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ABSTRACT
Organizations have recently begun to deploy conversational task
assistants that collaborate with knowledge workers to partially
automate their work tasks. These assistants evolved out of business
robotic process automation (RPA) tools and are becoming more
intelligent: users can initiate task sequences through natural lan-
guage, and the system can orchestrate those tasks if they have not
previously been defined. As these tools become more automated,
system designers tend to optimize overall process efficiency, but at
the cost of shifting agency away from workers. Particularly in high
stakes work environments, this shift raises questions of how to
re-delegate agency such that workers feel sufficiently in control of
automated tasks. We explored this through two studies comprised
of interviews and co-design activities with knowledge workers and
identified four task dimensions along which their automation and
interaction preferences vary: process consequence, social conse-
quence, task familiarity, and task complexity. These dimensions are
useful for understanding when, why, and how to delegate agency
between workers and conversational task assistants.
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1 INTRODUCTION
Intelligent assistants are becoming important to support business
users in workplace settings, and are likely become even more im-
portant in the near future of work. A common way to interact with
these assistants is through a conversational interface, in which
human domain-experts and other end-users seek AI-based task
assistance for the more mundane parts of their work - freeing them
to put their energies into other aspects of their work that require
human expertise. Today, we see conversational agents used in assis-
tant roles of answering frequently asked questions [36], handling
customer service tasks [40, 87, 118], and performing personal tasks
such as scheduling meetings [24, 49, 70], ordering food [64], or
guiding decision-making processes [4, 28, 53, 85, 89, 108]. The tech-
nical capabilities underpinning the agents have also grown, moving
toward multi-agent systems with complex orchestration, memory,
and planning components [21, 103]. Agents that specialize in one
task are now part of a collective that do more complex tasks, call-
ing into question the balance between human and AI initiative
[39, 77, 90, 99].

Addressing these questions requires reconsidering the design
of such technology to account for user agency, yet as recently as
2017, Lee et al. noted the absence of guidance for the design of task
assistants [63]. In this paper, we focus on design issues for task
assistants that support more complex activities of business users
through conversational user interfaces. These assistants are capa-
ble of executing business processes in back-end systems on behalf
of the user [20, 21, 91]. Such systems are enabled via multi-agent
orchestration technologies, in which a front-end dialogue-manager
transforms a user’s natural-language request into a series of actions,
and then into an executable sequence of operations (i.e., the orches-
tration), powered by an underlying set of AI skills that connect
to back-end services [20, 21, 91]. The goal is often to relieve the
user from some of the tedious aspects of typical business work-
flows. However, these systems are derived from existing business
automation (BA) systems [92], such as robotic process automation
(RPA) [3], and as with other automation applications, there are de-
sign tensions about building more process rigidity into automated
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tasks to prioritize workflow efficiency, but at the cost of loss of hu-
man control and hence worsened user productivity and satisfaction
[8, 17, 99].

To address this tension, it may be helpful to cede some control
over task management and execution away from the AI agent and
back to the business user. However, this supposition raises questions
about when to cede control and what kinds of task-related controls
business users want. Hence, we sought to address the following
research questions:
RQ1: What factors affect business users’ task control needs and
automation preferences?
RQ2: Given the findings from RQ1, how should the user ex-
perience of a conversational task assistant be designed to give
workers sufficient control over their tasks?
RQ3: What design considerations are needed to support future
design of conversational task assistants?

We ran two studies to answer these questions. To address RQ1,
we conducted an interview and participatory activity with knowl-
edge workers and observed that certain dimensions of tasks affect
participants’ automation preferences.1 These learnings informed
a follow-up co-design study that sought to address RQ2 by ex-
ploring which task dimensions are applicable in the context of a
conversational task assistant and what implications they have on
system design. Synthesizing across both studies, we describe the
task dimensions and associated design considerations to address
RQ3.
Our paper makes the following contributions to the human-
centered AI (HCAI) community [74, 98, 99]:

(1) We identify four dimensions of tasks that influence people’s
preferences for task automation: the consequences of task
errors, social consequences, users’ familiarity with a task,
and task complexity.

(2) We elaborate on types of agency and control and ways to
delegate them based on these dimensions.

(3) We provide recommendations for how to factor these di-
mensions into the design of a conversational task assistant
to drive user-centered human-AI collaborations in future
workplaces.

2 RELATEDWORK
We begin by briefly introducing existing business process automa-
tion systems. We then detail prior work on task management chal-
lenges and task dimensions, and finally touch on applications of AI
to support complex tasks.

2.1 Business process automation & RPA
Business processes are typically described as a collection of tasks
that are connected together to accomplish an organizational
goal [21]. A simple example is a seller asking an AI sales-support
agent to parse a request for proposals (RFP). The AI finds compo-
nents, accesses current pricing information, and proposes a discount

1Participatory design is practiced in different ways, in different types of institutions,
and for different purposes [15, 80, 83]. In this project, we adapted our participatory
approach to industry constraints (e.g., [13, 56]), in which institutional pressures often
constrain employees’ time to a single participatory session [79], with little opportunity
to continue engagement over time [84].

rate for this particular customer. The seller can adjust the discount
rate and other aspects of the proposal, and then the AI can produce
a well-formatted proposal and (with seller approval) submit the
proposal electronically to the customer.

The design goal of business process automation is to apply AI
to automate portions of a business process to allow humans to
use human creative and social skills [68] while computers perform
more tedious support operations [39, 90, 97]. One key enabling
technology for automating repetitive software tasks is Robotic Pro-
cess Automation (RPA) [117]. In RPA systems, software “robots”
(i.e., AI agents) perform repetitive and highly-structured activities,
such as email responses, cancellation and refund of an airline ticket,
and information retrieval from audit documents [16, 67]. Recent
advances in multi-agent orchestration systems enable more intel-
ligent behaviors to be composed (i.e., orchestrated) out of a set of
simpler behaviors [103]. For example, a calendar scheduling agent
may combine the individual skills of natural language understand-
ing, sending emails, satisfying constraints, and creating a calendar
invitation (e.g., [59]). However, little is known about how people
actually need to interact with multi-agent orchestration systems
and how they will integrate them into their existing work practices.

2.2 Challenges of task management
To understand the design space of multi-AI-agent task-support
systems we turn to the HCI, IUI, and CSCW literatures on human
task management. Much of the early work dealt with complex and
intermixed tasks that tended to be imposed on office workers [9, 12,
19, 115, 119]. While some treatments of task management involved
interpersonal or team collaboration [22, 42, 66, 71, 75, 82, 114], much
of the work focused on the individual task-performer and how they
coped with the work-to-be-done [18, 25, 43, 45, 52, 116]. Geyer et al.
analyzed the “flood” of an overwhelming number of tasks, which
were “scattered” across multiple channels ([42]; see also [43]).

There is also evidence that people’s task management practices
are highly varied [54, 55, 60, 75] especially in multi-disciplinary
teams [43, 71]. This variance has made it difficult to create tech-
nologies that support diverse tasks and diverse ways of working
[14, 106]. Designs that provided flexibility in structuring tasks, col-
laborations, and representations seem to have been readily adopted
[6, 76, 96], with one such approach being re-implemented as a major
collaborative task management product that supported individual
users and teams to create their own task structures and collabo-
rative dependencies [42, 73, 81]. But which aspects of tasks and
task-management practices have supported this adoption, and how
can new AI technologies contribute to task-management practices?

2.3 Task dimensions
Task management and support present complex design and imple-
mentation challenges. Researchers have characterized this space in
termsmultiple task dimensions based on classifications and trade-off
dimensions. Tasks may be analyzed along dimensions of retrospec-
tive vs. prospective [50], informative vs. actionable [101], reminding
vs. being-reminded [75], visible vs. invisible [23, 94, 104], content-
oriented vs. relationship-oriented [22, 75, 114], and holistic [6] vs.
itemized [10, 25, 34, 51]. In a series of studies, Bellotti and colleagues
considered task dimensions organized into the diverse functions of
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task representations, such as reminders, work estimators, prioritiza-
tion aids, and status trackers ([9–12, 34]; see also [22, 75]). Brdiczka
and colleagues added temporal dimensions and time-patterning
([18, 19]; see also [7, 50]), factors which become crucially impor-
tant in emergency response [66, 88] and urgent healthcare [62].
Most knowledge workers must manage a multitude of diverse tasks
[25, 42, 45, 75]. In this paper, we consider how this analytic space
may be both complicated and also re-configured by AI support.

2.4 AI assistance for complex tasks
In recent years, intelligent assistants have become more advanced,
taking on more complex tasks and even involving multiple agents
in conversation [29, 38]. However, users primarily use these assis-
tants for simple tasks, such as checking the weather and setting
reminders. They are much less likely to trust them for complex,
socially-sensitive tasks, such as starting a call and sending long
emails, in part due to uncertainty over the their capabilities and
contextual state [65].

Task-based work has always been socially entangled [13, 75],
because one person’s work output often serves as input to their
colleague. The use of AI agents leads to new concerns about those
entanglements. Employees are concerned with their workplace rep-
utations if an AI agent takes action on their behalf, because AI
agents may not understand social dynamics or relational conse-
quences [48] - a set of workplace concerns that Goffman described
in terms of impression management [44].

Lack of trust may also be caused by issues of agency, initia-
tive, and control. Humans generally prefer to develop their own
strategies and tactics, and to choose their own actions [31, 99, 110].
However, organizations often prefer to direct, channel, and control
human actions through operationalizations of tasks in the form
of workflows [2, 8, 17, 27, 32, 46]. Multiple fixed allocation mod-
els have been proposed, in which humans should perform certain
types of tasks while computers should perform other types of tasks
(e.g., [39, 90, 97]). By contrast, other researchers have centered their
projects around the concept of mixed initiative interfaces, in which
some actions may be flexibly assigned to either human or AI agent,
depending on work demands and human and machine resources
[30, 47, 57, 77, 78, 102, 111]. Conversational task assistants provide
a pragmatic workplace setting to explore these mixed-initiative
issues in a conversational structure, where initiative may shift from
one party to the other [72].

3 METHODS
We conducted two studies. Previous work had created taxonomies
of to-do actions and atomic task components [43, 61]. Large-scale
empirical work provided catalogs of user actions through surveys
[109] and through automated mining of activity logs [95]. In this
paper, we wanted to complement those methods with users’ own
statements of their preferences and needs, and therefore we turned
to more participatory approaches.

To answer RQ1, we ran an interview-based participatory analysis
with 13 business users from IBM, a large international technology
and services company based in North America, with offices in
nearly 100 countries. We asked participants about their current task

management and execution practices, then conducted a participa-
tory analysis based on [79] to understand and elicit considerations
relevant to their task control and automation preferences. To ad-
dress RQ2 and contextualize these considerations, we moved from
the analysis of RQ1 into direct participatory design based on [37]
of how control and automation features should be incorporated
into a conversational task assistant, with an additional 15 business
users. We synthesized design considerations across the two studies
to address RQ3.

3.1 Participants
We recruited participants from several company-wide Slack2 chan-
nels for communities of interest. Participants self-selected to con-
tribute to the research and were paid the equivalent of $25 USD
for participating. Thus, while we used a convenience sample, our
colleagues decided whether or not to be part of that sample. Par-
ticipants were screened through a brief survey that asked them to
describe their day-to-day work. For the first study, we selected 13
participants (61% male, 39% female; 31% non-US) who described a
tedious or repetitive workflow as part of their knowledge work —
i.e., work in which the employee’s domain knowledge, skills, and
relationships were major determinants of successful performance.
We believed that AI-assistance with routine tasks within their work
would allow employees to focus on the more intellectually and
socially fulfilling aspects of their skilled work. We summarize our
participants in Table 1 (top). We report participant numbers for
Study 1 as P1xx.

Using the same pool of participants collected for Study 1, we
recruited 15 new participants (33% male, 67% female; 20% non-
US) for the second study who had not participated in Study 1. We
invited participants from three roles: business, design, and research
— i.e., roles that had experience with the types of workflows that
were candidates for automation. We present an overview of these
participants in Table 1 (bottom). We report participant numbers for
Study 2 as P2xx.

3.2 Study 1: Participatory Analysis of
High-Level Considerations for Automating
Work Tasks

3.2.1 Study 1 Design. The first study included two parts that took
place in an individual, one-hour, online study session led by one
researcher. The first phase consisted of a semi-structured interview
on how the participant currently organizes, prioritizes, switches
between, and executes their work tasks. The second phase aimed to
identify aspects of these practices that had implications for users’
task control needs and automation preferences (RQ1). We asked
participants to identify a work task that they wanted to automate —
one with multiple steps, tools, or collaborators, that a task assistant
could facilitate — and conducted a co-analysis to understand when
they would want to retain vs. delegate control in an automation
scenario and why. We then repeated the same analytic activity
for one of two “standard” business tasks (either travel approval or
procurement, selected by the participant) to understand variations
in preferences for same task across different people.

2https://slack.com
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P# Role Work location Task

P101 Developer + customer records Costa Rica Submit expense claim
P102 Research Scientist (Quantum) US Manage & organize courses
P103 Sys Admin + sourcing materials Colombia Deliver machines to customers
P104 Sr. Design Researcher (review work + coordinate) US Schedule customer calls
P105 Supplier Manager (records + reporting) US Filter report
P106 Research Scientist (procurement + conferences) US Request extra cloud storage
P107 Market Analyst (team coord. + mentoring) US Submit expense report
P108 Developer (Agile team coord.) US Resolve HR payroll issue
P109 Designer + admin tasks US Set up employee benefits
P110 Iteration Manager (monthly ops review) Mexico Fill out organization chart
P111 Solutions Manager (set price + contracts) US Develop contract for seller
P112 Global Manager (Enterprise Ops) US Change a password
P113 Visual Designer (planning + reports + IT issues) UK Renew license key
P201 Public Relations + Communications US Find decision-maker
P202 Infrastructure Delivery US Pull utilization data
P203 Strategy Consultant Mexico Approve vacation requests, claim hours
P205 Business US Find opportunities with customers
P206 Design Researcher UX Strategy US Get survey reports
P209 Executive Design Director US Create interview guide
P210 Finance Service Design US N/A
P211 Sr. Research Scientist (Carbon Capture) Brazil Add new team member to project tools
P212 Researcher (Linguistics) US File expense reports, track projects
P213 Sr. Research Manager (Exploratory Science) US N/A
P214 Research Scientist (CSCW) US Filter emails
P215 Research Scientist (AI-HCI) US File expense reports
P216 UX Designer Mexico Create report
P217 Brand Designer US Get projects for checkpoint
P218 Digital Sales Specialist US Send automated emails

Table 1: The participants’ roles and tasks used in the participatory analysis activity for Study 1 (top, P101—P113) and Study 2
(bottom, P201—218).

3.2.2 Study 1: Co-Analysis. For the co-analysis, we used a more
structured version of the CARD method [79], adapted for remote
participation via Mural3 (see Figure 1). Participants described their
task steps, which were recorded onto virtual sticky-notes, and then
placed into the appropriate boxes in the template in Mural. These
became reference points for discussions that informed RQ1. We
discussed the participant’s goals, how existing computing resources
could help or hinder that work, and how the participant sometimes
had to take creative steps to overcome hindrances.

Next, we explored participants’ automation preferences for each
step in their task. For each step or task, we asked them to indicate
the level of automation they would be comfortable with, using the
slider under each step (bottom of Figure 1) and why. We also probed
about their information needs and the kinds of AI collaboration and
controls they envisioned for each of their selections. These ques-
tions helped us understand the needs and barriers that participants
had regarding automating work tasks.

3.3 Study 2: Participatory Design of a Task
Automation Experience

3.3.1 Study 2 design. In the second study, we moved from analysis
of workers’ considerations for task automation, to how they wanted
to specify that automation. We ran a participatory design activity

3https://www.mural.co

using an online version of paper-prototyping for co-design [37, 105]
in the low-fidelity Balsamiq4 prototyping tool to contextualize find-
ings from Study 1 in a conversational task assistant. This activity
supported a discussion of how to design an automation experience
that provides users with an appropriate amount of control over their
tasks (RQ2). Each study session involved one participant and one
researcher, was held remotely, and lasted approximately one hour.
We began each session by introducing the concept of the conversa-
tional task assistant we were designing. The researcher described
the capabilities and limitations of the assistant at a high level, then
showed a brief video demo of a user working with the assistant.
Figure 2 shows the core components of the co-design activity: an
empty conversational user interface (CUI) on the left (Figure 2A)
and an empty workspace view (WS) on the right (Figure 2B), with a
set of sketched UI components that participants could place into the
CUI or the WS (Figure 2C). To provide participants with flexibility
in specifying their preferred interaction modalities, we provided a
split-view interface and both conversational and GUI controls. Dur-
ing each session, both the researcher and participant could move
components on the screen, type text and contribute to the interface
through the shared screen in Balsamiq.

3.3.2 Study 2: Co-design activities. We co-designed for three sce-
narios:
4https://balsamiq.com
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Figure 1: The template used for users to break down tasks into steps, deviations, and information needs. The expected path is
captured in the row outlined by the arrow labeled “steps”. For each step added, participants indicated how much automation
they would be comfortable with using a slider widget along the bottom. Alt-text: The figure depicts a blank template with five
rows of either six or seven empty squares. Each row has a label on the left. From top to bottom, they are: deviations, deviations,
steps, information needed, information seen or hidden. The middle row, labeled steps, is outlined by a big arrow pointing to
the right. Underneath all the rows of squares are seven sliders with the toggle set in the middle, one under each square. The left
end of each slider has an icon of a person; the right end has an icon of a robot.

Figure 2: Low-fidelity prototypes and controls. We provided this low-fidelity version of the conversational task assistant and a
kit of controls for the participatory design activity. Within the assistant’s window there are two main views: (A) conversational
user interface (CUI) on the left and (B) workspace view (WS) on the right. Participants were encouraged to use whatever controls
(C) were appropriate for their task, including designing their own controls. Alt-text: On the left (A) is a blank low-fidelity
wireframe of a chat interface (CUI) and a (B) blank workspace on the right. To the right of the wireframe is (C) a kit of common
GUI controls, including chat bubbles, icons, buttons, squiggly lines to represent text, tags, checkboxes, radio buttons, dropdown
menus, text fields, a search bar, tabs, and charts.
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(1) Managing multiple tasks: Intelligent assistants often support
work on multiple tasks at the same time, and we wanted to
understand workers’ needs for agency in managing concur-
rent tasks. We gave participants a scenario in which they
are working on several ongoing tasks with the assistant and
asked how they would like to organize and manage these
tasks.

(2) Scheduling a meeting: We asked participants how they would
like to work with an assistant to schedule a meeting, one
that included attendees with unknown availability. Asking
all participants to co-design for the same task allowed us to
compare desired agency and controls across individuals.

(3) Participant’s choice: Participants also selected a task of their
own that they would like automated. Since the first study
revealed that needs vary by different types of tasks, this
allowed us to get a greater breadth of tasks.

For each activity, we asked what UI controls the participant needed
and how they envisioned interacting with the assistant. These ac-
tivities served as bases for discussions on participants’ needs and
expectations for the assistant.

Finally, given observations from Study 1 that characteristics
of tasks can affect automation needs, we probed participants on
scenarios where aspects of their tasks were altered to identify
salient characteristics and how they impacted their needs. For
example, if the participant described a scheduling task as low-
consequence, we asked them to reconsider the scheduling scenario
with higher-stakes and modify the design to accommodate this
change as needed.

3.4 Data and Analysis
In total, we collected 28 hours of video interview data and approxi-
mately 1200 pages of transcripts from Webex5. We made annota-
tions into the transcript as needed to clarify participants’ words by
their actions as recorded in the video. Using a combination of par-
ticipants’ responses and the videos’ transcriptions, we conducted
an inductive thematic analysis [107] to analyze the data for factors
that affected participants’ automation preferences and task control
needs. We constructed four major themes, which we describe as
characteristics of tasks. These formed the basis of what we termed
task dimensions, described in the first four subsections of Section 4.
We then analyzed how users preferred to work with the assistant
in the context of these dimensions to understand design implica-
tions for task assistants. We also list two follow-on consequences of
those four themes, in the remaining two subsections. The following
section presents results across both studies.

4 RESULTS
In RQ1, we asked what factors are relevant to business users’ task
control needs and automation preferences. Through two studies
comprised of interviews and co-design activities with knowledge
workers, we identified four dimensions of tasks along which these
needs and preferences varied: process consequence, social conse-
quence, familiarity, and complexity (Table 2). These dimensions
are useful for understanding when, why, and how to delegate

5https://www.webex.com/

agency to between humans and an intelligent task automation
assistant (RQ2, RQ3). We detail each of these below.

4.1 Process consequence
When asked for tasks to automate, participants described a mix
of tasks with both minimal and significant consequences of error.
For example, P110 considered filling out an organizational chart to
be low-consequence and thus acceptable to be automated. If there
was a mistake, the outcome would be relatively inconsequential
and easy to fix. Conversely, P109 described an onboarding task that
was high-consequence due to the sensitive information requested
of them. They were concerned about how the system would use
the information: “if I was entering personal information, like tax
information or health insurance, I would want to know if that infor-
mation is secure, if it’s going anywhere after that, or if they just delete
everything and it doesn’t stay in any kind of database.” There could
be grave consequences if a task assistant were to disclose personal
information to the wrong person, like identity theft and unautho-
rized purchasing. In an industry setting where disclosure may be
on a “need to know” basis, sharing information should be a human
decision, made with contextual and organizational understandings,
regarding both the nature of the information and the needs of the
recipient. Participants required additional oversight and control to
facilitate these kinds of decisions. Hence, we find that the process
consequences associated with a task is a dimension that affects
users’ information and agency needs.

4.1.1 Implications of process consequence. Our studies revealed
several instances where significant process consequences would
deter users from automating a task. These examples imply that only
low-consequence tasks would be considered for automation, but
further probing into participants’ concerns revealed ways in which
they could enjoy expedited work with human-centric safeguards
to mitigate risks. Among them were the ability to preview to-be-
automated actions in greater detail (exemplified by P203’s designs
in Appendix A), verify outputs, and identify consequential steps
of the upcoming task. This granular insight could make the user
feel comfortable with and in control of the automation. In P109’s
onboarding task, insight into how the systemwould handle personal
information would provide themwith the agency to decide whether
to provide the system with sensitive input. Such features can draw
attention to the risks within a task to help the user understand the
system’s behavior and give them the control to mediate potential
risks.

4.2 Social consequence
Some participants chose tasks involving other people, including
teammates or clients, as candidates for automation. For example,
P212 co-designed a scenario in which the assistant would “email ev-
eryone on [a]... project,” and P104 wanted to schedule customer calls.
When asked about automation preferences, P104 emphasized that
initial contact with a new customer should be handled by a human
“to establish the... relationship with the customer.” Similarly, P111 felt
that following up with customers should be human-driven, and
P106 wanted “to be able to control how widely communication [goes].”
P215 co-designed a notification initiated by the assistant that in-
forms them if a task involves important people, which alerts them to
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Dimension Description
Process consequence The user’s perceived cost of failure when the assistant makes a mistake.
Social consequence The user’s perceived risks in allowing an assistant to represent them.
Familiarity The user’s knowledge about how to complete a given task.
Complexity The overall difficulty or time required to complete a task.

Table 2: The four task dimensions, identified from both Study 1 and Study 2.

pay closer attention (see Appendix B). Across both studies, we saw
that the involvement of other people, and sometimes specifically
who is involved, reduced the desire for automation. Where interper-
sonal skills and emotional sensitivity are required, participants felt
that the task assistant lacked the emotional intelligence to handle
the task on its own. This insight indicates that social consequence,
including reputation-management and impression-management,
is another dimension of tasks along which information needs and
desired control vary.

4.2.1 Implications of social consequence. Automated assistance
was generally thought to be best left out of tasks involving other
people due to concerns about social errors. However, there were
exceptions. Similar to the process consequence dimension, partici-
pants felt more comfortable letting the assistant deal with human
communication when stakes were low. They described using the as-
sistant to facilitate collaborative steps such as gathering information
and documents or managing access permissions in collaborative
tools. For example, P108 described how they wanted the back-and-
forth with HR tickets automated away once they had described
their issue. P110 was likewise comfortable with the assistant send-
ing out requests for colleagues to fill in gaps in their organizational
chart.

4.3 Familiarity
Another way that participants’ tasks varied was by familiarity to
the user, which became an important determinant of howmuch sys-
tem assistance and initiative participants wanted. Participants ex-
plored tasks with low familiarity (i.e. they had little to no knowledge
of the task) and high familiarity (i.e. they had sufficient knowledge
to execute the task). Note that familiarity is dynamic – a familiar
task may become unfamiliar if left untouched over time, and experi-
enced workers can encounter new tasks that are unfamiliar to them.
In low-familiarity scenarios, participants asked for more from the
system in two ways: (1) more transparency into system actions
and (2) guidance on how to complete the task. As unfamiliar tasks
become more familiar over time, participants expected the system
to reduce its support accordingly. P212 co-designed low and high
familiarity versions of the same expense approval task, showing
how they would no longer require step-by-step guidance when the
process became familiar and would instead initiate with “Submit
an expense report for <event>. Here are the dates and locations. Here’s
a folder of the receipts” (see Appendix C).

4.3.1 Implications of familiarity. The co-design activities revealed
that the amount of desired automation was inversely proportional
to the level of familiarity with the task, suggesting the need for a
system that uses knowledge of its user to calibrate its automation.
Such a feature would support participants’ overarching rationale

for using automation in the first place: efficiency. P105 said, “I’m
trying to save time if I’m trusting an automated procedure.” Providing
more assistance in low-familiarity tasks reduces the cognitive load
of understanding how to execute the task, while minimal guidance
for high-familiarity tasks reduces tedium and saves users time.

There are several ways in which an assistant can support ef-
ficiency within the familiarity dimension. When more guidance
is desired for unfamiliar tasks, the assistant might, as P203 and
P216 described, present the tasks as a sequence of steps with ex-
planations, much like a checkout workflow for online purchases.
Demos or tutorials may accompany unfamiliar tasks, as suggested
by P210’s and P211’s designs. P209 described their ideal scenario:
“[the assistant]... calibrates the experience, you know, so I have more
support or I have more dialogue to... step me through what I need
to do.” Similarly, P212 said, “If it’s something I haven’t done before,
having kind of explicit guidance, like questions or prompts, could be
helpful... maybe it would give me some instructions.”

If the system has awareness of when unfamiliar tasks shift to
familiar, it can even request autonomy from the user, as P215 co-
designed in an interaction: “We can see that you’ve submitted expense
reports with this title to this cost center and submitted to your manager
for approval before. Do you want us to do the same thing for the newest
costs?”.

4.4 Complexity
In the co-design activities of Study 2, participants adapted their
designs to reflect the complexity of tasks and steps. Participants
showed that they preferred chat for simple workflows and more
traditional graphical user interfaces (GUIs) for more complex,
information-rich workflows. One reason for this difference was
due to the perceived richness of these interactions. Namely, natural
language-based interactions were more efficient when participants
had small amounts of information to convey to the assistant, such as
an everyday meeting scheduling task that they considered straight-
forward. In contrast, for tasks that they considered more complex,
the richer interactions of GUIs afforded participants with more
control, such as direct manipulation of a calendar (exemplified by
P217’s designs in Appendix D).

4.4.1 Implications of complexity. Similar to the social consequence
dimension, participants did not wish to delegate agency to the assis-
tant when the task was complex, despite the reduction of cognitive
load that automation would afford. However, participants suggested
that the additional details and user control provided by a richer
interface could make automation of complex tasks more desirable.
For a meeting scheduling task that was more complex than usual,
P203 said, “If the meeting is with more people... probably I would
prefer another kind of interaction, maybe a traditional one where I
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can see the schedule of the people.” Here, the assistant could high-
light available times in a visual schedule or request that an invitee
free up slots their calendar. Similarly, when designing a vacation
approval automation, P203 preferred to converse with the assistant
for a single, previously-cleared approval (in other words, a simple
approval) but required a GUI to handle a more complex scenario
with multiple unknown requests. In both cases, a GUI grants more
information and control than a conversational interface, making it
more conducive to automating complexities.

4.5 Evolving agency with trust
Across the task dimensions, trust was a key determinant of partic-
ipants’ willingness to delegate agency to the conversational task
assistant. In tasks with potential for damaging consequences such
as unintended release of confidential information, distrust of the
system played into people’s desire to maintain their agency. For
instance, P107 spoke of submitting an expense report – a task that
could have financial ramifications if done incorrectly: “if I hadn’t
gotten that trust yet, then I’d probably ask the system, ‘prepare the
expense report for my review’ rather than letting the system submit
on its own.” P105 also commented that the assistant would have
to prove its trustworthiness over time, adding that they wanted to
“watch it first” to build that trust (similar to [33, 113]). This senti-
ment aligns with prior work on trust-building between people and
AI systems [41, 69, 100].

4.6 Managing automated tasks
We hypothesized that automating multiple varied tasks at the
same time would also require the task assistant to surface meta-
information about tasks, such as progress status, to facilitate human-
AI collaboration and foster trust. To understand how to achieve
this, we asked participants how they currently manage multiple
concurrent work tasks to identify aspects that could be applied to
a conversational task assistant. Participants’ tools and approaches
varied greatly, echoing prior work that reported high-variability in
task practices [54, 55, 60, 75]. However, across varied approaches,
several characteristics of existing tools emerged as valuable to par-
ticipants and relevant to the design of task management capabilities
in conversational task assistants. These characteristics are detailed
in Table 3.

These characteristics have several implications on managing
automated tasks, which participants detailed through co-design.
The need for visual tracking implies that a purely conversational
interface may be insufficient for efficient task management. When
asked how they would track multiple tasks in a task assistant, 12
out of the 15 participants in Study 2 co-designed a graphical, rather
than conversational, interface. Their designs sometimes included
project tags, icons denoting priority or urgency, and progress bars
– visual indicators to glean information at a glance.

Participants also co-designed ways to filter and sort (e.g. by
priority, project, deadline) as another layer of control. Finally, par-
ticipants hoped that the assistant could help them prioritize and
push reminders. P203 envisioned that as a deadline approached, the
assistant could send a message that said, “We haven’t completed this
high priority task. Do you want me to help complete that?” Overall,

we see that in a system that’s doing work on a user’s behalf, provid-
ing insight and functionality for task management might improve
users’ experiences working with the assistant.

5 DISCUSSION
Our results may inform the design of mixed-initiative human-AI
collaborations for future systems and futureworkplaces (e.g., [30, 57,
78]). We begin with a review of the four task dimensions identified
in our studies. We contextualize them in issues reviewed in Related
Work (Section 2) and elaborate on the novel ways in which they
should be considered in future task automation systems. Finally,
we consider how future workers may want to personalize their AI
agents and AI assistants. We hope that these user-stated concerns
can be combined with earlier taxonomies of to-dos, tasks, and
actions [12, 43, 59, 63], to guide the orchestration of more complex
and contingent activity sequences.

5.1 Task dimensions
Through two studies with business users, we identified four di-
mensions of tasks which we believe will be important in designing
future conversational AI tools for workers.These dimensions medi-
ated business users’ task control needs and automation preferences
(RQ1), and participants’ comments and designs also informed ways
in which these needs could be realized in the design of a conversa-
tional task assistant to support a more human-centered automation
experience (RQ2). We consider each of these dimensions in terms
of the prior research summarized in Section 2.3, then reflect on
broader considerations for designing future task assistants (RQ3).

5.1.1 Process Consequences. Several papers have discussed users’
needs in relation to potential risks and costs of process-oriented er-
rors to the self and to the team, including losing track of tasks (espe-
cially delegated tasks) [75]; integrating information from multiple,
scattered channels [114]; and costs of task-interruptions [25, 45].
Our findings in Section 4.1 extends these issues to include degrees of
consequences and participants’ concerns that contributed to them.
In particular, we identified low-stakes vs. high-stakes risks, privacy
issues, and participants’ needs for insight into and control over
these kinds of risks. Some of these attributes may be calculated from
a worker’s history with similar tasks, or from privacy-protective
socially-translucent [35] comparisons with other workers who are
doing similar jobs.

As AI assistants move into these complex and previously human-
responsible domains, end users will need ways to know if the assis-
tants are doing what humans would want them to do. To support
this outcome, we propose that future task orchestration systems
should offer transparency into their task sequences, along with
review and confirmation steps that provide users with decision-
making authority over steps with potentially costly errors. For
some tasks, workers may want to examine and choose alternative
orchestrations.

5.1.2 Social Consequences. Social consequences in task comple-
tion and coordination have been discussed by Bardram et al. in
a healthcare context [5] and by Chasanidou et al. in a task man-
agement context [22]. Bardram et al. focused on the division of
well-structured labor. Chasanidou et al. described an interaction of
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Participants (N) Feature Description

P103, P107, P109, P110, P112, P201,
P203, P206, P209, P211 (10)

Visual indicators Using visual indicators, such as color coding and tags, to glean important infor-
mation at a glance supports efficient task management.

P103, P112, P203, P206, P211, P212
(6)

Prioritization and reminders With so much work to manage and constantly changing priorities, some partici-
pants appreciated systems that helped them prioritize tasks and pushed reminders
for upcoming deadlines.

P107, P108, P112, P209 (4) Filtering Filtering was a useful feature for participants to quickly find what’s relevant to
them, especially in management systems with many unrelated tasks.

Table 3: Features of task management systems valued by participants.

task and team structure with tool features and affordances. Similar
work has emerged in the context of police and fire services [58],
emergency medical teamwork [62], and crisis informatics [88].

We expanded the scope of these concerns to consider more re-
lational social consequences that participants reported as being
important in less structured tasks and technologies. Participants
stated concerns about the emotional intelligence of conversational
task assistants acting as their communication proxies (e.g., sending
email messages in their name). Participants were keenly aware of
power and hierarchy issues in their organizations, and wanted to
be able to inspect automatically-generated messages if important
people were among the addressees. It is possible that conversational
task assistants may become capable of managing or mediating so-
cial relationships, but participants require more transparency and
experience before they would trust assistants to do so.

5.1.3 Familiarity. Task familiarity has been an important consider-
ation in urgent or life-critical activities, such as emergency response
[58, 88] and acute medical care [62]. Familiarity has been shown
to have complex interactions with explanations and outcomes in
simple binary games [93].

We expanded the temporal basis for familiarity effects. Partici-
pants wanted a conversational task assistant that understood the
state of their task knowledge, perhaps similar to a mental model
of the user [86]. Through sensing user understanding, participants
hoped for an adaptive user interface experience (e.g., [1, 112]) in
which the assistant would gradually reduce the amount of tutorial
or remedial support as the user became more familiar with a task.

5.1.4 Complexity. As summarized in Section 2.4, the research liter-
ature primarily addresses complexity in terms of a passive human
who has to deal with imposed complexity. Challenges include the
sheer number and scatter of tasks [12, 42, 114]; the diversity of
task types [25, 75]; the distribution of labor across interdependent
tasks [5, 22]; the expenditure of time [18, 19] and effort [9, 12]; the
demands of multi-tasking [75, 114] and consequent needs for task
switches and interruptions [25, 45].

We extended this analysis from passive coping to questions of
participants’ active choices for interaction modalities. Participants
preferred chat interfaces for simple tasks but wanted graphical
user interfaces for complex, information-rich activities. This sen-
timent is in line with Media Richness Theory, which states that
a lean interface such as text chat may be ineffective for ambigu-
ous tasks [26]. To address this need, task assistants could provide
flexibility in interaction methods, or invite users to choose their

preferred interaction for a task. For the latter, the assistant might
apply principles from task familiarity (Section 4.3) to help users
adjust their interface settings and experiences. A more intelligent
conversational agent could learn the user’s preferences for particu-
lar interface modalities associated with particular tasks or degrees
of task complexity, or particular collaboration partners.

5.2 Agency, initiative, control, and
decision-making considerations in future
work automation

The four dimensions are useful when considering the design of a
mixed-initiative conversational task assistant because they provide
a user-centered perspective into when, why, and how agency should
be delegated between the system and the user. Although some mod-
els propose that humans and AI assistants may be equally capable
of doing certain tasks [47, 78, 102], conversational task assistant
architectures are based on more asymmetric principles in which
the assistant retains execution capability for many operations, as
described in the allocation models of Section 2.4 [39, 90, 97]. Partici-
pants’ comments and designs encouraged us to re-examine whether
and when the assistant should retain control. Understanding what
not to automate is equally important [77], as there is work that
users do not trust assistants with at all. Furthermore, in considering
how control should be delegated, we observed three types of agency:
initiative (who gets a task or step going?), control (who decides
how the task gets done?), and decision-making (who has a say in
what gets done?).

In Sections 4.1 and 4.2, we saw that concerns about process con-
sequence and social consequence – i.e., how the system might mis-
handle tasks with high consequences of error – made participants
less willing to allow the assistant to control and make decisions on
such tasks. The assistant has ultimate decision-making authority,
because under organizational requirements, the work must be done.
However, participants wanted to exercise control to inspect, adjust,
and potentially prevent the assistant’s operation. In these scenarios,
additional information and oversight on the task can provide users
with the agency to decide whether or not to entrust the assistant
with the task. Tasks with extreme risk of consequence, such as re-
newing a visa, may not be suitable for any kind of automation, even
with additional user controls. Nine participants cited consequence
concerns as a reason for not wanting automation in such situations.

In discussing familiarity, (Section 4.3), we observed that for un-
familiar tasks, participants wanted to relinquish initiative to the
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assistant but maintain control and decision-making rights. In these
scenarios, theywanted the assistant to initiate steps but theywanted
to decide for themselves whether to follow them, and also retain
control over the presentation of data and task information. As par-
ticipants gained knowledge of the task, they wanted control over
task options to shift back to themselves to determine which party
(human or AI) should perform each task component.

In matters of trust (Section 4.5), we saw that the prior task di-
mensions could help the user to determine their degree of trust in
the conversational task assistant. As with the discussion of famil-
iarity (Section 4.3), participants wanted to inspect and monitor the
assistant’s operations, gradually releasing agency (in the form of
control and even decision-making capabilities) back to the assistant
once the human was assured that it would operate as desired.

Participants’ discussions of managing automated tasks (Section
4.6) described two principal ways in which they wanted to cali-
brate trust. First, they required greater visual oversight over the
assistant’s execution of complex and consequential tasks (either
procedurally or socially consequential). Second, they proposed a
complex interplay of initiative and control, in which the human
would choose what to do and when to do it, and would then trust
the assistant to take the initiative to remind the human. We note
that, even though the assistant could initiate reminders, partici-
pants wanted the human to retain decision-making capabilities in
regard to whether or not to act on that reminder.

Earlier, we proposed that users might want to exercise control
over diverse attributes of their individual and team tasks (Sections
1 and 2.2). Participants showed us how they wanted to architect
complex patterns of exchanges in initiative, control, and decision-
making, both across and within tasks. For tasks that were required
to be done, they nonetheless wanted to control the quality of task
execution for consequential outcomes, and they sought to exercise
that control by modifying the user interface and system feedback to
allow them the right degree of visibility into the assistant’s actions.
Thus, far from the rigid and predetermined control structures of
earlier allocation models [39, 90, 97], we propose that participants
saw themselves as co-creators of their task automation experience.
This view of end-users as experience-architects may provide a
useful extension of the primarily responsive/reactive role for users
in Shneiderman’s recent framework [99].

5.3 Towards personalized assistants
Participants expected interactions with a conversational task as-
sistant to be adaptive to the them (Section 4.3), proactive to their
needs (Section 4.6), and personalized to their way of working. Be-
coming more efficient in the parts of their jobs that they personally
cared about was the primary motivator that participants cited for
working with a conversational task assistant. Participants described
process goals such as efficiency and time management, as well as
priorities related to collaborating with others, as motivating exam-
ples. Identifying such priorities through user studies with specific
work-groups can help prioritize development of task assistance that
focuses on functionality that matters most.

Personalization plays a larger role as assistants become more
adaptive and collaborative. Our study revealed that users want to
customize messages at higher fidelity, with different messaging for

specific persons or groups. Similarly, we saw that users expected
to control how they interact with the assistant on a per-task basis
both in terms of the interaction and how the task was represented.
We expect that as such assistants become more collaborative, the
need for personalization will similarly increase and the design of
these assistants should take this into account.

5.4 Positionality and Limitations
We conducted this work as members of the Research department of
IBM. Our project was intended to inform the design of an enterprise
AI-based tool for knowledge workers. Our task was to discover par-
ticipants’ needs and preferences and communicate them to product
developers.

All participants spoke English. Because we were holding inter-
active sessions, we had to find meeting times that participants and
researchers could join across timezones. Participants self-selected
according to their own convenience. As a result, nearly all partici-
pants were based in the North America. Due to this limited sample,
we were unable to analyze for meaningful differences between lo-
cales. Other institutions, cultures, and settings might find additional
task dimensions, or might find different weightings or importances
among task dimensions. Additionally, although participants were
recruited from different job roles, we were unable to identify sig-
nificant differences in automation preferences between roles due
to insufficient sample size in each role.

6 CONCLUSION
We conducted two studies to understand business users’ automa-
tion preferences and needs for working with a conversational task
assistant. This work identified important user considerations in the
context of task dimensions for the design of conversational task
assistants:

• We identified four dimensions of tasks along which par-
ticipants’ automation preferences varied: process conse-
quence, social consequence, familiarity, and complex-
ity. These task dimensions provide a human-centered per-
spective into when, why, and how to delegate agency
and control between system and user.

• Along these dimensions, we elicited several types of agency
that could be delegated or exercised by the user: initiating
tasks, controlling the task experience (including interaction
modalities and amount of system feedback), and making
decisions about if or how a task gets done (e.g., via review
and confirmation steps).

• The dynamic nature of these dimensions means that users’
expectations of how to interact with a conversational task
assistant will change over time. Therefore, conversational
task assistants should allow users to situationally adapt their
task controls for a comfortable and efficient automation ex-
perience.
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A CO-DESIGNING FOR PROCESS CONSEQUENCE

Figure 1: P203’s designs for low vs. high process consequence. P203 designed two versions of a confirmation message for an
automated time-sheet task. In a high consequence scenario (right), they expected the message to include specific details such as
the number of hours and charging code. In a low consequence scenario (left), a less detailed confirmation sufficed. Alt-text:
Two co-designed wireframes representing high and low process consequence scenarios. The left design is for a low process
consequence version of the task and includes a message from the assistant in the CUI portion of the UI that says "Do you
want me to claim these hours?" The right design is for a high process consequence scenario and has the same layout as the left
design, but the message says "Do you want me to charge 45 hours to code xyz?".

B CO-DESIGNING FOR SOCIAL CONSEQUENCE

Figure 2: P215’s designs for a task with high social consequence. P215 designed an example of a notification message that would
give them more transparency into who is involved in an automated task, alerting them of the possible social risks associated
with it. Alt-text: A co-designed wireframe on the high end of the social consequence spectrum, showing a notification with an
exclamation icon and text that says "There are some important people involved in this task."



Human-AI Task Dimensions CHIWORK 2023, June 13–16, 2023, Oldenburg, Germany

C CO-DESIGNING FOR TASK FAMILIARITY

Figure 3: P212’s designs for low vs. high familiarity scenarios. P212 co-designed interactions for working with the assistant on
an expense approval task. When they are new to the task (left), they hoped the assistant could provide guidance by requesting
inputs one by one. Once they become familiar with the task (right), they wanted to task support reduced so that they could
initiate the task and provide all inputs in one step for greater efficiency. Alt-text: Two co-designed wireframes representing
low and high familiarity scenarios. The left wireframe is for a low familiarity scenario and shows a conversation between the
assistant and the user. At the top of the CUI, the user initiates the task with a message that says "Submit an expense report for
<event>. Underneath this message, the assistant asks the user, "What were the dates of your trip?" There is a blank placeholder
message bubble underneath from the user to represent their response. Below this placeholder, the assistant then instructs,
"Save all your receipts as PDFs in a folder and upload them." There is a folder icon underneath this message to represent the
user’s uploaded files. The low familiarity scenario interaction ends here. The right wireframe is for a high scenario. In the CUI,
the user sends a message that says, "Submit an expense report for <event>. Here are the dates and locations. Here’s a folder of
the receipts". There are is no guidance from the assistant.
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D CO-DESIGNING FOR TASK COMPLEXITY

Figure 4: Two participants’ designs for low vs. high task complexity scenarios. On the left, P203 designed a conversational
interaction to schedule a meeting when the task is simple (i.e. the date, time, and attendees are known). When a meeting
scheduling task becomes more complicated (i.e. someone has a time conflict), P217 showed that they wanted to open a calendar
in the GUI to more efficiently view availability and select a new time (right). Alt-text: Two co-designed wireframes representing
low and high task complexity scenarios. The wireframe on the left is for a low complexity meeting scheduling task and has all
interactions in the CUI, showing a seies of messages between the assistant in the user to find a time to meet with one other
person. The wireframe on the right is for a higher complexity meeting scheduling task where one person isn’t available at
the proposed meeting time. The assistant says "Here’s a time when everyone is available" and displays a calendar with a date
highlighted in the GUI.
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