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Abstract—A perennial research question in visualization involves identifying which visual encodings for a particular dataset are most
effective for users in performing a specific task. The relative effectiveness of the different encodings are commonly identified through
controlled experiments. However, designing an experiment involves making many, often ad hoc, decisions about the experimental
setup such as whether to include a training module, whether to provide performance-based incentives to participants, etc. Yet, there
is limited guidance on how these decisions should be made, and we do not fully understand the impact of these subjective decisions
on empirical results. In this paper, we investigate the impact of one such key design decision—monetary rewards. Specifically, we
ask: does providing or not providing participants with performance-based financial incentives affect the results and the conclusions
that we draw from visualization studies? We conducted two crowdsourced studies investigating the impact of incentives on (i) a
low-level, perceptual task (perception of correlations in scatterplots or parallel coordinate plots), and (ii) a task involving reasoning
(decision-making based on a weather forecast represented as intervals or density plots). In each of these studies, we manipulate both
the visual representation and the presence of incentives as between-subject conditions. We expected to find no effect of incentives
on the perceptual task, but to see an effect for the decision-making task. However, we found no effect on task performance in either
study. While these are results of only two studies and should be replicated, they suggest that performance-based financial incentives
may not always have the intended effect on participants that we presumed, and calls for a reflection of how incentivized studies should
be designed. A copy of this paper and all supplemental materials are available at https://osf.io/t8eah.
Index Terms—Graphical Perception, Decision Making, Quantitative Methods, Experimental Design, Incentives.

1 INTRODUCTION

When designing a visualization, one of the goals of a designer is to
communicate the data effectively to the viewer. This typically means
representing the data using visual encodings which are easy for view-
ers to decode. To identify the relative effectiveness of visual encod-
ings for a particular task, visualization researchers turn to empirical
studies where they compare how well participants perform on a task
using two or more visual representations. The encoding which allows
the average participant to perform better on a task is then considered
more effective for that task. However, in the process of designing an
experiment researchers need to make many, often subjective or ad hoc
decisions that may have unknown effects. Here, we draw attention to
the potential issue of researcher degrees of freedom in the empirical
studies that visualization researchers use for determining the effective-
ness of various visual encodings, and how this flexibility can impact
our theoretical understanding.

This work was partly motivated by our prior experience designing
an experiment to study the effect of a new visualization on a decision-
making task [56]. Initially, we provided participants with a description
of how the data was encoded in the visualization and what the infor-
mation meant; yet we observed a lot of variance in how participants
interpreted the visualization and used the information to make deci-
sions. We speculated that some of this variance could be attributable
to people misunderstanding how to read the chart [44]. Subsequently,
when we included more explicit information on how to read the chart
during onboarding, we observed less heterogeneity in participants’ re-
sponses. Since our goal was to evaluate the effectiveness of the visual
representation, and not whether participants understood the represen-
tation correctly, we deployed the modified onboarding procedure.

For a typical experiment, researchers have to make several such ex-
perimental design decisions that can potentially have an impact the
results. These include: how extensive the instructions should be, or
whether participants should be trained on the task, given feedback, pro-
vided with performance-based monetary rewards, etc. However, these
decisions are often made implicitly or even in an ad-hoc manner, and
rarely articulated in a paper. We refer to these degrees of freedom in
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experimental design decisions as tacit factors. These decisions mirror
the oft criticized undisclosed flexibility that researchers have in mak-
ing decisions at various steps in the data analysis process [62, 63], but
occur instead during the experimental design stage.

In this work, we take a first step of investigating one such factor: the
impact of performance-based financial incentives—rewarding cor-
rect or optimal decisions by participants through monetary bonuses—
in crowdsourced visualization experiments. While some recent visual-
ization studies, primarily on decision-making under uncertainty, have
incentivized participants [e.g., 12, 31, 48, 56, 60, 69], most empirical
studies in visualization do not. However, we do not know how or if
the decision to incentivize participants’ performance with money
affects the results or the conclusions that we can draw from the
studies. This can make it tricky to compare and interpret results across
studies which differingly incentivize participants but are investigating
performance on the same task and using the same set of visualiza-
tions.1 The theoretical argument for employing incentives, put forth
primarily by economists, is that they induce more effort, which leads
to improved performance on a task. However, we are not aware of
any formal experiments on the effects of monetary incentives in crowd-
sourced visualization studies, a gap we attempt to close with this work.

We chose to study incentives over other tacit factors because we
expected them to be fairly straight-forward to test in a controlled ex-
periment, and to have a significant impact on participant performance.
As visualization studies encompass a wide spectrum in terms of com-
plexity, the types of cognitive processes that are involved, etc., incen-
tives might impact different types of studies differently. We chose
two prototypical visualization studies—perception of correlation [e.g.,
8, 24, 52], which involves a lower-level perceptual task; and decision-
making under uncertainty [e.g., 28, 37, 48, 56], which involves a
higher-level reasoning task—to examine the effect of incentives on.
We conducted two preregistered crowdsourced experiments where we
varied incentives: participants were either paid a fixed amount indepen-
dent of their performance, or were paid a smaller base amount, with
the majority of their compensation tied to their performance.

In study 1 (perception of correlation), we partially replicated Har-
rison et al’s experiment [24]. We visualized pairs of positively corre-
lated datasets using either scatterplots or parallel-coordinates plot and
asked participants to choose the plot with the greater correlation of the

1This tension is not merely theoretical—a real world example of this is the
study by Oral et al. [46], which conducts a variation of the study by Kale et
al. [31] but without performance-based incentives. However, the two studies
used different dependent variables making the results not directly comparable.
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two shown. We expected incentives to have no impact on performance
(using just noticeable difference as the metric) in this scenario, as the
difference between the plots either is or is not evident, and additional
effort would likely not make a difference on task performance.

In study 2 (decision-making), we replicated the decision-making
task from Joslyn et al. [28, 29, 42], using either an interval or a density
plot to show the probability of temperatures falling below freezing,
and tasked participants to make decision on whether to spend a bud-
get to salt roads, or to preserve their budget and forgo salting. We
expected incentives to have an effect on performance (using expected
utility as the metric) in this scenario, as participants must make judge-
ments about the optimal decision and estimate probabilities based on
the visualized uncertainty distribution, where we expected additional
effort to improve outcomes.

In both studies, our results showed no significant performance dif-
ferences between the incentivized and non-incentivized conditions.
While these are results of only two studies and therefore the findings
need to be replicated before stronger conclusions are drawn, they seem
to suggest that, at least in the context of crowdsourced studies on plat-
forms such as Prolific, performance-based financial incentives may
have fewer benefits than we presumed. Moreover, we do find some
evidence that participants spend more time performing the task in the
incentivized conditions, which raises some important ethical consider-
ations for researchers regarding ensuring fair wages for crowdworkers.
We discuss the implications of our results, their possible causes, and
the scope in which our results may generalize.

2 BACKGROUND

2.1 Researcher Degrees of Freedom in Scientific Studies
During the course of designing, collecting and analyzing data, and
reporting the results of empirical studies, researchers have to choose
between several reasonable alternative choices [61, 67]. In the ab-
sence of theoretically or empirically grounded guidance, they often
make these choices arbitrarily. Also referred to as researcher degrees
of freedom, this flexibility, especially in the data analysis stage of a
study, has received considerable attention in recent years as it can
considerably increase the probability of a false-positive finding [e.g.,
11, 23, 57, 58, 62, 63]. Our focus in this work is instead on the de-
grees of freedom that exist in the design stage of an empirical study
(tacit factors). These tacit factors make it difficult to “establish the
generalizability of an effect across contexts” [36], as, at least in the
case of visualization and HCI research, different study designs (e.g.,
whether or not participants are trained on how to read a chart) actually
correspond to different contexts of usage [59].

2.2 The Effect of Financial Incentives
While the effect of incentives in experiments have been explored in
prior work, primarily in the field of behavioral economics, the find-
ings have been mixed. While some studies have found incentives to
improve performance, most studies have found no effect or even a
detrimental effect of incentives on performance [1, 2, 3]. Many of the
studies which found that incentives did not improve performance also
found that incentives reduced variance in responses. Based on their re-
view of prior work investigating the effect of incentives, Camerer and
Hogarth [3] propose the capital-labor-production theory to describe
the potential effect of incentives in tasks. Here, capital refers to “cog-
nitive capital” or knowledge that participants possess coming into the
task. labor refers to effort that is required to perform the tasks. In
most visualization and HCI studies, participants primarily exert cogni-
tive effort. Production refers to the kinds of capital that is necessary
for performing a task.

The capital-labor-production theory [3] rests on a few key intu-
itions: (i) people dislike exerting effort, but will put in more effort
if that means increased rewards; (ii) effort generally, monotonically,
improves performance; (iii) capital can be a substitute for labor (for
example, if one is familiar with the biases in area perception implied
by Steven’s power law [64], they may be more accurate at comparing
areas of two circles, but someone who does not know of these biases
can be just as accurate by comparing the radii and computing the areas

mathematically, which entails more effort); (iv) if a task’s production
requirements (i.e., the effort it requires) are too low or too high, there
would be little marginal gain for the participant from the extra effort
that they would exert due to the presence of incentives.

One important caveat is that these studies were often conducted in
physical lab spaces (not on crowdsourcing platforms), and involved
very different types of tasks than what we typically employ in visu-
alization studies. In a study conducted with crowdworkers on Me-
chanical Turk, Mason and Watts [40] found that participants per-
formed a greater number of tasks as pay increased, but the accuracy
of the performed tasks did not improve with increases in pay. How-
ever, the tasks that participants were asked to perform in these experi-
ments were either quite menial (ordering images temporally) or were
word games, both of which are tasks where incentives are unlikely to
help [3]. Other studies have investigated factors that can influence
performance through an interacting effect with incentives such as in-
trinsic motivation [4]. As our goal was to study the total effect of incen-
tivesregardless of participants’ intrinsic motivation, we do not control
for motivation in our study design or analysis [41].

Based on the literature [3], we may expect the effect of incentives to
manifest through improved performance on certain (but not all) tasks.
Specifically, the tasks which are most likely to effected by incentives
are those where most or all participants possess the required cognitive
capital to perform the task, and the task does not require too little or too
much effort. To investigate the effect of incentives, we chose two visu-
alization tasks—(1) perception of correlation and (2) decision-making
under uncertainty—which require varying degrees of cognitive capital
and effort. In addition, we may expect reduced variance in participants’
responses, and an increase in the amount of time participants spend on
the task (which might be a proxy for increased effort).

2.3 Perception of Correlation
There has been a great deal of work in visualization and graphical
perception on ranking different visual representations on their ability
to help viewers accurately estimate correlation (and small differences
in correlation). How accurately a viewer is able to perceive correlation
using a specific representation is often determined by estimating just-
noticeable differences (JNDs)—the minimum difference in stimuli at
which a viewer can reliably (75% of the time) detect a difference.

Prior work has found that viewers can perceive correlation fairly ac-
curately when the data is represented using scatterplots [24, 52], and
the JNDs can be described using Weber’s law. Harrison et al. [24]
evaluate perceptions of correlation using other visualizations such as
parallel coordinate plots, stacked bars, ordered lines etc. The work
of Harrison et al. [24], and a re-analysis by Kay and Heer [33] show
that participants’ perceptions of negative correlation are almost as ac-
curate when the data is represented using either scatterplots or parallel
coordinates; however, participants’ perception is much less precise for
positive correlation when the data is represented using parallel coordi-
nates (compared to scatterplots).

Perception of correlation is often considered to be a more basic or
lower-level cognitive function [25]. Prior work on perceptions of cor-
relation have exclusively paid participants a flat amount for participat-
ing in the study. Our hypothesis was that if incentives were to have a
meaningful effect, we might observe that a visualization such as the
parallel coordinates plot, which is less accurate compared to scatter-
plots for positive correlation in the absence of incentives, is as accu-
rate as scatterplots when incentivized. However, based on the findings
of Camerer and Hogarth [3], we speculate that this task is unlikely to
be impacted by incentives as it might not benefit from exerting addi-
tional effort. Thus, this study represents an important edge case which
we seek to evaluate. In our study, we compare scatterplot and parallel
coordinates plot for positive correlations.

2.4 Decision-making under Uncertainty
A growing number of studies have investigated the effectiveness of
different visual representations in accurately extracting probability in-
formation from uncertainty representations [e.g., 6, 27, 34], assess-
ing risk [e.g., 18, 47, 55], or making utility-optimal decisions [e.g.,



12, 29, 31, 60, 69]. In this work, our focus is on the effect of visualiza-
tions in helping people make rational (i.e., decisions which are or close
to utility-optimal). Prior work has found that uncertainty representa-
tions which are more expressive and present viewers with more com-
plete distributional information such as density or violin plots, quantile
dotplots, cumulative density plots lead to better decisions compared to
interval plots which communicate a 95% (or similar) confidence or
credible interval [12, 31, 60].

In these types of studies, researchers have often used financial in-
centives [e.g., 12, 31, 48, 60] based on the notion that incentivising
participants will increase both the internal and ecological validity of a
study [12, 30, 68]. When making decisions, people, both in the real
world and in experiments, are likely trading off some subjective costs
against some subjective benefits. By explicitly stating what these costs
and benefits are to a participant, incentives, in theory, provide bench-
marks for defining optimal or good decisions, as well as enable the
evaluation of participants’ decisions against the benchmark [60, 68].
As incentives reflect the costs and benefits associated with real-world
decision-making, it also should make the findings more ecologically
valid [12], assuming that the incentives in the experiment align well
with the relative costs of real-world tasks.

These types of decision-making tasks require participants to per-
form relatively more complex (or higher-order) reasoning tasks, which
require more effort. In our study, we examine the impact of incen-
tives by comparing how participants perform in a decision-making task
where the uncertainty distribution is represented using either an inter-
val representation—specifically 66% and 95% intervals—which are
typically considered sub-optimal, or density plots, which are have been
found to be better [12, 31]. Based on the capital-labor-production
theory [3], we expect incentives to impact the results, as participants
who exert more effort would be more likely to spend time and more
accurately estimate the probability values from the uncertainty repre-
sentation which is necessary to perform the task. Specifically, in the
presence of incentives, our hypothesis was that participants will per-
form meaningfully better when uncertainty information is presented
using density plots compared to interval plots, while in the absence
of incentives, we might expect this improvement in performance to be
much smaller or even disappear.

3 EXPERIMENT DESIGN PRELIMINARIES

We conducted preregistered experiments on the perception of correla-
tion and decision-making tasks to study the effect of incentives. The
study procedure for both studies was approved by the ethics board at
Graz University of Technology (GZ EK-109/2026).

For both studies, our goal was to ensure that participants’ average
compensation would be approximately the same ($15/h) across both
the baseline and incentivized conditions. We first calculated the av-
erage number of correct responses for both experiments based on our
pilot studies. On average, participants correctly performed the task in
study 1 in 40/65 trials. For study 2, prior work which used the same
experimental setup [56] showed that the average participant had 4000
virtual dollars left at the end of the study. We then assigned dollar val-
ues for answering a question correctly in study 1 ($0.05) and for the
amount of virtual dollars remaining in the bank in study 2 ($0.5 for
every $1,000). Thus, we expected the average bonus that participants
in the incentivized conditions would receive to be approximately $2
for both studies. The maximum bonus they could theoretically receive
was $3.25 for experiments 1 and $9 for experiment 2. We anticipated
both tasks to take approximately 9-12 minutes on average, which, at
the desired compensation rate of $15/h, translates to a total compensa-
tion of $3. Thus, the compensation for the baseline (non-incentivised)
conditions was set to $3 for both studies; the compensation for the
incentivized conditions were $1.25 and $1.5 for Experiments 1 and 2
respectively. The slightly higher estimated average compensation in
the incentivized conditions were set in order to comply with Prolific’s
minimum wage of $8/h, which does not include bonuses.

While these amounts were the compensation advertised to partici-
pants before taking the study, as participants took significantly longer
in the incentivized conditions, we adjusted the guaranteed compen-

sation amount to both comply with Prolific’s standards and to match
our desired target compensation of $15/h. The exact compensation
amounts are reported separately for each study.

4 EXPERIMENT 1: PERCEPTION OF CORRELATION

We conducted a preregistered study to partially replicate the percep-
tion of correlation study by Harrison et al. [24] using either scatter-
plots or parallel coordinates plot (see preregistration). As this
task involves more lower-level cognitive functions [25], we test this
as a possible edge-case of a visualization task where incentives will
likely have little to no effect on performance.

4.1 Experimental Materials
Figure 1 shows a screenshot of the experimental interface. The study
is available to browse here and the source code for the study is
available on GitHub .

Experimental Task and Conditions: We adapted the perception of
correlation task from Harrison et al. [24] for this experiment. Like
Harrison et al. [24], in each trial, participants were shown two charts
and were asked to select the one with the higher correlation in a Two-
Alternative Forced Choice (2AFC) task. There were four experimen-
tal variables in this study: (1) the visualization (scatterplot or parallel
coordinates plot); (2) the incentive scheme (advertised2 as a participa-
tion fee of $3 or a participation fee of $1.25 and a bonus of $0.05 for
each correct response); (3) the base correlation (rBASE); and (4) the dif-
ference in correlation between the two charts (∆r). The visualization
and incentive scheme were varied between-subjects whereas rBASE and
∆r were varied within-subjects. To keep the experiment simple, we
only considered positive correlations, and the approach from above—
in other words the correlation of the second chart was always greater
than the correlation of the first chart and is given by r2 = rBASE +∆r
(the order in which the charts appeared was randomized).

Procedure: We test five levels of rBASE = {0.3,0.4,0.5,0.6,0.7} and
thirteen levels of ∆r = {0.03,0.04, . . . ,0.1,0.12,0.14,0.18, . . . ,0.26}
in a fully crossed design resulting in 65 trials. In addition, we in-
cluded five attention check questions where the correlations for the
two charts are 0.01 and 0.99. The order of the trials were completely
randomized. Unlike previous studies [8, 24, 52], we did not employ a
staircase procedure due to the possibility of a confounding effect with
the incentives—we felt that there might be a possibility of two partic-
ipants ending up with the same payout in the incentivized condition
even if they have different JNDs due to the mechanisms of the stair-
case procedure. Unlike prior studies [8, 24] we provided immediate
feedback to participants on whether they answered correctly, as seen
in Figure 1. At the end of the experiment, we informed participants

2For both this and the subsequent experiment, we had to adjust the guaranteed
amounts in the incentivized conditions to ensure an hourly wage of approxi-
mately $15/h, as reported in §3. The actual amounts are reported below.

Trial number: 16/65
You’ve correctly answered 13 question(s) so far
Please select the visualization that appears to have a larger correlation. *
You can either click the buttons (A or B) or use the‚ left and right keys

Fig. 1: Example of a stimulus seen by a participant in the non-
incentivized parallel coordinates plot condition.

https://aspredicted.org/p3p5py.pdf
https://abhsarma.github.io/adversarial-effects-experiment/correlations
https://github.com/abhsarma/adversarial-effects-experiment


about their total payout. After completing all trials, participants were
asked to describe the strategy that they used in performing the task,
and about their prior experience with incentivized studies.

Tutorial and Training: Before participants began the study, we pro-
vided them with instructions on what correlations are with examples of
what different levels of correlations look like, using the visualization
that they will encounter subsequently. This is followed by participants
completing nine training trials with feedback, using the same set of
correlation stimuli that was used by Cutler et al [8].

Participants: We recruited all participants from Prolific. Our experi-
ment was only eligible to participants who were fluent in English, and
on desktop devices. We aimed to recruit 200 participants (50 partic-
ipants in each condition). We excluded five participants who failed
to meet our criteria, and recruited additional participants to meet our
target. We received explicit consent from all participants to collect
and share their responses. The median completion time for partici-
pants in the baseline condition was approximately 11.5 mins, and they
were compensated $3 (approximately $15.75/h); the median comple-
tion time for participants in the incentivized condition was approx-
imately 13.5 mins, and they were received a guaranteed amount of
$1.6 (adjusted up from $1.25) and the average bonus was $2.18 (cor-
responding to an average wage of $16.8/h).

4.2 Model specification
We adapted the approach used by Kale et al. [31], and used a Binomial
logistic regression model to estimate the probability of a correct
response. The logistic fits ( line 2 ) describing each participants’ re-
sponses are equivalent to psychometric functions [21], which can then
be used to derive an estimate of JND (which we discuss further below).

line 1

line 2

line 3

line 4

line 5

line 6

line 7

effect of... vis incentives rBASE

∆r

correct ∼ Binomial(p)

logit(p) = αi +βVIS[i] ·βINC[i] · γRrBASE[ j]+

βVIS[i] ·βINC[i] · γD∆r[k]
αi = α0 +δα,i

δα,i ∼ Normal(0,σ)

i ∈ {1...N} (N participants)
j ∈ {1...J} (J levels of rBASE)

k ∈ {1...K} (K levels of ∆ = |rBASE − r2|)

Line1: Whether a participant correctly chose the graph with the higher
correlation in each trial is modeled as a Binomial distribution with
probability p, where 1 means the participant made the correct choice.

Line 2: For each stimuli (which consists of two graphs), we assume
that participants’ decisions would depend on the visualization, the in-
centive condition, the base correlation (rBASE), and the differential in-
crease in stimuli i.e. correlation (∆r). This model incorporates the
(directionless) assumption that the probability of a correct response
(p) will change as rBASE changes, and the magnitude of this change in
p will also vary with ∆r. Based on prior work, both of these effects
are likely to be in the positive direction.

Lines 3-4: We expect the intercept (αi) parameter to vary between par-
ticipants, as different participants will likely have different capital and
perceptive abilities. α is the slope parameters for the average partic-
ipant (when δα,i = 0); δα,i captures differences between participants
as random effects.

Priors: We use weakly-regularizing priors centered on zero (no ef-
fect) while permitting the possibility of significant distortion: α ∼
Normal(0,1). We use zero-centered priors with a standard deviation
of 2 for the random effects parameters (δα,i).

Implementation: We implemented these models in R 4.4.0 [66]
and CmdStanR 0.8.0 [17]. The model ran for four chains with 5,000
warmup samples and 5,000 post-warmup samples each, thinned by 4
for a final total sample size of 5,000. We assessed convergence using

the Gelman-Rubin diagnostic (R̂ = 1.00 for all population-level pa-
rameters, correlations and standard deviations) and the (bulk and tail)
effective sample sizes (ESSmin ≈ 2,000).

JND Calculation: Based on the estimates of this model, we can cal-
culate the JND at a specific level of rBASEfor a particular visualization
and incentive condition as:

line 1

line 4

line 2

line 3

JND is defined as the increase in stimuli needed for the probability 
of correctly detecting correlation to increase from 50% to 75%:

0 since this is a 
2AFC task

Constant w.r.t. ∆r = A

changes with ∆r = B (Slope)

Let, F(∆r|rBASE) = αi +βVIS[i] ·βINC[i] · γRrBASE[ j]+

βVIS[i] ·βINC[i] · γD∆r[k]

JND = F−1(0.75)−F−1(0.5)

= F−1(0.75)

=
logit(0.75)−A

B

4.3 Results

The results for Experiment 1 are shown in Figure 2 as estimates of
JND (just noticeable differences). In the baseline (non-incentivized)
condition, we find that the JND for scatterplots is much lower at all
levels of the baseline correlation, replicating the finding from prior
work [24, 33].

As expected, we also do not find any evidence to suggest that
incentives impact performance in the perception of correlation
task—the JNDs for participants in the incentivized conditions were
comparable, if not slightly worse, than the JNDs for participants in the
baseline condition (Figure 2A). We also do not find any evidence to
suggest that incentivizing participants led to reduced variance in their
responses, as measured through the group-level standard deviation pa-
rameters in our multi-level logistic regression model (see supplement
▶ R ▶ dm-05-effect_variance.qmd). However, we did find that
participants took slightly longer to complete the task in the incen-
tivized conditions compared to the baseline conditions. Figure 3A,
visualizes the bootstrapped median and 95% quantile intervals for the
median estimate. The difference in time spent is approximately 30s for
parallel coordinates (base parallel coordinates: 288s, [264s, 323s], in-
centivised parallel coordinates: 318s, [294s, 391s]), and approximately

0.03125

0.0625

0.125

0.25

0.5

0.3 0.4 0.5 0.6 0.7
r

JND

95%
credible interval

incentivized

baseline
scatterplot

incentivized

baseline
parallel 
coordinates

80%
50%

Differences in how 
participants perform between 
baseline & incentivized 
conditions are small

A. Compared to parallel 
coordinates, 
scatterplots are 
perceptually more 
accurate (lower JNDs)

B.

Fig. 2: The main result of Experiment 1. We show the posterior es-
timates of JND for both visual representations across the incentivized
and baseline conditions, at each value of rBASE.

https://osf.io/t8eah/overview?view_only=579c7def37de494bb08120899110af33
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Fig. 3: Median time taken and 50%, 80%, and 95% bootstrapped confi-
dence intervals for time taken in the test trials for the two studies.

17s for scatterplot (base scatter: 275s, [265s, 289s], incentivised scat-
ter: 292s, [240s, 336s]). The increase, which is approximately 6-10%,
should likely be considered small.

Finally, as an aside, we want to highlight the ability of our experi-
mental setup to replicate JND estimates from prior work without using
a staircase procedure. An additional advantage of this setup is that it
allows us to model participants’ decisions directly using the Binomial
logistic regression model described above.

5 EXPERIMENT 2: DECISION-MAKING UNDER UNCERTAINTY

In this preregistered study, we examined the impact of incentives on
performance in a decision-making under uncertainty task adapted from
prior work [29] using either interval or density plots as uncertainty
representations (see preregistration). As performing this task in-
volves relatively more complex cognitive functions, our hypothesis
was that incentives would have an effect on performance.

5.1 Experimental Materials
Figure 4 shows a screenshot of the experimental interface. The study
is available to browse here and the source code for the study is
available on GitHub .
Experimental Task: For this study, we adapted the scenario that was
used by Joslyn and LeClerc [29], where participants were presented
with the following hypothetical scenario:

Assume that you are an analyst of a road maintenance com-
pany contracted to treat the roads with salt brine to prevent
icing in a U.S. town impacted by severe cold. Applying salt
brine to the roads is costly for your company and is also
detrimental to the environment, as it can pollute groundwa-
ter and kill roadside vegetation. However, not salting the
roads can cause significant accidents during freezing tem-
peratures, the costs of which are borne by your company.
Your job is to salt the roads when temperatures drop below
0°C (32°F). You have a budget of $18,000 for 18 days. Salt-
ing all the roads in the town costs $1,000 (per night). If you
fail to salt the roads and the temperature drops below 0°C
(32°F), it will cost $5,000 from your budget. You will be
shown a night-time temperature forecast distribution based
on which, you will have to decide whether to salt the roads.

The payoff matrix for the decision problem described above can be
represented using the following table:

s1 : T ≤ 0°C s2 : T > 0°C

a1 : salt -1000 -1000

a2 : ¬salt -5000 0

Based on this incentive scheme, a decision-maker who wants to maxi-
mize expected utility should prefer the action a1 (to salt) if and only if
the probability of temperature being below freezing, Pr(T ≤ 0) = p ≥
0.2. Thus, p = 0.2 is the optimal crossover point: the probability at
which a decision maker should not have a preference between actions.

Trial number: 5/18
In the previous trial you decided to not salt the roads. The actual 
temperature was 0.5C. The cost incurred was $0

Based on the forecast above, would you salt the road? *
Yes
No

-12 -8 -4 0 4 8 12 16
Temperature (in C)

Fig. 4: Example of a stimulus seen by a participant in the incentivized
density plot condition.

Experimental Conditions: There were three experimental variables
in this study: (1) the visualization (interval or density plot); (2) the
incentive scheme (advertised as either a participation fee of $3 or a
participation fee of $1.5 and a bonus of $0.5 for each $1,000 remaining
in their account at the end of the experiment); (3) the actual forecasted
probability of freezing (9 levels, each repeated twice). The experiment
used a mixed-factorial design with visualization and incentive scheme
varied between-subjects and the forecast varied within subjects.

Procedure: The experiment consisted of 18 trials and two attention
check questions which are interspersed among the 18 trials. In each
trial participants are presented with a single forecast in the form of
a Normal distribution (see Figure 4). We varied the means and stan-
dard deviations of the Normal distribution to generate different fore-
casts with different probabilities of freezing: Pr(T ≤ 0°C) = {0.595,
0.5, 0.405, 0.315, 0.235, 0.168, 0.115, 0.075, 0.046}. The attention
check questions showed extreme forecasts (Normal(−11,0.4) and
Normal(11,0.4)). The order of the trials were completely random-
ized. After completing all the trials, participants were asked open-
ended questions similar to experiment 1.

Tutorials and Training: We provided instructions to participants on
how to correctly interpret the interval and density plots. This is fol-
lowed by participants completing four training trials where partici-
pants were shown four different temperature forecasts and were asked
to report the probability of the temperature falling below a certain
marked temperature. Participants were then provided feedback on
whether they answered the questions correctly.

Participants: We recruited all participants from Prolific. Our exper-
iment was only eligible to participants who were fluent in English,
and on desktop devices. As per our pre-registrations, we aimed to
recruit 280 participants (70 participants in each condition). We expe-
rienced some data-logging issues which meant the data for 31 partic-
ipants were not recorded. After excluding participants who failed to
meet our pre-registered attention check criteria (six), we had 243 par-
ticipants (60 in the base interval, 62 in incentivised interval, 59 in base
density, and 62 in incentivised density). We received explicit consent
from all participants to collect and share their responses. The median
completion time for participants in the baseline condition was approx-
imately 16 mins, and they were compensated $3.75 (approximately
$14/h); the median completion time for participants in the incentivized
condition was approximately 24 mins, and they received a guaranteed
amount of $4.2 (adjusted up from $1.5) and the average bonus was
$1.6 (corresponding to an average wage of $14.5/h).

5.2 Model Specification
We used a linear-in-log-odds (llo) model [70], which is a good
fit to account for the “distortion of judgement or misperception
of probabilities” [69] in such decision-making under uncertainty
tasks. This model, which has been used in prior work to model the
same task [56], is derived directly from the utility-optimal decision
criterion by first translating it into log-odds and then applying a linear
transformation to derive a model for participants’ decisions:

https://aspredicted.org/8gm7s5.pdf
https://abhsarma.github.io/adversarial-effects-experiment/
https://github.com/abhsarma/adversarial-effects-experiment
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intercept slope probability of freezing

salt ∼ Binomial(pSALT)

logit(pSALT) = αi + βi · [logit(p)− logit(0.2)]

αi = α0 +αVIS[i]+αINC[i]+δα,i

βi = β0 +βVIS[i] +βINC[i] +δβ ,i[
δα,i
δβ ,i

]
∼ MVNormal

([
0
0

]
,Σ
)

i ∈ {1...N} (N participants)

Line 1: The binary decision (where 1 represents the decision to salt
and 0 represents the decision to not salt) made by a participant in each
trial is modeled as a Binomial distribution with probability pSALT.

Line 2: We assumed that participants’ decisions would be a function
of the temperature forecast distribution shown, which can be repre-
sented using the corresponding probability of freezing value (p). The
intercept (α) parameter controls the fixed point of the function—how
people map the optimal crossover point (p = 0.2) to the probability
of salting—which shifts the crossover point. The further α is from
0, the more bias there is, with negative values of α suggesting that
crossover point for the average participant is greater than the optimal,
and positive values of α suggesting that crossover point for the average
participant is less than the optimal. The slope (β ) parameter controls
the degree of sensitivity. The further it is from 1, the more sensitive a
participants is to their subjective crossover points.

Lines 3-5: We expect the intercept (αi) and the slope (βi) parameters
to vary between participants, as different participants will likely have
different decision-making capacities. α and β are the slope parameters
for the average participant (δα,i = 0; δβ ,i = 0), whereas δα,i and δβ ,i
capture differences between each participants’ intercepts and slopes
compared to the average participant, as random effects.

Priors: Perfectly unbiased responses would yield values of αi = 0.
βi = 1. We thus use priors centered on these values but which also
permit the possibility of significant distortion: α ∼ Normal(0,1) and
β ∼ Normal(1,1). We use zero-centered priors for the random effects
parameters (δα,i and δβ ,i).

Implementation: These steps were almost identical to study 1.

5.3 Results

The results for Experiment 2 are shown in Figure 5. We found the
value of α to be negative across all conditions (Figure 5A). This sug-
gests that the crossover point for the average participant is greater than
0.2, exhibiting a consistent bias towards risk-seeking behavior. The
estimated value of α was smaller for incentivised density compared
to the other three conditions. We also found the value of β to be sig-
nificantly larger than one across all conditions (Figure 5B), indicating
that participants are quite sensitive to the stimuli and their subjective
crossover point. The similarity in the estimates of the α and β param-
eters across all conditions suggest that the average participant in every
condition likely exhibited very similar decision-making behavior.

We can directly compare decision quality by estimating the ex-
pected utility that the average participant in each of these conditions
would achieve, which is a measure of how participants performed
based on the information that was provided to them regarding how
their performance will be evaluated; we report this measure in Fig-
ure 5C. Contrary to our apriori expectations, we find no evidence to
suggest that the average participant performs better in the incen-
tivized conditions in terms of their predicted expected utility (incen-
tivised interval: 2.76, [2.31, 3.12] and incentivised density: 2.33, [1.65,
2.86]) compared to the baseline conditions (base interval: 2.69 [2.19,
3.04] and base density: 2.35 [1.70, 2.86]).3

3All of these expected utility estimates are in thousands of dollars

We also found that the average participant in the interval condi-
tion performed slightly better than the average participant in the
density condition, regardless of whether they are incentivized or not.
This difference is relatively small—the difference in expected utility
is 0.66 95% CI: [0.25, 1.1] when incentivised and 0.44 95%CI: [0,
0.87] when not incentivized (see Figure 5C). Figure 6 shows the dis-
tribution of utility attained by participants in the various conditions,
as well as the posterior predictive intervals (see also Appendix A
for more details). The actual average utility of participants in the
interval condition under incentives was much larger than the other
conditions; we suspect that this might have been an artifact of the
RNG in JavaScript—we implemented a series of checks but could not
determine any systemic issues with the RNG (supplement ▶ R ▶
dm-05-rng_check.qmd). Our finding—that intervals perform better
than densities—is in contrast to prior work [12, 31], which have typi-
cally found that participants make better decisions when information
is presented to them using density plots compared to interval plots.We
discuss the implications of this finding in §7.2.

As in the first study, we found that participants took slightly longer
to complete the task in the incentivized conditions compared to the
baseline conditions. Figure 3B, visualizes the bootstrapped median
and 95% quantile intervals for the median estimate. The difference
in time spent is approximately 80s for intervals (base interval: 187s,
[159s, 226s], incentivised interval: 266s, [221s, 355s]), and approxi-
mately 32s for density (base density: 173s, [143s, 187s], incentivised
density: 205s, [171s, 233s]). This increase of 20-40% is quite large,
and might suggest that in tasks such as decision-making under uncer-
tainty the use of incentives may lead to more time spent on the task,
and perhaps more effort induced (depending on how one views the
relationship between time spent on an online experiment and effort).

6 CROWDWORKERS’ PERSPECTIVES ON INCENTIVES

For both studies, we elicited qualitative responses from participants re-
garding (i) their prior experiences with performance-based incentives,

0 1 2 3 4
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slightly smaller for 
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The � and �
parameters are 
similar across the 
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On average, the participants in the density conditions are 
expected to perform slightly worse (in terms of EU) than in 
the interval conditions. 

Below, we show the credible intervals for the mean of the 
posterior prediction of Expected Utility (i.e., E[E[Û]]), 
where E[Û] is the posterior prediction of EU, marginalized 
(averaged) over the participants in our study. 

EU of a perfectly 
rational decision maker

EU if participant decides 
to salt on every trial

The difference between interval and density in incentives 
(Δ ≈ 0.66) is slightly larger (~0.23)  than the difference in 
baseline (Δ ≈ 0.44).
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Fig. 5: The main result of Experiment 2. We show the posterior credible
intervals of α, β and the mean expected utility for both visual represen-
tations across the incentivized and baseline conditions.
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and (ii) how they might have behaved if they were in the other condi-
tion (i.e., asked people in the incentivized condition how they would
behave if they were given a flat amount and vice-versa). We conducted
an exploratory qualitative analysis of participants responses using an
inductive coding approach to identify a set of codes, which was then
used to code all the responses. Below, we report the numbers com-
bined across both studies (N = 444).

Of the responses which we were able to code (224), significantly
more participants (115) in our sample claimed to have positive atti-
tudes towards incentives based on their past experience (e.g., “[...]
they can make the task more engaging and encourage more careful
decision-making” or “Surprised and happy. Its like a little gift you
receive because you’re doing a good job”), compared to those who
explicitly reported mixed or negative feelings (28) towards incentives
(e.g., “Very mixed because most times there is little actual chance of re-
ceiving any bonus” or “They are often misleading, or sometimes held
as a raffle, which is a scammy practice”). Among those who reported
positive feelings, some say that it encourages them to do well (34) or
makes the task more interesting and engaging (19). On the other hand,
those who claim to have negative experience usually believe that it is
because they are unfair or conflate bonuses with lotteries or raffles.

For our analysis on how participants self-reported they would be-
have in the other incentivized condition, we focused only those who
were in the incentivized condition as it would be easier for them to
imagine the counterfactual. Of the responses we were able to code
(192/224), a majority (119) claimed that would have behaved in the
same way, there were several participants (35) who believed that the
in the absence of incentives they might perform worse because they
might be less motivated or focused (e.g., “If I had been guaranteed [...],
my performance probably would have been slightly worse because the
bonus made me pay closer attention to the tradeoff between salting
costs and freezing risk.”). In the decision-making study, several (12)
reported that they would be more risk seeking (e.g., “[...] would have
been slightly less cautious and less incentive-driven.”). For these par-
ticipants, incentives appear to be having the intended effect.

However, there were also a number of participants (13) who be-
lieved that they would have performed better in the non-incentivized
condition perhaps because it would be less stressful (e.g., “[...] guar-
anteed payment offers greater financial security and could reduce per-
formance anxiety.” and “I think it would be better, as [...] one would
treat the study properly because he would get a proper compensation in

−16 −12 −8 −4 0 4 8 12
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Interval
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Distribution of participants’ utility 
(in $1,000). Each dot represents 
one participant

Average utility in each condition

Expected Utility if a participant is 
answering completely at random

Expected Utility if a participant is 
answering completely rationally
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50%, 80% and 95% posterior 
predictive credible interval of 
median utility in each condition.
The median in each condition lies 
within the prediction interval.

The median for this condition is 
greater than the other 
conditions, which might be due 
to fewer participants performing 
extremely poorly 

Fig. 6: The distribution of utility obtained by the participants and the pre-
dicted expected utilities on the exact data shown to participants, but with
the simulated temperature calculated using the RNG in R. The observed
median utility for all conditions lie within the prediction intervals.

return”). This might suggest that, because of how incentivized experi-
ments are designed with a lower base pay, for a number of participants,
incentives might be having the opposite of the intended effect. In the
decision-making study, several participants (16) stated that they might
have been less risk averse as they would not be concerned with saving
money (e.g., “With a guaranteed reward, the incentive to save money
would vanish. My performance would likely have become highly risk-
averse”), again suggesting that incentives may not be having the in-
tended effect for many participants.

7 DISCUSSION

7.1 What is the Effect of Incentives?
Our work was motivated by several recent studies which have em-
ployed incentivized experiments to study decision-making under un-
certainty [e.g., 12, 31, 48, 60]. The rationale was that decision-making
in the real-world entails consequences and incentives would bring that
notion of realism to virtual survey world. Based on the capital-labor-
production theory, our a priori hypotheses were that: (i) the effect of
incentives would likely be small, if any, in the perception of corre-
lation as the effort required (or production requirement) is low; and
(ii) performance-based incentives would likely lead to a meaningful
improvement in performance (in terms of effect size) in the decision-
making task as more effort is required to properly perform the task
(i.e., higher production requirements). The results of our two experi-
ments (see Figures 2 and 5) suggests that, compared to a baseline of
providing people a flat rate for participation, introducing performance-
based financial incentives may not lead to improved performance in
either the perception of correlation task or the decision-making task.

While expected for the perception of correlation task, this unex-
pected violation of our apriori expectations could potentially be ex-
plained by the capital-labor-production theory—it is possible that the
the decision-making task may have been too difficult. We observed
that participants in the incentivized conditions did spend longer in
completing the task (see Figure 3B), and this difference in time spent
was particularly large for the decision-making task. If time spent on a
task is considered a reasonable proxy for effort exerted by a participant,
this result suggests that the average participant in the incentivized con-
dition is likely putting in more effort then the average participant in
the non-incentivized condition, even though they are not necessarily
performing better on the task. We discuss potential implications for
studying decision quality in §7.3.

Prior work [3] also suggests that incentives often reduce variance in
responses, even if they do not have an impact on mean performance.
Our model allows us to estimate this variance, and while the variance
parameters estimated by our model, for both studies, are smaller for
the incentivized condition compared to non-incentivized conditions,
these differences appear to be very small (see the “Effect on Variance”
subsection in supplement ▶ R ▶ dm-04-analysis.qmd).

7.2 Why Were Our Results Inconsistent With Prior Uncer-
tainty Visualization Studies?

Perhaps the most surprising aspect of our experimental results was
that the average participant making decisions using interval plots was
expected to perform marginally better than with density plots. This
is contrast to prior work [e.g., 12, 31, 60] which has typically found
that, in incentivized experiments, participants make better decisions
when the uncertainty distribution is represented using densities rather
than 95% interval plots, as densities provide complete distributional
information. We expected the same result to hold for our study, even
though we varied our design of interval plots.

We initially suspected that it was because, unlike previous experi-
ments, we presented participants with both the 66% and 95% intervals.
The two intervals provide additional information relative to prior stud-
ies, and supports a visual heuristic to make utility optimal decisions—
if the 66% interval is slightly overlapping with the 0°C line, this indi-
cates an approximately 20% probability that the temperature is going
to be below freezing Figure 7. In a “just 95% interval” condition, as in
prior work, there is no such easy visual heuristic that a participant can
rely on. In contrast, a participant in the density condition would have

https://osf.io/t8eah/overview?view_only=579c7def37de494bb08120899110af33
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Fig. 7: Different uncertainty visualizations used in prior work (A, C) [e.g.,
12, 31, 60], and in our work (B, C).

to compare areas to make the utility optimal decision, which might
arguably have been more difficult, given how poor people are at area
perception [64]. However, a follow-up study (see Appendix B) com-
paring 95% intervals with density plots again showed no difference in
participants’ decision quality between the two conditions. One possi-
ble cause could be the probability distributions used as stimuli in our
study—the distributions were of varying standard deviations, which
can interfere with the visual heuristics that participants use to estimate
probabilities from densities [15, 16]. Our results paint a conflicting
picture regarding the effectiveness of density plots for uncertainty com-
munication, and warrants further research.

7.3 Ecological Validity of Decision-Making Studies
Given the results of our study, and how they were contrary to our ini-
tial hypotheses, we did consider shelving this paper. However, we re-
alized that this would be a terrible idea for two reasons: (i) we would
be contributing to the file drawer problem [14, 54] (self-selecting to
not publish studies with negative results), and (ii) even though our
study does not find evidence for the effect of incentives, it does raise
some interesting questions about the use of incentivized experiments
for studying decision quality and the ecological validity of studies run
on crowd-sourcing platforms such as Prolific.

Why DoWe Conduct Incentivized Decision-Making Studies?
Early work in uncertainty visualization compared different represen-
tations based on subjective measures such as preference or intuitive-
ness (e.g., which representation do you prefer?) [10, 22, 39], ease
of use [53], and subjective probability (e.g., on a scale of 1-7, how
likely do you think the event is going to occur?) or confidence
(e.g., on a scale of 1-7, how confident are you about your predic-
tion?) [6, 13, 22, 34]. A critique of these types of studies is the lack
of an objective benchmark: a user might perceive visualization A as
being more intuitive than visualization B, or they might experience a
greater or lesser degree of subjective uncertainty when viewing it. But
how do we know that they are perceiving the correct level of uncer-
tainty? Is perceiving less uncertainty or more uncertainty better?

Other studies have investigated participants’ ability to accurately
estimate the probability of an event occuring using uncertainty visual-
izations (which sometimes reduces to visually estimating tail probabil-
ities) [e.g., 7, 27, 34]. These studies include an objective benchmark—
accuracy of probability estimation—which could be used to evaluate
participants’ performance. However, even if people are able to read
and report numerical probabilities accurately, it is possible that their
actual behavior diverges from what would be expected based on the
reported probabilities, either due to bias or error, or because they as-
sociate different, subjective probabilities to uncertainty [38]. As such,
measuring uncertainty through accuracy in reading numerical proba-
bility values may not necessarily tell us how good people are at using
those probabilities to make good decisions.

Since uncertainty visualizations are typically used in the real world
to make decisions and a person in the real-world is incentivized to
make a correct decision because it has real consequences (e.g., we
consult the weather forecast not because we care about knowing the
probability of rain, but because we need to decide whether we should

carry an umbrella or not), studying decision quality using uncertainty
visualizations represented, arguably, a more ecological valid approach
of evaluating different uncertainty communication approaches. While
other metrics for measuring the effect of uncertainty visualizations
could tell us that two visualizations are different, they do not neces-
sarily tell us which one is better. Asking people to perform incen-
tivized decision tasks, in theory, allowed us to measure decision qual-
ity against an objective baseline—the expected utility of a rational
decision-maker—by comparing how far are people from that baseline.

Yet there are a couple of assumptions implicit in this line of rea-
soning: that all participants in incentivized decision-making tasks are
attempting to maximize expected utility; and (assuming they are try-
ing to maximize expected utility) people are able to translate the pro-
vided incentive structure or cost function into a decision rule based on
probabilities (which is how the uncertainty information is typically pre-
sented to them). If these two assumptions hold, incentivized decision-
making style experiments can be considered more ecologically valid
than other approaches for evaluating uncertainty visualizations. Un-
der these conditions, a decision-making study of uncertainty visual-
izations measures how people make decisions based on their subjec-
tive representation of uncertainty or subjective risk tolerance thresh-
old, and an uncertainty visualization can be considered more effective
if they allow a user to make decisions which are close to utility opti-
mal. However, the qualitative analysis of participants responses to the
open-ended questions in our study, and some introspective reflection,
make us question these assumptions.

Are Participants Trying to Maximize Expected Utility?
In their qualitative responses, a few participants stated to have adopted
a risk-seeking strategy, as indicated by statements such as “gambling
with [a] small amount is fun and there is no real concern of losing
money” or “there is less personal ‘skin in the game,’ so I might have
been more willing to gamble on borderline forecasts.” We also ob-
served something similar in prior work [60], where some participants
stated that they started taking risks after their initial decision-making
strategy did not appear to have been paying off. While a few errant
participants are to be expected, and can be easily accounted for in
a mixed-effects regression model like the one we used, it is unclear
how prevalent these attitudes are. In addition, our qualitative analy-
sis suggests that (§6), due to the competing goals of crowdworkers on
Prolific, incentives can have the opposite of the desired effect—as the
guaranteed payment was low, instead of trying to maximize expected
utility, participants simply behaved as if they were being paid the small
base pay. If a significant proportion of participants are not trying to
maximize expected utility and instead adopting a risk-seeking attitude
when performing decision-making tasks, we might need to evaluate
how incentive structures in experiments are designed so that they
elicit the behavior we normatively want.
Can Participants Maximize Expected Utility?
Even if participants were trying to maximize expected utility, it is pos-
sible that they were not able to translate this to a decision rule with the
optimal crossover point (p = 0.2). Of the participants for whom we
could deduce a crossover point (53), 25 participants stated that they
decided to salt the roads when the chances of freezing were around
30% or higher (the crossover point for the remainder were at or around
20%), suggesting an imperfect translation from the given cost function
to a decision rule.4 This is reflected in the model estimates of α (Fig-
ure 5A), and is consistent with findings from prior work on a similar
task [56]. There is a qualitative difference between risk-seeking behav-
ior when a participant decides to salt when p = 0.3 knowing that the
optimal crossover point is p = 0.2, and “risk-seeking behavior” when
a participant decides to salt when p = 0.3 believing that the optimal
crossover point is p = 0.3. When evaluating decision quality, we want
to make sure we are measuring the former and not the latter.

4We also observed a very colorful (mis)interpretation of probability, not too dis-
similar to the misinterpretations of what probability of rain means as described
by Gigerenzer et al. [20]: “If more than 50% of the night, or a significant pro-
portion, was below zero, I salted the roads. If there were more hours above 0,
I didn’t salt because it wasn’t necessary”



A different (mis)calculation can be observed among participants
who stated that they would be more risk averse in the baseline condi-
tions as they would not be incentivized to “save money.” If some par-
ticipants did not know how to maximize expected utility, it might also
mean that they are not sensitive to the incentive structure that is pro-
vided to them (i.e., could participants behave similarly if the penalty
for not salting was $3,000 instead of $5,000?). From the current study,
it is unclear whether some participants’ inability to identify a decision
rule is simply an artifact of this specific task, the format of present-
ing incentive structures, difficulties in interpreting single event proba-
bilities properly [20], not being sufficiently sensitive to incentives or
something else entirely, and therefore warrants further research.
Other Possibly Important Factors To Consider.
In Experiment 2, we provided feedback to participants after every trial
regarding what the simulated temperature was, and the costs incurred.
It is possible that this immediate feedback could have led participants
to adopt a sub-optimal strategy—according to Achtziger et al. [1], “the
human tendency to repeat successful actions and avoid those which led
to failure can impair performance by focusing attention on win/lose
outcomes and away from the probabilities of the relevant uncertain
events.” While the setup of the decision-making task used in our study
does not allow feedback to be withheld, it is worth exploring whether
participants are more rational decision-makers under uncertainty for
tasks where immediate feedback is not provided.

The use of incentives assumes that participants who are given a flat
payment regardless of how they perform will put in less effort, and
overlooks the fact that many participants in the non-incentivised con-
ditions might have strong intrinsic motivation to provide high-quality
data and perform well in the study [4]. According to Camerer and
Hogarth [3], “some people like mental effort, and those people dispro-
portionately volunteer for experiments!” If this attitude is widespread
among crowdworkers on platforms such as Prolific, then the additional
effort for implementing incentives might not be worthwhile for most
researchers. An additional aspect to consider here are the policies
of Prolific as a platform—the quality checks implemented by Prolific
could serve as another source of motivation for crowdworkers to pro-
vide high quality responses in experiments, reducing the potential ef-
fect of performance-based incentives.

Finally, participants in our non-incentivized conditions were still in-
formed on whether they answered a question correctly and how many
they answered correctly so far (perception of correlation), or how
much budget they have remaining (decision-making). In other words,
while participants were not financially rewarded for their performance,
they could interpret these as virtual rewards. This was a conscious
choice in our experiment in order to minimize the discrepancies be-
tween the two experimental conditions. However, it is possible that,
in crowdsourcing platforms such as Prolific, if participants are already
highly intrinsically motivated to do well, virtual rewards could have a
similar effect on effort as real rewards.

7.4 The Possible Role of Incentives in Other Studies
Our work was an initial investigation into the role of incentives in two
prototypical types of visualization studies. While our results may not
generalize to all visualization tasks, we can speculate on how incen-
tives might impact certain other types of visualization tasks, based
on our findings and the capital-labor-production theory [3]. Stud-
ies on graphical perception [e.g., 5, 9, 26] or color perception [e.g.
49, 50, 51, 65], which require users to perform similarly low-level
perceptual tasks as Study 1 are likely not going to benefit from the
increased effort than incentives induce.

There are likely a class of visualization tasks such as some matrix-
based tasks (e.g., Nobre et al. [43], performed a crowdsourced evalua-
tion of node-link diagrams and adjacency matrices where participants
were required to undergo lots of training and perform complex tasks),
which either require a lot of a priori knowledge (cognitive capital) or a
lot of effort (high production requirements), and thus may not benefit
from incentives (and decision-making under uncertainty could possi-
bly fall into this category as well!). In other words, these represent
tasks where participants may perform poorly not because they do not

want to put in more effort, but rather because they are not sure of how
to perform the task well and putting in more effort may not necessarily
help them perform the task better.

The type of tasks that we believe may benefit from incentives are
ones which do not require a lot of cognitive capital but can feel a bit
tedious; incentives might motivate participants to put in the required
additional effort to complete the task accurately. An example could be
the finding the shortest path between two nodes task using node-link
or adjacency matrix representations—node-link diagrams have been
found to be more accurate [19, 35, 45], but if incentivized, participants
may be more willing to put in the effort to perform the tedious steps
involved for adjacency matrices. A challenge here is ensuring that the
incentive function is well designed and not arbitrary [30, 68]. We hope
to explore such tasks in future work.

7.5 Ethical Considerations for Incentivized Experiments

In both experiments, participants in the incentivized conditions took
longer to complete the task compared to participants in the baseline
condition. Therefore, (i) the initial median hourly wage for partici-
pants was lower than the advertised amount, and, after factoring in
bonus, payment was below our target fair wage of $15/h; and (ii) the
use of performance-based financial incentives increased the variance
in wages that participants received—a participant who can perform
the task quickly and well can receive a significantly higher wage than
a participant who performs it slowly and poorly.

Ensuring a fair median wage for participants is still possible for in-
centivized experiments, as the researcher can increase the guaranteed
amount so that the median wage, taking into account bonuses, reflects
what is considered a fair wage. In order to ensure a wage of $15/h,
and to comply with Prolific’s minimum guaranteed wage of $8/h, we
increased the fixed participation fee (by $0.35 in Experiment 1, and by
$2.7 in Experiment 2). Addressing the issue of variance in wages, how-
ever, is significantly more complicated, and to some degree not com-
patible with the goal of performance-based incentives. While there is
always going to be some degree of variance in compensation in crowd-
sourced studies, as not every participant takes the same amount of time,
using bonuses as a significant portion of the compensation exacerbates
this issue. A solution here might be to increase the guaranteed amount
to ensure that participants receive a fair hourly wage. However, as re-
search teams typically operate under considerable budget constraints,
this would likely mean that they would have to in turn reduce the bonus
amounts that participants can earn, making them less “incentivizing.”

Running incentivized studies has real costs on the experimenter—
increased implementation and design burden while setting up the ex-
periment, the need to manually compensate participants on the crowd-
sourcing platform, the seemingly low advertised compensation on the
crowdsourcing platform (which can have reputational costs for future
studies). Taking all of this into account, there is a credible argument to
be made against the use of performance-based financial incentives due
to the high costs, seemingly low rewards, and the associated ethical
questions regarding fair labour practices.

8 CONCLUSION

We conducted two studies to test the value of performance-based mon-
etary incentives for two different types analysis questions that com-
monly surface in visualization studies: a lower-level perceptual task,
and a higher-level decision-making task. We did not find evidence
to suggest that incentives affect performance on either task. To our
knowledge, our work was the first formal study of monetary incentives
in crowdsourced visualization studies. While we acknowledge that
our results may not easily translate to other scenarios (e.g., lab studies,
different types of tasks, significantly higher incentive pay, etc.), they
seem to suggest that incentives, as currently deployed in many empiri-
cal studies, may matter less as a tacit factor than we expected. Given
recent calls for incorporating decision theory, utility functions and in-
centives into visualization and HCI experiments [30, 68], our results
provide an empirical data point that putting them into practice may
not be as straightforward as we might have initially presumed.
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A INTERPRETING THE RESULTS OF EXPERIMENT 2

Calculation of Benchmarks
As described in section 5, there are two payoff relevant states (of na-
ture), S = {s1 = Pr(T ≤ 0),s2 = Pr(T > 0)} and two possible actions
A = {a1,a2}. Following prior studies in decision-making under un-
certainty in visualization [e.g., 12, 31, 48], to evaluate participant de-
cisions for each trial, we simulate a draw from the visualized tem-
perature distribution which determines the state of the world S (i.e.,
whether the temperature is below or above freezing). We then calcu-
late the cost incurred based on the payoff matrix described in section 5.
To assess participants performance, we use three benchmarks—the ex-
pected utility of decision-maker responding at random, the expected
utility of decision-maker with extreme risk-aversion (deciding to salt
on every trial except the attention check ones), and the expected utility
of completely rationally decision-maker.

E(U |random) =−1000 ·

(
n

∑
k

0.5 ·1+0.5 ·5 · pk

)
=−3272

E(U |risk-averse) =
n

∑
i
−1000

= 0

E(U |rational) =−1000 ·

(
n

∑
k

1 · I(pi ≥ 0.2)+5 · I(pi < 0.2) · pk

)
= 3960

where pk represents the probability of freezing in a particular trial k
and lies in {0.595,0.5,0.405,0.315,0.235,0.168,0.115,0.075,0.046}
each repeated twice, and n = 18.

Calculation of the Posterior Predictive Credible Interval
In Figure 6, we show the posterior predictive credible interval for ex-
pected utility in each condition based on the model estimated prob-
ability of salting for the average participant on a specific trial k:
pSALT = logit−1(αi + βi · [logit(pk)− logit(0.2)]). The expected util-
ity is given by:

E(U) =−1000 ·

(
n

∑
k
E(pSALT)+5 · (1−E(pSALT)) · pk

)
We sample draws from the expectation of the posterior predictive
distribution using the add_epred_draws function from tidybayes
3.0.7 [32].

The Probability of Performing Better than the Rational Bench-
mark In Figure 6, we find that approximately 30% of the participants
performed better than the rational benchmark. While on the face of
it, this might seem surprising, it is actually not that unlikely—the ra-
tional benchmark is an asymptotic guarantee given an infinite number
of trials; for obvious purposes, we limit participants to 18 trials. To
perform better than the rational benchmark (E(U)> E(U |rational)), a
participant simply has to get lucky and not encounter a freezing state
of nature (i.e., s1) on any of the trials where they decide to not salt.
This is given by:

n

∏
k
(1− pi) · I(pi ≤ d)

where d is the decision boundary and d = 0.2 for the rational decision-
maker. The probability of outperforming the rational benchmark for
a participant making decisions using d = 0.2 is 0.42. If d = 0.3, the
probability of outperforming the rational benchmark is 0.25.5

5This is actually the lower bound probability. In reality, if d ≥ 0.3, the partici-

B EXPERIMENT 3: DECISION-MAKING UNDER UNCERTAINTY

We conducted a replication of Experiment 2, where we examined the
impact of incentives on performance in the same decision-making task
using either 95% interval (as opposed to 66% and 95% interval) or
density plots as uncertainty representations. The rest of the experimen-
tal materials (task, procedure, tutorials and training) and data analysis
model were the same as Experiment 2. As this experiment was con-
ducted after the initial review cycle, we only include it as an appendix.

Participants: We recruited all participants from Prolific. Our experi-
ment was only eligible to participants who were fluent in English, and
on desktop devices. As per our pre-registrations, we aimed to recruit
240 participants (60 participants in each condition). After excluding
participants who failed to meet our pre-registered attention check cri-
teria (eleven), we had 229 participants (56 in the base interval, 60 in
incentivised interval, 55 in base density, and 58 in incentivised den-
sity). We received explicit consent from all participants to collect and
share their responses. The median completion time for participants
in the baseline condition was approximately 13 mins, and they were
compensated $3.5 (approximately $16/h); the median completion time
for participants in the incentivized condition was approximately 13.5
mins, and they received a guaranteed amount of $1.9 (adjusted up from
$1.5) and the average bonus was $1.5 (corresponding to an average
wage of $15/h).

The results from this experiment are shown in Figure 8. Similar
to Experiment 2, we found the value of α to be negative across all
conditions (Figure 8A)—this means that the crossover point for the
average participant is greater than 0.2, suggesting a consistent bias to-
wards risk-seeking behavior. We also found the value of β to be signif-
icantly larger than one across all conditions (Figure 8B), and highest
for the incentivised interval condition, indicating that participants are
quite sensitive to the stimuli and their subjective crossover point. Fig-
ure 8C allows to compare decision quality. We again do not find any
meaningful effect of incentives. In addition, we found the expected
utility to be greater for both interval conditions (base interval: 1.73,
[1.42, 2.00] and incentivised interval: 1.53, [1.22, 1.80]) compared to

pant can actually encounter a freezing state of nature for one of the trials and
still end up with utility greater than the rational benchmark. Such a partici-
pant will salt on eight of the trials where pk ≥ 0.3 leaving them with a budget
of $10,000; if they encounter a freezing state of nature in one of the remain-
ing trials, their remaining budget will be $5,000 which is still greater than the
rational benchmark
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Fig. 8: The main result of Experiment 3. We show the posterior credible
intervals of α, β and the mean expected utility for both visual represen-
tations across the incentivized and baseline conditions.
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the density conditions (base density: 1.03, [0.67, 1.36] and incentivised
density: 0.58, [0.24, 0.91]). While this result is consistent with our pre-
vious experiment, it is contrary to the findings of prior work which
have generally found that visualizing uncertainty using density plots
lead to better decision quality.

As in the previous two studies, we again find that participants took
slightly longer to complete the task in the incentivized conditions
compared to the baseline conditions. Figure 3B, visualizes the boot-
strapped median and 95% quantile intervals for the median estimate.
The difference in time spent is approximately 22s for intervals (base
interval: 179s, [160s, 201s], incentivised interval: 201s, [170s, 217s]),
and approximately 30s for density (base density: 194s, [161s, 239s],
incentivised density: 224s, [186s, 292s]). This increase of 10-15% is
smaller than what was observed for Experiment 2, and similar to the
difference observed in Experiment 1.
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