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Abstract

Real monetary incentives are a core principle of experimental economics,
yet evidence on whether they materially affect individual decisions under
risk and over time remains mixed. We provide a quantitative reassessment
by analyzing 624 standardized effect sizes from 69 papers that experimen-
tally vary whether choices are hypothetical or incentivized. We estimate
the underlying incentive effect using an outlier-robust Bayesian hierarchical
measurement-error model, and supplement it with multiple publication-bias
diagnostics embedded within a Bayesian model-averaging framework based
on leave-one-out cross-validation. Across all approaches, the estimated in-
centive effect is extremely small. The posterior mean lies well within the
region of negligible effects (Cohen’s d ~ 0.05). Although true effect sizes
are heterogeneous, this variation is only weakly related to study character-
istics. Significant moderators include design features such as within- ver-
sus between-subjects implementation and decisions involving mixed gain-
loss outcomes. Overall, real incentives do not materially alter behaviour in
standard individual decision tasks used to measure risk-taking and delay-
discounting.

1 Motivation

The use of real monetary incentives has long been a defining principle of experi-
mental economics. Classic contributions argued that financially salient and domi-

nant incentives are essential for eliciting true preferences in the laboratory, ensur-
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ing that participants’ decisions reflect the economic tradeoffs under study (Smith,
1982; Plott, 1986). Although this position has shaped decades of experimental
practice, the debate over the practical importance—and even the necessity—of real
incentives has never been fully resolved. There is widespread agreement that real
payments are indispensable in some domains, such as eliciting willingness to pay for
socially desirable outcomes (Carson and Groves, 2007). Yet for individual decision-
making tasks involving risk or intertemporal tradeoffs, the evidence is more mixed.
Early influential studies reported sizable differences between hypothetical and in-
centivized choices—such as Holt and Laury (2002), who reported a systematic
increase in risk aversion in incentivized tasks—whereas more recent high-stakes
and large-sample experiments investigating risk-taking and delay-discounting often
find negligible or no effects (e.g. Branas-Garza, Estepa-Mohedano, Jorrat, Orozco
and Rascon-Ramirez, 2021; Branas-Garza, Jorrat, Espin and Sanchez, 2023). As
a consequence, the decision of whether to incentivize subjects frequently remains
guided more by intuition and convention than by a systematic assessment of em-

pirical evidence.

In this paper, we provide a comprehensive quantitative assessment of the effect
of incentive provision on individual decision-making in tasks involving risk and
delays. We assemble the universe of experimental studies that vary incentives be-
tween real and hypothetical conditions and extract 624 effect-size estimates from
69 papers. By encoding all contrasts in a common metric (Cohen’s d), we sys-
tematically characterize both the magnitude and the direction of incentive effects
across diverse designs and decision contexts. We then analyze these effect sizes
using state-of-the-art Bayesian hierarchical meta-analytic methods, which allow
us to separate true effects from sampling noise, assess the presence of publication

bias, and quantify heterogeneity across studies and experimental features.

Why meta-analysis. Although real monetary incentives are traditionally viewed
as essential for eliciting economically meaningful choices, the theoretical rationale
for strong incentive effects in individual decision tasks is far from unequivocal. In-

centives may suppress experimenter-demand effects or reduce careless responding,



but they need not eliminate systematic violations of expected utility or time-
consistent discounting. Classic work on preference reversals, for instance, showed
that behavioural regularities persisted or even intensified when salient incentives
were introduced (Grether and Plott, 1979), and more recent work documents that
many well-known biases remain stable across hypothetical and incentivized set-
tings, even with high stakes (Enke, Gneezy, Hall, Martin, Nelidov, Offerman and
Van De Ven, 2023; Gneezy et al., 2024). Thus, theory offers no clear prediction
about when or whether incentives should matter in individual decision-making

tasks.

Empirically, the existing evidence is similarly inconsistent. Influential early studies
such as Holt and Laury (2002) reported substantial differences between hypothet-
ical and incentivized choices on risk-taking propensities, but these findings derive
from relatively small samples and highly specific elicitation methods. More recent
high-stakes or large-sample studies frequently find much smaller or null effects.
Because individual studies differ widely in design, stakes, implementation, and
measurement, it is difficult to infer whether such discrepancies reflect true hetero-
geneity, sampling variation, or selective reporting. A cumulative and principled

assessment of the experimental evidence is therefore required.

Relation to previous studies and contribution. Previous meta-analyses
have examined related questions, including incentive effects on time discounting
(Matousek, Havranek and Irsova, 2022), present bias (Imai, Rutter and Camerer,
2021; Cheung, Tymula and Wang, 2023), and loss aversion (Brown, Imai, Vieider
and Camerer, 2024). The studies by Matousek et al. (2022) and Brown et al.
(2024), in particular, report little evidence that incentives systematically affect
behaviour. Our analysis differs in that we focus exclusively on studies that exper-
imentally vary incentives while holding the underlying choice problem constant.
Rather than treating incentive provision as a study characteristic, we encode di-
rectly the treatment effects generated by these experimental manipulations. As

a result, the estimates synthesized in our meta-analysis inherit a causal interpre-



tation from the randomized comparisons on which they are based. This distinc-
tion matters: as we show below, our conclusions regarding incentive effects on
risk-taking in mixed-outcome gambles differ from those reported by Brown et al.

(2024).

We analyze these effect sizes using a robust Bayesian hierarchical meta-analytic
framework that separates true effects from sampling noise, accommodates heavy-
tailed heterogeneity, explicitly models publication bias, and incorporates study
characteristics through meta-regression. To test for publication bias, we esti-
mate a broad set of models correcting for publication bias and selection effects,
and use Bayesian model averaging to stress-test the robustness of our predictions
to alternative assumptions about selective reporting. To do so while retaining
full modelling flexibility—including heavy-tailed distributions, cross-classification
of effect sizes, and a heterogeneous set of selection models—we implement a
prediction-optimized Bayesian model-averaging procedure based on leave-one-out
cross-validation (Vehtari, Gelman and Gabry, 2017; Yao, Vehtari, Simpson and
Gelman, 2018). In contrast to Bayes-factor-based model averaging approaches
such as RoBMA (Maier, Matzke, Rouder, Wagenmakers and Ly, 2022), our pro-
cedure assigns weights according to predictive performance and remains applicable
in settings where Bayes-factor weighting can become unstable. We discuss the un-

derlying technical considerations in the methods section.

Key findings. Our key finding is that the true incentive effect on individual deci-
sions under risk or over time is, on average, too small to be of practical relevance.
This holds not only for the pooled average across all studies, but also for most
sub-categories, e.g. when analysis is applied separately to risk-taking and delay-
discounting, or to gains versus losses. We also find few moderators of these effects
in meta-regression, and the ones we do find—such as for risk-taking in mixed
gain-loss gambles, and for within- versus between-subject experimental incentive
variation—raise important interpretational issues. Finally—and even though this
analysis is based on a much smaller set of observations—we also do not find much

evidence that real incentives reduce variability in behaviour.



Because the largest reported incentive effects almost exclusively come from small,
noisy studies, a natural concern is that these findings may be inflated by selective
reporting rather than reflecting genuine behavioural responses to incentives. We
therefore examine small-study patterns using a broad set of methods. In addition
to standard tests, we deploy a battery of publication-bias models that explicitly
adjust the estimated mean effect for potential publication bias or selection effects.
Even though the conclusion about whether selective reporting is present differs
between approaches, the bias-corrected mean effect remains extremely small and
lies well within the negligible region. Thus, while the methods differ in their
implied degree of publication bias, they agree that correcting for it does not reveal

any substantively meaningful effect of real versus hypothetical incentives.

True heterogeneity. Although the mean effect is negligible, the estimated heavy-
tailed distribution of true effect sizes indicates that incentive effects vary mean-
ingfully across studies, with a nontrivial proportion of studies exhibiting small
but real deviations in either direction. We find no differences in incentive effects
between decisions in the risk and time domain. By contrast, incentive effects are
more pronounced in the loss domain and especially in mixed gain-loss tasks than
for gains. Meta-regression reveals that real incentives make subjects considerably
more risk seeking for mixed gain-loss lotteries. This pattern is consistent with
house-money or endowment-integration mechanisms inherent in standard imple-
mentations of monetary losses. Other study characteristics—such as whether all
subjects are paid, whether all decisions are incentivized, whether the study was
conducted online or in the field, or whether it was published in economics—explain

little additional variation.

Taken together, these results lead to a strikingly robust conclusion: real monetary
incentives have, on average, no meaningful impact on indiwidual decision-making
under risk or over time. The small pockets of heterogeneity that do emerge are
readily explained by features of incentive implementation rather than by gen-
uine motivational effects of incentives. In particular, the deviations we observe

in mixed gain-loss choices arise in domains where incentives are almost always



implemented through loss-from-endowment procedures, which are known to in-
duce house-money effects. These patterns therefore reflect the psychology of loss

implementation, not heightened sensitivity to monetary incentives.

Our results are particularly striking when viewed alongside recent evidence from
other domains. A notable example is the meta-analysis of Cala, Havranek, Irsova,
Luskova, Matousek and Novak (2026), which examines the effect of financial in-
centives on performance across a broad range of economics experiments. Despite
focusing on a different class of outcomes, Cala et al. (2026) similarly find that
incentive effects are generally small after correcting for publication bias, with
somewhat stronger effects under loss framing. Taken together, their findings and
ours suggest that the behavioural impact of monetary incentives may be consid-
erably smaller than traditionally assumed, and that the most robust departures

from this pattern arise in environments involving losses.

2 Methods

2.1 Literature Search and Study Selection

We conducted a comprehensive search for empirical studies comparing decisions
made under real incentives with decisions made under hypothetical outcomes in
tasks involving risk, uncertainty, or intertemporal choice. We carried out the
primary search in April 2026 using Web of Science (All Databases), without re-

strictions on publication year or document type.

Our search terms captured contrasts between hypothetical and real rewards as
well as decision contexts involving risk or delay. We screened reference lists of all
identified studies, and we supplemented the search using Peter Wakker’s annotated
bibliography, which contains a dedicated category for variation in incentives. We

furthermore circulated our list of studies on the ESA and JDM-society mailing



lists to elicit any studies we might have missed.! This process yielded 602 initial
records and 238 additional records from backward citation searches, bibliographic

sources and society feedback.

We included studies if they (i) compared hypothetical and real incentives using
behavioral measures, and (ii) held constant the ranges of reward magnitudes,
probabilities, or delays across conditions. These criteria ensure that incentive
effects are not confounded with known context effects such as the magnitude effect
in temporal discounting or stake effects across outcome ranges. We excluded
seventy-five studies because they violated this design requirement. The full dataset
contains 73 papers, including 25 temporal discounting studies and 55 risk-taking
studies (some papers include both risk and delay tasks, and are thus counted
in both categories). Online Appendix A provides full search terms, details on

inclusion and exclusion criteria. Online Appendix L lists all included papers.

2.2 Coding of Effects and Study Characteristics

For each study, we coded a measure of the effect of incentives on choice behaviour.
A first challenge arose from the wide variation in reporting standards: many pa-
pers did not focus explicitly on incentive effects or reported them only indirectly.
When papers reported multiple effect sizes—for example, because they included
several experimental tests, reported both nonparametric and structural estimates,
or estimated multiple behavioural parameters from the same structural model—we
included all eligible effects (we will explicitly account for their statistical depen-
dence in the hierarchical structure of our model). After excluding five effects for
which the direction of the effect could not be established, we were left with 69
papers containing 86 distinct experiments, which between them contribute a total

of 624 effect sizes. These constitute the primary unit of analysis.

"While we did write up an initial conceptual note detailing the specific issues likely to arise
in our meta-analysis and how to deal with them, we ultimately did not pre-register this note
because it remained necessarily vague. In meta-analysis, many methodological choices flow from
data features, as is exemplified by our analysis of publication bias below. In the absence of
precise procedural guidelines, we thus believe that striving for open and transparent reporting
and including robustness analyses to various modelling assumptions is the best option at our
disposal.



To compare effects across heterogeneous reporting formats, we converted all incen-
tive contrasts to Cohen’s d (Cohen, 1988). When papers reported group means
and standard deviations, we computed d using the pooled standard deviation.
When papers reported inferential statistics (e.g., ¢, F', or z statistics, or regression
coefficients), we converted these to d using standard transformations. Separate
formulas were used for between-subject and within-subject designs to account for
the corresponding correlation structures in choice behaviour. Online Appendices C
and D provide the full formulas for computing effect size d and its standard error.
To further allay concerns that may arise when applying Cohen’s d to choice pro-
portions, we additionally calculated Cohen’s A in these cases. Online Appendix E
compares the result for this subset of studies, and finds no significant differences

between the two measures.

A second challenge arose from the diversity of choice architectures. A substantial
majority of effect sizes were derived from nonparametric behavioural measures.
These include proportions of patient versus impatient choices in intertemporal
tasks, proportions of risky versus safe choices under risk, indifference points, and
Area Under the Curve (AUC) measures. In total, 458 of the 624 effect sizes
fall into this category. For intertemporal choice, we coded these measures so
that larger values of Cohen’s d indicate greater impatience under real incentives.
Analogously, for risky decisions we coded nonparametric contrasts so that larger

values correspond to increased risk aversion.

The remaining effect sizes were derived from parametric estimations. These in-
clude parameters capturing constructs such as utility curvature or loss aversion,
as well as discounting parameters in intertemporal choice. We only included para-
metric measures when their directional interpretation in terms of risk aversion
or impatience was unambiguous. For example, utility curvature parameters con-
sistently map onto risk aversion; proportional discounting parameters such as k
in 1/(1 + kt), where t is the time delay, likewise provide a monotonic proxy for
impatience. Our dataset contains quasi-hyperbolic (5-0) discounting estimates.

Quasi-hyperbolic estimates were included because both 3 and d~! can be inter-



preted as proxies for impatience in a behaviourally consistent manner. We did
not include fully hyperbolic (or time sensitivity) parameters, nor probability sen-
sitivity parameters, since they do not map monotonically onto impatience or risk

aversion and would therefore not allow for consistent coding.

In addition to the key effect sizes, we coded major design features of each study, in-
cluding the experimental setting (laboratory, field, online), the subject population
(students vs. general population), reward type (monetary vs. non-monetary), deci-
sion domain (gains, losses, mixed), and the incentive scheme (e.g., paying a subset
of subjects, paying one randomly selected choice, paying all choices). Online Ap-

pendix F provides the full list of characteristics and operational definitions.

Finally, because parametric and nonparametric effect sizes may differ systemati-
cally in scale, noise properties, and behavioural interpretation, we conduct exten-
sive robustness checks and include parameter type as a moderator in our meta-
regression analyses. These analyses confirm that our main results are not driven

by differences between nonparametric and parametric measures.

3 Aggregate results

We present our findings in several stages, starting from an aggregate analysis.
We first describe nonparametric patterns in the data. We then estimate the meta-
analytic mean using a hierarchical Bayesian measurement error model and examine

the posterior inferences based on that model.

3.1 Incentivized vs hypothetical studies: raw effects

Descriptive results. We begin by presenting descriptive evidence on the distri-
bution of effect sizes across all decision types and outcome domains. Panel A of
Figure 1 plots the density of the absolute values of all 624 encoded effect sizes d;. It
also plots the distribution of the 458 effect sizes based on non-parametric measures

for comparison. The distribution is heavily concentrated near zero: fully 52% of



all effect sizes are smaller than 0.2. Thus, more than half of the reported effects do
not even reach Cohen’s threshold for a “small” effect. Both the mode and median
effect sizes are therefore best characterized as negligible. An additional 35% of
effect sizes fall into Cohen’s “small” category, while medium-sized and large effects
are rare, at 9% and 4% respectively. The distribution of nonparametric effects

closely resembles the overall distribution.

A
25
204 Effect type
all effects
nonparametric effects
1.5
trivial small medium large

=
[%]
o
]
o

1.0

0.5

0.0 r v r r v r T v r r r g T —— g r r

0.0 0.1 02 03 04 05 06 0.7 0.8 0.9 1.0 11 1.2 13 14 15 1.6 1.7 1.8
Cohen's d (absolute)
B
Effect type
E all effects

101 nonparametric effects
2
‘@
c
]
o

0.5

0.0

-14 -12 -10 -08 -06 -04 -02 00 02 04 06 08 10 12 14
Cohen's d (effect on risk aversion/impatience)

Figure 1: Probability density of Cohen’s d

Distribution of 624 Cohen’s d effect sizes across studies. Panel A shows the distribution of absolute effect
sizes. Panel B shows the distribution preserving the sign of the effect, with positive values corresponding to
increased risk aversion or impatience under real incentives, and negative values corresponding to increased
risk seeking or patience.
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Because Panel A represents absolute effect sizes, it does not capture the direction
of the incentive effect. Beyond whether incentives have any effect on behaviour, an
important question is whether the reported effects exhibit a consistent directional
pattern. To address this, we coded all effect sizes so that positive values indicate
greater risk aversion (or impatience) under real incentives, whereas negative values

indicate greater risk seeking (or patience).

Panel B of Figure 1 plots the distribution of signed effect sizes on the negative—
positive continuum (separately using the full data and the nonparametric measures
only). The distribution is strikingly symmetric around zero: the mode (= 0), me-
dian (= 0.021), and mean (= 0.024) all lie extremely close to zero. Moreover,
larger positive effects (greater risk aversion or impatience under real incentives)
are almost perfectly counterbalanced by larger negative effects (greater risk seek-
ing or patience under real incentives). In short, the descriptive evidence reveals no
coherent directional pattern in the literature. Incentive effects pointing in one di-

rection are nearly exactly offset by effects pointing in the opposite direction.

3.2 Hierarchical Bayesian Model

To analyze the incentive effects statistically, we develop a Bayesian Hierarchical
Measurement-Error Model (BHMEM). A hierarchical (random-effects) specifica-
tion allows us to model genuine cross-study variation in true effect sizes, which we
expect to be present based on the large number of studies and the diversity of be-
havioural tasks included in this meta-analysis. The Bayesian framework provides
additional flexibility to extend the model in response to substantive questions that

arise from the data.

Hierarchical Bayesian Model with Experiment Cross-Classification. Our
basic unit of analysis is Cohen’s d, representing the observational estimate of the
incentive effect in study ¢. Each observed effect size d; is measured with sam-

pling uncertainty, for which we use the reported sampling variance se?. Following

11



standard meta-analytic practice, we assume the measurement-error model
di~ N (s, se?), 1)

where ci denotes the true (latent) effect size underlying study i. The hierarchical
model then specifies how these latent true effects vary across studies. To accom-
modate potential outliers and true heterogeneity across studies, we model the

distribution of the true effects using a Student—t specification:
d; ~ Student-t(v, i+, o), (2)

where p is the population-level mean effect, o is the between-study scale parameter
(with % representing the variance in true effect sizes across studies), and where
v > 2 denotes the degrees of freedom. Estimating v lets the data determine the
appropriate tail behaviour: small values of v yield heavy tails that downweight
outlying effect sizes, while for large values of v the distribution is approximately
normal. This makes the model robust to outliers without imposing strong assump-

tions about their presence.

In addition, we cross-classify effects to account for statistical dependency:
Yo ~ N0, 7). (3)

The term ~, introduces an experiment-level random effect, ensuring that all effect
sizes originating from the same experiment share a common shift relative to the
overall mean. This induces the appropriate correlation among within-experiment
estimates and prevents single experiments for which many outcomes are reported

from disproportionately influencing the meta-analysis.

Under this specification, each observed effect size d; combines two sources of vari-

ability: (i) sampling variance se?, arising from measurement error in the individual
study, and (ii) hierarchical variance components governed by ¢ and 72, capturing

genuine heterogeneity in the underlying true effects across studies and experi-

12



ments. The hierarchical model thus separates study-level noise from substantive

cross-study variation and shrinks noisy estimates toward the overall mean .

Robustness to correlations between effects and errors. Calculating stan-
dardized effect sizes as Cohen’s d risks introducing spurious correlations between
the effect sizes themselves and their standard errors. To assess the robustness
of our inferences, we therefore repeat all analyses in the paper using the MAIVE
instrumental-variable approach proposed by Irsova, Bom, Havranek and Rachinger
(2025). MAIVE replaces the reported squared standard error, SE?, with the com-
ponent predicted by sample size, 1/N;, which is not mechanically linked to the
estimated effect size. Specifically, we estimate SE? = {b\o +121\1N%_ +v; and construct
the instrumented standard error as SE!YV = @/120 + 1}\1]\% We then re-estimate
our main meta-analytic specifications using this instrumented precision measure.

Online Appendix I reproduces the entire analysis in this paper using this approach

and leaves all substantive conclusions unchanged.

Bayesian posterior inferences. We now deploy our BHMEM to study the dis-
tribution of true effect sizes. We estimate the model in Stan (Carpenter, Gelman,
Hoffman, Lee, Goodrich, Betancourt, Brubaker, Guo, Li and Riddell, 2017) us-
ing mildly regularizing hyperpriors Gelman, Carlin, Stern, Dunson, Vehtari and
Rubin (2014), chosen to be at least one order of magnitude wider than the plau-
sible ranges suggested by the data. The results reported here are not sensitive to
reasonable variations in these hyperpriors. We assessed convergence by verifying
the absence of divergent transitions and ensuring that all R statistics are very
close to 1, with R <101 accepted as an indication of satisfactory mixing. On-
line Appendix G reports full details, including the Stan code used; Vieider (2024)

provides a tutorial introduction to Bayesian hierarchical modeling in Stan.

The estimated degree-of-freedom parameter of the Student—t distribution is v =
2.147 (95% CrI [2.004, 2.519]), confirming substantial tail heaviness and thus val-
idating the Student—¢ specification as an outlier-robust choice. The estimated

meta-analytic mean is p = 0.045. Its 95% credible interval (Crl) includes zero,
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[—0.002, 0.093], and falls entirely within the range of negligible effect sizes. Panel A
of Figure 2 compares the raw effect sizes d; to the posterior distribution of true
effect sizes c?z The posterior distribution is substantially narrower, with two-thirds
of all d; falling in the negligible-effect interval [—0.2, 0.2]. This illustrates meta-
analytic shrinkage: each d; is pulled toward the meta-analytic mean in proportion
to its standard error. The extent of shrinkage suggests that studies reporting larger

effects tend to be relatively noisy—a point to which we will return below.

Meta-analytic shrinkage affects not only the estimated effect sizes but also the pre-
cision with which they are estimated. Because the posterior standard deviations
sd; of the true effects (equivalent to a standard error in frequentist statistics) in-
corporate both sampling variability and shrinkage toward the meta-analytic mean,
they are typically smaller than the raw standard errors se;. The implications for
statistical significance are therefore ambiguous ex ante: shrinkage pulls effects

toward zero, but it also reduces the uncertainty surrounding the estimate.

To assess statistical significance in our Bayesian framework, we define a region
of practical equivalence (RPE) around the null hypothesis of no effect. Following
Cohen’s conventions, it is natural to take the interval [—0.2, 0.2] to represent
negligible effects. We classify a study as “positive” if at least 95% of its posterior
mass lies above 0.2, and as “negative” if at least 95% lies below —0.2. Studies with
at least 95% of their posterior mass within the RPE are classified as unambiguously
negligible.? All remaining studies are classified as “uncertain”, inasmuch as they

do not provide sufficient information for unambiguous classification.

Panel B of Figure 2 plots the posterior mean of the true effect size (Z against its
standard deviation sd;, and colour-codes the points depending on their classifica-
tion. Overall, 3.7% of studies show a positive effect and 3.5% a negative effect.
The fact that clearly positive and clearly negative effects occur in both directions
suggests the presence of moderate genuine heterogeneity in true effects—a topic

we examine at some length below. By contrast, 16.3% of studies are unambigu-

2The choice of a 95% posterior probability threshold follows statistical convention; other
thresholds would lead to qualitatively similar conclusions.
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Figure 2: Posterior inferences on effect sizes

Posterior inferences from the BHMEM. Panel A compares the distribution of raw effect sizes d; with the

posterior distribution of true effect sizes d;. Panel B plots the posterior means d; (x-axis) against their

posterior standard deviations (y-axis), which correspond to standard errors in frequentist terminology.
ously negligible. These provide positive evidence of absence of incentive effects,
not merely absence of evidence: for these studies, a practically null effect is gen-

uinely likely. Such cases are more than twice as common as positive and negative

effects combined. Finally, 76.4% of studies are too imprecise or too small to yield

15



a clear conclusion, reflecting low power or unfavorable signal-to-noise ratios.

4 Is there publication bias?

The meta-analytic results above indicate that larger effects—whether positive or
negative—tend to be associated with greater sampling noise. This may simply
reflect sampling variation in small studies, but it may also be symptomatic of

publication bias. We therefore begin with a set of nonparametric diagnostics.

4.1 Nonparametric examination of small study effects

Panel A of Figure 3 presents a funnel plot of the raw effect sizes d; against — In(se;),
a measure of the precision of the effect. More precise studies thus appear at the
top of the graph. The figure shows a clear pattern: the most extreme effect
sizes (which are both positive and negative) occur almost exclusively in imprecise
studies, whereas the most precise studies tend to cluster around zero, with only a
few small positive exceptions. In the absence of small-study effects, the estimated
effect sizes should not systematically vary with their standard errors; precise and

imprecise studies would be centered on the same underlying value.
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Figure 3: Funnel plot of Cohen’s d against its log-standard error

The figure plots the raw effect sizes d; against —In(se;) (panel A) and against VN (panel B). The gray area
in panel A indicates a zone containing non-significant results. The gray area in panel B provides a similar
measure, given by 1—\/% The scaling factor of 1.5 is used because it approximates the average standard

deviation in the sample.
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Panel B of Figure 3 plots effect sizes against v/ N to display the same relationship
in terms of sample size. The conclusions remain unchanged: small studies generate
nearly all large positive and large negative effects, whereas larger studies (with a
few exceptions) converge toward negligible effects. The correlations between effect
size and precision are sizable: |d;| is negatively correlated with v N (p = —0.348,
p < 0.001), with similar patterns for positive effects (p = —0.360, p < 0.001)
and negative effects (p = —0.340, p < 0.001). Signed effects also show a negative
relationship with precision (p = —0.220, p < 0.001). These findings indicate
pronounced small-study effects. Although such effects do not necessarily imply
publication bias, publication bias is a common mechanism capable of producing

these patterns.

A standard diagnostic for funnel-plot asymmetry is Egger’s regression, which re-
gresses the standardized effect size d;/se; on study precision 1/se;. Under the
null of no small-study effects, the intercept should be zero. Applied to absolute
effect sizes, Egger’s test yields a strongly positive intercept (5o = 1.261, 95% Crl
[1.052,1.470]; slope 51 = 0.068, 95% Crl [0.052,0.084]), indicating that small, im-
precise studies tend to report disproportionately large deviations from zero. In
Egger’s framework, this is the classical pattern consistent with publication bias.
When applied to signed effect sizes, however, the pattern disappears: the intercept
is small and uncertain (8 = 0.277, 95% CrI [—0.028,0.596]), and the slope is near
zero (1 = —0.021, 95% Crl [—0.046,0.002]). This divergence is informative: it
implies that small studies tend to report extreme effects, but not systematically
in the positive or negative direction. In other words, the small-study pattern we

observe is about magnitude, not sign.

Such symmetric exaggeration is compatible with publication bias (journals pref-
erentially publishing “large” effects in either direction), but it is also compatible
with genuine heterogeneity combined with sampling noise. Because Egger’s test
relies on assumptions that are violated in our setting—mnormality of true effects,
homogeneity across studies, and statistical independence of effect sizes—the con-

tradictory signals between absolute and signed versions cannot be taken as defini-
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tive evidence of bias. Instead, they point toward the need for explicit parametric

models of selection, which we turn to next.

4.2 Formal tests and adjustments for publication bias

The effects documented above are indicative of small-study effects, in the sense
that smaller and less precise studies are more likely to show significant effects in
either direction. We next examine whether the distribution of effects is indicative
of publication bias—the tendency of null results to be less likely to be written up
by authors or published by journals. To do this, we field a battery of commonly
used methods that can adjust and correct meta-analytic estimates for publication
bias and selection effects. Here, we briefly list the methods and describe their
key characteristics; Online Appendix H.1 provides a more extensive discussion

including technical details. The tests we use are

e PET-PEESE: The Precision-Effect Test (PET) and the Precision-Effect
Estimate with Standard Error (PEESE) are regression-based tools designed
to detect and correct for publication bias by exploiting the empirical rela-
tionship between reported effect sizes and their standard errors (Stanley,
2008; Stanley and Doucouliagos, 2014). Both approaches regress reported
effect sizes on a measure of their precision: the standard error in PET and

its square in PEESE.

e Vevea & Hedges selection model: the Vevea and Hedges (1995) model
explicitly models the probability of a study being selected for publication.
The approach combines two components: (i) an effect-size model, analogous
to our Bayesian Hierarchical Measurement Error Model (BHMEM), that
characterizes the distribution of study outcomes in the absence of selective
publication, and (ii) a selection model that assigns relative probabilities to
studies based on the p-value associated with their effect estimate. This for-
mulation yields effect-size estimates that adjust for selective reporting and
allows formal inference on the presence of publication bias. We estimate

both unidirectional (V&H-UD) and bidirectional (V&H-BD) versions of the
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model. In the unidirectional specification, p-values are based on |z, im-
posing symmetric selection weights for positive and negative effects. The
bidirectional specification computes p-values from the signed test statistic,
allowing selection probabilities to differ between positive and negative ef-

fects.

e Andrews & Kasy selection model: The Andrews and Kasy (2019) ap-
proach explicitly models both the distribution of true effects and the se-
lection mechanism governing which results are observed in the published
sample. Unlike the Vevea & Hedges model, which estimates relative selec-
tion weights across p-value regions, the A&K model directly parameterizes
the probability that a result enters the observed sample. We estimate two
versions: one with smooth global patterns (QI), and one allowing for flexible

local nonlinearities (NS).

For completeness and comparability with the existing literature, we estimate all of
these models in two different settings. First, we use implement them in standard
fixed-effects settings. Second, we implement Bayesian hierarchical versions of all
models by embedding their structure inside our baseline random-effects BHMEM.
Online Appendix H.1 provides the technical details, and Online Appendix H.2 the

statistical code.

Selection patterns implied by the individual publication-bias models.
Each of the approaches discussed above captures a different aspect of publica-
tion selection. PET-PEESE detects small-study effects through the association
between effect sizes and their standard errors; the Vevea & Hedges model iden-
tifies discrete jumps in publication probability across p-value intervals; and the
Andrews & Kasy model estimates a smooth selection function describing the ab-
solute probability that a study with a given test statistic enters the published
literature. Figure 4 shows that the Vevea—Hedges and Andrews—Kasy models re-
cover markedly different selection mechanisms. The V&H model, which imposes

stepwise changes at conventional p-value thresholds, produces the expected pat-
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tern: a sharp increase in publication probability for statistically significant results.
In the case of the bidirectional specification, the increase in selection probability
is less pronounced for significantly negative results—which are nonetheless much

more likely than nonsignificant effects to be published.

Selection Probability by z—score
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Figure 4: Posterior mean selection probabilities for the Vevea & Hedges and Andrews & Kasy
models under random-effects specifications.

In contrast, the A&K model places no structural restrictions on how selection
varies with the test statistic. In our dataset, the estimated selection functions
are relatively flat and do not exhibit a strong increase around the 5% significance
threshold; in some regions the publication probability even declines for extremely
large z-values (possibly due to few effect sizes in those regions). This divergence
from the V&H pattern reflects the much greater flexibility of the A&K specifica-
tion, as well as the substantial heterogeneity of our sample: many studies with
non-significant or modest effects appear to have been published, while extreme
effects may not receive disproportionately more weight in the published literature.
Rather than contradicting V&H, the A&K model therefore captures a different,
smoother dimension of selection that need not align with stepwise threshold ef-

fects.
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The PET-PEESE diagnostics paint a more nuanced picture. The fixed-effect
PET model yields a positive and statistically significant slope (Apgrrr = 0.28,
p < 0.001), suggesting that smaller and noisier studies tend to report larger effects.
However, once between-study heterogeneity is accounted for, the slope becomes
statistically indistinguishable from zero (Apgrre = —0.07, p = 0.374). A similar
pattern emerges for the PEESE specification: the fixed-effect model detects a
significant positive slope (Apgrspre = 1.15, p < 0.001), whereas the random-
effects model does not (Apgrspre = —0.10, p = 0.412). These differences imply
that the apparent small-study effects in the raw data are closely tied to genuine

heterogeneity across studies rather than to selective publication alone.

Importantly, the bias-adjusted intercepts (interpreted as the effect size for an in-
finitely precise study) remain close to zero under the random-effects specifications
(upeTRE = 0.055, tpERSERE = 0.047; see Table 1 for statistical information), both
lying well within the range of negligible effects. Thus, while PET-PEESE detects
small-study patterns under a fixed-effect formulation, the Bayesian hierarchical
versions of these models do not provide strong evidence of systematic publication

bias once study-level heterogeneity is incorporated.?

4.3 Results from Robust Bayesian Model Averaging

To synthesise the evidence across all publication-bias models, we implement a
Prediction-Optimised Bayesian Model Averaging (PoBMA) framework. PoBMA
evaluates a broad family of meta-analytic specifications—including the baseline
measurement-error model (BHMEM), PET-PEESE, Vevea & Hedges selection
models, and the continuous-selection models of Andrews & Kasy—and combines

them into a single posterior distribution of the underlying effect.

3A potential concern could be that, in the hierarchical PET-PEESE models, the heavy-
tailed random-effects distribution might absorb patterns that would otherwise be attributed to
publication bias, thereby driving the PET-PEESE slope toward zero. This is not the case: the
PET-PEESE slope is identified from the within-study relationship between d; and se;, whereas
the Student—t random-effects distribution captures between-study heterogeneity in latent true
effects. These components are orthogonal in the likelihood, so heterogeneity cannot generate or
eliminate a dependence of effect sizes on their standard errors.
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The PoBMA is based on stacking weights derived from leave-one-out cross-validation
(LOO; Vehtari et al., 2017; Yao et al., 2018). This differs from approaches imple-
mented in existing model-averaging software such as RoBMA (Maier et al., 2022),
which uses Bayes factors to determine the weights assigned to different models.
The key distinction is that PoOBMA prioritizes out-of-sample predictive perfor-
mance rather than marginal-likelihood-based model evidence. As a result, model
weights need not follow the ranking of individual models: they are chosen to max-
imize the predictive performance of the combined model. More importantly for
the present application, LOO-based stacking remains stable under the modelling
choices required by our data. Our framework combines heterogeneous families of
publication-bias models while allowing for heavy-tailed heterogeneity and cross-
classified dependence structures. In this setting, Bayes-factor calculations become
numerically unstable and do not provide a reliable basis for model averaging.*
Stacking allows us to retain these modelling features and still perform coherent

model averaging across the full set of candidate specifications.

Each model is estimated under both fixed-effect and random-effects specifications,
yielding a total of 14 candidates. This framework allows the data to determine (i)
which publication-bias corrections receive empirical support, and (ii) the resulting
bias-adjusted mean effect size u. Table 1 reports the LOO differences, stack-
ing weights, and posterior means for p for all models. Several patterns emerge

clearly.

First, the first four models have similar predictive power, and all receive relatively
large weights. Notably, more complex models such as PET, PEESE, and the
A&K specifications do not perform meaningfully better than our simple BHMEM,
which serves as their common baseline specification.” Whereas these models nei-

ther improve upon nor perform substantially worse than the BHMEM, the Vevea

4This instability arises because the models being averaged differ substantially in parameteri-
zation and dimensionality, while also incorporating highly flexible distributional assumptions.

5Stacking weights need not mirror the ordering of models by Aelpd. Their purpose is to
maximise the predictive performance of the combined model, meaning that a specification with
weaker standalone predictive accuracy may nevertheless receive a positive weight if it contributes
complementary predictive variation.
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Model Aelpd  weight 1

Random PEESE 0.0 0.261 0.047
(0.0) (-0.007, 0.102)

Random PET -1.1 0.239 0.055
(3.5) (-0.017, 0.133)

Random MEM -2.9 0.146 0.046
(4.1) ( 0.000, 0.094)

Random A&K-NS -3.5 0.259 0.045
(3.9) (-0.002, 0.092)

Random A&K-QI -4.8 0 0.045
(3.7) (-0.002, 0.093)

Random V&H-BD -8.6 0.095 0.029
(5.1) (-0.022, 0.080)

Random V&H-UD -65.0 0 0.033
(9.8) (-0.005, 0.075)

Fixed V&H-UD -1559.6 0 0.000
(182.3) ( 0.000, 0.000)

Fixed PEESE -1560.5 0 -0.012
(185.7) (-0.019,-0.005)

Fixed PET -1564.0 0 -0.022
(188.5) (-0.031,-0.012)

Fixed A&K-NS -1567.4 0 -0.005
(184.0) (-0.011, 0.001)

Fixed A&K-QI -1567.7 0 -0.005
(184.1) (-0.011, 0.001)

Fixed MEM -1568.0 0 -0.005
(184.1) (-0.011, 0.002)

Fixed V&H-BD -1568.8 0 -0.009
(185.0) (-0.016,-0.003)

Table 1: Leave-one-out cross-validation (LOO) results and stacking weights for the 14 model
specifications included in the Prediction-optimized Model Averaging (PoBMA) framework. The
‘Model’ column lists each specification, indicating fixed- or random-effects assumptions and
the type of publication bias correction applied: hierarchical Bayesin measurement error model
(MEM), Precision-Effect Test (PET), Precision-Effect Estimate with Standard Error (PEESE),
Vevea & Hedges selection models under unidirectional (V&H-UD) or bidirectional (V&H-BD)
specifications, and Andrews & Kasy selection models using natural spline (A&K-NS) or quadratic
interpolation (A&K-QI). Aelpd denotes the difference in expected log predictive density relative
to the best-fitting model (standard error in parentheses), ‘weight’ indicates the model stacking
weight, and p gives the posterior mean of the bias-corrected effect size (with 95% credible
intervals in parentheses).

& Hedges stepwise-selection models display poorer predictive performance (with
the unidirectional specification nonetheless contributing a small positive weight).
By contrast, all fixed-effect specifications receive effectively zero weight, reflecting
the substantial between-study heterogeneity in our data and the incompatibility
of fixed-effect assumptions with the empirical structure of incentive-effect esti-

maptes.

Second, across all random-effects models, the bias-adjusted population mean re-

mains small. Posterior means range from approximately 0.029 (V&H-BD) to 0.055
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(PET), and all associated 95% credible intervals lie entirely within the “negligi-
ble” range of [—0.2,0.2]. No model yields credible evidence for a substantively
meaningful effect of real versus hypothetical incentives. We compute the overall
model-averaged estimate of the underlying effect size by combining the individual

models using their stacking weights. The resulting posterior mean is
HUPoBMA = 0.047 (95% Crl [0.020, 0074]),

which again falls squarely within the negligible region. POBMA therefore confirms
that, after accounting for publication bias and heterogeneity using a wide range of
correction methods, the meta-analytic effect of real incentives on choice behaviour

remains very small.

Taken together, the POBMA results reinforce the main conclusion from the individ-
ual publication-bias models: although the raw data exhibit small-study patterns,
once we account for heterogeneity and alternative mechanisms of selective report-
ing, the underlying effect of incentive provision on decision behaviour is very small

and likely negligible.

5 Variability in true effect sizes

We next examine whether the residual variability in true effect sizes—after ac-
counting for sampling error and shrinkage—is systematically related to character-
istics of the underlying studies. In particular, we start by presenting disaggregated
results by decision type, decision domain, and along various task characteristics.

We then move on to meta-regression analysis of the effects.

5.1 Meta-analytic means and variation by category

While the aggregate analysis above provides a useful overall summary, it may

obscure meaningful differences across domains and task types. If incentive ef-
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fects vary systematically—for example, between risk-taking and delay-discounting
tasks—aggregate estimates may conceal such heterogeneity, potentially attenuat-
ing effects that operate in opposite directions. To address this concern, we now

report meta-analytic means at a more disaggregated level.

Subgroup characteristics Raw Effects PoBMA Estimates Obs.
Mean  Med. SD Mean Med. SD N

Topic Domain

Temporal discounting -0.049 -0.002 0.290 -0.030 -0.007 0.185 119

Risk taking 0.042 0.028 0.353 0.036 0.028 0.278 505
Source of Data

Lab experiment 0.056 0.068 0.383 0.063 0.061 0.290 450

Field experiment -0.043 -0.072 0.106 -0.040 -0.068 0.094 54

Online experiment -0.074 -0.077 0.204 -0.070 -0.066 0.168 117
Treatment Design

Within-subjects 0.107 0.130 0.365 0.101 0.109 0.293 246

Between-subjects -0.029 -0.032 0.318 -0.027 -0.027 0.230 378
Incentive Realization Scheme

All subjects paid 0.047 0.042 0.357 0.044 0.041 0.274 506

Random subjects paid -0.072 -0.073 0.257 -0.066 -0.075 0.190 118

All decisions realized 0.090 0.126 0.399 0.082 0.080 0.286 181

Random decisions realized -0.003 0.000 0.314 -0.001 0.005 0.250 443
Payoff Domain

Gain 0.018 0.015 0.309 0.016 0.019 0.234 443

Loss 0.014 0.014 0.278 0.017 0.059 0.234 87

Mixed 0.080 0.108 0.480 0.076 0.094 0.366 111
Estimation Method

Parametric -0.058 -0.035 0.253 -0.056 -0.057 0.186 166

Non-parametric 0.054 0.053 0.366 0.052 0.048 0.282 458
Publication Status

Unpublished 0.063 0.042 0.296 0.031 0.040 0.177 46

Published 0.021 0.018 0.347 0.023 0.021 0.270 578

Published in econ Top5 0.038 -0.023 0.383 0.033 -0.010 0.340 102

Published in economics -0.012 -0.019 0.353 -0.008 -0.006 0.295 345

Published in other field 0.070 0.069 0.326 0.063 0.061 0.213 279

Table 2: Summary of effect sizes by subgroup characteristics. Raw effects correspond to the
original Cohen’s d, while POBMA estimates refer to the posterior estimates of true effect sizes.

Table 2 reports meta-analytic summary statistics by subgroup (Online Appendix J.1
provides a more extensive disaggregation that leaves the main conclusions un-

changed). Across all categories, the POBMA estimates remain small. Mean effect

25



sizes range from —0.070 to 0.101, while median effect sizes range from —0.075 to
0.109, well within the conventional negligible-effect interval of [—0.2,0.2]. Thus,
the conclusion that incentive effects are negligible on average does not arise solely
from pooling across heterogeneous domains, task types, or implementation proce-
dures.® Although subgroup means occasionally differ in sign, all remain close to
zero and none suggest substantively meaningful effects. We next examine whether
the remaining differences across domains and study characteristics are statistically

meaningful.

5.2 Meta-regression

The disaggregated means above give a first indication that differences across de-
cisions types, domains, and tasks in incentive effects are likely to be small. To
assess this issue more systematically—and to do so while controlling for several
aspects of the tasks, domains, and subject pool while doing so, we next extend
the Bayesian hierarchical measurement-error model by replacing the population
mean g in Eq. (2) with a meta-regression term. Let X denote an N x K matrix
of study-level predictors and let e be the corresponding K-dimensional vector of

regression coefficients. The model becomes:
CZ- ~ Student-t(v, X;a+,, o),

where Xj; is the row of predictors for study ¢, 7, is the experiment-level random
effect, and o captures the between-study standard deviation of the true effects
after accounting for the covariates. The goal of this meta-regression is to explain

true heterogeneity in CZ after adjusting for the influence of sampling error.

Before turning to the substantive moderators, it is important to clarify the choice

of model used to analyse heterogeneity. Although the PoOBMA framework provides

6As a rough benchmark for economic magnitude, we examined the subset of 120 estimates
originally reported as proportions or frequencies. Across these studies, incentivized subjects
exhibited an average increase of 5.35 percentage points (median: 3.19 percentage points) in
outcomes associated with greater risk aversion or impatience relative to hypothetical conditions.
Even in these more directly interpretable units, the estimated incentive effects remain modest.
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our preferred estimate of the owverall effect size by averaging across publication-
bias corrections and model structures, it is not suited for meta-regression. The
publication-bias models included in POBMA impose substantially different likeli-
hoods and regression structures (e.g. PET and PEESE introduce precision terms,
Vevea—Hedges applies p-value-based weighting, and—to complicate things further—
fixed-effect variants do not allow for heterogeneity at all), making moderator
effects non-comparable across models. By contrast, the Bayesian hierarchical
measurement-error model (BHMEM) provides a unified and coherent platform for
studying systematic variation in the latent true effect sizes (Z It explicitly sep-
arates sampling error from between-study variability, accommodates experiment-
level clustering, and allows covariates to be incorporated in a consistent manner.
Importantly, the BHMEM is amongst the predictively most accurate models in
the LOO comparison (Table 1), and amongst the models with equal predictive
performance it is the most parsimonious. For these reasons, all inferences about
heterogeneity across study characteristics are based on the BHMEM rather than
on the model-averaged POBMA estimates.

All regression results reported below come from a single meta-regression that in-
cludes the following predictors: a dummy for decisions in the time domain (relative
to risk tasks); a within-subjects dummy (relative to a between-subjects design);
dummies for loss and mixed outcome domains (relative to gains); a dummy in-
dicating whether the effect is based on a parametric estimate rather than a non-
parametric measure; dummies for field and online experiments (relative to labora-
tory studies); the probability with which a participant is selected for payment in
between-subject randomization schemes (binarized to paying all subjects versus
paying only some); and a dummy indicating whether all decisions in a study are in-
centivized. We also control for whether a study is published and whether it appears
in an economics journal. The full regression tables, as well as several robustness
analyses including additional controls (such as geographical location) and contin-

uous version of binarized variables are reported in Online Appendix J.2.
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5.3 Domain differences: risk, time, mixed, and losses

We begin by examining differences across decision domains—most prominently,
between risk and time.” Panel A of Figure 5 plots kernel density estimates of the
raw effect sizes for risk and time tasks. At a descriptive level, the two distribu-
tions are remarkably similar: both are centered close to zero and show a broadly
symmetric shape around that point. There is no visually apparent shift suggesting

that incentive effects systematically differ between the two domains.

While the nonparametric distributions provide no indication of domain-level differ-
ences, visual comparisons alone cannot account for sampling error, between-paper
heterogeneity, or correlations with other study characteristics. We therefore turn
to the meta-regression analysis, which formally tests whether the underlying, bias-
adjusted effect sizes differ between risk and time preferences once these factors
are taken into account. Panel C plots the posterior difference in true effects be-
tween time and risk domains, together with its 95% credible interval. The interval
spans zero comfortably, indicating that—after adjusting for noise and study-level
covariates—there is no meaningful difference in incentive effects between risk and

intertemporal choice tasks (p-value = 0.198).

Panel B shows the distribution of raw effect sizes separately for gains, losses, and
mixed-outcome choices. Effects for gains are perfectly centered on zero, indicat-
ing no detectable incentive effect in this domain. In contrast, mixed gain—loss
choices exhibit a much broader distribution that does not reveal an immediate
directional pattern. To clarify these patterns, Panel C reports the corresponding
meta-regression estimates. The credible interval for losses includes zero, indicat-
ing that the effect is not statistically meaningful (p-value = 0.676). For mixed
gain—loss choices, however, the estimated effect is significantly negative (p-value =
0.002): incentives push choices in the direction of greater risk seeking (i.e., reduced

risk aversion).

These results raise important interpretational considerations. Together with the

"The dataset includes a single effect size from an ambiguity task (i.e. choices under unknown
probabilities). We classify this as part of the “risk” domain for present purposes.
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Figure 5: Cohen’s d by decision domain

null effect for gains, the findings suggest that the observed domain differences
may reflect features of the incentivization mechanism itself, rather than intrin-
sic differences in preferences under real versus hypothetical payment. Nearly all
incentivized studies in our dataset implement losses by deducting them from an
initial endowment. This creates the possibility of house-money—type integration,
whereby subjects mentally combine the experimental endowment with the subse-
quent losses (Thaler and Johnson, 1990). The qualitative pattern we observe is
exactly what such integration predicts. For mixed gambles, integration with an
endowment can diminish the effective loss component; for loss-averse individuals,
this should increase risk taking, precisely the direction found in our data. Direct
evidence for such mechanisms has been documented experimentally by Jelschen
and Schmidt (2023), who show how unconditional endowments can be mentally

assimilated and thereby alter risk-taking behavior.

It is important to emphasize how these findings differ from those in prior meta-
analyses examining loss aversion. Brown et al. (2024) report no systematic dif-

ference between incentivized and hypothetical conditions. The key distinction is
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methodological: these earlier studies rely on between-study comparisons, where
incentive conditions are not randomized and can be confounded with other de-
sign features (e.g., stake size, elicitation method, sample composition) that often
covary with payment schemes. In contrast, the effects estimated in our meta-
analysis are based on within-study random variation in incentives. They therefore
admit a causal interpretation: the differences we observe reflect the consequences

of incentivization itself, rather than uncontrolled differences across studies.

5.4 Design differences: treatment and incentives

Panel A of Figure 6 separates effect sizes according to whether the experiment
used a between- or within-subjects manipulation. This distinction is theoreti-
cally important: within-subjects designs are more susceptible to contrast effects
(a given change appears more pronounced when experienced side-by-side) and to
experimenter-demand effects (subjects may infer what the experimenter “wants”
from observing treatment variation). See, for example, Greenwald (1975) for an

early and influential discussion.

This matters for interpreting the broader literature. The canonical evidence often
cited as proof that incentives “matter” in individual decision tasks—notably Holt
and Laury (2002)—relies on a within-subjects manipulation of payoff salience. As
several commentators have pointed out, such designs confound incentive effects
with contrast- and demand-induced shifts in choice patterns (e.g. Read, 2005).
Our data reveal precisely this pattern: within-subject manipulations tend to yield
noticeably larger effect sizes than between-subject designs. The top bar in Panel C
confirms that this difference is statistically significant in our meta-regression (p-

value = 0.038).

Panel B displays density estimates conditioned on whether all subjects were paid
versus whether only a subset were paid. In most experiments employing partial
payment, the selection probability is < 0.2; in such cases a dummy indicator is
more appropriate than a continuous measure. Our qualitative conclusions remain

unchanged, however, when we use the continuous probability as a covariate in
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Figure 6: Cohen’s d by treatment design

the meta-regression. Paying all subjects produces a distribution that is tightly
centered and symmetric around 0. When only a subset of subjects is paid, the dis-
tribution appears slightly shifted to the left. This pattern is not supported by the
meta-regression estimates in Panel C, which indicate no statistically meaningful

effect of the payment probability on incentive effects (p-value = 0.753).

Panel C further includes a dummy for whether all decisions made by a subject
were incentivized.® Here, too, the meta-regression detects no systematic impact
on effect sizes (p-value = 0.422). In summary, although within-subject designs
tend to amplify incentive effects, the specific payment scheme—paying all sub-
jects, paying a subset, or paying all decisions—does not appear to meaningfully
influence the magnitude of incentive effects. Taken together, these findings indi-
cate that, however subjects are paid, incentive schemes have no detectable effect
on individual choice behaviour—at least for the types of tasks represented in our

dataset.

8This design feature is not simply a subset of the “pay-all-subjects” category: some studies
pay all decisions even when only a subset of subjects is paid.
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5.5 Other measures of heterogeneity

Most other controls we included—field or online experiments versus lab experi-
ments, publication status, etc—yield no significant effect. The full regressions—as
well as robustness regressions with additional controls, and different quantification

of the incentive variables—can be found in Online Appendix J.2.

Taken together, these results show that although some study characteristics—most
notably within—subjects designs and mixed gain—loss tasks—exhibit statistically
detectable shifts in estimated incentive effects, these differences are substantively
small. More importantly, meta-regression explains essentially none of the between-
study heterogeneity in true effect sizes. Consequently, the residual heterogeneity
appears to reflect idiosyncratic study-level variation rather than systematic dif-
ferences in design, domain, or incentive implementation. In sum, once sampling
error and selective reporting are accounted for, incentive provision produces no
consistent or meaningful change in individual choice behaviour across the diverse

experimental tasks included in our dataset.

6 Incentive effects on choice variability

In keeping with the bulk of the literature, our analysis thus far has focused on
incentive effects on mean behaviour, such as risk-taking propensities and patience.
An interesting question, however, concerns whether incentives may affect choice
variability. To answer this question, we also coded all available measures that could
serve as proxies for inconsistency or stochasticity in choice, such as first order
stochastic dominance violations, transitivity violations and preference reversals,
as well as measures of randomness, such as response variances and error terms
estimated in structural models. This procedure yielded 230 observations from
29 out of the 73 papers (with the remaining papers not reporting measures of
choice variability). We also encoded response times as a proxy for attention.

We coded these measures so that positive values indicate reduced inconsistency

32



or stochasticity under real incentives, whereas negative values indicate increased

inconsistency or stochasticity.

Raw effects. Figure 7 plots the density of both the absolute (Panel A) and signed
(Panel B) values of the 230 effect sizes. Overall, 66.5% of the effect sizes fall into
the negligible region. An additional 26.5% fall into Cohen’s “small” category,
while medium-sized and large effects are rare, accounting for 3.0% and 3.9%,
respectively. For the signed effects, the mode (= 0), median (= 0.045), and mean
(= 0.080) all fall into the negligible region.

Meta-analytic mean. We next estimate the mean aggregate effect using the
BHMEM and following the same procedures as above. The estimated degrees of
freedom of the Student—t distribution are v = 2.374 (95% Crl [2.008, 3.499]),
again confirming substantial tail heaviness and thereby supporting the Student—t
specification as an outlier-robust choice. The estimated meta-analytic mean is
w = 0.071, with a 95% credible interval (Crl) of [0.019, 0.128]. Although the
posterior mean is credibly positive, the credible interval falls entirely within the
range of negligible effect sizes, suggesting that any aggregate effect of incentives

on choice variability is too small to be of practical importance.

Panel A of Figure 8 compares the raw effect sizes, d;, with the posterior distribution
of true effect sizes, c/Z\l The posterior distribution is substantially narrower, with
88.7% of all d; falling within the negligible-effect interval [—0.2, 0.2]. Panel B
of Figure 8 further plots the posterior true effect size, c/l\i, against its posterior
standard deviation, sd;, with points colour-coded by classification. Overall, only
3.0% of studies have posteriors falling above the cutoff of 0.2, while none show a
negative effect. By contrast, 51.7% of studies are unambiguously negligible, thus
providing positive evidence of absence: for these studies, a practically null effect
is genuinely likely. Such cases are more than ten times as common as positive
and negative effects combined. Finally, 45.2% of studies are too imprecise or too
small to yield a clear conclusion, reflecting low power or unfavorable signal-to-noise

ratios.
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Figure 7: Probability density of Cohen’s d

Distribution of 230 Cohen’s d effect sizes across studies. Panel A shows the distribution of absolute effect
sizes. Panel B shows the distribution preserving the sign of the effect, with positive values corresponding to
reduced inconsistency or stochasticity under real incentives, and negative values corresponding to increased
inconsistency or stochasticity.

In Online Appendix K, we furthermore report an analysis of publication bias,
as well as results disaggregated by category. The publication-bias analysis does
not alter the substantive conclusions: all models indicate negligible effects con-
sistent with those discussed above. Disaggregation per category shows that these
results are not an artefact of aggregation, but persist when examining specific

sub-categories of decision domains and task types in isolation.
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Figure 8: Posterior inferences on effect sizes

Posterior inferences from the BHMEM. Panel A compares the distribution of raw effect sizes d; with the
posterior distribution of true effect sizes d;. Panel B plots the posterior means d; (x-axis) against their
posterior standard deviations (y-axis), which correspond to standard errors in frequentist terminology.

7 Conclusion

This study offers a systematic, causally identified evaluation of whether real mon-

etary incentives materially change behaviour in canonical individual decision-

making tasks. Pooling 624 effect sizes from studies that randomly vary incentive
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provision, and analyzing them with an outlier-robust Bayesian hierarchical frame-
work, we show that the average effect of real incentives on decisions under risk
and over time is negligible. This conclusion holds across all estimation strategies,
including models that adjust for small-study patterns and publication bias. While
incentive effects do vary across studies, the magnitude of this heterogeneity is

limited and explained only weakly by observable design features.

Interpretation of our results. A natural question concerns why we observe
virtually no incentive effects in the data. One traditional view holds that individ-
uals possess direct access to their preferences, and that reporting these preferences
requires little cognitive effort. If so, there is little reason to expect hypothetical
choices to diverge systematically from incentivized ones: instructing subjects to
“answer as if the choices were for real” may already suffice for stable preference
revelation (e.g. Tversky and Kahneman, 1992). Several economic studies similarly
find that incentive provision often fails to eliminate well-known “biases” (Grether

and Plott, 1979; Enke et al., 2023).

Moreover, real incentives can sometimes introduce complications rather than re-
solve them. Complex payment schemes, loss implementation rules, or unfamiliar
randomization procedures may impose additional cognitive load, increase task
misunderstanding, or generate experimenter-demand concerns (e.g. Camerer and
Hogarth, 1999; Hertwig and Ortmann, 2001). In such cases, incentives may add
notse rather than improve preference elicitation. This possibility is consistent
with our finding that the only clear departures from the overall null effect occur
in mixed gain-loss decisions—domains where incentives are typically implemented
via loss-from-endowment mechanisms known to generate house-money effects and
other framing distortions. Thus, these deviations likely reflect artefacts of imple-

mentation rather than genuine incentive responsiveness.

Noisy cognition. A very different interpretation comes from recent research ar-
guing that many patterns of choice under risk and over time may arise not from sta-

ble preferences, but from systematic cognitive frictions. In these models, behaviour
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is shaped by noisy number perception, imprecise mental representations, or proba-
bilistic computation rather than by the optimization of a well-defined utility func-
tion (Khaw, Li and Woodford, 2021). Related experimental evidence demonstrates
that seemingly innocuous manipulations of numerical format—such as displaying
outcomes in different numerical units—can produce systematic changes in observed

behaviour (e.g. Garagnani and Vieider, 2025; Oprea and Vieider, 2026).

Within this noisy-cognition framework, we would expect incentives to influence
choices only to the extent that they increase attention and thereby reduce pro-
cessing noise. This prediction stands in sharp contrast to the “easy-access-to-
preferences” account discussed above, under which hypothetical and incentivized
choices should be similar precisely because preferences are readily retrieved. Our
findings speak directly to this incentive-based attention mechanism: we see no
systematic shift in mean decisions when incentives are introduced. Thus, while
our results are entirely consistent with the idea that cognitive frictions shape be-
haviour, they suggest that standard monetary incentives do not, on their own,

attenuate those frictions in the kinds of tasks studied here.

We caution against overgeneralizing this conclusion. Our analysis focuses on indi-
vidual decisions under risk and over time, and does not speak directly to domains
involving strategic interaction, real-world consequences, or costly actions outside
the laboratory. Recent evidence suggests that incentive effects may also be lim-
ited in many performance tasks, but the importance of incentives likely remains
context dependent. For the study of individual decision making under risk and
over time, however, our results call for a reassessment of standard experimental
practices and a reconsideration of when incentive provision is truly necessary, and

when it may alter the very behaviours researchers seek to measure.
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ONLINE APPENDIX
A Search Strategy and Additional Details

A.1 Full Search Terms

The primary search was conducted in April 2026 using Web of Science (All Databases),
across research areas including Psychology, Behavioral Sciences, and Business Eco-
nomics. The following Boolean search string was used:

((hypothetical OR fictive) AND (real OR actual) AND (incentive
OR reward OR payoff))

This search yielded 602 records. An additional 103 papers were identified through
backward citation searches, and 106 papers through Peter Wakker’s annotated
bibliography (search term: “real incentives/hypothetical choice”). We then shared
the preliminary list of papers we had screened for inclusion on the most commonly
used mailing lists (ESA and JDM Society) to solicit additional articles and un-
published results we might have missed, which yielded a further 29 papers.

A.2 Inclusion and Exclusion Details
Studies were included if:
1. They compared behavior under hypothetical and real incentives.

2. The incentive manipulation occurred within tasks involving risk or intertem-
poral choice.

3. The ranges of magnitudes, probabilities, or delays were held constant or
directly comparable across incentive conditions.

Studies were excluded if real and hypothetical conditions differed in:
e reward magnitudes,
e probability ranges,
e time delays,
e commodity type,
e participant recruitment.

These exclusions helped prevent confounding influences related to factors such
as magnitude, delay, commodity, and demographic characteristics. In total, 75
studies were excluded on these grounds, leaving a full dataset of 73 papers covering
90 distinct experiments and a total of 629 effect sizes. These observations can be
used to infer the absolute incentive effect.

However, since the main interest of this paper focuses on the signed effects, five
effect sizes with unclear direction were excluded. The resulting sample therefore
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consists of 624 signed effect sizes drawn from 69 papers comprising 86 experiments,
which constitute the primary dataset for the analysis in this paper.

B Outcome Coding Details

B.1 Temporal Discounting

We coded the following outcomes:
e Proportion of choices for smaller-sooner versus larger-later rewards.
e Indifference points and Area Under the Curve (AUC) measures.

e Estimated discounting parameters (exponential, hyperbolic, quasi-hyperbolic).

B.2 Risk Taking

We coded the following outcomes:
e Proportion of risky versus safe choices.
e Certainty equivalents and/or AUC of the utility function.
e Prospect Theory parameter estimates:
— utility curvature,
— probability weighting,
— loss aversion.

e Balloon Analogue Risk Task (BART) measures.
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B.3 Choice Variability
We coded the following proxies:

e Response inconsistency:

— Independence violations.

— Dominance violations.

— Transitivity violations.

— Monotonicity violations.

— Preference reversals.

— Nonsystematic response patterns.
e Response stochasticity:

— Estimated error parameters in prospect-theory models.

— Response or residual variances.

— Extreme responses.

In addition, we also encoded 27 extra effects on response times as a measure of
attention.

C Effect Size Computation: Full Formulas

For each study, we computed Cohen’s d using the information reported (test statis-
tics, summary moments, or regression output). Throughout, N; and N, denote
the sample sizes in the real and hypothetical conditions, respectively. For within-
subject designs, N denotes the number of paired observations (participants provid-
ing both responses), and p denotes the within-subject correlation when available.
We report two variants of the effect size: dy (assuming p = 0 when correlation is
unavailable) and, where applicable, dy5 (an alternative assuming p = 0.5).

C.1 Between-subject designs

Directly reported d: If Cohen’s d was reported, we used it directly:
do = d0.5 - d

t statistic: For an independent-samples t test:

1 1
d(] == d0.5 == ‘t| F + F
1 2

F statistic: For a two-group comparison reported as an ANOVA [ statis-

tic:
0 =dos5 =V NN
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Mann—Whitney test using Z: When a standardized Z statistic was reported,
we first computed
|Z| 2r

r=——a dy=dps = ———.
\/N1+N2 0 05 1—7"2

Mann—Whitney test using U: When the Mann—Whitney U statistic was re-
ported, we converted U to Z via

U— NNz | Z] 2r

Z - 2 3 T = — d = d = —
N1No(N1+Na+1) v Ny + No 0 05 V1 — r2

12

x? statistic: When a x? statistic was reported:

Vo'a g 2r
VNN, T T T2

Means and standard deviations: When group means and SDs were available,
we computed the pooled SD

6 — (Nl — 1)5% + (N2 — 1)8%
P Ny + Ny —2 ’

and then _ B
| X1 — X5

Sp

dO = d0.5 =

If SDs were not reported, we recovered them from other summary statistics. When
a standard error was reported, we used s = SEvVN. When a 95% confidence
interval for a mean was reported as [CI', CI"], we computed

Cl'+ It cI— I

X = 5 , SE—T, z = 1.96.
Regression-based effect sizes: When effect sizes were derived from regres-
sion output, we first translated the regression coefficients into an implied contrast
between the real and hypothetical conditions, denoted by A (e.g., a difference
between two condition-specific estimates, or a linear combination of coefficients
when interactions were present). We then standardized this contrast by an ap-
propriate scale parameter S constructed from reported standard deviations (or

closely related quantities) and, when necessary, a two-sample scaling factor.

Specifically, for specifications that directly yielded condition-specific levels (e.g.,
separate intercepts or mean-equivalent coefficients), we treated the two coefficients
as fi1 and fio and computed

A

d=— A=y — [
S H1 — M2,
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where S was the pooled SD (or a pooled SD analogue) built from the reported
within-condition SDs.

For specifications that reported the contrast as a single regression coefficient, we

set A equal to that coefficient and computed a standardized mean-difference equiv-

alent using an externally provided SD estimate and the standard two-sample scal-
ing:

I

S VNI Ny

When interaction terms were present and the extraction provided multiple disper-
sion components per condition, we constructed two variants of the scale parameter
S: one that combines dispersion components assuming zero covariance (yielding
dp), and an alternative that imposes a nonzero covariance structure consistent
with p = 0.5 (yielding do5). In all regression-based cases, d was defined as the
absolute standardized real-hypothetical contrast, and we set dy = dy5 whenever
the dispersion construction did not depend on the covariance assumption.

C.2 Within-subject designs

Let N denote the number of paired observations, and we define Ny, as the sum of
the reported group sizes when needed for rank-based conversions.

Directly reported d: If Cohen’s d was reported, we used it directly:

do = dys =d.

t statistic: If the within-subject correlation p was not available, we computed

/2 /1
do = |t/ = dos = |t|\] =
0 ’ | N7 0.5 | | N
If p was available, we used
2(1 —
do = do5 = |t|\/%.

F statistic: Analogously, for a within-subject F statistic:

2 1
dy = \/F\/ N’ dos = \/F\/ N (p unavailable),

and when p was available,

2(1 —
d0:d0.5:\/F —( Np)
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Wilcoxon signed-rank using Z: When a standardized Z statistic was re-
ported:
|Z| 2r

dO = d0.5 = \/1—_77,2

Wilcoxon signed-rank using V: When the Wilcoxon signed-rank statistic V'
was reported, we converted it to Z via

v — ML Z 2
7 = 4 y r = | |, d0:d0.5:—7ﬂ.
N(N+1)(2N+1) v/ Ny, N

24

x? statistic: When a x? statistic was reported:

V% g 2r
0 — Wo.5 m

Means and standard deviations: Let A =|Xg— Xy|. If p was not available,
we used

2 2
SH+ S
_ R H _ 2 2
Swithin,o = 77 Swithin,0.5 = \/SR + Sy — SrRSH,
and computed
A A
do = ) dos = S—
Swithin,O within,0.5

If p was available, we first computed the SD of the difference

SA = /% + $% — 2pSpSH,

and then set g A
= dy = dos =

Swi in = T —/—m/m> R
. 2(1—p) Swithin

D Standard Error of Cohen’s d

D.1 Between-subject designs

For between-subject designs, the standard error of d was computed as

Ny + Ny d?
d) = )
36( ) \/ NN, +2(N1—|—N2)
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D.2 Within-subject designs

When p was not available, we used

2 1 d?
Se(do) = N + NO, S€<d0.5) = N + ﬁ

When p was available, we applied the correlation adjustment

se(dy) = se(dys) = \/% + dﬁz) (1-p).

E Cohen’s h versus Cohen’s d

We conducted an additional robustness check for the subset of effects based on
proportion or frequency outcomes. Among the 624 encoded effects, 120 report
outcomes originally measured as proportions or frequencies. For this subset, we

additionally computed effect sizes using:

Cohen’s h = |2 arcsin (y/pr) — 2 arcsin (/pc)| -

Figure 9 plots the density of the absolute effect sizes (Panel A) and signed effect
sizes (Panel B) for both Cohen’s d and Cohen’s h for these 120 observations. The

distribution of Cohen’s h closely resembles that of Cohen’s d.

e Absolute values: The mean is 0.295 for Cohen’s h (0.292 for Cohen’s d),
and the median is 0.258 for Cohen’s h (0.243 for Cohen’s d). The difference is
not statistically significant according to a Wilcoxon signed-rank test (p-value

— 0.634).

e Signed values: The mean is 0.113 for Cohen’s h (0.113 for Cohen’s d),
and the median is 0.079 for Cohen’s h (0.079 for Cohen’s d). Again, the
difference is not statistically significant (Wilcoxon signed-rank test, p-value

— 0.275).

These results indicate that using Cohen’s d instead of Cohen’s h for proportion out-
comes does not mechanically attenuate effect sizes toward zero in our data.
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Figure 9: Probability density of Cohen’s d versus Cohen’s h

Distribution of 120 effect sizes across studies computed using Cohen’s d and Cohen’s h, respectively. Panel A
shows the distribution of absolute effect sizes. Panel B shows the distribution preserving the sign of the
effect, with positive values corresponding to increased risk aversion or impatience under real incentives, and
negative values corresponding to increased risk seeking or patience.

F Coded Study Characteristics

Table 3 lists all variables extracted from each study.

Table 3: Full List of Coded Study Characteristics

Variable Description

Source of Data
source_lab_exp =1 if laboratory experiment
source_class_exp =1 if classroom experiment
source_field_exp =1 if field experiment
source_online_exp =1 if online experiment
source_other_exp Other type of experiment

Treatment Design
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Continued from previous page

Variable

Description

within_subjects
between_subjects
Location of Experiment
loc_country
loc_continent
Subject Pool
subject_uni
subject_general
subject_other
Elicitation Task
choice_list
choice_binary
choice_bid
choice_BART
choice_iterated
choice_other
Chances of Realization
prob_subject
prob_decision
prob_overall
Payoff Domain
domain_gain
domain_loss
domain_mixed
domain_gl
endowment
Reward Type
reward_money
reward_health
reward_other
Stimuli Magnitude
reward_low
reward_high
prob_low
prob_high
delay_low
delay_high
Publication Status
published
published_econ
published_econ_topb5
published_other_field

= 1 if the design is within-subjects
= 1 if the design is between-subjects

Country
Continent

=1 if university students/staff
=1 if general population
Other specific group

=1 if choice list

=1 if binary choice

=1 if bidding

=1 if balloon analogue risk task

=1 if iterative adjustment procedure
Other type of task

Probability that a subject is selected for payment
Probability that a decision is realized for payment
Overall probability of a real payment

=1 if all outcomes positive

=1 if all outcomes negative

=1 if positive and negative outcomes mixed within trials
=1 if positive and negative outcomes appear across trials
Endowment provided to cover losses

=1 if monetary rewards
=1 if health-related goods
Other type of outcomes

Smallest reward amount
Largest reward amount
Lowest probability
Highest probability
Shortest delay

Longest delay

=1 if published in a peer-reviewed journal
=1 if published in an economics journal

=1 if published in a Top-5 economics journal
Published in another field journal
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G Details for Hierarchical Bayesian Model

G.1 Hyperpriors on parameters
The hyperpriors for the parameters in BHMEM are specified as

AL“JJVKO,5%

v ~ Exponential(0.5),
o ~ Exponential(1),

7, ~ Exponential(1).

G.2 Stan code

dataq{
int<lower=1> N;
vector [N] cd;
vector [N] se;
int<lower=1> K;
matrix [N,K] x;
int<lower=1> P;
array [N] int pid;

}

parameters{
vector [N] eps;
vector [K] beta;
vector [P] mup;
real<lower=2> df;
real<lower=0> sigma;
real<lower=0> tau;

}

transformed parameters {
vector [N] dhat = x * beta + mupl[pid] + eps;

}

modelq
sigma exponential ( 1 );
tau ~ exponential( 1 );
beta ~ normal( 0 , 5 );
df ~ exponential( 0.5 );
// residuals distribution:
eps ~ student_t(df, 0, sigma);
// distribution of paper-level residuals
mup ~ normal( O , tau );
// measurement error model
cd ~ normal (dhat, se);

}
generated quantities {
vector [N] log_lik;
for (i in 1:N)
log_1lik[i] = normal_lpdf (cd[i] | dhat[i], sel[il);
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H Publications Models
H.1 Technical details

H.1.1 PET-PEESE model

The Precision-Effect Test (PET) and the Precision-Effect Estimate with Standard
Error (PEESE) are regression-based tools designed to detect and correct for pub-
lication bias by exploiting the empirical relationship between reported effect sizes
and their standard errors (Stanley, 2008; Stanley and Doucouliagos, 2014). In their
classical form, both methods are implemented as fized-effect meta-regressions: if
publication bias is present, smaller and less precise studies tend to report larger
effects, generating a systematic association between estimated effects and their
standard errors.

For completeness and comparability with the existing literature, we estimate the
standard fixed-effect PET and PEESE regressions. In addition, we implement
Bayesian hierarchical versions of both models by embedding the PET-PEESE
structure inside our baseline random-effects BHMEM. These hierarchical exten-
sions provide several advantages: they allow publication bias to be assessed while
simultaneously accounting for (i) genuine between-study heterogeneity in true ef-
fects, (ii) statistical dependence among effect sizes reported in the same paper,
and (iii) non-normality of the distribution of true effects, since the underlying
BHMEM uses a Student-t specification. Together, these features make the hier-
archical PET-PEESE models considerably more flexible and better suited to our
data than their classical fixed-effect counterparts.

In the hierarchical formulation, the mean effect is allowed to depend on study
precision as follows:

c/i\i ~ Student-t(v, pu+ v + Ase;, o),

where p is the bias-adjusted mean effect, 7, is an experiment-level random effect,
and A captures the dependence of effect sizes on study precision (PET). Under
publication bias, \ is expected to differ from zero.’

The corresponding PEESE specification replaces the standard error with its square:

d; ~ Student-t (v, 1+, + Ase?, o).

°In the classical PET-PEESE formulation (Stanley, 2008; Stanley and Doucouliagos, 2014),
the PET regression is applied to the standardized effect size d;/se; and regresses it on 1/se;.
This standardization is required under the original fixed-effect assumptions, which treat sampling
error as the sole source of variation across studies. In our Bayesian hierarchical specification,
sampling variance is already modeled explicitly through the likelihood d; ~ N(d;, s€?), and
between-study heterogeneity is captured by the random-effects distribution. Consequently, the
PET-PEESE regression is formulated directly at the level of the latent true effect sizes d;. This
avoids double-counting sampling variance and allows PET-PEESE to operate consistently within
a random-effects framework.
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PEESE typically provides a less biased estimate of x when a genuine nonzero effect
exists, whereas PET is more reliable when the true effect is close to zero.

Across both PET and PEESE, the intercept p corresponds to the predicted effect
size for an infinitely precise study (se; — 0) and thus serves as the publication
bias-adjusted estimate of the underlying population effect.

Note: PET-PEESE has the advantages of being simple, intuitive, and easy to im-
plement, while also providing a framework for diagnosing and adjusting for small-
study effects. However, its limitations should be acknowledged. The approach
relies on specific linear model assumptions: PET assumes a linear relationship
between effect sizes and standard errors, whereas PEESE assumes a linear rela-
tionship between effect sizes and squared standard errors. These assumptions may
not hold in empirical data, and model misspecification can introduce additional
bias. Moreover, PET-PEESE is not suitable for all forms of publication bias, as it
primarily assumes that bias manifests through small-study effects. More complex
selection mechanisms, such as preferential publication of statistically significant
results, directional reporting, or p-hacking, may not be adequately corrected by
this method.

H.1.2 Vevea & Hedges selection model

Other than PET-PEESE, the Vevea and Hedges (1995) model explicitly models
the probability of a study being selected for publication. The approach combines
two components: (i) an effect-size model, analogous to our Bayesian Hierarchi-
cal Measurement Error Model (BHMEM), that characterizes the distribution of
study outcomes in the absence of selective publication, and (ii) a selection model
that assigns relative probabilities to studies based on the p-value associated with
their effect estimate. This formulation yields effect-size estimates that adjust

for selective reporting and allows formal inference on the presence of publication
bias.?

Let p; denote the one-tailed p-value of study 7, and let w(p;) denote the probability
that a study with p-value p; is observed. The weight function is typically specified
as piecewise constant across K ordered intervals of p-values. Let the endpoints of
the jth interval be a;_; and a;, with ap = 0 and ax = 1. If p; falls in the jth
interval, the associated selection weight is

w(p;) = wy, if p; € (a-1,a;jl.

Because only the relative publication probabilities are identified, the model re-
quires a normalization. Following standard practice, the interval containing the
most statistically significant results (i.e., (0, aq]) is normalized to

wlzl.

10The original Vevea & Hedges model is formulated under a fixed-effect meta-analytic frame-
work. Our implementation includes both the classical fixed-effect version and a Bayesian hi-
erarchical extension embedded within the BHMEM, allowing the model to accommodate the
substantial between-study heterogeneity present in our dataset.
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All other weights w; are therefore interpreted relative to this baseline. For example,
w3 = 0.4 implies that studies with p-values in interval 3 are published with 40% of
the probability of studies in the most significant interval, whereas values w; > 1
indicate intervals with a higher publication probability than the baseline.

The selection model can alternatively be expressed in terms of the corresponding
test statistic z; = d;/se;. Defining b; = —®~!(a;), selection weights can be written
as

w1, if bl < z; < 00,

'lU(Zl) = 4 Wy, if bj <z < bj_l,
wg, if —oo <z <bg_,

where ®~!(-) denotes the inverse standard normal cumulative distribution func-
tion. Given these weights, the likelihood contribution of an effect size d; is

w(z;) p(d; | &\17 s€7)
> wiBij (%)

f(dz‘"):

Y

where ¢(-) is the normal density, d; is the latent true effect under the effect-size
model, z; = d;/se;, and B;;(Z;) is the probability that a normal random variable
with mean Z; and unit variance falls in the jth selection interval:

]-_(I)(bl_/z\z)a .]:]-7
Bij = ®(bj1 —Z) —®(b; — %), 1<j<K,
O(bg_1 — ), Jj=K.

We estimate both unidirectional (V&H-UD) and bidirectional (V&H-BD) versions
of the model. In the unidirectional specification, p-values are based on |z;|, impos-
ing symmetric selection weights for positive and negative effects. The bidirectional
specification computes p-values from the signed statistic, allowing asymmetric se-
lection depending on the effect’s direction.

Following common practice, we partition the p-value distribution using thresholds
at 0.025, 0.05, and 0.10, corresponding to conventional significance levels in empir-
ical research. These intervals determine the selection weights w;, which quantify
how much more (or less) likely studies in each significance band are to appear in
the published sample.

Note: The Vevea & Hedges selection model offers the advantage of going beyond
the detection of small-study effects by directly modeling the publication selection
mechanism. Specifically, it assumes that the probability of a study entering the
literature depends on its p-value interval, allowing studies with different levels
of statistical significance to have different publication probabilities. Through a
weight function, the model explicitly represents the relative selection probabili-
ties across p-value intervals, making its structure transparent and interpretable.
However, the method relies on strong assumptions about the selection function,
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particularly the definition of p-value cutoffs. The resulting estimates can be sen-
sitive to researcher-specified intervals which are partly subjective. The model is
also highly dependent on the quality of p-value information derived from effect
sizes and standard errors; incomplete reporting, unclear effect directions, inaccu-
rate standard errors, rounding, selective reporting, or imprecise transformations
can affect the estimates. In addition, because the selection function is discrete,
studies near significance thresholds, such as p = .049 or p = .051, may exert
disproportionate influence on the estimated selection weights.

H.1.3 Andrews & Kasy selection model

The Andrews and Kasy (2019) approach provides a general framework for identi-
fying and correcting publication bias by explicitly modelling both the distribution
of true effects and the selection mechanism governing which results are observed
in the published sample.!* Unlike the Vevea & Hedges model, which specifies rel-
ative selection weights across discrete p-value intervals, the A&K model directly
parameterizes the absolute probability that a study with a given test statistic is

published.

Let z; = d;/se; denote the test statistic for study i. The central object in the
Andrews—Kasy framework is a selection function p(z;) describing the probability
that a study with test statistic z; is published (or written up). The observed distri-
bution of effect sizes is therefore a reweighted version of the latent (unpublished)
distribution:

Fdi 1) o< plz) 6(ds | i, sel).

where ¢(-) denotes the normal density and c/l\z is the latent true effect implied by
the effect-size model. Because p(z;) is modelled on the logit scale, the estimated
publication probabilities are constrained to lie in the unit interval (0,1). Unlike
the Vevea—Hedges framework, which identifies only relative odds of publication
across p-value intervals, the Andrews—Kasy model targets absolute publication
probabilities.

Identification of the selection function relies on the fact that studies in a meta-
analysis typically differ in their sampling variances se?. This variation means that
two studies with similar underlying effects can nonetheless produce different test
statistics z; = d;/se;, purely because their standard errors differ. The resulting
heteroskedasticity in z; provides the key source of identifying variation that allows
the publication probabilities p(z;) to be recovered; see Andrews and Kasy (2019)
for details.

To model the selection function flexibly, Andrews and Kasy (2019) propose para-

"The original Andrews & Kasy framework is derived under assumptions that parallel a fixed-
effect meta-analysis, with heterogeneity incorporated through a nonparametric distribution of
true effects rather than an explicit random-effects structure. In our implementation, we estimate
both the classical version and a Bayesian hierarchical extension embedded in the BHMEM to
account for between-study heterogeneity.
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metric and semiparametric basis expansions. We consider two widely used speci-
fications:

e Quadratic interpolation (A&K-QI). A parsimonious specification in
which
p(z) = logit ™ (wg + w2 + wng),

allowing smooth nonlinear variation in publication probability across the
range of z-values.

e Natural spline interpolation (A&K-NS). A more flexible specification
in which
p(z) = logit ™ (w'b(z)),

where b(z) is a natural spline basis with knots placed at the conventional sig-
nificance thresholds (—1.960, —1.282, 1.282, 1.960). This formulation per-
mits highly flexible, data-driven modelling of selection patterns without im-
posing strong shape restrictions.!?

Taken together, these two specifications span a wide range of plausible selection
mechanisms, from smooth global patterns (QI) to flexible local nonlinearities (NS).
In our implementation, both selection models are embedded within the Bayesian
hierarchical measurement-error framework described above, allowing publication
bias to be assessed while simultaneously accounting for between-paper heterogene-
ity, statistical dependence, and measurement error in a unified structure.

Note: The Andrews & Kasy selection model aims to identify continuous, absolute
publication probabilities by modeling publication likelihood as a function of study
results, rather than relying on a limited set of fixed p-value cutoffs with discrete
relative weights. However, the approach still relies on strong structural assump-
tions about the specific form of the selection function. In addition, its results may
be less accessible to audiences, as the continuous selection function is generally
less intuitive than discrete p-value-based weighting schemes.

H.2 Stan code

H.2.1 PET-PEESE model

data{
int<lower=1> N; // number of observations
vector [N] cd; // effect sizes
vector [N] se; // standard errors
int<lower=1> P; // number of studies
array [N] int pid; // index of studies
int<lower=1> K; // number of covariates
matrix [N,K] x; // covariates matrix

}

12Using a natural cubic spline basis with five degrees of freedom produces nearly identical
conclusions; we adopt the significance-knot specification because of its interpretability.
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parametersq
vector [K] beta;
vector [P] mup;
vector [N] eps;
real<lower=0> tau;
real<lower=0> sigma;
real<lower=2> df;

}

transformed parameters {
vector [N] dhat = x * beta + mup[pid] + eps;
X

model{
beta ~ normal( O , 5 );
tau ~ exponential( 1 );
sigma ~ exponential( 1 );
df ~ exponential( 0.5 );

// residuals distribution:
eps ~ student_t(df, 0, sigma);

// distribution of paper-level residuals
mup ~ normal( O , tau );

// measurement error model
target += normal_lpdf(cd | dhat, se);
generated quantities {

vector [N] log_lik;

for (i in 1:N)
log_lik[i] = normal_1lpdf (cd[i] | dhat[i],

sel[il);

H.2.2 Vevea & Hedges selection model

Unidirectional:

data{
int<lower=1> N; // number of observations
vector [N] cd; // effect sizes
vector [N] se; // standard errors
int<lower=1> P; // number of studies
array [N] int pid; // index of studies
int<lower=1> K; // number of covariates
matrix[N,K] x; // covariates matrix

}

parameters {
vector [K] beta;
vector [P] mup;
vector [N] eps;
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15 real<lower=0> tau;

16 real<lower=0> sigma;

17 real<lower=2> df;

18 vector<lower=0>[3] alpha; // selection weights for bins 2-4

19 }

20

21| transformed parameters {

22 vector [N] dhat = x * beta + mupl[pid] + eps;

23 vector [4] w;

24 w[1] = 1.0; // fixed for p < 0.05

25 for (j in 1:3)

26 wl[j+1] = alphalj]l;

27| }

28

29| model {

30 vector [N] log_lik_sel;

31

32 beta ~ normal( 0 , 5 );

33 tau ~ exponential( 1 );

34 sigma ~ exponential( 1 );

35 df ~ exponential( 0.5 );

36 alpha ~ exponential (1);

37

38 // residuals distribution:

39 eps ~ student_t(df, 0, sigma);

40

a1 // distribution of paper-level residuals

42 mup ~ normal( O , tau );

43

44 // likelihood (with selection correction)

45 for (i in 1:N) {

46 real z = abs(cd[i] / selil);

a7 real log_f = normal_lpdf(cd[i] | dhat[i]l, selil);

48 real mu_z = abs(dhat[i] / sel[il);

49

50 vector [4] p;

51 pl1]l] = 2 * (1 - normal_cdf(1.960 | mu_z, 1)); // p < 0.05

52 pl2] = 2 * (normal_cdf(1.960 | mu_z, 1) - normal_cdf (1.645 |
mu_z, 1)); // 0.05 < p < 0.10

53 pl3] = 2 *x (normal_cdf(1.645 | mu_z, 1) - normal_cdf (1.282 |
mu_z, 1)); // 0.10 < p < 0.20

54 pl4] = 2 * (normal_cdf(1.282 | mu_z, 1) - normal_cdf (0 |
mu_z, 1)); // p > 0.20

55

56 real norm_const = dot_product(w, p);

57

58 int bin;

59 if (z >= 1.960) {

60 bin = 1;

61 } else if (z >= 1.645) {

62 bin = 2;

63 } else if (z >= 1.282) {

64 bin = 3;

65 } else {

66 bin = 4;
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}
log_lik_sel[i] = log_f + log(wlbin]) - log(norm_const);
}
target += sum(log_lik_sel);
}

generated quantities {
vector [N] log_lik;
vector [4] sel_prob;
vector [4] bin_width = [0.05, 0.05, 0.1, 0.8]7;

sel_prob[1] = 1.0;
for (j in 2:4)
sel_prob[j]l = (w[jl / bin_width[jl) / (w[1] / bin_width[1]);

for (i in 1:N)
log_1ik[i] = normal_1lpdf(cd[i] | dhat[i], sel[il);

}

Bidirectional:

dataq{
int<lower=1> N; // number of observations
vector [N] cd; // effect sizes
vector [N] se; // standard errors
int<lower=1> P; // number of studies
array [N] int pid; // index of studies
int<lower=1> K; // number of covariates
matrix [N,K] x; // covariates matrix

}

parameters {
vector [K] beta;
vector [P] mup;
vector [N] eps;
real<lower=0> tau;
real<lower=0> sigma;
real<lower=2> df;
vector<lower=0>[7] alpha; // selection weights for bins 2-8

¥

transformed parameters {
vector [N] dhat = x * beta + mupl[pid] + eps;
vector [8] w;
w[1l] = 1.0; // fixed for positive p < 0.05
for (j in 1:7)
wlj+1] = alphalj]l;
}

model A
vector [N] log_lik_sel;

beta ~ normal( O , 5 );

tau ~ exponential( 1 );
sigma ~ exponential( 1 );
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df ~ exponential( 0.5 );
alpha ~ exponential (1);

// residuals distribution:
eps ~ student_t(df, 0, sigma);

// distribution of paper-level residuals
mup ~ normal( O , tau );

// likelihood (with selection correction)
for (i in 1:N) {
real z = cd[i] / selil;

real log_f = normal_lpdf(cd[i] | dhat[i], selil);

real mu_z = dhat[i] / selil;

vector [8] p;
pl1] = 1 - normal_cdf(1.960 | mu_z, 1); //
pl2]

1); // 0.05 < p < 0.10, pos.

p[3] = normal_cdf(1.645 | mu_z, 1) - normal_

1); // 0.10 < p < 0.20, pos.

pl[4] = normal_cdf(1.282 | mu_z, 1) - normal_

// p > 0.20, pos.

normal_cdf(1.960 | mu_z, 1) - normal_

p < 0.05, pos.
cdf (1.645 | mu_z

cdf (1.282 | mu_z

cdf (0 | mu_z, 1)

p[5] = normal_cdf(0 | mu_z, 1) - normal_cdf(-1.282 | mu_z,

1); // p > 0.20, neg.

pl6] = normal_cdf(-1.282 | mu_z, 1) - normal_cdf (-1.645 |

mu_z, 1); // 0.10 < p < 0.20, neg.

pl7] = normal_cdf(-1.645 | mu_z, 1) - normal_cdf (-1.960 |

mu_z, 1); // 0.05 < p < 0.10, neg.

p[8] = normal_cdf(-1.960 | mu_z, 1); // p < 0.05, neg.

real norm_const = dot_product(w, p);

int bin;

if (z >= 1.960) {
bin = 1;

} else if (z >= 1.645) {
bin = 2;

} else if (z >= 1.282) {
bin = 3;

} else if (z >= 0) {
bin = 4;

} else if (z > -1.282) {
bin = 5;

} else if (z > -1.645) {
bin = 6;

} else if (z > -1.960) {
bin = 7;

} else {
bin = 8;

}

log_lik_sel[i] = log_f + log(w[binl]) - log(norm_const);

}
target += sum(log_lik_sel);
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generated quantities {

vector [N] log_lik;
vector [8] sel_prob;

vector [8] bin_width = [0.025, 0.025, 0.05, 0.4, 0.4, 0.05,

0.025, 0.025]°;

sel_prob[1] = 1.0;
for (j in 2:8)

sel_prob[j]l = (wl[jl / bin_width([jl) / (w[1] / bin_width[1]);

for (i in 1:N)
log_lik[i] = normal_1lpdf (cd[i] | dhat[i],

se[il);

H.2.3 Andrews & Kasy selection model

data{

int<lower=1> N; // number of observations
vector [N] cd; // effect sizes

vector [N] se; // standard errors
int<lower=1> P; // number of studies
array [N] int pid; // index of studies
int<lower=1> K; // number of covariates
matrix [N,K] x; // covariates matrix

int<lower=1> J; // number of spline basis functions

matrix [N,J] B; // spline basis matrix

parameters {

transformed parameters {
*

vector [K] beta;
vector [P] mup;
vector [N] eps;
real<lower=0> tau;
real<lower=0> sigma;
real<lower=2> df;

vector [J] alpha; // spline weights for selection

vector [N] dhat = x
vector [N] sel_prob

beta + mup[pid] + eps;
inv_logit( B * alpha );

}

model A
beta ~ normal( 0 , 5 );
tau ~ exponential( 1 );
sigma ~ exponential( 1 );

>

df ~ exponential( 0.5 );
alpha ~ normal( O , 5 )

// residuals distribution:
eps ~ student_t(df, 0, sigma);
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// distribution of paper-level residuals
mup ~ normal( O , tau );

// likelihood (with selection correction)
target += normal_lpdf(cd | dhat, se) + sum(log(sel_prob));
}

generated quantities {
vector [N] log_lik;

for (i in 1:N)
log_1ik[i] = normal_lpdf(cd[i] | dhat[i], sel[il);

I MAIVE Analyses

MAIVE addresses the potential endogeneity of reported precision in meta-regression.
MAIVE replaces the reported squared standard error, SE?, with the component
predicted by sample size, 1/N;, which is less directly manipulable. Specifically, it
relies on the following regression:

-~ <1
SEEZ%—F%E-FW-

We then construct the instrumented standard error as:

[~ <1
SEz‘IV: ¢0+¢1E-

In the second stage, we re-estimate our main meta-analytic specifications using
this instrumented precision measure. This includes the baseline measurement-
error model (MEM), PET-PEESE, the Vevea—Hedges selection models, and the

continuous-selection models of Andrews—Kasy.

The resulting estimates are very similar to those reported in the main analysis,
indicating that our conclusions are not driven by dependence between standardized
effect sizes and their reported standard errors. The MAIVE adjustment suggests
that the originally reported standard errors are likely somewhat downward-biased
and excessively heterogeneous relative to the precision implied by sample size.
Specifically, the mean standard error rises from 0.150 for the originally reported
SFE to 0.164 for the instrumented SE, and the median increases from 0.129 to 0.148.
At the same time, the standard deviation declines from 0.093 to 0.064.

In MAIVE framework, reported precision is considered spurious when it exceeds
the precision implied by a correctly specified model with appropriate functional
form and error-term properties. Such overstatement can undermine subsequent
analyses that rely on reported standard errors, including inverse-variance weight-
ing and publication-bias correction methods. Therefore, the increase in the in-
strumented standard errors is consistent with the this framework and indicates a
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correction for potentially spuriously precise estimates. While the lower dispersion
implies that idiosyncratic variation in reported standard errors—possibly arising
from specification choices, reporting practices, or model-dependent standard-error
calculations—is partially filtered out.

Adjusted PET-PEESE:

The pattern does not change substantially under this adjusted procedure—the
slope is significantly positive only under the fixed-effect specification, whereas it
becomes statistically indistinguishable from zero under the random-effects speci-
fication.

>\PET,FE =1.32 (p < 0001), APEESE,FE = 2.56 (p < 0001)
/\PET,RE =0.40 (p == 0154), APEESE,RE =0.27 (p == 0371)

Adjusted Vevea-Hedges and Andrews-Kasy models:

The selection mechanisms displayed in Figure 10 remain similar to those in the
unadjusted specifications.

Selection Probability by z—score
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Figure 10: Posterior mean selection probabilities for the Vevea & Hedges and Andrews & Kasy
models under random-effects specifications.

Adjusted PoBMA:

The LOO differences, stacking weights, and posterior means of p for all instru-
mented variants under POBMA are reported in Table 4. The bias-corrected popu-
lation means for the instrumented variants do not substantively differ from those
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of their uninstrumented counterparts across all random-effects models, with the
exception of PET, which now implies a negative incentive effect. However, PET
receives only negligible stacking weight (0.003), and its 95% credible interval still
lies entirely within the negligible range of [—0.2,0.2].

The resulting model-averaged posterior estimate of the underlying effect size under
PoBMA is
proMa, v = 0.037  (95% Crl [0.002, 0.073]),

which again falls squarely within the negligible-effect region and is even smaller
than its uninstrumented counterpart (pupopma = 0.047).

Model Aelpd  weight 1
Random A&K-NS 0.0 0.392 0.041
(0.0) (-0.009, 0.090)
Random PEESE -0.9 0.403 0.035
(2.8) (-0.035, 0.108)
Random A&K-QI -2.2 0.002 0.042
(2.7) (-0.009, 0.092)
Random MEM -3.6 0.058 0.043
(3.7) (-0.006, 0.094)
Random PET 4.1 0.003 -0.022
(3.3) (-0.155, 0.116)
Random V&H-BD -6.2 0 0.035
(3.8) (-0.023, 0.091)
Random V&H-UD -58.6 0.142 0.033
(11.6) (-0.008, 0.074)
Fixed PET -747.9 0 -0.186
(91.1) (-0.229,-0.143)
Fixed PEESE -763.8 0 -0.056
(91.9) (-0.075,-0.037)
Fixed V&H-UD -781.5 0 0.000
(93.5) (-0.001, 0.001)
Fixed A&K-QI -783.9 0 -0.003
(93.5) (-0.014, 0.008)
Fixed MEM -783.9 0 -0.003
(93.5) (-0.014, 0.008)
Fixed A&K-NS -784.0 0 -0.003
(93.5) (-0.014, 0.009)
Fixed V&H-BD -812.1 0 -0.040
(93.4) (-0.063,-0.017)

Table 4: Leave-one-out cross-validation (LOO) results and stacking weights for the 14 model
specifications included in the Prediction-optimized Model Averaging (PoBMA) framework. The
‘Model’ column lists each specification, indicating fixed- or random-effects assumptions and
the type of publication bias correction applied: hierarchical Bayesin measurement error model
(MEM), Precision-Effect Test (PET), Precision-Effect Estimate with Standard Error (PEESE),
Vevea & Hedges selection models under unidirectional (V&H-UD) or bidirectional (V&H-BD)
specifications, and Andrews & Kasy selection models using natural spline (A&K-NS) or quadratic
interpolation (A&K-QI). Aelpd denotes the difference in expected log predictive density relative
to the best-fitting model (standard error in parentheses), ‘weight’ indicates the model stacking
weight, and p gives the posterior mean of the bias-corrected effect size (with 95% credible
intervals in parentheses).
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J Heterogeneity Analysis

J.1 Subgroup statistics summery

Subgroup characteristics Raw Effects PoBMA Estimates Obs.
Mean Med. SD  Mean Med. SD N

Topic Domain

Temporal discounting -0.049 -0.002 0.290 -0.030 -0.007 0.185 119

Risk taking 0.042 0.028 0.353 0.036 0.028 0.278 505
Source of Data

Lab experiment 0.056 0.068 0.383 0.053 0.061  0.290 450

Field experiment -0.043 -0.072 0.106 -0.040 -0.068 0.094 54

Online experiment -0.074 -0.077 0.204 -0.070 -0.066 0.168 117
Subject Pool

University students/staff 0.052 0.062  0.380 0.048 0.062  0.282 335

Non-university participants -0.036 -0.033 0.227 -0.032 -0.036 0.167 249
Location of Experiment

North America 0.027 0.042 0.374 0.037 0.039 0.262 209

Europe -0.033 -0.017 0.291 -0.038 -0.020 0.228 231

Africa 0.020 0.028 0.194 0.020 0.025 0.122 46

Asia 0.120 0.113 0.336 0.101 0.107  0.258 90

Oceania 0.116 0.000 0.486 0.112 0.045 0.430 48
Treatment Design

Within-subjects 0.107 0.130 0.365 0.101 0.109 0.293 246

Between-subjects -0.029 -0.032 0.318 -0.027 -0.027 0.230 378
Elicitation Task

Binary choice 0.032 0.040 0.313 0.039 0.041 0.236 344

Choice list -0.019 -0.033 0.297 -0.032 -0.031 0.233 126

Bidding -0.021 0.010 0.515 -0.010 -0.005 0.375 57

Other type of task 0.080 0.108 0.372 0.059 0.093 0.305 97
Trial Procedure

Static procedure 0.036 0.022  0.360 0.030 0.024 0.278 498

Iterative adjustment procedure -0.022 0.002 0.263 -0.004 0.011  0.195 126
Incentive Realization Scheme

All subjects paid 0.047 0.042  0.357 0.044 0.041 0.274 506

Random subjects paid -0.072  -0.073 0.257 -0.066 -0.075 0.190 118

All decisions realized 0.090 0.126  0.399 0.082 0.080 0.286 181

Random decisions realized -0.003 0.000 0.314 -0.001 0.005 0.250 443
Payoff Domain

Gain 0.018 0.015 0.309 0.016 0.019 0.234 443

Loss 0.014 0.014 0.278 0.017 0.059 0.234 87

Mixed 0.080 0.108 0.480 0.076 0.094 0.366 111
Reward Type

Monetary 0.024 0.014  0.347 0.022 0.020 0.269 586

Non-monetary 0.034 0.044 0.290 0.039 0.039 0.154 38
Estimation Method

Parametric -0.0568 -0.035 0.253 -0.056 -0.057 0.186 166

Non-parametric 0.054 0.053  0.366 0.052 0.048 0.282 458
Publication Status

Not published in a peer-reviewed journal 0.063 0.042  0.296 0.031 0.040 0.177 46

Published in a peer-reviewed journal 0.021 0.018 0.347 0.023 0.021 0.270 578

Published in a Top-5 economics journal 0.038 -0.023 0.383 0.033 -0.010 0.340 102

Published in an economics journal -0.012 -0.019 0.353 -0.008 -0.006 0.295 345

Published in another field journal 0.070 0.069  0.326 0.063 0.061 0.213 279

Table 5: Summary of effect sizes by subgroup characteristics. Raw effects correspond to the
original Cohen’s d, while POBMA estimates refer to the posterior estimates of true effect sizes.
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J.2 Meta regression result

Moderators (1) (2) (3) (4)
Time (vs Risk) —0.046 —-0.045 —-0.040 —0.039
(0.036) (0.035) (0.036) (0.036)
Within (vs Between) 0.111 0.111  0.102  0.102
(0.053) (0.052) (0.055) (0.056)
Loss (vs Gain) —0.019 —0.017 —0.024 —0.022
(0.044) (0.045) (0.046) (0.045)
Mixed (vs Gain) -0.124 -0.125 -0.136 -0.136
(0.038) (0.038) (0.039) (0.038)
Param (vs Nonpar) -0.089 -0.089 -0.088 -0.088
(0.030) (0.031) (0.030) (0.031)
Field (vs Lab) —0.046 —0.044 —0.110 —0.111
(0.093) (0.093) (0.133) (0.134)
Online (vs Lab) —0.047 —0.047 —-0.040 —-0.041
(0.073) (0.074) (0.080) (0.080)
Pay all Ss 0.018 0.014
(0.058) (0.061)
Prob. Ss Paid 0.020 0.018
(0.064) (0.066)
Inc. all Tasks 0.043 0.044 0.017 0.018
(0.054) (0.053) (0.058) (0.059)
Published 0.031 0.029 0.004 0.004
(0.115) (0.115) (0.138) (0.136)
EconJ —0.019 —-0.018 —0.006 —0.004
(0.057) (0.057) (0.062) (0.063)
Africa (vs N.America) 0.045  0.046
(0.152) (0.151)
Asia (vs N.America) 0.102  0.104
(0.091) (0.091)
Europe (vs N.America) —0.011 —0.010
(0.069) (0.071)
Oceania (vs N.America) —0.102 —0.104
(0.172)  (0.172)
Constant 0.017 0.016 0.046 0.038

(0.124)  (0.128) (0.143) (0.145)

Table 6: Effects significant at the 5% level are highlighted in bold, and standard errors are
reported in parentheses.
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K Analyses on Choice Variability

Publication bias

The correlations between effect size and precision are sizable: |d;| is negatively
correlated with v/ N (p = —0.366, p < 0.001), with similar patterns for positive
effects (p = —0.312, p < 0.001) and negative effects (p = —0.503, p < 0.001).
These findings indicate pronounced small-study effects. Although such patterns do
not necessarily imply publication bias, publication bias is one plausible mechanism
that can generate them.

A standard diagnostic for funnel-plot asymmetry is Egger’s regression, which re-
gresses the standardized effect size, d;/se;, on study precision, 1/se;. Under the
null hypothesis of no small-study effects, the intercept should be zero. Applied to
absolute effect sizes, Egger’s test yields a strongly positive intercept (5o = 0.618,
95% Crl [0.265,0.967]; slope 1 = 0.071, 95% CrI [0.034,0.108]), indicating that
small, imprecise studies tend to report disproportionately large deviations from
zero. In Egger’s framework, this is the classical pattern consistent with publication
bias.

When applied to signed effect sizes, however, this pattern disappears. The in-
tercept is small and uncertain (5, = —0.149, 95% Crl [—0.618,0.291]), while the
slope is close to zero (8; = 0.081, 95% Crl [0.035,0.129]). This divergence is
informative: it suggests that small studies tend to report more extreme effects,
but not systematically in either the positive or negative direction. In other words,
the small-study pattern we observe concerns magnitude rather than sign. Such
symmetric exaggeration is compatible with publication bias, for example if jour-
nals preferentially publish large effects in either direction, but it is also compatible
with genuine heterogeneity combined with sampling noise.
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Figure 11: Funnel plot of Cohen’s d against its log-standard error

The figure plots the raw effect sizes d; against —In(se;) (panel A) and against v N (panel B). The gray area
in panel A indicates a zone containing non-significant results. The gray area in panel B provides a similar
measure, given by 1—\/% The scaling factor of 1.5 is used because it approximates the average standard

deviation in the sample.
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PET-PEESE:

The slope is significantly positive only under the random-effects specification,
whereas it becomes statistically indistinguishable from zero under the fixed-effects
specification.

)\PET,RE =0.75 (p < 001), )\PEESE,RE =2.15 (p < 0001)

Vevea-Hedges and Andrews-Kasy models:

The selection mechanisms displayed in Figure 12 are similar to those for the pref-
erence outcomes.

Selection Probability by z—score
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Figure 12: Posterior mean selection probabilities for the Vevea & Hedges and Andrews & Kasy
models under random-effects specifications.

PoBMA

The LOO differences, stacking weights, and posterior means of p for all included
models under POBMA are reported in Table 7. Across all random-effects models,
the bias-adjusted population mean remains small. Posterior means range from
approximately -0.029 (PET) to 0.072 (A&K-NS), and all associated 95% credible
intervals lie entirely within the “negligible” range of [—0.2,0.2].

The resulting model-averaged posterior estimate of the underlying effect size under
PoBMA is
tpopma = 0.034  (95% CrlI [0.009, 0.059]),

which again falls squarely within the negligible region.
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Model Aelpd  weight 1

Random PEESE 0.0 0.349 0.018
(0.0) (-0.040, 0.077)

Random PET -1.2 0.048 -0.029
(1.6) (-0.125, 0.065)

Random A&K-NS -5.4 0.193 0.072
(3.6) ( 0.019, 0.132)

Random MEM -54 0 0.070
(3.6) (0.017, 0.129)

Random A&K-QI -7.1 0 0.071
(3.6) ( 0.019, 0.128)

Random V&H-UD -13.5 0.210 0.052
(6.0) ( 0.010, 0.098)

Random V&H-BD -15.8 0 0.055
(4.9) (-0.010, 0.123)

Fixed A&K-NS -169.8 0 0.067
(43.1) ( 0.054, 0.081)

Fixed MEM -169.9 0 0.068
(43.0) ( 0.054, 0.081)

Fixed A&K-QI -170.0 0 0.067
(43.1) ( 0.054, 0.081)

Fixed PEESE -171.3 0.064 0.062
(43.7) ( 0.046, 0.078)

Fixed PET -171.5 0 0.082
(42.7) ( 0.052, 0.110)

Fixed V&H-BD -172.9 0 0.077
(41.7) ( 0.059, 0.094)

Fixed V&H-UD -212.0 0.137 0.002
(58.3) (-0.001, 0.007)

Table 7: Leave-one-out cross-validation (LOO) results and stacking weights for the 14 model
specifications included in the Prediction-optimized Model Averaging (PoBMA) framework. The
‘Model’ column lists each specification, indicating fixed- or random-effects assumptions and
the type of publication bias correction applied: hierarchical Bayesin measurement error model
(MEM), Precision-Effect Test (PET), Precision-Effect Estimate with Standard Error (PEESE),
Vevea & Hedges selection models under unidirectional (V&H-UD) or bidirectional (V&H-BD)
specifications, and Andrews & Kasy selection models using natural spline (A&K-NS) or quadratic
interpolation (A&K-QI). Aelpd denotes the difference in expected log predictive density relative
to the best-fitting model (standard error in parentheses), ‘weight’ indicates the model stacking
weight, and p gives the posterior mean of the bias-corrected effect size (with 95% credible
intervals in parentheses).

Subgroup statistics summery

Table 8 presents the systematic subgroup analyses, disaggregating the raw effect
sizes and PoBMA estimates across substantively distinct contexts. Across all
categories, the POBMA estimates remain small. Mean effect sizes range from
0.015 to 0.092, while median effect sizes range from 0.002 to 0.077, well within the
conventional negligible-effect interval of [—0.2,0.2].
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Subgroup characteristics Raw Effects PoBMA Estimates Obs.
Mean  Med. SD Mean Med. SD N

Proxy Category

Inconsistency 0.061 0.042 0.285 0.050 0.026 0.104 190

Stochasticity 0.166  0.045 0.390 0.081 0.031 0.135 40
Topic Domain

Temporal discounting 0.160 0.067 0.356 0.088 0.069 0.136 41

Risk taking 0.062 0.033 0.294 0.049 0.025 0.103 189
Source of Data

Lab experiment 0.090 0.063 0.351 0.059 0.039 0.114 165

Field experiment 0.091 0.001 0.221 0.080 0.002 0.156 24

Online experiment 0.032 0.033 0.065 0.027 0.026 0.037 41
Subject Pool

University students/staff 0.060 0.055 0.342 0.046 0.025 0.105 125

Non-university participants 0.104 0.033 0.260 0.067 0.031 0.116 105
Location of Experiment

North America 0.104 0.004 0.435 0.059 0.019 0.127 89

Europe 0.037 0.029 0.181 0.033 0.027 0.075 100

Africa 0.041 0.061 0.097 0.041 0.077 0.054 22
Treatment Design

Within-subjects 0.146  0.071 0.348 0.080 0.043 0.142 52

Between-subjects 0.060 0.044 0.293 0.049 0.026 0.099 178
Elicitation Task

Binary choice 0.046 0.011 0.286 0.040 0.023 0.092 172

Choice list 0.123 0.058 0.214 0.089 0.035 0.127 49

Bidding 0.107 -0.035 0.525 0.060 0.020 0.117 39
Trial Procedure

Static procedure 0.094 0.056 0.350 0.063 0.026 0.125 168

Iterative adjustment procedure 0.040 0.017 0.135 0.035 0.031 0.047 62
Incentive Realization Scheme

All subjects paid 0.099 0.063 0.340 0.067 0.042 0.122 178

Random subjects paid 0.013 0.006 0.130 0.015 0.020 0.031 52

All decisions realized 0.161 0.104 0.474 0.092 0.051 0.141 69

Random decisions realized 0.045 0.020 0.189 0.040 0.025 0.091 161
Payoff Domain

Gain 0.077 0.046 0.243 0.056 0.031 0.110 183

Loss 0.012 0.053 0.209 0.017 0.018 0.062 20

Mixed 0.114 0.027 0.531 0.065 0.022 0.116 38
Estimation Method

Parametric 0.049 0.024 0.193 0.036 0.026 0.097 31

Non-parametric 0.084 0.063 0.322 0.059 0.030 0.112 199
Publication Status

Published in a peer-reviewed journal 0.077 0.019 0.318 0.053 0.025 0.114 214

Published in an econ Top5 journal 0.111  0.046 0.172 0.087 0.031 0.124 33

Published in an economics journal 0.042 0.046 0.272 0.044 0.025 0.101 137

Published in another field journal 0.135 0.018 0.348 0.072 0.044 0.122 93

Table 8: Summary of effect sizes by subgroup characteristics. Raw effects correspond to the
original Cohen’s d, while POBMA estimates refer to the posterior estimates of true effect sizes.
Subsets with fewer than 20 observations are excluded.

70



Attention: response and dwell time

An additional 27 effects, drawn from 4 out of the 73 papers (2 on temporal dis-
counting and 2 on risk taking), capture attention-related measures, such as re-
sponse time and dwell time. These measures were coded such that positive values
indicate greater attentional effort under real incentives, as reflected in longer re-
sponse or dwell times.

For the raw effects, 44.4% of the effect sizes are negligible, while the remaining
55.6% fall into Cohen’s “small” category. For the signed effects, both the median
(—0.119) and the mean (—0.143) are negative, suggesting that subjects even spend
less time making decisions under real incentives than under hypothetical scenarios,
although the aggregate effect is negligible.

The BHMEM estimate of the meta-analytic mean is ¢ = —0.011, with a 95%
credible interval (Crl) of [—0.295, 0.269], indicating an overall null effect.
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