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Abstract
Previous research has found that people often make time
estimation errors in their daily planning at work. However,
there is limited insight on the types of estimation errors
found in different knowledge work tasks. This one-day di-
ary study with 20 academics compared the tasks people
aimed to achieve in the morning with what they actually
did during the day. Results showed that participants were
good at estimating the duration of time-constrained tasks,
such as meetings, however they were biased when esti-
mating the time they would spend on less time-constrained
tasks. Particularly, the time needed for email and coding
tasks was underestimated, whereas the time needed for
writing research and planning activities was overestimated.
The findings extend previous research by measuring in situ
whether some tasks are more prone to time estimation er-
rors than others. Planning and scheduling (AI) tools could
incorporate this knowledge to help people overcome these
time estimation biases in their work.
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Introduction
Daily planning and time management are essential skills
needed for modern knowledge work. However, many peo-
ple struggle with planning and time management – many
of the tasks that people set for themselves in the morning
are still on their to-do list at the end the workday and ex-
tra tasks are often added [5]. A failure to complete planned
daily tasks can lead to stress, rumination over work during
periods of rest and relaxation and sleep problems [12].

Observational studies have found that daily planning is an
ongoing challenge for knowledge workers such as aca-
demics [7] and software developers [9]. Academics, for in-
stance, need to predict how long different tasks will take to
complete in order to meet multiple deadlines [7]. However,
such estimates are complex. People may lack the experi-
ence or expertise to deal with such complexity and to make
accurate time estimates about how long their tasks will take
to complete. Time estimates can also be affected by known
biases, such as optimism and overconfidence [3].

Only a limited number of studies have examined how ac-
curately people estimate the duration of their daily tasks.
Claessens’ [5] study had 29 research and development
employees keep a diary for three weeks. Participants had
to report their plans in the morning and the proportion of
each task they managed to complete at the end of each
day. These diaries showed that people did not complete
27% of their daily planned work. However, while this study
recognised a planning fallacy, it did not consider how accu-
rate people were at estimating how long tasks would take to
complete.

Newman [11] conducted a diary study to understand why
busy people often did not complete all the tasks that they
set out each day to achieve. Participants in the study were
asked to make a plan in the morning and to keep a precise

time sheet diary with every tasks they did for a day. Re-
sults showed that people underestimated how quickly they
could complete information work compared to face-to-face
meetings. This study offers evidence that some tasks are
more prone to time estimation errors than others. However,
the study was conducted before the wide-spread use of
online communications and with a sample of people who
are not necessarily users of technology at work (e.g. a fur-
niture maker). In contrast, knowledge workers today per-
form many different types of information work tasks, such
as email, collecting and analysing information, writing re-
ports. Those tasks have not been a focus of research on
time estimation errors. Examining the potential for biases
in these different kinds of tasks may be useful for informing
the design of planning and scheduling tools to help people
more accurately plan their work tasks.

Existing research on AI support for daily planning and schedul-
ing of work focuses mainly on tasks with known duration,
such as calendar appointments. Intelligent task manage-
ment systems and AI assistants, such as Microsoft Cor-
tana, attempt to automate the estimation the duration of
calendar tasks [15] and predict the time it takes to complete
them [14]. Another stream of research works on develop-
ing conversational agents such as taskBot [13] and calen-
dar.help [6] to help automatic scheduling of appointments
with known duration. However, there is not much work be-
yond arranging and scheduling well-defined tasks, such as
meetings. Few tools exist for tasks that are less clearly con-
strained in time, such as replying to emails. Those tasks
are typical for many knowledge workers and it is often more
difficult to estimate how long these tasks will take to com-
plete.

In this paper, we examine how accurate knowledge work-
ers are in their estimates of how long different kinds of



work tasks will take to complete. In doing this we aim to
find out whether some tasks are more prone to estima-
tion errors than others. Planning and scheduling (AI) tools
could then incorporate this knowledge to help people over-
come error in their estimations. We recruited academics
and research students in a university as they are able to
set their own daily agendas. This group of people also do
a mix between solo and team activities over a wide-range
of projects, which allows to gain observations about many
different tasks. Due to space limitations, we report and dis-
cuss part of our quantitative results obtained through the
diary method.

Method
Participants
Twenty participants (nine male) took part in the study with
a mean age of 29 years (SD = 4.8). They were academics
and early career researchers at UK universities (3 × lectur-
ers, 2 × post docs, 13 × PhD students and 2 × internship
graduate students). Participation was voluntary. The study
was approved by the UCL Ethics Committee.

Design
We were interested in comparing what people aimed to
achieve at work with what they actually did. All participants
filled in a two-stage report: they indicated their plans in the
morning and reported their behaviours continuously in a
diary throughout the day.

Procedure
Participants chose one typical day at work to do the study.
They listed in the morning all tasks they aimed to achieve
during their workday and were asked to estimate the likely
duration for each task. They used pen and paper report
forms. They were free to consult their calendars or to-do
lists to remind themselves of their agendas. The morning

Describe your current task Start End

Email and communications 9:40 10:37
Writing report 10:37 11:08
Email and communications 11:08 11:16
Socialising 11:16 11:26
Email and communications 11:26 11:45
(Lunch break)
Writing report 12:21 13:20
Meeting 13:30 14:30
Fixing coding issues 14:35 17:00

Table 1: Example of anonymized diary data

list was then handed to the researcher and was not given
back to the participants until the end of the workday.

After filling the morning lists, participants were asked to
continue their workday as usual while keeping a pen and
paper record of the main task they decided to work on.
They had to report the start and end times of each task,
giving as much detail as possible. At the end of the day,
participants were given back their morning lists together
with their diaries. They were asked to fill in any missing de-
tails and explain the nature of the tasks reported.

Data Analysis
Plans and diaries were transferred to digital tables (see Ta-
ble 1). Each reported activity was anonymized by deleting
information about specific projects and people. Lunch time
was omitted from analysis because we wanted participants
to feel as minimally observed as possible. A new compar-
ison table was created for each participant with estimated
time and actual time spent on all reported tasks (see ta-
ble 2). This table was used to compare the estimated and
actual total workday duration for each participants.



Type of task Estimated time Spent time

Research report 180 min 89 min
Meeting 60 min 60 min
Transcribe 120 min 0 min
Email and communications 60 min 79 min
Coding task 60 min 145 min

Table 2: Example of comparison table used for data analysis

All tasks were then thematically analysed and sorted into
different categories, for instance, writing research, sched-
uled meetings and coding. The accuracy of estimates for
different categories of tasks was analysed (see table 3).
In cases where a participant had more than one task of a
given type (i.e., to read two separate works), the averaged
duration was used for mean statistics for each type of task
(i.e. reading research).

Finally, a 20% threshold was used to typicalegories of tasks
into correctly predicted (less then 20% bias), underes-
timated (took 20% longer) or overestimated (took 20%
shorter). The threshold follows previous research on esti-
mation of effort for knowledge work (e.g., in software devel-
opers [10]).

Results

Figure 1: The association between
planned (estimated) work duration
and actual workday duration for
each participant. The blue line
shows a perfect relationship with
no bias. Data points below the line
indicate that the planned duration
was longer than the actual one.

The average duration of workday tasks was estimated to be
7 hours 44 min (SD = 102 min) whereas the actual duration
of workday tasks reported was 6 hours 40 min (SD = 101
min), including breaks but excluding lunch time. A paired
sample t-test suggested that participants planned to work
for significantly longer than they actually did, t(19) = 4.01,
p = .001.

Type of tasks N Estimated Actual

Correct
Scheduled meetings 16 78 (43) 64 (42)
Scheduled seminars 6 130 (113) 110 (95)
Reading research 11 68 (56) 66 (31)
Creating presentation 5 91 (27) 77 (52)

Underestimation bias
Email and communications 12 51 (35) 68 (55)
Coding and data analysis 5 90 (30) 182 (240)

Overestimation bias
Writing research 12 119 (78) 78 (54)
Planning and decision-making 5 63 (50) 19 (28)

Table 3: Summary of time spent on different types of tasks. N =
number of participants. Time values are Mean (SD) in minutes.

Figure 1 shows a scatter-plot of actual and planned work-
day duration for each participant in the study. The diagonal
line indicates a perfect prediction. Data points below the di-
agonal line indicate optimistic prediction where participants
planned to work for longer than they did. The plot shows
that a majority of participants (16 out of 20) were optimistic
in their estimates and expected to work for longer than they
actually did.

Table 3 summarises the estimation errors in predicting dif-
ferent types of tasks. The next paragraphs discuss each
group of tasks in turn, starting with correctly predicted, fol-
lowed by underestimated and, finally, overestimated.

Correctly predicted
Sixteen participants attended scheduled meetings. On av-
erage they planned to spend 78 min and they actually spent
64 min in meetings. Examples of the type of meetings par-
ticipants attended are meetings booked by a student, meet-



ing one’s supervisor, one’s research group or team. Apart
from scheduled meetings, six participants attended sched-
uled seminars which were planned as 130 min and lasted
110 min. Examples include weekly departmental seminars.
Further, eleven participants planned to spend 68 min on
reading tasks. Later, they reported spending 66 min on
those tasks. Examples of such tasks include reading an
article prior to supervisory meeting, or reading a draft of
students’ work. Finally, three participants planned to spend
91 min and spent 77 min on creating presentations, such
as preparing slides for their Viva examinations or for their
lectures at university. Almost all of those tasks were related
to an important commitment (e.g. lecture or a meeting) on
the same or on the next day.

Underestimation bias
Twelve participants planned to spend 51 min and reported
spending 68 min on average on email and communication
activities. Coding and data analysis was the other group of
tasks which took longer than expected. Five participants
planned to spend 90 min but actually spent 182 minutes on
those tasks. The most frequent reasons for delays were ei-
ther an unexpected code issue that needed urgent attention
or because they forgot to preprocess the data.

Overestimation bias
Twelve participants expected to work on at least one re-
search writing task with an estimated mean duration of 119
min and an actual duration of 78 min. Some participants
defined a clear objective in their writing tasks, such as fix in-
troduction comments whereas others aimed to spend a cer-
tain amount of time on their research papers or chapters,
such as write research report for 2 hours. Next, five par-
ticipants planned to do a planning or decision-making task
with a mean duration of 63 min and actual time spent of 19
min. For instance, they wanted to plan their month ahead,

plan how to approach a writing task or decide on a research
direction. Overestimated tasks tended to be left unfinished
unless they were related to a very pressing deadline.

Discussion
The results of the study show that participants were opti-
mistic in their time estimates for work activities, planning to
work one hour longer than they actually did. Participants
were good at estimating the completion time for tasks that
had very clear time constraints and were already scheduled
in their calendars, such as those related to urgent dead-
lines, meetings or preparation for meetings. However, par-
ticipants showed an estimation bias for tasks which did not
have clear time constraints and were not scheduled in their
calendars: they spent more time than was estimated on
coding, data analysis, and email tasks. Although partici-
pants did complete these tasks, it often took far longer than
expected. In contrast, participants reported spending less
time on writing, planning work and decision-making tasks
than they had estimated. They tended to leave these tasks
incomplete, conceivably because they had less time left
than they had expected, due to other tasks taking longer
than initially thought.

Previous literature has documented that people experience
challenges in managing the time spent on email [8]. A qual-
itative study revealed that employees felt a loss of control in
managing email, psychological pressure to respond quickly
to email messages, and fear of missing important informa-
tion communicated by email [1]. A possible explanation for
our finding is that people lose track of time when working on
emails due to the psychological pressure they experience.
In addition, previous research also suggests that different
email checking behaviours can impact the total amount of
time spent on emails, with once per day strategy being the
most efficient one [2].



People spent less time on writing, planning work and decision-
making tasks than they had estimated. Arguably, this kind
of work is the most important one in research-oriented
universities. Previous research has found that writing re-
quires high levels of focus and is often negatively impacted
by interruptions, such as meetings and emails, which are
omnipresent in many knowledge work environments. To
support completion of writing tasks, previous research has
suggested the use of micro-tasking strategies and tools
where long writing tasks are broken down into small com-
ponents and done whenever workers get a chance to do
them [4, 6]. Given that people had difficulties in estimating
the completion time of these tasks, encouraging the use
of micro-tasking strategies is in line with the current find-
ings. However, more research is needed to investigate how
well knowledge workers can estimate the duration of micro-
tasks, and whether this strategy will lead to less estimation
errors.

An interesting research question for future work would be to
explore the impact of interventions for improving the iden-
tified time estimation bias in daily planning. Would people
correct their estimates without changing the way they al-
locate time to tasks or would they change the way they al-
locate time to tasks during the day in order to match their
estimates? A longitudinal study might give an answer to
this question where participants are given feedback on their
time estimation errors. Similar work on improving estimation
skills for daily time spent on social media found that people
felt more in control of their time even though they did not
change the amount of time they spent on social media [16].

The current study has limitations. Even though the morn-
ing plan was given back to the researcher in the morning
and participants were instructed to behave as usual during
the day, they might have had a recollection of their plans.

Hence, they might have put more effort than usual to fol-
low their plans. Nonetheless, the current study still found
time estimation errors. It is likely that those errors would
be higher when people are not explicitly asked to make a
morning plan. Further, the sample of participants included
PhD students, postdocs and lecturers. Future research can
extend this work with other groups of knowledge workers. In
addition, there might be important differences in the type of
work required at different levels of seniority for the same job
role. In the future, we aim to explore how those differences
can impact time estimation errors and whether different
planning support tools work better for different job levels in
knowledge work.

In conclusion, this paper has explored how accurate people
are estimating how long different kinds of daily work tasks
will take to complete. The results show that participants
found it difficult to estimate how long they would work on
open-ended tasks that were poorly constrained. In particu-
lar, participants underestimated the time that they needed
to work on email and coding tasks and overestimated the
time that they needed to work on writing and planning ac-
tivities. These results suggest that there is a need for more
support to improve accuracy in estimation of tasks which
are not typically scheduled as events in the calendar, such
as email, coding, data analysis, writing and planning tasks.
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