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A B S T R A C T

Historically, junior professionals have mentored senior professionals around new technologies,
because juniors are typically more willing than seniors to perform lower-level tasks to learn new
skills, better able than seniors to engage in real-time experimentation close to the work itself, and
more willing than seniors to learn innovative methods that conflict with traditional identities and
norms. However, we know little about what happens when emerging technologies have a high
level of uncertainty in their use, because they have wide-ranging capabilities and are exponen-
tially changing. With the rise of Artificial Intelligence, specifically learning algorithms and LLMs,
such contexts may be increasingly common. In our study conducted with the Boston Consulting
Group, a global management consulting firm, we interviewed 78 junior consultants in July–Au-
gust 2023 who had recently participated in a field experiment that gave them access for the first
time to generative AI (GPT-4) for a strategic business problem solving task. Drawing from junior
professionals’ in situ reflections soon after the experiment, we found that junior professionals may
fail to manage risks around uncertain emerging technologies because juniors are likely to
recommend three kinds of novice risk work tactics that: 1) are grounded in a lack of deep un-
derstanding of technologies that have uncertain and wide-ranging capabilities and are changing
exponentially, 2) focus on change to human routines rather than system design, and 3) focus on
interventions at the project-level rather than system deployer- or ecosystem-level. The implica-
tions of novice risk work are that, when junior professionals are expected to be a source of
expertise in the use of uncertain, emerging technologies, this can lead to learning failures. This
study contributes to our understanding of occupational learning around emerging technologies,
risk work in organizations, and human-computer interaction.
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1. Introduction

In the contemporary environment of accelerating technological change, senior professionals must quickly implement emerging
technologies today (e.g., Cameron & Rahman, 2022; Karunakaran, 2021; Lebovitz et al., 2022; Mazmanian et al., 2013; Rahman &
Valentine, 2021; Waardenburg et al., 2022). At the same time, they must anticipate future versions of technologies, and the impli-
cations of these technologies for both their clients and their own organizations (e.g., Bailey & Leonardi, 2015; Barley, 1986; Barrett
et al., 2012; Endacott & Leonardi, 2022; Karunakaran et al., 2022; Lebovitz et al., 2021).

The literature on learning within occupational communities tells us that, when rapid technological change and shifts in the nature
of work undermine existing expertise (e.g., Barley & Kunda, 2001; Beane, 2019; Bechky, 2020; Bharatan et al., 2022; Leonardi &
Bailey, 2008; Sergeeva et al., 2020), this poses a problem for senior members of communities of practice who have traditionally
engaged in situated learning over time to become highly skilled in the use of the technologies their work requires (e.g., Bailey& Barley,
2011; Brown & Duguid, 1991; Lave & Wenger, 1991; Orr, 1990). Under these conditions, senior members of an occupation may

Table 1
Novice Risk Work.

Novice Risk Work Expert Risk Work

Understanding of
Capabilities

Novices’ Suggestions for Managing Risks Reflect
Misunderstanding of the Technology’s Capabilities

Experts’ Suggestions for Managing Risks Reflect Understanding of the
Technology’s Capabilities

Accuracy ● Use a standardized way of asking questions
● Do the work first without GenAI

● Decide on appropriate use cases where error risks are acceptable
● Test GenAI’s reliability in executing each subtask

Explainability ● Explain model logic to managers
● Agree on practices for explainable output

● Avoid GenAI use where a high degree of explainability is required
● GenAI provides illusion of transparency, but explanations may not match

true actions
Contextualization ● Use only for cases where contextualization is not

necessary
● Provide contextual information, and specify the desired output
● Use RAG to add content

Target of Change Novices Suggest Managing Risks by Changing Human
Routines

Experts Suggest Managing Risks by also Changing
Data, Model, and System Design

Accuracy ● Train users to validate results
● Ask managers to review all user prompts/responses

● Set up second automatic monitoring system to check if in line with users’
goals

● Use a model that provides links to sources
● Use a more accurate model

Automation
Complacency

● Train users to take ownership of work when using
GenAI

● Design a system that provides proactive self-reflective prompts
● Build an interface that visualizes uncertainty
● Build a default prompt that prompts the user to input their goals; Support

pattern-matching between GenAI suggestions and users’ task goals
● Apply hard-coded restrictions

Contextualization ● Train users in prompt engineering (also an expert tactic)
● Agree on cases where contextualization is not necessary

● Improve prompts centrally and build them into the system
● Design system to begin with a user prompt to communicate goals

Level of Intervention Novices Suggest Managing Risks by Intervening at
the Project Level

Experts Suggest Managing Risks by also Intervening at
the System Deployer- and Ecosystem-Level

Accuracy ● Have managers and users on project agree on conditions
under which GenAI can be used reliably

● Have managers review users’ work process

System Deployer Level

● Provide co-audit tools
● Communicate to users the intended conditions under which GenAI can

be used reliably
● Create a prompt library of effective prompts for particular tasks
● Continually assess the alignment of LLMs vis-à-vis evaluation metrics
● Establish feedback/incident reporting mechanisms
Ecosystem Level

● Assess credibility of data sources; use trusted sources; Perform real-time
data updates

● Flag/correct misleading responses
● Explain system’s capabilities and limitations
● Avoid anthromorphizing the AI

Automation
Complacency

● Ask managers to give users adequate time
● Ask managers not to short sell cases

System Deployer Level

● Effectively onboard users; Provide personalized adjustments for users
● Apply cognitive forcing functions
● Allow users to clearly specify human-GenAI task allocation
Ecosystem Level

● Attend to the impact on users of a model’s style, tone, or perceived
personality

● Highlight prompt changes and the resulting output changes
● Support debugging by generating test cases and test data to help identify

corner cases
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attempt to develop practical expertise in the use of new technologies by learning from junior professionals (e.g., Barley, 1986; Beane&
Anthony, 2024; Kaplan et al., 2017; Kellogg et al., 2021; Leonardi, 2007). Senior professionals often attempt to learn from junior
professionals, because junior professionals are typically more willing to perform lower level tasks to learn new skills (Beane, 2024;
Kellogg, 2009; Pratt et al., 2006). Junior professionals are also better able to engage in real-time experimentation with new tech-
nologies, because juniors don’t risk losing their mandate to lead if others realize that they have little practical expertise (e.g., Beane,
2019; Beane& Anthony, 2024; Endacott& Leonardi, 2022; Leonardi, 2007). Finally, junior professionals are more willing to learn new
methods that conflict with existing identities (e.g., Lifshitz, 2018; Nelson & Irwin, 2014), practices (e.g., Beane & Orlikowski, 2015;
Mazmanian & Beckman, 2018; Pachidi et al., 2021) and frames (e.g., Anthony & Tripsas, 2016; Mazmanian, 2013).

However, this literature has not explored “emerging technologies” such as artificial intelligence, data analytics, social media,
digital platforms, blockchain, and 3-D printing (e.g., Arora et al., 2023; Polykarpou et al., 2020; Rahman et al., 2024)—technologies
treated as emerging “because their uses and effects are still varied and have yet to stabilize around a recognizable set of patterns and
because the technologies themselves are, by design, always changing and adapting” (e.g., Bailey et al., 2022, p. 1). Such emerging
technologies present novel risks (e.g., Barrett et al., 2024; Hardy & Maguire, 2020) because of their uncertain and wide-ranging ca-
pabilities, exponential rate of change, potential for outperforming humans in a wide variety of skilled and cognitive tasks, and
dependence on a vast, varied, and high volume of data and other inputs from a broad ecosystem of actors (e.g., Schneider et al., 2024).
Contexts in which juniors professionals may gain access to the technologies that have uncertain and wide-ranging capabilities that are
exponentially changing may be increasingly common. Thus, we investigate the research question: How do junior professionals deal
with emerging technologies that present novel risks, and what implications does this have for occupation members learning to use
these technologies?

We have unique data on junior professionals adopting GenAI (an emerging technology) in its nascent stage (first fewmonths of Gen
AI at work) in a professional organization (The Boston Consulting Group). These unique data enable us to detail the ways that junior
professionals suggest managing novel risks associated with emerging technologies, and the potential impacts on occupation members
learning to use the technologies.

In the sections that follow, we elaborate the concept of novice risk work, which highlights that junior professionals may fail to
manage risks around nascent emerging technologies because juniors 1) lack a deep understanding of technologies that have uncertain
and wide-ranging capabilities and are changing exponentially, 2) have daily work experience with human-to-human interaction that
leads them to focus on change to human routines rather than system design, and 3) have daily work experience at the project level that
leads them to focus on interventions at the project level rather than at the system deployer- or ecosystem-level (Table 1). Because of
junior professionals’ novice risk work, juniors coaching seniors in effective technology use may lead to learning failures within
occupational communities around uncertain emerging technologies.

2. Expertise, learning, and intra-occupational dynamics with the introduction of new technologies

Research on learning to use technologies in occupational work most often examines how junior professionals develop expertise
around an occupation’s core technologies by learning from senior experts (e.g., Bailey & Barley, 2011; Beane, 2024; Nicolini et al.,
2022; Orr, 1990). Junior professionals typically learn from senior experts to use an occupation’s technologies by engaging in legitimate
peripheral participation as the juniors progress up the ranks of seniority (e.g., Brown& Duguid, 2001; Hutchins, 1995; Lave&Wenger,
1991). When new technologies are introduced, this poses a considerable challenge to traditional intra-occupational dynamics.

New technologies can dramatically change how tasks are performed (e.g., Bechky, 2020; Beunza & Stark, 2004; Chan & Hedden,
2023; Leonardi & Bailey, 2008; Nelson et al., 2023) and change the kinds of problems that experts can solve (e.g., Huising, 2015;
Treem & Leonardi, 2017; Zetka, 2003). To adapt to new technologies, senior professionals must learn new methods (Anthony, 2018;
Leonardi, 2007; Nelson & Irwin, 2014). Yet, doing so is extremely difficult for senior professionals (Bailey & Leonardi, 2015), because
such new methods require changing existing practices and frames (Anthony & Tripsas, 2016; Fayard et al., 2016; Lee et al., 2020;
Pachidi et al., 2021), and enacting new professional roles across boundaries (Barley, 1990; Beane & Orlikowski, 2015; Bechky, 2003;
Pine & Mazmanian, 2015; Sergeeva et al., 2020).

Under such conditions, senior professionals may attempt to learn from junior professionals, rather than the other way around (e.g.,
Beane & Anthony, 2024). Juniors may be better able than their senior counterparts to learn to effectively use the new technologies for
several reasons. First, junior professionals are often closest to the work itself, because they are the ones engaging in concrete and less
complex tasks (e.g., Barley, 1996; Bharatan et al., 2024; Karunakaran, 2018; Kellogg, 2009; Pine & Mazmanian, 2017; Rahman &
Barley, 2017). Second, junior professionals are usually more able to engage in real-time experimentation with new technologies,
because they do not risk losing their mandate to lead if those around them, including clients as well as those more junior to them,
recognize that they lack the practical expertise to support their hierarchical position (e.g., Beane, 2019; Beane & Anthony, 2024;
Endacott & Leonardi, 2022; Leonardi, 2007). Third, junior professionals may be more willing to learn new methods that conflict with
existing identities (e.g., Lifshitz, 2018; Nelson & Irwin, 2014), practices (e.g., Beane & Orlikowski, 2015; Mazmanian & Beckman,
2018) and frames (e.g., Anthony & Tripsas, 2016; Mazmanian, 2013).

For example, when CT scanners arrived in radiology, senior radiologists learned to effectively use them from junior technicians who
were closest to the work of injecting dyes and constructing images (Barley, 1986). When help-desk queuing technology arrived in IT,
senior technicians responding to help-desk calls began to ask for help from junior technicians who had engaged in experimentation
with the new technology and developed skill in its use and features (Leonardi, 2007). And when patient referral and tracking tech-
nology arrived in primary care, senior medical assistants learned from those more junior how to follow each colonoscopy patient’s
progress through procedure and follow-up, because the juniors were more willing to learn new methods that conflicted with existing
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identities, norms, and frames (Kellogg et al., 2021).
In our study of BCG consultants, as the existing literature would anticipate, the junior professionals we interviewed expected that

senior professionals would turn to juniors to educate seniors in the effective use of the new technology. Yet, contrary to what the
current literature would expect, the novice risk work tactics that the juniors recommended to manage the risks that GenAI posed to
seniors’ valued outcomes ran counter to the risk management tactics recommended by experts in GenAI technology at the time. This
revealed that the junior professionals coaching seniors would lead to learning failures around this uncertain emerging technology.

3. Bringing novel risks, risk work, and novice tactics into our understanding of learning around uncertain emerging
technologies

We found organization theory’s concepts of novel risks and risk work, and human-computer interaction (HCI) theory’s concept of
novice tactics for technology use to be helpful to understanding the dynamics we observed.

3.1. GenAI presents novel risks

Scholars of risk in organizations (e.g., Barrett et al., 2024; Corvellec, 2010), suggest that organizations cannot identify and manage
risk if the risk is novel—“the probability, nature, and magnitude of its adverse effects cannot be ascertained through prevailing sci-
entific knowledge and practices” (Hardy&Maguire, 2020, p. 685). GenAI presents novel risks that are different from risks posed by the
technologies that have been examined by scholars in the existing literature on junior professionals coaching seniors (Table 2).

First, GenAI can be accessed and customized by novice users without coding and without owning infrastructure (e.g., Schneider et al.,
2024). Prior studies of juniors teaching seniors have analyzed technologies in which interacting with AI required infrastructure and
raised barriers for ordinary users. For example, the CT scanning technology that Barley (1986) studied required a large investment in
hardware by hospital administrators, and integration with existing hospital medical equipment and IT infrastructure by IT pro-
fessionals. In contrast, GenAI allows novice users to access the technology directly from their computers and collaborate with it in a
nearly instantaneous fashion.

Second, GenAI has uncertain and wide-ranging capabilities and is changing at an exponential rate (e.g., Achiam et al., 2023; Webb et al.,
2023; Wei et al., 2022). Prior studies of juniors teaching seniors have examined technologies purpose-built for specific applications,
and changing at a slower rate. For example, the Davinci robot that Beane (2019) studied was purpose-built to allow a single surgeon to
perform both support (retraction) and direct surgical action (dissection) to an unprecedented degree. In contrast, with GenAI, a broad
range of applications can be performed by a single system, and GenAI’s capabilities are expanding exponentially.

Third, GenAI carries the possibility of outperforming humans in a wide variety of skilled and cognitive tasks (e.g., Bubeck et al., 2023).
Prior studies of juniors teaching seniors have investigated technologies designed to assist professionals. For example, the EMR

Table 2
Potential Novel Risks Presented by Uncertain Emerging Technologies.

Technologies Studied in Existing Literature Uncertain Emerging Technologies

Similar Sources of Risk
Historical relationship between positional

and practical expertise
Position and title corresponded with knowledge and skill,
which is cumulative across roles

Similar

Disruption of new technology to existing
knowledge and skill by distancing senior
members from their work

Adopting new technologies may mean replacing embodied
methods with teleoperated methods
Analytical technologies may bring a a shift from direct,
intentional analysis to distanced, encoded analysis

Similar

Produces results that are partly beyond the
control of the user organization

Technology may gather data directly from external sources,
automatically calculate key metrics, and feed these
calculations directly into organizational tools

Similar

Output is often difficult to understand It is often difficult for users to comprehend how the
technology works

Similar

Data may lead to biases in decisions of AI
systems

Technology may be trained on imbalanced data that lead
models to exhibit, for example, a higher error rate for some
demographic groups than others

Similar

Potential Novel Sources of Risk
Simplicity and infrastructure required for

access and usage by novice users
Interacting with the technology requires infrastructure and
raises barriers for ordinary users

The technology can be accessed and customized
by novice users without coding and without
owning infrastructure

Range of applications A single system is often purpose built to execute a particular
task

A single system can perform a broad range of
applications

Rate of change The technology is quickly evolving through product life cycle
enhancements and user modifications

The technology is changing at an exponential
rate

Has possibility of outperforming humans in a
wide variety of skilled and cognitive
tasks

Technology helps to inform and supplement human action The technology has unprecedented, often
superhuman performance to act more
autonomously and conduct more tasks

Source of data for the technology Data used in the system is often generated within a company Data used in the system stems increasingly from a
mix of various entities that dynamically interact
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technology that Kellogg et al. (2021) studied was able to assist medical assistants to do their work of patient check-in processes and
referrals and insurance authorizations more accurately and quickly. In contrast, GenAI holds the potential to surpass human perfor-
mance across a diverse range of skilled and cognitive activities.

Fourth, GenAI combines data and other inputs at an unprecedented scale and detail from a broad ecosystem of actors (e.g., Arora et al.,
2023). Prior studies of juniors teaching seniors have analyzed technologies that involved model developers, system deployers, and
system users, but were dependent on a limited set of data from each. For example, the Factset and CapIQ technology that Anthony
(2021) studied gathered data directly from public SEC filings, automatically calculated particular key metrics, and then fed these
calculations directly into spreadsheets in the user’s organization. In contrast, with GenAI, continuous change in data sources at an
unprecedented scale and detail affect what the technology is able to do. Thus, GenAI emerges through a set of expanded relations and
continues to emerge in new ways as those relations evolve.

3.2. Risk work: The identification and management of risk objects

In the context of novel risks such as these, organizational actors may engage in “risk work” (Power, 2016a)—designating an object
(such as GenAI technology) as risky, and prescribing actions to manage the “risk object” (e.g., Barrett et al., 2024). Identification of a
risk object reflects subjective preferences in the sense that a risk exists when and only when someone perceives the possibility of
someone or something being harmed (e.g., Campbell, 2006). Therefore, risk is identified as actors discuss values at stake in a particular
setting and suggest that a “risk object” (such as GenAI technology) poses new dangers or harm to something that is valued in that
setting (such as accuracy or explainability of outcomes).

Risk work is thus a creative act that is constrained by the procedures, routines, mental schemes, and strategies of justification of an
actor’s everyday practice (Corvellec, 2010). For example, because junior professionals work in a hierarchical relationship with their
managers, they are likely to identify values at stake that they know are important to their managers. In addition, since junior pro-
fessionals’ everyday practice involves human routines, and project-based work, their suggested measures to control novel risks will
likely be shaped by these aspects of their everyday practice.

Risk work practiced by experts in an emerging technology will similarly reflect the values important in their setting, and these
experts will similarly suggest risk management measures related to their everyday practice. For example, compared to junior pro-
fessionals, experts in generative AI will have had a higher degree of exposure to GenAI systems. In addition, because of their daily
practice, the experts will be more oriented to systems and models rather than human routines, and to system deployer and ecosystem
effects rather than only project-level effects. In situations like the one we studied, in which junior professionals had just gained access
to an emerging technology that had a high level of uncertainty in its use, because it had wide-ranging capabilities and was expo-
nentially changing, experts may be better positioned to manage novel risks than are junior professionals.

Actors such as the junior professionals and GenAI experts we studied are likely to act on novel risks by recommending action on
other risks with which they are more familiar (Hardy &Maguire, 2020). Risk work thus transforms a novel risk object (such as GenAI
technology) into a known risk object (such as a project-based human routine) that poses some kind of familiar organizational risk that
can be assessed and managed through tried and tested techniques, thereby rendering it actionable (Hardy & Thomas, 2014).

3.3. Novice tactics for technology use

Risk work conducted by junior professionals, in addition to being constrained by aspects of their everyday practice, may be also
constrained by their position as novices in the use of GenAI technology. Theorists of human-computer interaction highlight that novice
programmers often intuitively approach interactions with a new technology in counterproductive ways (e.g., Ko et al., 2004; Lahtinen
et al., 2005). These theorists show, for example, that novice end users may bring human intuitions rooted in social experiences to
technology use that lead these novices to attempt debugging opportunistically rather than systematically (e.g., Ko et al., 2004).
Novices may also attempt to design an ML model by directly mapping a personal need to a model task rather than by framing an
achievable task (e.g., Yang et al., 2018). Surfacing pitfalls that non-experts are susceptible to can help to inform the design of tech-
nologies that are easier to effectively use by people who are not formally trained in their use (e.g., Yang et al., 2018; Zamfirescu-Pereira
et al., 2023). HCI literature on novice end users suggests that designers can build future tools that better support novice end users in the
face of novices’ common counterproductive intuitions and struggles.

Taken together, the concepts of novel risks, risk work and novice tactics for technology use help to explain why junior professionals
learning to use an uncertain emerging technology may intuitively approach interactions with GenAI technology in counterproductive
ways and may identify risks and prescribe actions to manage them by targeting human routines at the project level. Indeed, this is what
we found in our study of BCG consultants. We further found that such risk work can lead to learning failures, because it does not allow
junior professionals to identify and manage the novel risks posed by an uncertain emerging technology such as GenAI.

In what follows, we first briefly describe our methodological approach. We next elaborate how the junior professionals we studied
expected that they would need to coach seniors in the use of GenAI technology, yet also identified GenAI technology as posing new
dangers to valued outcomes in their setting. We then describe the actions that junior professionals prescribed to manage the novel risks
associated with GenAI, and compare their recommended measures to those recommended by GenAI experts in the emerging literature
at the time. This comparison highlights how junior professionals’ risk work around emerging technologies may be constrained by
juniors’ position as novices in the use of technologies that have uncertain and wide-ranging capabilities that are exponentially
changing and by juniors’ everyday practices involving human routines at the project level; juniors’ novice risk work, in turn, can lead to
learning failures around uncertain emerging technologies.

K.C. Kellogg et al.
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4. Brief description of methodological approach

Here we provide a brief description of our methodological approach. A more detailed description of our methods is provided in
Appendix A.

The findings presented here are derived from 78 60-min interviews of Boston Consulting Group consultants (junior professionals)
conducted via Zoom after they had participated in a field experiment in which they used generative AI (GPT-4) to complete a problem-
solving task. Consultants highlighted for us that they expected that they would need to coach their managers (senior professionals) in
the use generative AI. They also expected that their managers would perceive particular risks associated with the technology, and that
they, as junior professionals, would need to manage these risks in order to coach these senior professionals in the use of GenAI
technology. Consultants discussed tactics that they thought could address these risks.

We noted that the tactics the consultants identified to manage risks associated with GenAI appeared to be different from tactics to
manage the same set of risks that were being recommended by experts in generative AI writing at the time. Thus, we searched on
google scholar to gather articles by generative AI experts (written up until the time of our interviews with the consultants) about how
to best address the set of risks identified by the consultants—risks to accuracy, explainability, contextualization of outputs and of
automation complacency of GenAI users. We compared consultants’ suggested risk work tactics to address managers’ concerns about
these valued outcomes to those that were being recommended by experts in generative AI at the same time. This allowed us to highlight
differences in risk work tactics prescribed by novices versus experts in an uncertain emerging technology.

5. New barrier to junior professionals coaching seniors: GenAI as a risk object

5.1. Junior professionals expected that they would need to coach seniors in the use of GenAI technology, but did not expect characteristics
associated with seniors’ position to be a barrier

As the existing literature on communities of practice would lead us to anticipate, the junior professionals we interviewed expected
that they would likely be the ones to educate the senior professionals about how to effectively use the new technology. For example,
juniors noted:

Jnr36: “We’ll need to teach managers [to use GenAI]…to try to educate them.”
Jnr31: “I think the biggest thing for managers is us just training them….We need to show managers that [GenAI] is not a magic

wand waving solution. Maybe having them even just watch how an associate would do a single module, or have an understanding of
what that looks like, would help them kind of right size in their head what [GenAI] can do.”

Jnr66: “Whenever I discover something cool, I will share it with my managers. Like the new [GenAI] Powerpoint tool.”
Surprisingly, given the current literature on juniors coaching seniors in the use of new technologies, we did not find that juniors

expected that threats to seniors’ position, seniors’ need to focus on complex work, or seniors’ commitment to existing norms and
frames would be key obstacles to junior professionals successfully coaching more senior professionals in the effective use of new
technology. Two juniors said:

Jnr38: “It’s just about creating a dialogue with them about what you are doing. And it’s about making them feel more comfortable
with it, through trial and error and training.”

Jnr36: “We just need to put the reasoning in front of their faces.”
Additional examples of juniors’ expectations around the need to coach seniors are shown in Appendix B.

5.2. Instead, juniors’ designated GenAI as a risk object, and identified novel AI risks as the key barrier to juniors coaching seniors

Instead, juniors noted that the key obstacle to their ability to coach seniors in effective use of the new technology would be the novel
risks that the technology posed to outcomes that seniors valued. Juniors highlighted that seniors would be concerned that GenAI posed a
risk to the accuracy of outputs (the degree to which outputs have attributes that correctly reflect the true value of the intended attributes
of a concept or event in a particular context of use; Steimers & Schneider, 2022). Two juniors related:

Jnr24: “Obviously the first [thing managers will worry about is that] leveraging GenAI can produce output that is actually
incorrect. So that would be a big concern.”

Jnr3: “Managers will be scared that [new consultants] would bring something made up…If a [consultant] is doing desk research on
new technology around vitamins and minerals, he could ask GPT, and ask for the links. Since he doesn’t know how consulting works,
he might use the links directly from GPT, and give it to the manager.”

Juniors also suggested that seniors would be concerned about risks to the explainability of outputs (the degree to which the outputs
are presented in a way that is understandable for humans; Steimers & Schneider, 2022). Two juniors said:

Jnr7: “Managers will be worried about GPT [because] it’s a black box.”
Jnr6: “Using GenAI will [negatively] affect a lot of the communication between consultants and managers, because consultants

used to be able to back up everything, and now they won’t be able to.”
Juniors further noted that seniors would be concerned about risks to the contextualization of outputs (the degree to which outputs are

coherent, relevant, or in compliance with particular constraints or rules due to absorbing and taking into account pertinent contextual
data when producing outputs; Sai et al., 2024). Two juniors said:

Jnr24: “[Managers will] be concerned about the tool being able to take into account all the variables or context that are actually
necessary to put together a valid solution…It’s all about context. If you are working in a very nuanced industry with a very specific set

K.C. Kellogg et al.
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of guidelines for the client, having that knowledge is one thing, and being able to feed that into a tool to actually spit out valid or
actionable recommendations is another.”

Jnr63: “Managers may be concerned about, ‘Is GPT output specific enough [given the context of the case and the client’s prob-
lem]?’…Like, if it’s for a client that has a lot of their financial information that isn’t available online, [then managers would be
concerned about] is [GPT output] being tailored and specific enough to the client’s context as opposed to the generic publicly available
information.”

Finally, juniors expected that seniors would be concerned that GenAI posed a risk to user engagement by promoting automation
complacency (in which users may trust the outputs provided by generative AI in situations where they should not; Van Dis et al., 2023).
Two juniors said:

Jnr12: “Managers will worry about complacency. They’ll want to make sure that consultants aren’t just blindly accepting GPT
output.”

Jnr63: “I think there will be a trust issue, [with managers wondering], ‘Did you do this yourself, or did you use a tool to do it? Did
you really think through that it was the right approach? Have you double checked it? Did you reread it through, and edit it to better fit
our context? Did you look at any other sources to check if this is accurate information?’ All those questions of, did you do your due
diligence on this work that someone else effectively did for you.”

Additional examples of juniors’ expectations around key barriers to coaching of seniors being the novel risks that GenAI posed are
shown in Appendix C.

6. Novice risk work

We compared juniors’ suggested AI risk management tactics to those recommended by GenAI experts in the emerging literature at
the time. We found that the juniors we studied recommended tactics for managing GenAI risks that differed in three key ways from
tactics recommended by GenAI experts at the time. Junior professionals’ novice risk work tactics included: 1) tactics that stemmed from a
lack of deep understanding of the characteristics of the uncertain emerging technology, 2) tactics informed by juniors’ everyday practice
including human-to-human interaction that overestimated the potential of changing human routines (rather than system design) to mitigate
these risks, 3) tactics informed by juniors’ everyday practice of project-level work that overestimated the potential of making changes at
the project level (rather than the deployer- or ecosystem-level) to mitigate these risks (Table 1). We elaborate each of these tactics below,
and compare them to tactics suggested by GenAI experts at the time. The tactics are summarized in Table 1, and additional examples of
juniors’ descriptions of each of the tactics are presented in Appendix Table D1-D3.

6.1. Novice risk work type #1: Lacking deep understanding of the characteristics of the uncertain emerging technology

The first type of novice tactics we discovered were juniors’ recommendations for managing GenAI output risks related to accuracy,
explainability, and contextualization, which demonstrated juniors’ lack of a deep understanding of the capabilities of GenAI tech-
nology. Juniors’ lack of deep understanding is not surprising since, at the time of the study, these juniors were novice users. They were
not technical experts, and the technology had a high level of uncertainty in its use, because it had wide-ranging capabilities and was
exponentially changing.

Yet, it is important to understand this type of risk work, because the current literature does not examine contexts in which pro-
fessionals need to learn to use uncertain emerging technologies; and such contexts are increasingly common. Some examples of this
type of novice risk work are given below, with additional examples shown in Appendix D, Table D1.

6.1.1. Some juniors lacked a deep understanding of GenAI accuracy
Some consultants did not understand that the accuracy of GenAI was ultimately limited at the time of the study. Thus, these juniors

recommended managing the risk of GenAI output inaccuracy in two ways. First, they suggested using a standardized way of asking
questions:

Jnr19: “We could have a standardized way for asking questions in GenAI, and a standardized way of summarizing the AI steps, and
make that available to everyone.”

Second, they suggested that juniors do the work themselves first, before using GenAI:
Jnr24: “GenAI tools should be used later on in the process. I think that when you’re working on that initial problem-solving

component, you should be doing it yourself, manually. And then once you have more of a finalized output, you can cross-check, or
use generative AI to be able to add on any kind of additional thoughts you might have. So, we could leverage that approach. Do the
work yourself first. Only use Gen AI once you have any kind of preliminary output, and augment only versus create.”

In contrast, articles by GenAI experts available at the time demonstrated that generative AI models could confidently present users
with information that was hallucinatory, and that this could result in incorrect output that did not accurately reflect real people, places,
or facts (e.g., Weidinger et al., 2022). Hallucinations could occur when the model tried to fill in gaps in its knowledge or when the input
was ambiguous. Thus, experts recommended addressing GenAI’s accuracy issues by deciding on appropriate use cases where error
risks were acceptable (e.g., Achiam et al., 2023), and by independently testing GenAI’s reliability in executing each subtask; for
example by breaking down the users’ needed subtasks (e.g., “information gathering”) and creating evaluations for each independently
(Shavit et al., 2023).
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6.1.2. Some juniors lacked a deep understanding of GenAI explainability
Some consultants did not understand that the explainability of GenAI was not possible at the time of the study. Thus, these juniors

recommended two tactics for addressing this risk. First, they suggested explaining GenAI’s rationale to managers:
Jnr52: “The manager may question what GenAI did, so you need to be able to explain it.”
Jnr41: “It’s about understanding the source of the recommendation or the result. Being able to explain it.”
Second, they suggested agreeing on practices for explainable output:
Jnr19: “You could be careful in asking the AI how it got to the answer, not sure how well it works. We could have a standardized

way of summarizing the AI steps.”
In contrast, articles by GenAI experts available at the time demonstrated that LLMs did not provide transparency for their reasoning

(e.g., Jain &Wallace, 2019; Jacovi & Goldberg, 2020). LLM models were complex and opaque, because the deep neural networks that
underpinned them were composed of billions of parameters, leading to emergent behaviors that were often unpredictable and not
easily interpretable (Lin et al., 2023). Experts further showed that GenAI provided an illusion of transparency, but that what GenAI
gave for explanation did not always match what models actually focused on to provide their outputs (e.g., Jain & Wallace, 2019;
Dasgupta et al., 2022). Indeed, sometimes models did not actually rely on the chains-of-thought they purported to when reasoning, so
relying on these could create a false sense of security in the user (Turpin et al., 2024). Thus, experts recommended avoiding GenAI use
where a high degree of explainability was required (Bender et al., 2021; Liu et al., 2023). They also recommended providing the user
with global explanations about the model logic and about how to improve the input, since it was not possible to explain the model
process for a specific output (Liao and Vaughan, 2023).

6.1.3. Some juniors lacked a deep understanding of GenAI contextualization
Finally, some consultants believed that GenAI was not capable of contextualization. Thus, these juniors recommended only using

GenAI for cases where contextualization was not necessary:
Jnr20: “We could implement AI without context in limited areas, where it’s fine to have generic answers. So, places like knowledge

research, industry trends, slides creating transactional or tactical words that require minimal human touch. Wherever a generic answer
is applicable, it’s fine for consultants to say, ‘I searched using AI.’”

In contrast, articles by GenAI experts available at the time showed that GenAI was strong at contextualization, with the appropriate
prompting methods. They noted that effective communication with generative AI required providing contextual information, and
specifying the desired output (e.g., Zhou et al., 2023). They also recommended using Retrieval-Augmented Generation (RAG) methods
to complement the general knowledge of LLMs with internal data to provide contextually relevant answers (e.g., Gu et al., 2020; Lewis
et al., 2020). For example, a consultant could ask a RAG AI agent to provide a summary of internal documents related to a customer
organization.

6.2. Novice risk work type #2: Overestimating the potential of changing human routines rather than system design

The second type of novice tactics we discovered was juniors overestimating the potential for managing GenAI output risks related to
accuracy, explainability, and contextualization by changing human routines rather than system design. Some examples of this type of
risk work are given below, with additional examples shown in Appendix D, Table D2.

6.2.1. Juniors recommended change to human routines rather than system design to mitigate accuracy risks
Some consultants suggested managing output risks related to accuracy in two ways. First, they recommended training users to

validate results:
Jnr76: “We should have content sessions where we really drill consultants on questions to get second order insights, and check that

they really understand, and are not just relying on the technology.”
Jnr63: “[It will be important to teach consultants to] do spot checking of the numbers so that they have confidence in how [GenAI]

did the approach, and [teach them to do] the critical thinking of, does the approach and does the answer it gavememakes sense. And to
think about sources and actually going and digging up each of those sources to make sure they are real, and that is what that source is
saying.”

Second, they recommended having managers review consultant prompts and responses:
Jnr12: “It would be good to show the manager what you put into GenAI to get that result, because then managers know for sure

what you fed to the AI tool before you generated the output. That would helpmake sure that you didn’t get any wrong information, and
would give the manager a record of how you got that, to make sure it’s not crazy stuff.”

Jnr56: “If you did use it, it could be difficult to cross-check what you did. [Providing our managers with] chat transcripts and
retracing our steps of analysis could help. As long as you have ways to collaboratively validate [the output], it would be fine.”

In contrast, articles by GenAI experts available at the time showed that expecting humans to validate user prompts was very
difficult to do, because human users would not always have time to go through activity logs at the speed or scale they desired, or could
“fall asleep at the wheel”—fail to exert effort and remain attentive, allowing the AI to substitute, rather than augment their perfor-
mance (Dell’Acqua et al., 2023).

For this reason, experts suggested managing output risks related to accuracy by making changes to system design. This could be
done by fine-tuning a model’s parameters based on additional, specialized data (e.g., Devlin et al., 2018; Lee et al., 2019). It could also
be done by setting up automatic monitoring with a second system (such as a classifier, or a generative AI system capable of producing
its own chains-of-thought; Shavit et al., 2023; Saunders et al., 2022) And it could be done by using models that provided links to
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sources (e.g., Simkute et al., 2024) or using more accurate models that improved accuracy by combining retrieved data with the
generative content from LLMs with meticulous claim-by-claim fact checking (Min et al., 2023).

6.2.2. Juniors recommended change to human routines rather than system design to mitigate complacency risks
Some consultants overestimated the potential of changing human routines, rather than system design, to address the risk of

automation complacency in two ways. First, they suggested teaching consultants to take ownership of work done in collaboration with
GenAI:

Jnr27: “Consultants need to know that the ownership is theirs, at the end of the day. If they use AI or not, they are presenting this
answer; it is on them. The excuse can never be, ‘I put this into AI; it’s a black box.’ They have to understand it. Consultants can’t siphon
the responsibility off. They own that answer.”

Jnr23: “AI is not this invaluable tool; it is still your decision. [Consultants] are not in a position to say, ‘AI did this.’ They need to
learn that it is still their decision, their data they’re presenting.”

Second, consultants suggested teaching managers to push back on consultants who seemed to be just copying and pasting from
GenAI:

Jnr45: “I think there’s a feeling sometimes among managers that, ‘Oh, if my associate consultant is using generative AI, they’re just
literally putting everything into GPT and copying and pasting what it says.’ So managers need to know how to make sure that con-
sultants have an idea of what it takes to get the best output from generative AI. So that if [managers] do see there is a consultant who is
just copying and pasting everything, [the manager] can push them by saying, ‘No. You need to get more out of this.”

While GenAI experts writing at the time did not disagree with these methods, experts also showed that juniors’ focus on changing
human routines ignored system design-focused approaches effective for managing complacency risk. For example, experts noted that a
GenAI system could be designed to provide proactive self-reflective prompts to help end-users calibrate their confidence in system
outputs, asking, “How confident are you in understanding this output? Does anything require explanation?” (Gmeiner et al., 2023). A
GenAI system could also be designed with an interface that visualized uncertainty, because highlighting uncertain content could build
awareness that AI-generated content could be wrong (Vasconcelos, Bansal, et al., 2023). Further, a GenAI system could support
pattern-matching between GenAI suggestions and users’ task goals; for example, the system’s output could have keywords highlighted,
such as variable names or function calls, that would indicate code fit (Barke et al., 2023). Finally, the models’ default behavior could
apply hard-coded restrictions to improve an LLM’s alignment to a custom objective (Lu et al., 2021).

6.2.3. Juniors recommended change to human routines rather than system design to mitigate contextualization risks
Some consultants focused on managing contextualization risks by gaining agreement within the team around using GenAI for

documents that did not require a high degree of contextualization
Jnr31: “We just need to get agreements within the team…we can all agree that a 90% version of a document shouldn’t be from GPT,

because in consulting, we come up with creative solutions. Every client needs a unique solution, and that’s hard to do with a GPT
template.”

Other consultants recommended controlling contextualization risks by training consultants in prompt engineering:
Jnr4: “[We need] training on how to better structure prompts. How tomake sure that you are giving cues in terms of tone, audience,

things like that.”
Jnr15: “We should train people on how to coach GPT to do certain things by teaching them techniques like prompt engineering.”
While GenAI experts agreed that training users in prompt engineering was an accepted method for improving contextualization,

experts also highlighted system-based approaches for improving contextualization. In addition to using RAG, as described above,
experts recommended aligning the model’s generations to particular objectives specified by users by using human-labeled preference
data at the fine-tuning stage (e.g., Song et al., 2023), designing GenAI systems to begin with a prompt to the user to communicate their
goals and preferences to the system (Zamfirescu-Pereira et al., 2023) and creating prompts centrally and building these into the system
(e.g., Achiam et al., 2023).

6.3. Novice risk work type #3: Overestimating the potential of intervening at the project level rather than system deployer- or ecosystem-
level

The third type of novice tactics we discovered was juniors’ overestimating the potential for intervening at the project level (rather
than at the system deployer- or ecosystem-level) to manage GenAI output risks related to accuracy, explainability, and contextuali-
zation. Some examples of this type of risk work are given below, with additional examples shown in Appendix D, Table D3.

6.3.1. Juniors recommended interventions at the project level rather than system deployer- or ecosystem-level to mitigate accuracy risks
Some consultants suggested managing risks related to accuracy at the project level by having consultants and managers agree on

the conditions under which GenAI could be used reliably
Jnr44: “Managers need to set expectations explicitly at the start of the case about how GenAI can be used. You’re going to run into

issues when you don’t define those guardrails clearly, and then you’d potentially run into conflicting expectations in the middle of the
case that managers probably want to avoid.”

Jnr13: “What managers could do is specify what they allow [GenAI] to be used for and how to check its use. Managers need to put
safeguards around how they want it used.”

Other consultants recommended having managers review consultants’ work process around working with GenAI:
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Jnr5: “Managers will need to ask consultants, ‘What did you put in [to GPT]? How did you structure your analysis?”
Jnr11: “If I were a manager now, I would set 30 min for each analysis, and tell the consultant to walk me through how they did it

with GenAI.”
In contrast, articles by GenAI experts available at the time highlighted that, because LLM developers were often not system

deployers, and because LLMs provided increased accessibility of powerful models to users of varying skills and technical backgrounds,
it was also important to intervene at the system deployer- and LLM developer-level to mitigate accuracy risk. GenAI experts recom-
mended several actions that could be taken by system deployers to mitigate accuracy risks: a) communicate to users the intended
conditions under which GenAI could be used reliably (Liao & Vaughan, 2023); b) provide co-audit tools (Mündler et al., 2023); c)
create a prompt library (Svendsen & Garvey, 2023); d) continually assess the alignment of LLMs vis-à-vis evaluation metrics (e.g.,
Otani et al., 2023); and e) develop evaluation methods that took into account emergent capabilities as models got more capable, and
were open ended enough to detect unforeseen risks (Achiam et al., 2023). For example, experts suggested that system deployers could
provide users with access to ChatProtect, an AI-based co-audit tool with features to detect and remove hallucinated content from
generated text. The co-audit experience let the user inspect different sentences to detect hallucinations via sampling multiple times
from the LLM (Mündler et al., 2023). Another approach recommended by GenAI experts was for system deployers to develop robust
evaluation frameworks, and create a monitoring role within the organization to continually assess the alignment of LLMs vis-à-vis
these evaluation metrics (e.g., Otani et al., 2023).

GenAI experts also recommended intervening at the ecosystem-level to mitigate accuracy risks. Experts highlighted the critical
dependency of LLMs on their training data, which, while comprehensive, often failed to encapsulate the rapid changes inherent in real-
world contexts, particularly in scenarios post-dating the training period. Thus, experts suggested that LLM developers should assess the
representativeness, robustness, and quality of their data sources, and implement mechanisms that allowed LLMs to continually learn
from new data, in order to capture recent developments and trends (Li et al., 2023). GenAI experts suggested that developers could do
this by creating methods such as dynamically adjusting LLM behaviors by implementing algorithms to assess the recency and
applicability of data points (Meng et al., 2021).

GenAI experts further suggested that LLM developers could help to mitigate accuracy risks by: being clear and upfront about how
well the GenAI system performed different tasks by explaining its capabilities and limitations (e.g., Solaiman, 2023), by identifying the
source materials used to generate it (Liao& Vaughan, 2023), and by flagging and correcting misleading outputs (Ahmad, Tan, Karri,&
Pearce, 2023). Further, experts suggested that model developers should refrain from anthropomorphizing the AI, because this could
lead people to falsely assume that the AI had greater overall accuracy than it actually did (Vasconcelos, Jörke, et al., 2023).

6.3.2. Juniors recommended interventions at the project level rather than deployer- or ecosystem-level to mitigate complacency risks
Some consultants suggested managing risks related to automation complacency at the project level by having managers give juniors

extra time for quality checking
Jnr42: “Frequently we are under time pressure and that could lead to not being able to quality check as much as you’d like. So,

ideally, managers would need to give us more time for quality checking. I think that would be important.”
Jnr57: “One challenge is that using GenAI would increase speed of operations leading to increased expectations frommanagers, but

what if [the consultant is] not confident in the output? To mitigate that, we’d need to train managers to give extra time for quality
checking.”

Other consultants recommended managers not short selling projects based on expected time savings:
Jnr76: “[Once managers] start thinking that because consultants have [GenAI] they can do things faster, managers will have

different expectations…Managers will start to expect this time savings and sell projects based on it. Then, consultants will stop getting
details, and will need to compromise on their depth of understanding… Consultants are already working at a high level. We will begin
to learn things in one week and think we are experts. If managers don’t give consultants the time, I fear that managers will short sell,
and consultants will compromise…Tell managers not to overscope and short sell a project.”

Jnr49: “It could mean that the need to manage [managers’] expectations in terms of output from the team and the number of the
people on the team becomes a lot more important.”

While GenAI experts did not disagree with these methods for controlling complacency risk, they also highlighted actions that could
be taken at the system deployer- and ecosystem-level to manage risks related to automation complacency. Experts suggested that, at
the system deployer-level, to address this risk, LLM deployers could onboard users to the system (De-Arteaga et al. 2020); they could
also provide personalized adjustments to users by assessing users’ confidence in their own abilities and adjusting the user experience to
help overconfident users develop appropriate reliance (Lu & Yin, 2021). Further, system deployers could design interfaces with
cognitive forcing functions that reduced complacency, such as time-outs, on-demand explanations, and asking users to explicitly rule
out alternatives (Buçinca et al., 2021). Finally, system deployers could allow users to clearly specify how tasks were allocated between
the human and system, to allow users to better distribute the workload according to the respective strengths and weaknesses of humans
and GenAI, and to reduce the cognitive demand on users trying to discern the relative responsibilities on a moment-by-moment basis
(Simkute et al., 2024).

Experts also recommended interventions at the ecosystem-level to mitigate complacency risks. They noted that GenAI developers
could mitigate complacency by building their models to be stringent in rejecting requests that went against their content policy, and by
considering the impact on users of the model’s style, tone, or perceived personality (Achiam et al., 2023). Further, they suggested that
system feedback could highlight prompt changes and the resulting output changes (Zamfirescu-Pereira et al., 2023). Finally, they
noted that developers could support debugging, for example, by providing test cases and test data that users could employ to identify
corner cases (Vaithilingam et al., 2022).
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7. Discussion

Our findings have implications for both research and practice related to learning around uncertain emerging technologies, risk
work in organizations, and human-computer interaction.

7.1. Implications for research

7.1.1. Novice risk work and failed learning around uncertain emerging technologies
We propose the concept of novice risk work to highlight that junior professionals may fail to manage risks around uncertain

emerging technologies because juniors 1) lack a deep understanding of technologies that have uncertain and wide-ranging capabilities
and are changing exponentially, 2) have daily work experience with human-to-human interaction that leads them to focus on change to
human routines rather than system design, and 3) have daily work experience at the project level that leads them to focus on in-
terventions at the project level rather than system deployer- or ecosystem- level (Table 1).

Prior literature on technology and learning in occupations assumes that junior professionals are better positioned to learn how to
effectively use new technologies than are senior professionals because junior professionals are often closest to the work itself (e.g.,
Bharatan et al., 2024; Karunakaran, 2018; Kellogg, 2011; Pine &Mazmanian, 2017; Rahman & Barley, 2017), more willing to engage
in real-time experimentation with new technologies in front of clients and other occupation members (e.g., Beane, 2019, 2024; Beane
and Anthony, 2024; Endacott & Leonardi, 2022; Leonardi, 2007), and open to learning new methods that conflict with existing
identities (e.g., Lifshitz, 2018; Nelson & Irwin, 2014), practices (e.g., Beane & Orlikowski, 2015; Mazmanian & Beckman, 2018) and
frames (e.g., Anthony & Tripsas, 2016; Mazmanian, 2013).

We show, in contrast, that senior professionals depending on juniors may lead to failed learning around uncertain emerging
technologies. In the context of emerging technologies that have a high level of uncertainty in their use, because they have wide-ranging
capabilities and are exponentially changing, juniors may lack deep understanding of the technologies’ capabilities. In addition, since
junior professionals’ everyday practice involves human routines, and project-based work, their suggested measures to manage novel
risks will likely be shaped by these aspects of their everyday practice. In contrast, experts in emerging technologies such as GenAI may
provide different and more useful tactics for managing risk because they better understand the uncertain technologies and have had
more experience in their everyday practice with how to best manage risks associated with it.

7.1.2. Novel risks as key barrier to juniors coaching seniors in the use of emerging technologies
Our concept of novice risk work also contributes to our understanding of the key barriers to junior professionals being a source of

expertise for seniors around the use of new technologies (e.g., Barley, 1986; Kaplan et al., 2017; Kellogg et al., 2021; Leonardi, 2007).
The current literature suggests that the key barrier to such coaching is threat to seniors’ positional claims associated with juniors
overtly coaching seniors. Juniors coaching seniors challenges the historical distinctions of seniors’ performance of higher level, more
complex tasks (e.g., Barley, 1990; Kellogg, 2009; Leonardi & Bailey, 2008; Van Maanen & Schein, 1977; Zetka, 2003). It challenges
seniors’ demonstration of expertise in performing these tasks (e.g., Anthony, 2021; Beane, 2019; Beane & Anthony, 2024; Bechky,
2020; Bharatan et al., 2022). And it challenges seniors’ enactment of traditional identities, frames, and temporal rhythms while
performing the tasks (e.g., Anthony& Tripsas, 2016; Lifshitz, 2018; Nelson& Irwin, 2014; Oborn& Barrett, 2021; Pachidi et al., 2021).

We do not disagree that junior professionals coaching seniors in the use of uncertain emerging technologies may challenge seniors’
positional claims. However, we find that, in the case of uncertain emerging technologies, seniors may be more concerned about
managing the risks that the technologies pose to seniors’ valued outcomes than about managing the preservation of their own posi-
tional claims.

Emerging technologies pose novel risks when they 1) have uncertain and wide-ranging capabilities and are changing at an
exponential rate, 2) have the potential to surpass human performance in various skilled and cognitive tasks, and 3) combine data and
other inputs at an unprecedented scale and detail from a broad ecosystem of actors. Such novel risks may bring threats to seniors’
valued outcomes of accuracy of outputs, explainability of outputs, outputs that take into account relevant contextual data, and users’
active engagement with and interrogation of outputs.

7.1.3. Novice risk work and risk construction in organizations
Our concept of novice risk work also contributes to the understanding of risk construction in organizations. Existing literature on risk

construction in organizations focuses on how organizational actors construct “risk objects” by identifying objects deemed to pose risk
to values at stake in a particular setting (e.g., Barrett et al., 2024; Corvellec, 2010). This literature highlights that not everything that
could be seen as a risk is represented as one; instead, there are often risk construction struggles among differently positioned groups
whose different everyday practices lead them to designate objects as risky or not, and to prescribe particular actions to manage risk
objects (e.g., Palermo, 2016; Power, 2016a).

We contribute to the understanding of risk construction in organizations in two ways. First, the current literature suggests that
actors shape attitudes towards what objects are seen as risk objects and how these risk objects can best be managed when they make
risks emotionally salient (e.g., Gale et al., 2016) and use material artifacts to manage the risks (e.g., Power, 2016b). We highlight the
important role that junior professionals may play in identifying and managing risk around uncertain emerging technologies, even
when they do not make risks emotionally salient or use material artifacts to manage the risks. This is because, in professional orga-
nizations, senior professionals often expect junior professionals to coach them in the use of new technologies.

Second, the current literature on risk construction in organizations is agnostic as to whether the existing scientific body of risk
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knowledge should serve as a basis for organizing risk (Hardy & Maguire, 2020). It is instead focused on how differently positioned
groups with different everyday practices designate objects as risky or not, and prescribe particular actions to manage risk objects (e.g.,
Corvellec, 2010). In contrast, in the context of emerging technologies that have a high level of uncertainty in their use, because they
have wide-ranging capabilities and are exponentially changing, we demonstrate that experts who understand the existing scientific
body of risk knowledge may provide different and more useful tactics for managing risk around the technologies than junior pro-
fessionals, because junior professionals may engage in novice risk work.

When emerging technologies have uncertain and wide-ranging capabilities that are changing at an exponential rate, junior pro-
fessionals are likely to be less informed about their capabilities than are experts in the emerging technologies. When emerging
technologies have the potential for outperforming humans in a wide variety of skilled and cognitive tasks, junior professionals’ focus
on change to human routines may be less effective in managing risks than experts’ focus changes to system design. And, when
emerging technologies depend on a vast, varied, and high volume of data and other inputs from a broad ecosystem of actors, junior
professionals’ focus on interventions at the project-level may be less likely to be effective than experts’ focus on interventions at the
system deployer- and ecosystem-level. Thus, In the context of emerging technologies that have a high level of uncertainty in their use,
because they have wide-ranging capabilities and are exponentially changing, experts in emerging technologies may provide different
and more useful tactics for professionals related to managing risk around the technologies; these experts are likely to better understand
the uncertain technologies and to have had more experience in their everyday practice with how to best manage risks associated with
them.

However, depending on the risk work of experts around uncertain emerging technologies is not without its challenges. In particular,
such experts may be positioned inside of vendor organizations, and this may introduce bias in terms of the types of risk work the
experts recommend. For example, such experts may not recommend the need for clarity around training processes and data used to
build LLMs. In addition, the experts may fail to recommend the provision of confidence and uncertainty estimations, crucial in high-
stakes settings, and may fail to address potential privacy and intellectual property issues (e.g., Gallifant et al., 2024). Even when
experts do attempt to engage in such risk work practices, their contextual understanding of a firm or industry may be less expert than
that of junior or senior professionals who work in the target setting.

7.1.4. Novice risk work and human-computer interaction around emerging technologies
Finally, our concept of novice risk work contributes to our understanding of the human-computer interaction of novice technology

users around emerging technologies. Existing literature on human-computer interaction (HCI) highlights that the key limitations to
novices’ effective human computer interaction are person-specific barriers and technology usability barriers. This literature demon-
strates, for example, that novice programmers typically have only a surface knowledge of programs (Ko et al., 2004; Lahtinen et al.,
2005; Yang et al., 2018; Zamfirescu-Pereira et al., 2023), and that usability issues may make the technology difficult for novices to
learn (Pane & Myers, 1996).

Our concept of novice risk work highlights two different key barriers to novices’ effective human-computer interaction around
emerging technologies: juniors’ social position and novel technology risks. For example, we highlight that, rather than juniors’ person-
specific barriers, juniors’ social position, which may involve the use of human routines in everyday practice and project-based work,
can lead novices to recommend managing risk by making change to human routines rather than system design, and by intervening at
the project-level rather than system deployer- or ecosystem-level. We further highlight that it is not only the usability of a technology,
but also its uncertain and wide-ranging capabilities and exponential speed of change, that may lead novices to lack a deep under-
standing of the emerging technology’s capabilities.

Our elaboration of the importance of juniors’ social position and of emerging technologies’ uncertain and wide-ranging capabilities
and exponential speed of change as critical to novices’ human-computer interaction suggests expanding the current HCI literature’s
focus on addressing person-specific barriers and technology usability barriers in the design of future tools to better support novice
users. In particular, the HCI literature could identify interventions related to a broader set of human actors (e.g., system deployers in
addition to developers and end-users) and a broader set of material actors (e.g., data and infrastructure in addition to programs,
models, and interfaces).

7.1.5. Limitations
Our study has several limitations that could be addressed in future studies of professionals learning to use uncertain emerging

technologies. First, the data set comprises interviews with a relatively small set of juniors drawn from one firm, management con-
sultants who are a very particular professional group. Their interests and values and their approach to learning are all quite different
from the professional groups studied in other work in the literature on learning to use technologies in occupational work, such as
doctors and lawyers. For example, one of the notable characteristics of senior professionals in communities of practice in the classic
studies is that many have been in their jobs for 20–30 years. In contrast, many management consultants have a shorter-term horizon
and approach tasks with a different perspective. In addition, consultants’ sense of what is valuable centers on how they can expedite
outcomes important to clients by adding immediate and discernible value, rather than on how they can maintain the quality of a
profession in the long term. Because the dynamics of the professional group of consultants are different from groups studied in prior
research on communities of practice, future research should investigate whether the dynamics highlighted here are similar or not to
those in communities of practice that have been studied in prior literature, and where these dynamics need to be modified or extended.

Second, at the time of the experiment, the technology was still nascent; consultants were in a first exposure moment, so the speed at
which the technology was evolving was likely and understandably not apparent to them; juniors might respond differently if they knew
that the technology was exponentially changing. The time we gave participants in the field experiment to engage with GenAI was also
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very limited; it is quite likely that, once given more exposure and training, these same juniors would develop more effective tactics for
GenAI use. In addition, all of the interviews were conducted over two months in 2023, so the generalizability of the insights is
hampered by the snapshot timeframe. Future research could examine a larger population of professionals, from a wider variety of
organizations and industries, after they have spent more time engaging with the technology. Such research could examine which of the
challenges we identified persist, and what new challenges emerge.

Third, the emerging technology we studied was GPT-4. As noted, this technology can be easily accessed and customized without
coding and without owning infrastructure. Future research could examine the ways in which the challenges and risk work we elaborate
are similar and different for other kinds of uncertain emerging technologies that are not as easily accessed and customized.

Fourth, because we studied consultants, but not their managers, we have data on consultant perceptions of managers’ potential
concerns around consultants’ use of AI; we do not have data on managers’ actual reactions to consultants’ use of AI. In addition,
because there was an organizational policy in place at the time of our study that prohibited consultants from using generative AI in
their daily work, we have data on consultants’ perceptions of the potential risk work that might help to address the novel risks posed by
GenAI; we do not have data on risk work practices they actually tried to use. While these are clear limitations of our study, we believe
that our study provides an important case, because it offers an early view of both the kinds of novice risk work that junior professionals
may suggest for addressing novel risks posed by uncertain emerging technologies, and how these tactics may lead juniors to fail to
coach seniors in the use of the emerging technologies.

7.2. Implications for practice

Our findings have practical implications for organizational leaders, developers of emerging technologies, and policymakers.

7.2.1. Implications for organizational leaders
As organizational leaders attempt to keep their employees’ skills in sync with uncertain emerging technologies such as artificial

intelligence, blockchain, and 3-D printing, they may imagine that juniors will be able to help seniors learn to use the new technologies.
In contrast, we highlight that learning to use uncertain emerging technologies may require addressing a novel set of risks and that, in
the context of emerging technologies that have a high level of uncertainty in their use because they have wide-ranging capabilities and
are exponentially changing, juniors may be novices in addressing such risks. Thus, organizational leaders may need to help junior and
senior professionals address emerging technology risks by a) providing a deep understanding of the emerging technology’s unique
capabilities and limitations, b) making changes to system design in addition to human routines, and c) intervening in sociotechnical
ecosystems, rather than only at the project level.

Regarding providing junior and senior professionals with a deep understanding of emerging technology’s unique capabilities and
limitations, organizational leaders could do this in four primary ways. First, they could provide junior and senior professionals with
employee training and awareness programs to explain how the emerging technology works, what the specific risks of the technology
are (e.g., risks related to accuracy, explainability, contextualization and automation complacency), and how end users can help to
manage these risks. For example, in the case of GPT-4, leaders could provide professionals with training on how to formulate effective
prompts, how to interpret the generated outputs, and how to cross-reference outputs using reliable sources and their own domain
expertise and knowledge of firm values. Second, leaders could provide junior and senior professionals with access to experts in the
emerging technology who could address their questions, provide guidance, and offer best practices for working with the emerging
technology. Third, leaders could provide both junior and senior professionals with education in systems thinking, and in the impor-
tance of taking system-level approaches for better implementation and use. Fourth, leaders could form a steering group with a mandate
for making critical decisions on managing risks associated with the emerging technology. For example, a steering group could have
responsibility for determining acceptable use cases for generative AI, and adjusting these targeted use cases according to professionals’
learning during AI use and according to newly available models and features.

Regarding making changes to system design in addition to human routines, organizational leaders could do this by identifying
specific harms (like accuracy failures) and changing system design to address these harms. For example, at the time of this study, GenAI
experts were recommending that accuracy failures could be controlled by setting up automatic monitoring with a second system, by
using models that provided links to sources, or by using more accurate models that improved accuracy by combining retrieved data
with the generative content from LLMs with meticulous claim-by-claim fact checking. Experts were recommending that contextual-
ization failures could be mitigated by using RAG that aimed at constraining models to rely on a small set of factors and thereby reduce
the risk of fabrication of facts.

Finally, regarding intervening in sociotechnical ecosystems, rather than only at the project level, organizational leaders could do
this by making changes at the firm-level and ecosystem-level to address particular harms. For example, at the time of this study, GenAI
experts were recommending that organizational leaders could take several actions at the firm level to mitigate accuracy risks: a)
communicate to users the intended conditions under which GenAI could be used reliably; b) provide co-audit tools; c) create a prompt
library; and d) continually assess the alignment of LLMs vis-à-vis evaluation metrics. Experts were recommending that organizational
leaders could intervene at the ecosystem level by requiring LLM vendors to assess the representativeness, robustness, and quality of
their data sources, and implement mechanisms that allowed LLMs to continually learn from new data in order to capture recent
developments and trends. Organizational leaders could also intervene at the ecosystem level by requiring LLM vendors to report on the
provenance and curation of the training data, the model’s performance metrics, and any incidents and mitigation strategies concerning
harmful content.
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7.2.2. Implications for developers of emerging technologies
Our paper also has implications for developers of emerging technologies, as it helps to highlight the importance of developers

designing emerging technologies that are easier to effectively use by people who are not formally trained in their use. We suggest that
developers of emerging technologies may be able to build future tools that better support novice users in the face of their common
counterproductive intuitions and struggles.

In the case of generative AI, we highlight that novices may fall into particular traps related to identifying andmanaging risks related
to accuracy, explainability, contextualization, and automation complacency. We suggest that developers could use end-user focused
tool design interventions to help minimize such traps. For example, to help reduce automation complacency around GPT-4, developers
could design a system that provides the end user with proactive self-reflective prompts, or build an interface that visualizes uncertainty
for the end user. Developers could also mitigate automation complacency by considering the impact on users of the model’s style, tone,
or perceived personality, and by supporting debugging, for example, by providing test cases and test data that users could employ to
identify corner cases.

However, our concept of novice risk work around uncertain emerging technologies also suggests that novice end users may engage
with such technologies in less productive ways not only because of their own novice intuitions, but also because it is extremely difficult
to manage risks associated with emerging technologies that have uncertain and wide-ranging capabilities that are changing at an
exponential rate, that carry the possibility of outperforming humans in a wide variety of skilled and cognitive tasks, and that combine
data and other inputs at an unprecedented scale and detail from a broad ecosystem of actors. Thus, even as we suggest implications for
developers of uncertain emerging technologies, we contend that developers’ attempts to design their systems to help novices will not
be sufficient in addressing the full consequences of these emerging technology risks.

7.2.3. Implications for policymakers
Thus, we suggest that there may be a need to move beyond a focus on the design of human-computer interaction, and focus also on

policies that address firm- and ecosystem-levels in which the technologies are developed, deployed, and used. Our focus on end users
and our snapshot study in the early period of GenAI implementation does not allow us to generate a comprehensive list of policy
recommendations. Here we highlight three key implications for policy that can be derived from our study.

First, it will be important for policymakers to identify risks of harm being generated at multiple levels in the ecosystem—by de-
velopers involved in data sourcing and foundation model building and release, by firms involved in model deployment and adaptation,
and by end users using the generative capabilities of themodels. By identifying risks of harm generated at multiple levels, policymakers
can place control mechanisms in place across this network of risk relations to make risk outcomes more understandable and pre-
dictable. Second, the nascent, fragmented, and rapidly changing state of generative AI requires policies that are highly responsive to
changing needs. Thus, it will be critical for policymakers to examine real world data on the emerging benefits and harms of AI use, and
adjust policies in an iterative and cyclical manner (Lee et al., 2022). It will also be critical for policymakers to consider a range of
governance approaches, from risk-based approaches (identifying and prioritizing risks in relation to the potential harms AI systems
could cause), principles-based approaches (setting out fundamental principles for AI systems, leaving the interpretation and exact
details of implementation to organizations), and outcomes-based approaches (focusing on achieving measurable AI-related outcomes
without defining specific processes or actions that must be followed for compliance; AIG Alliance, 2024). And it will be necessary for
policymakers to cooperate internationally through coordinated multistakeholder efforts, including government, civil society,
academia, industry, and impacted communities (AIG Alliance, 2024). Finally, our study highlights the need to engage GenAI experts in
policymaking. However, because GenAI experts may be positioned inside of vendor organizations, this may introduce bias in terms of
the types of policies the experts recommend. Thus, policymakers will need to assemble a diverse team of differently positioned GenAI
experts, and compare their recommendations to those recommended in peer-reviewed articles in the literature on GenAI.

While we suggest this set of practical and theoretical implications, it is early to be making strong claims, particularly given the
dynamism of the space at the present time. Forms of GenAI are on the move, and so is our understanding of them. In this paper, we offer
preliminary insights suggesting that by identifying interventions related to a broad set of human actors (ecosystem-level developers,
firm-level system deployers, and end-user level system users) and material actors (data, models, and infrastructure), we may be better
able to manage emerging technology risks related to professionals’ valued outcomes.
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Appendix A: Methodological Appendix

A.1. Research setting

We carried out a comprehensive field research study in collaboration with the Boston Consulting Group (BCG), a leading global
management consulting firm. This study was designed as a field experiment that aimed to assess how junior professionals—associates
and consultants—at the firm used GenAI for two specific tasks: business problem solving and creative product innovation. In this
paper, we have concentrated on the consultants who used generative AI (GenAI) for the business problem solving task.

In the business problem solving task, consultants were asked to which identify channels and brands would help a fictional company
optimize its revenue and profitability. They were asked to solve this problem using fictitious interview notes with company executives
and historical business performance data.

A.2. Data collection

A team of 10 researchers with expertise in qualitative methods interviewed consultants soon after they completed the experiment.
We conducted semi-structured, 60-min, formal interviews (Spradley, 1979) via Zoom with associates and consultants who had
completed the problem-solving task.

Interviews were conducted to discover both how and when consultants used GenAI to improve their performance on analytical
tasks, and their perceptions of the factors and practices that would enable and constrain their future use of GenAI in their daily work.
All interviews were recorded (with informants’ consent) and transcribed.

A.2.1. Phase 1 data collection
During our first phase of data collection, we interviewed 118 consultants who had completed the problem-solving task with the use

of GenAI. Interviews allowed us to deepen our comprehension of both the practices consultants used when collaborating with GenAI
during the experiment, and how they expected to use GenAI in their daily work in the future.

In this first phase of interviews, we did not ask any questions about managers, but many of the consultants spontaneously
mentioned that they expected that they would need to coach their managers (senior professionals) in the use GenAI. They expected that
their managers would perceive particular risks associated with the technology, and that they, as junior professionals, would need to
manage these risks in order to coach these senior professionals in the use of GenAI technology.

In an effort to better understand this phenomenon, we re-read in detail the literature on junior professionals coaching senior
professionals in the use of new technologies, which highlighted that senior professionals may attempt to learn from junior pro-
fessionals, who may be better able than their senior counterparts to learn to effectively use the new technologies. We were surprised to
find that the literature on juniors coaching seniors did not include a discussion of novel risks that uncertain emerging technologies
posed to outcomes that seniors valued nor did it include a discussion of the tactics that the juniors recommended to control the risks
that GenAI posed to seniors’ valued outcomes. For this reason, we chose to investigate this phenomenon in detail during our second
phase of interviews.

A.2.2. Phase 2 data collection
In the second phase of data collection, we interviewed 78 consultants who had completed the problem-solving task with the use of

GenAI to gain a deeper understanding of how junior professionals deal with emerging technologies that present novel risks, and what
implications this has for occupation members learning to use these technologies. We noted that the tactics the consultants identified
appeared to be different from those being recommended by experts in GenAI writing at the time, who had identified similar risks but
prescribed different tactics for managing the risks.

A.2.3. Phase 3 data collection
In the third phase of data collection, we searched on google scholar to gather articles from GenAI experts about how to best address

this set of risks identified by both junior professionals and GenAI experts—risks to accuracy, explainability, contextualization and
automation complacency. We included in our dataset articles publicly posted by GenAI experts before July 2023, so that we could
compare tactics suggested by the junior professionals to tactics that had been suggested by experts in GenAI at the same time.

A.3. Data analysis

We employed an inductive analysis approach (e.g., Glaser & Strauss, 1967; Strauss & Corbin, 1990). Our analysis proceeded in
several broad phases.

A.3.1. Phase 1 analysis
In the first phase of analysis, we coded our interviews to identify consultants’ anticipated potential manager concerns to the use of

GenAI in everyday work. We identified that consultants expected that their managers would have concerns about risks related to their
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valued outcomes of accuracy, explainability, contextualization of results, and automation complacency, and that these risks would
limit consultants’ ability to coach their managers in the use GenAI, unless consultants could manage these risks.

A.3.2. Phase 2 analysis
In the second phase of analysis, we explored tactics that consultants (junior professionals) reported could mitigate their managers

concerns, and so facilitate their ability to coach their managers (senior professionals) in the use GenAI.

A.3.3. Phase 3 analysis
In the third phase of analysis, we compared consultants’ suggested tactics to address managers’ concerns about the risks that GenAI

posed to the valued outcomes of accuracy, explainability, contextualization of results, and automation complacency, to those that were
being recommended by experts in GenAI at the same time. We later named consultants’ tactics novice risk work to delineate tactics that:
1) are grounded in a lack of deep understanding of the emerging technology’s capabilities, 2) focus on change to human routines rather
than system design, and 3) focus on interventions at the project-level rather than system deployer- or ecosystem-level.

Appendix B. Juniors expected that they would need to educate seniors, but did not expect status threat to be a key barrier

Additional examples from the interviews with juniors

Juniors expected to educate seniors about effective use of the
new technology

Juniors expected to educate seniors about effective use of the new technology
Jnr21: “I would probably start with them by using AI for the internal portion of our work,
[like team communication], so that the managers can get a sense of how things improve
with [the use of GenAI].”
Jnr38: “You can start by picking the areas that [the managers] do feel comfortable in. For
example, like fact aggregation, or whatever, and begin to implement [GenAI] into our
ways of working [there], and couple that with learning labs to test it.”

No evidence that juniors expected to need to mitigate positional
threat to seniors that this upward teaching could raise

Juniors did not expect to need to teach seniors without appearing to do so, in order
to protect seniors’ status
Jnr39: “I think making the case to the hesitant manager will go a long way, like, ‘You
know, it’s going to save me time this in this way. And that will give me the opportunity to
work on these other aspects of the project that are super important.”

Appendix C. Juniors expected the key barrier to upward coaching would be the technology’s risks to seniors’ valued
outcomes

Risks to Valued Outcomes Additional Examples from Interviews with Juniors

Accuracy

Jnr20: “Managers will be afraid of AI coming up with answers, and junior people will think they know whole world, and will talk to
clients which will discount our credibility with them.”
Jnr32: “I imaginemost managers would probably steer us away from using [GenAI], because they don’t want to put their reputation at
risk if things turn out to be wrong.”
Jnr13: “[Managers will be concerned that the client] might take some of our results and do stuff with them by hand, and realize that
we used generative AI in a way we weren’t supposed to, because an Associate was tired at night.”
Jnr59: “Managers may worry that the more junior people may over-trust GenAI, and provide wrong data or answers to the manager.
Then, if the manager doesn’t check, they may advise client incorrectly.”
Jnr60: “I can see my [manager] having an issue with [consultants using GenAI], because they always want the end result to be correct
and AI can be wrong.”

Explainability Jnr50: “When [managers] don’t understand the tech, they find it hard to relate to it and trust it…We need to decide how consultants
should explain the results from AI [to managers].”

Contextualization Jnr12: “Managers will worry about consultants’ lack of context because GPT is very focused on what you just fed it.”

Automation
Complacency

Jnr13: “What will be difficult for managers…is not micromanaging, and trusting the results provided by especially new team
members…[managers will] have a little bit of worry that some people are just ripping into generative AI and passing it along.”
Jnr5:” I think managers wouldn’t want to get into a situation where anyone is overly reliant on AI.”
Jnr20: “Managers’ main concern would be that consultants are not blindly believing everything the tool spits out…there will be
people who put zero to 5 % of human touch and rely super heavily on AI.”
Jnr73: “If I were a [manager], and I learned that the analysis was done using GenAI, I would have a couple of concerns. One is, was
there any vetting of the quality of the of the output?”
Jnr64: “If there was a lazy AC on the team, and they used AI for everything and didn’t bother quality checking, refining it. [Using
GenAI] could let them get away with poor quality work. Before AI, you would still have had to come up with something yourself.”
Jnr70:” I think there’s going to be a trust disconnect to a degree, where managers don’t believe that the consultants are fully involved
in building this thing…consultants may [start] shutting off earlier, and getting to a 90% answer. I think there’s going to be a trust issue
that I’d very much envision especially if it’s [consultants using it for critical] points in the analysis, like if someone’s using it [for
certain things] like building model outputs.”

K.C. Kellogg et al.



Information and Organization 35 (2025) 100559

17

Appendix D. Additional examples of novice vs. expert risk work tactics

Table D1
Additional Examples of Novice AI Risk Work Tactics Associated with Lack of Understanding.

GenAI
capabilities

Novices’ suggestions for managing risks reflect misunderstanding of
GenAI capabilities

Experts’ suggestions for managing risks reflect
understanding of GenAI capabilities

Accuracy Use a standardized way of asking questions
Jnr63: “Managers could give consultants] a framework of how they should
approach [using GenAI], how they should coach the AI tool through that. Then
[managers would] be more confident in it, than if consultants just give [GenAI]
the question and let it answer it, however, it likes.”

• Decide on appropriate use cases where error risks are
acceptable (Achiam et al., 2023)

• Test GenAI’s reliability in executing each subtask
(Shavit et al., 2023)

Explainability Explain GenAI logic to seniors
Jnr25: “We should…explain its rationale… We have to be able to do a deep
dive and explain everything.”
Agree on practices for explainable output
Jnr47: “We need to align on what the process is for using [GenAI], and how the
output should look. There are some tools that we use a lot…where we are quite
aligned on how the output should look. So maybe there needs to be a similar
kind of thing with [Gen]AI where there becomes [our organization’s] way of
using it, and showing it.”

• Avoid GenAI use where explainability is required
(Bender et al., 2021; Liu et al., 2023)

• Provide user with global explanations about model
logic and how to improve the input (Liao & Vaughan,
2023)

Contextualization Use for cases where contextualization is not necessary
Jnr63: “If you’re using it for [a case] that’s based off stuff you can search on the
Internet, then maybe [using GenAI] makes sense. Like for a project that is sort
of generic and in the public domain. I did a project on wildfire policy that
probably would have been great to use [GenAI] for, because we spent a lot of
time digging up generic information that’s available online.”

• Provide contextual information, and specify the
desired output (Zhou et al., 2023)

• Use RAG to add content (Gu et al., 2020; Lewis et al.,
2020)

Table D2
Additional Examples of Novice Risk Work Tactics Associated with Change to Human Routines.

Target of Change Novices Suggest Managing Risks by Changing Human
Routines

Experts Suggest Managing Risks by Also Changing GenAI Data,
Model, and System Design

Accuracy Train users to validate results
Jnr15: “I think managers would struggle if consultants began to
rely on GPT too much….And, I can see some consultants copy
pasting, too, and getting inaccurate results. To mitigate this, we
should train people on how to coach GPT to do certain things.”
Have managers review prompts/responses
Jnr7: “Consultants can handle manager concerns by showing
managers the prompts they provided to GPT.”
Jnr26: “Maybe there could be a way of including the prompts you
sent AI or some way for managers to check that part…Consultants
can say, these are instructions I gave, and managers can tell us if
there are any issues with those instructions.”

• Set up second automatic monitoring system (Saunders et al.,
2022)

• Use a more accurate model (Min et al., 2023)

Automation
Complacency

Train users to take ownership
Jnr26: “One big issue is consultants need to learn how to QA the
output to take ownership of their work [with GenAI].”

• Build an interface that visualizes uncertainty (Vasconcelos,
Jörke, et al., 2023)

• Support pattern-matching between GenAI suggestions and users’
task goals (Barke et al., 2023)

• Apply hard-coded restrictions to improve an LLM’s alignment to
a custom objective (Lu et al., 2021)

Contextualization Train users in prompt engineering
Jnr43: “Give people examples of prompts they can use…what the
related outcomes are.”

• Align the model’s generations to particular objectives specified
by users by using human-labeled preference data at the fine-
tuning stage (e.g., Song et al., 2023)

• Design system to begin with a user prompt to communicate goals
(Zamfirescu-Pereira et al., 2023)

• Improve prompts centrally and build them into the system
(Achiam et al., 2023)
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Table D3
Additional Examples of Novice Risk Work Tactics Associated with Project Level Interventions.

Intervention
Level

Novices Suggest Managing Risks by Intervening at the Project
Level

Experts Suggest Managing Risks by also Intervening at the System
Deployer- and Ecosystem -level

Accuracy Seniors and juniors on a project agree on conditions under which
GenAI can be used reliably
Jnr70: “I imagine a world where a manager would have to set very clear
boundaries up front…I think it’ll have to be a very clear discussion of,
here’s my expectation as a manager of when you use it and when you
don’t. I think it’ll be a burden on the manager to set that versus the
consultant having to be unsure of when it’s okay when it’s not okay.”
Jnr65: “At the beginning of the project, we just need to set the guidelines
around what to use it for and not and why.”
Jnr10: “We’ll need to come to agreement within the team around to
what degree do we want answers from AI. Should we use it only for first
ideas research, or for full analysis.”

Managers review consultants’ work process
Jnr13: “I think the biggest thing [with GenAI is]…having the manager
do what managers currently do, which is sporadically ask questions
about how analyses were done. So managers…make sure that the
consultant actually did it.”
Jnr70: “I think it puts an extra level of burden on managers to validate
the results. Right now, it’s one level [of validation]. A consultant is
doing all this work to then validate it…[With GenAI, managers could be
concerned] that consultants will start to cut down time on those tasks,
because they’re using generative AI, and they’re doing [only] some
level of validation. [Managers may] think that [consultants] are not
going to as deeply understand the nuances of the problem, bugs, things
that. So, a manager is going to ask questions or try to validate it
themselves.”
Jnr72: “Managers might think that it’s not fully our ideas with
ChatGPT…[To mitigate this] you could try using it together. Sit down
and assess answers together and iterate with it.”
Jnr77: “Managers will need to be even more skeptical of the results and
drilling a bit harder. Because they will wonder about whether or not I
checked my work.”

System Deployer Level

• Provide co-audit tools (Mündler et al., 2023)
• Communicate to users the intended conditions under which GenAI

can be used reliably (Liao & Vaughan, 2023)
• Create a prompt library of effective prompts for particular tasks (e.

g., Svendsen & Garvey, 2023)
• Develop evaluation methods that take into account emergent

capabilities as models get more capable, and are open ended enough
to detect unforeseen risks (Achiam et al., 2023)

Ecosystem Level

• Explain system’s capabilities and limitations (Solaiman, 2023)
• Build in effective explanations (Vasconcelos, Bansal, et al., 2023)
• Assess credibility of data sources; use trusted sources (Li et al., 2023)
• Adjust LLM behaviors by implementing algorithms to assess the

recency and applicability of data points (Meng et al., 2021)

Tailor use according to degree of manager acceptance
Jnr38: “I think different managers are going to have different
perspectives on how much GPT should be used, and what it should be
used for and not. Some will be very supportive of it, others will not…
You need to follow their lead…and use it to the degree they feel
comfortable. You can begin to leverage it if they do, but if they don’t,
you shouldn’t.”
Jnr46: “Of course, managers will have their own perception. So,
consultants should use it to the degree the manager is comfortable with.
And [consultants] should overcommunicate every step.”
Jnr48: “I would adapt based on my manager’s perception of it.”
Jnr21: “If there is a skeptical [manager], I would probably start using AI
for the internal portion of our work, [like team communication], so that
the manager can get a sense of how things improve with [the use of
GenAI].”

Complacency Managers give end users adequate time
Jnr76: “We need to train managers to give consultants enough time to
do the work. If my manager does not give me enough time, if I have to
choose between doing my work and doing normal human things, I will
choose to do human things.”

Managers don’t shortsell cases

Jnr18: “It will be really necessary to manage [managers’] expectations
of what they can receive, if we use Gen AI versus doing it as we’ve done
traditional consultant work.”

System Deployer Level

• Effectively onboard users; Provide personalized adjustments for
users (e.g. Lu & Yin, 2021)

• Apply cognitive forcing functions (Buçinca et al., 2021)
• Allow users to clearly specify human-GenAI task allocation (Simkute

et al., 2024)
Ecosystem Level

• Highlight prompt changes and the resulting output changes
(Zamfirescu-Pereira et al., 2023)

• Support debugging by generating test cases and test data to help
identify corner cases (Vaithilingam et al., 2022)
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generative AI and other uncertain emerging technologies can lead to learning failures,” was conducted in accordance with the ethical standards of
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