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A Appendix

A.1 GPUCB-PE Algorithm

The Gaussian Process Upper Confidence Bound-Pure Exploration (GPUCB-PE) search algorithm
is described herein. In our case, the algorithm iteratively searches different points on an information
landscape where each point is a coordinate, a pair of parameter values (A, π) that together define
a single experimental design, θ. The value associated with any given point in this landscape is the
information gain, I(x, θ), defined in Equation 2 in the main text.

1. Sample an initial number of points from the landscape and calculate the associated information
gain, I(x, θ), of each.

2. With these initial points, use Gaussian Processes to construct an estimate, ŷ, for the value of
each other point in the landscape, along with the variance, σ̂, associated with each ŷ estimate.

3. GPUCB-PE is associated with two types of search: a “UCB” search and a “PE” search. Each
iteration of the algorithm performs one search at the coordinate associated with the highest
ŷ + UCB value, where UCB is the upper confidence bound defined using the σ̂ from the
Gaussian Process in Step 2.

4. The algorithm then selects k “pure exploration” (PE) points to search (for more complex
landscapes a higher k may be needed, providing more exploration and making the algorithm
more likely to converge to the global maximum). Each PE search selects a point in the
landscape with the highest σ̂ value within a “relevant region” so as to minimize the most
uncertainty in the estimate of the landscape1

∗c.riedl@neu.edu
1Note: the “relevant region” is introduced so as to avoid searching points that have high uncertainty, σ̂, but low

value, ŷ. The region includes every point with a ŷ+UCB value that is higher than the point with the largest ŷ−LCB
value, the largest lower confidence bound). See [2, 3] for a more detailed description of the PE step in GPUCB-PE.
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Figure A.1: Schematic representation of the GPUCB-PE algorithm. Gaussian Process
regression has recently emerged as an effective tool for searching complex landscapes. As such, there
are numerous software packages that simplify this task. In the current work, we rely on the GPfit
package in the R statistical computing library [1], making the computations behind Step 2 (using
GP, estimate ŷ and σ̂) straightforward.

5. The algorithm then calculates the I(x, θ) of each newly sampled point and runs another
Gaussian Process model, producing new estimates for ŷ and σ̂ that account for the addition
of the new points.

6. The algorithm continues from Step 3 unless the stopping rule is satisfied. This stopping rule
is based off of a modified Spearman rank correlation coefficient, comparing the relative values
of each of the points in the previous estimate of the landscape to the ranking of the same
points in the current estimate of the landscape. This measure quantifies the dissimilarity
between subsequent estimates of the landscape. The GPUCB-PE algorithm will stop if that
measure is less than the stopping parameter, ρ, for a number of iterations in a row, L. These
two values are, in practice, set to be L = 4 and ρ = 0.001. This stopping rule ensures that
the GPUCB-PE algorithm will not continue to search uninformative points on the landscape,
which is usually associated with its convergence on the global maximum in the landscape.

See Figure A.1.
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A.1.1 Parameter-Sampled GPUCB-PE Regret

Figure A.2: Relationship between the number of sampled datasets per search in
Parameter-Sampled GPUCB-PE (1000, 5000, or 10,000), the number of iterations
needed to converge, and the regret (each simulated 200 times). Sampling more datasets
tends to require more searches in order for the algorithm to converge, while also further minimizing
regret. Note: the differences in regret in this plot are due to the fact that sampling fewer datasets
produces a relatively-higher mean squared error, but crucially, each of these simulations converged
to the true global maximum (π = 0.5 and A = 2.0). The reason that these curves end up stabilizing
at this optimal coordinate but different regret values is due to the nature of the information surface
being searched and the differences in the distributions of likely datasets from the differently sized
samples (1000, 5000, or 10000). If the variation in likely datasets did not differ greatly over these
different conditions, the final regret values would be closer together. Conversely, with high variance
in the distribution of likely datasets, we would expect these curves to be much farther apart.
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A.1.2 Parameter-Sampled GPUCB-PE Information Surface with Four Models

Figure A.3: Information surface generated by comparing four models. By taking the
average KL divergence between the likelihoods generated by each model we tested (including Model
4—the basic reinforcement learning model), we find an optimal experimental design that is consistent
with the optimal experiment found in Figure 3, at approximately A ≈ 2 and π ≈ 0.5.

A.2 Expert Prediction Survey

We implemented a Qualtrics survey for two weeks in early December 2017 in order to query the
788 experts in behavioral economics and digital experimentation. The survey was approved by
Northeastern IRB (#17-11-20) and tested before its launch in an internal pilot with researchers
from Northeastern University. These researchers reported high confidence in the understanding of
the questions. Below is the text used in the email recruitment for the survey and the survey itself.
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A.2.1 Recruitment Email Text

Dear colleague:

We are researchers at the Network Science Institute at Northeastern University, and we would like
to invite you to participate in a web-based online survey.

This study is about experimental design, and we are especially interested in how experts design
experiments and make predictions about an experiment’s outcomes. This survey is anonymous and
is intended for academics in Economics and related disciplines. It is intended to take no more than
7 minutes.

Click here to start the survey.

On behalf of the Collaborative Social Systems Lab at Northeastern University, thank you very much
for your time!

Sincerely,
Christoph Riedl, Assistant Professor and Principle Investigator
Stefano Balietti, Post-doc and Co-Principle Investigator
Brennan Klein, PhD Student and Research Assistant

A.2.2 Survey Text

Introduction: Imagine you are a researcher who wants to study human behavior in a simple, two-
player, repeated interaction game played over the course of three rounds. To do this, you decide to
run an experiment that seeks to uncover a model that best describes human behavior. You believe
there are four candidate models that may describe human behavior, and you are trying to find out
which of them best explains the behavior of participants in this game. We will ask you to choose
values for two experimental parameters, A and p, for the game that you believe will maximally
distinguish the predictions of the four models. That is, you want to design the experiment such
that it has the highest power to decide which model is most likely. We will then ask you to report
which of the four models you think will best describe participants behavior in this game. First, we
will ask you a few brief questions about your demographic information and education background2.
Next, we will describe a simple incomplete information game played in pairs.

The Game: In this game, there are two possible states of the world, a and b. The game starts
with nature selecting state a with probability p and state b with probability 1 - p (p is common
knowledge). Player 1 is informed about the state of the world, while Player 2 is not. Player 1 then
chooses to Stop or Go. Stop ensures that both players receive a payout of 1, regardless of the state
of the world. If Go is selected, it is Player 2’s turn to select Left or Right. Finally, depending on
the state of the world, Player 1 and Player 2 are given payouts according to those in Fig. 2. This
game is repeated for three rounds.

Your task is to choose values for the experimental parameters A and p.
2Here, we asked participants to provide their current academic position, the country of their current academic

institution, up to three research specialties, and their gender.
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• A is the maximum payout that either player can receive

• p is the probability that the state of the world is a

The values you choose for A and p should maximally distinguish the predicted behavior of partic-
ipants under each of the four models. That is, you want to pick values for A and p such that the
predictions generated by the four models will be most different. On the following page, you will see
descriptions of the four models.

The Models: 3

• Model Q: Each player plays the Bayes-Nash Equilibrium of the game. In this model, each
player predicts the other’s actions by forming beliefs about p (which determines the state of
the world) and updating those beliefs after each round of play, based on the outcomes they
have observed.

• Model R: Similar to Model Q, but Player 2 does not update their beliefs about the state of
the world. In this model, each player predicts the other’s actions by forming beliefs about p
(which determines the state of the world) and updating those beliefs after each round of play,
based on the outcomes they have observed.

• Model S: Each player engages in fictitious play to construct beliefs about their opponents’
actions. In this model, each player keeps track of the state of the world and the actions taken
by each player in every round they have played. They use this information to make predictions
about p and what actions they should take in the current round.

• Model T: Each player engages in Roth-Erev Reinforcement Learning. In this model, a player
is more likely to repeat an action if it had a positive outcome in the past. The propensity to
select an action is a discounted sum of reinforcements obtained from playing the same action
previously.

Your Prediction: Each of the four models assigns different likelihoods to the actions of Player
1 and Player 2. In order to distinguish between the four models, you will need to choose the
experimental design where the predictions of the four models are most different. This way, the data
that you collect in your experiment will isolate one model as being more likely than the other three.

• What is your prediction for the best value of A? The values of A range from 2.0 ≤ A ≤ 6.0.

(text box)

• How confident are you in your prediction about A?

(from 1 to 5)

• What is your prediction for the best value of p? The values of p range from 0.0 < A < 1.0.

(text box)
3Note: because these models are rather conventional in the behavioral sciences, we did not include the full

mathematical formulation of each model. Additionally, we were eliciting these experts’ opinions and wanted to avoid
them performing a full statistical analysis to arrive at their answers.
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• How confident are you in your prediction about p?

(from 1 to 5)

• Please rank the following four models based on which model do you think will best describe
the participants’ behavior in the experiment you’ve proposed. Here, a rank of 1 is the most
likely, and 4 is the least likely. NOTE: The names of the models (Q, R, S & T) have been
randomized and should not reflect the model’s ranking at all.

(dropdown, from 1 to 4)

• How confident are you in this ranking?

(from 1 to 5)

• Optional: In the text box below, please provide 2-3 sentences about why you chose the model
that you did.

(text box)
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A.2.3 Survey Data

Partial Completion Full Completion

Response Rate 0.18 0.07
Primary Field (select up to 3)

Behavioral Economics 0.30 0.29
Game Theory 0.17 0.16
Microeconomics 0.12 0.10
Labor Economics 0.07 0.08
Developmental Economics 0.04 0.02
Information Economics 0.04 0.04
Econometrics 0.03 0.03
Financial Economics 0.03 0.04
Business Economics 0.03 0.03
Theoretical Economics 0.02 0.01
Macroeconomics 0.01 0.03
International Economics 0.01 0.01
Other 0.13 0.16

Academic Rank
Full Professor 0.09 0.03
Associate Professor 0.16 0.05
Assistant Professor 0.36 0.16
Lecturer 0.03 0.01
Postdoctoral Researcher 0.10 0.04
PhD Student 0.14 0.06
Prefer not to say 0.01 0.01
Other 0.10 0.03

Gender
Male 0.71 0.73
Female 0.27 0.24
Prefer not to say 0.02 0.03
Other 0.00 0.00

Modal Parameter Value
π 0.50 0.50
A 6.00 6.00

Total Response Times
Median – 10.93 min.
Mean – 105.02 min.
Mean (removing > 6hr.) – 16.23 min.

Table 1: Data about experts who responded to our survey (788 contacted).

The goal of the survey was to elicit the expert’s wisdom about the best combination of A (i.e.,
payoff) and π (i.e., likelihood of state of the world being a) parameters; we find that a bit less than
half of respondents converged to A=6 and π = 0.5 (25 out 55).
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(C) Seniority vs. confidence in A.
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(D) Confidence vs. value of π.
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(F) Seniority vs. confidence in π.

Figure A.4: Confidence, seniority and estimates of A (top row) and π (bottom row).
All points are jittered; blue lines are linear regression fits and shaded areas are 95% CI. Seniority is
coded as follows: 1=PhD Student, 2=Postdoc, 3=Other, 4=Lecturer/Assistant Professor, 5=Asso-
ciate Professor, 6=Full Professor (where information was available we manually coded the value of
seniority for respondents who selected ’Other’).

A.2.4 Confidence, seniority and experts’ estimates

Herein, for the sake of completeness, we report additional findings about the relationship between
experts’ seniority, confidence, and their estimates.

Fig. A.4 shows these associations, none of which is statistically significant in our sample.
Nonetheless, it is worth noting a couple of points: i) more senior researchers tend to be less confident
in the estimates of A and π, ii) for the estimate of parameter A, where the experts disagree with
the algorithm, we find a significant interaction effect between confidence and seniority. Seniority
counteracts the upward pull of confidence on the estimate of A in the direction chosen by the algo-
rithm (see Table 2); however, this effect is not strong enough, and the resulting estimate of A still
far from the algorithmically optimal point.

Finally, Fig. A.5 suggests a slight preference for the reinforcement model (Model 4) by more
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Model 1 Model 2 Model 3
(Intercept) 4.36∗∗∗ 2.72∗∗ 2.32∗

(0.65) (0.98) (1.13)
Confidence 0.16 0.87∗ 0.85∗

(0.15) (0.36) (0.36)
Seniority −0.03 0.41+ 0.43+

(0.13) (0.24) (0.25)
Confidence x Seniority −0.19∗ −0.19∗

(0.09) (0.09)
Location US 0.06

(0.45)
Gender Male 0.39

(0.46)

R2 0.02 0.11 0.12
Adj. R2 -0.01 0.05 0.03
Num. obs. 55 55 55
RMSE 1.49 1.44 1.46
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1

Table 2: Linear regression predicting the value of A chosen by experts.

junior researchers, but the difference is not significant.
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Figure A.5: Average model rankings by junior (PhD/postdoc) vs. senior researchers.
Lower values mean that a model is expected to fit the data better than others. Error bars: 95% CI.

A.2.5 Attrition and dropouts in the experts survey

We performed statistical analysis to check possible differences between those who completed the
survey and the rest of the invited sample. We modeled four logistic regressions predicting the
binary outcome completion/not completion of the survey for four independent variables: gender
(binary), region (North America, Europe, Asia, Other), position (7 levels, as reported above), and
seniority (1-6 index, as reported above).

We find no significant difference between people who started the survey (N=147) and completed
it vs. dropped out. When using the full invited sample (N=788), we still find no significant difference
for gender and region. However, we find that more senior people are less likely to start the survey.
Full details in Table 3.

A.3 Stop-Go Experiment

We ran a total of 7 sessions for 5 experimental designs between Jan 18 and Jan 29 2018. We first ran
the experimental design “Replication” (A = 3.33 and π = 0.5) with group size of 10 participants—as
in the original El-Gamal & Palfrey (1996) paper. However, this session experienced one dropout,
which required us to re-run it. We then decided to start all next sessions with an overbooked group
size of 14 participants, from which we could bootstrap groups of 10-player datasets. Even so, the
experimental design “Lowest Information” (A = 6 and π = 0.2) experienced a dropout early on in
the game, which required us re-run it.
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Start 1 Start 2 Finish 1 Finish 2
(Intercept) −0.74∗∗ −0.51∗ −0.09 −0.48

(0.25) (0.25) (0.42) (0.46)
Seniority −0.24∗∗∗ −0.01

(0.06) (0.12)
Postdoctoral Researcher 0.67 −0.32

(0.44) (0.67)
Other Position −1.43∗∗∗ −1.01

(0.40) (0.79)
Lecturer −2.15∗∗∗ −1.01

(0.57) (1.23)
Assistant Professor −0.25 −0.21

(0.30) (0.50)
Associate Professor −0.53 −0.86

(0.34) (0.61)
Full Professor −1.74∗∗∗ −0.83

(0.38) (0.72)

AIC 705.62 746.72 204.10 198.36
BIC 738.30 756.06 225.03 204.34
Log Likelihood -345.81 -371.36 -95.05 -97.18
Deviance 691.62 742.72 190.10 194.36
Num. obs. 788 788 147 147
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 3: Logistic regression predicting start and completion of the survey by seniority
and position. “Start” models use the full sample and predict the odds of starting the survey;
“Finish” models use only respondents who started the survey and predict the odds of completing it.
Omitted regressions for Region and Gender, which are never significant.
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In total, we only had two dropouts, a rate which is lower than in many other online group-
behavior experiments [4, 5]. We cannot, therefore, draw any meaningful correlation with behavior
and characteristics of dropouts, but we report here some additional information. Dropout 1 hap-
pened in the mid-paying treatment (A = 3.33) and was a Red player who disconnected before taking
any decision; Dropout 2 happened in a high-paying treatment (A = 6) and was a Red player who
disconnected in the first round, after taking a decision.

To ensure that our experiment provided equal earning opportunities for all players, we replaced
dropouts with automated players (bots). This allows all players in a session to finish the experiment,
even if another player got disconnected or dropped out. Bots replayed the decisions made by the
majority of human players across all treatments in the same situation. However, for our analysis we
discarded all data from human players who interacted with a bot, and from players who interacted
with a player who interacted with a bot (and so on). Under these conditions, after collecting just
one dataset per experimental design, we were able to find out which model best described human
behavior in our game.

A.4 Models of Behavior

We implemented the same models that were tested in El-Gamal & Palfrey (1996):
Model 1 : Each individual, i, plays the Bayes-Nash Equilibrium of the game, defined by (πper, A, ε).
Model 2 : Player 2 does not update πper following Go, and this is common knowledge.
Model 3 : Individuals use fictitious play to construct beliefs about opponents’ play.

A.4.1 Model 1

Model 1 is characterized by five canonical cases (A, B, C, D, and E ) which correspond to particular
combinations of parameters.

π̂per =
A

2 +A

Case A: πper > π̂per , ε ≤ 2π̂per(1− πper)
π̂per + πper − 2π̂perπper

, and ε ≤ 2

A

pIa =
A(1− πper)

2πper
− [(A+ 2)πper −A]ε/2

(1− ε)2πper
pIb = 1

qI =
1

1− ε

[A− 1

A
− ε/2

]
Case B: πper > π̂per , ε >

2π̂per(1− πper)
π̂per + πper − 2π̂perπper

, and ε ≤ 2

A

pIa = 1− pIb = 1− qI = 0

Case C: πper ≤ π̂per , ε ≤ 2π̂per(1− πper)
π̂per + πper − 2π̂perπper

pIa = 1

pIb =
2πper

A(1− πper)
+

[(A+ 2)πper −A]ε/2
(1− ε)A(1− πper)
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qI =
1

2

Case D: πper ≤ π̂per , ε >
2πper(1− π̂per)

π̂per + πper − 2π̂perπper

pIa = 1− pIb = 1− qI = 1

Case E: πper > π̂per

pIa = pIb = qI = 1

A.4.2 Model 2

The behavior predicted under Model 2 is as follows:

Case A: 2πper > A(1− πper)

pIIa =


1 if εA/2 > 1

0.5 if εA/2 = 1

0 if εA/2 < 1

pIIb =


1 if 2(1− ε/2) > 1

0.5 if 2(1− ε/2) = 1

0 if 2(1− ε/2) < 1

qII = 1

Case B: 2πper < A(1− πper)

pIIa =


1 if (1− ε/2)A > 1

0.5 if (1− ε/2)A = 1

0 if (1− ε/2)A < 1

pIIb = qII = 0

Case C: 2πper = A(1− πper)

pIIa = 1.0

pIIb = 0.5

qII = 0.5

A.4.3 Model 3

The behavior predicted under Model 3 is as follows:

empt =
emp+ {numleft|numgo}

numgo + 1
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empat =
empa+ {numgo|numgamea}

numgo + 1

empbt =
empb+ {numgo|numgameb}

numgo + 1

Making Player 2’s updated belief at round t equivalent to empπt below:

empπt =
empatπper

empatπper + empbtπper

Such that:

pIIIa,t =


1 if (1− empt)A > 1

0.5 if (1− empt)A = 1

0 if (1− empt)A < 1

pIIIb,t =


1 if 2empt > 1

0.5 if 2empt = 1

0 if 2empt < 1

qIIIt =


1 if 2empπt > (1− empπt)A
0.5 if 2empπt = (1− empπt)A
0 if 2empπt < (1− empπt)A

A.4.4 Calculating the Likelihood of Every Possible Dataset

The likelihood of a particular move for a player is defined as:

obspMa,t = (1− εt)pMa,t + εt/2

obspMb,t = (1− εt)pMb,t + εt/2

obsqMt = (1− εt)qMt + εt/2

Using these values, the likelihood for a particular model, M ∈ {I, II, III}, is defined by:

likeMT =

∫
εt

∫
α

∫
δ

π+δ∫
π−δ

( T∏
t=1

n∏
i=1

like(actionit|M ; ε0, α, πper

)
dπperprior(dε0, dα, dδ) (1)

Using these likelihood functions in Equation 1, the long process of computing all possible datasets
begins. For each coordinate in a discrete grid of A and π—from [2, 6] and [0.2, 0.8] respectively—we
compute the likelihood of each Model (1, 2, 3) at that coordinate. This, in essence, allows us to see
which design parameters will optimally distinguish our competing models.

A.4.5 Screenshots of Instructions and Interface

Herein, we show screenshots of the full instructions (Fig. A.6), the tutorial (Fig. A.7), and the game
header with information about cumulative score, progress in the game, time left for a decision, and
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the history of past decisions (Fig. A.8).

Figure A.6: Instructions for A = 6.0, π = 0.50.
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(A) A decision step of the tutorial of the Blue Player.

(B) The end of the tutorial.

Figure A.7: Screenshots from the tutorial.
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Figure A.8: Game header: timer, earning, stage, and history of previous rounds.
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