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ABSTRACT

Intelligent assistants can serve many purposes, including entertain-
ment (e.g. playing music), home automation, and task management
(e.g. timers, reminders). The role of these assistants is evolving
to also support people engaged in work tasks, in workplaces and
beyond. To design truly useful intelligent assistants for work, it
is important to better understand the work tasks that people are
performing. Based on a survey of 401 respondents’ daily tasks and
activities in a work setting, we present a classification of work-
related tasks, and analyze their key characteristics, including the
frequency of their self-reported tasks, the environment in which
they undertake the tasks, and which, if any, electronic devices are
used. We also investigate the cyber, physical, and social aspects
of tasks. Finally, we reflect on how intelligent assistants could in-
fluence and help people in a work environment to complete their
tasks, and synthesize our findings to provide insight on the future of
intelligent assistants in support of amplifying personal productivity.
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1 INTRODUCTION

Intelligent assistants such as Amazon Alexa or Microsoft Cortana
provide a useful way for people to manage many of their tasks, in-
cluding personal and work-related activities. In recent years, there
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has been growing interest in applications of these assistants in work-
places to empower employees, through offerings such as Alexa for
Business' and Cortana Skills Kit for Enterprise.” Despite the poten-
tial for these assistants to help people complete their work tasks
(at work, at home, or on-the-go), penetration of these assistants in
workplaces is limited [19], and task support is restricted to low-level
tasks such as controlling devices, seeking information, or enter-
tainment [26]. In work settings in particular, intelligent assistants
are mostly used for basic tasks such as voice dictation, calendar
management, and customer/employee support [19]. To increase
the uptake of intelligent assistants for work tasks, a better under-
standing of the tasks that people perform, and how next-generation
intelligent assistants could support them, is needed.

There are many ways to understand tasks and activities, includ-
ing diary studies [17], naturalistic field studies [32], and lifelog
analysis [13]. A commonly used way to characterize tasks and
activities is through statistical time-use surveys [6], enabling an
understanding of which activities people are engaging in and for
how long. Examples include the average number of hours that indi-
viduals spend on activities including traveling, working in paid and
unpaid jobs, social life, and personal care. However, these surveys
do not provide a fine-grained understanding of how these tasks
and activities are completed. Understanding how people complete
activities—including important aspects such as the devices used and
the involvement of other individuals—can provide insights into how
to support these activities with digital assistants. Other studies have
examined daily information needs [8], tasks in communications [4],
or information-seeking [16, 22]. Recently, the influences of cyber,
physical, and social behaviors were used to analyze information-
seeking activities indoors [29, 30]. However, these studies do not
focus on work tasks, including the impact of task properties (cyber,
physical, or social factors), or the support that intelligent assistants
can offer to help workers complete their tasks.

To inform the design of intelligent assistants to support work
tasks, we developed a survey to better understand people’s everyday
tasks and task performance. We focus on information workers, since
their activities frequently require digital support. We distributed
the survey broadly and received around 400 responses. In this paper,
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we focus on tasks described by survey respondents as work-related.
We apply thematic and quantitative analysis to provide deep insight
and understanding into the work tasks that people perform. The
main contributions of this paper are:

o A comprehensive classification of work-related tasks.

e An analysis of the key characteristics of tasks, focusing pri-
marily on temporal aspects such as task duration.

e An investigation of the cyber, physical, and social (CPS)
properties of tasks, including device usage.

e Design recommendations for how intelligent assistants could
support work tasks, both on demand and proactively, draw-
ing on insights from the survey.

The remainder of the paper is structured as follows. In Section 2,
we describe related work, including task taxonomies, intelligent
assistants, and tasks and activities in email and search. Section 3
describes the survey methodology, including the pilot survey. Sec-
tion 4 describes the results of the analysis. We discuss the results
and their implications in Section 5 and conclude in Section 6 with
a summary of our findings and potential avenues for future work.

2 RELATED WORK

In this research, we characterize tasks performed by information
workers and examine opportunities for intelligent assistants to
support them.

2.1 Task Taxonomies

Previous work on understanding human activities has attempted
to build taxonomies of tasks and human activities. Kahneman et al.
[17] used a Day Reconstruction Method (DRM) to assess how people
spend their time and how they experience various activities in their
lives. They asked study participants to construct a short diary by
segmenting their day into episodes and assigning a name, a start
time, and an end time for each episode. They used this information
to construct an activity taxonomy (e.g. socializing, eating, working,
commuting, etc.) and interaction partners (e.g. friends, relatives,
co-workers, etc.). This taxonomy was used in defining activities for
activity identification in lifelog data [13].

Time-use surveys have been carried out at different levels for
many decades [6]. A time-use survey is a statistical survey that
aims to report data on how people spend their time. They typically
characterize time spent in different categories such as paid work,
unpaid work (e.g. domestic work, voluntary work, etc.), social life
and leisure (e.g. sports, mass media, etc.), and personal care (e.g.
sleeping, eating, etc.) [6]. The objective is to identify, classify and
quantify the main types of activity that people engage in which has
implications on a wide range of policy concerns [38].

Other research has focused on characterizing tasks carried out in
team settings [40]. The study noted the increased use of team-based
work structure and suggested that studying work tasks should take
team characteristics into account. Different types of tasks such
as managing others, advising others, problem solving, and social
interaction were considered. Analysis showed that different types of
teams engage in multiple types of tasks to accomplish their mission.

Other studies have focused on specific types of tasks. For exam-
ple, Church et al. [8] studied the daily information needs of people
through a large-scale, in-depth, quantitative investigation. They

conducted a study spanning a three-month period and involving
more than 100 users. The study gathered in situ insights into the
types of needs that occur from day to day, how those needs are
addressed, and how contextual, technological, and demographic
factors impact on those needs. They showed that there are recur-
ring daily information needs such as finding availability and infor-
mation about people. They also showed that people employ two
main modalities for satisfying daily information needs (Internet
access and asking others for help). Similar work has focused on
understanding mobile information needs [9, 34] and found that the
majority of such needs happen where people are away from their
familiar contexts and that geographical needs were very popular.
Our research also aims to characterize tasks, but we focus on
understanding everyday work-related tasks and task performance
with the objective of informing the design of intelligent assistants
to support work tasks. We also examine cyber, physical, and social
aspects of these tasks. Finally, we examine the tools currently used
by information workers to accomplish these tasks and identify
opportunities for intelligent assistants to provide support.

2.2 Intelligent Assistants

Intelligent digital assistants on mobile devices, personal computers,
and smart speakers have recently gained considerable attention
as increasing number of users interact with them to fulfill their
information needs and complete their tasks. This has motivated
work on user interaction studies to characterize the usage of these
assistants. Mehrotra et al. [26] investigated the different use cases
of a desktop-based digital assistant. The analysis reveals that, given
the conversational nature of user interactions, longer sessions (i.e.
sessions with a large number of queries) are more common than
in the traditional web search paradigm. Exploring the different
use cases, they observed that users go beyond general search and
use a digital assistant to accomplish several tasks such as time
management (setting reminders and meetings), entertainment (e.g.
playing music), communication (e.g. sending text messages), etc.

The interest in new form factors for intelligent assistants, such
as smart speakers, motivated new studies of the most common use
cases for intelligent assistants on these devices. A recent report [19]
focused on studying how people use smart speakers. The findings
showed that the living room has become the most common location
choice at 46% for smart speaker owners, closely followed by the
kitchen (41%) and bedrooms (37%). Trailing far behind is the work
office at 2.7%, indicating that such assistants still have a long way
to go to penetrate the workspace. They report that listening to
music is the top use case, followed by checking the weather, asking
questions, and setting timers and alarms. Other interesting use
cases include calling and messaging, and smart home control.

Understanding how intelligent assistants are used in a work-
place setting is less studied and not very well understood. A recent
report [37] focused on this angle by conducting a survey of over
500 people from different industries and organization sizes. The
study showed that the penetration of intelligent assistants in the
workplace is still limited, and that they are mostly used for basic
tasks such as voice dictation or calendar management.

These studies highlight two important aspect that motivate this
work. The first is that intelligent assistant usage for work-related



tasks is rather limited, and developers of intelligent assistants have
a considerable challenge in order to penetrate the workspace. The
second is that the current tasks being supported by intelligent as-
sistants are limited in scope, with basic question answering, device
control, and calendar management being the most frequent use
cases. This highlights the need for a detailed study of tasks per-
formed by information workers, and the potential for intelligent
assistants to support users with these tasks.

2.3 Tasks in Email and Web Search

Web search and email have been extensively used to understand
what tasks users are engaged with—even though both give only
a partial view of tasks and activities. Prior research has treated
emails as a communication tool for workplace activities or a task
management resource [4]. Kushmerick and Lau [21] formalized
e-commerce activities as finite-state automata, where transitions
among states represent messages sent between participants. Dredze
and Wallach [12] used user-generated activity labels and classified
emails into activities using overlapping participants and content
similarity. Shen et al. [33] predicted tasks associated with an in-
coming email by leveraging email sender, recipients and distinct
subject words. Dredze and Wallach [12] and Qadir et al. [28] used
approaches inspired by topic modeling to use content, people and
thread information to identify different activities in email.

Tasks and activities have also been extensively studied in the con-
text of Web search. Kelly and Belkin [18] conducted a longitudinal
study to elicit tasks that were of current interest, or that were ex-
pected to be of interest, to subjects doing web search. Subjects were
asked to think about their online information-seeking activities
in terms of tasks and to create personal labels for each task. They
used this information to produce the following nine task group-
ings: Academic Research, Entertainment, News and Weather, Personal
Communication, Shopping and Selling, Teaching, Hobbies and Per-
sonal Interests, Travel, and Jobs/Career. Using that data, White and
Kelly [39] developed different implicit feedback models for each
task grouping. Other work focused on extracting tasks from search
logs [16, 24], identifying cross-session search tasks [1, 20] or sup-
porting complex search tasks that are composed of several smaller
sub-tasks [14]. Research on developing taxonomies of information
needs in web search [5], understanding searchers’ information
goals [31], and understanding tasks via action-topic pairs over both
search and browsing logs [3] is also relevant in this context.

While we consider communication and information seeking, our
objective is to come up with a broader characterization of tasks
that covers several additional task types. Additionally, we do not
consider how to improve task support in email clients or search
engines but rather focus on characterizing the opportunities for
intelligent assistants to provide more comprehensive task support
to their users.

3 METHODOLOGY

We conducted an online survey® using Qualtrics® to gather infor-
mation about tasks which are carried out in a work context. The

3Survey reviewed and approved by the Human Research Ethics Committee at RMIT
University (SEHAPP 11-18).
4https://www.qualtrics.com/

survey consisted of both open-ended and multiple-choice questions,
as well as screener questions such as age, location, employment
status, and highest completed education.

The aim of the survey was to understand task behaviour in daily
(work) life by capturing the range of tasks and sub-tasks that people
perform, and their motivation, task duration, or task regularity. We
then analyzed which tasks are completed most often, interruptions
while performing the task, CPS (Cyber-Physical-Social) activities
involved, and which planning tools are used.

Participation was voluntary and anonymous. Our call for partic-
ipation informed participants® that the survey was titled “Explo-
ration of Human Tasks in Daily Life”.

3.1 Survey

An initial pilot survey was conducted with a panel constrained to
participants located in Australia, using a sampling approach that
followed national demographics based on participant age. Further
restrictions were based on gender and population distribution ac-
cording to states and territories in Australia. People in the Qualtrics
database meeting these criteria were randomly selected and emailed
an invitation for participating in the online survey.

Pilot data was collected from 106 participants; analysis of the
responses helped to estimate the quality of the data collected, and
to revise and extend the set of questions. For instance, we revised
the survey to include further questions about tasks such as their
regularity, interruptions that occur while performing the task, and
which planning tools are used.

Moreover, the analysis of the initial pilot showed that respon-
dents were often not employed or retired, and often had a high
school degree as the highest level of education. Since respondents
were allowed to provide tasks from their everyday life, it meant
that many of the tasks were short and household-related. As a re-
sult, participation restrictions were developed for the main survey,
requiring that respondents:

e Were between 25-59 years old;
e Were employed or self-employed;
e Had completed a bachelor’s degree or higher.

For the main survey, the panel was constrained to participants
located in Australia, the United Kingdom, and the United States.
People in the Qualtrics database meeting the above criteria were
randomly selected and emailed an invitation to participate in the
online survey. The survey was conducted from May 17 to July 2
2018, and sent out to 833 individuals. 410 respondents completed
the survey: a 49% response rate. The completed responses were
manually checked, and 9 were identified as invalid, leaving a final
number of 401 respondents, whose data is analyzed in this paper.

Overall, participants were required to supply information about
four tasks, each of which took a different duration (less than 30
minutes; 30 minutes to two hours; two hours to a day; more than a
day). The survey questions are attached in Appendix A. In the online
setup, the same questions were displayed for each of the four tasks
that participants supplied, and the word “task” was automatically
replaced with their corresponding answers for Question 1.

While the definition of information worker is not agreed upon in
the literature, by sampling from professionals with a degree, we aim

SWe use respondents and participants interchangeably.
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to characterize the tasks of people whose work commonly requires
digital information support.

3.2 Categorization of Free Text Results with a
Thematic Analysis Approach

Thematic analysis involves identifying, analyzing, and reporting
patterns (themes) within the qualitative data [10, 11]. This method
allows for analyzing qualitative data in an accessible and theoreti-
cally flexible manner and is often seen as a fundamental technique
for analysing qualitative data [10]. We adopted the six-step process
as outlined by Clarke and Braun [11]: (Step 1) familiarizing self
with data; (Step 2) generating initial codes; (Step 3) searching for
themes; (Step 4) reviewing themes; (Step 5) defining and naming
themes; and (Step 6) producing the report.

The first pass of steps 1-3 were completed by one author, lead-
ing to an initial list of detailed low-level categories and a set of
candidate themes. Steps 4 and 5 were then iterated over by a group
of authors. The potential merging of categories, and alternative
categories, were proposed and discussed; if agreement was reached,
the proposed changes were introduced. The final set of higher level
categories are the result of an iterative process and in-depth discus-
sions among the assessors. All categories were developed only from
the specific task description that respondents entered in response
to Survey Question 1 (“List a task that you carried out in a work set-
ting”). A task was allocated to a single category; if a multi-faceted
task was specified (e.g. “write an email to advance a project”) then
only the first facet was used to determine the category (in this case,
Communication). The final categorization scheme, consisting of 14
task categories, is presented in detail in Section 4.2.

4 RESULTS

In this section we report the tasks that respondents performed in
a work context based on our categorization scheme. We further
analyze the tasks based on time-use categories; duration, continuity
and regularity; and Cyber-Physical-Social aspects.

4.1 Demographics

We collected a total of 401 individual responses to the survey, origi-
nating from people living in Australia (139 respondents), the United
Kingdom (133 respondents), and the United States (129 respon-
dents). A total of 221 respondents identified as being female, 179
respondents identified as being male, and 1 respondent preferred
not to answer this question. Respondents cover the entire spectrum
of ages we aimed to target (25-59 years old), balanced across the
three countries, with a small skew towards younger age brackets:
25-29 years old (72 respondents); 30-34 (77); 35-39 (66); 40—44
(61); 45-49 (63); 50-54 (41); and 55-59 (21). According to the time-
tracking system embedded in Qualtrics, participants spent a median
of 16 minutes to complete the survey.

We used occupation categories taken from the Australian Bureau
of Statistics [2] for respondents to identify their occupation. All
eleven occupation categories were covered at least by 4 respondents.
The majority of respondents (166) identified as being a qualified
professional, followed by clerks, skilled office, sales and service staff
(54); senior management in large business organizations (51); and
associate professionals (47).

The respondents provide a broad view of professionals that are
currently working, of an age consistent with primary career years,
and having at least a bachelor’s degree. These professionals are
likely to perform substantial (and diverse) digital information work.

4.2 Characterizing Information Workers’ Tasks

All respondents were asked “List a task you carried out in a work
setting”. Respondents had to describe four different tasks they car-
ried out depending on the length of time it took them to complete
the task (less than 30 minutes, longer than 30 minutes, longer than
two hours, and more than a day). We classified all free text input
for the question according to the method described in Section 3.2,
to obtain the following categories:

Communication. This category consists of tasks related to in-
dividuals exchanging information directly, either synchronously
or asynchronously, e.g. calling (phone or online), emailing, face-
to-face meetings (direct or via an online meeting platform). The
emailing section of the communication category consists of many
subgroups which can be divided into the action people are taking,
such as replying, reading, sending, checking, and deleting.

Documentation. This category consists of tasks related to creat-
ing or refining written documents. Many respondents described
compiling or writing different types of reports: annual, weekly, etc.
Many other respondents described actions such as typed, designed,
or edited without specifying a document type. Some responses
included in this category indicated they made “notes”. Thus, this
category is focused on documents. We do not include emails in this
category since the primary purpose of email message creation is
generally communication.

Admin and Management. Thisisabroad category covering tasks
to operate a workplace: recruitment and staff inductions, manage-
ment of people, management of files including printing, copying or
scanning a document, and general paperwork.

Planning. This category consists of tasks which are related to
preparing, engineering, planning, or booking items such as arrang-
ing events, meeting preparation, booking travel, etc. Some of these
tasks include immediate and precise planning such as “arrange a
meeting with an international client” or “created plan and agenda
for an upcoming meeting with participants in person and via skype”,
as well as broader future planning such as “monthly planning”.

Education. This category consists of two major subgroups: teach-
ing and learning. Common examples of the first subgroup include
“teaching a class” or “training new employees”. Examples of the sec-
ond subgroup include “undertook a training course” or “attending
training”. A third minor subgroup is marking work which is mostly
undertaken in an educational setting such as grading assessments,
papers, or exams.

IT. This category consists of software- or hardware-related tasks.
Software-related tasks include maintaining websites, writing and
designing software, or setting up databases. The hardware-related
tasks include fixing computers or printers.



Finance. This category includes monitoring and recording expen-
ditures; bookkeeping tasks such as tax, bills, and payroll; as well as
budgeting and invoicing.

Physical. This category consists of three subgroups: cleaning,
sporting activities, and physical labour. All three require physi-
cal activity in order to complete the task.

Problem solving. This category is associated with respondents
who carry out research: e.g. conduct, collate, or analyze input, which
includes searching and researching.

Low-level. This category consists of data entry tasks: gathering,
collection, or importing. Other responses which are also related to
this low-level grouping are tasks related to spreadsheets such as
creating, filling out, or updating a spreadsheet.

Project. This category consists of responses which explicitly men-
tioned making progress or working on a project such as collaborat-
ing, completing, or finalizing a project.

Customer care. This category groups responses which relate to
helping clients or customers (patients are considered customers
in this setting). Responses include dealing with, serving, or taking
care of customers.

Meals and breaks. This category has two major subgroups: one
related to sustenance and one describing the act of pausing. Ex-
amples of the first subgroup include: breakfast, eating lunch, or
making a meal. Such responses were often seen as a break in a
work setting. Therefore we grouped these tasks with the second
subgroup, “having a break”.

Travel. This category includes tasks related to transit such as flying
to a client, driving to an interview, or transporting goods, and are
all categorized as travel.

Invalid. As a result of the annotation process, a total of 1,035 re-
sponses have been classified to one of the task categories described
above. The remaining 569 (35.5% of original) have been categorized
as Invalid. These include responses explicitly indicating that no
task was completed for a particular time length; generic responses
(e.g. “work in progress”); responses that were not clear (e.g. “desk
job work”) or not applicable (e.g. “all the details”).

4.3 Tasks According to Time-use Survey

In order to understand the different kind of tasks respondents com-
pleted, participants categorized their own tasks according to the
time-use survey categories [38].° This survey is designed to un-
derstand how people behave in a 24-hour period and provide a
starting point to an existing classification schema since no existing
categorization schema exists specifically for tasks.

The three most commonly reported categories on which time was
spent were Working and work-related activities (540 tasks, 52.2%),
Educational activities (152 tasks, 14.7%), and Professional and per-
sonal care services (110 tasks, 10.6%). Together, these three covered
77.5% of the annotated tasks (802 out of 1,035 tasks).

Shttps://unstats.un.org/unsd/gender/timeuse/
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Figure 1: Tasks reported by respondents, sorted by fre-
quency. For consistency, we maintain this sort order for the
figures shown in the remainder of the paper.

4.4 Task Duration, Continuity and Regularity

The amount of time that it takes to complete a task is likely to
have implications for the kind of support that can be offered, and a
fundamental consideration of the survey design was therefore to
gather information about tasks of different durations. For example,
longer tasks may provide an opportunity for task support such as:
assisting in remembering the state for incomplete tasks, assisting
in breaking the task into smaller portions, resuming the task on
another digital device, or leveraging idle time to perform other
work if the task does not require full attention. Likewise, tasks
which are interrupted are opportunities for assisting resuming the
task. Therefore we ask:

e What is the distribution of task duration among task types?
To answer this, we characterize task types in terms of those
where more than one third of the responses indicated the task
took at least two hours. We then give examples of particular
responses where digital support is more likely and those
where the benefit of digital support seems less obvious.

e What types of tasks are interrupted most frequently? To
answer this, we characterize interruptions by quantifying
the blocks of time needed to complete the task and again
report example responses where digital support is more or
less likely.

o Are tasks performed regularly? To answer this, we look at
the responses of Questions 14 and 15 of the survey (see
Appendix A).

Figure 1 shows the duration of different type of tasks. The graph
shows that all the task types besides Meals and breaks, and perhaps
Communication, include instances that take a considerable amount
of time. Project tasks are typically long: 56.7% take more than a day
and no responses indicated less than 30 min. Digital support would
be useful in tasks such as “collaborating on a project” or “working
on a new business project”. Travel tasks reported in the survey also
take at least more than half an hour. An intelligent assistant is not
necessarily useful in this particular type of task (e.g. “transporting
goods”), unless it is part of a larger task (e.g. “travelled to client”).
Problem solving tasks are also typically long (37.8% more than a
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day; 31.1% more than 2 hours). In tasks such as “searching for a
resolution to a problem”, “data analysis” or “inventory analysis”, an
intelligent assistant may be useful by providing access to search,
recommendation and summarization tools.

Figure 2 (left) shows how many blocks of time the participants
spent to complete the task. For all categories, the majority of tasks
were reported as completed in a single block of time, without in-
terruptions. In particular Breaks and meals and Travel were all
completed with no interruptions. Responses also suggest that it is
not straightforward to quantify blocks of time: the “More than 5
blocks of time” option is typically preferred to indicate interrup-
tions. Planning, Problem solving and Low-level are the tasks that
have more interruptions (e.g. “preparing financial budget”, “plan-
ning for teaching”, “research”, or “data collection”). Planning and
Problem solving are typically long duration tasks. Education tasks
are also long, but often taken in a continuous block of time (e.g. “lec-
turing”). Low-level tasks have interruptions, but are not necessarily
long (e.g. “data entry”).

Figure 2 (right) shows the regularity of tasks that are atomic
or part of a larger tasks or goals (subtasks). Most of the tasks are
performed regularly (86.7% for subtasks; 69.9% for atomic tasks;
79.6% in total). This suggests that an intelligent assistant may see
multiple instances of a task, and therefore has more chances to
identify patterns and respond proactively (e.g. suggest to perform
a task, see Section 5). The figure also shows that tasks that are part
of a larger task or goal (subtasks) are very likely to be tasks carried
out regularly (86.7%).

4.5 Cyber-Physical-Social Aspects of Tasks

Cyber (Electronic Devices and Online Activities to Perform
Tasks). Of the 1,035 tasks categorized in the taxonomy described
in Section 4.2, in 71.9% (744) involve the use of electronic devices to
complete a task, while 29.1% (291) of the time no electronic devices
are used to complete a task. The leftmost bar chart in Figure 3 shows
the number of devices used for each task category. The chart shows
that devices are used less when performing Physical and Meals and
breaks tasks. On the other hand, Problem solving, Customer care,
and Planning tasks involve the use of multiple devices at least 25%
of the time.

Respondents had a free text field to indicate which electronic de-
vices they used to complete the task. We categorized these devices
into a set of categories including Desktop, Laptop, Phone, Tablet,
Specialized equipment, Copier/Printer/Scanner and Other. From the
tasks that identified the use of electronic devices, personal comput-
ers are used most of the time (92.7%), with desktops (54.0%) being
more widely used than laptops (37.7%). However, no physical tasks
are performed with desktops and laptops. People also tend not to do
complex tasks with their phones and tablets, e.g. tasks associating
with other devices, such as Documentation, IT, Finance, and Project
tasks. The Specialized equipment category includes devices such
as carpet shampoo machines, dryers, electronic tills, or soldering
irons. Categories which received less than 1% of the responses in-
clude instances such as “computer databases”, “cloud computing”,
or “servers”.

If the participants indicated the use of a device, we also asked
whether they include any online activities to complete the task.

We asked them to choose any combination of: Web browsing, Web
searching, performing online transactions, using a specific app,
online chatting, e-mailing, using a digital assistant, or other.

Figure 3 (right) shows the number of online activities for the
different tasks. Most of the tasks involved some type of online
activity, being Physical, Meals and breaks, and Travel the ones that
involved the lowest. Project tasks involve multiple online activities:
Web browsing (12), Web searching (14), e-mailing (12), and online
chatting (10). Web browsing, Web searching and e-mailing are also
the main online activities involved in other tasks, especially in
Documentation, Communication, Planning, and Problem solving.

For Low-level and Finance tasks, “other” and “using a specific
app” were the most reported online activities, respectively.

Physical. Respondents answered a question “Did you engage in any
physical activities in order to complete the task?”. If they answered
negatively, they skipped ahead to the next questions. However,
the respondents who answered affirmatively (18.1%) were asked
a follow-up question about which kind of physical activity they
performed.

As seen in Figure 4 (left) the categorization provides us with an
overview of which tasks required physical activity in order to be
completed. As may be expected, the Physical tasks category has
the highest percentage of all categories which involved physical
activity (69.4%); the key subcategories inside this grouping include
cleaning and other physical work.

The Physical category is followed by Meals and breaks (61.9%)
and Travel (55.6%). The rest of the categories only involve physical
activities a third of the times or less. If we compare the low propor-
tion of physical activity with the high proportions we have seen
in the cyber dimension, we can envisage opportunities to provide
support with intelligent assistants.

Social. The social aspect of the self-reported tasks was asked in
the question “Did you engage in any social interactions in order to
complete the task?". If respondents answered affirmatively, they
were also asked what kind of social interactions they engaged in.
Figure 4 (right) shows the percentage of tasks that involve social
interactions, for each category. Overall, around 40% of the tasks
reported involve social interactions. Customer care tasks involve
social interactions 75% of the time, substantially more than the
others. Around half of the tasks categorized as Project, Problem
solving, Planning, Communication, and Meals and breaks involve
social interaction. The categories that are less likely to involve
social interactions are Low-level and Finance (both around 19%).

4.6 Supporting Information Workers’ Tasks

Currently used tools. Responses for Question 19 show that the
most common tool is a digital calendar, used by nearly half of our
respondents; this is followed in popularity by non-digital tools
such as paper lists, post-it notes, and a paper calendar, which to-
gether correspond to 48% of the tools reported by the participants.
Other digital tools that can assist in task planning, completion
and tracking—such as digital lists, alarm clocks or productivity
platforms—were less commonly used.

Opportunities for intelligent assistants. We also asked partici-
pants to describe the features or capabilities that they would want
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Figure 3: Devices and online activities (cyber). Respondents could indicate both multiple devices and online activities used to

complete a task.

to have in a hypothetical new piece of technology. Figure 5 shows
the features reported.

Many participants (46.9%) do not report a particular feature (or
report they do not need any). Most wanted features related to more
effective task management: reminders, calendars or task schedul-
ing. Other features are related to: assisting with the organization
of information (automatic sorting, listing, etc.); the need for tech-
nology that allows access to information from multiple devices and
synchronizes the content in a common place (ubiquitous access);
and tracking of task progression and completion. The long tail of
features includes: voice-enabled interaction; capabilities to adapt to
the context of the user; assistance with collaboration; taking notes;
searching while the user is performing a task.

5 DISCUSSION AND IMPLICATIONS

The analysis of the survey responses shows that information work-
ers perform a broad range of tasks. A substantial number of tasks
take more than two hours to complete. We found that tasks catego-
rized as Planning, Problem solving, and Low-level are more likely to
be interrupted. We also found that most of the tasks are performed

regularly. Our analysis of CPS aspects showed that multiple devices
are used simultaneously to complete tasks to perform online activi-
ties such as Web browsing, search and, e-mailing. Tasks that involve
physical activities typically involve less device usage. In terms of
the social aspect, 40% of the tasks involve social interactions. We
also found that, although non-digital tools such as paper lists, post-
it notes, and paper calendars are heavily used, participants desired
features for more effective task management.

The analysis allows us to better understand how people perform
tasks in work settings, and reveals that there are several ways in
which intelligent assistants can support information workers:

Task identification. The characteristics of tasks observed in our
analysis can be used to automatically identify the current task; user
activity can also help [35]. For instance, if the user is performing
simultaneous online activities using multiple devices, without social
interactions, and for a long period of time, it is likely that the user is
performing a Planning or Problem solving task. Intelligent assistants
may engage with users (e.g. asking questions via voice [36]) to help
manage uncertainty regarding any task inferences.
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Task progression and completion. Similarly, task characteris-
tics such as duration or interruptions can be used to track progress
and completion of tasks. We found that the majority of tasks are
performed regularly and (as Figure 5 shows) reminders were the
most requested feature from respondents. It should be feasible to ap-
ply data mining and machine learning methods to identify patterns
in the behaviours pertaining to task activities and their progression
over time, as shown in other domains, e.g. medicine [27].

Task recommendation and automatic scheduling. CPS sig-
nals may help generate contextual recommendations about when
and where users can complete tasks. Support for organization,
scheduling, and calendering were also among the most requested
features (Figure 5). The assistant may find time (from duration esti-
mates) to complete pending tasks, set agendas (from time, TO-DOs,
and task dependencies), or divide tasks into microtasks [7].

Task resumption. Our analysis showed that many tasks spanned
blocks of time and multiple devices. This increases the need for tools
to support task resumption [15, 25]. Keeping track of interruptions
may allow an intelligent assistant to proactively indicate that it
is timely to resume a specific task (e.g. continuing the task on a
different device or in a different context).

Multi-step tasks. Given that tasks are likely to be part of a larger
task or goal (58% of tasks per Figure 2), an intelligent assistant may
support multi-step tasks by recommending content, resources, or
actions relevant to the current step with knowledge of already-
completed steps (and where possible, what steps are still to come).

The analysis presented in this paper has some limitations. Al-
though a broad number of tasks have been identified, our analysis
is based on a survey of a specific cohort (currently employed, older
than 25 years old, and from a set of English-speaking countries).
There are aspects of the responses that have also not been analyzed
herein (e.g. locations or task difficulty) and will be in future work.

6 CONCLUSIONS AND FUTURE WORK

This work aimed to better understand the completion of tasks in
work settings. We analyzed the responses of around 400 partici-
pants to a survey that capture the range of tasks and sub-tasks
people perform. Our thematic and quantitative analysis derived
a characterization of work tasks. An investigation of task dura-
tion, continuity, and regularity, as well as a detailed analysis of
cyber-physical-social aspects, allowed us to provide design recom-
mendations for how intelligent assistants could support work tasks,
both on-demand and proactively. Future plans include running user
studies to collect cyber-physical-social aspects from mobile devices
in-situ during information work [23]. Sensors in these devices will
record human activities and routines, to be associated with task
progression. Consequently, we will explore how these data could
be used for task identification, tracking, and recommendation.
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A QUESTIONNAIRE

(1) List a task that you carried out in a work setting and
(a) took less than 30 minutes.
(b) took longer than 30 minutes.
(c) longer than 2 hours.
(d) more than a day.
(2) Where did you carry out the task?
(3) When did you carry out the task?
(4) Was the task completed in one continuous block of time?
(how many?)
(5) What tools, mechanisms or processes did you use to remind
yourself to continue the task?
(6) In which context did you compete the task? (Time-used
categories)
(7) Did you use electronic devices in order to complete the task?
(which?)

(8) Did you do any of the following online activities in order to
complete the task? (web browsing, web searching, perform-
ing online transactions, using a specific app, online chatting,
emailing, using a digital assistant, other)

(9) Did you engage in any physical activities? (which one?)

(10) Did you engage in any social interactions in order to com-
plete the task? (which one?)

(11) I wanted to do the task.

(12) The task was easy.

(13) Are there triggers that lead you to work on the task? (Which?)

(14) Is it a regular task?

(15) Is the task part of a larger goal? (which?)

(16) List the steps to complete the task

(17) Was there anything you did before initiating the task?

(18) Was there anything you did after initiating the task?

(19) Which tools do you currently use to help you plan, complete
or keep track of tasks?

(20) Imagine there is a new piece of technology, what features or
capabilities would you want it to have?
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