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ABSTRACT
Interface preferences are influenced by switching costs, including cognitive switching costs of
thinking and task performance. In this research, we use feedback intervention theory to predict
that feedback can have psychological effects that override the lock-in effect of cognitive
switching costs on interface preference. To demonstrate this effect, we use normative feedback,
which compares a user’s task performance to the performance of others. This focuses attention
on the user’s self-concept and away from task performance. We use a hedonic information
systems (IS) interface – an online game – as feedback valence should have a stronger effect on
preferences for hedonic IS as opposed to utilitarian IS. Hedonic IS are preferred for their
enjoyment value, as well as their productivity, and positive feedback should be more enjoyable
than negative feedback. Results from an online experiment that manipulated the presence of
feedback and feedback valence, for a sample of 482 users, support our hypotheses. The
theoretical and managerial implications of these results are discussed.
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1. Introduction

People choose interfaces to access information systems
(IS) for a variety of reasons (Benyon, Turner, & Turner,
2005). Sometimes, they have no choice; the interface is
mandated by company policy (Venkatesh, Morris,
Davis, & Davis, 2003). Other times, the choice of inter-
face is limited by the cost of switching to a competitor
(Klemperer, 1987), for example, the cost of breaking a
contract, or buying new hardware, software, or training.
Ultimately, switching costs can lock-in users to an
incumbent interface (Carter, Wright, Thatcher, &
Klein, 2014; Shapiro & Varian, 1999; Sun et al., 2017).

In this article, we examine a particular type of
switching cost – that is, the amount of thinking and
time it would take to use a competitor interface,
compared to doing the same task with the incumbent
interface (Labrecque, Wood, Neal, & Harrington,
2017; Wernerfelt, 1985). Task performance is a mea-
sure of the productivity of a task, holding constant
time and thinking costs. Even small differences in
task performance, saving just a few seconds, can
lead to “cognitive lock-in” to an incumbent interface
rather than a competitor (Murray & Häubl, 2007).
For example, one field study demonstrated that web-
sites that are faster to use attract more visitors and
buyers (Johnson, Bellman, & Lohse, 2003).

Managers introducing a new interface, and compa-
nies with competing interfaces, have an interest in elim-
inating cognitive lock-in to an incumbent interface.
Prior research has shown that interface preference is

driven by perceived ease-of-use, rather than actual ease-
of-use measured by objective task performance
(Murray & Häubl, 2007, 2011). Perceived ease-of-use
is affected by psychological responses. For example,
making errors when first using an interface can lead to
a lasting perception that the interface is difficult to use,
even after actual ease-of-use improves with practice
(Murray & Häubl, 2007). Denying users the freedom
to choose their interface can lead to reactance, a nega-
tive psychological response (Murray & Häubl, 2011).
The enforced option is perceived as difficult to use, even
after dedicated practice has made its use highly efficient.
The present research introduces and tests a third way of
generating psychological responses that reduce cogni-
tive lock-in. We show that interface preferences can be
manipulated by providing computerised feedback.

There is a long history of using feedback to improve
human–computer interaction and aid decision-making
(Te’eni, 1992). Feedback hasmany dimensions, including
valence (whether it is positive or negative) and type (eg,
whether it is specific or normative) (Kluger & DeNisi,
1996). Specific feedback informs users about how to avoid
errors and improve their performance on a task.
Examples of specific feedback are error messages, such
as: “The articles you requested are currently not available”
(Murray & Häubl, 2011, p. 962). Normative feedback
makes users feel good or bad about themselves by com-
paring their performance to the average user. Examples of
normative feedback are telling someone they are doing a
“Great job!” or “You seem to have an uncommon ability
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to structure data logically” (Fogg & Nass, 1997, p. 555).
The key difference between normative and specific feed-
back is that specific feedback does not compare a person’s
performance with the performance of others. For this
reason, specific feedback is less likely to distract users
from accurately perceiving their task performance when
using an IS interface.

Normative feedback is rare relative to specific feed-
back, which is provided by nearly every interface (eg,
the HTTP standard “404 Not Found” message).
Increasingly, however, normative feedback is being
pushed to users through gamification (Deterding,
Dixon, Khaled, & Nacke, 2011), computerised training
(Goodman, Wood, & Chen, 2011), online applications,
social media, smartwatches (Chuah et al., 2016), fitness
monitors, and other emerging communication tech-
nologies. Normative feedback is easy to program into
an interface if it uses a constant message. In one
experiment, when users were given constant messages
in the form of praise (positive normative feedback),
these users felt better about themselves and their per-
formance, even when told that the feedback had noth-
ing to do with their actual performance (Fogg & Nass,
1997). In this article, when we refer to feedback we
mean normative feedback. Compared with specific
feedback, we expected normative feedback to be
more likely to generate a psychological response that
makes users ignore an interface’s actual ease-of-use.

Previous demonstrations of the disruptive effects
of psychological responses on cognitive lock-in have
used a utilitarian interface – for example, a news
website (Murray & Häubl, 2007, 2011).
Psychological responses to feedback valence should
have a greater influence on interface preference for
hedonic as opposed to utilitarian interfaces. This is
because providing positive feedback makes a task
seem more pleasant (Kluger & DeNisi, 1996).
Utilitarian interfaces are productivity-oriented, but
hedonic interfaces are pleasure-oriented. Intentions
to use hedonic IS are influenced by perceived enjoy-
ment, as well as by perceptions of ease-of-use and
usefulness (Van Der Heijden, 2004). Perceived enjoy-
ment also influences continuance intentions for
hedonic IS (Merikivi, Tuunainen, & Nguyen, 2017).
If the perceived enjoyment of using a hedonic IS
interface is elevated by offering positive feedback,
then intention to use the hedonic interface should
also increase. No prior research has tested this chain
of effects, so the aim of the present research is to
demonstrate that positive feedback increases prefer-
ence for hedonic IS interfaces. Hedonic IS include
many consumer IS ranging from movie websites
(Van Der Heijden, 2004) to mobile phones
(Venkatesh, Thong, & Xu, 2012) to online games
(Merikivi et al., 2017; Murray & Bellman, 2011).

We use an online game in our experiment as a
representative hedonic IS interface, for several

reasons (Murray & Bellman, 2011). First, like other
hedonic experiences, online games are intrinsically
rewarding (Hirschman & Holbrook, 1982) – that is,
they offer rewards in and of themselves (eg, enjoy-
ment) – as opposed to utilitarian tasks, which are
carried out for extrinsic rewards (eg, money).
Second, playing online games can be very exciting,
compared to utilitarian experiences like reading news,
allowing experimenters to observe highly emotional
responses (Van Reekum et al., 2004). Third, playing
games requires the learning of skills that improve
with practice (Holbrook, Chestnut, Oliva, &
Greenleaf, 1984; Schilling, Vidal, Ployhart, &
Marangoni, 2003). Fourth, online games are played
repeatedly, so asking people to play a game several
times, and choose which one they would like to play
next, is not unusual, and representative of hedonic
consumption (Murray & Bellman, 2011). Fifth, a
non-student sample is more likely to persist with a
long, repetitive task if it is enjoyable. Playing simple,
hedonically motivated games avoids fatigue effects
while exhibiting the same learning effects as other
hedonic activities in a conveniently short period of
time (Luo, Ratchford, & Yang, 2013). Finally, there is
evidence that hedonic tasks are best learned using
massed repetition (such as in our experiment) rather
than spaced learning, which is harder to replicate in
the lab (Lakshmanan, Lindsey, & Krishnan, 2010).

But first, we need to show that hedonic interface
preference is influenced by task performance. It is easy
to see that task performance influences preference for
productivity-oriented utilitarian interfaces. It is less
obvious that task performance influences hedonic inter-
face preference, since the dominant design objective for
hedonic IS is to “encourage prolonged rather than pro-
ductive use” (Van Der Heijden, 2004, p. 695). But prior
research has shown that users do prefer hedonic inter-
faces with more efficient task performance, as they allow
users to extract more enjoyment from their usage time
(Murray & Bellman, 2011). This is consistent with the
human capital model, which explains that a person’s
“taste” in activities, including hedonic activities like play-
ing online games, is influenced by investments in human
capital (consumer knowledge) related to those activities
(Becker, 1993; Murray & Häubl, 2003; Ratchford, 2001;
Stigler & Becker, 1977). Ratchford (2001) defines human
capital as “knowledge or expertise that might make a
consumer more productive at producing consumption
activities” (p. 400). This distinction between “knowledge”
and “expertise” corresponds to Alba and Hutchinson’s
(1987) distinction between familiarity (knowledge of)
and expertise (knowledge how): “Familiarity is defined
as the number of product-related experiences that have
been accumulated by the consumer. Expertise is defined
as the ability to perform product-related tasks successfully.
. . . In general, increased product familiarity results in
increased consumer expertise” (p. 411).
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In our research, familiarity corresponds with inter-
face usage and expertise with task performance. We
define interface usage as the number of hands-on
experiences with the interface accumulated by the
user. Task performance, as above, is the ability to
perform interface-related tasks productively.
Interface preference is likelihood that an interface
will be chosen to carry out a task. According to the
human capital model, greater familiarity with an
activity (eg, hedonic interface usage) improves exper-
tise at performing the activity productively (task per-
formance), which increases the likelihood of engaging
in that activity in future (interface preference). For
hedonic tasks, performance measures the ability to
extract enjoyment from the task, per unit of time
(Murray & Bellman, 2011). For example, going to a
baseball game might be unpleasant for a novice spec-
tator but enjoyable and exciting for an expert (Luo
et al., 2013). Over time, a person’s repertoire of activ-
ities tends to converge on those activities they have
acquired the greatest expertise at performing, and
therefore represent the most productive use of their
leisure time (Luo et al., 2013; Ratchford, 2001; Stigler
& Becker, 1977).

Building on previous research (Murray &
Bellman, 2011), we use an online game as our
example hedonic interface for the reasons listed
above and because it is easy to measure productivity
within an online game. When online game usage
improves task performance, users can extract more
enjoyment per unit of time by scoring more points
per second. When given a choice, users prefer the
game they have used more often, because it is more
productive, measured by points per second (Murray
& Bellman, 2011). In the current research, we repli-
cate this effect and show that task performance
cognitively locks-in users to a hedonic interface.
Moreover, we demonstrate that feedback turns off
this cognitive lock-in effect, by distracting users
from considering prior usage when choosing
between hedonic interfaces.

This research makes two important contributions
to the literature on managing IS interface prefer-
ences. First, it tests whether computerised feedback
can influence users’ interface preferences (Fogg &

Nass, 1997; Stoll, Edwards, & Edwards, 2016).
Second, it draws on two research streams to explain
this effect: the human capital model of the influence
of task performance on preference (Becker, 1993;
Murray & Häubl, 2003; Stigler & Becker, 1977)
and feedback intervention theory, which explains
the distracting effects of feedback on learning
(Kluger & DeNisi, 1996). In the next section, we
draw on relevant theory from IS and psychology
research to propose three hypotheses, which we
test using a controlled online experiment. We con-
clude by considering the implications of this
research for theory and practice, as well as its lim-
itations – including, whether our results apply to
other hedonic IS interfaces, or to utilitarian IS inter-
faces, and whether other types of feedback can simi-
larly loosen or perhaps tighten the cognitive lock.

2. Theory and hypotheses

2.1. The mediating role of task performance

Figure 1 shows the research framework for this study.
Drawing on the human capital model, we expect that
task performance will mediate the relationship
between interface usage and interface preference
(Murray & Häubl, 2003). Interface usage improves
task performance via a practice effect. This improve-
ment in task performance, relative to other interfaces,
increases interface preference, so that the most-used
interface is chosen more often for future usage. We
use feedback intervention theory (Kluger & DeNisi,
1996) to predict that providing feedback will moder-
ate the mediating role of task performance between
interface usage and interface preference. Feedback
presence will distract users from developing and
improving task performance, reducing the influence
of task performance on interface preference. Instead,
interface usage will have a direct effect on interface
preference. We further predict that feedback valence
will have a moderating effect on this direct relation-
ship between interface usage and preference. Since
enjoyment is critical for intentions to use hedonic IS
(Van Der Heijden, 2004), positive feedback will
increase preference for the hedonic interface giving
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Figure 1. Research framework.
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the feedback, reducing the effect of interface usage.
Negative feedback will lead to rejection of the inter-
face giving the feedback, again overriding the effect of
usage on preference.

The effect of past behaviour (interface usage) on
future behaviour (interface preference) could be due
to simple stimulus–response learning (Ouellette &
Wood, 1998; Pavlov, 1928; Venkatesh et al., 2012;
Wood & Rünger, 2016). The human capital model,
however, requires an additional mediating variable
– task performance – between interface usage and
interface preference. Task performance may or may
not be accompanied by an increase in cognitive load
(Camp, Paas, Rikers, & Van Merrienboerd, 2001).
Improvements in task performance, measured by
speed or accuracy (Camp et al., 2001), may be due
to increased cognitive effort or, alternatively, reduc-
tions in cognitive effort that come with the automa-
tion of practised skills (Murray & Häubl, 2002,
2007; Shiffrin & Schneider, 1977). According to
the human capital model, users prefer to maximise
the productivity of their time by choosing the most
efficient alternative (Becker, 1993; Murray & Häubl,
2003; Ratchford, 2001; Stigler & Becker, 1977). The
cost of switching from an efficient incumbent to a
less efficient competitor can be measured by time
and thinking costs. If the incumbent’s shorter task
completion time requires a higher thinking cost, a
competitor will still be attractive and the user will
not be cognitively locked-in. An important aspect of
the human capital model is that the mediator vari-
able – task performance (eg, faster task completion
time) – also reflects lower cognitive effort (Murray
& Häubl, 2007, 2011).

Prior studies provide empirical evidence for the
relationships between usage, task performance, and
preference predicted by the human capital model
(Murray & Häubl, 2003), even though they do not
explicitly refer to the “human capital” model. For
example, in a field study where the task performed
was visiting an online store, customers were more
likely to buy from a store with the shortest task
completion time (Johnson et al., 2003).
Furthermore, usage improved task performance in
line with the power law of practice (Newell &
Rosenbloom, 1981), which is used in GOMS (Goals,
Operators, Methods, Selection Rules) models to accu-
rately predict usage times for interfaces such as
mobile phones (Jastrzembski & Charness, 2007). In
two later studies, interface usage was experimentally
manipulated, and task completion time measured
prior to observing interface preference, to provide
causal evidence for the mediating role of task perfor-
mance (Murray & Häubl, 2007, 2011). In those stu-
dies, interface usage was varied by asking different
groups of participants to complete different numbers
of practice trials with their first interface (the

incumbent). The participants then completed the
same task with a second interface (the competitor),
for one practice trial. The results of both experimen-
tal studies showed that the influence of interface
usage on interface preference was fully mediated by
task performance, measured by relative task comple-
tion time (RTCT) – that is, if the task took less time
to complete using the competitor, relative to using
the incumbent, users were more likely to prefer the
competitor (Murray & Häubl, 2007, 2011).

The mediating role of task performance between
interface usage and interface preference has also been
demonstrated for hedonic interfaces. Specifically,
Murray and Bellman (2011) showed that task perfor-
mance mediates the effect of interface usage on a
multi-item continuous measure of interface prefer-
ence. In the hedonic domain, however, task perfor-
mance is not measured by shorter task completion
times, but by greater productivity per unit of time.
Murray and Bellman (2011) measured productivity
by the amount of time taken to score points. With
practice, players took less time to score each point,
and consequently scored more points per second. We
expect to replicate this result and extend it by using
consequential choice as our measure of interface pre-
ference (rather than self-reported attitude towards the
interface). Therefore, we propose:

H1. Task performance will mediate the relationship
between interface usage and interface preference.

2.2. Effects of feedback on task performance

As discussed in the introduction, our experiment
tested normative feedback, which compares the user
to others, rather than specific feedback, because nor-
mative feedback is more likely to generate an emo-
tional response. Offering positive normative feedback
(“you are doing better than the average person”)
makes users feel better about themselves and their
performance (Fogg & Nass, 1997). The designers of IS
interfaces may believe that these positive feelings
about performance will translate into positive
improvements in actual performance by increasing
the motivation to learn (Förster, Grant, Idson, &
Higgins, 2001). Increasing the motivation to learn
should increase task performance and, as a result,
tighten the cognitive lock-in effect. Learning motiva-
tion and task performance might also be increased by
offering occasional negative feedback, that is, punish-
ments as well as rewards (Finkelstein & Fishbach,
2012; Finkelstein, Fishbach, & Tu, 2017; Zingoni &
Byron, 2017). Even neutral normative feedback (“you
are performing as well as the average person”), which
could be interpreted positively or negatively, might
stimulate an increase in learning effort. Prior
research, however, indicates that feedback interven-
tions are not always successful. Positive feedback can
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have positive or negative effects (Kluger & DeNisi,
1996). In fact, one third of feedback interventions
have a negative effect on the quality of the actual
learning (Kluger & DeNisi, 1996).

These negative effects of feedback can be explained by
feedback intervention theory’s hierarchy-of-attention
model (Kluger & DeNisi, 1996). People can focus their
limited attention on just one level of this attention hier-
archy and by default their attention is focused optimally
at its midpoint. At the bottom of the hierarchy, attention
is focused too much on details of the task. At the top of
the hierarchy, attention is focused toomuch onwhat task
performance means for the person’s self-concept.
Feedback interventions have a negative effect when
they distract attention up or down the hierarchy, away
from its optimal midpoint. Specific feedback has a nega-
tive effect when it focuses attention too far down the
hierarchy, on task details (Goodman et al., 2011;
Goodman, Wood, & Hendrickx, 2004; Rogers, 2017).
Normative feedback has a negative effect when it focuses
attention too far up the hierarchy, on reconciling the
individual’s self-efficacy beliefs with feedback comparing
the individual to others (Baadte & Kurenbach, 2017;
Bandura, 1986; Kluger & DeNisi, 1996; Maier, Wolf, &
Randler, 2016; Vancouver & Tischner, 2004).

Using feedback intervention theory (Kluger &
DeNisi, 1996), we expect that feedback will hinder the
improvement of task performance because the norma-
tive feedback we use should distract attention away
from the optimal midpoint of the attentional hierarchy,
where learning is maximised. Normative feedback can
range in valence frompositive praise (“you are perform-
ing better than average”), to neutral (“your performance
is average”), to negative (“your performance is worse
than average”). Positive normative feedback is likely to
distract users from learning if it conflicts with their own
(realistic) conception of their performance. Praise is
also unlikely to increase learning effort, since praise
suggests that performance is already above average.
For some users, negative feedback will match their
self-concept, but for others its mismatch might distract
from learning or prompt increased effort. The differ-
ence between neutral (average) feedback and a person’s
positive or negative self-concept will, on average, be
smaller than contrasting negative or positive feedback.
For this reason, neutral feedback may have a smaller
distracting effect on task performance than positive or
negative normative feedback.

Hypothesis 1 predicts that interface usage
improves task performance, so that task performance
has a mediating role between interface usage and
interface preference (Ratchford, 2001). Hypothesis 2
predicts that feedback will moderate the mediating
role of task performance. A positive moderation effect
would increase the rate at which interface usage
improves task performance and interface preference.
A negative moderation effect would reduce these

rates of improvement, so that task performance and
interface preference do not improve, or even decline
with interface usage. If interface usage no longer
improves task performance or interface preference,
task performance would no longer mediate between
interface usage and interface preference.

Furthermore, if task performance no longer
explains interface preference, then interface preference
could be directly related to the presence of feedback.
For example, task performance could be uniformly low
whenever normative feedback is present. We test for
this potential direct effect of feedback on task perfor-
mance. However, it is more likely that interface usage
will always have an improving effect on task perfor-
mance, but the presence of normative feedback will
have a negative counter effect, reducing the rate of this
improvement. When interface usage has a reduced
effect on task performance, task performance will
have a weaker mediating role between interface usage
and interface preference. Therefore:

H2. Feedback presence will negatively moderate the
mediating role of task performance between interface
usage and interface preference.

2.3. Effects of feedback valence on interface
preference

Up to this point, we have considered the mediating
role of task performance between interface usage and
interface preference, and the moderating effect of the
presence of feedback on task performance’s mediat-
ing role. Now we consider the moderating effects of
feedback valence – that is, whether the feedback is
positive, negative, or neutral – on the direct relation-
ship between interface usage and interface preference,
as shown in Figure 1. We expect that emotional
responses to feedback valence will be associated
with the interface providing the feedback (Fogg &
Nass, 1997; Förster et al., 2001; Stoll et al., 2016).
These emotional responses to feedback valence will
override the influence of interface usage on interface
preference (Murray & Häubl, 2011).

If the incumbent offers positive feedback (eg,
praise), that positive feedback will elicit enjoyment
(Kluger & DeNisi, 1996). Enjoyment increases inten-
tions to use hedonic IS independently of their per-
ceived ease-of-use or usefulness (Van Der Heijden,
2004). In our experiment, only one interface is asso-
ciated with feedback valence, the incumbent. The
competitor does not offer any form of feedback.
This absence of positive feedback may make the
competitor seem relatively unpleasant compared
with the incumbent. This contrast in emotional
responses should make the incumbent more enjoy-
able and therefore preferred over the competitor,
even if competitor has similar task performance
after repeated usage trials (Murray & Häubl, 2011).

EUROPEAN JOURNAL OF INFORMATION SYSTEMS 5



Hypothesis 2 proposed that feedback presence will
negatively moderate the mediating role of task per-
formance between interface usage and interface pre-
ference. Now, hypothesis 3 is proposing a similar
negative moderating effect of feedback valence.
Hypothesis 3 proposes that positive feedback will
flatten the relationship between interface usage and
preference, by distracting users from considering task
performance when choosing. A highly positive emo-
tional response may eliminate the effect of usage
altogether, so that feedback valence has a direct effect
on preference. The interface giving the positive feed-
back (in this case, the incumbent) will be preferred
despite increasing usage of another interface. But we
expect that, as in the case of hypothesis 2, interface
usage will still increase interface preference via a
simple stimulus–response learning effect, but the
slope of this effect will be less steep when one of the
interfaces gives positive feedback.

H3a. Positive feedback will negatively moderate the
relationship between interface usage and interface pre-
ference by favouring the interface giving the feedback.

Negative feedback can induce unpleasant feelings
and learned helplessness (Kluger & DeNisi, 1996).
We expect that an interface that gives negative feed-
back will be associated with unpleasant emotion.
Another interface that offers no feedback will seem
more pleasant in contrast. In a prior experiment,
negative emotion was induced by denying freedom
of choice between utilitarian interfaces (Murray &
Häubl, 2011). This unpleasant negative emotion was
associated with the forced-choice incumbent, and so
participants switched to the comparatively more plea-
sant free-choice competitor as soon as they could,
despite the incumbent’s advantage in task perfor-
mance (Murray & Häubl, 2011).

Emotional responses are likely to be even more
important for hedonic interfaces, because intentions
to use hedonic IS are influenced by enjoyment (Van
Der Heijden, 2004). We expect that participants will
tend to choose the relatively more pleasant interface
that does not give negative feedback, ignoring differ-
ences in prior usage. There may be evidence for a
direct effect of negative feedback on preference, if
preference does not change with usage. But again, it
is more likely that negative feedback will reduce the
slope of the relationship between interface usage and
interface preference:

H3b. Negative feedback will negatively moderate the
relationship between interface usage and interface pre-
ference by favouring the interface that does not give the
feedback.

Finally, we expect that receiving neutral feedback
is likely to elicit, on average, a neutral emotional
response. For some, neutral feedback (“you’re aver-
age”) will be pleasant, while for others it will be
unpleasant. But the magnitude of these emotional

responses will be relatively small because “average”
feedback will not create much of a contrast with
either a positive or a negative self-concept. The
absence of neutral feedback will similarly elicit a
small contrasting emotional response, since for
some this absence will be mildly pleasant and for
others it will be mildly unpleasant. The presence of
neutral feedback should have only a mild distract-
ing effect, and interface usage and task performance
should still influence preference. Therefore, the
relationship between interface usage and interface
preference is likely to be similar in the neutral and
no feedback conditions. Although we test for a
potential moderating effect of neutral feedback on
the relationship between interface usage and inter-
face preference, our theory does not predict a sig-
nificant result.

The next section describes our experiment, which
uses a large non-student sample to test these
hypotheses.

3. Method

3.1. Experimental design

The experiment closely replicated the procedures used
in previous tests of the human capital model (Murray
& Häubl, 2003) and related studies (Murray &
Bellman, 2011; Murray & Häubl, 2002). Participants
practised using one hedonic interface (the incumbent),
then practised using a second hedonic interface (the
competitor), and finally were asked to choose which
interface they would prefer to use again (ie, the incum-
bent or the competitor). Both the incumbent and the
competitor were simple online video games, identical
apart from the skills needed to play them. Thus, only
differences in usage could explain why one was pre-
ferred (Murray & Häubl, 2007, 2011).

The experiment employed a 4 (feedback: no feed-
back, positive, neutral, or negative feedback) × 2
(interface usage: 1 competitor trial vs. 3 competitor
trials) between-participants factorial design. Every
participant had the same number of practice trials
with the incumbent (9 trials), but half of the parti-
cipants (depending on random assignment) played
only one practice trial with the competitor game
(the low interface usage condition), while the other
half had three practice trials (the high interface
usage condition). Previous research shows that
three trials of a competitor interface can sufficiently
develop task performance (reduce task completion
time) such that the choice-share advantage of an
incumbent interface used for nine trials is eliminated
(Murray & Häubl, 2007).

Feedback presence and valence were also manipu-
lated by random assignment – feedback was not based
on actual performance. This may seem like an
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unnatural practice, but it has been used successfully in
prior feedback intervention research (Fogg & Nass,
1997; Vancouver & Tischner, 2004). Also, to argue
that effective feedback requires expensive and complex
systems that analyse actual performance, research first
needs to demonstrate that simple constant feedback
systems do not work. More importantly, manipulating
feedback gave us experimental control over temporal
precedence, a necessary condition for demonstrating a
causal effect, in addition to mere correlation (Cook &
Campbell, 1979). If we had provided feedback about
actual performance, feedback valence would have been
confounded with prior experience and therefore higher
starting levels of skill. To further control for prior
experience with online games, we measured this vari-
able and used it as a covariate. We did not need to use
any other control variables because our use of random
assignment successfully controlled for otherwise plau-
sible alternative explanations (eg, Internet speed, com-
puter specification, player’s environment, left- vs. right-
handedness, preference for one- vs. two-handed con-
trols, etc.) (Cook & Campbell, 1979).

3.2. Participants

Four hundred and eighty-two members of an
Australian audience panel (age range 20–81, normally
distributed, M = 44.68, SD = 13.14, 69% women)
participated in the experiment. Each participant
received a $5 (AUD) department store gift card.
The sample ranged widely in prior online video
game experience (Table 1). Participants received the
same reward no matter what their performance to

encourage participation from users with little interest
in playing online games. A post hoc analysis revealed
that the sample size was sufficient to detect significant
(p < .05) medium-sized effects with over 99% power
(Faul, Erdfelder, Lang, & Buchner, 2007).

3.3. The online game

The racing car game was designed to be like online
video games readily available over the Internet. The
object of the game was to score points by shooting
enemy cars while avoiding oncoming cars and
incoming fire. Critical damage to the player’s car
ended the game. The car, viewed from above on-
screen, could be moved left or right with the mouse.

The incumbent and competitor games differed in a
seemingly trivial way: whether the firing trigger was
the left button on the mouse (one-handed play) or
the keyboard spacebar (two-handed play). One- ver-
sus two-handed play made only a marginal difference
to game-playing time (20.81 s vs. 17.39 s, p = .07
[Wilcoxon tests used for all these comparisons]), but
no difference to score (172.71 vs. 141.73, p = .11),
which meant that both games were equally efficient
(measured by score per second) prior to random
assignment (5.81 vs. 5.99, p = .74). The results
reported below are the same if game-interface is
included as a factor. However, this interface differ-
ence between the games ensured that players
acquired skill using the incumbent game that was
not transferable to the competitor (Murray &
Häubl, 2002, 2007). Playing one-handed first versus
two-handed first was counterbalanced.

Table 1. Correlations among variables and descriptive statistics.
Gender Age E Ua RSPS InterfacePreferenceb

Gender (female = 1, male = 0) —
Age (years) −0.09* —
Prior experience (E [mean centred]) −0.22*** −0.29*** —
Interface usage (U [1 trial = 0, 3 trials = 1]) −0.06 −0.002 0.03 —
Task performance (RSPS) 0.02 −0.03 0.01 0.16*** —
Interface preference (incumbent = 0, competitor = 1) 0.02 −0.08 0.06 0.11* 0.18*** —

TOTAL Mean 0.69 44.68 −0.002 — −0.62 0.51
N = 482 (SD) (0.46) (13.14) (1.33) — (5.25) (0.50)

1 Competitor trial Mean 0.71 44.90 −0.03 — −1.41x 0.45x

n = 228 (SD) (0.45) (13.66) (1.37) — (5.39) (0.50)
3 Competitor trials Mean 0.66 44.48 0.02 — 0.08x 0.56x

n = 254 (SD) (0.47) (12.68) (1.29) — (5.03) (0.50)

No feedback Mean 0.69 43.87 0.27xyz — −0.67 0.51
n = 178 (SD) (0.47) (11.71) (1.17) — (5.43) (0.50)
Positive feedback Mean 0.77 42.72 −0.01x — −0.14y 0.44
n = 107 (SD) (0.43) (13.36) (1.47) — (4.79) (0.50)
Neutral feedback Mean 0.62 45.89 −0.11y — −1.92yz 0.54
n = 102 (SD) (0.49) (14.18) (1.34) — (5.26) (0.50)
Negative feedback Mean 0.67 47.11 −0.38z — 0.32z 0.55
n = 95 (SD) (0.47) (13.97) (1.35) — (5.17) (0.50)

Note. Pairwise correlations. Means in the same column with the same superscript letters are significantly different (p < .05).
SD = standard deviation; RSPS = relative score per second (SPS for competitor minus SPS for incumbent). Zero RSPSmeans that the competitor and
the incumbent are equally efficient to use. Positive RSPSmeans that the competitor is more efficient to use than the incumbent.

aCoded 0 = 1 competitor trial, 1 = 3 competitor trials, Spearman correlations.
b Coded 0 = chose incumbent interface, 1 = chose competitor interface, Spearman correlations.
*p < .05, **p < .01, ***p < .001.

EUROPEAN JOURNAL OF INFORMATION SYSTEMS 7



3.4. Procedure

Participants were invited by email to complete an
online survey. The survey randomly assigned partici-
pants to one of the eight (4 feedback × 2 interface
usage) groups. The instructions provided prior to the
first incumbent-game trial forewarned all the partici-
pants, except those in the no-feedback condition, that
they would receive feedback about their performance.
If feedback was given, a normative message appeared
two-thirds of the way into players’ experience with
the incumbent game, after the sixth incumbent trial.
The positive feedback message was: “You are per-
forming BETTER than other people who have played
this game”. The other two conditions were created by
replacing the words “BETTER than” with “THE
SAME as” (neutral) or “WORSE than” (negative).
After receiving this feedback, participants played
their three remaining incumbent trials and then,
depending on group assignment, played either one
or three competitor game trials.

3.5. Measures

The game software unobtrusively recorded each
usage trial’s duration and score achieved. Like pre-
vious experiments, we measured the relative task
performance of using the competitor interface com-
pared to the incumbent (Murray & Häubl, 2007,
2011). This measure quantifies the relative advantage
of the competitor versus the incumbent. If the com-
petitor is more productive than the incumbent, task
performance is positive. On the other hand, if the
competitor is less productive, task performance is
negative (ie, there is a switching cost associated with
choosing the competitor).

Building on prior research, we used a measure of
task performance that was appropriate for a hedonic
task like playing a video game (Murray & Bellman,
2011). For utilitarian tasks, more efficient tasks are
completed faster, so task performance can be mea-
sured by RTCT. RTCT is calculated by subtracting the
last task completion time for the competitor from the
last completion time for the incumbent (Murray &
Häubl, 2007). If the competitor is faster to use than
the incumbent, RTCT will be positive, indicating that
the competitor is more likely to be preferred. For
hedonic tasks, however, task performance is best
captured by rewards per fixed unit of time, such as
the number of fish caught per hour, or the number of
points scored per second (Murray & Bellman, 2011).

We use the same type of video game that Murray
and Bellman (2011) used and, therefore, we use their
measure of task performance: relative score per sec-
ond (RSPS). Like RTCT, RSPS measures the relative
attractiveness of the competitor. RSPS was calculated
by subtracting the last incumbent game’s score per

second from the last competitor game’s score per
second. If the competitor had a higher score per
second than the incumbent, RSPS would be positive,
indicating that the competitor was more likely to be
preferred. Both measures of task performance, RTCT
for utilitarian tasks and RSPS for hedonic tasks, have
a positive correlation with interface preference when
the competitor is more efficient than the incumbent.
Task performance should have no effect on interface
preference if the competitor and the incumbent are
equally efficient (both RTCT and RSPS would be
zero). In Murray and Bellman's (2011) study, RSPS
mediated the effect of interface usage on interface
preference, measured by self-reported attitude
towards the competitor game.

Murray and Bellman (2011) considered total score
as an alternative measure of task performance. But
high scores do not necessarily indicate high produc-
tivity, as a less skilled player could score a high
number of points very slowly. This was demonstrated
in the two experiments reported by Murray and
Bellman (2011), in which groups differed in usage
(playing 1 game vs. 10 games) and preference (more
learning increased preference), but did not differ in
total points scored. When productivity was measured
by points scored per second, however, the 10-game
groups significantly improved their productivity,
comparing their first and tenth games. Similarly,
another potential measure of task performance,
longer game times, could be generated by low-pro-
ductivity, low-scoring performance. Again, in Murray
and Bellman's (2011) experiments, there was no dif-
ference in game time across groups that differed in
usage, preference, and task performance measured by
score per second. Finally, it might seem that point
scoring is a measure of instant gratification rather
than task performance. But when the enjoyment of
a hedonic task derives from satisfying the objective of
a game, and that objective is to score points, then
points per second provide a useful measure of the
productivity of task performance.

After completing the final competitor trial, each
participant answered survey items taken, for compar-
ison purposes, from related experiments (Murray &
Bellman, 2011; Murray & Häubl, 2007, 2011). First,
participants revealed their subjective utility for the
competitor game by completing a realistic beha-
vioural choice measure of interface preference
(Luce, 1959; McFadden, 1981, 1986; Morales, Amir,
& Lee, 2017; Murray & Häubl, 2011). Specifically,
they were shown images from the two games they
had played (identified by their background colour,
black or grey) and chose the game they would prefer
to play again (incumbent = 0, competitor = 1). It
could be argued that this binary choice measure was
inappropriate, especially for games: users would natu-
rally vary their choices, so it would have been better
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to measure preference by highest percentage over
repeated choices. However, research shows that
choice experiment results are consistent whether the
dependent variable is one choice or repeated choices
(Brouwer, Dekker, Rolfe, & Windle, 2010).

Next, participants completed a multiple-item self-
reported measure of prior experience (Murray &
Bellman, 2011) (see Appendix 1). The validity of this
measure was assessed using SmartPLS. Composite relia-
bility (CR) was 0.86 and average variance extracted
(AVE) was 0.68, both exceeding the conventional
CR > 0.70 and AVE > 0.50 criteria (Bagozzi & Yi,
1988). In addition, the square root of AVE (0.82)
exceeded all the correlations between prior experience
and other variables measured in this experiment
(Table 1), indicating discriminant validity (Fornell &
Larcker, 1981). To rule out alternative explanations for
our results, participants answered an open-ended ques-
tion intended to elicit hypothesis guessing. The use of
different sources for our predictor and criterion variables
(manipulation, log files, discrete choice, and self-report
scales) minimises the possibility that our research find-
ings are affected by common method bias (Podsakoff,
MacKenzie, & Podsakoff, 2012).

3.6. Analysis

We used logistic regression to estimate our main
results, as our dependent variable was binary
(interface preference = 0 [incumbent] or 1 [compe-
titor]). Appendix 2 shows that the same pattern of
significant estimates is found when experiment-
wise error is controlled using SmartPLS, although
SmartPLS should not be used for models with
binary endogenous variables (Hair, Sarstedt,
Ringle, & Mena, 2012). The highest variance infla-
tion factor (VIF) was associated with an interaction
term, interface usage × negative feedback
(VIF = 3.2), and was below the maximum recom-
mended level (VIF = 10) (Myers, 1986). Tests con-
firmed that our results were not influenced by the
age or gender composition of our sample. As
Table 1 shows, age and gender were related to
prior experience, and we controlled for prior
experience in our analyses.

4. Results

4.1. Manipulation checks

First, we confirmed that interface usage increased
task performance in line with the predictions of
the power law of practice for skilled tasks (Murray
& Häubl, 2007). Practice reduces utilitarian task
completion time as users learn to spend less time
unproductively. For hedonic tasks, task comple-
tion time may not reduce with practice, but

unproductive time does go down (Murray &
Bellman, 2011). We predicted average time to
score a point, and based on that model, unpro-
ductive (residual) time as a function of usage
(Murray & Bellman, 2011). The decrease in
unproductive time, with practice, was better mod-
elled by a power function (R2 = .148, vs. .081
[linear] and .080 [exponential]). The power law
coefficient for unproductive time was significantly
negative (α = − .08, t(253) = − 3.87, p < .001 [1-
tailed t-test]), indicating that players’ performance
became more efficient with practice (Newell &
Rosenbloom, 1981). Evidence for automatisation
and therefore increasingly lower cognitive load
comes from decreasing variance in unproductive
time, across people (Logan, 1988). A power func-
tion was the best fit to the standard deviations of
unproductive time (R2 = .349, vs. .162 [linear] and
.156 [exponential]).

Finally, the increase in task performance (mea-
sured by score per second) with practice was also
better modelled by a power function (R2 = .798, vs.
.641 [linear] and .575 [exponential]). We conducted
further tests of practice using the competitor inter-
face. These tests did not assume that learning pro-
gressed linearly in log-log space, as learning of new
technology can be discontinuous (Lakshmanan &
Krishnan, 2011). Participants who used the competi-
tor three times achieved a higher score per second in
their third game compared to their first (M1 = 6.32 vs.
M3 = 7.58, p < .001 [Wilcoxon test]). Usage therefore
increased the relative task performance (RSPS) of the
competitor compared to the incumbent (Table 1;
p < .001). In addition, competitor usage increased
interface preference, measured by the proportion pre-
ferring the competitor over the incumbent (Table 1;
χ2(1) = 6.00, p = .01).

A second set of checks investigated whether in
this study, as in previous studies (Murray & Häubl,
2007, 2011), participants did not attribute their
interface preference to the amount of experience
they had with the two interfaces, nor to the inter-
face-specific skills they had acquired. We analysed
the answers participants gave to the open-ended
question designed to detect hypothesis guessing.
Only 14% of participants in the no-feedback condi-
tion mentioned the firing–trigger differences
between the two games as a potential explanation
for the results of the study, and no participant
guessed the hypotheses.

4.2. Overall results

Hypothesis 1 predicted that task performance will
mediate the relationship between interface usage
and interface preference. Because our measure of
interface preference is a binary choice, we used a
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non-parametric bootstrapping test for mediation
(Preacher & Hayes, 2008), rather than the Sobel
test, which assumes a normally distributed depen-
dent variable. The results showed that task perfor-
mance (RSPS) significantly mediated the effect of
interface usage on interface preference. The indirect
effect’s 95% confidence interval (.02 to .20) did not
include zero. Our regression results show that in
this study, task performance had only a partially
mediating effect. The effect of interface usage on
interface preference is still significant after control-
ling for the mediating effect of task performance
(Table 2), because of the effects of feedback (as
predicted by H2 and H3).

Hypothesis 2 predicted that feedback presence will
negatively moderate the mediating role of task per-
formance between interface usage and interface pre-
ference. As predicted, the presence of the moderator
had a negative effect that reduced the size and sig-
nificance of task performance’s mediating effect
(Hayes, 2015). When the moderator was absent (the
no-feedback condition), the mediating effect of task
performance was significant (95% confidence interval
[CI] = .02 to .40). However, when the moderator
(feedback) was present, the mediating effect of task
performance was not significant (95% CI = − .002 to
.19, combining all three feedback valence conditions).
The mediating effect of task performance was not
significant whether the feedback was positive (−.07
to .21), neutral (−.09 to .27), or negative (−.06 to .69).

Further evidence for hypothesis 2 comes from tests
of whether the moderating effect of feedback changed
the input path to the mediator, as illustrated in
Figure 1, or the output path. An input path effect is
a Model 2 moderated mediation effect, while an out-
put path effect is a Model 3 effect (Preacher, Rucker,
& Hayes, 2007). A Model 2 effect is distinguished

from a Model 3 effect by the significance of the
interaction between the independent variable and
the moderator, and the insignificance of the interac-
tion between the moderator and the mediator
(Preacher et al., 2007). In a separate test of the inter-
face preference regression model, the interactions
between task performance (the mediator) and the
three levels of the moderator (positive, neutral, and
negative feedback) were insignificant (all ps > .158).
On the other hand, Table 2 shows a significant inter-
action between the independent variable (interface
usage) and one level of the moderator (positive feed-
back), which is our evidence for hypothesis 3 below.
In the no-feedback condition, interface usage had a
significant effect on task performance (p = .017).
However, when feedback was present, the effect of
interface usage on task performance was not signifi-
cant (all ps > .267 for positive, neutral, and neutral
feedback). This is consistent with our theory, which
anticipated that because three competitor usage trials
no longer improved task performance significantly
when feedback was provided, task performance no
longer mediated the relationship between interface
usage and interface preference.

Hypothesis 3a predicted that positive feedback will
negatively moderate the relationship between interface
usage and interface preference by favouring the inter-
face giving the feedback. This hypothesis was confirmed
by the significant negative interaction between positive
feedback and interface usage in the regression model
predicting interface preference (Table 2). Follow-up
cross-tabulation tests (Figure 2) showed that, as pre-
dicted by hypothesis 1, interface usage significantly
increased interface preference for the competitor in
the no-feedback condition, from 40% to 60% (χ2

(1) = 7.12, p = .008). But as predicted by hypothesis
3a, positive feedback given by the incumbent had a
negative, slope flattening effect on this interface usage
effect. The relatively less pleasant competitor was less
preferred than the incumbent, whether it was used once
(47%) or three times (40%). This meant that the effect of
usage on preference was no longer significant when
positive feedback was present (χ2(1) = 2.33, p = .13).

Hypothesis 3b predicted that negative feedback
will negatively moderate the relationship between
interface usage and interface preference by favouring
the interface that does not give the feedback. The
negative interaction between usage and negative feed-
back predicted by hypothesis 3b was not significant in
the interface preference model in Table 2. However,
Figure 2 shows that negative feedback had the pre-
dicted negative moderating effect on the relationship
between interface usage and interface preference.
When the incumbent gave negative feedback, the
relatively more pleasant competitor was preferred
more than the incumbent, whether it was used once
(53%) or three times (56%). As when positive

Table 2. Regression results.
Dependent variable

Independent variables
Task

performancea
Interface

preferenceb

Intercept −1.67** −0.40
Interface usagec (U) 1.88* 0.76*
Prior experience (E [mean
centred])

0.06 0.12

Positive feedback (POSITIVE) 1.09 0.32
Neutral feedback (NEUTRAL) −0.91 0.28
Negative feedback (NEGATIVE) 1.10 0.56
U × POSITIVE −0.97 −1.17*
U × NEUTRAL −0.61 −0.05
U × NEGATIVE −0.29 −0.71
Task performance 0.06**

Note. Logistic regression used for binary dependent variable, interface
preference.

aMeasured by relative task completion time (score per second [SPS] for
competitor minus SPS for incumbent). Zero RSPS means that the com-
petitor and the incumbent IS are equally efficient to use. Positive RSPS
means that the competitor is more efficient to use than the incumbent.

bCoded 0 = chose incumbent interface, 1 = chose competitor interface.
cCoded 0 = 1 competitor trial, 1 = 3 competitor trials.
*p < .05, **p < .01, ***p < .001
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feedback was present, the effect of usage on prefer-
ence was not significant when negative feedback was
present (χ2(1) = .09, p = .36). Although we did not
expect that neutral feedback would have a negative
moderating effect on the relationship between usage
and preference, we did test for this possibility.
Figure 2 shows that when neutral feedback was pre-
sent, interface usage increased preference for the
competitor from 44% to 63% (χ2(1) = 4.18, p = .04).
This result is similar to the relationship between
usage and preference in the no-feedback condition.

Finally, we tested two alternative explanations for our
results: (1) feedback has a direct negative effect on task
performance and (2) feedback has a direct effect on
interface preference. First, we looked at the direct effects
of feedback on task performance in Table 2. None of
these was significant. Furthermore, in Table 1, task per-
formance was not significantly different when feedback
was present (whether positive, neutral, or negative), com-
pared to the no-feedback condition. Finally, those parti-
cipants who used the competitor three times significantly
improved their task performance (score per second)
whether normative feedback was present (M1 = 6.55 vs.
M3 = 7.74, p = .001) or not present (M1 = 5.91 vs.
M3 = 7.30, p = .013). These results rule out a direct effect
of normative feedback on task performance.

Further evidence for the moderating effect of nor-
mative feedback comes from the differences between
the three feedback valence conditions. Interface usage
significantly improved task performance in the neu-
tral feedback condition (M1 = 6.03 vs.
M3 = 7.35, p = .040), but not in the positive feedback
condition (M1 = 7.11 vs. M3 = 8.52, p = .073) or the
negative feedback condition (M1 = 6.53 vs.
M3 = 7.38, p = .171). These differences in the effect
of usage on performance produced differences
between valence conditions in relative task perfor-
mance (Table 1). But these main effects of valence
were not significant after controlling for usage in the
regression results (Table 2). Second, positive and

negative feedback had what amounted to direct
effects on interface preference, as preference was flat
across both levels of interface use (Figure 2).
However, there were no significant direct effects of
feedback valence on interface preference in the
regression results, after controlling for usage and the
negative interaction between positive feedback and
usage (Table 2).

5. Discussion

5.1. Theoretical contributions

This research shows that feedback can be used to
influence IS interface preference. It extends previous
research showing how usage improves task perfor-
mance, which explains preferences for IS interfaces
(Johnson et al., 2003; Murray & Häubl, 2002, 2007,
2011). According to the human capital model, users
prefer activities that maximise the productivity of
their time (Becker, 1993; Murray & Häubl, 2003;
Ratchford, 2001; Stigler & Becker, 1977). Prior
research has shown that psychological responses,
such as being denied freedom of choice, can override
this preference for more productive interfaces
(Murray & Häubl, 2011). The results of the present
research show that feedback can provoke similar psy-
chological responses that distract users from consid-
ering task performance when choosing between IS
interfaces.

In our experiment, we maximised the chances of
finding a distracting effect of feedback by using positive
and negative normative feedback, and a hedonic IS
interface, represented by an online game. Hedonic IS
are chosen for their enjoyment value, as well as for their
ease-of-use and productivity (Van Der Heijden, 2004;
Venkatesh et al., 2012). Therefore, positive and negative
feedback should directly affect the enjoyment of using
hedonic IS. Normative feedback, which compares task
performance with others’ performance, can distract
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Figure 2. Interface preference (choice shares) by feedback valence and interface usage.
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from learning by focusing too much attention on the
user’s self-concept (Baadte & Kurenbach, 2017; Kluger
& DeNisi, 1996; Vancouver & Tischner, 2004). In our
experiment, we found that normative feedback reduced
the improving effect of interface usage on task perfor-
mance, so that task performance no longer mediated
the effect of usage on preference. Furthermore, people
preferred the interface associated with positive feedback
and rejected the interface associated with negative feed-
back, which weakened the effect of usage on preference.

To confirm this theoretical explanation, we
tested two alternative explanations for our results:
that feedback has direct effects on (1) task perfor-
mance or (2) on interface preference. First, there
was no evidence of a direct effect of feedback that
turned off task performance improvement. When
the incumbent offered feedback, competitor usage
still improved task performance. Second, some of
our results hint at a direct effect of feedback on
interface preference. When positive or negative
feedback was given by the incumbent, the compe-
titor’s preference was constant across both levels of
usage. However, these direct effects were not sig-
nificant after controlling for a significant moderat-
ing effect of positive feedback. Overall, the results
of this study provide support for our theory –
feedback moderates task performance’s mediating
role between interface usage and preference, rather
than directly influencing task performance and
interface preference.

5.2. Limitations and future research

Like all research, this study had limitations, which
suggest directions for future research. The research
framework for this study contributes to theory by
identifying opportunities for future research from the
intersection of two extensive research streams, the
human capital model (Becker, 1993; Murray &
Häubl, 2007; Stigler & Becker, 1977) and feedback
intervention theory (Kluger & DeNisi, 1996). The
hypothesised moderating effects of feedback on the
relationships between interface usage, task perfor-
mance, and interface preference were not fully sup-
ported by significant interaction effects, although tests
for moderated mediation and moderation of choice
probabilities were significant. Future research should
attempt to extend our results by further elaborating on
the current study’s support for our hypotheses.

One explanation for not finding significant inter-
action effects is that feedback affected both interfaces
in our experiment. Feedback was delivered during
usage of the first interface, and so affected task per-
formance and preference for the incumbent, as well
as for the second interface, the competitor. Future
research should test the effects of offering feedback
only during usage of the competitor. Our

experimental results, using an online video game
and a non-student sample, have high internal and
external validity. These results, however, would ben-
efit from replication in field experiments and in the
workplace. Similarly, other research could examine
the extent to which our results generalise to different
types of feedback (other than normative), to hedonic
IS interfaces apart from online video games, and to
preferences for utilitarian IS interfaces, such as online
stores (Johnson et al., 2003) and news websites
(Murray & Häubl, 2007).

Specific feedback, such as error messages, is more
common than normative feedback in IS interfaces.
Whether specific feedback has a similarly distracting
effect on attention to task performance most likely
depends on the detail in these specific feedback mes-
sages (Rogers, 2017). Specific feedback that is too
detailed focuses attention at the base of the attention
hierarchy, away from its optimal midpoint where
learning is maximised (Kluger & DeNisi, 1996).
Specific error messages can also have effects on per-
ceived ease-of-use that persist despite improvements
in objective ease-of-use measured by task perfor-
mance (Murray & Häubl, 2007). On the other hand,
specific feedback designed to improve performance
should have a positive moderating effect, increasing
the mediating effect of task performance (Goodman
et al., 2011, 2004). Specific feedback can also have
positive or negative valence, and the valence of spe-
cific feedback may have motivational effects that also
improve task performance (Finkelstein & Fishbach,
2012; Förster et al., 2001).

We used an online video game to replicate pre-
vious research showing that usage and task perfor-
mance influence preferences for hedonic interfaces
(Murray & Bellman, 2011). For hedonic activities,
task performance is not measured by shorter task
completion times, but by productivity per unit of
time. Games are useful examples of hedonic activ-
ities, as their productivity per unit of time can be
easily measured by score per second. For other
hedonic IS, such as movie websites (Van Der
Heijden, 2004), productivity per unit of time may
be more difficult to measure. Alternatively, if the
task performance of a hedonic IS cannot be directly
measured, it could be inferred by observing task
preferences over time (Luo et al., 2013). The effect
of feedback manipulations on these preferences
could be explained by their effects on perceived
ease-of-use and actual ease-of-use (task perfor-
mance) (Murray & Häubl, 2007, 2011). Finally,
although feedback effects on enjoyment may not
influence utilitarian interface preference (Johnson
et al., 2003; Murray & Häubl, 2007), normative feed-
back and overly specific feedback (Goodman et al.,
2011, 2004) should still distract from learning, nega-
tively moderating the mediating role of task
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performance between utilitarian interface usage and
preference. We hope that this research provides a
starting point for discussion and future research
related to the effects of feedback on IS adoption.

5.3. Practical implications

Our results show how feedback can influence user pre-
ference for IS interfaces. These results are based on tests
using hedonic IS interfaces, specifically online video
games and, therefore, should be of interest to managers
in the $100B video games industry (Takahashi, 2014).
However, future research is likely to confirm that the
distracting effects of normative feedback (Kluger &
DeNisi, 1996), and feedback that is too specific
(Goodman et al., 2011, 2004; Rogers, 2017), also apply
to utilitarian IS interface preferences. Thus, our results
have the potential to apply to the IS industry generally.
IS interfaces compete to cognitively lock-in their
incumbent users and unlock the users of other inter-
faces (Murray & Häubl, 2011). Previous research has
shown that cognitive lock-in can be overridden by
psychological responses, such as to the denial of free-
dom of choice (Murray & Häubl, 2011). Denying free-
dom of choice among IS interfaces is difficult when
users can bring their own devices to work. This research
investigated the potential for a different strategy: the use
of computerised feedback.

These results suggest how feedback can be used to
influence user preference for incumbent or competing
interfaces. Normative feedback distracts from learning
the skills needed to improve task performance when
using a new interface. An incumbent can use normative
feedback to distract users from noticing the task perfor-
mance advantage of a new competitor. Positive feedback
is additionally helpful for hedonic interfaces, which are
used for enjoyment as well as productivity. Hedonic
interfaces that offer positive feedback will create a more
pleasant experience that encourages users to stay loyal
even when a task can be performed better using other
interfaces.

Our research used positive and negative feedback to
generate psychological responses to hedonic interfaces,
but we note that our research was based on prior work
that manipulated psychological responses to utilitarian
interfaces (Murray & Häubl, 2011). Together, the
results of our study, in combination with prior
research, suggest that managers can use feedback to
elicit psychological responses to workplace IS systems.
Additional research is required to confirm and repli-
cate our work, but these results suggest that psycholo-
gical responses, generated by feedback, could be used
to discourage the use of undesirable hedonic interfaces
– such as social media (Turel, 2014) – and encourage
the use of new utilitarian interfaces. Since task perfor-
mance has its strongest influence on interface

preference when no feedback is provided, managers
may be able to gradually phase out the use of feedback,
to cognitively lock-in users to a new system.
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Appendix 1. Self-report measures

Prior experience (3 items)
To what extent are you someone who. . ..?
Hates video games 1 2 3 4 5 6 7 Loves video games
Never plays video games 1 2 3 4 5 6 7 Plays video games

daily
How experienced are you at playing video games like the

one that you just played?
1 = “no experience at all (I have never played games like

this before)”;
2 = “very little experience (I’ve played games like this at

least once before)”;
3 = “some experience (I’ve played games like this several

times)”;
4 = “a moderate amount of experience (I play games like

this about as much as the average person)”;
5 = “more experience than most people (I play games

like this at least once a month)”;
6 = “very experienced (I play games like this at least once

a week)”;
7 = “a very great amount of experience (I play games like

this at least once a day)”

Appendix 2. Smart PLS results

Dependent variable

Independent variables
Task

performancea
Interface

preferenceb

Interface usagec (U) 0.14*** 0.18*
Prior experience
(E [mean centred])

– 0.08

Positive feedback (POSITIVE) – 0.07
Neutral feedback (NEUTRAL) – 0.06
Negative feedback
(NEGATIVE)

– 0.11

U × POSITIVE – −0.17d

U × NEUTRAL – −0.01
U × NEGATIVE – −0.11
Task Performance – 0.15**
R2 .02 .04

Note. Results based on 1000 bootstrap samples. SRMR = 0.03.
aMeasured by relative score per second (SPS for competitor minus SPS for
incumbent). Zero RSPS means the person is indifferent between the
competitor and the incumbent IS interfaces. Positive RSPS means that
the competitor IS interface is more efficient to use than the incumbent
IS interface.

bCoded 0 = chose incumbent interface, 1 = chose competitor interface.
cCoded 0 = 1 competitor interface trial, 1 = 3 competitor interface trials.
dp = .06, *p < .05, **p < .01, ***p < .001.
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