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Figure 1: The CollaboratingHumans andAIs (CHA) analytic space. Building on Shneiderman’s Reliable, Safe, and Trustworthy
model [83, 84], our space demonstrates how initiative may dynamically shift across different tasks in complex and organiza-
tional applications. In this figure, we identify two emergent axes. (A) The first emergent axis runs diagonally from upper left
to lower right, and represents the Parasuraman et al. [73] zero-sum trade-off dimension of human-versus-AI initiative. (B) The
second emergent axis runs from lower left to upper right, and represents human-plus-AI collaboration.

ABSTRACT
Abstract.We propose an integrated framework of Collaborating
Humans and AIs (CHA) for the design, analysis, and critique of
human-AI applications in current and future workplaces. Through
four use cases, we explore different configurations of humans work-
ing with intelligent systems, informed by a 70-year history of
frameworks of human-machine interaction. We make two primary
contributions: (1) In contrast to prior analyses of mixed-initiative
human-AI systems, we demonstrate that complex organizational
applications involve dynamic shifts and exchanges of human and
machine initiative. (2) We extend the analyses to include multi-user
configurations, in which we can examine the sometimes-invisible
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human roles behind those structures, interrogate power relation-
ships, and uncover mismatches between the desired and available
levels of human and AI initiative.
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1 INTRODUCTION
Relations between humans and their technological creations have
been discussed in the Eurowestern traditions for centuries. Two
hundred years ago, Wollstonecraft Shelley explored the responsi-
bilities of Victor Frankenstein, the creator of an artificial sentience
in Frankenstein; or, the Modern Prometheus [81]. One hundred years
later, Čapek also questioned the relationship of created beings to
their creators in Rossum’s Universal Robots [11] - an early descrip-
tion of future workplace with an automated workforce.

The concept of the golem preceded either of these accounts by
more than 1,000 years [56]. A golem is an autonomous laborer [55]
that is formed of clay, and which must be activated through a code.
In some accounts, the code is the inscription of the word truth (in
Hebrew: \<’EmEt>) on the golem’s forehead. Deletion of the alef
(\<’>) character changes the word truth to the word dead, thereby
de-activating the golem. Created for work as well as defense [55],
the golem may be the earliest reference to a programmable artificial
worker.

Contemporary research communities in AI, machine learning,
HCI, and CSCW have generally aspired toward designing human-
centered AI systems that are explainable [3, 61, 63, 67], equitable [22,
26, 26], and fair [7, 10], in order to preserve human control and
minimize user harms [83]. However, not all automated systems
ought to be designed to be overridden by human agency. In some
cases, safeguards exist within automated systems to prevent their
(mis)use by their human users. For example, anti-lock brakes and
automated morphine pumps both effectively “lock out” their human
users from overriding their behaviors: anti-lock brakes, when in
action, respond to the driver’s intent (stop the car) rather than
their action (applying brakes continuously); automated morphine
pumps dispense medication as requested, but do not allow a patient
to over-medicate themselves, no matter how much they push the
button [84].

All of these examples highlight a complex and nuanced space
of human-machine interaction: to what extent is each party re-
sponsible for the other, and how much authority ought each party
have over each other? The created being in Frankenstein bitterly
complained about his creator’s failure of care [82]. Clearly, there is
no one “right” design for how much initiative or agency each party
requires, as different applications have different requirements.

Our aim in this paper is first to summarize briefly one line of
research that has examined different analytic spaces of human-
initiative vs. machine-initiative. We will show that these simple
trade-off analyses are not sufficient to describe contemporary orga-
nizational applications of AI technologies. We build on this earlier
work by demonstrating how human-AI applications can be decom-
posed into their constituent steps - identifying tasks performed
by human, AI, or both. This new analysis repairs weaknesses of
the preceding work, particularly in representations of how much
initiative, agency, or authority each party has at each step. This de-
composition can lead to new insights about an AI-based application
in workplace contexts, such as identifying steps in which either
party has too little (or too much) initiative, agency, or authority.
Previous work relied on simplifying assumptions that one human
interacts with an AI application. However, this is an unrealistic
assumption for organizational applications. Our analysis can help

to understand AI applications that involve more than one human
user in distinct roles. Using a stakeholder lens from Value Sensi-
tive Design [30], we can also ask value-centric questions about the
power of each human or AI entity in these complex configurations.

Our work makes the following contributions:

• We extend previous static models of Human Centered AI
(HCAI) into the Collaborating Humans and AIs framework
(CHA) to include dynamically-shifting initiatives and multi-
stakeholder collaborations.

• We examine four complex and organizational human-AI ap-
plications in the CHA framework and showhow the resulting
space has additional descriptive and explanatory power.

2 BACKGROUND: THE EVOLUTION OF
HUMAN-AI FRAMEWORKS

We briefly trace one line of thinking about configurations of humans
and computer technologies in collaboration. In a paper of this scope,
we do not compare models from the rich history of thinking about
human-artifact and human-AI relations. Detailed reviews were
recently provided by O’Neill et al. [72] and by Shneiderman [85].
Therefore, we refer interested readers to those works for a more
extended version of the history.

2.1 Allocations
An early technical account of the differential assignment of joint
work between human and computer was what has become known
as the Fitts Allocation, published in 1951 [29]. The concept of “allo-
cation” was as follows: Certain types of work should be uniquely
assigned to either human or machine, respectively, according to
a set of rules. In the sexist language of the times, Fitts and col-
leagues noted that “men [sic] are better at” certain types of tasks,
and “machines are better at” other types of tasks.

Of course, no one thought that the allocation would remain fixed
forever, because of changing computing capabilities and the cre-
ation of new human work-practices [8, 72]. About a quarter century
after Fitts et al.’s foundational paper, Sheridan and Verplank [82]
proposed a more flexible allocation of how humans and computers
might jointly assign work tasks. Their innovation was that the de-
gree of human initiative and computer initiative was not a matter
of fixed allocations of tasks or functionality, but rather a design
decision that could be selected on a per-application basis. While this
new conceptualization assumed greater design flexibility (see Fiture
2), it retained the zero-sum nature of the Fitts Allocation: increases
in human autonomy necessarily implied decreases in computer
autonomy, and vice versa.

2.2 Dimensions
After another quarter of a century, Parasuraman, Sheridan, and
Wickens [73] updated the Sheridan and Verplank trade-off function
in their description of a design dimension that ran between complete
human autonomy and complete computer autonomy (Figure 2).
Their dimension provided an even more flexible and analytic way
to think about human and computer task-assignment as a series of
design choices. Similarly to Sheridan and Verplank’s concept, the
Parasuraman et al. dimension retained the zero-sum assumption
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Figure 2: The human-computer trade-off allocation of Parasuraman et al. [73]. The dimension runs from complete computer
autonomy (on the left) to complete human autonomy (on the right). The ten relative assignments of human-computer auton-
omy from Table ?? can be understood as points along this dimension.

that humans and computers were in a kind of competition for
initiative.

2.3 Spaces
Twenty years after Parasuraman et al.’s uni-dimensional dimension
of human-machine automation [73], Shneiderman [83] proposed
a major expansion of the design space by decoupling human au-
tonomy from computer autonomy. Shneiderman defined a two-
dimensional space in which some applications might involve high
human initiative and high AI initiative, while other applications
might involve high values on only one of those dimensions, but not
the other. The horizontal and vertical axes of Figure 1 correspond
to Shneiderman’s two dimensions, with human initiative along the
vertical axis, and AI initiative along the horizontal axis (see also
[65]).

3 A DYNAMIC, MULTI-STAKEHOLDER VIEW
OF COLLABORATING HUMANS AND AIS
(CHA)

In this paper, we build on Shneiderman’s space of Human-Centered
AI (HCAI) [83, 85]. We extend that framework from static descrip-
tions of human-AI configurations, toward more dynamic represen-
tations of human and AI actions that take place responsively over
time. We also consider AI systems that implicate more than one
human, and we show how the extended representation can help us
to find hidden human actors in a values-informed analysis of stake-
holders in design (e.g., [30]. To strengthen the clarity of our analysis,
we apply the concepts of multiple and distinct stakeholders from
Value Sensitive Design (VSD) [30].

To meet the length expectations of CHIWORK, we describe only
four examples from a larger set of unpublished analyses listed in
the Appendix.

3.1 Emergent Dimensions for Complex Work
Systems

We begin by integrating much of the history from Section 2 into a
more powerful, unified concept. We then apply that concept to un-
derstand, diagnose, and critique a diverse set of CHA applications.

First, we return briefly to Parasuraman et al.’s zero-sum trade-off
model, in which increases in human initiative implied decreases
in AI initiative, and vice versa (Section 2.2). This dimension fits
into the Shneiderman space of Section 2.3 as a minor diagonal
from the extreme of high-human-initiative/low-AI-initiation, to
the opposite extreme of low-human-initiative/high-AI-initiative, as
shown in Figure 1. In some senses, this can be considered a kind of
”human-vs.-AI” dimension.

The integration of the Parasuraman dimension into the Shneider-
man space, suggested that there might be a second, major diagonal.
That diagonal describes various degrees of human-AI collaboration,
from low-intensity collaboration (e.g., a musicbox [84]) to high-
intensity collaboration (e.g., a digital camera [84]). We added this
emergent dimension to the Shneiderman space in Figure 1. In some
senses, this can be considered as a ”human+AI” dimension. We will
use both the original dimensions of this space (human initiative, AI
initiative) and the two emergent dimensions to anchor the process
descriptions and social descriptions that follow.

3.2 Analyzing Influence, Interests, and Power
through Value Sensitive Design

The preceding analyses have been applied primarily to simple
configurations of one human and one piece of technology. When
we analyze complex AI applications in organizations, the configura-
tions often involve more than one human in different roles. Some of
those roles look like what we would conventionally call ”end-users,”
while other roles seem more remote from the situation of usage.
In many organizational settings, the more remote roles have more
organizational power: They structure and determine the conditions
under which the end-users work. We need a language and analytic
lens to understand how these different roles interact (differently)
with a technology that is in some ways ”common” to multiple roles.

Value Sensitive Design (VSD) provides a useful theory for con-
sidering these multiple-human roles and positions. Friedman and
Hendry [30] proposed two categories of humans who were en-
gaged with a design, technology, or policy: direct stakeholders who
directly interact with the artifact (e.g., end-users), and indirect stake-
holders who are involved in the technology in different ways. One
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example occurs when the end-user mediates between technology
and customer. Two cases below involve an indirect-stakeholder
relationship of a customer to the direct-stakeholder end-user: the
telephone operators in Section 3.5.2 and the bank loan officers in
Section 3.5.3.

However, as we will show, there are often multiple stakeholders
who are involved in applications that seem to interact with only
one user at-a-time. For example, the Wikipedia editor in Section
3.4.1 who looks for instances of article-vandalism using the Huggle
software bot, has impact on vandals, and works within a community
of other editors. Similarly, the data-labelers in the active learning
example of Section 3.4.2, are using a workflow-like application
through which a data science worker guides their labeling activities.

In summary, many AI-based applications involve multiple hu-
man roles. Some humans are direct stakeholders who interact with
the application (end-users) , and other humans are indirect stake-
holders who are affected by the actions of the direct stakeholder,
or who structure and control the working conditions of the di-
rect stakeholder. These complex roles and relationships may be
less apparent in simple AI-based consumer products. In this paper,
we explore these complications when we move from consumer
products to organizational systems.

3.3 Dynamic Shifts of Initiative and Autonomy
Shneiderman applied his conceptual space primarily to analyze
familiar consumer or medical products, such as cars, elevators, and
pacemakers [84]. In this paper, we apply the revised CHA frame-
work of Figure 1 in two different directions: complex applications
with dynamically-changing initiative between human and AI; and
multi-stakeholder applications that involve two or more humans
along with at least one AI. We recognize that these directions rep-
resent different choices from those that Shneiderman made, and
we hope that other researchers will add their own directions and
analytic representations over time.

In the first examples, we show how initiative changes dynam-
ically within the steps of each of a single human-AI application.
The changes in initiative are indicated by the position of each step
in the analytic space. For readers with conventional vision, we en-
courage reference to the figures. For readers with reduced vision,
we have written detailed descriptions of each figure in its caption,
and we also add the following summary indicators of approximate
semantic locations in the two-dimensional space of the figures:

• H+ (high human initiative), H0 (intermediate human initia-
tive), and H- (low human initiative)

• A+ (high AI initiative), A0 (intermediate AI initiative), and
A- (low AI initiative)

Our purpose is not to provide authoritative examinations of each
use case, but rather to provide a common frame-of-reference from
which interesting and productive discussions (and disagreements)
can be had around existing and future human-AI systems. We hope
to examine not only dynamics of initiative, but also to use feminist
technoscience [40] to question common assumptions about how
initiative, and hence aspects of power, may be configured.

3.4 Use Cases

3.4.1 Software Bots in Wikipedia. Historically, Wikipedia required
a large amount of human labor to create and improve articles [39].
However, Wikipedia volunteers (often called “editors”) became
fatigued and sometimes withdrew from editing [28].

Because of the public access to editing, many editor actions have
been focused on reducing acts of vandalism (i.e., damage to the text
of Wikipedia articles). Editors have developed multiple software
robots (“bots”) that are designed to search for evidence of vandalism,
to restore damaged text, and to keep records related to these events.

In this example, we describe the Huggle bot, which has been
studied extensively in HCI and CSCW [31, 38, 39]. As described in
Figure 3, Huggle operates under nominal human control (H+A-),
but takes many actions autonomously (H-A+). The Huggle scenario
also includes significant collaborativework by the human editor and
the Huggle bot together (H+A+), to determine whether vandalism
has actually taken place, and to decide on courses of action. Humans
exercise considerable discernment and judgment to reduce the
risk of overuse of bots as decision makers (e.g., [50, 51]), which
might otherwise harm the moral order of Wikipedia [17, 28], thus
worsening problems of bias and burnout.

In this example, the initiative shifted from (1) human activation
of the bot, to (2) autonomous actions by the bot, and then to (3)
shared actions by human and bot, before (4) escalation to even more
intense shared action, and finally to (5) autonomous record-keeping
by the bot. Clearly, the Huggle bot does not occupy a single location
in the Shneiderman space of Figure 1, but in fact moves through
three of the four quadrants of that analytic space.

The Huggle bot appears to be a single-user application. While
that is nominally true, we can use the analytic lens of VSD to
consider other stakeholders. The potential vandals are indirect
stakeholders: They actions are analyzed by Huggle; their Wikipedia
profiles may be modified by Huggle; and they may receive messages
from Huggle. If they are acting as vandals, then their values and
goals are oppose to those of the Wikipedia editors who use Huggle.
Huggle thus intermediates communications and actions among
humans with very different interests and motivations.

There is a secondway in which Huggle has multiple stakeholders.
There are many Wikipedia editors, and many of them use Huggle
to find and repair acts of vandalism. Huggle is thus a shared tool
among those editors, and they may need to agree on common usage
protocols.

Finally, someone created Huggle, and someone maintains it.
These roles do not appear to to interact or affect the editors’ daily
activities [31, 38, 39], so we did not include them in Figure 3. As we
will see below, sometimes these roles do need to be considered in
more complex applications.

3.4.2 Active Learning for Ground Truth Labels / Human-in-the-Loop.
A second example from contemporary work practices is the work
that humans do to write labels (annotations) onto machine-learning
records. In machine learning, the assignment of ground truth la-
bels (i.e., outcomes) to each data record can present challenges of
knowledge, time, and expense “because it requires the participation
of human experts” [45]. In some cases, crowdmarket workers have
sufficient knowledge to assign labels [16]. In other cases, expert or
domain knowledge is required to assign accurate labels [5, 20, 70].
Because the human is asked to provide, as it were, labeling services
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Figure 3: The Huggle software bot in Wikipedia. In Step 1, a human editor initiates Huggle (H+A-), which begins in Step 2 to
search autonomously for potential instances of vandalism uponWikipedia articles (H-A+). In Step 3, if Huggle finds potential
vandalism, it consults with the human editor (H0A0). The human editor can then work collaborative with Huggle in Step 4
(H+A+) to understand what was done to the article’s text, and optionally what other actions have been done by the editor who
changed that text (i.e., in the language of the application, the potential vandal). Huggle may then record the actions taken by
that potential vandal, and may also issue an automated warning to that person (H-A+).

to the AI, this configuration is sometimes called ”human-in-the-
loop” [94] or ”human teaching” of the AI [86].

Researchers have turned to methods based on active learning
to reduce these costs. Active learning involves a combination of
human labeling and algorithmic labeling. At some points in this
complex process, the human dominates the labeling process, while
at other points the AI is in control, and in yet other cases, the
labeling authority is shared between the human and algorithmic
labelers.

In Figure 4, we illustrate one version of an active learning ap-
proach in the CHA space, based on the account provided by Hossain
et al. [44]. We note that the actions begin with high human initia-
tive and low AI initiative (H+A-), and proceed through human-AI
collaboration (H+A+). During production mode, humans fade out
of the action (H-A+), and return to active involvement (H+A-) only
if a monitoring process detects problems (H0A0).

Most papers about active learning are written by data scientists
(e.g., [5, 16, 20, 45] who create the algorithms, design the user in-
terfaces, and recruit labelers to create the labels [70]. A separate
and distinct literature has documented the experiences of the la-
belers [19, 46]. When more comparative studies are available, it
will be useful to revise Figure 4 to include both the labelers (direct

stakeholders) and the people who structure their work (indirect
stakeholders.

3.4.3 Summary: Dynamic Initiative. Shneiderman’s HCAI analysis
[84] treated technologies and applications as “point locations” in
a two-dimensional analytic space of autonomy. In CHA, we have
added analytic power to highlight choices in complex and/or orga-
nizational AI applications, showing dynamic changes in initiative
during ordinary usage within a single application.

3.5 Multi-User Applications
Earlier in this paper, we said that we would need to challenge
certain aspects of Shneiderman’s framework. In the Introduction
to his already-influential book, Human-Centered AI, Shneiderman
states that

Researchers and developers for HCAI systems value
meaningful human control.... HCAI systems... empha-
size human control, while embedding high levels of
automation by way of AI and machine learning. Ex-
amples include digital cameras and [automotive] nav-
igation systems, which give humans control yet have
many automated features. [85, p. 8]



CHIWORK ’22, June 8–9, 2022, Durham, NH, USA Muller and Weisz

Figure 4: Active Learning process. In Step 1, the work begins as the human provides labels for an initial set of records (H+A-).
In Step 2, the AI begins to create a model of the human’s process, and begins to predict labels (H+A0). In Step 3, the human
monitors the performance of the AI labeling model (H+A+). In Step 4, the AI model becomes accurate enough to replace the
human labeler for many records (H-A+), and in Step 5, commits labels automatically (H-A+). However, it is possible that the
stream of data may change, or that there may be other problems with the predictive labeling model. Therefore, in Step 6, if
the automatic labeling performance worsens, the human expert may again need to take over the task of labeling (H0A0).

However, manyworkplace AI applications are designed to constrain
human actions into approved patterns, rather than to empower
those humans. Perhaps we should not be surprised, because work-
flow systems have channeled human work for decades [6, 9, 24],
including workflows configured as crowdwork [15, 34] and as citi-
zen science [88, 93].

Russell et al. note that ”In the main, the attention of workflow
researchers and workflow developers has focussed on the process
perspective, i.e., control-flow” [79, p. 216]. Their contribution re-
considers the process-control assumptions that drive workflows, by
proposing ”push patterns (’the system pushes work to a worker’)
and pull patterns (’the worker pulls work from the system’) to
describe the many ways in which work can be distributed.” We
add that even the ”pull patterns” receive system-structured work-
flows and system-designated assignments for generic or particular
humans.

Conventional AI-based systems for planning, optimizing, and
conducting workflows typically treat humans as resources to be
allocated for efficient workflows [15, 62, 75, 78, 95]. This may not be
the world that we would prefer. It is, however, a powerful attribute
of the world in which we live, where humans’ work is channeled by
systems that have been designed by other humans. In the next exam-
ples, we consider how algorithms structure work that is explicitly
done by groups of interdependent humans.

3.5.1 Bots and Labels, Revisited. As discussed in Section 3.4.1, the
use of Wikipedia bots for vandalism-detection, actually involves at
least two humans: theWikipedia editor and the (possible) vandal. In
a more subtle way, the Active Learning example in Section 3.4.2 also
involves at least two humans in different roles: the human labeler
and the humans who set up the labeling task. In both cases, the AI
performs an explicit or implicit mediating function, structuring the
work of one human in relation to one or more other humans. We
now take up two cases in which the roles of multiple humans are
in the foreground.

3.5.2 Telephone Operators. The field of HCI has been interested
in the work of telephone operators for several decades [35, 36, 48,
60, 71]. The analyses in this paper allow us to take another look at
this well-studied domain. Before easy online searches were avail-
able, customers of telephone companies often contacted telephone
operators (employees of those companies) for assistance in finding
a telephone number [35]. Sometimes the telephone number was
obvious, such as a specific person at a known address. But, some-
times the customer brought a problem rather than a name to look
up, such as “my dog ran away” [71]. In this case, the operator’s
job included refinement and clarification of the customer’s request,
until the operator was able to find a telephone number to meet the
customer’s need.

Because of the volume of calls and the staffing requirements,
telecommunications companies attempted to reduce the human
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Figure 5: Telephone operator and customer in collaboration with technology, told primarily from the operator’s perspective.
In Step 1, a customer places a call to the telephone operator (H+A-). The initial dialog with the customer takes place automat-
ically in Step 2, using speech-recognition and audio-storage technologies (H-A+). In Step 3, the technology pre-populates the
operator’s workstation with speech-recognized data, and plays back any audio to the operator (H-A+). In Step 4, the operator
and the customer collaboratively refine the customer’s request (H+A-), until in Step 5 there is sufficient information for the
operator to collaborate with technology (H+A+) to find the number that the customer needs. In Step 6, the operator can then
dispatch the number (H+A0) for replay to the customer in Step 7 (H-A+).

work-time for each call placed to a customer-assistance bureau
that provided telephone numbers on-demand [14, 35, 36, 48, 60],
sometimes applying early forms of modeling algorithms to compute
efficiencies [35], or early forms of speech recognition to reduce the
number of conversational interchanges between telephone operator
and customer [76]. Despite the fact that this research took place
more than two decades ago, the work involved two humans, one of
whom was collaborating with computerized technology, including
primitive forms of AI (i.e., speech recognition). Here, we apply
the CHA framework to bring new insights regarding the locus
of control in customer-operator interactions, and the potential to
“tune” the application of AI technologies along a continuum of
service quality and labor savings.

Figure 5 describes a typical workflow for a telephone operator
interacting with a customer. It is notable how many times the ini-
tiative passes from human to computer and back again. Significant
work is done in three of the four quadrants of the analytical space
(H+A-,H+A+, andH-A+). At first glance Figure 5 suggests a grace-
ful intermingling of human work and algorithmic work. However,
is also notable that, in Step 3, portions of the customer’s request
are analyzed via speech recognition, and the results are used to
pre-populate data fields for the operator. Usually, a dictionary of
city names was sufficiently small to support high-accuracy speech

recognition. However, a dictionary of human names may be ex-
traordinarily large. Further, if a customer has a need that cannot be
reduced to “first-city-then-listing,” then the speech-recognition will
almost inevitably fail (e.g., when the customer says “my dog ran
away”). The analysis in Figure 5 could be used to evaluate trade-offs
between service quality and labor savings by tweaking operators’
reliance on speech recognition, depending on corporate goals and
regulatory requirements.

This kind of analysis could be used diagnostically to find points
of breakdown; for example, a strict use of speech recognition for
a location could interfere with a customer’s ability to state a less
well-defined need such as a lost dog. Thus, the CHA approach can
be used for critical reflection on the technologies and practices that
shape jobs. It is particularly significant that so much of the work is
done according to computer dominance (H-A+). The work of the op-
erator, including their work with the customer (H+A-), is strongly
shaped, and constrained, by the technology [21]. A multi-party
VSD analysis of the needs of both operators (direct stakeholders)
and customers (indirect stakeholders) might reveal opportunities
to increase collaboration possibilities between them). Alternative
designs might have foregrounded the skills [59] and knowledge
[71] of the operator workforce, to promote higher service quality
to customers who were looking for help with life challenges and
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urgent needs. Such a design might have put powerful search and
disambiguation tools at the disposal of operators, shifting more of
their work into the human-AI collaboration quadrant (H+A+).

3.5.3 Bank Loan Applications. AI support for bank loan approvals
provides an even stronger case of multi-stakeholder AI systems.
The process of applying for a bank loan initially appears to be a
two-human use-case; a simple version of this process is sketched
in Figure 6. After a customer applies for a loan, “almost all the
applications are manipulated and controlled by machine learning
algorithms” [52]. The bank loan officer makes relatively few deci-
sions, and the customer makes even fewer decisions [92]. Human
action and agency have been replaced by algorithmic action and
agency.

In the language of VSD, the customer may be a direct stakeholder
if they enter their own data into the bank loan system. More impor-
tantly for the use of the algorithm, the loan officer is clearly a direct
stakeholder, because they interact with the loan-rating system, and
they deliver news of the outcome to the customer. If this technol-
ogy involves ”human control” [85], neither the customer nor the
bank officer is in a position to control the outcome. We must look
further to find which human is in control, and how they exercise
that control.

In the CHA context, feminist technoscience [40] informed by
VSD allows us to consider two additional actors. While each of
these actors is invisible in the conventional analysis, they are both
direct stakeholders. One actor (or more likely, a group of actors) is
the developer of the loan-rating algorithm, who choose the factors
that predict loan-repayment, and who choose how those factors are
combined into a predictive model and pipeline [68]. A second actor
may be a bank software engineer who parameterizes the algorithm
for the specific needs of a particular bank. Thees two hidden actors
exercise more power over the outcome than either of the two visible
actors.

The algorithm functions as an operationalization of the bank’s
policies. The developer(s) and the engineer(s) have greater ability
to determine how those policies are enacted, in comparison to the
loan officer or the customer. A deeper, VSD-informed examination
of the human policy-making roles among developers and bank
engineers, may show that their decisions have been constrained by
other, more powerful indirect stakeholders, such as executives who
choose among predictive models and other executives who specify
the parameters for a particular bank. Further indirect-stakeholder
influence may be exerted by legislators and regulators.

Researchers have explored the use of AI-based explanations (XAI)
to help customers to understand certain loan outcomes (e.g., [23]).
Even if there were solutions to the current problems of intelligibility
and actionability in relation to bank loans (e.g., [18, 67]), a technical
solution does not markedly increase the action or agency of the
customer or the bank officer. The algorithmwould remain dominant,
and an explanation would occur in the AI-initiative quadrant (H-
A+).

This brief CHA analysis of an organizational commercial appli-
cation can be used to promote critical reflection on how policies
become designs, and how design decisions can have profound im-
pacts on stakeholders. As with the telephone operators example
in Section 3.5.2, we can use this analysis to inquire why all of the

human experiences with the loan process take place in the quadrant
of AI domination (H-A+). There may be good reasons to attempt
to govern portions of complex decisions via algorithms, such as an
aspiration to reduce bias [32] - although there is strong evidence
that such algorithms tend to embody and transmit bias, rather than
reducing bias [37, 41]. Nonetheless, in the bank loan example, it was
a series of policy and design decisions to implement the algorithm
as an inflexible authority that drove all important decisions into
algorithmic dominance (H-A+), rather than as a source of advice
that could contribute to human-human negotiations (H+A+). It is
a human and a society decision when we choose a position along a
trade-off between human initiative and algorithmic initiative. CHA
analysis, supported by VSD, can help us to clarify those decisions,
and to interrogate the basis for those decisions.

3.5.4 Summary: Multi-Stakeholder Applications. In Section 3.3, we
analyzed dynamic changes in initiative between humans and AIs as
collaboration partners. The current section (Section 3.5) used CHA
to consider AIs as an additional collaborator (or constraint-imposer)
in human-human collaboration. By applying VSD stakeholder anal-
ysis to the expanded framework in this paper, we could focus on
critical design decisions that narrow the range of human collabora-
tive decision-making.

4 DISCUSSION
We described an expanded analytic space for frameworks of Collab-
orating Humans and AIs (CHA). We used this space to go beyond
the prior “static” analyses of mixed human-AI initiatives [29, 43, 72,
73, 82, 83, 85], demonstrating the dynamically-changing nature of
human-AI relationships in complex and organizational applications.
We also used the CHA space to analyze how multiple stakeholders
may interact with an AI system, and indirectly with one another
as mediated by that AI system. We informed our analysis with
principles from Value Sensitive Design [30].

4.1 Commonalities and Contrasts
We showed that many different kinds of AI applications involve
dynamically-changing configurations of human and AI initiative.
The operational steps of all of our use cases involved at least two
regions of the CHA framework, and all but two of them involved
three regions. The analysis, diagnosis, and critique of contemporary
AI applications require the ability to track persons, agents, actions,
and outcomes across fluid and situational processes [33, 43, 50, 51,
65, 77]. We hope that the CHA representation can support and
extend those analyses.

One possibility for future work is to refine the steps in the CHA
analyses as potential generic actions. These actions might then
be used to analyze across task- and application- domains, seeking
commonality of component actions. Spoto and Oleynik [87] and
Muller and Weisz [69] have proposed basic vocabularies of actions
that can, in principle, be performed by either human or AI. These
actions were analyzed primarily into sequences of elemental opera-
tions. A more complete collection of CHA analyses could extend
those analyses, but with a greater emphasis on how collaborations
occur at each stage of the action. The appendix provides a possible
starting set of such a collection of cases.
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Figure 6: Bank loan process. In Step 1, a customer applies for a bank loan (H+A-). In Step 2, the loan officer requests a loan
rating or approval from the AI (H-A+). In Step 3, the customer either does or does not receive the loan approval. We note that
the policy that controls the loan approval is determined in part in prior Step 0a by the developers of the AI (H+A+, where H
is the developer). The policy may be further configured, within the parameters allowed in a prior step 0a by the AI systems
developer, which are specified in a prior step 0b by a bank engineer (H0A+). These two roles (direct stakeholders) receive their
instructions from development corporation executives Ea and bank executives Eb, who are indirect stakeholders (i.e., they do
not interact with the loan-approval system). Neither the customer nor the loan officer can change the AI implementation of
those policies, because the implementation and policies are controlled by parties who are absent from the negotiation (Ea, 0a,
Eb, 0b) between the customer and loan officer.

The CHA analyses suggest another method for comparing and
contrasting AI applications and domains along the emergent di-
mensions discussed in Section 3.1. Some applications, like active
learning, tend to cluster along the huamn-vs.-AI trade-off dimen-
sion (Figure 4). Other applications, like the telephone operator and
the bank loan process, are less tied to a single axis (Figures 5 and
6). With analysis of more cases (suggested in the appendix), we
may be able to analyze in terms of more general principles, such as
human-vs.-AI and human-plus-AI dynamics.

We also note that the active learning example in Figure 4 has
relatively little activity in the high-collaboration region of the upper
right of the figure (H+A+). We speculate that other human-in-the-
loop applications may also lack high degrees of collaboration. CHA-
based analyses can help to test that conjecture.

The very different analyses of Muller and Weisz [69], Parasura-
man [73], and Spoto and Oleynik [87] agree in providing a trade-off
analysis of which entity (human or AI) performs which action
in a complex sequence of human and AI activities. Organizations
are likely to re-evaluate their allocation of future work in terms
of capabilities (e.g., [29] but also economics (e.g., [35, 36]). The
”best” configuration of human and AI in complex tasks is likely to

become a very temporary conclusion as technologies, work prac-
tices, and workforces change over time. If the configurations of
humans and AIs are now considered as a socio-technical prob-
lem [4, 25, 66, 74], then organizations may also need to concern
themselves with rapidly changing socio-technical-economic oppor-
tunities and choices. We hope that a CHA-derived representation -
possibly combined with a per-activity analysis based on [69, 87],
may help organizations to analyze their options.

4.2 Examining AI Applications as
Instantiations of Policies

The preceding sub-section took a relatively organizational view of
future of work. In this sub-section, we want to look instead from
the worker’s perspective.

Using VSD as an analytic lens, we showed that AI applications
may intermediate between or among organizational stakeholders.
A crucial question for these intelligent workflows is the assumed or
enacted location of the intelligence. Historically, we have tended to
assume that a technological process in theworkplace should contain
the knowledge of an organizational task, where that knowledge has
been reduced to a sequence of actions, usually including a set of
evaluative metrics to be applied to the performers of those actions



CHIWORK ’22, June 8–9, 2022, Durham, NH, USA Muller and Weisz

[15, 34, 88, 93]. Technology design has tended to assume that low-
status workers need the guidance of a well-designed or intelligent
workflow [35, 36], while high-status workers or consumers need to
be able to be able to guide the intelligent technology [85]. We used
VSD to focus on some of these design choices.

However, intelligent workflows are of course designed by hu-
mans. We also used the stakeholder concepts of VSD [30] to help to
question how a complex system might be designed, and we began
to ask questions inspired by feminist technoscience [40] about who
the hidden designers of workplace AI applications might be. In this
paper, we just began that analysis. We hope to continue this line of
inquiry into other complex, social and societal applications.

4.3 Limitations
The text of this paper analyzed four use cases of human-AI con-
figurations. We note in the Appendix that we have applied these
analytic approaches to a larger and more diverse set of AI applica-
tions, with convergent results.

This work was presented in an analytic style, for a primary
readership of researchers. We hope to discuss the themes and topics
of these analyses with data science workers, to convert the academic
language into checklists and other job-aids that can be applied in
the fast-paced world of applied indusry applications.

5 CONCLUSION
In the Introduction, we considered manufactured beings and pro-
grammable workers. We considered four examples of complex cre-
ated systems and their implications for workers in workplaces.
Sometimes we program the artificial entities, but sometimes, it
appears, they may program us.

We proposed the CHA framework to help us to think about
diverse configurations of humans and AIs in current and future
workplaces. The CHA framework integrates multiple prior frame-
works in a unified analytic space, in which both human-versus-AI
and human-plus-AI dimensions are explicitly represented. We used
CHA to consider human-AI interactions as a sequence of shifting
patterns of initiatives. Finally, we combined CHA, VSD, and femi-
nist technoscience to represent visible and invisible stakeholders
in human AI collaborations.
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A APPENDIX: HUMAN-AI CONFIGURATIONS
THAT CAN BE ANALYZED IN THE CHA
FRAMEWORK

Configurations in bold were analyzed in this paper’s text.
• Dynamic shifts in initiative
– Huggle (Wikipedia bot) (e.g., [31, 38, 39])
– Active learning / Human-in-the-Loop (e.g., [5, 20, 70,
86, 94])

– Generative documentation for source code (e.g., [91])
– Fly-by-wire aircraft (e.g., [80])
– Drone operations by government agencies (e.g., [12, 47,
89])

– Corporate travel approval (e.g., [27])
– Intelligent assistive technology for low-vision or no-vision
travelers (e.g., [53, 54, 58])

• Multi-human applications
– Telephone operatorworkflows (e.g., [35, 36, 48, 60, 71])
– Bank loan approvals (e.g., [42, 52, 57, 92])
– Insurance approvals (e.g., [1, 90])
– Carceral applications (bail, sentencing, early-release (e.g.,
[13, 64])

– Medical procedure approvals (e.g., [2, 49])
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