenge of
organizing human-machine collaboration to ensure
seamless and efficient operations. This paper explores
the evolving landscape of organizational functions,
where the convergence of human resources and
automation resources 1S giving rise (o a new
productivity resources management function. As
organizations adapt to the digitalization of work, the
need for an integrated approach to managing
productivity resources—whether human, machine, or a
combination of both—becomes paramount. Central to
this integrated approach is the role of language as part
of an “intercultural” communication between humans
and machines. By examining the linguistic and
intercultural dimensions of mutual understanding in
human-machine collaboration, this paper systematizes
the conceptual tasks ahead that have to be strategically
incorporated into companies’ digitalization of work
initiatives.

Keywords: human-machine collaboration, productivity
resources management, synergy, language, intercultural
communication

1. Introduction

Undeniably, a big change is imminent in
companies: automation is making great strides forward.
As can be seen from exponential improvements in
computing (e.g., McAfee & Brynjolfsson, 2017), use of
infinitely high amounts of information (e.g., Roetzel,
2019), and recombinant innovations (e.g., Coombs et
al., 2020), digitalization is becoming increasingly
pervasive. It shows itself in robotics, automation of
machines, and in artificial intelligence (Al; e.g., Haefner
et al., 2023). (To demystify and de-ideologize it right
from the start: Machines are no autonomous actors that
come into existence without human planning and
creation, they are rather made by humans to fulfil human
purposes.)
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Not surprisingly, there are numerous academic
debates surrounding automation in business. Companies
increasingly rely on digitalization, automation, and
workplace innovation to enhance profitability and
ensure economic sustainability (Loureiro et al., 2021;
Abou-foul et al., 2021). This raises concerns about how
employees emotionally cope with automation, including
managing expectations (Huang et al., 2019), fear
(White, 2019), and stress (Korner et al., 2019).
Additionally, there is a long-standing socio-political
debate on whether automation will lead to widespread
unemployment (e.g., Brynjolfsson & McAfee, 2014,
McClure, 2018; Schmidpeter & Winter-Ebmer, 2021)
where robots, machines, and Al are overruling
substitutes of the valuable work of humans (e.g., Grace
etal., 2018), or create new job opportunities by allowing
humans to focus on value-enhancing tasks (e.g., Bessen,
2019). Finally, the discussion extends to normative
business ethics, questioning the desirability of a future
where machines take on an increasing share of work.
This opens the discussion towards the general
perspectives on the relationship between humans and
machines (e.g., O’Gieblyn, 2021) in organizations.

Today, the prevailing consensus refers to the
argumentation that organizations achieve most
performance improvements when humans and machines
work together (Wilson & Daugherty, 2018). Therefore,
the prevalent envisionment of the future of work
includes humans and machines acting cooperatively
towards synergy-creation (e.g., Jarrahi, 2018; Libert et
al., 2020). This is where the research field of human-
machine collaboration comes into play (e.g., Zhang,
2022). Generally defined, it represents the “partnership
between humans and intelligent machines, with
intelligent machines performing the mundane and
repetitive tasks, allowing individuals to handle the more
complex tasks.” (Li et al., 2023, pp. 2920-2921).
Because this collaboration takes place in different
organizational fields, current research transcends the
domain of information systems (e.g., Melville & Robert,
2023) into management. Researchers focus on
collaboration in  (managerial)  decision-making
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(Haesevoets et al., 2021), leadership tasks (e.g., Tsai et
al., 2022), employee recruitment (e.g., Hoffmann et al.,
2018), and the creation of employees’ acceptance of
collaborative machines in general (e.g., Del Giudice et
al., 2023).

As a distinct corporate function with a people-
centered value-adding mission (e.g., Piwowar-Sulej,
2021), it is HRM that has the clear mandate to act:
design the future of service provision in which people
and machines are equally involved. HRM needs to shape
the future not only reactively but proactively and with a
clear strategic orientation (Stein, 2022). Although a
current status survey (Minbaeva, 2021) implies that
HRM has not adequately prepared neither itself nor the
employees for the HR-related disruptions associated
with digitization, automation, Al, and machine learning,
it is nevertheless the responsibility of HRM to
deliberately take initiatives in management (Steffensen
etal., 2019) to respond to automation. Consequently, the
question arises as to the impact of the work of the future:
What combination of humans and machines working
together will emerge (e.g., Aleksander, 2017)? And how
will the human-machine relationship be specifically
designed in terms of refined corporate functions fit for
the future?

A constructive approach that substantially distances
itself from the simplistic either/or discussion on humans
and machines (Elliott, 2018) according to the pattern
“when one rises, the other one falls”, begins with the
collection of the undeniable comparative advantages of
humans and machines. Humans can, among others, be
creative, judging, socially empathetic, and situationally
valuable (e.g., McAfee, 2014; Pistrui, 2018). Machines
can work constantly, error-free, technologically
sustainably, and cost-efficiently (e.g., Deloitte, 2015).
Combining these comparative advantages in terms of
synergy (Goold & Campbell, 2000) and in the sense of
a “collaborate advantage” (Huxham & Macdonald,
1992, p. 51), the associated expectation is that, as a
result, modern companies, given any constraints in
terms of resource and skill availability, will succeed in
securing creativity and innovativeness while setting up
their business model to be crisis-resistant in the long
run.

To develop this position of HRM towards ‘control
from a single source’, it is suggested in theory that HRM
and  production-oriented  automation  resource
management be integrated into one single corporate
function (Stein & Scholz, 2020). This “productivity
resources management” function would strategically
manage the planning, recruitment, assignment, and skill
development of both humans and machines, ensuring
productivity under changing technological and social
conditions. With reference to the dynamic capability
framework (Teece, 2018), this function would become

the central dynamic resource reconfigurator for both
human and machine resources, aiming for a synergistic
rather than merely additive integration. This requires
careful design and implementation.

To leverage the organizational synergy of the
productivity resources management function, it is
necessary to shape the intersection of machines and
humans systematically. This induces HRM to, for
instance, advance human machine resource training and
development (e.g., Stein & Uebach, 2022) due to shorter
knowledge lifecycles resulting from the speed of
technological change (e.g., lvanova & Leydesdorff,
2015). While there already exist studies on approaches
to foster human-machine collaboration (e.g., Berente et
al., 2021; van den Broek et al., 2021), some important
aspects of a synergistic relationship have not yet been in
the focus of HRM research. One is the mutual
understanding of humans and machines. For that, the
role of language and culture needs to be considered.

Understanding human-machine collaboration as a
“multilingual” setting where humans and machines
“speak” different languages, research already provides
much guidance on how to optimize communication
(e.g., Dotan-Eliaz et al., 2009; Yanaprasart, 2018).
Alternatively, human-machine collaboration may
potentially lead to a hybrid, unified language, which has
already attracted the attention of cross-cultural language
researchers (e.g., Gaibrois, 2018). At this point, a first
parallel between modern human-machine collaboration
and intercultural  collaboration  (and later:
communication) appears: Both research fields shift their
focus from the conflict paradigm to the connecting,
constructive, synergistic paradigm (e.g., Barmeyer et
al., 2021). Therefore, for human-machine collaboration,
it seems promising to learn from language-sensitive
approaches (e.g., Karhunen et al., 2018) in international
and cross-cultural research to leverage a mutual
understanding of humans and machines.

Accordingly, the research question is as follows:
How can language be employed in a targeted manner to
facilitate a substantial human-machine collaboration? In
other words, how can language, in that field, prepare the
ground for constructiveness and synergy creation
between humans and machines? To approach this
question, we conceptually develop a systematization of
two different ways language can deal with human-
machine collaboration.

2. Literature review

2.1 Human-machine collaboration

Human-machine collaboration originates in the
research field of human-machine interaction (HMI)
(e.g., Johannsen, 2009) with its focus on the influence
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of automated machine technology on human work. It
concentrates on user-centered design while creating
technology and interfaces which are easy and intuitive
to use. By some researchers (e.g., Yanco & Drury,
2002), human-machine collaboration is seen as a
subdomain of HMI, where among others, the extent to
which machines still need human intervention
determines the design of the collaboration setting.
Human-machine collaboration then developed in the
field of Al, being studied in different research
disciplines like information systems, engineering,
medicine, or management (Tsai et al., 2022). The
growing use of Al in organizations led to an increasing
research interest of the relationship between human
resources and Al (e.g., Sowa et al., 2021), and to the
introduction of human-Al collaboration (e.g.,
Kolbjarnsrud, 2024; Raftopolous & Hamari, 2023). Due
to not only Al being used in organizations, we stick to
human-machine  collaboration, with “machines”
referring to all sorts of intelligent machines (e.g., Al,
algorithms, robots, etc.; e.g., Carlson et al., 2017).
“Intelligent” refers to the fact that, while intelligent
machines are not yet comparable to humans
(Aleksander, 2017), they are developing capabilities
that increasingly mimic human cognitive abilities. Thus,
automation is better described as intelligent automation
(Coombs et al., 2020), complementing human work.

2.2 Framing and language

According to Weber (2003), addressing real-world
problems requires moving beyond the surface-level to
explore underlying issues. We argue that one underlying
issue in human-machine collaboration lies in the lack of
mutual understanding between humans and machines.
This stems from the fundamental differences in how
machines and humans “speak”. For that, the constructs
of framing and language need to be considered.

A frame is defined as “principles of organization
which govern the subjective meanings we assign to
social events” (Goffman, 1974, p. 11), which indicates
that framing is defining a frame. In a process-related
definition, framing is about “[selecting] some aspects of
a perceived reality and [making] them more salient in a
communicating text, in such a way as to promote a
particular problem definition, causal interpretation,
moral evaluation, and/or treatment recommendation for
the item described” (Entman, 1993, p. 52). Framing is
based on the individual sense-making process (e.g.,
Weick, 1995; Cornelissen & Werner, 2014), which can
be defined as the act of deriving meaning from one’s
experiences. It also relies on the use of representations,
which are mental symbols that represent external reality.
These two components provide the cognitive input for
the interactional communicative process (Carnevale,

2011), which is accomplished by language (Kramsch,
1998). It impacts the social construction of reality (e.g.,
Watzlawick, 1984; Steinberg, 1998) in that language
and social practice interact (e.g., Dewulf et al., 2009;
Gray et al., 2015) to construct collective meaning (e.g.,
Benford & Snow, 2000; Burr, 2024). Some researchers
have highlighted the potential for manipulation in
framing (e.g., Kelly, 2017; Purdy et al., 2017).
However, this is a risk inherent to any form of
communication. Ultimately, language-based framing
influences individual decision-making (e.g., Nutt, 1998)
and behavior (e.g., Litrico & David, 2017).

3. Methodology

We develop a conceptual article (e.g., Rocco,
2009). Based on Jaakkola (2020), there exist four types
of conceptual articles: theory synthesis, theory
adaptation, typology, and model. We will utilize the
theory adaptation type, which changes the perspective
of an existing concept by informing it with other
theories or perspectives. Applying the adequate research
design Jaakkola recommends, our theoretical starting
point is the concept of human-machine collaboration.
Then we expand this concept by integrating the concepts
of language and “interculturality.” Based on that, we
identify new dimensions of human-machine
collaboration.

4. Systematizing mutual understanding in
human-machine collaboration

The ongoing evolution towards a productivity
resources management is based on the psychological
redefinition of the relationship between humans and
machines at work. Given that control is in a single hand,
both categories of resources must be treated according
to the equal logic; the productive resources are, at least
in principle, interchangeable. For mutual understanding
of human and machine resources, language comes into
play. Critical discourse analysis, a method to examine
how language reflects, reinforces, or challenges power
dynamics and ideologies (e.g., Fairclough, 2005),
provides a fitting framework. Based on that, two
systematization logics are central:

(d) Humans and machines talk about each other
(textual/discursive perspective) — in terms of
developing a new narrative on work that shapes
how humans and machines are perceived and
understood by each other and the stakeholders.
This logic looks at how language is used to
describe individuals, groups, or social issues;
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(b) humans and machines talk to each other (social
perspective) — in terms of enabling the concrete
interaction and collaboration between humans
and machines. This logic examines how actual
communication reflects and shapes social
interactions, cultural norms, and power
dynamics.

The combination of these two logics represents the
essence of the framing process.

4.1 Humans and machines talk about each
other

Humans determine the framing of conceptualizing
human-machine collaboration, reflecting their sense
making of the cooperation between humans and
machines. In a discursive construction (e.g., Frangois &
Legallois, 2022), they acquire the proponents of an
integrative organizational combination of different
productive resources as active supporters and try to
convince skeptics (Kolbjgrnsrud et al., 2017). The
humans have a divergent and a convergent approach to
choose from. In the divergent approach, they emphasize
the difference between humans and machines, which
corresponds to a conflicting basic assumption, and leave
the incompatibilities and incommensurateness in the
foreground. In the convergent approach, it is assumed
that there is a common ground for the work of humans
and machines, becoming visible in a unified language.
Two subforms are possible:

e Humanizing machines in language. It is well
researched that the attribution of mental states
to nonhumans is typical for social cognition,
with language as one of the main factors of
mind perception (e.g., Schweitzer & Waytz,
2021), leading to emotional reactions to
machines (Savela et al., 2021). This can be
observed to some extent when robots that are
even partially equipped with human attributes
are anthropomorhized. A well-known example
is the care robot Pepper (Handke, 2020) which
illustrates the phenomenon of machines being
given names. Another recent example is the
appearance of OpenAl’s Sky personal assistant,
whose voice bears a striking resemblance to
that of actress Scarlett Johansson (Allyn,
2024). By attributing similarity and creating a
perceived connection, humans tend to feel less
fearful toward machines. Still, caution must be
exercised to avoid exaggeration. When
machines appear or act in ways that are
perceived to be unpleasantly lifelike, for a
person’s sympathy for the machine to suddenly

change to a weird feeling, a phenomenon
known as the “uncanny valley” (Mori et al.,
2012). The advantage, however, of this
approach is that it becomes clearer that
machines are working partners — the buzzword
“robot colleagues” (Klotz, 2016) underlines
this — and that the comparative advantages of
the machines become much more visible, since
the direct comparison to the alternative output
of human work can be drawn.

Machinizing humans in language. Here
humans, like machines, are referred to as
resources: Both are productivity (input),
competencies  (throughput), and  task
fulfillment (output). The advantage is that
integrated resource planning is simplified,
since it can be operationalized and measured in
the same language and is decoupled from
human emotion aspects. The disadvantage is
that this mechanism is not unproblematic
because it constructs new reality in multiple
ways. On the one hand, psychological distance
is built up from humans towards humans,
which creates fear that (at least some) people
want to treat employees inhumanely (on the
pitfalls: Parasuraman & Riley, 1997). This is
the same criticism that was raised in the human
capital debate, namely that human capital
would be a “degrading designation of people as
economic entities” (Schlosser, 2004) what
threatens, in the end, human rights. Although
they neglect that an existing technical
terminology, in the sense of a convention of an
academic community, usually implies an
agreement on a specific meaning of the used
wording, it must be said that stakeholders are
allowed to have their own interpretation. If
such problems arise in discursive construction,
then the framing effectiveness was obviously
insufficient. On the other hand, the far-
reaching integration of humans and machines
in resource control will further accelerate the
psychological redefinition of the relationship
between employees and machines. In the field
of language, Utych and Fowler (2021) recently
showed empirically that what they call
“positive dehumanization”, i.e., the use of non-
human metaphors for people (often: animals;
both in negative and positive direction),
impacts the managers’ perception of
employees in their workplaces, with regard to
the evaluation of personal traits, talents, work
engagement, or human uniqueness. It would
have to have similar effects if people as well as
machines were referred to in a unified abstract
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resource productivity terminology. Companies
need to have this on their radar screens.

The decision for one of the subforms, i.e., the
question of defining a common vocabulary, depends on
the definition power (e.g., in the intercultural context:
Logemann & Piekkari, 2015) of those involved.
Teleological  criteria  include, among others,
comprehensibility, contextual appropriateness, non-
discrimination (Ferrer et al., 2021), inclusiveness and
immersion (Ayanoglu & Duarte, 2019), ethical basis
(Bankins, 2021), and openness to creativity.

Ultimately, it is imperative the life worlds of
humans and machines being bridged in communication.
A suitable, though rarely used, bridging mechanism is
“cultural transduction” (Uribe-Jongbloed & Espinosa-
Medina, 2014). With its origins in biology or
engineering, cultural transduction research observes the
flow of cultural artifacts, such as settings from television
series or culturally typical behaviors performed by
actors, from one cultural context to another. It focuses
on the process of how to involve people who follow a
certain type of cultural behavior in their own
environment into cultural experiences from other
cultures. For example, cultural transduction explains
why and how a successful TV series produced in
country A becomes an economic success in country B.
The bridging mechanism of cultural transduction
includes the de-contextualization of culture-specific
aspects such as behaviors or settings from the original
culture and thereafter either the transfer as an a-
contextualized product or the intended re-
contextualization for another culture. If the humans and
machines are analogously viewed as two cultures to be
bridged, the question arises how to apply these bridging
mechanisms in constructing a unified language with a
broadly accepted terminology for the productivity
resources management. Although the answer is still
open, it may boil down to humans being de-
contextualized from their anthropocentric context while
machines are re-contextualized into humanity. By doing
this intentionally, the likelihood of a successful
intercultural convergence in mutual understanding can
be increased in advance.

4.2 Humans and machines talk to each other

Succeeding communication between humans and
machines in application is even more difficult. In terms
of its prerequisites, it is different from intercultural
communication, in which there are different cultures
and different languages, but still in the form of a human-
to-human  communication.  In  human-machine
communication, there are also different cultures and
different languages, but in the form of a human-to-non-

human communication. A social constructivist
perspective is adopted here, following Piller’s (2007)
conceptualization of intercultural communication as the
process of constructing shared meaning among
individuals from different cultural backgrounds. This
can be done through the use of a common language or
through the use of different languages. At its core, it is
about “negotiating culture” (Brannen & Salk, 2000),
where second language proficiency is sometimes seen
as a skill that allows one to maintain communication in
the second language, thus complementing first language
communication (e.g., Benzie, 2010). Therefore, it
remains to be clarified what “machine culture” is. The
notion of machine culture (e.g., Natale & Guzman,
2022; Brinkmann et al., 2023) involves the
transformation of cultural evolutionary processes by
intelligent machines, including variation, transmission,
and selection, in that machines contribute to shaping
cultural practices, generating cultural traits, and
mediating sensibilities and assumptions of humans.

Over the timeline, a continuous evolution can be
observed. The starting point for the communication
among humans and machines are different language
systems of humans and machines, the one of the
machines being algorithms. This implies a given setting
of multilingualism (e.g., Yanaprasart, 2015; Baltzer et
al.,, 2019) and the need of “translation” between the
respective languages within processes of “intercultural
communication.” It is important to emphasize that the
original meaning in the original contextualization
should be carried over as precisely as possible in order
to transmit the sender’s intention, reaching a “re-
production” or, again, a ‘“re-contextualization” of
meaning. Of course, humans have taught the machines
this algorithmic language before so that the machines
fulfill their tasks.

In a first evolutionary step, algorithms are evolving
into the new lingua franca of human-machine
collaboration. This is associated with an ongoing
assimilation of people: “these days, you can’t do without
English” is complimented by “these days, you can’t do
without algorithms.” In corporate practice, this pertains
to the field of coding: data scientists are responsible for
programming machines to perform specific tasks. This
process is not limited to the use of human-generated
algorithms; Al can already do this independently by
utilizing code databases and low code development
platforms (e.g., Phalake et al., 2023). Nonetheless,
algorithm is not a natural language. The problem of
developing a lingua franca, which presumably takes the
form of a natural language, from a programming
language, has not been solved in research yet.

But maybe this does not even have to be done,
because in a second evolutionary step, the algorithms
are more and more used to cope with multilingualism
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problems. As in automatic language translation
programs (e.g., Winkler & Kuhn, 2017), where what is
written (and in the future, spoken) in one’s own
language is translated into the language of the other
person in real-time, machines can interpret
(‘understand’) what humans want from them. Machines
do not yet have the full capabilities of humans, but can
approach human-like thinking; they become more and
more intuitive and learn to understand fuzzy logic and
human unprecision in terms of natural language
processing (e.g., Chowdhary, 2020). In particular in the
context of human-Al collaboration, this is referred to as
“prompting” (e.g., Ratnayake & Wang, 2024) which is
defined as a natural language processing process in
which a task to be completed by the Al is written by the
human into the input field as an intent-based result
specification, as opposed to the conventional approach
of providing concrete commands and thus implicitly
specifying the task solution. Prompting necessitates the
possession of proficient skills in formulating precise and
well-structured instructions to elicit the desired
responses from Al models. Conversely, generative Al
also performs prompting: It prompts distracted workers
to resume tasks by generating a continuation of their
work, presenting it as an intervention that draws interest
and lowers the hurdle for resumption (e.g., Arakawa et
al., 2023).

And, in a third evolutionary step, algorithms make
the machines themselves capable of communicating in
human language. For example, there are writing
assistants like Jarvis, ShortlyAl, Cortical.io, or
Microsoft Copilot in which machines write texts and
develop new trains of thought that humans can then
develop further. Likewise, text-to-image Al assistants
such as DALL-E and Midjourney, which generate
images from text input, demonstrate the capacity for
rapid comprehension of human language (e.g., Toy,
2024). This is “real” human-machine collaboration. At
this point, advanced “intercultural” communication
between humans and machines may become possible. It
will be a challenge for the future to discuss the
opportunities and limitations of machines for cultural
learning as a process of creating explicit and tacit
cultural knowledge (e.g., Lenartowicz et al., 2014)
based on social interactions (e.g., Damsa & Ludvigsen,
2016) between humans and machines.

5. Discussion

We systematized two ways of how language can
prepare the ground for constructiveness and synergy
creation in human-machine collaboration. If HRM is in
charge, it can create a successful intercultural
convergence and mutual understanding between
humans and machines by (1) choosing a common

vocabulary when talking about humans and machines,
and (2) by leveraging an intercultural communication
through observing and gradually formulating a
“machine culture”. In doing so, HRM positions itself as
a productivity resources management function to create
synergy in the human-machine relationship.

While in intercultural communication, humans talk
to humans who have similar skills of understanding,
interpreting, etc., for human-machine collaboration,
humans must first enable machines to meet the
requirements of intercultural dialogue. This is initially a
technological challenge. Therefore, one limitation is
that we did not include the analysis of first, the general
technological requirements (see Uren & Edwards,
2023), and second, of the respective workforce
requirements (skills, positions, etc.; see Kim, 2022).
These requirements may influence the realization and
success of integrating language. Additionally, we did
not include an investigation if there exist cultural
differences on the human side of the collaboration.
Differences in vocalizations and figures of speech
would influence the country-specific and organization-
specific vocabulary and communication.

Since a machine culture has not been defined yet,
practitioners need to at first assess which vocabulary
they want to choose. Defining a common ground is
important for a constructive relationship. Since HRM is
the chosen function to lead, it should oversee the
assessment and communication of that common ground.
HRM needs to be aware that a common language is an
instrument to build mutual understanding (Joseph,
2006). This is another building block to manage humans
and machines in a synergistic manner. Research is now
asked to further develop the concept of a machine
culture. Does it, equally to Schein’s (2010)
conceptualization of a company culture, differ across
organizational and national borders or not? In any case,
machine culture has the potential for multiple societal
implications at the interaction interface with human
culture.

6. Conclusion

It will be a joint future task of human-machine
collaboration researchers to facilitate communication
across the boundary between humans and machines
leading to the need for “intercultural communication.”

Is human-machine collaboration already an integral
part of the agenda for companies that try to organize
themselves for the digitalization of work? There are
many indications that they are only at the beginning
here, and that issues to be tackled go far beyond purely
technical integration to include cultural, social and, of
course, ethical issues. If companies decide to rethink the
organization of productivity resources, i.e., to plan and
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use human and machine resources in an integrated way,
productivity resources management, as an innovative
corporate function, can play an important role in
managing linguistic and “intercultural” endeavors.

The Op artist Bridget Riley once said: “The absence
of a language shared by all is, by virtue of its absence,
the only common ground there is” (Riley, 1995, p. 29;
translated by the authors). Ultimately, modern,
digitizing companies are about overcoming precisely
this state of communication gap between humans and
machines.
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