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Abstract 
Behavioral interventions on citizens are often promoted as a low-cost route to induce environmentally friendly behavior, yet 
published estimates of their effectiveness are highly variable and prone to selective reporting. We reanalyzed the evidence 
of nonincentivized behavioral interventions on citizens. We applied robust Bayesian meta-analysis (RoBMA), averaging 
across a full set of publication bias–adjusted models, to the 144 effect estimates (91 studies) compiled by Nisa et al. 
(2019). After accounting for publication bias and model uncertainty using multilevel RoBMA, the data strongly favor a 
zero average effect. The posterior probability that the meta-analytic mean equals zero is 0.984, and the Bayes factor 
comparing a zero mean to a nonzero mean is BF01 = 63.5. Accordingly, the previously reported mean benefit of 
behavioral interventions on households and individuals may largely reflect publication bias and potentially other small- 
study effects. There is evidence for small between-study heterogeneity, indicating that some specific interventions might 
have an effect. These results suggest that, on average, behavioral interventions without incentives on households and 
individuals are unlikely to deliver material climate benefits.
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Introduction
Citizens’ consumption choices contribute a sizable share of glo
bal greenhouse gas emissions, so even small behavioral shifts 
can aid climate goals (1). Behavioral interventions, such as 
freedom-preserving choice architecture changes, are attractive 
because they appear inexpensive and politically acceptable (2). 
Reported effects, however, are heterogeneous and based almost 
entirely on published studies that are potentially subject to pub
lication biasa which may distort published evidence, particularly 
in situations where the true effect is zero or negligibly small (3).

A comprehensive compilation of the effects of nonincentivized 
behavioral interventions on households and individuals to miti
gate climate action, produced in a meta-analysis by Nisa et al. 
(4), contains 144 effect estimates drawn from 91 field studies, 
most of them randomized controlled trials. Their conventional 
random-effects model without any correction for publication 

bias suggested a mean standardized impact of d = −0.093 (i.e. a 
54% probability that a randomly chosen treated observation is 
below the mean of the control group), yet a sensitivity analysis 
shows that the true effect size may be as low as d = −0.028 
(51%). Other researchers remeasure the effect of behavioral in
terventions with the same data and report an effect even twice 
as large, d = −0.204 (58%) (5). These divergent figures highlight 
sensitivity to analytic choices, particularly how publication bias 
is modeled and addressed.

Rather than selecting a single “best” specification, we evaluate 
robustness across a set of analytic alternatives. This is done by 
implementing a recently developed method of robust Bayesian 
meta-analysis (RoBMA) (6), which averages across an ensemble 
of bias-correction models, weighting each model by its predictive 
performance. In the multilevel version of RoBMA used here, esti
mates are clustered by study to account for dependence among 
multiple effect sizes per study. This approach yields posterior 
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inferences that incorporate model uncertainty and are less sen
sitive to researcher discretion. Using RoBMA on the full dataset, 
we provide a publication bias–adjusted, policy-relevant estimate 
of how much nonincentivized behavioral interventions can real
istically induce proenvironmental behaviors.

Results
Figure 1 displays the multilevel RoBMA publication bias–adjusted 
forest plot for the full data and various subgroups as reported in 
Nisa et al. (2019). The evidence strongly favors a zero average ef
fect. Across all 144 estimates, the posterior probability that the 
meta-analytic mean equals zero in the multilevel RoBMA is 
0.984. The Bayes factor comparing the data under a zero versus 
a nonzero mean is BF01 = 63.5, constituting very strong evidence 
against an average impact of behavioral interventions on citi
zens’ proenvironmental behaviors. However, the model finds de
cisive evidence for between-study heterogeneity with τ = 0.04 
(95% central credible interval [CrI] 0.02, 0.11). While small in 
magnitude, this indicates that the true effects may vary slightly 

across studies (i.e. some studies may provide true benefits), 
even though the model-averaged mean is essentially zero.

Table 1 illustrates the difference between unadjusted and pub
lication bias–adjusted estimates. Column 1 presents the statistic
al reproduction of the Nisa et al. paper as a baseline. Like the 
original published results, the unadjusted overall effect is mod
estly negative (d = −0.093), with a CI that excludes zero. Column 
2 reports multilevel RoBMA estimates that account for depend
ence, with BF01 = 63.5 providing strong evidence for a null effect. 
Statistically significant negative effects in the random-effects 
analysis are attenuated once estimates are adjusted for publica
tion bias using RoBMA; this pattern largely extends to the sub
group analysis. For the household and individual subgroups, 
the model-averaged estimates are essentially zero as well, with 
Bayes factors favoring the absence of an average effect. Some 
of the subgroup analyses show Bayes factors in favor of an effect 
(without correction for multiple testing). Out of the 25 subgroup 
analyses, this is true for the smallest and largest sample size 
groups, transportation, including car use and nudges, but with 
considerably smaller effect sizes compared with the original esti
mates. Such discrepancies between unadjusted and publication 

Figure 1 Forest plot for the publication bias–adjusted mean effect size from multilevel RoBMA estimates. Publication bias–adjusted mean effect size estimates 
using the RoBMAPMSA model–averaged posterior mean is presented with 95% credible intervals and inclusion Bayes factors (BF), both for the overall sample and 
across various subgroups. SEs are clustered by study via multilevel RoBMA. The BF01 quantifies support for the null hypothesis, with values >1 indicating 
evidence in favor of the null, while values <1 support the alternative hypothesis (BF10 can be derived as 1/BF01). As a general guideline, BFs between 3 and 10 
suggest moderate evidence, while values exceeding 10 provide strong evidence.
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bias–adjusted estimates highlight how accounting for publication 
bias can substantially alter conclusions and suggest caution in 
drawing strong inferences from the unadjusted estimates. 
Results were robust to both prior choice and dependence: 
rescaling the default priors (0.5×–2×) kept the overall posterior 
mean at 0.000 (BF01 = 30.2 to 116.6), and a 200-iteration random 
one-estimate-per-primary-study resampling yielded median μ = 
−0.001 (2.5th–97.5th: −0.010 to 0.000; BF01 median 26.45).

Posterior model weights for the overall analysis concentrate 
almost entirely on the precision effect test (PET; posterior 
weight ≈ 1.00). The replication package contains a funnel plot 
to show that PET is well specified, but we also estimate a multi
level RoBMA exclusively based on selection models (i.e. excluding 
both PET and precision effect estimate with SE [PEESE]; column 3 
in Table 1). This model shows neither evidence for the absence of 
an average effect nor for its presence (BF01 = 0.776), indicating 
that part of the publication bias adjustment might be driven by 
small-study effects (8).

Discussion
Taken together, these results indicate that previously reported 
benefits of nonincentivized behavioral interventions on house
holds and individuals are consistent with substantial publication 
bias and potentially with other small-study effects. Any real im
pacts appear context specific and small enough that current evi
dence lacks the power to distinguish them from zero. Notably, 
even large sample studies can have limited ability to detect the 
modest effect sizes typical in behavioral interventions (3). 
Specifically, random-effects analysis reports an effect size of 
−0.028 for large sample studies (at least 500 observations per ex
perimental group) and, taking at face value, reliably detecting this 
effect size with adequate power of 80% requires an effective sam
ple size of at least 40,100 observations (nonconservatively assum
ing equal allocation fractions, individual level of randomization, 
5% significance level, one experimental and one control group). 
However, in the subgroup analysis of studies with at least 500 ob
servations per experimental group, only eight estimates (out of 
17) from five studies (out of 11) are based on sample sizes of 
>40,100 observations. Future work could also use multisite 
(multilab-style) field studies to achieve large effective sample 
sizes while also enabling clearer tests of heterogeneity and 
moderators.

Although very small effects can matter at a population scale, 
even nonincentivized behavioral interventions can entail signifi
cant costs (9) and scaling them requires large-scale tests to as
sess cost-effectiveness (7). Still, our reanalysis gives strong 
evidence for a nearzero average effect of nonincentivized behav
ioral interventions focused on citizens once publication bias is 
accounted for. The posterior mean is centered on zero, the cred
ible interval is narrow, and the Bayes factor provides strong sup
port for the null of no effect. Future research on individual and 
household levels should target behavioral interventions with po
tentially large effect sizes and should be based on adequately 
powered research designs to provide reliable evidence.

Our results add to the increasing review literature on behavior
al interventions with and without incentives that suggests the 
presence of small-study effects and potentially non-negligible 
effect sizes even after correcting for publication bias (10). 

Shifting climate policy focus toward incentives on the individual 
level and beyond (10, 11), combined with an understanding of 
structural constraints (12), seems more promising than stand
alone behavioral interventions on citizens (13).

Materials and methods
We re-used the 144 standardized mean-difference estimates 
(Cohen’s d ) extracted by Nisa et al. from 91 studies that focus 
on studies without incentives (e.g. financial incentives or regula
tions) (4). No additional studies were added or removed.

RoBMA applies selection methods to estimate relative publica
tion probabilities (14) and also considers small-study-effects models 
that relate effect sizes to their SEs, such as PET and PEESE (6, 14) . 
RoBMA then averages across this prespecified set of candidate 
models to obtain a model-averaged meta-analytic effect estimate 
(6, 14, 15). We used RoBMA’s default priors (effect: d ∼ Normal(0, 
1); heterogeneity: τ ∼ InvGamma(1, 0.15); PET ∼ Cauchy(0, 1) and 
PEESE ∼ Cauchy(0, 5), both truncated to [0, ∞]). These priors are 
shown to perform well across a wide range of simulation studies 
and empirical examples (14). Robustness of the results was assessed 
by rescaling the effect/heterogeneity priors (0.5×, 2×) and by a 
200-iteration random one-estimate-per-study resampling analysis. 
Note that the reported 95% CrIs are often asymmetric with zero 
being the upper bound, as RoBMA combines estimates from all 
models based on their posterior model probabilities, introducing 
shrinkage toward zero if models assuming the absence of the effect 
predict the data best. Analyses were run in R 4.3.1 with the RoBMA 
package (16). The data and replication package contain the follow
ing sensitivity analyses: prior scaling, random one-estimate-per- 
primary-study resampling, and weight-function-only model.

Note
aPublication bias refers to selective reporting of studies based on statis
tical significance, whereas p-hacking refers to selective reporting of ana
lyses within studies. From a meta-analysis perspective, these two 
selection processes are hard to distinguish and we refer to publication 
bias for brevity.
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