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ARTICLE INFO ABSTRACT

In two studies, participants performed a switching task, and we provided to only half of them feedback on goal
progress (how much of the task still remains). Importantly, this feedback did not inform participants on how well
they performed. We found that participants in the feedback condition achieved a higher asymptotic level of
performance, reported less fatigue and took shorter breaks between blocks compared to the control condition.
These results suggest that asymptotic level of performance reflects not only ability (as is commonly assumed in
the literature) but also motivation. We suggest that when people know when a focal task would end, they invest
more effort in it because foregoing other activities becomes less costly (i.e., opportunity cost of engaging in the
focal activity decreases) and because knowing when a task would end frees the actor from the need to conserve
effort. These results suggest a simple, effective and costless way to improve cognitive performance that may be
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applied in educational and organizational settings.

1. Introduction

How does a deadline or a salient end-point affect performance? For
example, do people study more and better when they have a deadline
for their studies (e.g., an exam, a submission deadline) compared to a
situation in which no deadline is introduced? Do people diet more in-
tensively and efficiently when they envision a concrete situation in
which they would like to look slim (e.g., a wedding party or a summer
vacation)? Extant literature suggests an affirmative answer to these
questions. For example, when the National Science Foundation (NSF)
eliminated submission deadlines and began accepting proposals on a
“rolling” basis in four programs, submission rate declined by 59%
(Hand, 2016; see also Frederick, Loewenstein, & O'donoghue, 2002, p.
368). What explains these effects, however, is less clear.

1.1. Why motivation increases close to a salient end point
One prominent explanation for why overall motivation increases
when a salient end point is introduced comes from research on goal

gradients, a phenomenon that refers to the tendency of actors to in-
crease effort closer to the end (Bonezzi, Brendl, & De Angelis, 2011;
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Emanuel, 2019; Lewin, 1951; see Brown, 1948; Hull, 1932, 1934 for
goal gradients in animal behavior). Goal gradients are demonstrated by
runners who run faster closer to the finish line (Tucker, Lambert, &
Noakes, 2006), by consumers who buy more coffee closer to finishing a
stamp-card and earning a free coffee, and by internet users who rate
more songs on a web-page when closer to earning a reward for rating a
designated number of songs (Kivetz, Urminsky, & Zheng, 2006). The
finish line, the free coffee, and the reward all serve as salient reference
points that signal the end of the task. Obviously, in situations in which
one does not know when the task would end, motivation would not
increase towards the end and would thus remain relatively low.

To explain goal gradients, researchers have suggested that the
(perceived) impact of one's actions increases closer to a goal. As less of
the task remains to be done, each unit of effort is perceived as more
effective in that it closes a larger proportion of the gap to the goal
(Cryder, Loewenstein, & Seltman, 2013; Kivetz et al., 2006; Koo &
Fishbach, 2012). For example, the first out of ten chapters a student has
to read for an exam closes 1/10 of the gap to the goal of completing
reading, whereas the 9th chapter closes half of the gap to the goal,
making the effort invested in reading the 9th chapter seem more im-
pactful than the effort invested in reading the first chapter.’

E-mail addresses: katzirma@tauex.tau.ac.il (M. Katzir), aviv.emanuel@gmail.com (A. Emanuel), niralib@tauex.tau.ac.il (N. Liberman).

! By that same logic, effort should increase closer to any reference point that is used to evaluate progress. For example, if the starting point is used to evaluate
progress, then closer to the starting point action impact would seem higher than later on (e.g., the progress from one to two chapters is a 50% increase, whereas the
progress from four to five chapters is only a 25% increase). Indeed, changes in perceived impact of one's actions may give rise to the “stuck in the middle” effect,
whereby effort is high in the beginning and towards the end of a task and is lower in its middle. This presumably happens because people initially use the starting
point as a reference, and then shift to using the end point (Bonezzi et al., 2011; Koo & Fishbach, 2012).
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Increase in action impact when approaching a goal may also be
explained by the idea that goals serve as reference points on a value
function, together with the principle that sensitivity to value increases
near any reference point (Kahneman & Tversky, 1979; see also Higgins
& Liberman, 2018). Specifically, Heath, Larrick, and Wu (1999) sug-
gested that failing to reach a goal has negative value. They argued,
based on Prospect Theory's value function (Kahneman & Tversky,
1979), that closer to a goal, one gets more sensitive to any given in-
crement of goal progress because it eliminates more negative value.
This, in turn, makes people invest more effort when approaching a goal.

We recently suggested that in addition to increasing action impact,
approaching the end of a task might also reduce opportunity cost
(Emanuel, Katzir, & Liberman, under review). Specifically, closer to the
end of a task the motivation to pursue alternative actions reduces
simply because they are being put off for a shorter period of time. For
example, cleaning one's house can wait a little, but cannot be put off for
a long time, and therefore it can be postponed until after finishing
reading a book if the book has only one page left, but not if it has 500
pages left. In this view, when a grant's submission deadline approaches
the motivation to write it increases in part because the motivation to
pursue alternative activities decreases. This logic might also apply to
“micro-level” alternative activities. For example, adjusting one's chair
or going to the bathroom can be postponed in favor of playing a video
game if the game has only 1 min left but less so if it has 10 min left. The
finding that mind wandering decreased closer to a deadline (Seli et al.,
2018) is consistent with this idea.

Recent influential theories of motivation (Inzlicht, Schmeichel, &
Macrae, 2014; Kool & Botvinick, 2014; Kurzban, Duckworth, Kable, &
Myers, 2013; Shenhav et al., 2017) discuss the cost associated with
forgoing alternative activities as an important determinant of motiva-
tion. In line with classic economic theory, they use the term “oppor-
tunity cost” and suggest that motivation increases when opportunity
cost decreases. According to the analysis we present here, closer to a
goal opportunity cost decreases, giving rise to increased motivation.
Thus, although “opportunity cost” theories of motivation did not ad-
dress goal gradients, we propose to extend them to account for this
important motivational phenomenon.?

1.2. How a salient end-point affects learning

Despite the large body of research reviewed above, to the best of our
knowledge, the basic question of how introducing a clear end point
influences learning has never been empirically examined. Typically,
complex cognitive performance improves with learning until it reaches
an asymptote. Two parameters characterize such learning: the level of
the asymptote and the speed of reaching it (Ackerman, 1987; Crossman,
1959; Ebbinghaus, 1913; Newell & Rosenbloom, 1981; Snoddy, 1926;
William & Harter, 1899). The level of the asymptote is typically taken to
reflect ability, and the speed to reaching it is typically referred to as
learning rate.

One goal of this research is to examine how the increase in effort
materializes in performance in a task that requires cognitive resources.
Importantly, we sought to examine how goal gradients of effort influ-
ence performance in complex cognitive tasks that are characterized by
an asymptotic performance (i.e., a learning curve). Consistent with the
findings on goal gradients, we predicted that introducing a salient end
point would cause performers to increase effort towards the end of a
task. But what effect would that have on the learning curve of a com-
plex cognitive task? Logically, a goal gradient of effort could cause ei-
ther a higher asymptote or, even if the same overall asymptotic level is

2 These theories predict that motivation would tend to decline in the course of
a task simply because the reward associated with performing it would tend to
diminish. So far, these theories have not addressed goal gradients, and have not
examined the idea that opportunity cost decreases closer to a salient end point.
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reached, it could be reached faster.” We thus predicted that introducing
a salient end point would cause one of these patterns. Importantly, both
patterns would be theoretically informative. A higher asymptote with a
salient end-point (compared to a similar task with no salient end-point)
would cast doubt on the notion that the asymptotic level of perfor-
mance represents ability, and would suggest, instead, that it also re-
flects motivation. Influential and central theories in psychology look at
performance in complex cognitive tasks as reflecting ability (i.e., a
stable characteristic of the individual Friedman et al., 2008; Miyake &
Friedman, 2012). Such a result would pose a challenge to the as-
sumption on which these theories rest. A faster-reached same-level
asymptote with a salient end-point (compared to a similar task with no
salient end-point) would suggest that learning rate reflects motivation.

Another goal is to examine how a salient end-point affects the
subjective experience of effort (which we term fatigue). If fatigue re-
flects effort invested up to the point of measurement, then a salient end-
point should not influence it. If, however, fatigue reflects opportunity
cost (as suggested by Kurzban et al., 2013) and if opportunity cost tends
to decrease closer to an end-point, as we suggest here, then fatigue can
decrease closer to a salient end-point.

1.3. Overview of the current paradigm

Participants performed a complex cognitive task, in which they had
to switch between four tasks. Two of these tasks were Stroop tasks (i.e.,
naming colors, reading words), and two were spatial tasks (indicating
horizontal direction of arrows, and indicating vertical direction of ar-
Trows).

One group of participants was informed on the number of blocks
they completed out of the total number of blocks (i.e., progress feed-
back) while the other group was not. Thus, Feedback was a between-
group condition. To assure that the task is long enough for participants
to reach an asymptotic level of performance, the task contained 10
(Experiment 1) or 12 (Experiment 2) long blocks; each block consisted
of 240 trials and participants could take a break only after a block was
completed.

Importantly, in our experiments, information on progress did not
contain feedback on whether one performed the task well or poorly.
Participants' goal was to perform within the upper 25% in order to win
a monetary reward. How many blocks one performed out of the total
required number of blocks does not provide information relevant to
quality of performance.

We focused on the rate correct score (RCS; Woltz & Was, 2006), an
efficiency index that is calculated as number of correct responses per
unit of time (see Results and discussion section of Experiment 1). We
examined whether information on progress would cause this index to
reach a higher asymptote or to reach a same-level asymptote faster (or
both).

Fatigue was measured using self-report items that asked participants
to indicate how tired, bored, alert, and energetic they felt in three
points during the experiment (following the 3rd, 6th and 9th blocks in
Experiment 1, and following the 1st, 6th, and 11th blocks in Experiment
2).

31t is possible, in principle, that a salient end point would give rise to a
pattern of performance that is not characterized by an asymptote. However, the
prevalence of asymptotic performance in complex cognitive tasks makes this
prediction very unlikely. Because asymptotes emerged also in all the experi-
mental conditions of both of our studies, we discuss theories that predict non-
asymptotic performance only in the General discussion.
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2. Experiment 1
2.1. Methods

2.1.1. Participants

Sixty-four undergraduate students from Tel-Aviv University (51 fe-
males, Mage = 23.17, SDage = 1.62) took part in the experiment in re-
turn for course credit. The participants reported having normal or
corrected-to-normal vision.

2.1.2. Design

Feedback on progress was a between-participants variable (i.e., one
group received feedback on progress whereas the other group did not),
and Block was a within-participants variable.

2.1.3. Stimuli and procedure

The Experiment was approved by the Tel Aviv University ethics
committee. Participant treatment was in accordance with the Tel Aviv
University and APA ethical standards and all participants signed in-
formed consent.

2.1.3.1. Experimental task. The software was programmed in E-Prime
2.0 (Schneider, Eschman, & Zuccolotto, 2002). We used a switching
task (adapted from Hiibner, Dreisbach, Haider, & Kluwe, 2003). Prior
experiments using this task indicated that participants reached
asymptotic performance level after ~1100 trials (Katzir, Ori, &
Meiran, unpublished manuscript).

In our paradigm, there were four tasks (two Stroop tasks and two
spatial orientation tasks). On each trial, out of the four tasks, two tasks
were selected such that one was the relevant task, whereas the other
was irrelevant. Thus, on each trial, both the relevant task and the ir-
relevant task could be from the same domain (e.g., both Stroop tasks) or
from different domains (e.g., one Stroop and one spatial), thus creating
different levels of interference. Specifically, the stimuli consisted of
three objects presented inside a white frame on a black background,
subtending a visual angle of approximately 1.9 (width) x 2.86 (height)
degrees. The relevant object was presented in the middle of the white
square, and the distracting object was presented twice — above and
below it. The relevant object varied depending on the task. In the
spatial orientation tasks (Task I - horizontal direction: indicating
whether an arrow is pointing right or left; Task II — vertical direction:
indicating whether an arrow is pointing up or down), the objects were a
row of five arrow heads (e.g., >>>>>), all directing either up,
down, left, right, or in a 45° angle between these locations — a total of 8
directions. In the Stroop tasks (Task III — word reading: reading words
indicating colors; Task IV — color naming: naming the color of an ob-
ject), the objects were either color-words or colored rectangles. The
distracters could be either from the same domain (e.g., a row of arrows
when a row of arrows is the relevant stimulus, or a colored rectangle
when the relevant stimulus was a color-word), or from a different do-
main (e.g., a color word when the relevant stimulus is a row of arrows).
Because for each task there was only one other task from the same

Relevant and distracter
from the same domain:
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Fig. 1. Illustration of trials with distractors from a dif-
ferent domain (left) and the same domain (right). The
stimulus in the middle of a white frame is the relevant
stimulus, and the two stimuli above and below it are the
distracters. The task cue for the horizontal task — an arrow
pointing right next to an arrow pointing left — is presented

Distracter on the left and right of the white frame.

domain and two tasks from a different domain, on average, the pro-
portion of different-domain trials was 0.67, and the proportion of same-
domain trials was 0.33. The arrow distracters always pointed in a clear
direction (i.e., up, down, right or left). Responses to all tasks were
mapped to the same two keys, (see below). In this set-up, trials could be
either congruent (i.e., the relevant stimulus elicits the same response as
the distracting stimuli) or incongruent (i.e., the relevant stimulus elicits
a different response than the distracting stimuli). The proportion of
congruent and incongruent trials was 0.5 on average. Although there
were four tasks, on each trial the stimuli were associated only with two
of those tasks. Moreover, the distracting stimuli could be either from
the same domain as the relevant stimulus (e.g., both the relevant sti-
mulus and the distracting stimuli were arrows) — same domain trials; or
from a different domain (e.g., the relevant stimulus was an arrow but
the distracters were colored rectangles) — different domain trials (see
Fig. 1).

Distracters form the same domain pose more interference than
distracters from a different domain. To further increase task difficulty in
same-domain trials, the relevant or the distracting stimuli were ambig-
uous. Specifically, in the arrow task, the relevant arrows were pointing
to an ambiguous direction (a 45° angle between two locations), whereas
the distracters pointed to a clear direction (see Fig. 1). In such trials,
participants had to rely on the task cue to give their answer. When the
relevant and the distracting stimulus were both Stroop stimuli, the
colored words were painted in the rectangle's color. To increase task
difficulty even more, in same-domain trials the distracting stimuli were
presented spatially closer to the relevant stimulus. Different-domain
trials were easier not only because relevant and distracting stimuli were
from a different domain, but also because the words appeared in white,
and the arrows pointed to a clear direction.

The task cues were task-related icons (arrows pointing either left
and right, or up and down for the spatial tasks, and the Hebrew words
for “word” and “color” for the Stroop tasks) which were presented in
both sides of the white frame. We asked participants to classify the
stimuli according to the task cue. In the arrow tasks, they classified the
stimuli either according to their horizontal direction (i.e., whether they
are pointing right or left), or according to their vertical direction (i.e.,
whether they are pointing up or down). In the Stroop classification
tasks, they classified the stimuli either according to their color (red,
yellow) or according to the color word (“red”, “yellow”). Task and
stimuli selection was random with no replacement.

The experiment began with verbal explanation and illustration of
the tasks and the stimuli. Afterwards the participants executed one
practice block of 64 trials and then additional 10 experimental blocks of
240 trials, rendering a total of 2400 trials for each participant, ex-
cluding the practice block.

A trial started with a response-cue interval of 500 ms in which a
black screen was presented. This was followed by the task-cue pre-
sentation in both sides of the empty frame for 500 ms. Then the relevant
stimulus and the two distracting stimuli were added to the display,
which was kept on the screen until the response was given (Fig. 2A). A
beep sound of 400 Hz was heard after the response if an error was
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The response key arrangement was counterbalanced between the
participants. Half of the participants used the upper left (7) and lower
right (3) keys on the keypad to indicate up/left or down/right, re-
spectively (Fig. 2B), while the other half used upper right (9) and lower
left (1) keys to indicate up/right or down/left, respectively (Fig. 2C).
The assignment of object colors (i.e., red and yellow) to response keys
was counterbalanced as well, yielding a total of 4 counterbalancing
combinations. The keypad was aligned with the center of the screen and
the participants were instructed to respond with their two index fingers.

Participants were asked to respond fast while making as few errors
as possible. To assure commitment to this goal in both the feedback and
the no-feedback condition, we presented a monetary incentive.
Specifically, in the beginning of the experiment all participants were
informed that those who perform at the top 25% would receive a bonus
of 20 Shekels (~5$)." Before the practice block started, participants
were asked to be as fast and as accurate as they could. They were told
that the practice bock was not count towards the bonus, and they were
encouraged to learn the task and improve their performance. After the
practice block, all participants received a reminder of response map-
pings, and were asked to be as fast and as accurate as they can. After
that, we did not make any other references to being fast and accurate.

2.1.3.2. Fatigue. After the third, sixth, and ninth blocks, participants
indicated how tired, bored, alert, and energetic they felt, on 7-point
scales. The questions were presented in a random order. These four
questions were averaged to create the Fatigue score (“alert” and
“energetic” reverse scored, Chronbach's a =.78), such that a high
score indicated more fatigue. Following the experiment, participants
completed the Dispositional self-control scale (Ein-Gar & Sagiv, 2014).°

“We acknowledge that the monetary incentive was not very high, but studies
show that rewarding the upper 25% of participants induces an achievement
motivation to do well regardless of the size of the monetary reward that is
associated with reaching that level of performance (Azmat & Iriberri, 2009;
Erez, 1977; Festinger, 1954).

SBecause participant's dispositional self-control did not influence perfor-
mance, we do not report the analyses of these data, but provide these data on
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Fig. 2. Illustration of a trial sequence (top) and response
(bottom). (A) Illustration of an incongruent trial in the color
naming task. The trial started with a fixation (i.e., an empty
white frame) for 500 ms, which was followed by the pre-
sentation of the task cue in both its sides for 500 ms. Then,
the relevant stimulus (i.e., a red rectangle) and the dis-
tracting stimuli (i.e., the word yellow written in red) were
added to the display and remained until a response was
given. The time elapsed between the presentation of the
stimuli and the response served as the response time (RT).
There were two counterbalanced response mapping condi-
tions for the spatial tasks (B & C). (B) Participants respond
with key 7 to up and left, and with key 3 to down and right.
(C) Participants respond with key 1 to down and left, and
with key 9 to up and right. The figure presents only one
possible mapping of the Stroop task (i.e., Yellow is mapped
to the left and red is mapped to the right). In two additional
mapping conditions, red was mapped to the left key and
yellow was mapped to the right key, resulting in a total of 4
mapping conditions. (For interpretation of the references to
color in this figure legend, the reader is referred to the web
version of this article.)

The Experiment took ~1h and 30 min.

2.1.3.3. Feedback manipulation. In the Feedback condition, participants
were informed before the practice block that the experiment was
composed out of blocks, and that they were to receive two types of
feedback. Fig. 3 illustrates the two types of feedback participants in the
Feedback condition received — green marker (within-block feedback)
and stars (between-blocks feedback). The green marker indicated
progress within a block, and stars indicated progress in the
experiment (i.e., the number of blocks that were performed). After
the practice block, participants in the Feedback condition were
reminded of the two forms of feedback. In each experimental block,
after every 30 trials, participants in the Feedback condition received
feedback on their progress within the block (Fig. 3A). This feedback was
presented for 3 s. Participants in the No-feedback condition saw instead
a notification saying “the experiment will proceed soon” for 3s.
Immediately after the last within-block feedback, participants in the
Feedback condition received the between blocks feedback (i.e., a row of
stars, with the first star filled with a yellow color, Fig. 3B) which was
presented for 3s. Participants in the No-feedback condition received
instead a notification that the experiment will proceed soon. Then, all
participants were asked to write on a piece of paper next to them a
combination of a letter and a number that were presented on the screen,
and to press the space bar when they wish to proceed. The writing task
forced participants to disengage from the computer, at least for a short
while, and take a break that was not limited in time. We recorded those
break times and used them as a measure for motivation (i.e., shorter
breaks indicate higher motivation to re-engage in the task).

It is important to emphasize that the feedback did not refer to
participants' performance, but rather to their progress on the task (i.e.,
how much they have completed). Participants in the two conditions did
not receive feedback concerning their performance.

As Fig. 3 illustrates, two types of reference points were introduced
to the feedback condition: one signaled the end of the experiment
(Fig. 3B), and one signaled the end of a Block (Fig. 3A). Although our

(footnote continued)
Supplementary Online Material (SOM, Appendix A) for interested readers.
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Fig. 3. Illustration of feedbacks given to the feedback con-
dition. Within-block feedback (A) and between-block feed-
back (B) were presented after each Segment (A) or Block (B)
in a chronological order from top to bottom. (For inter-
pretation of the references to color in this figure, the reader
is referred to the web version of this article.)

Between Block Feedback :
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main hypothesis concerned the effect of providing information on dis-
tance from the end of the experiment, we also examined whether
feedback on any reference point (i.e., a reference point that does not
signal the end of the experiment, but rather the end of a Block) would
influence performance. Because this latter analysis only yielded a weak,
unpredicted effect in Experiment 1 that did not replicate in Experiment
2, we do not report it in the main text but provide it in the SOM (Ap-
pendix B).

2.2. Results and discussion

2.2.1. Data preparation

There were no participants who were extremely slow (i.e., >2.5 SDs
from mean RT of correct responses), however, two participants who
made too many errors (i.e., <2.5 SDs from mean proportion of errors -
PE) were excluded from all analyses. Both participants were excluded
from the Feedback condition. After exclusions, there were 31 partici-
pants in each condition. Data preparation was conducted in R using the
tydiverse package (Wickham, 2017).

2.2.2. Efficiency score

We were interested in a score that would reflect participants' effi-
ciency, namely, both response times (RT) and accuracy, without giving
an advantage for one over the other. To do that, we calculated the rate
correct score (RCS; Woltz & Was, 2006) as an indicator for efficiency
score, by summing the number of correct responses and dividing it by
the sum of RTs (all RTs, including those with errors). Because response
time was measured in milliseconds, we multiplied the Efficiency score
by 1000, so that it would reflect the number of correct responses per
second. This measure therefore represents an index that adjusts speed
according to errors (Woltz & Was, 2006). Because we expected both RTs
and PEs to be influenced by the Feedback manipulation, we thought
that the RCS would be most appropriate (Vandierendonck, 2017). Ap-
pendix C in the SOM shows an analysis for RTs and PE separately. Both
were influenced by our manipulation.

Our main hypothesis concerned how feedback on progress influ-
ences performance. Therefore, our main analysis focused on perfor-
mance in each block. Because task and stimuli selection were fully
randomized, there was unequal number of trials in different combina-
tions of variables that are known to influence RT and PE. Under- or
overrepresentation of trials of a given type may bias efficiency score in

2.2.2.2.8.0.0.0 8.8

a given block (e.g., if one block had more difficult, slow trials, such as
color naming, the average of this block would be slower compared to a
block that had more easy, fast trials, such as judging horizontal di-
mension). To avoid these biases, we grouped together trials based on
Task (word; color; vertical; horizontal) and Congruency and Dimension
(congruent — same dimension; congruent — different dimension; in-
congruent — same dimension; incongruent — different dimension).
Efficiency score was calculated separately for each trial group in each
block and then averaged across the 16 groups (with equal weights for
each group) (see Katzir, Ori, Hsieh, & Meiran, 2015; Katzir, Ori, &
Meiran, 2018, for a similar procedure).

In all multilevel analyses (preformed using the nlme R package,
Pinheiro, Bates, DebRoy, & Sarkar, 2018) reported in this paper we used
a model comparison approach, as recommended by Bliese (Bliese, 2016;
Bliese & Ployhart, 2002). In all analyses the Block variable was cen-
tered, no-feedback was coded —1, and feedback was coded 1. We first
created the baseline model (Level 1), which established the existence of
linear and quadratic trends of Block, as well as the exact error structure
of the random effects (i.e., whether the linear and quadratic trends of
Block should be entered as random effects nested within participants,
and whether autocorrelations should be modeled as well). Level 1
analysis was followed by modeling intercept and slope variation of the
feedback variable (Level 2). For brevity, we report in SOM (Appendix
D) Level 1 analyses. Here we report only the Level 2 analysis which
takes into account the variance associated with feedback and its in-
teraction with the linear and the quadratic trends.

2.2.3. Between-block analysis

To examine our main hypothesis that performance would be better
in the feedback condition, we examined performance as a function of
block number and feedback condition. We used the efficiency score as
the dependent variable and applied a multilevel analysis, with Block as
within-participants fixed variable (linear and quadratic trends), and
Feedback as between-participants fixed variable. The linear and quad-
ratic trends of Block were entered to the model as random effects nested
within participants.

Although a clear learning curve emerged in the data as indicated by
the linear and quadratic trends of Block in the baseline model, a model
that included Feedback only as a main effect was no better than the
baseline model, y%, < 1. However, the data fitted a model that in-
cluded the Feedback main effect and the interactions between Feedback
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Fig. 4. Efficiency as a function of Block and Feedback. Error bars represent
Standard errors.

and the linear and quadratic trends better than the baseline model,
AIC = —858.30, LogLik = 443.15, y%, = 19.34, p < .001. In the best
fitted model there was no main effect for Feedback, b = 0.01,
SE = 0.03, t(60) = 0.20, p = .843, but there were interactions of
Feedback with both the linear trend, b= 0.66, SE = 0.20, t
(554) = 3.35, p < .001, and the quadratic trend, b = 0.27, SE = 0.12, t
(554) = 2.24, p = .026. This suggested that participants in the feedback
condition reached a higher asymptotic level of performance compared
to participants in the no-feedback condition, and also exhibited a higher
rate of learning (see Fig. 4°). Participants in the No-Feedback condition
showed a decline in efficiency towards the end of the task, but this
result did not replicate in the next study (despite the fact that it in-
volved an even longer task) and hence we do not discuss it further.
Finally, a t-test for independent groups indicated a trend showing
that at the end of the experiment participants in the feedback condition
performed the task better than participants in the no-feedback condi-
tion (i.e., the last block), t(60) = —1.98, p = .052, Cohen's d = —0.50.

2.2.3.1. Does feedback improve overall performance, or does it improve
performance only in easy or in difficult trials?. An increase in motivation
closer to a salient end-point could manifest itself in performance
improvement in easy trials, in difficult trials, or both. In the task used
there are congruent trials, which are easier than incongruent trials (i.e.,
congruency effect, e.g., Meiran & Kessler, 2008; Sudevan & Taylor,
1987). There are also repeat trials which are easier than switch trials
(i.e., switch cost effect, e.g., Jersild, 1927 for review see Meiran, 2010).
To examine the effect of trial difficulty, we ran two additional
multilevel analysis. The first examined the congruency effect by
entering congruent vs. incongruent trials to the analysis. The second
examined the switch cost effect by entering repeat vs. switch trials to
the analysis.

Although reliable congruency and switch-cost effects emerged, they
did not differ depending on feedback and block, suggesting that feed-
back on task progress improved overall performance and not perfor-
mance only on easy or only on difficult trials. These analyses are re-
ported in the SOM (Appendix E). We also report there an analysis in
which we examined a cognitive control index that manifests as a re-
duced congruency effect following incongruent compared to congruent
trials (Gratton, Coles, & Donchin, 1992). This effect, known as conflict
adaptation, or the Gratton effect, is an index for reactive cognitive
control, because a reduction in the congruency effect immediately fol-
lowing incongruent trials indicates recruitment of cognitive control
mechanisms following incongruent, difficult trials relative to

% 1In all results figures the graph was created using ggplot2 (Wickham, 2016)
in R (R Core Team, 2019). Error bars were calculated using the summarySE
function in the Rmisc package in R (Hope, 2013), and represent Standard er-
rors.
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congruent, easy trials (Botvinick, Braver, Barch, Carter, & Cohen, 2001;
Gratton et al., 1992). This effect, too, did not interact with Feedback
and Block, suggesting that proximity to an end-point did not improve
reactive cognitive control.

2.2.4. Fatigue

In a repeated measures ANOVA using STATISTICA software, with
Time (beginning, middle, end) as a within-participants variable and
Feedback (Feedback, No-Feedback) as a between participants variable
yielded only a main effect for Time, F(2,120) = 51.05, p < .001,
n¢ = .50. The linear trend suggested that participants felt more fatigue
over time, F(1,120) = 74.38, p < .001, '1;27 = .55. There was no main
effect for Feedback, or an interaction between Feedback and time,
Fs < 1, suggesting no reliable effect of feedback on self-reported fatigue
(Fig. 5).

2.2.5. Time spent on break

In a multilevel analysis, with Block as within-participants fixed
variable, Feedback as between-participants fixed variable, and the
linear and quadratic trends of Block as random effects nested within
participants, we examined whether feedback reduces the length of
breaks taken between blocks. We excluded long break times from the
analysis (< 3SD).

A model that included Feedback only as a main effect was better
than the baseline model, which included only the quadratic trend of
Block, AIC = 4956.84, Loglik = —2467.42, y%,=7.15, p = .008.
However, the data fitted a model that included the Feedback main ef-
fect and the interactions between Feedback and the linear and quad-
ratic trends better than the baseline model, AIC = 4940.04,
Loglik = —2457.02, x%) = 6.23, p = .044. In the best fitted model
there was a significant main effect for Feedback, b = —3.34, SE = 1.16,
t(60) = —2.85, p =.006, indicating that participants in the No-
Feedback condition (M = 23.43, CI [21.49, 25.37]) took longer breaks
than participants in the Feedback condition (M = 16.68, CI [15.10,
18.26]). A significant interaction between Feedback and the linear
trend, b = —37.76, SE = 15.19, t(547) = —2.49, p = .013, suggested
that participants in the feedback condition took shorter breaks than
those in the no-feedback condition towards the end of the experiment
(Fig. 6). These results may suggest that knowing that the end is near
enhances motivation.

3. Experiment 2

Experiment 1 found that providing feedback on one's progress on a
task improved performance towards the end of a task. Feedback on task
progress also reduced the time spent on breaks towards the end of the
task, presumably because knowing that the end is near enhances mo-
tivation for task engagement.

Experiment 2 sought to replicate Experiment 1 with a longer task
(12 blocks instead of 10 blocks). By making the task even longer we
intended to examine whether the deterioration in performance in Block
10 of the no-feedback condition in Experiment 1 was a reliable start of a
declining trend or a fluctuation in the data. In addition, we thought that
making the task longer would give more chance for fatigue to increase
over time, and more chance for feedback to counteract this increase.

3.1. Methods

3.1.1. Participants

We aimed to run a total of 100 participants but had to terminate
data collection at the end of the semester. Eighty-three undergraduate
students from Tel-Aviv University (62 females, Mg = 23.46,
SD,ge = 4.79) took part in the experiment, in return for course credit.
Participants reported having normal or corrected-to-normal vision.
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3.1.2. Stimuli and procedure

Experiment 2 was identical to Experiment 1, except that instead of
10 blocks participants completed 12 blocks (they were recruited for a
1h and 45 min experiment), and they answered the questions about
affect that were used to create the Fatigue score (Chronbach's a = .83)
after the first, sixth, and eleventh blocks. The Experiment was approved
by the Tel Aviv University ethics committee. Participant treatment was
in accordance with the Tel Aviv University and APA ethical standards
and all participants signed informed consent.

3.2. Results and discussion

3.2.1. Data preparation

Data preparation was identical to Experiment 1. Three participants
were extremely slow (i.e., >2.5 SDs from mean RT, two in the No-
feedback condition, and one in the Feedback condition), and three
participants made too many errors (i.e., <2.5 SDs from mean PE, one
participant in the No-feedback condition, and two participants in the
Feedback condition), and were excluded from all analyses. Following
exclusions there were 41 participants in the Feedback condition, and 36
participants in the No-feedback condition.

3.2.2. Efficiency score
Efficiency score was calculated as in Experiment 1.

3.2.3. Between-block analysis

We estimated the same model as the best fitted model from
Experiment 1, with Block as within-participants fixed variable,
Feedback (and its interactions with the linear and quadratic effects of
Block) as between-participants fixed variable, and the linear and
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Fig. 7. Efficiency as a function of Block and Feedback. Error bars represent
Standard errors.

quadratic trends of Block as random effects nested within participants.
There was no main effect for Feedback, b = 0.04, SE = 0.028, t
(75) = 1.48, p = .144. The interaction between Feedback and the
quadratic trend was not significant, b= —0.05, SE =0.14, ¢t
(843) = —0.37, p = .714, but, replicating Experiment 1, its interaction
with the linear trend was significant, b = 0.64, SE =0.22, t
(843) = 2.90, p = .004, suggesting that participants in the feedback
condition reached a higher asymptotic level of performance compared
to those in the no-feedback condition (Fig. 7). This interpretation was
confirmed in a t-test indicating that, replicating Experiment 1, partici-
pants in the feedback condition reached a higher performance level
than those in the no-feedback condition at the end of the experiment
(i.e., the last block), {(75) = —2.19, p = .032, Cohen's d = —0.50.

3.2.3.1. Does feedback improve overall performance, or does it improve
performance only in easy or in difficult trials?. As in Experiment 1,
although reliable congruency and switch-cost effects emerged, they did
not differ depending on feedback and block, suggesting that feedback
on task progress improved overall performance and not performance
only on easy or only on difficult trials. The Gratton effect was not
reliable in this study, and did not interact with Feedback and Block,
suggesting that proximity to an end-point did not improve reactive
cognitive control. These analyses are reported in the SOM (Appendix E).

3.2.4. Fatigue

A repeated measures ANOVA with Time (beginning, middle, end) as
a within-participants variable and Feedback (Feedback, No-Feedback)
as a between-participants variable yielded a main effect for Time, F
(2,150) = 109.14, p < .001, nﬁ = .59, suggesting that fatigue increased
over time, F(1,150) = 154.67, p < .001, 57 = .67. A main effect for
Feedback, F(1,75) = 4.82, p = .031, ;13 = .06, indicated that partici-
pants in the No-Feedback condition (M = 4.87, CI [4.68, 5.05]) re-
ported feeling more fatigued than those in the Feedback condition
(M = 4.47, CI [4.29, 4.64]). A significant interaction between Feedback
and Time, F(2,150) = 3.88, p = .022, ;13 = .05, indicated that this was
the case only at the last measurement point, towards the end of the task
(M. feedback = 5.71, CI [5.35, 6.06], M-feeqpack = 4.951, CI [4.61,
5.29]), F(1,75) = 9.67, p = .003, ;73 = .11 (Fig. 8). This pattern of re-
sults is consistent with the possibility that Feedback served as a buffer
against fatigue.

3.2.5. Time spent on break

We estimated the same model as the best fitted model from
Experiment 1, with Block as within-participants fixed variable,
Feedback (and its interactions with the linear and quadratic effects of
Block) as between-participants fixed variable, and the linear and
quadratic trends of Block as random effects nested within participants.
This model yielded a main effect for Feedback, b = —5.60, SE = 1.16, t
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(75) = —3.12, p =.003, indicating that participants in the No-
Feedback condition (M = 35.54, CI [32.88, 38.21]) spent more time on
breaks than participants in the Feedback condition (M = 24.96, CI
[23.23, 26.70]). The interactions between Feedback and the linear
trend, b = 20.26, SE = 22.62, t(829) = 0.90, p = .371, and Feedback
and the quadratic trend, b = 26.94, SE = 24.59, t(829) = 1.10,
p = .274, were not significant, suggesting both participants in the
Feedback condition and those in the No-feedback condition showed an
increase in break time at the beginning of the experiment followed by a
decline in break time at the end of the experiment (Fig. 9).

4. General discussion

In two studies, we found that participants who received continuous
progress feedback (i.e., feedback indicating how much has been com-
pleted and how much more there is to complete) reached a higher
asymptotic level of performance in a novel, tedious, complex cognitive
task. Their levels of performance reflected better efficiency on both easy
(congruent, repeat) trials and difficult (incongruent, switch) trials, as
indicated by a single index that reflected how fast and accurate they
were. These results suggest that asymptotic level of performance re-
flects not only ability but also motivation, and that to understand
cognitive performance, we need to understand people's strategies of
effort allocation. We found that feedback on task progress also made
participants take shorter breaks (Experiments 1 and 2) and mitigated
the increase over time in fatigue (Experiment 2). These findings suggest
that a simple, costless manipulation has a notable positive effect on
both performance and affect. Interestingly, feedback on closeness to the
end of each block did not increase performance towards the end of that
block, which indicates that effort did not reliably increase closer to a
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reference point that did not indicate the task's end (see Cheema &
Bagchi, 2011, for similar findings with physical effort).

It is important to note that in our studies participants received
feedback on progress, rather than feedback on quality of performance.
Feedback on quality of performance gives people indication to how well
they are doing (e.g., “your performance is improving”, “your scores so
far are worse than those of your peers”). Classic research demonstrated
that actors increase effort when, in the course of goal pursuit, they
receive such feedback (Erez, 1977; for a review see Kluger & DeNisi,
1996). In our experiments, however, participants in the feedback con-
dition received information on how many blocks they completed and
how many blocks remained to be completed, which was uninformative
regarding their standing vis-a-vis their goal, which was to perform in
the upper 25% of all study participants.

The literature finds goal gradients (i.e., increasing effort towards the
end of a task) both in situations in which goal gradients do not enhance
performance, and in situations in which they do. For example, it has
been found that the rate at which consumers buy coffee increases closer
to finishing a stamp card and receiving a free coffee (Kivetz et al., 2006;
see also Koo & Fishbach, 2012 for similar examples) and also that
runners increase speed closer to a finish line (Tucker et al., 2006; see
also Amir & Ariely, 2008 for similar examples). In the latter case in-
creasing effort not only gets one closer to the finish line but also makes
one do better. Feedback on progress in the latter case often confounds
information on how well one does (e.g., information on distance to the
finish line, in combination with information about time gives one an
indication of how well one is doing). Our studies, in contrast, do not
have this confound. It is therefore noteworthy that our feedback on
progress, which did not provide any information about how well one is
doing, nevertheless enhanced performance.

A number of recent theories of motivation predict that both effort
and performance would deteriorate with prolonged task engagement
because the actor's motivation to do something else would increase. For
example, Kurzban et al. (2013) suggested that opportunity cost (i.e., the
cost associated with forgoing alternative activities) increases as one
works on a focal task, leading to a sense of fatigue and task disen-
gagement. In an extension and an empirical test of this model, it has
been demonstrated that opportunity cost is directly linked to feelings of
effort — higher opportunity cost enhances feelings of effort (Rom, Katzir,
Diel, & Hofmann, in press). In a related model, Inzlicht et al. (2014)
theorized more specifically that with time, the motivation to explore
the environment instead of engaging in any focal task increases. Kool
and Botvinick (2014) offered a related distinction, between tasks as-
sociated with leisure and tasks associated with labour and suggested
that people attempt to balance between these two types of activities. As
a result, as one continues working on a task, her/his motivation to
disengage from it in order to engage with an activity of the other type
tends to increase. Our findings that in the control, no-feedback condi-
tion fatigue and perceptions of task difficulty increased in the course of
engaging in the (rather long and tedious) experimental task are con-
sistent with these theories. In contrast to the predictions of these the-
ories, however, we did not find deterioration in performance over time.

Our finding that introducing a salient end point counteracted fa-
tigue and led to overall improved task performance might be inter-
preted within the aforementioned theories if we assume that perceived
opportunity cost (Kurzban et al., 2013), the need to explore (Inzlicht
et al., 2014), and/or the need to balance labour with leisure (Kool &
Botvinick, 2014) reduce closer to the end of a task if one knows that the
end draws near. This might be the case simply because when less of the
task remains, alternative activities — be they leisure, exploration, or
anything else — are being put off for a shorter time (Emanuel, Katzir, &
Liberman, under review). When only one block remains to finish the
focal task, then checking mail on the smartphone or stretching one's
legs is being put off for only a short while, and therefore is not as
painful (i.e., involves lower opportunity cost) as putting it off for an
unknown period of time (as is the case when the end of the task is
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unknown). This reasoning, together with our finding that in a pro-
longed task fatigue is reduced when the end of the task is known, is in
line with research showing that mental fatigue is reduced when op-
portunity cost is reduced (Rom et al., in press). In sum, we suggest here
an important principle that should be added to motivational models of
opportunity cost, namely, that when the end is known, then, as it ap-
proaches, opportunity cost from alternative activities would tend to
decrease, giving rise to increase in motivation to pursue a focal activity.

Importantly, our findings also suggest an answer to the question of
what the experience of fatigue reflects. In many traditional views, “ego
depletion” included, it was assumed that it reflects amount of effort
invested up to the point of the experience (Baumeister, Bratslavsky,
Muraven, & Tice, 1998; Baumeister, Vohs, & Tice, 2007). A quite dif-
ferent idea, as noted earlier, has been suggested more recently by
Kurzban et al. (2013) who argued that the experience of mental fatigue
reflects opportunity cost. According to that view, people feel mentally
fatigued to the extent that they feel that by pursuing the focal task they
have to forgo other attractive alternatives (i.e., to the extent that en-
gaging in the focal task has higher opportunity cost). Our finding that
fatigue increases with task progress is consistent with both the ego
depletion and opportunity cost views, yet the finding that proximity to
the end-point buffers against an increase in effort is consistent only with
the idea of opportunity cost. Specifically, as mentioned above, oppor-
tunity cost might decrease closer to the end point simply because al-
ternative activities are being put off for a shorter period of time. Our
findings thus support Kurzban, Duckworth, Kable, & Myers, 2013 no-
tion of fatigue rather than traditional views of fatigue as reflecting
amount of effort invested up to the point of the experience.

Our results may also suggest that proactive considerations of how
much effort an actor thinks s/he would need for the rest of a task in-
fluence effort allocation. Specifically, not knowing that the end of the
task is near resulted in frugal effort allocation, but when the distance to
the end of the task was made salient participants invested more effort. It
is worth emphasizing that, for example, by the final block of the task,
participants in the feedback condition took shorter breaks and im-
proved more in the course of the task, compared to participants in the
no-feedback condition, and by that logic could have been more fati-
gued, or “depleted”. Despite that fact, participants in the feedback
condition actually reported less fatigue and continued to invest more
effort. What made them invest more effort (compared to the no-feed-
back condition) was not past effort, but rather future, prospective ef-
fort.

Why would anticipating that more effort might be still needed to
complete a focal task cause one to reduce current effort? People who do
that likely believe (explicitly or implicitly) in a limited resource which
they try to conserve for the upcoming effort-expenditure needs. If
people believed that their resources are unlimited, their performance
should not have been affected by whether they foresee future effort or
not (Job, Dweck, & Walton, 2010; Job, Walton, Bernecker, & Dweck,
2015). Our results thus join previous findings in suggesting that people
might believe in depletable resources and adjust their levels of effort
accordingly (Clarkson, Hirt, Austin Chapman, & Jia, 2011; Clarkson,
Hirt, Jia, & Alexander, 2010; Salmon, Adriaanse, De Vet, Fennis, & de
Ridder, 2014).

4.1. Implications and future directions

We found that feedback on progress enhanced performance in a
cognitive task, making participants reach a higher asymptotic level of
performance. Asymptotic level of performance is often taken to reflect
an upper limit of one's ability, a level from which performance cannot
increase any further. Our results, however, cast doubt on this inter-
pretation, suggesting that even asymptotic level of performance may
depend on situational variables that affect motivation. In our studies,
feedback on progress was provided from the very beginning of the task.
It will be interesting in future studies to introduce feedback on progress
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after asymptotic level of performance has been reached and see if it
would push it higher.

Theories in many areas of psychology tend to view performance in
complex cognitive tasks as reflecting an ability (Friedman et al., 2008;
Miyake & Friedman, 2012). For example, studies looked at the relation
between such performance and numeric cognition (Kroesbergen, Van
Luit, Van Lieshout, Van Loosbroek, & Van de Rijt, 2009; Siegler & Pyke,
2013), the ability to regulate emotion (Malooly, Genet, & Siemer,
2013), to take other people's perspective (e.g., Brown-Schmidt, 2009;
Wardlow, 2013), and to have an accurate theory of mind (Carlson &
Moses, 2001; Carlson, Moses, & Claxton, 2004), even in autism
(Pellicano, 2010). Many of these studies assumed that what is measured
in these cognitive tasks is a stable characteristic of the individual,
namely, an ability. Our results suggest that this might be an erroneous
assumption because situationally dependent motivational aspects affect
performance (see e.g., Dreisbach & Frober, 2019; Frober & Dreisbach,
2014; Heitz, Schrock, Payne, & Engle, 2007 for a related point). A
limitation of this study is that we examined only one task. It would be
important to look at how feedback on progress affects performance also
on school tasks (e.g., math) and on manual tasks.

We find that progress feedback positively influences not only task
engagement and performance, but also the fatigue people experienced
during task performance. This may suggest that effects of boredom, and
perhaps even task disengagement, can be countervailed using a simple
procedure of providing individuals information on their distance from
the finish line. In applied contexts (e.g., classrooms, work) mentioning
to students how many more problems are left to solve or informing
workers how close they are to the end of a shift can have beneficial
outcomes for performance as well as for affect and well-being. Our
studies demonstrated such effects with an effortful and boring task.
Whether feedback on progress would also have beneficial outcomes
with interesting and engaging tasks, remains an open question.
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