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Loss Aversion is Not Robust: A Re-Meta-Analysis

Abstract

There is an ongoing debate in the literature about the existence and boundary
conditions of loss aversion. In a recent paper Brown et al. (2024) meta-analyzed the
literature on empirical estimates of loss aversion, spanning thirty years, and reported
strong loss aversion across studies. Here, we re-meta-analyzed their dataset, dividing
studies into those with asymmetric gains and losses (typically smaller losses than
gains) versus symmetric gains and losses, and studies where the presentation of gains
or losses was ordered by size compared to those with no ordering. This analysis was
possible for 84 papers (163 estimates of loss aversion, n = 149,218). The results
showed that while the findings of strong loss aversion are replicated when losses are
smaller than gains and when gains and losses are presented in an ordered fashion, for
studies with symmetric gains and losses and no ordering of items, the loss aversion
parameter was approximately 1.07 and not significantly above 1.0, suggesting similar
weighting of gains and losses. This casts considerable doubts on the robustness of loss

aversion.
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1. Introduction

Loss aversion, the assumption that all things being equal losses are given more
subjective weight (or utility) than gains (Kahneman & Tversky, 1979), is one of the
most important phenomena in behavioral economics and economic psychology
(Camerer, 2005; Kahneman, 2011). Yet recently it is also one of the most debated
issues (see e.g., Ert & Erev, 2013; Malul, Rosenboim, & Shavit, 2013; Yechiam &
Hochman, 2013; Gal & Rucker, 2018; Yechiam, 2019; Mrkva, Johnson, Gichter, &
Herrmann, 2020; Rakow, Cheung, & Restelli, 2020). The present study seeks to re-
examine the most comprehensive meta-analytic dataset of loss aversion studies yet, of
Brown, Imai, Vieider, and Camerer (2024). This meta-analysis reported strong
evidence for loss aversion across 607 empirical estimates of loss aversion from 150
articles in economics, psychology, neuroscience, and several other disciplines.
Specifically, the estimated mean loss-aversion parameter A, which dictates the
weighting of losses vs. gains, was reported by Brown et al. (2024) to be 1.96, with a
95% confidence interval of 1.82 to 2.11, which puts it right around Tversky and
Kahneman’s (1992) estimate of 2.25, and indicates that losses are given about twice
the subjective weight of respective gains. We re-meta-analyzed the literature by
dividing it into categories based on critiques regarding past studies of loss aversion, in
an attempt to focus on subsets of studies where loss aversion is not potentially
conflated with other factors that can mimic it.

Re-analyzing this comprehensive meta-analysis seems especially important in
light of the fact that in the same year, a second meta-analysis of loss aversion was
published with different results. Walasek, Mullett, and Stewart (2024) re-modeled the
results of 17 studies using all prospect theory parameters and reported a much lower A

estimate of 1.31. Admittedly, one could argue that Walasek et al.’s analysis was



somewhat limited because they only focused on papers where the authors sent them
raw data, and where this raw data was sufficient for estimating A with the authors’
elicitation method (maximum likelihood estimation). We therefore took a different
approach, and re-examined the more extensive meta-analysis of Brown et al. (2024)

using moderators based on the literature relating to the debate of loss aversion.

2. Critiques on estimates of loss aversion

Under prospect theory (Kahneman & Tversky, 1979; and as formalized in Tversky &
Kahneman, 1992) the subjective value of a monetary loss is driven by two factors,
loss aversion and diminishing sensitivity, as follows:

x“ if x 20

W)= ﬂ‘x‘ﬁ if x <0

where v(x) is the subjective value of the outcome x, A is the loss aversion parameter
and a, 3 are diminishing sensitivity parameters (often assumed to be equal). The
former parameter leads to increased weight to losses when A > 1. The latter
parameters generate a diminishing increase in subjective value as a function of the
outcome’s (x) magnitude (i.e., given a and [ that are positive and below 1, there is
greater discounting of large outcomes compared to smaller ones).

Originally, Kahneman and Tversky (1979) envisioned tests of loss aversion as
involving symmetric (i.e., same sized) equiprobable gains and losses. However,
empirical estimates of loss aversion frequently use small losses and large gains
(Yechiam & Hochman, 2013). The reasoning often made for this design is that given
loss aversion, providing smaller losses balances the subjective value of gains and

losses and gets closer to an indifference point than with equal gains and losses (e.g.,



Tom, Fox, Trepel, & Poldrack, 2007). However, the usage of smaller losses than
gains can introduce confounding variables. First, if the analysis does not include the a
and [} parameters, (e.g., Charpentier, Hindocha, Roiser, & Robinson, 2016; Fairley &
Sanfey, 2020; Fiillbrunn & Luhan, 2017; Takeuchi et al., 2017), this can affect the
loss aversion estimate. Specifically, in this case the tendency to exhibit greater
discounting of the high amount (which is a gain) and consequentially give a larger
weight to the smaller amount (which is a loss) can be expressed by loss aversion
although it has nothing to do with loss aversion (Erev, Ert, & Yechiam, 2008;
Yechiam & Hochman, 2013). In other words, given equiprobable losses and gains
with smaller losses than gain, the loss aversion parameter can mimic the effect of both
loss aversion and diminishing sensitivity.'

Additionally, when losses are smaller than gains this artificially produces loss
aversion even when including a// prospect theory parameters (Ert & Erev, 2013;
Walasek & Stewart, 2015; Rakow et al., 2020; Zeif & Yechiam, 2022). There are
several reasons for that. For example, consider the following design of Géichter,
Johnson, and Herrmann (2010), one of the papers included in our re-meta-analysis.
Given a fair coin, the participants are asked to indicate whether they accept/reject
each of the following lotteries, in order:

“If the coin turns up heads, then you lose €2; if the coin turns up tails, you win €6.
If the coin turns up heads, then you lose €3; if the coin turns up tails, you win €6.
If the coin turns up heads, then you lose €4; if the coin turns up tails, you win €6.
If the coin turns up heads, then you lose €5; if the coin turns up tails, you win €6.

If the coin turns up heads, then you lose €6; if the coin turns up tails, you win €6.

1 When the problem involves varying probabilities of gains and losses, the mimicry process is more
complicated (see detailed analysis in Pachur & Kellen, 2013).



If the coin turns up heads, then you lose €7; if the coin turns up tails, you win €6.”

First, notice that because the gain amount is larger than most of the possible
losses response noise (random selection) pushes loss aversion upwards: If a person
sets a completely random cutoff for accepting the lottery then this implies A of
approximately 1.37 (mean of 0, 6/7, 1, 6/5, 6/4, 6/3, 6/2 using the method employed in
Mrkva et al., 2020; the exact estimates depend on the other model parameters), and
any variance attributed to random selection therefore facilitates loss aversion.
Additionally, loss aversion can be facilitated by a contrast effect, namely the tendency
to rely on previously observed outcomes sizes as a reference for assessing the
subjective value of current lottery’s outcomes: Most losses are smaller compared to
the mean of previously observed outcome sizes and can therefore appear unattractive,
whereas most gains are higher (Ert & Erev, 2013). Similarly, ranking all outcomes
and choosing via rank results in loss aversion (Walasek & Stewart, 2015).

A second factor that can artificially lead to apparent loss aversion in this
design is the ordering of variables from the large loss to the small loss or vice versa
(Zeif & Yechiam, 2022). This can make the problem above appear like a multiple-
choice question where the seemingly “obvious” answer might be to select the option
with the smallest loss (the first option) and reject the others, implying a A estimate of
around 2.0. Ordering can also lead to middle of the scale effects which also biases
towards loss aversion (Harrison & Rutstrém, 2008). Indeed, removing the ordering of
gains and losses was found to considerably reduce loss aversion even when gains and
losses were non-symmetric, namely in the commonly used design of small losses and
large gains (Zeif & Yechiam, 2022; and see also Pedroni et al., 2017).

In the current re-meta-analysis we focus primarily on these two potentially

conflating factors — the relative sizes of gains and losses and their ordering, as



removing both of these factors was found to lead to the complete elimination of loss
aversion in an online sample (Zeif & Yechiam, 2022).

Yet, other variables can also mitigate or inflate loss aversion. One of these
factors is the magnitude of gains and losses. There is an ongoing debate on a) whether
loss aversion is apparent in small and not only in large losses (e.g., Ert & Erev, 2008;
Zeif & Yechiam, 2022; Mrkva et al., 2020), and b) whether loss aversion in large
losses can be considered loss aversion or merely an instantiation of risk aversion in
the classical pre-expected-utility sense of sensitivity to high variance (Gal & Rucker,
2018; Yechiam, 2019). Avoiding very large losses could also emerge because people
do not want to go bankrupt or suffer secondary damages (Tversky, 1972; Kacelnik &
Bateson, 1997; Wang & Johnson, 2012); secondary damages could also be cognitive
as a result of financial scarcity (de Almeida et al., 2024).

The magnitude of losses and gains is tremendously important from the
theoretical standpoint but here it is included only in a secondary analysis due to
measurement issues. First, studies that presented extremely large losses also
invariably used them hypothetically (e.g., Abdellaoui, L’Haridon, & Paraschiv, 2011;
Abdellaoui, Bleichrodt, L’Haridon, & van Dolder, 2016): To address this, we
controlled for the effect of hypothetical versus incentivized outcomes, but this only
partially resolves the issue. Secondly, as mentioned below, most of the included
studies tended to provide lower stakes. Nevertheless, we included payoff size, as well
as whether the study was incentivized, as moderators in our analysis.

Another major factor that was found to potentially inflate loss aversion is the
usage of an accept/reject framing. In this type of framing the lottery is delineated as
an alternative to the status quo and it was therefore argued to facilitate loss aversion

due to the status quo bias, an argument that was empirically supported (Ert & Erev,



2013; Zeif & Yechiam, 2022). However, accept/reject framing was found to have a
smaller effect on loss aversion estimates compared to the relative magnitude of gains
and losses and their ordering by size (Zeif & Yechiam, 2022). Still, we also
incorporate the effect of this type of framing in our secondary analysis. In addition,
loss aversion estimates were found to be higher in pricing decisions (i.e., certainty
equivalents) than in other elicitation methods (Malul et al., 2013) and we address this
as well. To recap, our main goal was to examine whether removing potentially biasing
factors driven by having smaller losses than gains and an ordering of gains/losses,
provides sufficient conditions for the elimination of loss aversion; or alternatively as
suggested by Mrkva et al. (2020) reports of the “death of loss aversion” are greatly
exaggerated and it is robust even when avoiding these two potentially biasing factors.
In addition, we examined several other moderators of loss aversion (stake size,

accept/reject framing, elicitation method).

3. Method

3.1. Data collection

Brown et al.’s (2024) search of Web of Science identified 150 papers with estimations
of the A parameter spanning from 1992 to 2017. Our general approach was to focus on
the estimates of loss aversion collected by Brown et al. (2024) and categorize each
study (and its estimates) by whether gains and losses were symmetric or asymmetric
and whether losses and gains were presented in an ordered fashion. Papers where this
could not be determined (e.g., due to there being no absolute losses, no complete
lotteries, or decision under uncertainty) were not included in the current analysis.

The papers comprising the dataset of Brown et al. (2024) were scanned by two

judges (the authors) to verify their independent data usage. Disagreements were
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resolved by consensus. Information was extracted from each paper with regards to:
(1) The mean absolute size of gains compared to losses: Studies were categorized into
three types based on the difference between the absolute mean gains and losses in
lotteries used to estimate loss aversion (L<G, L=G, or L>G). If it was not possible to
categorize the study, the estimate was removed. Studies with small differences in
expected value, of less than 10%, were allocated to the L=G condition. (2) Whether
gains and losses were presented in an ordered fashion with respect to their sizes or
not. An ordered presentation pertains to a monotonic increase or decrease in the size
of gains or losses. We also included papers where lotteries were ordered by the
probability of gains and losses, as this can inflate loss aversion according to the
theoretical accounts presented above (although in reality there were only two papers
that used this presentation mode). (3) The stake size, calculated using the average loss
across lotteries and conditions, the currency used, and the country where the study
was performed (see below). (4) The elicitation method used, whether it was by pricing
(certainty equivalents), or not (i.e., typically via choices). (5) The study’s use of an
accept/reject format. (5) The type of incentives used: Real or hypothetical (this was
also available in Brown et al.’s dataset).

Additionally, we extracted the sample size of each study and validated the
estimate of loss aversion and its standard error compared to those reported in Brown
et al. (2024). In cases of a discrepancy, we used the estimate reported by the original
authors. In reality, the estimates were identical to those reported in the original paper
in all but five cases, as noted in the online appendix. We also found three between-
subject groups that were not included in Brown et al. (De Martino, Camerer, &
Adolphs, 2010, von Gaudecker, van Soest, & Wengstrom, 2011; Viegas, Oliveira,

Garriga-Trillo, & Grieco, 2012) and removed groups that did not examine decision
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under risk (from Abdellaoui et al., 2011; Abdellaoui et al., 2016, Gachter et al., 2022
— originally a working paper from 2010), or did not include losses (Bediou, Comeig,
Jaramillo-Gutiérrez, & Sander, 2013).

The estimates were first scanned to examine if each of them pertains to
independent data, namely a different group of participants. Studies based on data from
previous papers that were included in the meta-analysis were removed. Next, if
different study estimates were based on the same participants, using different tasks,
we averaged the estimates for the given participants (within the study) to avoid re-
using degrees of freedom. For estimates produced by different models for the same set
of participants, we picked the estimate of the model with the best fit to the data. If fit
indices were not reported, the estimates of the reported models were averaged. If there
was both a median and average estimate of loss aversion, the median was used. The
usage of the median is driven by the skewness of the loss aversion parameter.”

In Brown et al. (2024) the authors used imputed standard errors since a few
papers did not report the standard deviation or standard error of the estimate. We
similarly imputed standard errors using Furukawa et al.’s (2006) method, where the
mean standard deviation is calculated across studies and then based on each study’s
sample size, its standard error is calculated (SE = SD / n®%). For robustness, we re-
analyzed the data with no imputation and also with Brown et al.’s imputation method,
based on the assumption that logarithmically transformed SEs are drawn from a

normal distribution N~ (usg, 62se), with the mean depending on the size of the

2 For example, assume two equally loss averse and gain seeking individuals and a loss neutral
individual (A = 2.0, 0.5, 1, respectively); their average would yield loss aversion (A = 1.17) while the
median would be appropriately neutral (A = 1.0).
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reported A (use= osk + Bse-A ). These additional analyses are presented in the online

appendix.

3.2. Analysis

The results of the grouping (relative size of gains and losses by ordering) were first
descriptively presented. We then followed with a meta-analytic treatment using a
random-effect model with inverse variance weighting (Hedges & Olkin, 2014) and the
DerSimonian-Laird estimator, which is robust to the distribution of the dependent
variable (Kontopantelis & Reeves, 2012). To avoid multiple comparisons, our
approach was to first examine whether the two moderators — the relative size of gains
and losses and ordering — are significant in a meta-regression (Hedges & Olkin, 2014)
and then potentially follow with meta-analyses of targeted groups of estimates —
particularly the group where gains and losses are symmetric and there is no ordering.

As a secondary analysis, we also incorporated several additional moderators:
The stake size (average size of losses), the usage of pricing (certainty equivalents) to
elicit loss aversion, accept/reject format, and real vs. hypothetical incentives. The
former was entered as a covariate while the latter three were entered as dummy
variables. To compare different stake sizes in a meaningful fashion all monetary
amounts were converted into USD based on historical world-bank data (using
fxtop.com), and further corrected according to each country’s Purchasing Power
Parity (PPP), based on the United Nations historical database (https://data.un.org/),
following 1'Haridon and Vieider (2019). Finally, the amounts were log transformed in
light of their skewed distribution though this does not affect any of the statistical

significance tests.
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To evaluate potential publication biases in our analysis of all estimates, as well
as in the group of interest (symmetric gains and losses, no ordering), we plotted the A
estimates by their inverse standard error. The asymmetry of this funnel plot indicates
if there is a publication bias in favor of studies with positive or negative estimates
compared to the average (Egger, Smith, Schneider, & Minder, 1997). We also
administered the Begg and Mazumdar rank correlation test to statistically assess the
significance of the asymmetry (Begg & Mazumdar, 1994) and conducted a trim and
fill procedure (Duval & Tweedie, 2000) to evaluate the extent of a potential bias. Our
main analyses were conducted in SPSS and replicated with JAMOVI, an open

software using the R package “Metafor()” (Viechtbauer, 2010)

4. Results

4.1. Study and estimate categorization

As indicated in Figure 1, from the studies included in the original meta-analysis of
Brown et al. (2024) we removed six studies because they re-modeled the data of other
included studies (see list in online appendix). We also removed the single study of
Capuchin behavior since our meta-analysis focused on studies of human behavior. In
addition, some studies could not be categorized into our target variables of symmetry
and ordering of gains/losses, either because the original study had no losses or no
gains (k = 36), it was based on auctions where a gain/loss is indicated by
winning/losing an auction which entails losing/winning money (k = 5), or an
indication of gain/loss equivalents where the lottery is incomplete (k = 13), or it was a
study of decisions under uncertainty where the expected size of gains and losses is

unclear (k = 5).
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We therefore focused on the estimates in the remaining studies (k = 84). As
noted above, we focused on estimates for independent groups of participants by
averaging estimates within individuals (in 13 studies) and selecting best fit models (in
five studies). We also used medians when they were available (this is somewhat
different from Brown et al.’s approach of focusing on either the average or the median

in sub-analyses). This left a total of 163 estimates calculated for 149,218 participants.

Figure 1: Flowchart of the selection of papers from Brown et al. (2024)

Estimates obtained from
Brown et al. (2024)
(k =150; Estimates = 607)

Excluded (k=7)
Used the same data as other
studies: 6
Nonhuman study: 1

A 4

A 4

Evaluated whether main Excluded (k =59)

. | No gains or losses: 36
conditions can be calculated Auctions: 5

(k = 143; Estimates = 545) Gain/loss equivalents: 12

Decision under uncertainty: 5
No lotteries: 1

- K Excluded (k = 0; estimates = 121):
Examlnatlor'\ of estimates »|  Multiple estimates for the same
(k = 84; Estimates = 284) individuals (e.g., means and

medians, different models,
within-subject conditions)

Estimates that were included in the
meta-analysis
(k = 84; Estimates = 163)
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4.2. Descriptive analysis

Before proceeding into the meta-analysis we examined the model-free attributes of
the estimates, unweighted by study-related characteristics. The median A parameter
across all estimates was 1.64 and the average was 1.89, which is close to the
respective findings of Brown et al. (2024), thus indicating that our filtering of studies
did not change the overall picture of the results. However, as shown in Table 1 this is
merely due to the preponderance of studies where, on average, losses were smaller
than gains, and there was an ascending or descending order of gains/losses. Altering
each of these design features reduces the median loss aversion estimate (asymmetric
losses by 34%; ordering by 23%), and when both of these features are avoided the
median A is 1.125 which implies very weak loss aversion. When losses are larger than
gains and gains and losses are not ordered, the median A is likewise very small (A =
1.065), though not being considerably lower than the symmetric case (see discussion
section).

A density plot of the data with kernel smoothing appears in Figure 2 (one
extreme value in the top condition was trimmed for visual clarity). As opposed to
histograms, density plots are not affected by the number of bins used and hence are
better at determining the distribution shape without additional technical parameters
(Wand & Jones, 1995). It can be seen that the peak of the condition where L=G and
there is no ordering, representing the center of the distribution, is rather close to 1.
Additionally, the distribution in the L<G conditions tends to be skewed, possibly due
to the common usage of means of A where random error asymmetrically tilts the

distribution rightwards.
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Table 1: Median loss aversion parameter A in the studies from Brown et al. (2024).
Studies are divided according to whether the average absolute size of losses was
smaller to that of gains (L<G), equal to that of gains (L=G), or larger (L>G); and

whether gains/losses were ordered from the smallest to the largest. k = Number of

estimates.
L<G L=G L>G
Ordered 2.295 (k=62) 1.585 (k=36) 1.317 (k=4)
Not ordered 1.793 (k =31) 1.125 (k=22) 1.065 (k =28)

Figure 2: Density plot of A estimates in the four categories of studies with k >10. The

blue lines show the benchmarks of loss neutrality (solid) and A =2.25 (dotted).

L<G, /\_)\’\
Ordered
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4.3. Meta-analysis

We next followed with a meta-analysis taking into consideration the different
standard errors of the studies. We first conducted a meta-analysis of the entire sample,
followed by a meta-regression in order to validate the categorization of the studies
according to the target variables. A meta-analysis of all estimates included in the
current analysis yielded an overall A of 1.82 (Cliow = 1.73, Clhigh = 1.91) which is
approximately the mean observed in Brown et al.’s (2024) original meta-analysis (A =
1.81 in the model estimate, p. 500). The Q test for heterogeneity was significant (Q =
12,725.6, p <.001) and I? equaled 98.73% indicating that almost all of the variance
across studies can be attributed to true variation between studies, rather than to
random (sampling) errors within single studies.

The outputs of the meta-regression appear in Table 2. The model containing
both variables of interest (model 3) was highly significant (p <.001) and captured
about 50% of the residual variance (r*> = 0.50). Its results indicated that in studies
where losses were smaller than gains and presentation was ordered by gain/loss size,
the estimated A was approximately 2.33 (SE = .05). However, the estimate became
significantly lower when gains and losses were symmetric (B =-0.70,t=9.49,p <
.001) and when losses were larger than gains (B =-0.68,t=4.77, p <.001).
Interestingly, the latter two estimates were not considerably different. In addition, the
removal of the ordering of gains and losses significantly reduced the estimated A (B =
-0.55,t="7.52, p <.001). This resulted in a predicted A estimate of 1.08 for studies
where losses and gains are symmetric and there is no ordering of gains/losses.

The best fit to the data was for the model that included all the moderators (r* =
0.56). In this model (Model 4 in Table 2) the effects of symmetry of gains and losses

and ordering were replicated. Yet, there was no significant effect of the accept/reject
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format on A estimates (B =-0.09, t = 0.94, p = .35). Moreover, there was no

significant effect of the stake size (B =-0.03,t=0.52, p =.61)* or the elicitation

through pricing (B =-0.25,t=1.51, p =.13). The only additional significant

moderator was incentivization: When choices were incentivized A estimates were

smaller compared to when they were hypothetical (B =-0.31, t =3.70, p <.001; see

discussion).

Table 2: Meta-regression results

Model 1 (L/G) Model 2 Model 3 (both) Model 4 (additional
(ordering) moderators)

Intercept 2.11 (0.05)*** 2.05 (0.06)*** 2.33 (0.05)*** 2.62 (0.11)y***
L=G -0.68 (0.07)*** -0.70 (0.07)*** -0.70 (0.07)***
L>G -0.88 (0.14)%** -0.68 (0.14)%** -0.81 (0.14)%**
No ordering -0.59 (0.09)*** -0.55 (0.07)*** -0.57 (0.08)***
Stake size (log) -0.03 (0.06)
Pricing (CE) -0.25 (0.17)
Accept/reject -0.09 (0.09)
Incentivized -0.31 (0.08)***
Model fit 12 (2)=106.19%F* 42 (1)=39.88%**  42(3)=161.11*** 52 (7)=183.62%**

=051 2=0.09 2=0.50 2 =0.56
Estimates 163 163 163 147

Notes: *=p <.05, ** =p <.01, *** =p < .001. The modal condition where L<G and gains/losses are
ordered was used as a reference point.

We next focused on the cell where gains and losses are symmetrical and there
is no ordering, in order to verify its estimate independently of the meta-regression

analysis (22 estimates, n = 1,985). The forest plot for this group of estimates appears

3 Indeed, the simple correlation of loss size and A estimate was small and non-significant (r =
-0.03; for 147 estimates)..
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in Figure 3 top panel while forest plots for all remaining categories are available in
the online appendix. The aggregate A for this group of estimates was only 1.07,
similarly to the meta-regression prediction, with confidence intervals of 0.97 and
1.18, and not significantly different from 1 (Z =1.39, p =.16). Indeed, as shown in
Figure 3, most individual study-estimates in this group were not significantly different
from 1 (16/22) and the number of those significantly below or above 1 was equal
(3/22). One might argue that the studies in this group are dominated by five estimates
from Walasek and Stewart (2015) which are affected by their specific experimental
design (see a comment by André & de Langhe, 2021; and the reply by Walasek,
Mullett, & Stewart, 2021). However, when removing these estimates, the aggregate A
changes to only 1.12 and remains non-significantly above 1 (Z =1.38,p =.17).
Another interesting cell is where losses were larger than gains. A forest plot
for that cell is available in the online appendix. The estimated A across studies was
1.14 (Cllow = 0.94, Clhigh = 1.34), which is also not significantly above 1 (Z = 1.36,
p = .17), but not lower than that obtained for symmetric gains/losses. This is discussed

further below.

4.4. Publication bias and robustness

As planned, we conducted publication bias analyses, first for the entire set of studies
and then focusing on the cell where gains and losses are symmetric and there is no
ordering. The funnel plot for all estimates appears in the online appendix. There does
not seem to be a considerable asymmetry in the rate of studies with high standard
error among those with above or below average A. This is reflected in a nonsignificant
Kendall’s Tau test (7= 0.06, p = .28) denoting no association between the A estimate

and its SE. A trim and fill analysis correcting for the number of studies above and
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below the mean estimate similarly indicates no asymmetry, and thus the results across

studies appear to be rather robust.

Figure 3: Top panel: Forest plot for studies of symmetric gains and losses and no

ordering. Bottom panel: Funnel plot for this condition.
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We next repeated the analysis for the group of estimates where gains and
losses are symmetric and there is no ordering. A funnel plot for this group appears in
the bottom panel of Figure 3. Here, there appears to be a visual asymmetry, with a
greater number of (relatively) high standard-error studies among those with above-
average A, though this is not significant in Kendall’s Tau test (7=-0.26, p = .09).
However, a trim and fill analysis does identify an asymmetry and indicates a corrected
overall A estimate of 0.94 after imputing nine (smaller) studies. This should be
interpreted cautiously in light of the non-significance of Kendall’s test.

Finally, we examined the robustness of our assumptions regarding missing
standard errors (which characterized 9.9% of the studies). In the main analysis we
imputed standard errors based on Furukawa et al.’s (2006) method. We used two
alternative methods of imputation to evaluate the robustness of our findings. First, we
employed the imputation method proposed by Brown et al. (see methods section and
Brown et al., 2024) based on a lognormal distribution of A values. Secondly, we re-
ran the analysis without the estimates with missing standard errors (this yielded 147
estimates of ). Re-running meta-regression models 3-4 under both approaches, we
observed significant effects of gain-loss asymmetry and ordering similar to those of
the original analysis (see online appendix). For the condition where there is no
ordering and gains and losses are symmetric, using Brown et al.’s imputation method,
the overall A is 1.08 with confidence intervals of 0.98 and 1.18 and not significantly
above 1 (Z =1.57, p =.12). With no imputation the overall A is 1.07, as above, with
confidence intervals of 0.97 and 1.18, and again not significantly above 1 (Z = 1.36, p

=.17).
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5. Discussion

The current re-meta-analysis quantitatively integrates the past critiques on loss
aversion estimates into the extensive meta-analytical database of Brown et al. (2024).
Our findings suggest that the conclusions from Brown et al.’s (2024) original meta-
analysis of a very strong loss aversion across studies, which can easily be interpreted
as providing strong evidence for loss aversion, should be cautiously assessed, at least
for those studies that we re-investigated that focused on decisions under risk with
absolute losses and gains. Specifically, in our re-meta-analysis we find that most of
these studies involved smaller losses than gains and ordering of presented gains and
losses by size. For studies with these two characteristics we replicate the finding of a
considerable degree of loss aversion, equivalent to that found in Brown et al. (2024).
Because of the impact of the number of studies on (any) meta-analysis aggregated
findings, across all studies we likewise obtain substantial and significant loss
aversion.

However, when examining the smaller subset of studies with symmetric gains
and losses, and with no ordering of gains/losses, we find that in this category most
estimates evidence non-significant loss aversion (A is not significantly above 1 in
19/22 estimates). Indeed, the aggregate loss aversion parameter in this group of
estimates, based on the results of about 2,000 participants, was not significantly
different from 1. The model-based estimate was 1.07 and the model-free median was
1.125. A funnel-plot asymmetry analysis suggests that even the slight and non-
significant loss aversion in these studies may be the result of a publication bias, with a
corrected A estimate of slightly less than 1.0.

We also examined other moderators of loss aversion but did not find

significant results for pricing method (certainty equivalent) and accept/reject format.
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The latter finding is consistent with the weak effects found for accept/reject framing
in Zeif and Yechiam (2022). Additionally, the size of the stake was surprisingly not
significantly related to the estimated A but this could be due to the fact that the large
majority of studies used small stakes: Only 10.3% of the studies presented losses that
were above $100 on average (after correction for currency, inflation, and PPP). This is
not a problem from the theoretical stance since smaller losses are considered to be the
critical testing-ground for loss aversion (Mrkva et al., 2020) but it allows only partial
examination of the effect of high stakes losses.

We did find that incentivization reduced loss aversion estimates compared to
where outcomes (including losses) were hypothetical. This stands in contrast to the
meta-regression findings in Brown et al. (2024), where there was no significant effect
of incentivization. The disparity could be due to the possible collinearity between
incentivization and a smaller stake size (the two variables were negatively correlated:
r=-0.31, p <.001). Also, it might be due to the exclusion of a portion of Brown et
al.’s original studies. Notwithstanding, the negative effect of incentivization on loss
aversion is actually consistent with recent results showing lower loss aversion in
incentivized than in hypothetical experiments (Shang, Duan, & Lu, 2021; Zeif &
Yechiam, 2022), though the reason for that is currently unclear. Indeed, Zeif and
Yechiam (2022) recorded reversed loss aversion (i.e., gain seeking) with real small
symmetrical gains and losses and this was replicated by Heilprin and Erev (2024).

The current re-meta-analysis, although shedding light on of the implications of
Brown et al.’s (2024) results, also has its own weaknesses. First, because we aimed to
study magnitude differences between gains and losses, we did not focus on all studies
identified by Brown et al. (2024) but only about 56% of them. One could therefore

argue that our findings do not represent the “complete” literature. However, we were



24

able to replicate loss aversion in the full set of studies that we collected that was very
similar to that reported in Brown et al. (2024), suggesting no aggregate bias between
included and excluded studies in the extent of loss aversion. Secondly, one might
argue that while focusing on one group of moderators, there are additional moderators
that we did not cover and which could give rise to loss aversion even in studies where
gains and losses are symmetric and not ordered. Indeed, the limited variance of the
size of losses in all studies, and particularly in the group involving equal gains and
losses, suggests one such potential moderator: large stake size, though as indicated
above there is a controversy on whether avoiding very large losses actually constitutes
loss aversion. While only few studies involving symmetric gains and losses and no
ordering showed significant evidence for loss aversion in the current analysis, it is
important to study their characteristics and understand what can potentially give rise
to loss aversion even under these conditions.

Another issue that remains open in the re-meta-analysis is the case of losses
that are larger than gains. According to the critiques on loss aversion estimates based
on the notion of choice by ranking (see e.g., Walasek & Stewart, 2015), the effect of
random choices (Zeif & Yechiam, 2022) and middle of the scale effect (Harrison &
Rutstrém, 2008), in this case loss aversion should become even weaker than in the
case of symmetric gains and losses. This is not reliably observed across studies.
Although loss aversion was not significantly observed in this condition, the estimated
A in the re-meta-analysis was quite close to the condition where gains and losses are
symmetric (being slightly and non-significantly above it). However, the study of
Brown et al. (2024) identified a rather small number of studies where losses were
larger than gains and this could have led to a rather noisy estimate in this condition.

Further examination of this rather overlooked condition is in order.
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To sum, we argue that while the results of Brown et al.’s (2024) original meta-
analysis are solid, they focus on a literature in which the majority of studies have
larger gains than losses and ordered gains and losses, and this might paint an
incomplete picture when interpreting the theoretical significance of the findings. The
current re-meta-analysis uses a more nuanced approach, with the results indicating
that what appears as strong loss aversion across the board is indeed driven by the
studies where losses are smaller than gains and where gains and losses are ordered.
We show that “removing” each of these features (i.e., using symmetric gains and
losses and no ordering), strongly reduces loss aversion, such that for the smaller group
of studies where gains and losses are symmetric and not ordered, there is no
significant loss aversion across studies. While this evidence needs to be further
evaluated, at the very least the current findings suggest that the average across all
studies should be very cautiously appraised as being the major evidence when
integrating studies of loss aversion.

What does the finding that for equal and unordered gains and losses A is close
to 1.0 imply for the prospect theory function incorporating loss aversion? The most
parsimonious model capturing this is a prospect theory value function with no loss-
aversion component. However, there are some limitations to this conclusion. First, the
meta-analysis is obviously at the study level: At the participant level some individuals
are consistently loss averse (e.g., Mkrtchian, Valton, & Roiser, 2023), as are some
sub-populations (Mrkva et al., 2020; Zeif & Yechiam, 2022). On the other hand,
individual level findings might not be driven by loss aversion per se, but rather by
sensitivity to variance or to high stakes losses. For example, in Zeif and Yechiam
(2022), we found that gender difference in the loss aversion parameter only emerged

for higher losses. Relevant individual level studies rarely distinguish between these
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constructs and may be underspecified. Secondly, as noted, the range of the outcomes
in the reviewed studies was typically on the low side, and therefore the meta-analysis
does not capture the loss aversion typically observed at high stakes (e.g., Abdellaoui
et al., 2016; Mrkva et al., 2020; Zeif & Yechiam, 2022). A more nuanced model with
stake-dependent loss aversion may be required to capture this phenomenon (see e.g.,
Mukherjee, Khan, & Srinivasan, 2025). Yet, as indicated above, it is not clear if the
sensitivity to very large losses constitutes loss aversion or captures an entirely

different psychological construct.

References

Abdellaoui, M., L’Haridon, O., & Paraschiv, C. (2011). Experienced vs. described
uncertainty: Do we need two prospect theory specifications? Management
Science, 57, 1879-1895.

Abdellaoui, M., Bleichrodt, H., L’Haridon, O., & van Dolder, D. (2016). Measuring
loss aversion under ambiguity: A method to make prospect theory completely
observable. Journal of Risk and Uncertainty, 52, 1-20.

André, Q., & de Langhe, B. (2021). No evidence of loss aversion disappearance and
reversal in Walasek and Stewart (2015). Journal of Experimental Psychology:
General, 150, 2659-2665.

Bediou, B., Comeig, 1., Jaramillo-Gutiérrez, A., & Sander, D. (2013). The role of
perceived loss aversion on credit screening: An experiment. Spanish Journal
of Finance and Accounting, 42, 83-97.

Begg, C.B., & Mazumdar, M. (1994). Operating characteristics of a rank correlation

test for publication bias. Biometrics, 50, 1088-1101.



27

Brown, A.L., Imai, T., Vieider, F., & Camerer, C.F. (2024). Meta-analysis of
empirical estimates of loss-aversion. Journal of Economic Literature, 62, 585-
516.

Camerer, C.F. (2005). Three cheers —psychological, theoretical, empirical— for loss
aversion. Journal of Marketing Research, 42, 129-133.

Charpentier, C.J., Hindocha, C., Roiser, J.P., & Robinson, O.J. (2016). Anxiety
promotes memory for mood-congruent faces but does not alter loss aversion.
Scientific Reports, 6, 24746.

de Almeida, F., Scott, 1.J., Soro, J.C., Fernandes, D., Amaral, A.R., Catarino, M.L.,
Aréde, A., & Ferreira, M.B. (2024). Financial scarcity and cognitive
performance: a meta-analysis. Journal of Economic Psychology, 101, 102702.

De Martino, B., Camerer, C.F., & Adolphs, R. (2010). Amygdala damage eliminates
monetary loss aversion. Proceedings of the National Academy of Sciences,
107, 3788-3792.

Duval, S., & Tweedie, R. (2000). Trim and fill: A simple funnel-plot-based method
of testing and adjusting for publication bias in meta-analysis. Biometrics, 56,
455-463.

Egger, M., Smith, G.D., Schneider, M., & Minder, C. (1997). Bias in meta-analysis
detected by a simple, graphical test. British Medical Journal, 315, 629-634.

Erev, L, Ert, E., & Yechiam, E. (2008). Loss aversion, diminishing sensitivity, and the
effect of experience on repeated decisions. Journal of Behavioral Decision
Making, 21, 575-597.

Ert, E., & Erev, 1. (2013). On the descriptive value of loss aversion in decisions under

risk: Five clarifications. Judgment and Decision Making, 8, 214-235.



28

Fairley, K., & Sanfey A.G. (2020). The role of demographics on adolescents’
preferences for risk, ambiguity, and prudence. Journal of Economic Behavior
& Organization, 179, 784-796.

Fiillbrunn, S.C., & Luhan, W.J. (2017). Decision making for others: The case of loss
aversion. Economics Letters, 161, 154-156.

Furukawa, T.A., Barbuim C., Cipriani, A., Brambilla, P., & Watanabe, N. (2006).
Imputing missing standard deviations in meta-analyses can provide accurate
results. Journal of Clinical Epidemiology, 59, 7-10.

Gdéchter, S., Johnson, E., & Herrmann, A. (2022). Individual-level loss aversion in
riskless and risky choices. Theory and Decision, 92, 599-624.

Gal, D., & Rucker, D. (2018). The loss of loss aversion: Will it loom larger than its
gain? Journal of Consumer Psychology, 28, 497-516.

Harrison, G.W., & Rutstrom, E. (2008). Risk aversion in the laboratory. In J.C. Cox &
G.W. Harrison (Eds.), Research in experimental economics (pp. 41-196).
Bingley, UK: Emerald Group Publishing Limited.

Hedges, L.V., & Olkin, 1. (2014). Statistical methods for meta-analysis. New York,
NY: Academic press.

Heilprin, E., & Erev, 1. (2024). The Relative importance of the contrast and
assimilation effects in decisions under risk. Journal of Behavioral Decision
Making, 37, e2408.

Kacelnik, A., & Bateson, M. (1997). Risk-sensitivity: Crossroads for theories of
decision making. Trends in Cognitive Science, 1, 304-309.

Kahneman, D. (2011). Thinking, fast and slow. Detroit, MI: Macmillan.

Kahneman, D. & Tversky, A. (1979). Prospect theory: An analysis of decision under

risk. Econometrica, 47, 263-291.



29

Kontopantelis, E., & Reeves, D. (2012). Performance of statistical methods for meta-
analysis when true study effects are non-normally distributed: A comparison
between DerSimonian—Laird and restricted maximum likelihood. Statistical
Methods in Medical Research, 21, 657-659.

I’Haridon, O., & Vieider, F.M. (2019). All over the map: A worldwide comparison of
risk preferences. Quantitative Economics, 10, 185-215.

Markowitz, H.M. (1952). Portfolio selection. Journal of Finance, 7, 77-91.

Malul, M., Rosenboim, M., & Shavit, T. (2013). So when are you loss averse? Testing
the S-shaped function in pricing and allocation tasks. Journal of Economic
Psychology, 39, 101-112.

Mkrtchian, A., Valton, V., & Roiser, J.P. (2023). Reliability of decision-making and
reinforcement learning computational parameters. Computational Psychiatry,
7, 30-46.

Mrkva, K., Johnson, E. J., Géchter, S., & Herrmann, A. (2020). Moderating loss
aversion: Loss aversion has moderators, but reports of its death are greatly
exaggerated. Journal of Consumer Psychology, 30, 407-428.

Mukherjee, S., Khan, O., & Srinivasan, N. (2025). The role of magnitude in loss
aversion. Decision. Forthcoming.

Pachur, T., & Kellen, D. (2013). Modeling gain-loss asymmetries in risky choice: The
critical role of probability weighting. In M. Knauff, M. Pauen, N. Sebanz and
I. Wachsmuth (Eds.), Proceedings of the 35th annual conference of the
cognitive science society (pp. 3205-3210). Austin, TX: Cognitive Science
Society.

Page, M.J., Bossuyt, P.M., Boutron, 1., Hoffmann, T.C., Mulrow, C.D., Shamseer, L.,

Tetzlaff, J.M., Akl, E.A. et al. (2020). The PRISMA 2020 statement: An



30

updated guideline for reporting systematic reviews. British Medical Journal,
372,n71.

Pedroni, A., Frey, R., Bruhin, A., Dutilh, G., Hertwig, R., & Rieskamp, J. (2017). The
Risk elicitation puzzle. Nature: Human Behaviour, 1, 803-809.

Pratt, J.W. (1964). Risk aversion in the small and in the large. Econometrica, 32, 122-
136.

Rakow, T., Cheung, N. Y., & Restelli, C. (2020). Losing my loss aversion: The
effects of current and past environment on the relative sensitivity to losses and
gains. Psychonomic Bulletin & Review, 27, 1333-1340.

Shang, X., Duan, H., & Lu, J. (2021). Gambling versus investment: Lay theory and
loss aversion. Journal of Economic Psychology, 84, 102367.

Sharpe, W.F. (1964). Capital asset prices: A theory of market equilibrium under
conditions of risk. Journal of Finance, 19, 425-442.

Satterthwaite, T.D., Green, L., Myerson, J., Parker, J., Ramaratnam, M., & Buckner,
R.L. (2007). Dissociable but inter-related systems of cognitive control and
reward during decision making: Evidence from pupillometry and event-related
fMRI. Neuroimage, 37, 1017-1031.

Takeuchi, H., Tsurumi, K., Murao, T., Takemura, A., Kawada, R., Urayama, S., Aso,
T., Sugihara, G., et al. (2017). Common and differential brain abnormalities in
gambling disorder subtypes based on risk attitude. Addictive Behaviors, 69,
48-54.

Tom, S.M., Fox, C.R., Trepel, C., & Poldrack, R.A. (2007). The neural basis of loss
aversion in decision-making under risk. Science, 315, 515-518.

Tversky, A. (1972). Elimination by aspects: A theory of choice. Psychological

Review, 79, 281-299.



31

Tversky, A., & Kahneman, D. (1992). Advances in prospect theory: Cumulative
representation of uncertainty. Journal of Risk and Uncertainty, 5, 297-323.

Viechtbauer, W. (2010). Conducting meta-analyses in R with the metaphor package.

Journal of Statistical Software, 36, 1-48.

Viegas, R.G., Oliveira, A.M., Garriga-Trillo, A., & Grieco, A. (2012). A functional
model for the integration of gains and losses under risk: Implications for the
measurement of subjective value. Psicologica, 33, 7T11-733.

von Gaudecker, H-M., van Soest, A., & Wengstrom, E. (2011). Heterogeneity in risky
choice behavior in a broad population. American Economic Review, 101, 664-
694.

Walasek, L., Mullett, T. L., & Stewart, N. (2021). Acceptance of mixed gambles is
sensitive to the range of gains and losses experienced, and estimates of lambda
(A) are not a reliable measure of loss aversion: Reply to André and de Langhe
(2020). Journal of Experimental Psychology: General, 150, 2666-2670.

Walasek, L., Mullett, T. L., & Stewart, N. (2024). A meta-analysis of loss aversion in
risky contexts. Journal of Economic Psychology, 103, 102740.

Walasek, L., & Stewart, N. (2015). How to make loss aversion disappear and reverse:
Tests of the decision by sampling origin of loss aversion. Journal of
Experimental Psychology: General, 144, 7-11.

Wand, M.P., & Jones, M.C. (1995). Kernel smoothing. Chapman and Hall.

Wang, X.T., & Johnson, J.G. (2012). A tri-reference point theory of decision making
under risk. Journal of Experimental Psychology: General, 141, 743-756.

Yechiam, E. (2019). Acceptable losses: The debatable origins of loss aversion.

Psychological Research, 83, 1327-1339.



32

Yechiam E., & Hochman, G. (2013). Losses as modulators of attention: Review and
analysis of the unique effects of losses over gains. Psychological Bulletin, 139,
497-518.

Zeif, D., & Yechiam, E. (2022). Loss aversion (simply) does not materialize for

smaller losses. Judgment and Decision Making, 17, 1015-1042.



