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Abstract

Researchers increasingly elicit beliefs to understand the underlying motivations of decision
makers. Two commonly used methods are the quadratic scoring rule (QSR) and the binarized
scoring rule (BSR). Hossain and Okui (2013) use a within-subject design to evaluate the
performance of these two methods in an environment where subjects report probabilistic beliefs
over binary outcomes with objective probabilities. In a near replication of their study, we show
that their results continue to hold with a between-subject design. This is an important validation
of the BSR given that researchers typically implement only one method to elicit beliefs. In
favor of the BSR, reported beliefs are less accurate under the QSR than the BSR. Consistent
with theoretical predictions, risk-averse subjects distort their reported beliefs under the QSR.
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1 Introduction

Beliefs play a critical role in decision making under uncertainty. Observing individuals’ beliefs
can allow researchers to understand the underlying motivations of decision makers. Hence,
belief elicitation has become increasingly common in experimental economics (see, e.g.,
surveys by Schotter and Trevino, 2014; Schlag et al., 2015). Getting participants to truthfully
report their beliefs, however, remains challenging (see, e.g., Trautmann and van de Kuilen,
2015).

One mechanism commonly used by researchers to incentivize the elicitation of subjects’
beliefs is the quadratic scoring rule (QSR). Although the QSR is relatively intuitive and simple
for subjects to understand, it theoretically incentivizes truth-telling only under the assumptions
of risk neutrality and expected utility maximization. To mitigate this issue, one can modify the
QSR by paying subjects in lottery tickets. Subjects receive a fixed payment with a probability
that depends on the number of lottery tickets they are awarded under the QSR. The modified
QSR is essentially a binary lottery procedure applied to the scoring rule (Smith, 1961).

Theoretically, the application of the lottery procedure to the QSR has been shown to
induce truth-telling independent of risk preferences under both expected and non-expected
utility maximization (see, e.g., Allen, 1987; Hossain and Okui, 2013; Schlag and van der
Weele, 2013). Coined as the binarized scoring rule (BSR) by Hossain and Okui (2013) (HO
from now on), it has become an increasingly popular procedure to use for belief elicitation in
a wide range of topics such as matching markets, gender gaps in the labor market, and
information gathering (Babcock et al., 2017; Dargnies et al., 2019; Charness et al.,
forthcoming). HO test its performance against the QSR by conducting a laboratory experiment
where subjects are asked to make predictions about the likelihood of an event occurring.?
Subjects state their beliefs over outcomes when the probabilities are objectively known to them,
which allows the researchers to precisely evaluate the distortions in reported beliefs.® They find

that beliefs elicited under the BSR are more accurate than those elicited under the QSR both at

! The binary lottery procedure has a long history of being used in other decision-making environments (e.g., first-
price sealed bid auctions), albeit with mixed evidence on its performance. See Berg et al. (2008) for an extensive
review. The application of the lottery procedure to incentivize belief elicitation tasks was first observed in
McKelvey and Page (1990).

2 They refer to this experiment as P-experiment in their paper. They also conduct a second experiment (M-
Experiment) where they elicit beliefs on the expected value of a random variable. Our study focuses on the first
experiment.

3 This is one of several benchmarks that can be used to evaluate the accuracy of elicited belief reports (Schlag et
al., 2015). Another benchmark that is commonly used is the empirical distributions of realized outcomes. See, for
example, Harrison et al. (2014) and Harrison et al. (2015) who evaluate the QSR and BSR using this approach.



the pooled level and for risk-averse subjects. There are no statistically significant differences
in the performance of the QSR and the BSR for risk-neutral or risk-loving subjects.

In this paper, we present a near replication of HO to methodologically evaluate the
performance of the QSR and BSR. Table 1 provides a comparison of our experiment to that of
HO. One key departure of our experiment from HO’s design is that we evaluate the
performance of the BSR and the QSR under a between-subject treatment design. HO consider
a within-subject design where subjects read the instructions for both the QSR and BSR together
before they are asked to report their beliefs under each mechanism.* This approach is likely to
make the objective of the experiment more salient to the subjects, resulting in a potential
experimenter demand effect. Moreover, since researchers typically use only one method to
elicit beliefs, it is important to see how the two elicitation methods perform in a between-
subject design.®

To provide a robust comparison of the elicitation methods, we use two empirical
measures. In addition to using an accuracy measure as in HO, we also evaluate the distance of
reported beliefs from 0.5 as a direct test of the theoretical predictions. Our results show that, as
predicted by theory, risk-averse subjects tend to report beliefs that are both closer to 0.5 and
less accurate under the QSR than the BSR. This is not the case for risk-neutral or risk-loving
subjects. When we pool across all risk categories, we find that reported beliefs are significantly
less accurate under the QSR than the BSR. Hence, our results with a between-subject treatment
design are consistent with those of HO and shows the robustness of their results in this context.

2 Experimental Design and Procedures
The experiment consists of three parts. Subjects are given instructions for each part after they
have completed the preceding part.® Parts 1 and 2 consist of five rounds. In each round, subjects
are presented with a virtual urn containing 100 red and blue balls, and informed of its exact
composition. Across the five rounds, the urns presented to the subjects contain 10, 25, 50, 75,
and 90 red balls.

Subjects are asked to report their prediction of the event that a ball randomly drawn from

the urn by the computer is red. In treatment B, subjects’ beliefs are incentivized using the BSR

4 See Charness et al. (2012) for a discussion of within- and between-subject designs.

5 Near or “close” replications (Chen et al., 2020) play a key role in testing how general and robust the original
findings are.

8 Instructions are available in Online Appendix B.



Hossain and Okui (2013) This Paper

(a) Experimental Design

1. Within-subject design. 1. Between-subject design.

(Results of within-subject design
reported in Online Appendix C.)

2. Elicit beliefs over binary events using an | 2. Elicit beliefs over binary events using an

urns task where objective probabilities urns task where objective probabilities
are known to subjects (P-Experiment). are known to subjects.

3. One round of decision task under each 3. Five rounds of decision task under each
mechanism. mechanism.

4. Objective probabilities are randomly 4. Fixed set of five objective probabilities
determined at the subject level. (0.1, 0.25, 0.5, 0.75, 0.9) with the order

of presentation randomized at the

subject level.

5. Elicits beliefs about expected values (M- | 5. Does not elicit beliefs about expected
Experiment). values.

(b) Data Analysis
1. Considers negative squared difference 1. Considers negative absolute difference

(NSD) between reported beliefs and (NAD) between reported beliefs and
induced objective probabilities as induced objective probabilities as
measurement of accuracy. measurement of accuracy.

2. Does not consider distance of reported 2. Considers absolute distance of reported
beliefs from 0.5. beliefs from 0.5 (DIST) as a direct test

of theoretical predictions.

3. Conclusions drawn from regression 3. Conclusions drawn from both non-
analysis. parametric tests and regression analysis.

4. Imposed exclusion criteria on the data 4. No exclusion criteria imposed on the
by dropping observations: data.

(i) if the reported beliefs are not between
0.5 and the induced probabilities, and
the difference between the induced
probabilities and reported beliefs are
greater than 0.2; or

(i) that are in the lowest 5% of the
distribution of NSD.

Table 1: Comparison of experiment with Hossain and Okui (2013)

in Part 1 of the experiment and the QSR in Part 2 of the experiment. This order is reversed in

treatment Q.’

7 We only present the between-subject analysis here since our main aim is to examine if HO’s results are robust
to this commonly used experimental method. The within-subject results can be found in Online Appendix C. The
within-subject analysis reveals significant order effects.



Under the QSR, each subject can receive up to 200 Experimental Currency Units (ECU).

Their payoff is

My =200 X [1 — (1geq — r)?], (1)
where r € [0,1] is the reported belief that the randomly drawn ball is red and 1.4 equals 1 if
the ball drawn by the computer is red and 0 otherwise. Under the BSR, the subject receives 200
ECU with the following probability:

g =1~ (1gea — 1% (2)

Note that both mechanisms yield the same expected payoff for any given report. The subjects
are provided with an on-screen calculator and can use it as many times as they wish for 60
seconds.®

In Part 3 of the experiment, we elicit subjects’ risk preferences using a protocol similar
to Brown and Stewart (1999), Abdellaoui et al. (2011), and Wolbert and Riedl (2013). Subjects
are presented with a multiple price list consisting of nine decision tasks where, in each task,
they have to choose between receiving 50 ECU for sure (Option A) and a lottery that pays 100
ECU with a probability of u € {0.1,0.2, ..., 0.8, 0.9} and zero otherwise (Option B).

The sessions were conducted in the Experimental Economics Laboratory at the
University of Melbourne (E2MU). We ran four sessions with 30 subjects in each session.® To
address potential session effects, we employed a within-session randomization where subjects
in each session were equally divided between the two treatments. The experimenter verbally
summarized the instructions after the subjects finished reading the printed instructions. Then
subjects completed a set of control questions and participated in three unpaid practice rounds.
The practice rounds used induced objective probabilities p = 0.15, 0.4, and 0.85 in a fixed
order. In the paid rounds, the order of the induced probabilities was randomized at the subject
level.

Subjects were paid for one randomly chosen decision in one randomly chosen part of the
experiment. Earnings were converted to cash at the conclusion of the session at the rate of 10
ECU =1 AUD. Overall, subjects earned between $15 and $35, with the mean earning being
$29.47. Subjects’ earnings included a show-up fee of $10 and a fixed payment of $5 for
completing the questionnaire.

8 See Schlag et al. (2015) for a discussion of the methods used to present the belief elicitation mechanisms to
subjects. In our post-experimental questionnaire, less than 5% of the subjects answered “False” to the statement
“I clearly understood how my payoff was going to determined based on my guess.”

% The sample size is derived to allow us to detect treatment differences of 0.10 in the average accuracy of beliefs
(standard deviation of 0.20) with Type I and Il errors of 0.05 and 0.20, respectively. Our calculations also account
for a clustered design with multiple observations per subject.



3 Hypotheses

Let p stand for the induced objective probability. We consider two different measures to
evaluate the elicitation methods: (i) the absolute distance of reported beliefs from 0.5 (DIST)
as a direct test of the theoretical predictions, and (ii) the negative absolute difference between
the reported beliefs and the induced objective probabilities (NAD) as a measure of accuracy.
We test the following hypotheses based on the theoretical framework provided in Online
Appendix D.

Hypothesis 1: Between-mechanism comparison by risk preferences

(a) When p # 0.5: (i) for risk-neutral subjects, there is no difference in the average DIST and
NAD between the BSR and QSR; (ii) the average DIST is lower under the QSR than the BSR
for risk-averse subjects, but higher for risk-loving subjects; (iii) for both risk-averse and risk-
loving subjects, the average NAD is lower under the QSR than the BSR.

(b) When p = 0.5, there is no difference in the average DIST and NAD between the BSR and
QSR independent of the subjects’ risk preferences.

Hypothesis 2: Between-mechanism comparison at the aggregate level

When p # 0.5, the average DIST and NAD are both lower under the QSR than the BSR at the
pooled level. When p = 0.5, there is no difference in the average DIST and NAD between the
BSR and QSR at the pooled level.

Our prediction at the pooled level is based on the expectation that there would be more
risk-averse subjects than risk-loving subjects in our subject pool. This is consistent with
findings from the literature (e.g., Crosetto and Filippin, 2016).

4 Results

The BSR and QSR treatments are balanced in terms of subject demographics (Table Al in
Online Appendix A).1° Overall, there is no statistically significant evidence that the subjects’
characteristics are jointly different between the two treatment groups (test for equality of group
means: p-value = 0.456). Figure Al in Online Appendix A presents the subjects’ decisions in

the risk task and the risk classifications in the two treatments. Subjects are classified as risk

10 The data are available on the journal’s website.
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Note: The distributions of reported beliefs are flipped across the horizontal axis for rounds with p > 0.5.

Figure 1: Reported beliefs by risk preferences (Part 1 only, p # 0.5)

averse, risk neutral and risk loving if they pick the risky lottery fewer than four times, exactly
four times, and more than four times, respectively.!

To test Hypothesis 1, Figure 1 shows histograms of reported beliefs when p # 0.5,
pooling across rounds with p = 0.1, 0.25, 0.75, and 0.9.2 The solid line in the figure represents
a reported belief of 0.5. Risk-averse subjects report beliefs that are closer to 0.5 under the QSR
than the BSR (Kolmogorov-Smirnov test, p-value = 0.002), but there are no statistically
significant differences in the distributions between the two mechanisms for risk-neutral and

risk-loving subjects (p-values = 0.213 and 0.710, respectively).'?

1-r
1 The classification is based on the risk aversion coefficient under a CRRA utility function, u(c) = xj Asubject

1
is classified as risk neutral if » € [0,0.263], risk averse if r > 0.263, and risk loving if r < 0.
12 Similar histograms for p = 0.5 are presented in Figure A2 in Online Appendix A.
13 Risk-loving subjects constitute a small proportion of the sample and the statistic may be less precisely measured
for this sub-sample.



Risk Preferences
Risk-Averse Risk-Neutral Risk-Loving
(1) ) ®3)

DIST NAD DIST NAD DIST NAD
(@p#05
BSR 0.25 -0.09 0.23 -0.12 0.21 -0.11

(0.01) (0.01) (0.02) (0.01) (0.02) (0.02)

N =152 N =60 N =28

QSR 0.19 -0.15 0.26 -0.10 0.29 -0.11

(0.01) (0.01) (0.02) (0.01) (0.02) (0.01)

N =136 N =64 N =40

(b)p=05
BSR 0.04 0.04 0.00

(0.02) (0.02) (0.00)

N =38 N =15 N=7
QSR 0.02 0.02 0.01

(0.01) (0.01) (0.01)

N =34 N =16 N=10
Notes:
1. DIST: absolute difference between reported belief and 0.5; NAD: negative absolute difference between

reported belief and induced objective probability; N: number of observations.
2. Sample means given. Standard errors of means given in parentheses.
3. Panel (a) pools data for rounds with p = 0.1, 0.25, 0.75, or 0.9. For p = 0.5 (panel b), only DIST is reported
since DIST and NAD are equal in absolute terms.

Table 2: Summary statistics of DIST and NAD by risk preferences (Part 1)

Table 2 presents the average distance from 0.5 and accuracy of reported beliefs for each

elicitation mechanism. Results from randomization tests with 500,000 simulations each reveal

that the differences for risk-averse subjects presented in panel (a) are statistically significant

(p-values = 0.004 and 0.001 for DIST and NAD, respectively).}* However, there are no

statistically significant differences between the BSR and QSR for risk-neutral subjects (p-

values = 0.395 and 0.458 for DIST and NAD, respectively) or risk-loving subjects (p-values =

0.123 and 0.927 for DIST and NAD, respectively). Furthermore, panel (b) shows that, when p

= 0.5, there are no discernable differences in the distance and accuracy of reported beliefs

between the BSR and QSR for all three groups of subjects (randomization tests, p-values =

0.234, 0.394 and 0.676 for risk-averse, risk-neutral and risk-loving subjects, respectively).

14 The randomization tests we conduct are in a similar spirit to Holt and Smith (2016). The test is appropriate here
given the test’s robustness to the presence of outliers.




We also use coefficient estimates from OLS regressions of DIST and NAD (reported in
Table A2 in Online Appendix A) to evaluate differences between the BSR and QSR for each
group of subjects. These comparisons presented in Table A3 in Online Appendix A are
consistent with the conclusions from the randomization tests presented above.

Hence, we summarize our results for Hypothesis 1 as follows.

Result 1: Between-mechanism comparisons by risk preferences

When p # 0.5, beliefs elicited under the QSR are closer to 0.5 and less accurate than those
elicited under the BSR for risk-averse subjects. There are no statistically significant differences
between the two mechanisms for risk-neutral and risk-loving subjects when p # 0.5, and for

all risk groups when p = 0.5.

Result 1 is consistent with columns (2)-(4) of Table 2 in HO, where separate regression
estimates for risk-averse, risk-neutral, and risk-loving subjects are presented. Similar to us,
their estimates reveal that the BSR yields more accurate belief reports than the QSR for risk-
averse subjects. To have a clearer understanding of what may be driving these findings, we
examine how the different risk groups behave separately under each mechanism. We observe
that the difference between the BSR and QSR for risk-averse subjects when p # 0.5 is mainly
driven by distortions in the reported beliefs of these subjects under the QSR. Notably, panel (a)
of Table 2 shows that subjects behave similarly under the BSR independent of their risk
preferences.’® However, under the QSR, risk-averse subjects report beliefs that are closer to
0.5 than both risk-neutral and risk-loving subjects (p-values = 0.030 and 0.010, respectively).
Reported beliefs of risk-averse subjects under the QSR are also less accurate than those of risk-
neutral subjects (p-value = 0.040), but not statistically different from those of risk-loving
subjects (p-value = 0.176).%®

15 The randomization tests confirm these results for DIST and NAD: (i) risk-averse vs. risk-neutral p-values =
0.381 and 0.213, respectively; (ii) risk-averse vs. risk-loving p-values = 0.271 and 0.493, respectively; and (iii)
risk neutral vs. risk-loving p-values = 0.685 and 0.839, respectively.

16 There are no statistically significant differences between risk-neutral and risk-loving subjects in either DIST or
NAD (p-values = 0.528 and 0.752, respectively). We also evaluate these comparisons using the estimated
coefficients from Table A2. The conclusions from the regression analysis reported in Table A4 in Online
Appendix A are consistent with those from the randomization tests.



80

(=2}
o
L

s
o
I

% observations

20

0 4 — = =.
4 .6 8 1
Reported Belief

|_ BsR [ QSR‘

@p=05
504 504
404 40
2 2
£ 30 £ 30
c c
3 &
3 207 8 20+
& ®
104 104
Oﬁ T T 0 I:I T 1 T
0 2 4 .6 8 1 0 2 4 6 .8 1
Reported Belief Reported Belief
[mm 5sR ] asR] [mmm BsR [ asR]
(b)) p=0.1and 0.9 (c) p=0.25and 0.75
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Figure 2: Reported beliefs by induced probabilities (Part 1 only)

We next compare the two mechanisms at the aggregate level. Figure 2 presents
histograms of reported beliefs in Part 1 of the experiment under the two elicitation mechanisms
for p = 0.5 (panel a), p = 0.1 and 0.9 (panel b), and p = 0.25 and 0.75 (panel ¢). The dashed
line in each figure represents the induced probabilities while the solid line represents a reported
belief of 0.5. The histograms suggest that when p # 0.5, the reported beliefs under the QSR are
distorted further away from the induced probabilities on average as compared to those under
the BSR. The distributions of reported beliefs are statistically significantly different between
the BSR and QSR for p = 0.25/0.75 but not for p = 0.1/0.9 (Kolmogorov-Smirnov tests, p-
values = 0.035 and 0.484, respectively). When p = 0.5 (panel a), the distributions of reported
beliefs are not statistically significantly different between the two mechanisms (Kolmogorov-

Smirnov test, p-value = 0.665).
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Induced Objective Probability
Mechanism p#05 P=05
DIST NAD DIST
(1) ) ®)
BSR 0.24 -0.10 0.04
(0.01) (0.01) (0.01)
N =240 N =60
QSR 0.22 -0.13 0.02
(0.01) (0.01) (0.01)
N =240 N =60
Notes:
1. DIST: absolute difference between reported belief and 0.5; NAD: negative absolute difference
between reported belief and induced objective probability; N: number of observations
2. Sample means given. Standard errors of means given in parentheses.
3. Columns (1) and (2) pool data for rounds with p = 0.1, 0.25, 0.75, or 0.9. For p = 0.5 (column 3),
only DIST is reported since DIST and NAD are equal in absolute terms.

Table 3: Summary statistics of DIST and NAD at the aggregate level (Part 1)

Table 3 presents the average distance from 0.5 and accuracy of reported beliefs for each
elicitation mechanism. For p = 0.5, only DIST is reported since DIST and NAD are equal in
absolute terms. Using randomization tests, we find that the difference between the QSR and
the BSR is not statistically significant when we consider DIST (p-value = 0.302 for p #0.5 and
p-value = 0.198 for p = 0.5), but it is when we consider NAD for p # 0.5 (p-value = 0.050).%
This finding is consistent with column (1) of Table 2 in HO, which reveals that the BSR yields
more accurate belief reports than the QSR at the pooled level.

Hence, we summarize our results for Hypothesis 2 as follows.

Result 2: Between-mechanism comparisons at the pooled level

When p # 0.5, pooling across all subjects, there is no statistically significant difference in the
average distance of reported beliefs from 0.5 between the BSR and QSR, but reported beliefs
are significantly less accurate under the QSR than the BSR. When p = 0.5, there is no

difference in the average DIST and NAD between the BSR and QSR at the pooled level.

7 These results are consistent with regression analysis results presented in Table A5 and Table A6 in Online
Appendix A.
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5 Conclusion

With the recent growing interest in belief elicitation in order to understand patterns of behavior
and belief formation, it is becoming more crucial to have reliable methods of belief elicitation.
The quadratic scoring rule is commonly used by researchers, but it is not incentive compatible
if subjects are not risk neutral. By modifying this scoring rule using a lottery procedure, the
binarized scoring rule theoretically induces truth-telling independent of risk preferences. Using
a within-subject design, Hossain and Okui (2013) find that the binarized scoring rule leads to
more accurate reported beliefs than the quadratic scoring rule, both at the pooled level and for
risk-averse subjects. In this paper, we engage in a near replication of their study to investigate
whether their results are robust to a between-subject design. Considering two different
measures to compare the two mechanisms, we find evidence consistent with both the
theoretical predictions and their findings. These results give further support that the binarized

scoring rule is a more reliable elicitation method to use.
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