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1 Introduction

Prediction is a central feature of decision-making. Choice under uncertainty involves
predicting outcomes given one’s beliefs about their likelihoods and deciding accordingly.
Such predictions are assumed to be accurate on average given the information at hand in
the majority of economic models (Mishkin, Ungerleider, and Macko, 1983). An important
subset of choice under uncertainty involves a principal making forecasts about how
changes in a variable impact agents’ action. For example, a manager deciding whether
or not to increase wages must weigh each option’s cost against the predicted effect
on workers’ performance; a policy maker implementing a new tax must evaluate the
increased revenues of each rate against potential inefficiencies-both stemming from the
forecasted consumer response; a scientist designing an experiment must forecast the
effect of treatment variables on participants’ actions. In many important settings, the
principal makes such forecasts in a different evaluation mode than the agent: while the
principal predicts an agent’s response across a set of potential treatments (e.g., different
wages), the agent makes a decision in response to one realization (e.g. exerting effort in
response to one wage).

Why would this distinction matter? From the standpoint of standard economic the-
ory, it should not. The agent makes an effort choice based on how the variable of interest
interacts with her preferences; the principal makes forecasts based on the correct mental
model of the agent’s preferences. Research from psychology, however, suggests that the
two evaluation modes—one that evaluates responses to variables jointly and the other
to each variable in isolation—may lead to a systematic wedge between forecasts and
behavior (Hsee, Loewenstein, Blount, and Bazerman, 1999).

While agents may respond to specific variable realizations, the principal naturally
compares different realizations to one another. The set of alternatives considered by the
principal may be systematically different than the one considered by the agent, who
would generate this set through spontaneous memory recall. If the agent recalls a more
compact set, or does not engage in counterfactual thinking at all, then the principal’s
forecast may be systematically biased. Notably, research on the contrast effect (Pepi-
tone and DiNubile, 1976; Hartzmark and Shue, 2018) and on the effects of anchoring on
valuations (Ariely, Loewenstein, and Prelec, 2003) suggests that joint prediction mode
may lead principals to forecast larger responses to variable changes than what is actu-
ally observed. This leads to the question of how forecasts in a joint prediction mode

would compare to those in a separate prediction mode, in which principals—Ilike the



agents—evaluate each level of the variable in isolation. Principals in a separate predic-
tion mode face similar information environments as the agents, and would likely recall
a similar set of alternatives when predicting behavioral responses. Adopting a separate
prediction mode may thus align the principal’s mental model more closely with that of
the agent, which would generate more accurate forecasts of behavior change.

We examine this conjecture in three experimental studies'. In the first Experiment
(1A), participants from an online crowdsourcing platform were assigned to the role of
forecasters or workers. Workers performed a real-effort task at one of two different piece
rates without being informed about the possibility of the other. Forecasters were given
information about the task and incentivized to predict worker performance in one of
three treatments. In the Joint-Prediction treatment, the forecasters reported their belief
about worker performance in response to each of the two wage levels. In the Separate-
Prediction treatments, two separate groups of forecasters reported their beliefs about
performance at one of the two wage levels; importantly, like the workers, forecasters in
the Separate-Prediction treatments were not informed about the other wage level.

We find substantial differences between prediction modes. While forecasters in the
Separate-Prediction treatments predicted modest differences in performance as the wage
levels increased, averaging 15.0% of one standard deviation in effort, those in the Joint-
Prediction treatments predicted much larger responses, averaging 68.4% of one standard
deviation. Importantly, workers’ actual performance differences, which averaged to 20.8%
if one standard deviation in effort, were considerably closer to the forecasts of those in
the Separate-Prediction treatments; the joint prediction mode led forecasters to exacer-
bate worker’s responses to wage increases to an extent that was both statistically and
economically significant.

The second Experiment (1B) sought to replicate these results using a different real-
effort task and demonstrate how differences in prediction mode impact principals’ deci-
sions. We first replicated the results of the first study using three different wage levels
and a different, widely used, real-effort task. We then recruited a separate group of par-
ticipants to take on the role of managers hiring workers for a task. Managers were told
that workers had performed the task at one of three wage levels, and that the workers
did not know the existence of the other two. After reading this information, managers

were asked to choose a wage level that would maximize their profit, where profit was

LAll study instructions, materials, data, code, and preregistrations can be found at https://
researchbox.org/829&4PEER_REVIEW_passcode=ZKBEIL
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a negative function of the wage paid and a positive function of the workers’ actual av-
erage performance at that wage. Note that choosing a profit-maximizing wage involved
correctly forecasting the workers’ responses to wage increases. Consistent with the joint
prediction mode exacerbating performance differences, managers overwhelmingly chose
to pay higher wages than the profit-maximizing level.

Having shown the judgment and decision-making consequences of joint versus sepa-
rate prediction modes, we proceeded to test our hypotheses in the context of forecasting
scientific results. Recent efforts to improve the scientific process have included large-scale
replications of prior studies paired with predictions from experts and non-experts on
the success of these replications (Dreber, Pfeiffer, Almenberg, Isaksson, Wilson, Chen,
Nosek, and Johannesson, 2015; Gordon, Viganola, Dreber, Johannesson, and Pfeiffer,
2021). Researchers have also argued that predictions of scientific findings may be useful
more broadly as they help gauge the contribution of a specific result relative to people’s
prior beliefs, thereby circumventing hindsight bias; for example, a null result in light
of a predicted effect would be surprising and more likely to be published (DellaVigna,
Pope, and Vivalt, 2019). This has led to the development of multiple public predic-
tion markets such as the Social Science Prediction Platform, where people can sign up
to predict the outcomes of specific experiments that have not been run yet. A grow-
ing number of research studies have incorporated expert or non-expert predictions in
their methodologies, often reporting prediction data that are directly in contrast with
the corresponding behavioral data (Milkman, Gromet, Ho, Kay, Lee, Pandiloski, Park
et al., 2021a; Bessone, Campante, Ferraz, and Souza, 2022). Critically, forecasts in these
settings are almost exclusively elicited in joint prediction mode.

In one of the first papers to elicit predictions about novel scientific findings, DellaV-
igna and Pope (2018) asked academic experts to forecast the performance of online
participants in response to a variety of incentive schemes. Experts were given informa-
tion about performance in response to monetary incentives and made predictions on
how “psychological incentives” such as loss aversion, low probability lottery payments,
and prosocial incentives would affect effort levels 2. All forecasts were made in joint
prediction mode, with experts reporting their beliefs across all incentive schemes. To
examine the impact of prediction mode on forecasts of scientific results, in Experiment

2 we recruited participants from an online crowdsourcing platform to perform the task

2 Results on how the different incentive schemes impacted performance can be found in Dellavigna and
Pope (2018)



used in Dellavigna and Pope (2018) under a subset of the incentives tested in the original
experiment, and additional participants from the same platform to forecast their perfor-
mance. Forecasters made predictions in either Joint or Separate-Prediction mode. We
looked at the effects of both standard and prosocial incentives, where the latter involve
a piece rate that is donated to charity as a function of the worker’s effort (Imas, 2014).
DellaVigna and Pope (2018) found that experts predicted larger performance differences
from increasing prosocial incentives than what was actually observed.

Consistent with the findings from the first two studies, forecasters predicted larger
treatment differences in the Joint-Prediction treatment than in the Separate-Prediction
treatments. Forecasters in the Joint-Prediction treatment overstated the impact of proso-
cial incentives—replicating Dellavigna and Pope (2018) - and standard incentives relative
to observed behavior. Forecasters in the Separate-Prediction treatment were much more
accurate in predicting response differences to both types of incentives.

Together, our findings suggest that prediction mode significantly impacts the fore-
casting of scientific results and should therefore be taken into account when interpreting
elicited beliefs. For example, recent work showing that behavioral scientists overestimate
the impact of interventions may be driven by a discrepancy in prediction modes (Bowen,
2022).

Our findings contribute to the literature on joint versus separate evaluation (Hsee
et al., 1999). This literature has documented systematic preference reversals when people
evaluate options jointly or in isolation. For example, Bazerman, Loewenstein, and White
(1992) show that people evaluating social allocations put more weight on relative payoffs
between themselves and others when making decisions in isolation, but focus on their own
payoffs when multiple allocations are evaluated jointly. Similarly, Blount and Bazerman
(1996) found that people were more concerned about fairness in the workplace when
making joint versus separate decisions. Hsee (1996) demonstrated preference reversals
when evaluating several job candidates either as part of a set or in isolation, while
Bohnet, van Geen, and Bazerman (2016) showed that group-based stereotypes are less
likely to affect hiring decisions when candidates are evaluated jointly versus separately.
We add to this literature by demonstrating the impact of evaluation mode on predictions.
Namely, while prior work has focused on choice, we show that joint prediction mode leads
people to forecast larger causal effects of variables (e.g. how increasing wages impact
effort) than separate prediction mode.

This work also relates to research documenting a discrepancy in between-subject



versus within-subject experimental designs. For example, Fox and Tversky (1995) find
evidence of ambiguity aversion over gambles in a within-subject design, but not when
participants made choices over the same gambles in isolation in a between-subject de-
sign. In the context of willingness to pay elicitation, Frederick and Fischhoff (1998) find
substantially larger effect sizes in within as opposed to between-subject design (see also
Charness, Gneezy, and Kuhn, 2012).

Finally, our research is related to the work on mental representation and counterfac-
tual thinking (Medvec, Madey, and Gilovich, 1995; Roese, 1997). While forecasters in
the joint prediction mode make predictions over a set of treatment possibilities, those in
the separate prediction mode explicitly consider only one realization; importantly, the
latter faces a similar informational environment as the agents. Our findings suggest that
both agents and forecasters in separate prediction mode do not spontaneously recall the
same alternative realizations as those in the joint prediction mode—if alternative real-
izations are recalled at all. If a similar set of alternatives was recalled and considered,
then forecasts would not differ by prediction mode. This points to differential recall
as a potential wedge between the two prediction modes (Gennaioli and Shleifer, 2010;
Bordalo, Gennaioli, Ma, and Shleifer, 2020) and a potential methodology for improving
accuracy. Namely, the difference in accuracy between prediction modes highlights a mis-
specification in the forecasters’ mental models of the agent’s decision problem (Bohren
and Hauser, 2021), as forecasters in joint prediction mode do not seem to account for
the agents’ failure to consider a similar set of alternative treatment realizations when
making their decisions. Our results suggest that aligning the forecasters’ and agents’
mental models by ensuring that the former is provided with the same set of treatment

alternatives as the latter can improve prediction accuracy.

2 Experiment 1A and 1B

In our first two experiments, we test whether prediction mode—jointly predicting ef-
fort levels across wage levels or separately predicting effort levels within each wage
level—affects prediction accuracy and realized profits. To this end, in each of the two
experiments, we hired workers to complete a real-effort task in one of several randomly-
assigned wage conditions.

We then separately recruited groups of forecasters to predict the observed average
effort levels in each wage condition. The first group predicted average effort levels in

the Joint Prediction (JP) treatment across all wage levels. The second group predicted



average effort levels in the Separate Prediction (SP) treatment, such that each individual
made a prediction only for one wage level. To examine the effect of prediction mode on
behavior, the second study recruited a third group of participants to act as managers.
Each manager chose to hire a worker who would be paid one of the wage levels with the
intention of maximizing profits. The experimental instructions for these two experiments
can be found in Online Appendices A and B.

We predicted that forecasters in the JP treatment would predict effort to be more
wage-sensitive than forecasters in the SP treatments. As a consequence, managers (who
made their decisions in the joint prediction mode) would choose higher than optimal

wages given empirical estimates of the profit function.

2.1 Experiment 1A
Procedure: We recruited a total of 2,337 participants on Prolific. Of these, 1141 partic-

ipants worked on a real-effort task and 1,196 forecasted the effort exerted in that task.
We recruited and pre-registered the two samples separately?.

The real-effort task consisted of collecting images for an online database (see Schwartz,
Keenan, Imas, and Gneezy 2021 for previous use of this task). All workers received a
base payment of $0.12 and were then randomly assigned to one of the two wage condi-
tions, receiving additional bonus payments of $0.02 or $0.10 per every unique URL link
to online images of exotic flowers they provided. Workers were given 1 hour to provide
up to 30 URL links and could decide to end the search task at any time and complete
the study. In order to provide the image links, we asked workers to type “exotic flower”
into Google images and copy paste the Google image link that they would like to add
to the database. To ensure that workers paid attention to the instructions, we included
two attention checks asking workers how much time they had to complete the task.

Forecasters were randomly assigned to one of three treatments: a JP treatment and
two SP treatments. All forecasters read a description of the flower image collection task
and practiced the task themselves by providing one URL link of an image of exotic
flowers. We then explained to forecasters that in a previous study “Participants were a
mix of those who did and didn’t have experience in completing tasks on the platform. The
Prolific participants who completed the study were all from the United States. Among
them, 62% were female with an average age of 35 years (50% of participants were between

18-31 years old, and 50% were over 32 years old).” Furthermore, forecasters were informed

3 The real-effort experiment had been conducted as part of a different research project that was never
used. Please see Appendix A for details.



that the number of URL links provided by workers ranged from 0 to 30. Forecasters in
the JP treatment were then asked to predict the average number of URL links provided
across the two wage levels ($0.02 per link and $0.10 per link); forecasters in the SP
treatments were asked to either predict the average number of sliders completed by
workers who received $0.02 per link or to predict the average number of sliders completed
by workers who received $0.10 per link. All forecasters were informed that five randomly
chosen forecasters would receive an additional payment based on the accuracy of their
forecasts equal to ($100- mean square error/2,000) in additional to their base payment
of $0.55.

Results: For workers, we excluded 67 responses of those who did the study twice and
163 responses of those those who did not correctly answer the two comprehension checks,
leaving 911 responses for analyses. For forecasters, we excluded responses from 2 indi-
viduals who failed a comprehension check question three times in a row, leaving 1,194
responses for analyses.

Workers responded to increasing wages by providing significantly more flower links
at $0.10 per link than at $0.02 per link (Difference in Actual Effort: M = 2.571,¢(909) =
3.142,p = 0.002, Cohen’s d = 0.208)*.

How did forecasters’ predictions compare to the workers’ performance? Forecast-
ers in the JP treatment predicted that workers would have a strong response to in-
creases in wages (Difference in Predicted Effort: My jp = 8.442,¢(794) = 16.434,p <
0.001, Cohen’s d = 1.165). Forecasters in the SP treatment also predicted that work-
ers would respond to increases in wages (Difference in Predicted Effort: Maipy sp =
1.853,t(794) = 3.494,p < 0.001, Cohen'sd = 0.248). However, as shown in Column 1 of

Table 1, the predicted response was substantially more muted than in the JP treatment.

4For clarity of exposition, we report here the simple analyses of treatment differences. For specific
effort levels (observed and predicted) and the preregistered analysis of prediction accuracy (predicted
— observed), see Appendix A.



Table 1. Forecasts in the JP and SP treatments in Experiment 1A and 1B

Prediction

Experiment 1A Experiment 1B

(1) (2)

Constant 14.21%%* 44.93***
(0.39) (1.39)

Separate Prediction 4.70%** 10.57%**
(0.56) (1.83)

$0.1 Incentive 844K 19.28%**
(0.51) (1.90)

$0.1 Incentive x Separate Prediction -6.59%** -14.647%%*
(0.74) (2.49)

$0.05 Incentive 8.86%**
(1.85)

$0.05 Incentive x Separate Prediction -7.06%%*
(2.49)
Observations 1592 1459

Notes: This table reports results from OLS regression, with robust standard errors in parentheses.
The outcome measure is predicted effort in the forecasting experiments. Column 1 reports the results
for Experiment 1A and Column 2 the results for Experiment 1B. Separate Prediction is an indicator
variable coded as 1 when predictions were made in the Separate-Prediction treatment and 0 otherwise.
$0.10 Incentive is an indicator variable coded as 1 when workers received the high ($0.10) wage in both
experiments and 0 otherwise. $0.05 Incentive is an indicator variable coded as 1 when workers received
the $0.05 in Experiment 1B, and 0 otherwise. Data from the JP treatments is treated as statistically
independent to make it comparable to the forecasts in the SP treatments to observed (actual) effort.

Notably, as shown in Figure 1, forecasters in the SP treatments were also more ac-
curate than those in the JP treatment. Predictions in the SP treatment did not differ
from the actual effort responses to wages; in contrast, forecasters in the JP treatments
substantially overestimated workers’ responsiveness. Table A5 in Appendix A presents
these results within a regression framework, showing that forecasts in the SP treatment
were significantly more accurate in predicting responsiveness to different wage levels
than those in the JP treatment. These results provide support for the notion that align-
ing forecasters’ mental model with that of workers’ leads to more accurate forecasts of

treatment responses.
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Figure 1. Forecasting Accuracy in Experiment 1A

Notes: The solid red line indicates the observed difference in the average number of URL links provided
by workers in the $0.02 and $0.10 wage treatments (the dashed lines indicate the 95% confidence
interval). The black dots indicate the forecasted differences in the average number of URL links provided
by workers in the $0.02 and $0.10 wage conditions (the whiskers indicate 95% confidence intervals).

2.2 Experiment 1B

Procedure: Experiment 1b replicates Experiment la using a different real-effort task
and further tests how differences in prediction mode impact forecasters’ decisions. To
this end, we recruited a total of 1,584 participants from Prolific. Of these, 301 partic-
ipants were recruited in the role of workers and offered different wages for completing
a real effort task that involved moving sliders across a computer screen. An additional
1,283 participants were recruited for the forecasting task. In the latter group, 1,165 fore-
casters predicted workers’ exerted effort, and 118 participants were assigned to the role
of managers who hired workers by choosing a wage. All three samples were recruited
and pre-registered separately.

The workers in the slider task received a base payment of $0.55 and were randomly
assigned to one of three wage conditions, receiving additional bonus payments of $0.01,
$0.05, or $0.10 per every 10 sliders they completed accurately. In order to complete
a slider, workers needed to drag it with their mouse to a value indicated on the left
side of the slider; sliders ranged from 1 to 300 (see Gill and Prowse 2011, for previous
uses of the task to measure real effort). The indicated values were generated randomly
between 1 and 300. Workers were given 5 minutes to complete up to 90 sliders ad
libitum. Importantly, to receive payment, workers could only proceed to the next page

of the study after 5 minutes, no matter how many sliders they decided to complete. To



ensure that workers correctly understood their task, they could only start moving sliders
after having answered a comprehension question correctly.

Forecasters were randomly assigned to one of four experimental treatments: a JP
treatment and three SP treatments. All forecasters read a description of the slider task
and practiced five slider tasks on their own. As a benchmark, we informed forecasters
in all treatments that the highest worker performance had been 87 out of 90 sliders.
As in Experiment 1A, forecasters in the JP treatment predicted the average number of
sliders completed across the three wage levels while those in the SP treatments made
predictions for one of the randomly assigned wage levels. Specifically, forecasters in the
JP treatment were asked to predict “the average number of sliders correctly completed
by participants in an online experiment who received varying levels of bonus payment in
addition to the $0.55 base rate compensation” whereas forecasters in the SP treatment
were asked to predict “the average number of sliders correctly completed by participants
in an online experiment who received a certain amount of bonus payment in addition
to the $0.55 base rate compensation.” As in Experiment 1, forecasters received an $0.50
bonus payment for accurate predictions in addition to their base payment of $0.55.

Forecasters who acted as managers were given a description of the workers’ slider task
and were tasked with hiring workers from one of the three wage groups. Specifically, the
managers were told, “as the employer, you can choose which wage group to hire the
worker from. You will be paid according to the average per-worker performance of the
group you hire, minus their per-slider wage,” and were provided with the following profit
function: P = ($0.30 - Group’s wage) x Average performance of the Group. Participants
were then told that “the higher the wage, the less profit per slider you will make. However,
higher payment may also be more motivating for the workers, so that they complete
more sliders on average. Your task is to choose a wage that you think maximizes your
profit.” To facilitate profit calculations, we inserted an online calculator for managers
to use. They then chose the group of workers from the three wage levels to hire from.
Upon completion of the study, managers were paid their corresponding profit as a bonus

payment in addition to their $0.55 base rate payment.

Results: Following the pre-registered analysis plan, we excluded data from workers who
failed to pass the comprehension check questions twice in a row (1 worker in the slider
task, 178 forecasters, and 10 managers did so). Our final sample included the responses
from 1,395 participants (300 workers, 987 forecasters, and 108 managers).

Workers’ actual effort was not responsive to increases in wages (Difference in actual ef-
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fort between $0.01 and $0.05 wages: M = —0.510,¢(196) = —0.251, p = 0.802, Cohen's d =
—0.036; Difference in actual effort between $0.05 and $0.10 wages: M = —0.304, t(198) =
—0.152,p = 0.880, Cohen's d = —0.022).

How did forecasters’ predictions compare to the workers” actual effort? Similar to Ex-
periment 1A, forecasters in the JP treatment predicted that workers would strongly re-
spond to increases in wages (Difference in predicted effort between $0.01 and $0.05 wages:
M = 8.856,t(470) = 4.787,p < 0.001, Cohen's d = 0.441; Difference in predicted effort
between $0.05 and $0.10 wages: M = 10.424,¢(470) = 5.819,p < 0.001, Cohen's d =
0.536). Unlike forecasters in the JP treatment, forecasters in the SP treatment predicted
a much more muted response to wage increases (Difference in predicted effort between
$0.01 vs. $0.05 wages: M = 1.800,t(494) = 1.079,p = 0.281, Cohen’s d = 0.097; Differ-
ence in predicted effort between $0.05 vs. $0.10 wages: M = 2.843,¢(498) = 1.795,p =
0.073, Cohen’s d = 0.187). Table 1, Column 2 shows that the forecasted wage response
was significantly smaller in the SP treatment than the JP treatment.

Mirroring Experiment 1A, forecasters in the SP treatments were fairly accurate in
predicting workers’ sensitivity to wages, whereas forecasters in the JP treatments sub-
stantially overestimated workers’ responsiveness. This difference in accuracy is illustrated
in Figure 2, which depicts actual and predicted effort responses when increasing the wage
from $0.01 to $0.05 (Panel A) and from $0.05 to $0.10 (Panel B). In both cases, forecasts
in the SP treatments did not differ from actual effort responsiveness, whereas forecasts
in the JP treatment predicted much greater sensitivity. Table A5 in Appendix A cor-
roborates these differences in accuracy within a regression framework.

We now turn to the decisions of the managers. From the workers’ actual effort, we
can calculate the expected profit of hiring a worker from a specific wage group. It is
straightforward to show that it is profit-maximizing to hire a worker from the lowest
wage group of $0.01. Beliefs in the SP treatments would predict this choice as well: if
workers are predicted to be relatively insensitive to wage increases, then $0.01 is the
profit-maximizing wage choice. At the same time, if workers’ performance responded to
wage levels in line with beliefs in the JP treatment, then the middle wage of $0.05 is
profit maximizing in expectation.

Figure 2 (Panel C) depicts the wage choices of the managers. The majority (55%)
indeed chose to hire workers from the $0.05 wage level, consistent with beliefs elicited in

the JP treatment. This led to significantly lower profits than those expected under the
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profit-maximizing wage level®.

(A) Standard Incentive ($0.01) vs. ($0.05) (B) Standard Incentive ($0.05) vs. ($0.1)
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Figure 2. Forecasting Accuracy and Wage Choice in Experiment 1B

Notes: Panel A & B: The solid red lines indicate the observed differences in the average number of
sliders completed by workers in the $0.01 and $0.05 (Panel A) and the $0.05 and $0.10 wage treatments
(Panel B). The dashed lines indicate 95% confidence intervals, and the black dots indicate the predicted
differences in the average number of sliders completed (whiskers indicate 95% confidence intervals).
Panel C: Managers’ choices of wage levels.

Our first two experiments showed that forecasters predicted greater responsiveness
to treatment variation when in joint prediction mode than in separate prediction mode.
The latter more accurately matched people’s actual responses to the variation, both in
a task where actual effort was sensitive to increases in wages (Experiment 1A) and in a
task where actual effort was relatively insensitive (Experiment 1B). Moreover, forecast
errors were consequential for decisions, leading managers in joint prediction mode to

systematically deviate from the profit-maximizing benchmark.

® The expected profit at the profit-maximizing wage was $12.76. The average profit of managers in our
experiment was $10.41, which is significantly less than the expected profit at the profit-maximizing
wage (one-sample t-test, t = —17.97,p < .001).
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3 Experiment 2

Our third experiment aims to provide evidence for the discrepancy of forecasts made
in joint versus separate prediction mode in the context of predicting scientific findings.
For this purpose, we build on the work of Dellavigna and Pope (2018), who conducted a
large online study in which participants in the role of workers completed a real-effort task
under different incentive levels, and expert forecasters predicted workers’ performance
under the different payment schemes. Building on this work, we collected data from par-
ticipants in the role of workers and had them perform the task adopted from Dellavigna
and Pope (2018) under four of the incentive levels tested in the original paper. We then
asked participants recruited from the same platform to predict the workers’ performance

under the four incentive schemes, elicited in the JP or SP treatments.

Procedure: We recruited a total of 3,374 participants from Prolific and Mechanical
Turk. Of these, 1,964 participants were recruited for the real-effort task and 1,225 were
recruited for the forecasting task. Both samples were recruited and pre-registered sepa-
rately.

Participants in the role of workers performed the same real-effort task as those in
Dellavigna and Pope (2018), which consisted of successively entering the letter com-
bination “ab.” We instructed participants to alternately press the “a” and “b” buttons
on their keyboard as quickly as possible for 10 minutes and explained that they would
receive a point for each “ab” combination they entered. The instructions also explained
that copy-pasting the letters into the text box was not possible.

Workers completed the task under either standard incentives that paid them a piece
rate based on their performance (Standard Incentive treatments), or prosocial incentives
that tied performance to charitable donations (Imas, 2014). Specifically, in the Standard
$0.01 ($0.10) Incentive treatment, workers learned that “As a bonus, you will be paid
an extra 1 (10) cents for every 100 points that you will score.” In the Prosocial $0.01
(30.10) Incentive treatment, workers’ effort was tied to a charitable contribution, and
workers learned that "The Red Cross will be given 1 (10) cent for every 100 points that
you score."

Forecasters learned about the “ab” typing task and practiced it themselves before
making predictions. Forecasters in the JP treatment were asked to predict the average
amount of points earned by workers across all four incentive conditions; forecasters in
SP treatments were randomly assigned to predict the average amount of points earned

by workers in one of the four incentive conditions. The JP treatment thus follows the
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forecasting design of DellaVigna and Pope (2018), as well as other forecasting studies in
the literature (see e.g., Dreber et al. 2015; Gordon et al. 2021)

We informed forecasters that “Individual scores for this task ranged from 0 to 5,246
points with only 8 people out of nearly 1,961 scoring above 4,000.” In order to incentivize
participants for accuracy, we followed DellaVigna and Pope (2018) and told participants
that five participants would be randomly selected to win a bonus based on the accuracy

of their forecasts, calculated as ($100 - mean squared error/2,000).

Results: Following the pre-registered analysis plan, we excluded data from workers
who failed to pass the comprehension check questions (3 workers and 19 forecasters).
Our final sample included the responses from 3,167 participants (1,961 workers and 1,206
forecasters).

Workers’ effort choices did not significantly respond to increases in standard incen-
tives (Difference in actual effort: M = —48.0,¢(986) = —1.25,p = 0.212, Cohen's d =
—0.0794) nor prosocial incentives (Difference in actual effort: M = —70.4,t(971) =
—1.75,p = 0.0812, Cohen's d = —0.112).

Can forecasters predict workers’ responses to both standard and psychological in-
centives? As in Experiments 1A and 1B, forecasters in the JP treatment predicted
substantial effort responses to increases in standard incentives (Predicted difference:
M = 263.34,1(462) = 7.52,p < .001, Cohen's d = 0.698) and prosocial incentives (Pre-
dicted difference: M = 149.26,¢(462) = 4.23,p < .001, Cohen’s d = 0.393)° The latter
result is in line with Dellavigna and Pope (2018) who found that forecasters predicted
significant effort differences in response to increases in prosocial incentives.

In contrast to forecasters in the JP treatment, those in the SP treatment predicted
much more muted responses for both incentive types. For standard incentives, forecasters
in SP treatment predicted a marginally significant increase in effort (M = 53.18,¢(491) =
1.67,p = 0.0961, Cohen's d = 0.15); for prosocial incentives, they predicted a slight
decrease in effort (M = —81.07,t(479) = —2.60,p = 0.010, Cohen's d = —0.237). As
shown in Table 2, predicted effort responses in the SP treatments were significantly

smaller across both incentive types compared to the JP treatment.

6 The observed difference between the predicted effort under the low and high prosocial incentives in
Dellavigna and Pope (2018) was remarkably similar (Mg, r; = 103) to the difference that we observed
among our predictors (Mg, sy = 149.26).
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Table 2. Forecasts in the JP and SP treatments in Experiment 2

Prediction

(1) (2)

Standard Incentive Prosocial Incentive

Constant 1 638.06*** 1 489.03%**
(25.53) (25.24)
$0.10 Incentive 263.34*** 149.26%**
(35.00) (35.30)
Separate Prediction 105.06%** 299.38***
(34.57) (32.97)
$0.10 Incentive x Separate Prediction -210.17%** -230.33%**
(47.36) (47.08)
Observations 957 945

*p <01, ** p <0.05 ***p < 0.01

Notes: This table reports results from OLS regression, with robust standard errors in parentheses. The
outcome measure is predicted performance scores. $0.10 Incentive is a binary indicator coded as 1 when
the incentive was $0.10 and 0 when it was $0.01. Joint Prediction Mode is a is a binary indicator coded
for forecasting data in the JP treatment and 0 for forecasting data in the SP treatment. Data from the
JP treatments is treated as statistically independent to make it comparable to the forecasts in the SP
treatments to observed (actual) effort.

Figure 3 shows that forecasters in the SP treatments were relatively accurate in
predicting workers’ sensitivity to standard (Panel A) and prosocial incentives (Panel
B); neither estimate differs significantly from actual effort responses. In contrast, fore-
casters in the JP treatment substantially overestimated workers’ responsiveness to both
standard and prosocial incentives. Table B2 in Appendix B presents regression results
corroborating this difference in forecasting accuracy. Together, the findings from Exper-
iment 2 suggest that prediction mode is an important determinant of accuracy in the

forecasting of scientific results.
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Figure 3. Forecasting Accuracy in Experiment 2

Notes: The solid red lines indicate the observed differences in the average number of points achieved
by workers in the $0.01 and $0.10 standard (Panel A) and the $0.01 and $0.10 prosocial incentive
treatments (Panel B). The dashed lines indicate 95% confidence intervals, and the black dots indicate
the predicted differences in the average number of points achieved (whiskers indicate 95% confidence
intervals).

4 Discussion

This paper examines how joint versus separate prediction mode impacts forecasts of
causal effects. Three experiments show that when people evaluate the potential impact
of variables jointly, they predict larger differences in outcomes than when the same pre-
dictions are made for each variable in isolation. In the first two experiments, forecasters
in joint prediction mode predicted much larger worker responses to wage increases than
those in separate prediction mode, and the latter were much closer to workers’ actual
responses. We show that this difference in forecasting accuracy can be costly, as peo-
ple choosing wages in joint prediction mode overshot the profit-maximizing option. We
also explore the implications of separate versus joint predictions for the forecasting of
scientific results. Forecasters in joint prediction mode predicted larger treatment effects
than those in the separate prediction mode, and were less accurate in their predictions
of responses to both standard and psychological incentives.

While most of our evidence suggests that separate prediction mode—which more
closely aligns with the decision environment of agents—Ileads to more well-calibrated
forecasts of behavioral responses, this may not always be the case. The accuracy con-
sequences of prediction modes likely depend on the mental model of the forecaster:
separate prediction mode is likely to generate more accurate forecasts when agents make
decisions in response to one variable realization. When agents are experienced or are

given information about multiple variable realizations, joint prediction mode is likely
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to produce more accurate forecasts. As such, while joint predictions will almost always
lead to larger differences in outcome forecasts than separate predictions, the accuracy
consequences depend on the agents’ experience, the extent to which they engage in
counterfactual thinking, and the decision environment.

Additionally, there may be other benefits for using joint prediction mode that lead
it to be used for forecasting in practice. One important factor is power. Joint prediction
mode allows one to elicit forecasts across all realizations of interest from one individ-
ual; separate prediction mode naturally requires recruiting different individuals to make
forecasts for each realization. In a setting where, for example, a researcher is interested
in eliciting expert forecasts and the expert pool is small, the use of separate prediction
mode may not be feasible. Additionally, it may be the case that the researcher is only
interested in forecasting the ranking of interventions rather than the size of behavioral
responses. Joint forecasting mode may be more accurate for the former than the latter.

Future research should explore the psychological mechanism that generates differ-
ences between prediction modes. While our results suggest that joint versus separate
prediction modes lead to differences in mental representations of counterfactual variable
responses, the specific channel that generates forecast differences is unclear. One poten-
tial mechanism is a contrast effect (Pepitone and DiNubile, 1976; Hartzmark and Shue,
2018), where forecasters project salient differences in variable levels to differences in
the resulting outcomes. Another possibility may be that joint versus separate prediction
mode prompts forecasters to use different scales when predicting responses (Goldstein
and Einhorn, 1987). For example, while people in the joint prediction mode may view
the given differences in variables as meaningful, those in the separate prediction mode
require larger differences to generate the same response. Finally, forecasters in joint pre-
diction mode may simulate a different set of agents’ preferences than those in the separate
prediction mode—a phenomenon termed distinction bias (Hsee and Zhang, 2004). A bet-
ter understanding of the underlying mechanism has the potential to illuminate which

prediction mode will lead to more accurate forecasts in a given context.
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Appendix A. APPENDIX A: INSTRUCTIONS AND ADDITIONAL ANAL-
YSIS FOR EXPERIMENTS 1A AND 1B

A.1 INSTRUCTIONS

INSTRUCTIONS
Please pay attention to the instructions carefully,

Today you will perform a slider task,

In this task, you will see a screen with sliders on it. You will have 5 minutes to move as
many sliders as you can to the value indicated. Each slider you move to the value
indicated is considered completed. You should only use your mouse to move sliders by
clicking and dragging on the slider — using the keyboard is not allowed,

You will earn 55{e:/IField/cond} dollars per every 10 sliders you successfully
complete in addition to the base payment of $0.55. Note that only accurate
perfarmance will be counted for your compensation.

The picture below shows you the slider task. The value that you need to move each
slider to appears to the left of the slider. Dragging the slider changes the value on the
right. Match the walue on the right to the one on the left to complete the slider. You can
complete sliders in any arder you like.

Complgted slider

Slidder «.i; ; " /

23z L 243
177 L 3 177
144 i@

107 @ *“"""-—. Mawe shder to complee i

Welcome to the Slider Task. You have five minutes to complete as many of the sliders as
possible. For each of the sliders below, please use the mouse to move the slider to the
value indicated.

¥ou will be able to proceed to the next page after 5 minutes.

a 300

45

78

29

a
L4

21
Figure A.1. Experiment la: LINK SEARCH TASK INSTRUCTIONS



A.2 ADDITIONAL ANALYSES FOR EXPERIMENTS 1A AND 1B

Table A.1. DESCRIPTIVE STATISTICS OF ACTUAL AND PREDICTED EFFORT
ON THE IMAGE COLLECTION TASK IN TWO WAGE GROUPS in EXPERIMENT

1A
Type Wage N Mean SD SE Median
$0.02 435 13.25 12.38 0.59 10
Actual
$0.10 476 15.82 12.30 0.56 15
o $0.02 399 1890 7.95 0.40 21
Separate Prediction
$0.10 397 20.76 6.99 0.35 21
, o $0.02 398 14.21 7.78 0.39 13
Joint Prediction
$0.10 398 22.65 6.67 0.33 24

Table A.2. TREATMENT DIFFERENCES IN ACTUAL AND PREDICTED EF-
FORT LEVELS IN EXPERIMENT 1A

Treatment Difference 30.02 - $0.10 Incentive

Actual Behavior

Separate Prediction

Joint Prediction

Maig(Claig), N

2.387(0.822, 3.951), 911

1.853(0.812, 2.895), 796

8.442(7.434, 9.451), 796

£=2.994, p=0.003

t=3.494, p<0.001

t=16.434, p<0.001

Notes: t-tests are independent tests. In all our analyses, we treat data from the joint predictions as
statistically independent so they are comparable to the separate predictions and observed (actual)

effort levels.

22



Table A.3. DESCRIPTIVE STATISTICS OF ACTUAL AND PREDICTED EFFORT

ON THE SLIDER TASK IN THREE WAGE GROUPS in EXPERIMENT 1B

Actual Effort
(N = 300)

Predicted Effort
in Separate Predictions
(N = 751)

Predicted Effort
in Joint Predictions
(N = 236)

Wage Choice
(N = 108)

Mean Effort . Mean Profit
Wage N (SD) Median Effort (SD)
44.00 12.76
$0.01 100 (13.81) 45.5 (4.00)
43.49 10.87
$0.05 98 (14.83) 42 (3.71)
43.19 8.64
$0.10 102 (13.46) 43 (2.69)
Calculated
Wage N Me?gg)ﬁ ort Median Effort Average Profit
(SD)
55.50 16.10
$0.01 251 (18.85) 56 (5.47)
57.30 14.33
$0.05 245 (18.31) 60 (4.58)
60.15 12.03
$0.10 255 (17.10) 60 (3.42)
Calculated
Wage N Mea;ré]?)ﬁ” ort Median Effort Average Profit
(SD)
44.93 13.03
$0.01 236 (21.29) 43 (6.17)
53.79 13.45
$0.05 236 (18.82) 55 (4.71)
64.21 12.84
$0.10 236 (20.08) 68.5 (4.02)
Choice Share Mean Profit
Wage N (%) (SD)
$0.01 14 12.96 - -
$0.05 60 55.56 - -
$0.10 34 31.48 - -
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Table A.4. TREATMENT DIFFERENCES IN ACTUAL AND PREDICTED EF-
FORT LEVELS IN EXPERIMENT 1B

Treatment Difference $0.01 - $0.05 Incentive

Actual Behavior ‘ Separate Prediction ‘ Joint Prediction
Maia(Claig), N
-0.510(-4.526, 3.505), 198 \ 1.800(-1.479, 5.079), 496 \ 8.856(5.221, 12.491), 472
t=0.251, p=0.802 |  t=1.079, p=0.281 | t=4.787, p<0.001
Treatment Difference $0.05 - $0.10 Incentive

Actual Behavior ‘ Separate Prediction ‘ Joint Prediction
Maig(Claig), N
-0.304(-4.251, 3.643), 200 \ 2.843(-0.268, 5.954), 500 \ 10.424(6.903, 13.944), 472
t=0.152, p=0.880 |  t=1.795, p=0.073 |  t=5.819, p<0.001

Notes: t-tests are independent tests. In all our analyses, we treat data from the joint predictions as
statistically independent so they are comparable to the separate predictions and observed (actual)
effort levels.
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Table A.5. PREDICTION ACCURACY:

EXPERIMENT 1A AND EXPERIMENT

1B
Accuracy
Experiment 1A  Experiment 1B
(1) (2)
Constant 13.25%** 44.00%**
(0.59) (1.38)
Joint Prediction 0.96 0.93
(0.71) (1.95)
Separate Prediction 5.65%** 11.50%**
(0.71) (1.82)
$0.1 Incentive 2.5T*** -0.81
(0.82) (1.91)
$0.1 Incentive x Joint Prediction 5.8T*** 20.09***
(0.97) (2.70)
$0.1 Incentive x Separate Prediction -0.72 5.46%*
(0.98) (2.50)
$0.05 Incentive -0.51
(2.03)
$0.05 Incentive x Joint Prediction 9.37***
(2.75)
$0.05 Incentive x Separate Prediction 2.31
(2.63)
Observations 2503 1759
$0.1 Incentive x Joint = $0.05 Incentive x Joint p<0.001
$0.1 Incentive x Separate = $0.05 Incentive x Separate p=0.218

Notes:This table reports results from OLS regression, focusing on actual effort and the corresponding
forecasts in experiments 1A and 1B. The outcome measure is actual/predicted effort levels. $0.10 In-
centive is a binary indicator coded as 1 when the incentive was $0.10 and 0 otherwise. $0.05 Incentive is
a binary indicator coded as 1 when the incentive was $0.05 and 0 otherwise. Joint Prediction Mode is a
binary indicator coded as 1 for JP and 0 otherwise. Separate Prediction Mode is a is a binary indicator
coded as 1 for SP and 0 otherwise. The accuracy of forecasts is hence indicated by the product term of
the wage and prediction mode dummies. Robust standard errors are reported in parenthesis.
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Appendix B. APPENDIX B: INSTRUCTIONS AND ADDITIONAL ANAL-
YSES FOR EXPERIMENT 2

B.1 INSTRUCTIONS (Low Standard incentive Treatment)

This task involves allomately pressing the “a® and *b* buticns on your keyboard s quickly ws possible (therelore, any
many “ab"s as possible) for 10 minutes. You will nol be able lo copy-paste anything into the bext box

Every time you successfully press the "a” and then the “B" button, you will recehve & poinl, Mole hat paints will only bs
rewarded whan you aliernate bution pushes, that is, just pressing the *a" or "b® bution without altermating between the
tweo will mot result in points. Butions must be pressed by hand only (key-bindings or automated bubion-pushing
programs/scripts cannat be used). Feel free io score as many points as you can.

In addition, you will NOT get a point if another lether or space is ontered botween the "a® and "b" (e.g.. "axb® or "a b").
You will MOT get a point for typing the beo leflers in reverse order (.., "ba”). Also, you will NOT get a point if you
capilalize one letler or both, 0 make sune your caps lock is off (e.g., “"Ab", "aB", or "AB").

Howvenver, you will not be penalized in any way by nol comectly enfering “ab® consacutivedy - it will jusi take additional
timea away from your goal bo score a5 many poinks as possible.

You have an opportunity fo make additional monay for yourself. This amount will depend on how wall you parform on the
task, That is, you will be paid extra 10 cents for every 100 points that you score, Mato thal this sfudy invohves real

stakes, moaning you will recaive this amaount as a bonus payment after the conclusion of this sludy. Ramember, for
gviry 100 points that you scone, you will earm 10 cents,

Figure B.1. Experiment 2: INSTRUCTIONS
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Table B.1. DIFFERENCES BETWEEN ACTUAL AND PREDICTED EFFORT
LEVELS IN STANDARD AND PROSOCIAL INCENTIVES TREATMENTS

Standard Incentive

Difference in Actual/Predicted Effort Levels between High and Low Standard Incentive

Actual Behavior ‘ Separate Prediction ‘ Joint Prediction

Maig(Clag), N

-48.042(-123.557, 27.473), 988 | 53.175(-9.498, 115.849), 493 | 263.341(194.551, 332.130), 464
t—-1.248, p—0.212 t—1.667, p—0.096 t—7.523, p<0.001

Prosocial Incentive

Difference in Actual/Predicted Effort Levels between High and Low Prosocial Incentive

Actual Behavior ‘ Separate Prediction ‘ Joint Prediction

Maig(Clag), N

-70.418(-149.569, 8.734), 973 | -81.065(-142.273, -19.857), 481 | 149.263(79.892, 218.633), 464
t—-1.746, p—0.081 t=-2.602, p—0.010 t=4.228, p<0.001

Notes: (i) In the standard incentive treatments, My;rs (Clyisy) indicates the mean and standard devi-
ation of the mean effort levels between the high and low standard incentive treatments. In the prosocial
treatments, it means the mean and standard deviation of the mean effort levels between the high and
low prosocial incentive treatments. (ii) t-tests were independent t-tests. In all our analyses, we treat
data from the joint predictions as statistically independent so they are comparable to the separate
predictions and observed (actual) effort levels. Forecasters in the Joint Prediction Mode treatment pre-
dicted that increasing incentives
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Table B.2. PREDICTION ACCURACY

Accuracy

(1) (2)

Standard Incentive Prosocial Incentive

Constant 1 656.64*** 1 511.12%**
(29.15) (27.04)
$0.10 Incentive -48.04 -70.42%*
(38.57) (40.40)
Joint Prediction Mode -18.59 -22.09
(38.74) (36.98)
Separate Prediction Mode 86.47** 277.30%**
(37.32) (34.36)
$0.10 Incentive x Joint Prediction Mode 311.38%** 219.68%**
(52.07) (53.64)
$0.10 Incentive x Separate Prediction Mode 101.22%* -10.65
(50.04) (51.01)
Observations 1945 1918
Incentive x Joint = Incentive x Separate P<0.001 P<0.001

*p < 0.1, ** p < 0.05, ***p < 0.01

Notes: This table reports results from OLS regression, focusing on actual effort data from the “ab”
typing study and the corresponding forecasts from the Forecasting study. The outcome measure is
actual/predicted effort levels. $0.10 Incentive is a binary indicator coded as 1 when the incentive was
$0.10 and 0 otherwise. Joint Prediction Mode is a binary indicator coded as 1 for JP and 0 otherwise.
Separate Prediction Mode is a is a binary indicator coded as 1 for SP and 0 otherwise. The accuracy
of forecasts is hence indicated by the product term of the wage and prediction mode dummies. Robust
standard errors are reported in parenthesis.
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