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ABSTRACT

Productivity behavior change systems help us reduce our
time on unproductive activities. However, is that time ac-
tually saved, or is it just redirected to other unproductive
activities? We report an experiment using HabitLab, a behav-
ior change browser extension and phone application, that
manipulated the frequency of interventions on a focal goal
and measured the effects on time spent on other applications
and platforms. We find that, when intervention frequency
increases on the focal goal, time spent on other applications
is held constant or even reduced. Likewise, we find that time
is not redistributed across platforms from browser to mobile
phone or vice versa. These results suggest that any conserva-
tion of procrastination effect is minimal, and that behavior
change designers may target individual productivity goals
without causing substantial negative second-order effects.
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Figure 1: When interventions reduce time on a targeted
goal such as Facebook, the time saved may (left) be isolated
from effects on other goals, (center) be redistributed to other
goals, or (right) decrease time spent on other goals.
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Figure 2: When interventions reduce time on a targeted de-
vice e.g. a browser, the time saved may (left) be isolated from
effects on other devices, (center) be redistributed to other de-
vices, or (right) decrease time spent on other devices.

1 INTRODUCTION

We use productivity behavior change interventions to try
to keep ourselves in focus. But do these systems truly save
us time? Or do they just redistribute the time elsewhere? In
other behavior change domains, interventions sometimes
have effects on behaviors other than the ones they were
targeting [17, 55].

One possibility is that interventions narrowly impact just
the goal that they target, and have no effect on time spent
elsewhere. We will refer to this as the isolated effects hypothe-
sis. Taking the relationship between time spent on Facebook
and Instagram as an example, the isolated effects hypoth-
esis would predict that an intervention that helps reduce
time on Facebook should have no effect on time spent on
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Instagram. Persuasive systems often claim to result in the in- form of applications (apps), whereas on the Chrome exten-
tended behavioral changes without observable consequencession goals are sites. We then deploy interventions to help

elsewhere, lending support for this hypothes& b, 7, 18 39.

If the isolated e ects hypothesis is true, overall productivity
can be boosted through interventions that individually target
each goal.

However, people have a limited supply of willpowes]|
can maintain focus for only so long20 32, 42, and need
downtime so perhaps the time saved is actually just redis-
tributed to other unproductive applications. We will refer to
this as theredistribution hypothesisaving time on one un-
productive application results in an increase in time spent on
other unproductive applications. Returning to our example
of a productivity intervention targeting Facebook, redistri-
bution would hypothesize that an intervention that reduces
time on Facebook will increase time spent on Instagram.
Redistribution may be partial, where the time redistributed
is some fraction of what was saved. Or more bleakly, re-
distribution may be total, where the time redistributed is
entirely shifted to other applications and there is no overall
improvement in productivity.

A third possibility is that saving time on one application
breaks a habit loop32d and reduces time spent on other
applications as well, so the actual net improvement in pro-
ductivity is even better than just what is saved on the target
application. We will refer to this as theeduction hypothe-
sis Returning to our example of a productivity intervention
targeting Facebook, this would hypothesize that an interven-
tion that reduces time on Facebook will also reduce time on
Instagram. Perhaps once we enter procrastination mode
and visit one unproductive application, we wind up chain-
ing together visits to another unproductive application, and
another but if a productivity intervention helps us break
the chain early on, we will never visit the later unproductive
applications.

These three hypotheses lay out the three possibilities of
what happens to other goals when we intervene on a focal
goal (Figures 1 2): time on those other goals might stay the
same (isolated e ects), go up (redistribution), or go down (re-
duction). In this paper, we seek to adjudicate between these
hypotheses using HabitLalB8f], an in-the-wild productiv-
ity experimentation environment that users can voluntarily
participate in by installing. Prior work described HabitLab
as a Chrome browser extension; in this paper we created
and deployed a companion HabitLab Android application,
allowing us to study any redistribution of time that might be

users reduce their time on these goals, which can appear
when the user visits a website (Chrome) or app (Android).
To study redistribution, we periodically manipulate the fre-
quency at which interventions appear for each goal if the
goal is in the frequent condition that week, it will appear
every time the user visits that application, whereas if the goal
is in the infrequent condition that week, it will appear on
20% of visits. This experimental design allows us to observe
the e ects of a goal being in thérequentsetting not only

on how much time users spend on that focal goal, but also
what happens to time on other goals when that focal goal is
in the frequent setting.

Our analysis rst begins by seeing whether interventions
are e ective at reducing time on the focal goal, disregarding
any possible redistribution e ects. We do so by comparing
time spent per day on the application on weeks where in-
terventions are shown frequently, vs those weeks where
interventions are shown infrequently. We nd that they are
e ective, with time spent on goal sites reduced by 8.0% on
the Chrome version, and time spent on goal apps reduced
by 37.3% on the Android version.

Next, we investigate whether time is redistributed to other
sites/apps on the same platform (browser or mobile) when
interventions are frequently shown. We nd that giving in-
terventions within the browser produces a reduction e ect,
with users using sites/apps less when there are more inter-
ventions shown on other sites/apps however, e ects of
interventions are isolated on mobile.

Finally, we investigate whether time is redistributed across
devices. We do not observe any signi cant time redistribu-
tion e ects in either direction.

This paper contributes a look into potential unintended
side e ects of productivity interventions on other sites, apps,
and devices. We nd that productivity interventions do not
appear to have deleterious second-order e ects on goals
other than the ones they are targeting, and in some cases,
may even have bene cial second-order e ects by breaking
habit loops.

2 BEHAVIOR CHANGE AND MOTIVATION

Persuasive technologies seek to produce behavioral cha2@e [
across goals as diverse as sustainable resource consump-
tion [29, sleep [L3 34, exercise 1§, smoking (4§, eat-

happening across devices, as when a user avoids Faceboolfng habits 23 46, coping strategies3, 54 and productiv-

on their browser but ends up checking Facebook on their
phone instead.

After installing and agreeing to our experimental protocol,
users specify what they wish to reduce time on, which we
term goals In the case of the Android version, goals take the

ity [35, 36, 61].

They can operate on many di erent platforms, such as
the web or mobile devices. Web-based systems promote a be-
havior change goals including classroom engagemdngJ,
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psychology therapy 7] and healthy habits 18 39. In paral- that increasing usage of one will increase usage of others. If
lel, a number of studies focused on mobile-based interven- productivity interventions are able to break this vicious cycle
tions [25 49 52 53 60. For instance, MyBehavior, a mobile  of procrastination for one application, they may actually
phone app, was built to track physical activities of the users reduce time spent on other unproductive applications as
and to provide personalized suggestions that are tailored to well.

the users' historical behavioral dat&y]. Similarly, PopTher- The importance of understanding the e ectiveness of pro-
apy is a mobile phone app that studied micro-interventions ductivity interventions in a complete ecosystem and the
for coping with stress [49]. rising awareness of unproductive time spent on mobile de-

There are a number of theoretical frameworks describing vices call into focus: would productivity interventions reduce
behavior change systems. B=MAT is a popular framework of net unproductive time? Or is it a weak palliative with little
behavioral changedq, which demonstrates that systemscan discernible e ect? This led to our research question:
focus on three elements motivation, ability, and a trigger
(a call to action) to produce behavior change. The habit
loop is another framework for building habits24], stating
that systems can build habits through an iterated process of
displaying a trigger, prompting the user to take an action, 3 DISTRIBUTION OF UNPRODUCTIVE TIME
giving out a reward, and helping the user to invest in the
system.

Measuring the e ectiveness of a persuasive system re-
mains a major challenge in the design of behavior change
systems. While behavior change systems can be e ective
during experiments 7, 19 59, many review papers are more
restrained in whether behavior change systems remain e
fective outside studies and bring longitudinal behavioral
change L0 29 44 45. Because behavior changes are long
and complex processes, the e cacy of a persuasive system is
often di cult to measure [5]]. For instance, an intervention
promoting healthy habits, which was e ective in changing
participants' eating habits, might reduce their physical activ-
ities, which were not measured in the experimeritq. Like-
wise, a system promoting increased physical activity may be
unable to observe e ects on participants' eating habifal].
Compared to prior work, our study examines these spillover
e ects in the context of a more complete ecosystem, includ-
ing both desktop browsers and mobile devices.

Cyberslacking, referred to as non-work-related computing,
is the use of Internet and mobile technology during work
hours for personal purpose$8B 38 50 5§. One study found
that employees spent at least one hour on non-work-related
activities during a regular work day48. Researchers also
reported that non-work-related Internet usage comprises
approximately 30% 50% of total usage [1, 31].

Unproductive time begets further unproductive time. For
example, increased time spent online can increase sleep debt
which in turn leads to more time spent onlinedj. Likewise,
the Hook Model claims that many of the most addictive
online sites use a cycle of investment techniques to keep
users coming back for example, making a post on Facebook | €S€ Prompt our hypotheses:

may result in future noti cations, which will in turn will Hypothesis 1 (H1). Within a single device, productivity

get the user to come back and make more po&4 [Finally, interventions will cause the time spent on targeted sites and
sites such as Facebook, Reddit, Twitter, and Buzzfeed aregpps to be redistributed to other sites and apps.

lled with links to each others' content, so it may be the case

Research estion (RQ). Do productivity interventions
reduce net unproductive time, or just redistribute it to other
applications, sites, and devices?

In this section, we will examine related studies in behavior
change systems to develop testable hypotheses regarding
the research question.

Multitasking has become ubiquitous in today's workplacés [
12 40. Multitasking is both essential and unavoidable in the
£ workplace R7,41], and it takes 11 minutes on average before
people switch to a new task [20].

Studying behavior change e ects across multiple devices
is important: focusing on a single platform will myopically
miss unproductive behaviors on other platforms. Attention
is fragmented in both mobile and traditional desktop en-
vironments [37, 40. The time spent on mobile devices has
increased more rapidly than time on computers or T\&s15.

On the other hand, mobile applications have been regarded
as substitutions of websites in many studies/]. Large tech-
nology companies such as Facebook and Amazon have been
focusing on user growth on mobile devices [37].

However, interventions may result in unintended out-
comes P9 30, 56. Speci cally, while some interventions
may be highly e ective at achieving the measured goal of
a behavioral change system, they may reduce desired out-
comes elsewhere?. In one health-related intervention,
while the physical activity of participants increased, calorie
intake also increased, working against the goal of promot-
ing a healthy lifestyle [L1]. Similarly, using peer pressure to
build con dence for students at school would, in turn, lower
their self-esteem which actually was opposite to the goal of
‘augmenting con dence [56].

In our system, the time spent on unproductive activities
might be decreased in one application yet increased in others.
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