
Lessons for GenAI Literacy From a Field Study of
Human-GenAI Augmentation in the Workplace

Aditya Johri
Information Sciences & Technology

George Mason University
Fairfax, VA, USA

johri@gmu.edu

Johannes Schleiss
AI Lab

Otto-von-Guericke University
Magdeburg, Germany

johannes.schleiss@ovgu.de

Nupoor Ranade
Rhetoric & Technical Communication

Carnegie Mellon University
Pittsburgh, PA, USA

nupoor@cmu.edu

Abstract—Generative artificial intelligence (GenAI) is increas-
ingly becoming a part of work practices across the technology
industry and being used across a range of industries. This has
necessitated the need to better understand how GenAI is being
used by professionals in the field so that we can better prepare
students for the workforce. An improved understanding of the use
of GenAI in practice can help provide guidance on the design of
GenAI literacy efforts including how to integrate it within courses
and curriculum, what aspects of GenAI to teach, and even how to
teach it. This paper presents a field study that compares the use
of GenAI across three different functions - product development,
software engineering, and digital content creation - to identify
how GenAI is currently being used in the industry. This study
takes a human augmentation approach with a focus on human
cognition and addresses three research questions: how is GenAI
augmenting work practices; what knowledge is important and
how are workers learning; and what are the implications for
training the future workforce. Findings show a wide variance
in the use of GenAI and in the level of computing knowledge
of users. In some industries GenAI is being used in a highly
technical manner with deployment of fine-tuned models across
domains. Whereas in others, only off-the-shelf applications are
being used for generating content. This means that the need for
what to know about GenAI varies, and so does the background
knowledge needed to utilize it. For the purposes of teaching and
learning, our findings indicated that different levels of GenAI
understanding needs to be integrated into courses. From a faculty
perspective, the work has implications for training faculty so that
they are aware of the advances and how students are possibly, as
early adopters, already using GenAI to augment their learning
practices.

Index Terms—generative artificial intelligence, engineering ed-
ucation, computing education, AI literacy, workplace studies

I. INTRODUCTION

Educating the future technology workforce, including en-
gineering and computing students, requires building a more
robust understanding of the impact of artificial intelligence
(AI), and especially generative AI (GenAI) on how techno-
logical work gets done [1]. Microsoft and LinkedIn’s 2024
Work Trend Index Annual report [2] released in May 2024
reports that use of generative AI has nearly doubled in the
last six months, with 75% percentage of global knowledge
workers using it. It also reported that if an organization did not
have guidance on the use of GenAI, employees were taking
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things into their own hands and hiding their use of GenAI.
They reported that 78% percentage of GenAI users, in their
sample, brought their own applications to work. Furthermore,
they found that 53% percentage of respondents who use GenAI
at work worried that using it on important work tasks made
them look replaceable.

From the organization perspective, according to the report
[2], a majority (55%) of leaders said they were concerned
about having enough talent to fill roles in the year ahead as
use of GenAI increased. Furthermore, 66% of leaders say they
would not hire someone without AI skills and 71% say they
would rather hire a less experienced candidate with AI skills
than a more experienced candidate without them. This means
that junior candidates who have AI skills may have an edge
as 77% of leaders expressed a preference for giving early-
in-career talent with AI skills greater responsibilities. Finally,
the report provides a window on how power users of GenAI
reoriented their work patterns. The power users are 56% more
likely to use AI to catch up on missed meetings, to analyze
information (+51%), to design visual content (+49%), to
interact with customers (+49%), and to brainstorm or problem-
solve (+37%). Furthermore, the power users are moving past
efficiency gains in individual tasks and are 66% more likely to
redesign their business processes and workflow with GenAI.
Overall, the report, even though it is by a private firm with
a stake in selling and advancing GenAI applications, firmly
establishes the high integration of GenAI in the workplace.

Given the advances in current and possible future use of
GenAI in the workplace, we need a better understanding
of the scope of where this new technology is used, how
effective it is, and what are its limitations in practice, i.e.
integration of GenAI within the workplace ecology [3]. This
knowledge can then be used to design courses, curriculum,
and training to prepare students for the technical competency
required as well as professional skills that are essential for
being successful in the workforce [4]. With GenAI, it is also
important to do this research to move away from the debates on
plagiarism and cheating that have dominated the educational
landscape and work towards integrating it in teaching and
learning in a more productive manner [5]. Consequently, it is
important to undertake research studies of how professionals
are using AI and GenAI to provide students the capability to



work with GenAI, including emerging skills such as prompt
engineering [6] [7]. This will also enable us to achieve the
overall important goal of improving students’ AI literacy [8],
[9].

Within the spectrum of AI, GenAI is unique in that it
provides affordances not only for those with high expertise
in computing to use it, but even those who are technologically
literate to a lesser degree can use the conversational interfaces-
based applications such as ChatGPT and Dall-e with high
proficiency [10]. Therefore, the use of GenAI seemingly has
the potential for a much larger impact across a range of jobs
and industries. Although there is necessarily an element of
hype around GenAI, similar to any potentially transformative
technology, there is also increasing evidence of its impact
across industry functions. For instance, those in the technical
writing, marketing, and consulting industry are integrating
the use of GenAI, especially ChatGPT and related LLM-
driven applications, across many functions. With the release
of multi-modal GenAI application, this is likely to increase
across industries such as customer service. There are also case
studies documenting the use across a range of jobs that require
software development or coding.

Given the relatively new adoption of GenAI in the work-
place, there is a lack of consistency in how it is being used but
the experimental ways in which people are using it is a good
indicator of its capabilities. Therefore, this is an apt time to
undertake a preliminary study that can inform future work in
the area. With this goal in mind, we conducted a comparative
study with project team members in three organizations to
examine how GenAI is being used or experimented with
across different kinds of projects. We intentionally picked
companies and projects that provided us with a spectrum of
work from very highly technical to less technical in nature.
Through our study we draw implications for the importance
of studying GenAI use in both highly technical workplaces but
also aligned spaces where the technology is used largely as an
end-user facing application. We also reflect on the nature of AI
literacy in this context – what it means, how we can develop
it better. Overall, we take an augmentation perspective, that
is, how is GenAI able to work with humans to make their
experiences and the work outcomes better.

II. THEORETICAL FRAMEWORK

A. Human-GenAI Augmentation

For millennia, the ability of humans to augment their
physical and mental activities with tools has been a defining
characteristic of the species. From simple physical tools such
as hammers and sickle, to highly sophisticated ones such
as language and writing, and then to more advanced ones
such as printing press to calculator, the ability of humans to
augment their capacity is critical to its achievements. Human
augmentation is the field that looks specifically at the abilities
of how humans and their functioning can be enhanced or
augmented through the use of technology, including physical
or medical technology, in addition to newer forms of digital
technologies. According to Raisamo et al. [11], in the current

context, human augmentation can be subdivided into three cat-
egories: 1) augmented senses that involves augmenting vision,
hearing, haptic sensation, etc., 2) augmented action which
involves things like motor movement, amplified force, remote
presence, etc., and 3) augmented cognition which is focused
on information-based interaction or adaptation. Although the
three forms of augmentation are correlated and inform each
other, in this paper, we focus on augmented cognition and how
technology shapes cognition and cognitive activities.

With the rise of AI, there is now a serious interest in
studying intelligence augmentation [12] to understand the aug-
mentation that comes with the use of AI-driven technologies
and applications [13], including robots [14]. This focus on
augmentation is driven by the awareness that full automa-
tion is far away and also that automation can have severe
repercussions for workforce development. Therefore, scholars
have argued that in order to enhance human functioning, it is
important for AI to complement human skills [15] and work
in a symbiotic manner [16]. Consequently, in our research,
the human-AI augmentation relationship was one of the core
focus areas especially as work is a very diverse activity and the
context of where it takes place, and how shapes its outcomes.
Furthermore, any context or organization creates its own
culture and cultural practices, and to understand augmentation,
these aspects have to be taken into account.

B. Workplace Studies

Studies of professional work is a core theme of research
within engineering and computing education [17]–[19] and
professional work practices of technology workers have been
an area of intense studies for decades [20]. The initial work
focused on information systems design and as the nature of
work changed significantly with new digital technologies and
work became even more entangled with information systems,
including applications like email, it became important to
understand how a symbiotic workplace could exist. Findings
from this work have emphasized that even what appear to be
most mundane of tasks within the workplace can be cogni-
tively demanding and that over time workers develop their
own ways to accomplishing them, often using technologies
in ways they were not designed for. Furthermore, studies
related directly to situated cognition and augmentation of
cognitive activities through external means [21] emphasize that
to understand how technology impacts work, it is important
to account for the specifics of how people accomplish tasks,
including the tacit aspects of work practice. Humans are
cognitively purposeful by design and often come up with their
own unique and novel ways of working. They continue to
develop skills and knowledge overtime and across domains
and functional areas [22].

The use of GenAI in the workplace is very recent but
preliminary studies show that in industries, especially those
focused on writing and programming, the use of GenAI
applications is on the rise. Technical communicators use them
for summarizing complex scientific concepts and generating
scientific reports [23]. Workers are using it not only for im-



proving their writing, but also for brainstorming, streamlining
their workflows, increasing efficiency, and developing content
[24]. In software development, the integration of GenAI into
development environments has led increased it’s use GenAI.
For instance, user interface researchers are using it to create
templates, transcribe audio data, do basic thematic coding,
automate aspects of their work such as feedback. It still cannot
provide a cultural context or nuance critique or even assist
with intricate collaboration [25]. In other words, consistent
with prior work on work practices, we are already starting
to see how GenAI is finding novel and unique uses in some
cases and getting embedded in work tasks. We also see the
need though for conducing more nuances studies focused on
GenAI use in order to better understand its symbiosis within
work.

C. Human-GenAI Literacy

The final area of prior work that informs the framework for
this research is work on AI awareness and literacy. AI literacy
is an important area for engineering and computing students as
across domains AI knowledge and skills are becoming critical
in the workplace [26]. Already many scholars have started to
study AI literacy and also design curricula and training for
raising awareness of AI and providing skills, ranging from
basic to highly advanced.

Within this, GenAI has not been studied much and it is
important to focus on it. We need to be careful that AI is
augmenting and not stunting intelligence [27]. Especially when
it comes to preparation of the future workforce, we need a
more comprehensive understanding to provide different kinds
of support necessary to develop the requisite expertise. We
also need to be careful as to not overburden students with
learning concepts that are not necessarily important or at least
not until they can use it fluently at a basic level.

Finally, it is also important to look into how students can be
prepared for future learning. Learning is a continuous activity
across an engineering career and the change in technologies
means that engineers have to be prepare to keep learning to
work with technological advancements [22]. Therefore, in ad-
dition to specific skills and technical competency, higher-level
metacognitive skills are important [28]. GenAI, thus, needs
to be incorporated across higher education in a systematic
manner [29].

Almatrafi et al. [8] conducted a systematic review of articles
on AI literacy including those that conceptualize AI literacy,
conduct AI literacy efforts, and develop instruments to assess
AI literacy. They also included AI literacy studies across a
range of population including adults in the workforce and
through a content analysis synthesized six key constructs of AI
literacy: Recognize, Know and Understand, Use and Apply,
Evaluate, Create, and Navigate Ethically. In this paper we
apply this framework across the case studies conducted to
identify the prevalence (high, medium, low, none) of each
construct across the participants in the studies.

Fig. 1. Research Process

D. Research Questions

Overall, based on review of the prior work, and the goals
of this research, the following questions were identified:

1. How is GenAI augmenting work practices? a. What
specific activities are impacted? b. What level of use is being
made?

2. How are users learning to work with GenAI and what
knowledge do they need? a. What resources are being used to
learn? b. What level of knowledge is needed?

3. What future do participants foresee for future workforce
development? a. What are the challenges? b. What needs to
be done?

III. RESEARCH STUDY

A. Research Approach

Overall, augmentation in the workplace is a complex un-
dertaking and the workplace studies literature recommends
that to understand augmentation it is important to focus on
“naturally occurring workplace activities” and examine how
work is accomplished through in-depth studies that include
a focus on the context [30]. Our research started with a
literature review to identify areas to investigate as well as
the approach to use (see Figure 1). Subsequently, drawing
on prior work on professional work practices research, we
undertook a qualitative field study using interviews as the
primary methodology [31]. This approach advocates for an
interpretive understanding of the research context as well as
data with the goal of elucidating more situated and contextual
insights into work practices [32]. A range of scholars have
used this approach to study work practices in the technology
sector starting in the early 1990s. This draws on scholarship
in sociology, anthropology, and organizational studies [33].

Consistent with a human subjects approach, the study re-
ceived approval by the Institutional Review Board and consent
was taken from all participants. All participants were adults
and all interviews were conducted in English and recorded
with the permission of the participants.

B. Research Sites and Participants

Data was collected with professionals working in three
different organizations (refer to Table I for an overview). This
purpose sampling was done to get multiple perspectives on
how GenAI was being used across projects and work tasks.
Data was collected across multiple cities in India.



Research Site 1: Product development - Project: Con-
cept: The first organization that was part of the study worked
on a range of product development projects for different do-
mains such as finance and human resources. The clients either
came to them with an objective or brief or the organization cre-
ated proof of concepts that it demonstrated to potential clients.
The company identified itself as an IT product development
enterprise with over 250 professionals and had a portfolio
of over 100 products. In terms of specific technologies, it
work with the mobile space (Android and iOS), and on Big
Data, Machine Learning, Blockchain, AR/VR, and IoT. The
company supported entrepreneurs, startup teams, as well as
Fortune 500 corporations. The workforce was organized in
small as well as large teams, depending on the requirement of
the projects.

For the purposes of this study, one project called ”Concept”
was the focus and the study was conducted with team members
working on that project. The primary purpose here was to
develop proof-of-concepts of how new and emerging technolo-
gies could be used for different domains (e.g., machine learn-
ing, deep learning, AI, data science) and use these concepts
to demonstrate the ideas to clients. Participants working on
the project were highly experienced with software design and
development and had high technical competence. One of the
participants had a PhD while others had a masters. They had
extensive experience with data science, data mining, machine
learning, and algorithms.

Research Site 2: Software development - Project: Code:
This firm identified itself as a software and services firm that
specialized in platform application refactoring and migrations.
That is, its expertise was in helping clients transition to newer
technologies and a lot of the work it did was code migration.
It served clients primarily in the area of finance, human
resources, healthcare, and telecommunications. The firm em-
ployed around 75 employees. The project that was examined
for this study ”Code” had employed GenAI as part of the
development environment to accelerate the coding process and
also produce higher quality code. The team consisted of a
manager, an architect, and two junior team members.

The expertise and experience of the team working on the
project varied. The project manager had extensive experience
managing software projects but also as an individual technical
contributor. The project architect was a senior team member
and technical lead who designed the framework for the project.
Two relatively junior software developers with little experience
worked as individual contributors to the project. While the
two senior people had extensive experience with software
development, the junior members were relative novices with
only a basic experience with programming and no expertise
in the language being used on the project.

Research Site 3: Content development: Project: Content:
The final research sites was a digital marketing company
with about 25 employees and 10 contractors. The company
provided services related to advertising campaigns, online and
social media, including text, images, and interactive elements.
The company also provided search engine optimization (SEO)

TABLE I
INFORMATION ABOUT PARTICIPANTS

Project Role and Responsibility Exp
(yrs)

P1 Concept
Senior member and team lead for multiple
client and internal projects; high technical
expertise and contributions to projects.

15+

P2 Concept Senior technical contributor; develops
proof-of-concepts projects 10+

P3 Concept Senior technical contributor; proof-of-concepts
and client projects 5+

P4 Concept Individual contributor to the project. 2+
P5 Concept Individual contributor to the project. 2+

P6 Code

Senior level manager with overall oversight
of all aspects of the project, including design
and technical contributions; owner of the
project discussed.

20+

P7 Content Co-owner and manager; client relationship
management. 15+

P8 Content Project lead; responsible for content creation
and client relations. 5+

P9 Content Project co-lead; visual content creation. 3+

P10 Content Project contributor; text-based content
creation and client relations. 2+

expertise. and worked across a range of domains or areas.
The project ”Content” studied here was focused primarily on
producing original content for digital campaigns.

The manager of the team who was also the co-owner of the
firm had over two decades of experience in digital marketing.
The second senior most team member had around 5 years of
experience and led the project. The other team members had
3 and 2 years of experience; one had experience in text and
writing while the other on visual design, including images.
All team members had high expertise in their domain but
the technical fluency and expertise varied. Since they all had
undergraduate and graduate degrees in humanities or social
sciences, the technical knowledge they had came from work
experience and online sources.

C. Data Collection and Analysis

Data was collected primarily using interviews with re-
spondents. At each organization, interviews were conducted
with professionals who had worked directly with GenAI and
understood how it was used. Although we spoke with the
managers or owners who ran the organization to learn about
the company, for information on GenAI use we relied on those
who used GenAI regularly. Given the different ways in which
GenAI was impacting their work, we focused on a few use
cases and in-depth information about those.

Overall, across the three organizations, around six hours
of interviews were conducted. Some participants were inter-
viewed multiple times to learn more or to get clarifications
regarding their responses. Total interview transcripts contained
about 32,000 words. Although this is a small sample size,
given the novelty of the technology and the preliminary nature
of this work, we believe we were able to reach enough
saturation to present important findings.

Interview Protocol The interview protocol was designed
based on guidelines from the ethnographically-informed inter-
view advanced by Spradley [34]. This approach advocates for



having a semi-structured interview protocol and for integrating
questions such as the “grand tour” which ask participants to
describe a day in their work life. Subsequent questions use
their response as a starting point for a more focused approach.
The interview protocol then asked participants about specific
projects they were working on and the activities they were
undertaking. The other design element was a group approach
so that participants could bounce off each other and follow-
up with more details so that nuances of work practices were
captured. Finally, consistent with initial research questions,
follow-up interview prompts focused on their learning pro-
cess and their perspective on newcomer training and future
workforce development.

Analysis: The data were analyzed iteratively and inter-
pretively in continuous consultation with the literature and
relevant prior work [35]. That is, we had read prior work in
the area and that formed the basis for our research questions
and consequently for the interpretation of data. Our research
design and approach, including interview questions, also drew
on prior work to help us focus specifically on learning more
about the augmentation aspect of GenAI. The interview tran-
scripts were read and themes identified. Authors then worked
on revising the themes into specific areas and then further
refinement was undertaken to focus on augmentation aspects
and other important concerns brought up by the participants.

IV. FINDINGS

In this section we present findings from the field study. For
each research question, we presenting findings across each of
the research site and then present an analysis or comparison
(see Figure 2).

A. Human-GenAI Augmentation

Project Concept: For this project, the GenAI augmentation
was at a more technical level and participants used GenAI
in three main ways. First, integrating GenAI in existing
solutions that already used some form of machine learning,
for instance, ChatBots. Second, creating customized GenAI
solutions for clients that work on native systems to overcome
the problem of lack of privacy when using publicly available
tools or even subscription-based models. Third, generating
new content, specifically images, for projects that were user-
interface focused.

From the human-GenAI augmentation perspective, there
was augmentation of existing products or solutions using
GenAI to make use of technologies like large language models
(LLMs). For instance, a ChatBot that worked by using pre-fed
responses or a static database could be tweaked to use LLMs
to generate new responses and use those and the user queries
to provide novel answers. The augmentation for this project,
occurred at a highly-technical level. At the company level,
they were augmenting their expertise by building knowledge
about how GenAI can be used and this was shared with other
projects and teams. This allowed them to build and demo even
more concepts to clients.

The team also identified several limitations with using
GenAI. For instance, one critical barrier was the stability of
the model output, especially when the models changed over
time. Thus, the team had to keep modifying their solution
as the model changed, making the incorporation of GenAI
applications difficult for stable products for clients. Another
concern by clients was the privacy of their data and how they
could not trust if the information they used with a GenAI
application would remain private. This also applied for any
novel product idea as the idea itself would become part of the
GenAI application’s training data. Finally, as a mid-level firm
the cost of computing time and of prompting was prohibitive
for them.

Project Code: In this project, GenAI played a more central
role in augmenting the work practices of the participant
directly. GenAI, in this case Co-Pilot was a component of
the integrated development environment (IDE) that the team
was using. The junior developers, who had not worked with
any of the development languages or technologies before,
were provided a detailed design for the overall software and
were asked to use GenAI to help them with writing the code.
Through the design, it was made sure that the developers knew
how all the pieces fit and expert guidance was available to
them if needed. Furthermore, GenAI was used to develop a
range of test cases and thereby improved the quality of the
code. Overall, the ability to query through a natural dialogue
was very helpful for the junior developers.

The limitations of this approach identified by the team was
that for this augmentation to work, a very detailed a high
quality design of the overall software is needed. Otherwise, the
team working on the project does not have the expertise to do
course correction as they don’t have experience with similar
projects nor the expertise. There is also an issue of working
with very novel tools or applications (e.g., drivers) that might
not have made into the GenAI knowledge base. Especially if
the new developers are not aware that the information they are
using is outdated, they are likely to get stuck.

Project Content: The augmentation for the content team
ranged quite a bit from use for mundane tasks to brainstorming
assistance for new ideas. At the most basic level, they used it
to revise text or to tweak images for a campaign. In certain
cases, it helped them find examples to use that were a better
fit and specific; something that would earlier take them a long
time if they simply used a search engine. For instance, for one
of the campaigns they needed a an idiom in Hindi (muhavara)
and they could find one by prompting ChatGPT). They said
that once you have figured out what works, easier to get to
the end result. Overall, they used GenAI sparingly compared
to the other two teams but use it to augment creativity and
routine tasks.

The content team recognized several limitations of GenAI
augmentation. First, it could assist in being creative but the
output of the system itself was quite stale and not usable
directly. Their job required them to be different from others
and GenAI gave the same output to everyone. Second, the
training data used was limited in diversity and for the context



Fig. 2. Findings

in which they worked, the output was often not useful. For
instance, if they wanted an image of an Indian person sitting
in an office they would not get it. Finally, the copyright and
intellectual property concern was very high for them as they
did not want to give their novel ideas to the system nor end
up using an output that was copied from another source and
there was no sure way of knowing this.

B. GenAI Knowledge and Learning

Project Concept: From a technical viewpoint of what
GenAI is and how it works, participants working on this
project had a high level of expertise. They had the basic
understanding of how GenAI systems are developed and how
they function. What kinds of responses can be expected
from the systems and what might be the limitations. They
understood how to call APIs, fine tune models, and customize
GenAI within the context of the projects they were working
on. They were also able to work with ‘open-source’ models
that were available and run smaller applications in house.

To develop expertise on the use of GenAI, the participants
relied to a large extent on their prior knowledge. They were
already using machine learning and data mining on other
projects and had knowledge of different algorithms and mod-
els, and experience at using them. In their formal studies,
they had studied in depth about these topics, especially during
graduate studies. They used that prior knowledge to further
build their expertise by reading all the documentation that was
provided with each release of a GenAI application. They also
read research papers that were available and blogs from other
users on how to use GenAI.

Project Code: The expertise on the team varied and the
senior people knew more about how GenAI worked but largely
the team knew how to use GenAI as part of their IDE to
help with developing software, primarily, writing code. The
two junior people knew the basics of programming but not
necessarily the language they were developing the code in.
They knew how to use an IDE and also how to integrate
responses they got. They would earlier search online and get

code from an online resource such as a blog or Stack Overflow
but through Co-Pilot they could do the same within their IDE.

They learned about how to use the system largely through
documentation released with GenAI application They picked
up new knowledge of the language they had to use while they
worked with it. They relied on information they found online
but also reached out to the senior people on the team who
could guide them when needed.

Project Content: The participants on this project had a
varied knowledge of GenAI in terms of what it was or
how it worked but for the most part their technical expertise
was quite low. Through trial and error they had learned to
use the system but they needed to know very little beyond
whether they could trust the system. They also needed to
learn about the different applications that were available to
them, including both standalone as well as new functionality
in existing software (e.g. Adobe Photoshop).

They largely learned about GenAI through online sources
and through trying out different applications. They also learned
about it from peer groups and other friends in the industry who
were using it.

C. GenAI and Future Workforce Concerns and Opportunities

Project Concept: Participants reported that it was hard to
keep up with the technical advances in the area of GenAI and
to implement new solutions that were actually beneficial to
their clients. They also expressed a concern with the high cost
of using GenAI and how smaller firms like theirs were getting
left out as they could not easily afford the infrastructure to
work with GenAI, especially in terms of developing their own
versions or models. The participants spoke about the time and
effort it took to learn new skills by reading research papers,
trying out new releases, etc. They did not see automation
being a concern in what they did given all the flux around
most applications, but in the future they saw some scope for
automating of smaller tasks within their work.

The participants realized that GenAI would become a part
of many of their work practices but they cautioned that for



newcomers it was important to approach its use cautiously.
They still needed to learn the basics of computing if they
wanted to work at an advanced technical level. They suggested
that novices should use it to learn but not become dependent
on it. They should understand how it is generating the code
and what might be the limitations of the output. They realized
that not everyone will be able to get to the highest level of
GenAI use, such as fine tuning a model, but there was still
lots to learn before reaching that stage.

Project Code: Given the ease with which novice pro-
grammers were able to develop code for a new application,
the participant expressed that there was significant potential
for automation and not just augmentation in the software
development context. Already there are signs of this as GenAI
applications are able to generate code for full fledged ap-
plications that just needs to be modified before use. The
participant worried that if novices were not trained on higher
level software development tasks, who would be the next
software architects.

One positive aspect that the participant saw was that us-
ing GenAI for accomplishing tasks could be motivating for
novices as many errors such as syntax were not a hurdle
to them generating good code or product. The capabilities
of what they could do with the help of GenAI gave them
quick successes and made them want to do more. Another
opportunity was that the augmentation lowered the entry
barrier into software development, which indirectly might lead
to new uses and developments of technologies that have not
yet been foreseen.

Project Content: The participants in this company ex-
pressed a concern with newcomers becoming too reliant on
GenAI and not developing or honing the skills to learn how
to be creative or come up with novel ideas. They said that
it was important for newcomers to be culturally immersed in
the world and understand the nuances of language and arts
to produce something different and GenAI was more of a
synthesizing technology.

The participants stated that although they expected their
work to be impacted, given the need for creativity and pro-
ducing novel ideas, they saw GenAI as an augmenting tool
rather than an automation tool.

V. DISCUSSION AND IMPLICATIONS

This preliminary study is one of the first comparative field
studies of the use of GenAI across work settings and sheds
important light on the various ways in which the workforce is
using GenAI. It raises important questions about how GenAI
fits in with technological work practices and the nature of
GenAI education that technology students need to receive. Us-
ing an augmentation lens to better understand the integration
of GenAI in work practices, the findings demonstrate the many
ways in which GenAI is being used, and also its limitations.
We found GenAI use in the workforce varies by function
and also the expertise of the user. GenAI is augmenting
many common practices such as software development, but

also seeing unique uses such as a brainstorming partner,
augmenting creativity and innovation.

There is a range of uses to which professionals are putting
GenAI and depending on the specific area that students will
end up working in their needs for training might be different.
Those who are going to be involved with the development of
such technologies need to learn topics like machine learning
and algorithms to a much higher level of competency. For
students who might end up working with GenAI to augment
their software practices, for instance, the competency required
will be less with ML and more with tools that integrate
with their development environment. Finally, for those who
are not necessarily STEM students but will still use these
technologies, a lesser level of technical knowledge is required
but they still need to know how the tools work so that they
are aware of the limitations and also be able to interpret the
outcomes appropriately.

Finally, the study also raises questions about the possibility
of automating technological work and its implications for
students as well. At the same time, there is often more work
when certain processes are automated [36]. Overall, most of
the participants were both excited by the opportunities of
GenAI but also cautious about its use. Some of them worried
about automation of certain aspects of their work but had as
yet seen little signs of it.

Implications for AI awareness and literacy: Many schol-
ars have recently advanced a range of frameworks and guide-
lines for advancing AI awareness and literacy, as discussed
earlier [8]. This is important given the integration of AI across
domains [9], [37]. Drawing on prior work, we rated each
team on their level of GenAI literacy (see Table II). This
rating is relative to each other, i.e., since we did not use any
objective measure we used informants’ responses to rate them
in comparison to other teams in the sample.

Among participants in Project Concept, there was a high
level of GenAI literacy. They not only recognized the use
of GenAI, they had a good understanding of how it worked
and a relatively high expertise in applying it. They could
also evaluate a GenAI system to gauge its applicability in
the work they were doing. Finally, although they integrated
LLMs in the solution, they did not create anything novel but
also customized available solutions. In terms of ethical issues,
they were concerned about privacy of information they shared
with the system.

Participants in Project Code were highly aware of GenAI
applications and had a relatively good understanding of how
it worked. They were adapt at using them and applying it for
the task at hand. They could evaluate the applications to some
level, but only as end-users. They had no expertise in creating
any components of it. Ethically, they were worried about data
privacy when generating code components. They had to do so
without sharing client information.

Project Concept participants had a reasonable literacy level
when it came to recognizing GenAI applications but not a
high level. They had little knowledge of how they worked or
were built, but could use them relatively well for their use



TABLE II
LITERACY LEVEL OF HUMAN-GENAI AUGMENTATION IN EACH PROJECT

Construct Project Concept Project Code Project Content
Recognize High High Medium
Know and Understand High Medium Low
Use and Apply High High Medium
Evaluate High Medium Low
Create Low None None
Navigate Ethically Data privacy Data privacy Intellectual property

cases. They could evaluate only through trial-and-error and as
end-users. They had no knowledge of how to create them. In
terms of ethics, they worried about intellectual property issues,
especially the use of copyrighted information.

Implications for student training: There are a range of
augmentation functions that GenAI can play and therefore
student training needs to reflect that. They not only need to
develop competency in terms of learning how GenAI works,
and even how to design GenAI applications and in some cases
do fine tuning or even create new GenAI models, they also
need to learn different aspects of integration of GenAI with
professional practices. Learning to ask questions or prompting
is one of the core skills students will have to learn and there
are many resources available online. The core concern with
student training is an inequity in access to GenAI applications.
Given the prohibitive cost of most applications, it is hard
for many institutions to afford them for their students and
often only students with means to purchase access reap the
rewards. There are other ethical considerations as well. GenAI
use is highly environmentally unfriendly in terms of energy
usage and use of water to cool data centers. Therefore, the
environmental impact of training and use also has to be taken
into account.

Implications for faculty development: Findings from this
study also have implications for faculty development. Faculty
need to incorporate AI literacy not only through courses
on AI but across courses [38], [39]. Yet, the advent of
new technologies and their incorporation in the workplace
means that faculty usually do not have experience with them.
Therefore, a concentrated effort needs to be made to train
faculty on the features of GenAI applications and how they can
be integrated not only in the workplace, but also in teaching
practices. This could also mean redesigning their assignments
and assessments to integrate GenAI more effectively. They can
also achieve this goal through incorporation of GenAI in their
own practices and use this as a teaching moment. In other
words, there has to be content about GenAI that has to be
taught (literacy levels above) but also the use of GenAI within
teaching and learning practices (and this becomes a teachable
moment). One way in which this is being accomplished is
through assignments that require the use of GenAI and then
using the responses as a way to reflect on how GenAI works.

Limitations: The primary limitation of this work is the
small sample size of the study, especially for the ”Code” case,
where data was collected from a single individual. Future work
needs to broaden both the scope of data collection and the
quantity of data that is collected to reach more generalizable

conclusions. Furthermore, other forms of data, including par-
ticipant observations and digital traces can enhance data trian-
gulation and provide more credence to the findings. The study
is also limited in its efficacy as the sampling was purposive and
data collected was based primarily on convenience of access.

Areas for Future Research: Given the novelty of this
topic, there is tremendous scope for future work to better
understand how GenAI is augmenting knowledge work [40].
Research is also needed to translate the findings of the pro-
fessional workplace into curriculum and pedagogy for higher
education. Given the larger number of GenAI applications
that are available and the functions they can perform, what
are the essential skills that students need to learn? What is
unique about GenAI use that students need to learn during
their studies compared to what can they easily learn on the
job? Finally, there is evidence that students often have core
misconceptions about how GenAI work that hinders their
ability to appropriately judge the output of the systems they
use [41]. More research is needed to understand how these
misconceptions are formed and can be corrected. Future work
really needs to dive deeper into the issue of automation versus
augmentation given the recent developments in the design
and use of AI agents. The relationship of humans with their
machines is changing fast in ways that are hard to predict
and we needed a timely understanding of what that means
for teaching and learning. Finally, although ethical issues
were brought up by participants, there was no mention of
sustainability, environmental, and social justice concerns and
these are critical areas to address when it comes to AI and
GenAI use.

VI. CONCLUSION

In this paper we present a field study of professionals across
three companies who use GenAI for augmenting different
aspects of their work. We found that there is a wide variation
in both how GenAI is used and the knowledge workers in
different, but related industries, possess about GenAI. We
found a spectrum of use cases and technical fluency among
the participants with some projects requiring a high level of
technical know-how whereas others relied on a superficial
knowledge about GenAI but competency with using it for spe-
cific purpose in a project, as needed. We also identify barriers
to the use of GenAI not only because of lack of expertise, but
also access to tools and developer environments given the high
cost of GenAI development. Most participants in our study
either used free versions or those already integrated within
other applications they used. Finally, participants expressed
ethical concerns with the use of GenAI primarily related to
privacy of information shared with GenAI applications and
issues with copyright and intellectual property that arise from
the training dataset. We draw implications for both teaching
and learning and argue that it is important to integrated GenAI
use in education from an augmentation perspective so that
students not only learn about GenAI, but also how it changes
educational practices.
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