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Abstract

Trust is an important economic variable that may however be subject to measurement

error, leading to econometric issues such as attenuation bias or spurious correlations. We

use a test/retest protocol to assess the measurement error in the two main tasks that are

used to elicit trust, namely survey questions and experimental games. We find that trust

measures based on the trust game entail substantial measurement error (with up to 15%

of noise), while there is virtually no noise in stated trust measures. Given the specificity

of our subject pool (students in a top Engineering school) and the short period of time

between the test and the retest, we consider these percentages of noise as lower bounds.

We also provide a sub-group analysis based on measures of cognitive ability and effort.

We find substantial heterogeneity across sub-groups in trust-game behavior, but none

for the survey questions. We finally discuss which measure of trust should be used, and

the estimation strategies that can be applied to limit the effect of measurement error.
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1. Introduction

Subjective characteristics, such as risk aversion, discount rate, or trust, are frequently

used in regressions and shown to be statistically significant. However, Gillen et al. (2019)

warn researchers that subjective characteristics may be prone to large measurement error.

As a result, regressions including subjective characteristics may have biased coefficients and

exhibit spurious correlations. Researchers should thus be cautious in their estimation strat-

egy for variables that include a large amount of noise. Trust is an important economic

variable, yet we still know little about the extent of noise in its measures. How serious is the

measurement error issue for elicited measures of trust? Different trust elicitation methods

have been used, like surveys and incentivized experiments, but with no comparison in terms

of errors generated by these techniques.

To gauge measurement error for elicited measures of trust, we here use a test/retest

procedure. The principle of test/retest is to have subjects performing the same elicitation

task twice within a short period of time. Differences in subjects’ answers between the two

repetitions are one realization of the change in errors. Noise corresponds to the discrepancy

in changes across respondents. Formally, we compute the ratio of the variance in noise across

all individuals over the variance in the elicited measure. This noise ratio is computed for the

two most popular elicitation methods: surveys and trust games.

Our results are twofold. First, we find that survey questions are remarkably stable in our

test/retest design. In contrast, the behavior in the trust game is noisier, with the amounts

returned being less noisy than the amounts sent. Compared to similar exercises run on

measures of risk attitudes, we find that trust measures are less noisy than risk-attitude

measures. Second, we identify two important drivers of the amount of noise in the trust

game: cognitive ability and individual effort (or attention). Subjects with greater cognitive

ability produce measures that are very stable between tasks. Equally, subjects who put more

effort into their work are also less prone to noisy behavior. One interpretation is that noise

can be avoided by subjects who either apply a deliberate strategy in the trust game or who

focus sufficiently on their work to deliver less noisy answers. In sharp contrast, the measures

from survey questions incorporate very little noise, irrespective of the characteristics that

appear to lie behind the amount of noise in game-based measures.

Which measure of trust should be used in practice? Researchers who are primarily con-
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cerned with the amount of noise in their trust measures may consider using survey questions.

Those who attach great importance to incentives should anticipate that running a trust game,

especially among the non-student population, will lead to substantial measurement error. A

strategy to handle measurement error is then required. The ORIV method, proposed by

Gillen et al. (2019), is an effective strategy to cope with measurement error, but at the

price of repeating the same measures twice. We present and discuss alternative strategies to

handle measurement error which may be implemented based on a single measure.

Last, we discuss how proper controls on measurement error may solve two key questions

in the literature on trust. First, can the absence of correlation, sometimes reported1, between

stated and incentivized measures of trust be attributed to measurement error? If we consider

the noisiest sub-group in our sample, the noise ratio reaches 37%. Even if the noise ratio were

to reach 50% in some studies, correcting for noise would at best double observed correlations.

Even in this extreme scenario, correlations close to zero are thus likely to remain insignificant

once measurement error is accounted for. Measurement error on trust is therefore unlikely

to explain the (sometimes) observed lack of correlation. Second, to what extent trust may

be a proxy of other variables like risk attitude? We find little and non-significant correlation

between trust and risk. Hence, handling measurement error is unlikely to push observed

correlations up. We find no evidence that trust should be considered as a by-product of

risk-attitude.

The remainder of the paper is organized as follows. Section 2 reviews the related liter-

ature. Section 3 introduces the experimental protocol. Section 4 presents the results. We

provide a discussion in Section 5, and Section 6 concludes.

2. Review

2.1. The importance of trust in economics

The economic importance of trust cannot be overstated. To give just one example, in

a world of incomplete contracts, an element of trust is required to cope with unforeseen

contingencies. In particular, Arrow (1972) and Fukuyama (1995) underlines the importance

of trust in all commercial relationships. As such, most economic relations and organizations
1Glaeser et al. (2000) found no correlation between various measures of trust, which initiated a still

ongoing debate on the question. See section 2.2. for a literature review.
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would benefit from greater trust (La Porta et al., 1997). Indeed, trust-induced cooperative

behavior is beneficial for international trade, and all the more when the system of laws

governing import is not sufficiently good for the exporting country (Yu et al., 2015). In ad-

dition, theoretical and empirical works found sizeable effects of trust on GDP and worldwide

growth. For example, Knack and Keefer (1997) report positive correlation between trust

and growth rate, as confirm by subsequent papers (Zak and Knack, 2001; Algan and Cahuc,

2010; Horváth, 2013). More than just affecting the GDP, trust affects macroeconomic sta-

bility (Sangnier, 2013) and the policy implementation (Algan et al. (2016) found a twin-peak

relation between trust and welfare state).

2.2. What is trust and (how) can it be measured?

In economics, trust is a behavior in which a trustor places resources at the disposal of a

trustee. The trustor is expecting the trustee to undertake specific actions but cannot force

in any way the trustee to do so (e.g. there is no possible punishment). Berg et al. (1995)

introduce the trust game which fairly describes such a situation. So, the amounts sent in

the trust game are often used as a measure of trust. An alternative method to measure

trust is to rely on survey questions such as “Do you think that most people can be trusted?”.

Such questions have been widely used, among others in the World Value Survey. Whatever

the measure used, substantial between-subjects variations are found (see Johnson and Mislin

(2011) for a review focusing on the trust game, and (Cooper and Kagel, 2016) for a review

on other-regarding preferences).

Both methods are expected to capture a “core component” that would, implicitly, define

trust as the common factor to all measures of trust. The existence of a core component

or latent variable is not granted, however. Indeed, Glaeser et al. (2000), Lazzarini et al.

(2003) and Ashraf et al. (2004) find no correlation between stated trust and trust in games,

but do find correlations between stated trust and trustworthiness2. On the contrary, Fehr

et al. (2003) and Bellemare and Kröger (2007) find that stated trust correlates with trust in

experimental games but not with trustworthiness. Veszteg et al. (2015) observe that stated

trust is correlated with both trust and trustworthiness behavior in the trust game. Falk et al.

(2016) show that stated trust can predict trust in games. Thöni et al. (2012) find that trust in
2Trustworthiness measure corresponds to the second stage of the trust game with the amount sent back

by the trustee to the trustor
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games is linked to other-regarding behavior while Sapienza et al. (2013) and Banerjee (2018)

find on the contrary that it is linked to beliefs about trustworthiness. At this point in time,

there is no clear consensus on what may drive correlations among different measures of trust.

For instance, Aksoy et al. (2018) show that some aspects of the trust game are responsible for

large changes in the correlation. Generally speaking, this “correlation puzzle” is addressed

by trying to better control for relevant covariates affecting each measure. In contrast with

these approaches, we here explore the possibility that measurement error affecting elicited

values are in part responsible for the correlation puzzle.

2.3. Measurement Error

We know at least from the work of Spearman (1904) that correlations and coefficients in

OLS regressions can be biased if variables are measured with error. Spearman is the first to

refer to the attenuation bias: the correlation between variables measured with error is lower

in absolute value. More than a century later, Gillen et al. (2019) deal with the specific prob-

lem of measurement error in laboratory experiments and propose an instrumental approach

denoted as ORIV (Obviously Related Instrumental Variables). Gillen et al. argue that errors

in measurement are ubiquitous in experiments but rarely taken into account. As a matter of

fact, when we ask subjects to perform twice the same task in a short period of time, we often

obtain different choices. Gauging measurement error in experimental tasks is very important

to assess the magnitude of the attenuation bias in regressions or correlations. Furthermore,

when estimating multivariate OLS regressions, the coefficient of variables measured without

error can be biased if one variable included in the regression is measured with error. Gillen

et al. (2019) show that, in some studies, the gender variable wrongly appears significant due

to measurement error in risk-attitude. Perez et al. (2021) build on their work and quantify

the amount of noise in 4 different risk-aversion tasks using 16 datasets. Perez et al. (2021)

find noise ratios between 35% and 60% for risk measures. Corresponding figures are not yet

available for measures of trust.

3. Experimental Design

The purpose of our design is to gauge the amount of noise in elicited measures of trust

and risk. We choose a test/retest procedure that consists in subjects performing the same
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tasks twice within a short period of time (about 15 minutes in our experiment). The great

advantage of the test/retest design is that it provides very simple non-parametric measures of

noise. Participants face the following sequence of tasks (see the detailed descriptions below):

(1) Holt and Laury risk measure,3 (2) Trust Game as the Sender4, (3) Trust Game as the

Receiver5, (4) Holt and Laury measure, (5) Stated Trust, (6) Distracting Tasks, (7) Trust

Game as the Sender6, (8) Trust Game as the Receiver7, (9) Stated Trust. We chose the

most widely-used risk and trust measures in the literature. For each incentivized task, the

outcomes were shown to the participants only at the very end of the experiment. The payoffs

were expressed in coins: 10 coins represented e5.

3.1. The Trust Game

We use the standard trust game as proposed by Berg et al. (1995) (also known as the

investment game). The trust game is, by far, the most popular incentivized measure of trust

and trustworthiness (for instance, Van Den Akker et al. (2020) find 167 papers that have

used this trust game). The Trust game is a two-stage two-player game with a sender and a

receiver. In our experiment, both the sender and the receiver have an initial endowment of

10 ECU (i.e. e5). In the first stage, the sender chooses how much of her 10 ECU endowment

she wants to send to the receiver (the amounts have to be integers). The amount sent is

denoted as X and is the measure of trust. The receiver then obtains X times 3 and chooses

Y , the amount she wants to send back to the sender (Y has to be between 0 and 3X).

Y is the measure of trustworthiness. We elicit trustworthiness using the strategy method:

subjects are asked to provide a value of Y for the 10 possible values of X corresponding to

the integers between 1 and 10. Subjects play each role twice, both times against a random

player.
3Subjects participated in two back-to-back experiments. These were independent (i.e. presented by

different experimenters, for an unrelated purpose, were paid independently etc.). The experiment we discuss
here is the second one. The first risk-attitude measure was elicited during the other experiment. Having two
experiments with the same pool of subjects allows us to compare risk attitudes across experiments.

4against a randomly matched participant
5against the same participant as in task (2)
6against a different randomly selected participant than in tasks (2) and (3)
7against the same participant as in task (7)
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3.2. Stated Trust

A popular way to elicit trust is via a variety of survey questions. We here consider the

one used in, among others, the World Values Survey (WVS) and the US General Social

Survey (GSS). In 2013, Sapienza et al. (2013) counted more than 500 studies using the WVS

question: “Generally speaking, would you say that most people can be trusted, or that you

can’t be too careful in dealing with people?”.8

The response scale differs across surveys. For instance, the WVS and the GSS propose

only two possible answers (“most people can be trusted” and “you can’t be too careful”).

We here use a 0 to 10 scale, where 0 means “you can’t be too careful” and 10 “most people

can be trusted”. We believe this scale to be more appropriate in detecting variations in

test/retest analysis; it has successfully been used in, among others, the European Social

Survey. Subjects answered this question twice during the course of the experiment.

3.3. Measure of risk-attitudes: Holt and Laury

Holt and Laury (2002) proposed a measure of risk attitudes via multiple binary choices

between lotteries. The Holt-Laury method (HL) is a standard measure of risk-attitudes,

and its test/retest properties have been analyzed in a number of contributions (see Perez

et al., 2021, for an overview). We compare choices in two Holt-Laury tasks, one from a first

experiment and the second from the present experiment. The two tasks are not presented

in exactly the same way but involve mathematically-equivalent choices (see the Appendix

for screenshots). The amounts involved are roughly equal to those used in the original HL

experiment.

3.4. Distracting tasks

Test/retest designs use distracting tasks to avoid making the repetition of identical tasks

too salient. We here use a task in which subjects have to count the number of ones in as

many matrices as possible over a period of five minutes. We also included six incentivized

questions that are variants of the cognitive reflection test (CRT).9 We increase the cognitive

burden by asking subjects to memorize a seven-digit number (1429587) that they have to
8The question is slightly differently formulated in the WVS.
9The original CRT was introduced in Frederick (2005): we use variants that correspond to the three first

questions in Finucane and Gullion (2010) and questions 4 to 6 from Toplak et al. (2014).
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report once the distracting tasks are finished. All tasks are incentivized (reporting correctly

the seven-digit number is paid 6 coins, each correct matrix count is rewarded by 2 coins with

a penalty of -1 coin for incorrect answers, and each correct answer to a CRT question yields

2 coins).

4. Results

The experiment took place at CREST Experimental Lab using the O-Tree platform (Chen

et al., 2016). We used ORSEE (Greiner, 2004) to recruit 155 students for participation in

the experiment. The experiment took place in the Fall of 2021.

4.1. Descriptive statistics

Table 1 shows the descriptive statistics for the main variables that appear in our ex-

periment. We carried out Mann-Whitney and Kolmogorov-Smirnov tests to check that the

repetitions of each task produce the same distribution: this is the case in our data for all

variables apart from the Holt and Laury task. We discuss this in Appendix B. Our mean

values for the amounts sent and the fractions returned in the trust game are similar to those

in previous work. We also obtain a similar distribution of transfers, with a large fraction of

participants sending either 0 or 10 coins, and a peak at 5.10 The distributions of our different

variables are discussed in Appendix A.
10See Capra et al. (2008) for a review of experimental results.
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Table 1: Descriptive statistics

No. Obs. Mean SD Min Max MW KS

Amount sent 1 155 4.42 3.63 0 10
.942 1

Amount sent 2 155 4.39 3.68 0 10

Stated Trust 1 155 4.85 2.55 0 10
.977 1

Stated Trust 2 155 4.85 2.55 0 10

HL1 155 5.37 1.69 0 9
.003 .049

HL2 155 5.95 1.79 0 10

Fraction Returned 1 155 .32 .24 0 1
.902 .956

Fraction Returned 2 155 .32 .24 0 1

CRT 155 4.49 1.61 0 6

Grid Score 155 13.1 5.53 0 24

Memorize 155 .93 .26 0 1

Notes: HL1 (HL2) is the number of safe choices in the first (second) Holt and Laury

task. CRT is the number of correct answers to the six CRT-like questions. The Grid

Score is twice the number of correct counts of ones minus the number of incorrect

counts of ones in the counting task. In the case of negative payoffs, the Grid Score is

set to 0. Memorize equals 1 if the subject correctly memorized the 7-digit number.

4.2. Measurement Error

We estimate measurement error in each task using a non-parametric method set out

below. We note that rounding issues (i.e. the fact that respondents report integers) is

not taken into account. This issue is addressed in Perez et al. (2021), which also proposes

non-parametric estimation. We provide similar parametric estimations in Appendix D.11

We assume that we observe two noisy measures for each variable x:12

x1 = x∗ + ϵ1 and x2 = x∗ + ϵ2

We assume independence between the errors ϵ and the true parameter x∗, and that the
11Perez et al. (2021) show empirically that parametric and non-parametric methods yield similar estimates

of measurement error in four different risk-aversion tasks, using 16 datasets.
12Adding a systematic error to the Holt and Laury measures does not change the estimations. See Appendix

B and Appendix D for details.

9



ϵ are independent and identically-distributed across repetitions.13

Then V ar(x1−x2) = V ar(ϵ1−ϵ2) = 2V ar(ϵ), as ϵ1 and ϵ2 are assumed to be independent.

V ar(ϵ) =
V ar(x1 − x2)

2

We can therefore estimate the variance of the noise in measurement using the empirical

variances:

σ̂ϵ
2 =

V̂ ar(x1 − x2)

2

The variance of the measure can be estimated by the mean of the empirical variances of

x1 and x2

σ̂m
2 =

V̂ ar(x1) + V̂ ar(x2)

2

We are interested in the noise ratio R, defined as the part of the measure’s variance that

reflects measurement error (noise):

R =
σ2
ϵ

σ2
m

or equivalently R = 1− Corr(x1, x2)

We can estimate this ratio by:

R̂ =
σ̂ϵ

2

σ̂m
2 or simply by R̂ = 1− Ĉorr(x1, x2)

13We discuss the relaxation of these independence assumption in appendix
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Table 2: Measurement error

σ̂m
2 σ̂ϵ

2 Noise Ratio R̂

Stated Trust 6.5 .32 4.89%

Fraction Returned .057 .0047 8.24%

Amount Sent 13.37 2.00 14.9%

HL 3.02 1.36 45.1%

Notes: For each elicited measure, this table shows the estimated vari-

ance σ̂m
2, the estimated variance of the error term σ̂ϵ

2, and the esti-

mated noise ratio R̂.

We can see in Table 2 that the amount of noise varies greatly across measures. The noise

ratio in the risk measure reaches a figure of 45%, very much in line with the ratio found in

other datasets (see Perez et al., 2021). By way of contrast, the amounts sent in the trust

game appear much less noisy, with a noise ratio of 15%. Trustworthiness, as measured by

the average fraction of money that is returned in the trust game, appears to entail only

little noise,14 while at the extreme, stated trust is remarkably stable and (almost) immune

to measurement error.

These estimations of measurement error (in particular in the trust tasks) should be in-

terpreted as lower bounds of the noise in typical experiments for three reasons. First, the

amount of time elapsed between the test/retest measures was quite short. Second, sub-

jects were in a well-equipped experimental laboratory, synonymous with excellent material

conditions. Last, our subjects are students in top Engineering schools, and are therefore

presumably less prone to noisy behavior.

4.3. Sub-group analysis - What drives the noise in experimental measures?

The previous section provides estimates of the average amount of noise. We here, in

contrast, explore how the amount of noise varies across specific sub-groups. Our sample
14The fact that we average measures may explain the smaller noise figure for this measure: see Appendix

C.
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is obviously limited in size, and covers a particular population (students in Engineering

schools) that restricts its external validity. Rather than conducting a systematic review of

all of the potential covariates, we focus on two potential drivers of noise identified in previous

work: cognitive ability and effort.15 Cognitive ability is expected to play a more important

role in tasks involving strategic uncertainty, and has been found to be correlated with noise

(greater cognitive ability leads to less noise). Effort, which can also be considered as a proxy

for attention, is also important as poor attention may produce more noise. Furthermore,

test/retest designs involving strategic uncertainty are affected by two key variables: (1)

The ability to identify a strategy in games, known as strategic ability (e.g. the ability to

form beliefs or calculate a best-response), and (2) The level of attention, which makes it

more likely to remember previous choices. We here measure cognitive ability using the six

CRT-questions measure, and effort from the score obtained in the real-effort task used as

a distractor. We use a median split rule to classify subjects into four categories over two

dimensions: cognitive ability and effort/attention. Subjects with a grid score higher (lower)

than 12.5 are labeled High Effort (Low Effort); subjects who have a CRT score higher (lower)

than 4.5 are labeled High CRT (Low CRT). The following table lists the values for each case

and for each variable. Effort and CRT are relatively uncorrelated, so that the cells contain a

similar number of observations. We carry out the same analysis for risk-attitudes to provide

a benchmark.
15For instance, Amador-Hidalgo et al. (2021) find that noise and inconsistent choices in risky tasks are

negatively correlated with cognitive ability. In Anderson and Mellor (2009), when subjects are consistent in
their answers to survey questions - which they interpret as a measure of their effort or comprehension in the
experiment - they also exhibit more stable risk preferences.
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Table 3: Estimation of the Noise Ratios in Trust Behavior by Sub-groups

Low CRT High CRT Total

Low Effort

Incentivized Trust: 37.4% Incentivized Trust: 17.9% Incentivized Trust: 24.3%

[19.5%,65.7%] [9.8%,31.9%] [15.7%,36.6%]

Trustworthiness: 5.3% Trustworthiness: 15.2% Trustworthiness: 10.2%

[2.5%,11%] [8.2%,27.3%] [6.4%,16.1%]

Stated Trust: 3.7% Stated Trust: 6.3% Stated Trust: 5.1%

[1.7%,7.7%] [3.3%,11.8%] [3.2%,8.1%]

Risk: 92.6% Risk: 39.2% Risk: 61.2%

[57.7%,100%] [22.5%,63.7%] [42.8%,83.3%]

N=30 N=39 N=69

High Effort

Incentivized Trust: 16.3% Incentivized Trust: 5.9% Incentivized Trust: 8.9%

[8.1%,31.3%] [3.5%,10%] [5.9%,13.3%]

Trustworthiness: 1.4% Trustworthiness: 8.3% Trustworthiness: 6.4%

[0.6%,2.8%] [4.9%,13.9%] [4.2%,9.6%]

Stated Trust: 7.3% Stated Trust: 3.4% Stated Trust: 4.9%

[3.5%,14.7%] [2.0%,5.7%] [3.2%,7.4%]

Risk: 44.4% Risk: 26.1% Risk: 32.4%

[24.0%,74.9%] [16.0%,41.0%] [22.3%,45.8%]

N=31 N=55 N=86

Total

Incentivized Trust: 26.4% Incentivized Trust: 10.3% Incentivized Trust: 14.9%

[16.7%,40.6%] [7%,15.2%] [11.1%,19.9%]

Trustworthiness: 3.6% Trustworthiness: 11.3% Trustworthiness: 8.2%

[2.2%,5.9%] [7.6%,16.6%] [6.1%,11.1%]

Stated Trust: 5.4% Stated Trust: 4.6% Stated Trust: 4.9%

[3.3%,8.9%] [3.0%,6.8%] [3.6%,6.7%]

Risk: 68.9% Risk: 32.1% Risk: 45.1%

[47.8%,93.6%] [22.5%,44.8%] [35.0%,57.1%]

N=61 N=94 N=155

Notes: The first row in each box corresponds to the error Ratio R̂ in incentivized trust estimated for the
subjects in that box. The second row is the 95% confidence interval using a Fisher z transformation with the
corrci command from Cox (2008). The following rows show the same statistics for measures of trustworthiness,
stated trust and risk-aversion. The last row lists the number of observations in the box.

The first two rows of table 3 list the results for trust measured by the sender’s behavior

in the trust game.16 The average amount of noise, about 15%, hides large variations across

sub-groups. The noise figure, 37%, for the low effort/low CRT group is in particular non-

negligible; in sharp contrast, the high effort/high CRT group is almost stable in test/retest.

Effort and CRT are thus good predictors of the noise in the trust-game-based measure. For
16All confidence intervals in this subsection are estimated using a Fisher z transformation. Appendix E

provides bootstrapped confidence intervals that are more conservative in our case.
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trustworthiness, Table 3 reveals a moderate average level of noise. However, noise is almost

non-existent for high effort/low CRT (under 2%) but is 15% for the high CRT/low effort

sub-group. It is important to note that trustworthiness is elicited using the strategy method,

i.e. the reported values are averaged across the potential amounts received. Furthermore,

acting in the role of the receiver involves no uncertainty (strategic or otherwise): the outcome

of the game is fully determined by the decision made by the receiver. We therefore expect

CRT to have less influence than attention in the noise in this measure.

Measures of risk-attitude have been analyzed in detail, and the noise in these measures

is typically found to be between 30% and 50%. We here provide corresponding figures to

check that our subject pool displays common values, and to use these as a benchmark. Here

too, average noise is not very representative of that in the sub-groups. For instance, in the

extreme case of low CRT/low effort the risk measures are mostly noise. As such, compared

to risk measures, trust measures are less prone to noise.

Contrary to the measures discussed above, stated trust is very stable, and varies only

little by sub-group. Stated measures of trust are overall stable, as might be expected from

the low average noise figure of 5%.

5. Discussion

5.1. Correcting errors in measurement without test/retest data

Instrumental methods can help correct errors in measurement with test/retest data.

However, we do not always have such data at our disposal. Other methods allow to correct

measurement errors without test/retest data but require having estimated (or having an idea

of) the amount of noise. Our work gives an idea of the variance of measurement error in

trust tasks and thus allows the use of such methods.

Plug-in estimator

A first methodology, that is relevant when having an explicit form of the estimator, is to

plug the noise ratio (or the variance of the noise) estimator in the explicit estimator formula.

For instance, when performing a simple linear regression of a dependent variable y on a noisy

measure x = x∗+ϵ with corr(x∗, ϵ) = corr(y, ϵ) = 0, the OLS estimator β̂OLS has an explicit

formula (while being inconsistent).
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β̂OLS
n→+∞−−−−−→ cov(y, x)

var(x)
=

var(x∗)

var(x∗) + var(ϵ)
β = (1−R) β

Then a consistent estimator β̂CON is simply obtained by plugging the estimator of the

noise ratio in the formula :

β̂CON =
1

1− R̂
β̂OLS

With a noise ratio of 15% (as found in subsection 4.2 for the amount sent in the trust

game), you should multiply your OLS estimator (in simple linear regression) by about 1.18. If

you believe your subject pool to be average in terms of cognitive skills and not too dedicated

to the task, the noise ratio jumps up to 37% (see subsection 4.4). OLS coefficient should then

be multiplied by about 1.59. Similarly, one can remove the bias in correlation estimation.

If only one of both variables at stake is measured with error, you should multiply your

correlation estimator by
√
1− R̂. For multiple linear regressions, one could for instance use

the eivreg or sem command from Stata software (see for instance Lockwood and McCaffrey,

2020).

Simulation Extrapolation (Simex) Method

A second method, that can be used without having explicit formulas, is the Simulation

Extrapolation (Simex) Method. The simulation part consists in adding noise to the measure

X at our disposal and estimating (for different levels of noise) the parameter of interests. The

extrapolation part consists in extrapolating what would be an estimator of the parameter of

interests without any noise (see Cook and Stefanski, 1994). For a practical implementation

in Stata, you can for instance use the simex command introduced by Hardin et al. (2003).

We invite economists willing to account for measurement errors in their research to check if

their results hold when using the eivreg, sem or simex commands.

5.2. Measurement error and the “correlation puzzle”

Could the “correlation puzzle” (cf. section 2.2.) be explained by measurement error in

elicited measures of trust? Noise in elicitation methods leads to under-estimate the correla-

tion between two measures. Because different studies might be subject to a different extent

to measurement errors, they do, however, not necessarily obtain a significant correlation.
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Under the assumption of independence of errors across tasks, the ORIV methodology

enables estimating the true correlations, i.e. without measurement error. We compare true

correlations to the empirical correlations in our dataset. With two repeated observations

for each variable, we can estimate four different correlations between two variables. We

therefore computed the empirical correlations as the mean of all the pairwise correlations,

and the “ORIV correlation”.

We find that stated trust, trust behavior, and trustworthiness are all significantly and

positively correlated (with coefficients between .38 and .56). As expected from the theory,

the ORIV method pushes the correlation up by about 10%. In our experiment, correla-

tion figures are already substantial before controlling for measurement errors. Furthermore,

measurement error is quite low. So the ORIV method only produces limited changes.

In light of our results, the “correlation puzzle” remains. Indeed, some studies find no

correlation. It would take massive amounts of noise to reconsider these results. For instance,

assuming that both measures of trust include 50% of noise, the ORIV correlation would be

twice as large as the uncorrected one. So very low correlation, say .02, would only move up

to .04. The noise ratio found in the trust game (15%) could explain only a small attenuation

bias in existing papers, and cannot account for the high variability of results in the literature.

Thus, the investigation of the “correlation puzzle” must be continued.

We also obtained that risk-attitude is never significantly correlated with any measures of

trust or trustworthiness. The absence of correlation remains even after correcting with the

ORIV methodology. Hence, trust appears as a independent trait and not a by-product of

risk-attitude.

6. Conclusion

Measures of trust are not all created equal regarding the amount of noise they produce.

The trust-game measure entails more noise than the survey-based questions, but less than

risk-attitude measures such as the Holt and Laury procedure. Furthermore, stated trust

appears stable in test/retest, even for subgroups that are more prone to noise in the game.

Our results thus shed light on the trade-off between incentives and noise for experimenters

who wish to measure trust. If incentives are considered as important, the trust game can be

used to elicit trust. However, even with highly-educated subjects the amount of noise is not
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negligible. On the contrary, for an experimenter who is worried about measurement error,

surveys of interpersonal trust appear more appropriate.

A back-of-the-envelope calculation suggests that the general population would score lower

than our subject pool.17 The relevant measure of noise in the trust game, according to Table

3, would be in the range of 25 to 40%. In particular, “Lab in the field” experiments which

target specific populations, sometimes with lower levels of education, and which occur in

places with worse material conditions than university experimental laboratories, are likely

to produce considerable noise affecting the elicited individual characteristics. Trust seems to

be less problematic in this respect than risk attitudes, but the amounts of noise remain too

large to be ignored.

Subjects’ cognitive ability and effort seem to drive noise. Yet, our results do not explain

the broad differences in noise between the trust game and the risk-aversion tasks. Finding

the determinants of noise in incentivized measures would prove crucial to the design of future

experiments and will be the subject of future research.
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Appendix

Appendix A: Distributions of the main measures

This Appendix plots the distributions of our observations in the repeated measures for

each of our main variables. Incentivized trust (Figure 2) follows a U-shaped distribution,

with many people sending either none or all of their coins to the receiver, and few people

sending amounts inbetween.

On the contrary, when answering the survey questions, our subjects are less concentrated

on the extremes and appear more in the center of the distribution, producing a near normal

distribution (Figure 1).

Concerning trustworthiness, the amounts sent back when participants play the role of

the receiver are clustered around 0. There is also a peak at around one half, i.e. a fair

redistribution of the gains (Figure 3).

Last, the Holt and Laury task produces a near normal distribution, as found in previous

work (Figure 4).
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Fig. 1 The Distribution of Stated Trust in the Two Repetitions

Note: The histogram on the left (right) represents the density of the answers to the survey question the first
(second) time it was asked.
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Fig. 2 The Distribution of the Amount Sent in the Two Repetitions

Note: The histogram on the left (right) represents the density of the amounts sent in the trust game the first
(second) time it was played.
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Fig. 3 The Distribution of the Average Amount Returned in the Two Repetitions

Note: The histogram on the left (right) represents the density of the average shares sent back in the trust
game the first (second) time it was played.
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Fig. 4 The Distribution of Safe Choices in the Two Repetitions of the HL task

Note: The histogram on the left (right) represents the density of the number of safe choices in the first
(second) HL task.
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Appendix B: Repeated observations

This Appendix plots the individuals’ repeated observations for our main variables. While

the observations are close to the 45 degree line for stated trust (Figure 5) and trustworthiness

(Figure 7), we observe much more noise for incentivized trust (Figure 6) and risk (Figure 8).
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Fig. 5 Repetition of Stated Trust

Note: This plot represents the repeated answers to the survey question
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Fig. 6 Repetition of the Amount Sent

Note: This plot represents the repeated amounts sent in the trust game
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Fig. 7 Repetition of Trustworthiness

Note: This plot represents the repeated average shares sent back to the sender in the trust game.
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Fig. 8 Repetition of the HL Task

Note: This plot represents the repeated number of safe choices in the HL task

We use the risk-elicitation task from a previous experiment to estimate measurement

error. This previous experiment took place just before the experiment that we analyze in

this paper, such that there is about twenty minutes between the two risk-elicitation tasks.

The incentives were the same in the two tasks. However, the units in question were different,
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with a different conversion rate between ECU and Euros. This may have nudged subjects

to choose safer options in the second experiment. Nonetheless, our study focuses on the

measurement error given by the random error and not the systematic error that could affect

the first or second experiment. In other words, we can model what happens in both risk-

elicitation tasks in the following way:

x1 = ⌊x∗ + ϵ1⌋ and x2 = ⌊c+ x∗ + ϵ2⌋

where c is the systematic error (a constant) that affects the second risk-elicitation task in

comparison to the first one, and ϵ1 and ϵ2 are the two random errors. As we focus on

random error, the fact that we have this systematic error is not a problem. Furthermore,

parametric estimations that take this systematic error into account yield similar results to

the non-parametric estimation we discuss in the paper (See Appendix D).
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Appendix C: Trustworthiness

As discussed in the paper, the trustworthiness variable is the average proportion sent

back by the receiver in the trust game. The ratio of measurement error observed in Table 2

is quite small, which can reflect that we consider the average of 10 figures. Constructing ten

variables (Retx) corresponding to the trustworthiness for each choice in the strategy method

(how many ECU the receiver sends back when the sender sends x ECU for x ∈ [1; 10]). Table

4 show the descriptive statistics for the 10 return variables.

Table 4: Amount returned in the ten cases in the strategy method

First repetition Second repetition

Ret1 .75 .8

Ret2 1.55 1.59

Ret3 2.23 2.27

Ret4 3.06 3.01

Ret5 3.73 3.79

Ret6 4.44 4.45

Ret7 5.16 5.21

Ret8 5.99 6.02

Ret9 6.72 6.8

Ret10 7.71 7.84
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Table 5: Measurement error estimated for the different return variables

σ̂m
2 σ̂ϵ

2 R̂

Ret1 .60 .10 .16

Ret2 2.46 .29 .12

Ret3 5.08 .46 .09

Ret4 9.20 .93 .1

Ret5 14.15 1.27 .09

Ret6 19.75 1.76 .09

Ret7 26.89 2.43 .09

Ret8 36.08 3.36 .09

Ret9 45.7 5.05 .11

Ret10 60.45 7.42 .12
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Appendix D: Parametric Estimation of measurement error

Using a similar method to that in Perez et al. (2021), we here provide the estimated vari-

ances and noise ratios using a parametric approach. We calculate these for stated trust, the

amount sent in the Trust Game, and the Holt and Laury measure (allowing for a systematic

error in HL). As noted above, as the return variable is the average of 10 figures, we have

decided not to provide any parametric estimation of the measurement errors in this task.

Parametric estimations lead to similar result, with a very slightly lower noise ratio being

estimated in these three tasks.

Table 6: Measurement Error Parametric

σ̂m
2 σ̂ϵ

2 Noise Ratio R̂

Stated Trust 6.11 0.229 3.60%

Amount Sent 13.76 2.11 13.3%

HL 3.02 1.32 43.9%
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Appendix E: Sub-group Analysis with Bootstrapped Confidence Intervals

There is an ongoing debate about the method that should be used to calculate confidence

intervals for empirical correlations (see the recent paper by Bishara and Hittner, 2017). The

Fisher z transformation to obtain confidence intervals produces not very conservative figures,

in particular when the variables are not Gaussian. Here our variables are bounded, so the

confidence intervals may not be totally inappropriate. We nonetheless provide the sub-group

analysis with bootstrapped confidence intervals that are less conservative (and thus larger,

especially with small n).

Table 7: Estimation of the Noise Ratio in Trust Behavior by Sub-groups

Low CRT High CRT Total

Low ScoreGrid

37.4% 17.9% 24.3%

[3.1%,71.7%] [6.8%,29.1%] [9.8%,38.8%]

N=30 N=39 N=69

High ScoreGrid

16.3% 5.9% 8.9%

[2.8%,29.8%] [0.1%,11.8%] [3%,14.8%]

N=31 N=55 N=86

Total

26.4% 10.3% 14.9%

[8.1%,44.8%] [4.8%,15.9%] [8.2%,21.7%]

N=61 N=94 N=155

Notes: The first row in each box corresponds to the error Ratio R̂ estimated on the subjects in that box. The
second row is the 95% Bootstrap confidence interval, and the third row the number of observations.
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Table 8: Estimation of the Noise Ratio in Stated Trust by Sub-groups

Low CRT High CRT Total

Low ScoreGrid

3.7% 6.3% 5.1%

[0.3%,7.0%] [0.0%,13.3%] [1.1%,9.1%]

N=30 N=39 N=69

High ScoreGrid

7.3% 3.4% 4.9%

[0.0%,19.0%] [0.0%,6.8%] [0.0%,9.9%]

N=31 N=55 N=86

Total

5.4% 4.6% 4.9%

[0.0%,11.2%] [1.1%,8.0%] [1.7%,8.1%]

N=61 N=94 N=155

Notes: The first row in each box corresponds to the error Ratio R̂ estimated on the subjects in that box. The
second row is the 95% Bootstrap confidence interval, and the third row the number of observations.

Table 9: Estimation of the Noise Ratio in the Risk-Attitude Measure by Sub-groups

Low CRT High CRT Total

Low ScoreGrid

92.6% 39.2% 61.2%

[26.4%,100%] [13.3%,65%] [25.2%,97.2%]

N=30 N=39 N=69

High ScoreGrid

44.4% 26.1% 32.4%

[15.0%,73.9%] [6.9%,45.3%] [16.2%,48.5%]

N=31 N=55 N=86

Total

68.9% 32.1% 45.1%

[29.0%,100%] [16.3%,48.0%] [25.8%,64.3%]

N=61 N=94 N=155

Notes: The first row in each box corresponds to the error Ratio R̂ estimated on the subjects in that box. The
second row is the 95% Bootstrap confidence interval, and the third row the number of observations.
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Table 10: Estimation of the Noise Ratio in Trustworthiness by Sub-groups

Low CRT High CRT Total

Low ScoreGrid

5.3% 15.2% 10.2%

[0.8%,9.8%] [1.4%,29%] [2.7%,17.7%]

N=30 N=39 N=69

High ScoreGrid

1.4% 8.3% 6.4%

[0.2%,2.5%] [0.0%,18.0%] [0.0%,13.3%]

N=31 N=55 N=86

Total

3.6% 11.3% 8.2%

[1.1%,6.1%] [2.8%,19.8%] [3.0%,13.5%]

N=61 N=94 N=155

Notes: The first row in each box corresponds to the error Ratio R̂ estimated on the subjects in that box. The
second row is the 95% Bootstrap confidence interval, and the third row the number of observations.
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Appendix F: Screenshots from the Experiment

Fig. 9 Instructions for All Experiments
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Fig. 10 Question to Focus Participants’ Attention

Fig. 11 Trust Game Instructions
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Fig. 12 Trust Game Comprehension Check

Fig. 13 Answer to Trust Game as Sender
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Fig. 14 Answer to Trust Game as Receiver

Fig. 15 Instructions for the Risk-Preference Elicitation Task

36



Fig. 16 Answer to the Risk-Elicitation Task

Fig. 17 Stated Trust Question
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Fig. 18 Distraction Task, Number Task

Fig. 19 Distraction Task, Matrix Instructions
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Fig. 20 Distraction Task, Matrix

Fig. 21 CRT Questions
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Fig. 22 Socio-Economic Questions

Fig. 23 Individual Result Presentation
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Appendix G: Correlated errors in measurement

To estimate the amount of noise entailed in behavioral measures, we assumed that errors

are not correlated. In this subsection, we show that if subjects exhibit ”experiment” or ”day”

fixed effects, what we would estimate with our method is a lower bound of the variance of

noise in measurement.

Indeed, assume that the noise is of the form: ϵik = ηi + ϵ̃ik with a noise fixed effect ηi

that is not correlated with a random noise ϵ̃ik.

Assume also that we observe test/retest data

Xi1 = X∗
i + ηi + ϵ̃i1 and Xi2 = X∗

i + ηi + ϵ̃i2

We estimate the variance of the noise by studying the difference between the two mea-

sures, such that:

V ar(Xi1 −Xi2) = V ar(ϵ̃1 − ϵ̃2) = 2V ar(ϵ̃) < 2V ar(ϵ)

If the errors were correlated, the variance of the noise we estimated would therefore

correspond to the variance of ϵ̃ and not the variance of the total error ϵ. Our measurement

error ratio would be under-estimated. Questioning the hypothesis of uncorrelated errors only

supports the claim that we obtained a lower bound noise ratio.
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