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Abstract

Myopic loss aversion (MLA)—the tendency to avoid risk when investment outcomes are evaluated

frequently—has long been cited as a key behavioral explanation for overly conservative portfolios.

However, importantly it has remained unclear whether MLA is primarily driven by the frequency of

performance feedback or by the flexibility to revise investment decisions (i.e., the decision frequency).

Previous studies have yielded mixed evidence. To address this, we conducted two studies; each

independently manipulating feedback and decision frequency, featuring substantially higher statistical

power than previous research. Our results indicate that MLA is driven by decision rather than

feedback frequency. These results refine the theoretical foundations of MLA, with implications for the

design of investment interfaces, behavioral finance, and policy interventions aimed at improving

long-term investment outcomes.
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1 Introduction

Myopic loss aversion (MLA), formally introduced by Benartzi and Thaler (1995), refers to the tendency of

individuals to avoid risk when decisions and outcomes are narrowly framed. Combined with loss aversion, it

constitutes a behavioral bias so that individuals adopt overly conservative risk-taking and investment strategies,

leading to significant welfare losses over time. Experimental evidence from Gneezy and Potters (1997) showed that

frequent performance feedback combined with frequent investment decisions significantly reduced allocations to risky

assets. Since then MLA has been studied intensively and has been prominently mentioned in popular media (see for

the latter, e.g., Moise, 2025).

Previous research has shown MLA’s relevance in experimental asset markets (Gneezy et al., 2003), among

financial experts and professional traders (Eriksen & Kvaløy, 2010; Haigh & List, 2005; Iqbal et al., 2021; Larson

et al., 2016), in team-based decision-making settings (Sutter, 2007), and among private investors (Wendy & Asri,

2012). Furthermore, MLA has demonstrated robustness in numerous more realistic experimental settings (Schwaiger

et al., 2025). A small number of studies investigated the relative importance of feedback and decision frequencies by

adapting the original experimental design by Gneezy and Potters (1997); yielding inconclusive results. Bellemare

et al. (2005) closely followed the original experimental design and found that only frequent feedback, not frequent

decision-making, discouraged risk-taking. Langer and Weber (2008) implemented compound risky asset returns and

longer investment horizons and additionally found decision-making frequency to play a crucial role. They detected

no statistically significant interaction effect between decision frequency and feedback frequency. In contrast, Hardin

and Looney (2012) reported a positive interaction effect between reduced feedback and decision frequencies

stimulating financial risk-taking. Fellner and Sutter (2009), also closely followed the original Gneezy and Potters

(1997) experimental design and reported a negative interaction effect. Due to the heterogeneity of findings, and the

limited sample sizes in previous studies, it remains unclear which factor drives MLA and if the two dimensions

reinforce each other.

The present research addresses this important question in a clear and methodologically rigorous manner.

Understanding the driver(s) of MLA is crucial not only for designing effective financial communication strategies but

also for assessing the potential of long-term commitment mechanisms to improve investment outcomes. We

conducted large-scale experiments in the course of two studies (Study 1 and Study 2) building on the original

framework introduced by Gneezy and Potters (1997). Similarly to previous studies, we isolated the effects of

feedback and decision frequency through careful manipulation of the experimental conditions. Crucially, our sample

size was an order of magnitude larger than previous studies, allowing us to draw more robust conclusions. We

recruited a total of 1,810 student participants (777 in Study 1 and 1,033 in Study 2), compared to 107 (Langer &

Weber, 2008), 118 (Fellner & Sutter, 2009), 135 (Bellemare et al., 2005), and 377 in Hardin and Looney (2012). 1

Figure 1 shows that we were able to detect small-to-medium-sized standardized effects of Cohen’s d = 0.290

(Study 1) and Cohen’s d = 0.285 (Study 2) or larger with at least 80% likelihood given an α of 0.05 in both of our

studies. We deem such effect sizes economically significant in our context, and thus important to detect. To

determine whether partial narrow framing, induced by modifying either feedback or decision frequency, eliminates

1 Hardin and Looney (2012) introduced several additional modifications, reducing the effective sample size for the
hypothesis in question even further.
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MLA in financial risk-taking altogether or merely reduces its effect, it is essential to ensure sufficient statistical

power to detect smaller effect sizes, which previous studies lacked.
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Figure 1: Statistical power curves for treatment comparisons based on the average sample size per treatment of our
studies and of influential previous experimental studies (more than 10 citations on Google Scholar) in the field of
MLA, disentangling the influence of feedback and decision frequency on financial risk-taking. α = 0.05.

Both preregistered studies investigate the single and joint effects of decision and feedback frequency on

financial risk-taking. Study 1 showed statistically insignificant results for the feedback and decision frequency

manipulations. This includes insignificant estimates contradicting earlier evidence of the classical MLA effect. We

consider it essential to report such results transparently to avoid contributing to publication bias. At the same time,

we remained cautious about interpreting the insignificant effects as definitive null (also see equivalence tests in the 4

section). With Study 1 we introduced a design modification aimed at improving internal validity: the use of filler

screens in the low-frequency condition to harmonize screen exposure across treatments (see section 3 for details).

While intended to control for differential cognitive load or time perception, this change may have inadvertently

affected participants’ behavior, potentially attenuating treatment effects.

To assess this possibility, we conducted a second study (Study 2), identical in design except that it featured an

additional low-frequency condition without filler screens, as used in some of the prior literature examining similar

research questions. Study 2 not only replicated key patterns on the classical MLA effect from previous research,

albeit in a more attenuated form, but also consistently demonstrated the importance of binding decision flexibility

and the irrelevance of feedback frequency in risk-taking. Importantly, the effects of decision binding and the

irrelevance of feedback frequency identified in Study 2 remained robust in the pooled analysis across both studies.
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This suggests that, beyond design variation, natural sampling variability may also have contributed to the

insignificant results observed in Study 1.

Our findings highlight the importance of open reporting, replication, and sensitivity to design choices in

behavioral research. The results from Study 2 (and the aggregate sample combining both studies) challenge the

prevailing view that information feedback is the primary driver of myopic loss aversion (MLA). The majority of

literature and popular media outlets suggest feedback frequency as the main driver of the effect, partially neglecting

the potential role of decision binding.2 For example, Benartzi (2015) argued that retail investors should not check

their portfolios via their phones and CNBC (2021) argued similarly. Gneezy et al. (2003) provided an example of

the largest Israeli mutual fund firm intending to reduce portfolio feedback frequency from monthly to quarterly as a

reaction to MLA. Contrary to this prevailing view about the mechanism underlying MLA, our evidence indicates

that it is the frequency of investment decisions that primarily drives changes in risk-taking behavior. This insight

has important implications for the design of financial decision-making environments: promoting longer decision

horizons and stronger commitment mechanisms may help mitigate MLA and prevent overly conservative investment

strategies. Simply aggregating feedback or extending evaluation intervals seems more unlikely to increase risk-taking

when decisions remain frequent.

2 Theoretical Framework

Short-term, segregated portfolio feedback tends to highlight losses more frequently than longer-term, aggregated

feedback, in which losses become less likely on average (Fama & French, 2018). Similarly, investors who make

decisions more frequently may adopt a narrower and shorter-term investment frame. As a non-preregistered

extension, we formalize these arguments by modeling risky asset evaluation in a simple Cumulative Prospect Theory

(CPT) utility framework:

Ut =







CP T (Xt,t+D) if t = 0

θ ∗ v (Xt−F,t) + CP T (Xt,t+D) if t > 0 & t mod D = 0

(1)

where CP T (Xt,t+D) is the CPT evaluation of the risky asset’s payoff distribution X for D periods and

represents the anticipatory component of the utility function. v (Xt−F,t) is the value function evaluation of the

realized (aggregated) risky asset payoff over the last F periods and represents the reactive component of the

utility function.3 Unlike most conventional utility functions assuming perfect rationality, we incorporated this

backward-looking component to reflect individual propensity to weight recent past outcomes in present decisions

(see, e.g, Nolte & Schneider, 2018). Similarly, individuals consider the horizon of each decision rather than the full

investment horizon to avoid potentially regretting each decision. The parameter 0 ≤ θ ≤ 1 regulates sensitivity to

feedback. During the initial investment decision at t = 0, utility is only anticipatory with CP T (Xt,t+D) because

no investment feedback has been received. For all decision periods with feedback on the last F realizations (t > 0 &

t modulo D = 0), we added the reactive utility term θ ∗ v (Xt−F,t).

2 A recent Wall Street Journal article refers to MLA and frequent portfolio reviewing as a mechanism in particular (Moise,
2025).

3 We assumed common CPT parameters α = β = 0.88 and γ = 0.69, but we adopted λ = 1.6 to reflect more realistic loss
aversion preferences (Walasek et al., 2018).
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Our formalization predicts lower utility for myopic investors with more infrequent decisions and feedback. We

evaluated the function for an investment of 100 in the Gneezy and Potters (1997) lottery yielding returns of +250%

with one-third probability and −100% with two-thirds probability. In their experiment, myopia was induced with

periodic feedback and decision horizons of F = 1 and D = 1 (Treatment high), whereas horizons of “non-myopic”

participants were F = 3 D = 3. Substituting these values in Equation 1 yields UHIGH
0 = −2.182 implying rejection

of the lottery. By contrast, ULOW
0 = 1.419 implies that “non-myopic” decision-makers are willing to invest in the

risky asset.

Uniquely, our formalization also allows us to distinguish between the impacts of feedback and decision frequency.

Since feedback plays no role for the initial investment decision at t = 0, low (high) feedback frequency would not

alter utility for changes in decision frequency. In t > 0, however, we predicted different investment propensities for

decision-makers with high feedback/low (high) decision frequency (hfld, high) and low feedback/high (low)

decision frequency (lfhd, filler or low). Table A1 in the Appendix reports CPT utility estimations for 100,000

simulations under different feedback sensitivity parameterizations of θ.4 Average CPT utilities show that only

infrequent decision and infrequent feedback are sufficient to induce investment in the risky asset. From a behavioral

perspective, there are several reasons why both short feedback and short decision frequency might decrease risk-taking.

Hypothesis 1: Less frequent decisions, thus a longer decision horizon, increase financial risk-taking.

Short decision horizons promote narrow framing, because individuals are prompted to make binding choices

more frequently and therefore focus on the short-term. Moreover, investors often underestimate long-term returns,

partly due to the cognitive costs associated with projecting investment outcomes over extended periods (e.g.,

Breunig et al., 2021; Stango & Zinman, 2009). As a result, they rely more heavily on intuition and tend to consider

the most salient, and often short-term, information (Kahneman, 2003). Experience and interventions that induce

broader framing of financial decisions (cf. Benartzi & Thaler, 1999; Hueber & Schwaiger, 2022) can mitigate this

bias and foster a more accurate understanding of long-term return processes.

While a rational investor would ex ante evaluate options based on the entire investment horizon, real-world

investors tend to focus on the projected outcomes of each individual decision, often to avoid the regret associated

with potential intermediate losses (Barberis et al., 2006). Equation 1 formalizes the notion that utility is computed

over discrete decision intervals rather than the full investment period.5 Empirical evidence supports the idea that

frequent decision-making reinforces narrow framing, even in the absence of outcome feedback (Redelmeier & Tversky,

1992). For instance, van der Heijden et al. (2012) have shown that individuals exposed to low-frequency

decision-making adopt broader mental accounts and take more risk than those making frequent choices. Likewise,

evidence on choice bracketing demonstrates that the structure and timing of decisions systematically shape how

people evaluate options, whether in isolation or as part of a broader portfolio (Ellis & Freeman, 2024).

In addition to framing and salience effects, there are other complementary mechanisms through which decision

frequency may shape behavior. First, investors are more likely to deliberate carefully and commit to a strategy

when it is binding over longer horizons, i.e., if they make decision less frequently. Second, binding decisions might

4 Feedback sensitivity may be higher when feedback and decision horizons align, suggesting a positive interaction between
feedback and decision frequency.

5 Note that a shorter decision horizon reduces the cumulative CPT valuation only if the investment’s overall CPT value
increases with time: CP Th+1 > CP Th.
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reduce overall cognitive load and decision fatigue, which may otherwise bias investors toward safer, simpler choices.

In contrast, decision flexibility might create an illusion of control, potentially increasing risk-taking.

Hypothesis 2: Less frequent feedback, thus a longer feedback horizon, increase financial risk-taking.

Feedback frequency can shape investment behavior by influencing the salience and emotional impact of

outcomes. For mixed gambles such as stock investments, more frequent feedback increases the likelihood of

observing short-term losses on average, which, depending on loss sensitivity (via the value function’s loss aversion

parameter λ > 1), might trigger affective responses such as regret and disappointment. As visible in Equation 1,

this results in lower average experienced utility via v (Xt−F,t). Because outcomes below the reference point become

more frequent and more salient, the risky asset is perceived as less attractive, leading individuals to reduce their

risk-taking. Moreover, frequent negative signals might reinforce availability-driven beliefs and strengthen the

association between investing and loss, prompting behavior aimed at avoiding further anticipated emotional

discomfort. Importantly, these effects arise only after feedback is received and processed, distinguishing them from

the anticipatory effects of decision frequency, which operate prior to each decision (Langer & Weber, 2008).

Hypothesis 3: There is a positive interaction effect between lower feedback frequency and lower decision

frequency, such that their combination increases financial risk-taking more than either factor alone.

The effects of feedback frequency on risk-taking may be particularly pronounced when decision frequency is also

high. When investors receive frequent feedback and are simultaneously required to make frequent, binding choices,

short-term losses become both salient and actionable. This enables a feedback loop of regret-driven behavior: losses

are experienced, anticipated regret intensifies, and investors respond by reducing risk exposure. Frequent decision

opportunities facilitate such reactive behavior, thereby reinforcing narrow framing and discouraging long-term

risk-taking. In Equation 1, the feedback sensitivity parameter θ could reflect this intuition: When feedback and

decision horizons align, individuals place a higher emphasis on past feedback, reinforcing the feedback effect.

Conversely, the behavioral consequences of decision frequency may themselves depend on feedback availability.

If frequent decisions are accompanied by immediate feedback, the psychological link between action and outcome is

strengthened. Each decision carries more emotional weight, making regret and disappointment concerns more likely

to arise. This coupling of decision and feedback dynamics amplifies the effect of frequent decision-making on narrow

framing and increases the tendency toward myopic behavior.

3 Experimental Design

We built on the widely applied investment task introduced by Gneezy and Potters (1997) to analyze myopic loss

aversion (MLA). In both studies, over nine periods, participants received a windfall endowment of 100 Experimental

Currency Units (ECU) at the start of each period. Participants decided what percentage of this periodic endowment

to allocate to a risky asset, with the remainder held as cash.
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The risky asset was characterized by a binary return distribution: It produced a 250% return on the invested

amount with a probability of one third and resulted in a complete loss with a probability of two thirds. The asset’s

expected return is 16.7%.

In the original design by Gneezy and Potters (1997), feedback and decision frequency were manipulated

simultaneously, preventing a clean identification of their individual effects on financial risk-taking. Depending on

their assigned treatment condition (detailed below), participants made investment decisions and received outcome

feedback either every period or every third period.

3.1 Treatments

To replicate the baseline MLA effect as a benchmark for our isolated conditions, we implemented the original two

between-subject treatments:

• high: Participants received feedback and made investment decisions in every period of the investment task

(high feedback and high decision frequency).

• low: Participants made investment decisions that were binding for a block of three periods and received

feedback only at the end of each block (low feedback and low decision frequency).

Based on myopic loss aversion theory and the arguments in this paper so far, participants in condition low

are expected to exhibit higher average investment levels than those in condition high.

Beyond these two baseline conditions, we introduced two additional between-subject treatments to isolate the

individual effects of feedback and decision frequency:

• hfld (High Feedback, Low Decision Frequency): Participants received outcome feedback every period but

committed to an allocation for three periods.

• lfhd (Low Feedback, High Decision Frequency): Participants made investment decisions every period but

received feedback only at the end of each three-period block.

Figure 2 summarizes the differences in decision and feedback frequency between treatments.

Decision Feedback

HIGH

HFLD

LFHD

LOW

Figure 2: Overview of Experimental Conditions. For each treatment, the figure displays the frequency of decisions,
represented by arrows, and the frequency of feedback, represented by vertical bars, in the investment task.

In contrast to previous studies, except for Langer and Weber (2008), the treatments hfld, and lfhd in this

study included filler screens during periods in which no feedback was provided or no decision was required. This
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deliberate design choice aimed to minimize confounding differences across conditions. Without filler screens,

participants in the high condition would encounter more screens and more screen changes, potentially increasing

cognitive load and attention demands. Such differences could inadvertently affect investment levels and confound the

interpretation of treatment effects. Therefore, in hfld, we presented participants with screens showing their chosen

allocation for the following period. In contrast, participants in lfhd were shown their allocation from the previous

period rather than receiving feedback. We also introduced treatment filler, which was identical to low in terms

of decision and feedback timing but included the same filler screens used in hfld and lfhd to equalize the

number of screens across conditions. Harmonizing the number of screens across treatment conditions served two

main purposes: it enhanced comparability and ensured consistent perception of time across periods. For example,

without filler screens, participants in the low condition, in which decisions and feedback occur only every third

period, might mentally compress the investment horizon, perceiving only decision points (e.g., periods 3, 6, 9) as

relevant. This could distort their perception of the task, undermining the intended manipulation.

3.2 Procedure

At the start of the experiment, participants were shown the study’s general terms and conditions, including data

privacy and information on the financial compensation. Participants needed to give their explicit consent to these

terms to continue. Participants subsequently read clear and concise instructions on the investment game. These

instructions included a graphical representation of the risky asset’s return distribution and written reminders were

displayed on every decision screen. Crucially, participants were informed about the frequency of their investment

evaluations and decisions before the first period of the investment task. The tasks for both studies were approved by

the University of Zurich ethics board.6

To emphasize the statistical properties of the investment, we explicitly informed participants that returns were

independent and identically distributed (i.i.d.) across periods. Neither endowments nor investment outcomes carried

over to subsequent periods. Decisions in our experiment were incentivized: the total earnings in ECU (experimental

currency units) were summed from all periods and divided by 400. This determined participants’ final payoffs in

Euro, thus 1 ECU equaled 0.0025 Euro. Subsequently, we evaluated participants’ understanding of the task. To

ensure that the participants had read the instructions carefully, they answered a series of comprehension questions

that tested their recall of key features of the investment return distribution. We preregistered our analyses to be

restricted to participants who demonstrated sufficient understanding of the investment task. This was given by

answering at least two of the three comprehension questions correctly. To perform sample balancing checks, the

experiment ended with a questionnaire about demographic characteristics that have been shown to correlate with

risk-taking in previous studies. Specifically, we elicited participant age, self-assessed financial risk tolerance (see for

both, Dohmen et al., 2011), gender (cf., Charness & Gneezy, 2012), self-assessed statistical knowledge (cf.,

Skagerlund et al., 2018), and prior investment experience (cf., Kaustia et al., 2023).

6 Detailed instructions and screenshots of our experiment are available in the Appendix and in the study’s OSF repository.
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4 Results

The online experiment of Study 1 featured treatments high, hfld, lfhd and filler. To identify the effects of

filler screens on financial risk-taking, we added treatment low in Study 2, which was also administered online. In

both studies, we applied conventional statistical significance levels of 5%, 1% and 0.1%. All analyses presented in

this section were preregistered on AsPredicted, unless noted otherwise.

4.1 Study 1 Results

We recruited 777 students from Radboud University (Netherlands) and the University of Innsbruck (Austria) for our

online experiment in fall 2023. The median completion time was 12 minutes, with an average payoff of 2.40 euros

(equivalent to an average hourly wage of 12 euros). As preregistered, we trimmed 2.5% of participants from each tail

of the completion time distribution. Participants taking considerably long to complete the experiment may have

lacked the attention or understanding necessary for the investment task (Abbey & Meloy, 2017; Downs et al., 2010).

Similarly, clicking through quickly may indicate that there is insufficient focus to provide responses that would align

with the behavior of the participants in the real world (Chmielewski & Kucker, 2020; Downs et al., 2010). After

applying these exclusions, our final sample comprised 737 participants.

Although participants were randomly assigned to treatments and trimming was not expected to systematically

unbalance conditions, confounding through random sample imbalances in relevant characteristics between groups

could jeopardize treatment comparisons in our sample if they are correlated with risk-taking. Before we performed

our main analyzes, we examined the balance of sample characteristics—self-reports on risk tolerance, statistical

knowledge, investor status, gender, and university affiliation —across treatments, as shown in Figure A1. The figure

presents the standardized mean of the elicited participant characteristics in the “row condition” minus its

standardized mean in the “column condition”. An absolute standardized mean difference (SMD) exceeding the

interval between −0.1 and 0.1, marked by dashed lines, is commonly interpreted as indicating a meaningful

imbalance between two treatment groups (Zhang et al., 2018). Most SMDs fell within this range, suggesting

adequate balance, though some deviations were observed. For instance, self-assessed statistical knowledge was

notably lower in high than in hfld (SMD = −0.385; upper left panel). To account for such discrepancies, in

additional models for all regression analyses, we controlled for participant characteristics.

Next, we analyzed investment behavior across conditions for which we aggregated all nine periods per

participant. The upper panel of Figure 3 displays mean investments (as a percentage of participants’ endowments)

across conditions along with 95% confidence intervals. We observed that mean investment levels were very similar:

Participants in condition lfhd exhibited the lowest investment rate (41.9%), while condition hfld yielded the

highest mean investment (45.5%), slightly exceeding conditions filler (45.1%) and high (44.4%). The lower

panel illustrates the development of average investments over the course of the nine rounds. Allocations increased

monotonically across decision blocks in low decision frequency treatments but appeared more volatile and taking

different directions in high and lfhd. Investments in lfhd were directionally lowest in nearly all investment

periods. Two-sided independent-samples t-tests indicated, however, that none of the mean differences in the upper

panel were statistical significant (for statistical details and permutation tests as a robustness check, see Table A2 in

the Appendix). Contrary to our predictions, neither reducing evaluation frequency (lfhd) nor decreasing decision
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frequency (hfld) had an attenuating effect on risk-taking, neither did we find evidence of MLA within the sample

(high vs. filler).

N=181 N=189 N=191 N=176
30
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Figure 3: Mean allocations to the risky asset. The upper panel shows average risky asset allocations per treatment.
Error bars depict 95%-confidence intervals around the mean. The lower panel illustrates period-level risky asset
allocation means per treatment. low and lfhd featured infrequent investment feedback, and low and hfld

featured infrequent investment decisions. filler mirrored low with filler screens implemented to harmonize the
number of screens with high, hfld and lfhd.

Next, we applied fractional response regressions with logit links and the individual investments averaged across

nine rounds as well as with individual round-level data. Results of the former are presented in Table 1. The

coefficients represent average marginal effects and indicate the average change in risky asset investment proportion

per unit change of the associated independent variable. Table A3 in the Appendix depicts the corresponding

round-level regression results with standard errors clustered on the level of the participant.
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The results confirmed the insignificance of any treatment effects, both with and without including control

variables. Consequently, neither Hypothesis 1 nor Hypothesis 2 were supported by the data. Consistent with prior

research (e.g., Eckel & Grossman, 2008), female participants invested significantly less than their male counterparts.

Moreover, participants with higher self-reported risk tolerance invested more in the risky asset. Neither investor

status nor self-reported statistical knowledge was related to risky asset allocations.

Table 1: Study 1 average marginal effects fractional response models with logit links and the average amount
invested in proportion of the endowment over all 9 periods as dependent variables. The binary dummy variables
hfld, lfhd and low are coded 0 for participants in the high treatment and 1 for those in the hfld, lfhd or
low treatment. female is a binary dummy variable that equals 0 for male participants or 1 for female
participants. investor is a dummy variable that equals 1 if participants stated to have already invested in
financial products. risk tolerance indicates the self-reported risk preferences of participants, which
were measured using the German SOEP questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10.
stat.knowledge represents participants’ self-reported statistical knowledge compared to their fellow students
on a seven-point scale. innsbruck is a binary dummy that equals 0 for participants from Radboud University or 1
for participants from the University of Innsbruck.

Dependent Variable: Investment Fraction (0–100%)

(1) (2)

lfhd −0.024 −0.026

(0.023) (0.023)

hfld 0.011 0.008

(0.023) (0.023)

filler 0.007 0.005

(0.023) (0.023)

female −0.046*

(0.018)

investor 0.002

(0.019)

risk tolerance 0.020***

(0.005)

stat.knowledge −0.003

(0.007)

innsbruck 0.076***

(0.018)

Observations 737 737

*p < 0.05, **p < 0.01, ***p < 0.001. Heteroskedasticity-robust standard errors in parentheses.

To assess equivalence with the null (exploratory), we conducted two one-sided tests (TOST) with an α of 5%

each. The results are represented by 90% confidence intervals (see Figure A2) of the standardized effects. The

corresponding forest plot is shown in Figure A2 in the Appendix. The results suggest that we can rule out absolute

effect sizes larger than d = 0.15 for condition lfhd compared to high with 90% confidence. For hfld and

filler versus high, the respective absolute value is at or below d = 0.10, with the contrast between filler and

high reflecting the classical MLA effect.

Next, we disentangled the effects of feedback and decision frequency on financial risk-taking. We conducted a

pre-registered structural analysis across dimensions by combining parts of the treatments high, hfld, lfhd, and

low. We replaced the original treatment dummies with binary indicators for feedback and decision frequency.

Specifically, low feedb. freq. was coded as 0 for the participants in high and hfld (high feedback
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frequency) and 1 for the participants in lfhd and low (low feedback frequency). Similarly, low dec. freq.

was coded as 0 for the participants in high and lfhd (high decision frequency) and 1 for the participants in

hfld and low (low decision frequency). In this structural analysis of MLA determinants, neither feedback and

decision frequency nor their interaction had a significant effect on financial risk-taking, as shown in Table A4 in the

Appendix. After controlling for participant characteristics, all effects remained insignificant. Due to the

non-significant interaction between feedback and decision frequency, we rejected Hypothesis 3.

As a final robustness check, we implemented a non-pre-registered comprehensive multiverse analysis.

Researchers often face considerable flexibility in analytical decisions, such as sample exclusions, model specifications,

or covariate adjustments, which can influence results strongly (Simmons et al., 2011). Multiverse analyses

systematically explore a comprehensive set of reasonable and non-redundant analytical choices, thereby reducing

researchers’ degrees of freedom and providing a more reliable inference framework (Simonsohn et al., 2020). Instead

of committing to one analysis pipeline, we evaluated multiple analytical choices that are based on a systematic and

comprehensive screening of the literature on MLA. We then recomputed the relevant estimates for low feedb.

freq. and low dec. freq. given the following analytical branches:

Trimming: (i) no trimming, (ii) symmetric trimming below the 2.5th and above the 97.5th percentile, and (iii)

symmetric trimming below the 5th and above the 95th percentile of completion time.

Cleaning: (i) inclusion of all participants, and (ii) exclusion of participants with low self-reported understanding

or incorrect answers on simple test questions.7

Data Format: (i) individual-level average investments or (ii) period-level panel data with nine observations per

participant, with optional period fixed effects and standard errors clustered on the participant level.

Model: (i) fractional response regression (with shares of investment), (ii) Tobit regression (percentages), and (iii)

OLS regression (percentages).

Control Variables: inclusion of all possible combinations of female, investor, risk tolerance,

stat.knowledge, and innsbruck, as well as specifications without any controls.

The combination of choices in these nodes yielded 2,562 unique specifications. We report the fraction of

significant results as well as the median p-value obtained. Figure A3 displays the obtained p-values of low feedb.

freq. (upper panel) and low dec. freq. (lower panel) in ascending order. In no specifications did we find a

statistically significant effect for either variable, nor for their interaction. Median p-values were 0.390 for low

feedb. freq., 0.801 for low dec. freq., and 0.532 for the interaction term.

Overall, our findings question the individual effects of feedback and decision frequency and also their combined

influence on financial risk-taking (MLA). Prior research has consistently demonstrated the robustness of MLA

across various experimental configurations, including changes in returns, investment structures, and investment

horizons (Schwaiger et al., 2025), as well as across different subject populations (e.g., Haigh & List, 2005; Larson

et al., 2016). In contrast, our results from Study 1—for which we introduced filler screens for the low feedback and

decision frequency condition—deviated from this established pattern. This divergence may reflect genuine shifts in

participants’ narrow framing due to our methodological adjustments, or could represent a false-negative outcome.

Specifically, Study 1 was designed to achieve around 80% statistical power (β = 0.20) to detect main effects of at

7 See the instructions in Appendix B in the Appendix.
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least d = 0.29 at a conventional significance level (α = 0.05). Thus, we acknowledge at least a 20% probability of

having obtained a false-negative result (Type II error) if the true effect size was at or below this value of d. To

address this possibility, we preregistered and conducted a follow-up study (Study 2), reintroducing the classical low

treatment without filler screens, thereby allowing us to isolate methodological from sampling explanations for our

findings in Study 1.

4.2 Study 2 Results

Study 2 extended Study 1 by introducing a low treatment without filler screens—as in other studies except Langer

and Weber, 2008—while retaining all conditions from Study 1, including the original filler treatment.

Everything else was identical to the setup in Study 1. In hfld and lfhd, filler screens were retained so that an

equal number of screens between decisions ensured a fair comparison of the isolated effects of feedback and decision

frequency. The experiment was again conducted with student participants from Radboud University and the

University of Innsbruck in fall 2024.8 We recruited a total of 1,033 participants. Using the same exclusion criteria as

in Study 1, we ended up with a final sample of 981 participants. On average, participants completed the experiment

in approximately 10 minutes and earned 2.44 euros (equivalent to 14.64 euros per hour).

Mirroring our analysis of Study 1, we conducted balancing checks prior to analyzing treatment effects.

Figure A4 illustrates that most treatment comparisons featured well-balanced participant characteristics with SMD

scores within the interval of −0.1 and 0.1. Nevertheless, some scores above this threshold indicate imbalances of

demographics across conditions. To address these imbalances, we included participant characteristics as control

variables in additional regression analyses.

Again, we first present the results of our treatment effects hfld, lfhd, low and filler. Next, we

performed a structural analysis of the feedback and decision frequency and finally assessed the robustness of our

structural findings to analytical heterogeneity through a multiverse analysis.

The lower panel of Figure 4 shows that in all treatments, investments increased with time on average as

participants experienced the return distribution of the risky asset, consistent with Study 1 and prior MLA studies.

In particular, this development appears to be especially pronounced visually in treatments with a low frequency of

decisions. Surprisingly, investments in hfld increased at an even higher rate than in low and filler,

challenging the idea of reinforcing decision and feedback frequency effects. It appeared that providing infrequent

feedback in frequent decision contexts did not increase risk-taking: Generally, investments in lfhd and high

developed very similarly over time. The upper panel summarizes the marked increases in investments for conditions

with infrequent decisions. Average investment was highest in hfld (46.8% of endowment), followed by low

(44.9%), filler (42.9%), lfhd (40.9%), and high (40.2%). To evaluate the statistical significance of these

differences, we compared behavior between treatments pairwise in two-sided independent samples t-tests with

statistical details, also on permutation tests for robustness, shown in Table A5 in the Appendix. We found that the

participants in hfld and low invested significantly more than those in high. In contrast, no significant

differences emerged for lfhd or filler compared to high. While filler did not differ from high, we did not

8 Participants from Study 1 were not eligible for participation in Study 2. The study design was preregistered at As
Predicted (#189,819).
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detect any significant differences against low either (p = 0.384). Hence, we cannot confirm that filler screens

affected risk-taking.
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Figure 4: Average amount invested in proportion of the endowment over all 9 periods. The upper panel shows
average risky asset allocations per treatment. Error bars depict 95%-confidence intervals around the mean. The
lower panel illustrates period-level risky asset allocation means per treatment. low and lfhd featured infrequent
investment feedback, and low and hfld featured infrequent investment decisions. filler mirrored low with
filler screens implemented to harmonize the number of screens with high, hfld and lfhd. The significance bars
indicate results of two-sided, unpaired-samples t-tests with *p < 0.05, **p < 0.01, ***p < 0.001.

Table 2 reports the results of fractional response regression analyses with logit links (analogous specifications

as for Study 1), which confirmed the results of our t-test analyses.9 In Models (1) and (2), we report a statistically

significant effect of condition hfld on investment allocations compared to condition high, which corroborates

Hypothesis 1. In particular, participants in condition hfld invested on average 6.5 percentage points more than

9 Our results remained robust when examining investments at the participant-period level using standard errors clustered
at the participant level. Table A6 provides the corresponding statistical output.
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participants in condition high (Cohen’s d = 0.145). Importantly, this result remained statistically significant when

we pooled the samples of Study 1 and Study 2, as Table A7 in the Appendix shows. In both models in Table 2, we

did not detect a statistically significant effect of infrequent feedback under a frequent decision-making setting

(lfhd), opposing Hypothesis 2. The results also confirm the classical MLA investment gap between conditions

high and low with and without control variables: Infrequent investment feedback and infrequent investment

decisions jointly increase investment allocations by 4.7 percentage points in Model 1 (Cohen’s d = 0.106) and 5.4

percentage points in Model 2 (Cohen’s d = 0.124) in Model (2), a smaller magnitude than previous MLA studies.10

In line with the results of Study 1, financial risk-taking in condition filler was not statistically significantly

higher than in condition high, neither with (p = 0.210) nor without controlling for participant characteristics

(p = 0.137). We conducted complementary post-estimation Wald tests to evaluate the role of filler screens for

financial risk-taking. In both Models, we did not find a significant difference between investments in filler and

low, as shown in the bottom of the table. To examine equivalence with the null hypothesis, Figure A5 in the

Appendix illustrates the standardized treatment effects and their respective 90% (and 95%) confidence intervals. For

the difference between lfhd and filler compared to high, we can again reject standardized effects beyond an

absolute value of d = 0.15 with 90% confidence.

The covariate patterns largely mirrored those observed in Study 1: risk tolerancesignificantly predicts

investment behavior.Self-assessed statistical knowledge and investor status were not significantly associated with

investment levels. Unlike in Study 1, gender was not associated with risk-taking.

Analogous to Study 1, we conducted a pre-registered structural analysis across dimensions. Table A8 in the

Appendix reports the results of fractional response regressions of risky asset allocations on low feedb. freq.

and low dec. freq. Because average marginal effects are not directly defined for interaction terms, we report

the corresponding log-odds coefficient, which reflects the direction and statistical significance of the interaction in

the logit-transformed conditional mean rather than average marginal effects. We applied heteroscedasticity-robust

standard errors. The coefficients and standard errors confirm the robustness of our treatment effect analyses in a

structural setting. Corresponding average marginal effects show that a lower decision frequency (low dec.

freq.) significantly increased investment allocations by 5.4 percentage points (Models 1 and 2); the effect remained

statistically significant at 5.2 percentage points after controlling for participant characteristics. In contrast, lower

feedback frequency (low feedb. freq.) had no statistically significant effect on investment behavior in either

model. The structural results on the relevance of binding decision and the irrelevance of infrequent feedback also

hold qualitatively, when we pooled the samples from Study 1 and Study 2 (see Table A9).

Again, we assessed the robustness of these findings by conducting a multiverse analysis on the results. An

additional analysis branch replaced observations from treatment low by observations from treatment filler,

yielding twice as many (5,184) branches. Figure A6 visualizes the distribution of p-values for low feedb. freq.

and low dec. freq. across all specifications. The upper panel shows that low feedb. freq. was not

statistically significant in any of the specifications (median p-value = 0.560). By contrast, for an α of 5%, low

dec. freq. was significant in 97% of all specifications (median p-value = 0.003). For an α of 1%, 81% of p-values

remained significant. We also examined the interaction between low dec. freq. and low feedb. freq.,

which was not significant in any specification (median p-value = 0.355).

10 For comparison, Gneezy and Potters (1997) documented a difference of 16.9 percentage points (d = 0.63). Schwaiger et al.
(2025) reported values between 5.9% (d = 0.27) and 11.8% (d = 0.45).
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Table 2: Study 2 average marginal effects fractional response models with logit links and the average amount
invested in proportion of the endowment over all 9 periods. The binary dummy variables hfld, lfhd and low

are coded 0 for participants in the high treatment and 1 for those in the hfld, lfhd or low treatment.
female is a binary dummy variable that equals 0 for male participants or 1 for female participants. investor is
a dummy variable that equals 1 if participants stated to have already invested in financial products. risk

tolerance indicates the self-reported risk preferences of participants, which were measured using the German
SOEP questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents
participants’ self-reported statistical knowledge compared to their fellow students on a seven-point scale.
innsbruck is a binary dummy that equals 0 for participants from Radboud University or 1 for participants from
the University of Innsbruck.

Dependent Variable: Investment Fraction (0–100%)

(1) (2)

lfhd 0.006 0.013

(0.022) (0.021)

hfld 0.066** 0.063**

(0.022) (0.021)

low 0.047* 0.054*

(0.023) (0.021)

filler 0.027 0.031

(0.022) (0.021)

female −0.016

(0.015)

investor 0.008

(0.015)

risk tolerance 0.034***

(0.004)

stat.knowledge −0.001

(0.006)

innsbruck 0.059***

(0.014)

Wald χ2
filler- low 0.783 1.176

Wald p-value 0.376 0.278

Observations 981 981

*p < 0.05, **p < 0.01, ***p < 0.001. Heteroskedasticity-robust standard errors in parentheses.

Taken together, the structural analysis provides evidence for the role of decision frequency in mitigating

myopic loss aversion (also when combining both studies’ data), while consistently indicating that feedback frequency

does not exert an effect in our setting. This conclusion holds across a broad range of analytically distinct

specifications that were already applied in the MLA literature.

5 Discussion and Conclusion

This paper aimed to resolve whether myopic loss aversion (MLA), the tendency for investors to become excessively

risk-averse when they frame outcomes decisions narrowly, is driven by the frequency of information feedback, by the

frequency of decisions, or by both. This question is of central importance because MLA has received significant

attention in the literature and in practice. It is often cited as a key factor behind overly conservative portfolios.

Understanding its true driver(s) matters for behavioral finance theory, the design of investment interfaces, and for
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long-term investment behavior: it influences how we model investor psychology and how we set up strategies to

encourage sensible risk-taking in important societal contexts like retirement savings. Until now, the literature has

faced a long-standing ambiguity on this issue, with prior, relatively lower powered, studies producing contradictory

results. The present work with two complementary high-powered and preregistered studies contributes an important

answer to this debate by disentangling feedback frequency from decision flexibility and identifying the driver of MLA.

Study 1 aimed to isolate the individual effects of feedback frequency and decision frequency on risk-taking

behavior by introducing two treatments additional to the classical setting in Gneezy and Potters (1997)—lfhd and

hfld—varying each only one of the two dimensions at a time. Furthermore, we introduced filler screens for

condition low (treatment filler) to equalize screen exposure across conditions. Contrary to our theoretical

predictions and prior evidence, Study 1 yielded only insignificant results. Especially puzzling was the absence of

evidence for MLA when filler screens were applied to the low-frequency condition. This unexpected outcome led us

to conjecture that the introduction of filler screens might have inadvertently altered participants’ perception of the

decision-making process or changed their engagement with the task, thereby attenuating potential effects.

To rigorously examine this possibility, we conducted Study 2 in which we added the original low frequency

condition without the filler screens, explicitly testing whether filler screens influenced behavior. The filler screen

condition continued to show no significant difference to the high frequency baseline, but importantly, also no

difference compared to condition low without any fillers, suggesting that the earlier insignificant findings in

Study 1 did not necessarily imply a structural effect of the methodological modification itself. The other

comparisons revealed clearer and more consistent treatment effects. Facing infrequent decisions under frequent

feedback showed the strongest positive effect on investments compared to high frequencies in both dimensions,

emphasizing the role of decision horizons in financial decision-making. We did not find an effect when binding the

feedback frequency alone nor did we detect an interaction effect of both dimensions. This finding persisted when we

analyzed the individual treatment effects with pooled samples from Study 1 and Study 2, as well as when we pooled

both treatments high and lfhd and study samples in the structural analyses. Thus, we conjecture that the

insignificant outcomes in Study 1 on the additional treatment conditions (lfhd and hfld) were primarily due to

sampling variability or statistical noise.

Our evidence suggests that decision frequency, that is, the degree of investment flexibility, is the key driver of

MLA-consistent behavior in the classic Gneezy and Potters (1997) paradigm, rather than feedback frequency. These

findings challenge the established focus on feedback frequency in the MLA literature (see, e.g., Benartzi, 2015;

Gneezy et al., 2003) and popular media (see, e.g., CNBC, 2021; Moise, 2025), highlighting decision binding as a key

psychological driver of financial risk-taking. This informs existing behavioral finance models and improves

predictions about investor behavior under uncertainty. By addressing this long-standing debate on the origins of the

widely discussed and extensively studied phenomenon of MLA, this work offers a new perspective to the questions

raised by Bellemare et al. (2005), Fellner and Sutter (2009), and Langer and Weber (2008) in behavioral finance.

From a methodological perspective, our study also illustrates the value of isolating treatment variables with

high-powered designs. By using a substantially higher sample size compared to previous studies this study was able

to detect more subtle effects that might have been undetected in prior work, thereby providing a more robust

foundation on which to build further theory.
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The results provide relevant practical implications for long-term investment management and policy design.

Our findings suggest that interventions should focus on constraining excessive decision flexibility rather than merely

reducing information flow. If the goal is to mitigate MLA and promote optimal risk-taking, investors may benefit

more from commitment mechanisms that lengthen their decision horizons than from simply receiving less frequent

performance feedback. For example, in retirement savings plans, policymakers and plan designers might implement

features such as longer lock-in periods, infrequent trading windows, or default investment schedules that limit how

often individuals can adjust their portfolios. These implications are consistent with complementary research such as

Looney and Hardin (2009), emphasizing decision-horizon effects.

Future research can build on these findings to further improve our understanding of MLA and its mitigation.

First, given the short-term nature of our study using the seminal experimental design, it would be valuable to

examine MLA in real-world settings. Field experiments or analyses of investor behavior in brokerage accounts and

retirement plans could explore whether limiting trading flexibility in practice (through product design or policy)

reduces myopic loss aversion among actual investors. Initial evidence in this direction has emerged (see, e.g., Iqbal

et al., 2021) but more work is needed to confirm and quantify the effect. Second, research could investigate the

generalizability of our results across different investor populations and environments. Do experienced or professional

investors respond differently to feedback and commitment than novice or retail investors (Fellner & Sutter, 2009;

Haigh & List, 2005)? Finally, a promising avenue would be to test combinations of decision-frequency constraints

with other behavioral interventions. Integrating commitment devices with tools such as personalized communication,

education, or digital decision support may produce synergies to curb myopic behavior (Beshears et al., 2017; Looney

& Hardin, 2009). Exploring such interventions will help translate our findings into practical solutions.
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A Additional Tables & Figures

Table A1: Simulations of CPT utility in Equation 1 for different feedback sensitivity factors θ. The table reports
the outcomes of 100,000 simulations for decision-making periods after feedback was received (t > 0 & t mod D = 0).
All simulations are based on the Gneezy and Potters (1997) risky asset and the following CPT parameters: α = β =
0.88, γ = 0.69, λ = 1.6.

CPT Utility

θ high hfld lfhd low

0.1 −4.053 −0.412 −2.271 1.338
0.2 −5.829 −2.301 −2.308 1.303
0.3 −7.703 −4.129 −2.338 1.109
0.4 −9.423 −6.025 −2.455 1.259
0.5 −11.659 −7.822 −2.398 1.176
0.6 −13.442 −9.734 −2.485 1.102
0.7 −15.048 −11.310 −2.634 0.854
0.8 −16.888 −13.245 −2.693 0.891
0.9 −19.188 −14.921 −2.716 0.620
1.0 −20.883 −16.741 −2.659 0.826

Mean −12.412 −8.664 −2.496 1.048
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Figure A1: Study 1 balancing checks of control variables across treatments. The Standardized Mean Difference
(SMD) score is based on the standardized mean of the variable in the row treatment minus the standardized mean in
the column treatment.
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Table A2: Study 1 final sample independent-samples t-tests between treatments. Each row indicates t-test results
in the sample of average investments in each respective treatment (Column 1) minus those in high. Upper and
lower confidence interval (CI) values in Columns 7 and 8 indicate the 95% CI around the mean difference. The last
column indicates the permutation p-value associated with each test.

Treatment N Mean Diff. t-Value Std. Error CI Lower CI Upper Perm. p-Value

hfld 372 1.082 0.462 2.341 −3.521 5.685 0.644
lfhd 370 −2.444 −1.064 2.297 −6.962 2.073 0.288
filler 357 0.710 0.304 2.336 −3.884 5.304 0.761
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Figure A2: Forest plot of standardized fractional response regression coefficients of treatments in Study 1
compared to condition high. Bandwidths indicate 90% and 95% confidence intervals of estimated coefficients. The
corresponding regression results are displayed in ??.
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Table A3: Study 1 average marginal effects fractional response models with logit links and the amount invested per
round in proportion of the endowment as dependent variables. The binary dummy variables hfld, lfhd and
low are coded 0 for participants in the high treatment and 1 for those in the hfld, lfhd or low treatment.
female is a binary dummy variable that equals 0 for male participants or 1 for female participants. investor is
a dummy variable that equals 1 if participants stated to have already invested in financial products. risk

tolerance indicates the self-reported risk preferences of participants, which were measured using the German
SOEP questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents
participants’ self-reported statistical knowledge compared to their fellow students on a seven-point scale.
innsbruck is a binary dummy that equals 0 for participants from Radboud University or 1 for participants from
the University of Innsbruck. All models control for period fixed-effects.

Dependent Variable: Investment Fraction (0–100%)

(1) (2)

hfld 0.011 0.008

(0.023) (0.023)

lfhd −0.024 −0.026

(0.023) (0.022)

filler 0.007 0.005

(0.023) (0.023)

female −0.046**

(0.018)

investor 0.002

(0.019)

risk tolerance 0.020***

(0.005)

stat.knowledge −0.003

(0.007)

innsbruck 0.076***

(0.018)

Observations 6,633 6,633

*p < 0.05, **p < 0.01, ***p < 0.001. Standard errors, clustered on participant level, in parentheses.
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Table A4: Study 1 fractional response models with logit links and the amount invested in proportion of the
endowment as dependent variables. The binary dummy variable low feedb. freq. is coded 0 for participants
in the high and hfld treatment and 1 for those in the lfhd and low treatment. low dec. freq. is coded
0 for participants in the high and lfhd treatment and 1 for those in the hfld and low treatment. female

is a binary dummy variable that equals 0 for male participants or 1 for female participants. investor is a dummy
variable that equals 1 if participants stated to have already invested in financial products. risk tolerance

indicates the self-reported risk preferences of participants, which were measured using the German SOEP
questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents participants’
self-reported statistical knowledge compared to their fellow students on a seven-point scale. innsbruck is a binary
dummy that equals 0 for participants from Radboud University or 1 for participants from the University of
Innsbruck.

Dependent Variable: Investment (0-1)

(1) (2) (3)

low feedb. freq. −0.057 −0.100 −0.107

(0.068) (0.094) (0.094)

low dec. freq. 0.086 0.044 0.031

(0.068) (0.095) (0.095)

low feedb. freq. × low dec. freq. 0.085 0.097

(0.135) (0.135)

female −0.189*

(0.078)

investor 0.009

(0.075)

risk tolerance 0.082***

(0.017)

stat.knowledge −0.013

(0.029)

innsbruck 0.312***

(0.073)

Observations 737 737 737

*p < 0.05, **p < 0.01, ***p < 0.001. Heteroskedasticity-robust standard errors in parentheses.

Table A5: Study 2 final sample independent-samples t-tests between treatments. Each row indicates t-test results
in the sample of average investments in each respective treatment (Column 1) minus those in high. Upper and
lower confidence interval (CI) values in Columns 7 and 8 indicate the 95% CI around the mean difference. The last
column indicates the permutation p-value associated with each test.

Treatment N Mean Diff. t-Value Std. Error CI Lower CI Upper Perm. p-Value

hfld 392 6.563 3.013 2.178 2.281 10.846 0.003
lfhd 395 0.577 0.264 2.186 −3.720 4.875 0.791
low 380 4.707 2.080 2.263 0.258 9.156 0.038
filler 405 2.731 1.260 2.167 −1.529 6.992 0.208
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Figure A3: Multiverse analysis of main results in Study 1. The upper panel illustrates the p-values of the
coefficient low feedb. freq., sorted from lowest to highest in 5, 184 analysis paths. The lower panel illustrates
the p-values of the coefficient low dec. freq., sorted from lowest to highest in 5, 184 analysis paths.
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Figure A4: Study 2 balancing checks of control variables across treatments. The Standardized Mean Difference
(SMD) score is based on the standardized mean of the variable in the row treatment minus the standardized mean in
the column treatment.
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Table A6: Study 2 average marginal effects fractional response models with logit links and the amount invested per
period in proportion of the endowment as dependent variables. The binary dummy variables hfld, lfhd and
low are coded 0 for participants in the high treatment and 1 for those in the hfld, lfhd or low treatment.
female is a binary dummy variable that equals 0 for male participants or 1 for female participants. investor is
a dummy variable that equals 1 if participants stated to have already invested in financial products. risk

tolerance indicates the self-reported risk preferences of participants, which were measured using the German
SOEP questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents
participants’ self-reported statistical knowledge compared to their fellow students on a seven-point scale.
innsbruck is a binary dummy that equals 0 for participants from Radboud University or 1 for participants from
the University of Innsbruck. All models control for period fixed-effects.

Dependent Variable: Investment Fraction (0–100%)

(1) (2)

hfld 0.066** 0.063**

(0.021) (0.020)

lfhd 0.006 0.013

(0.022) (0.021)

low 0.047* 0.054*

(0.022) (0.021)

filler 0.027 0.031

(0.021) (0.020)

female −0.016

(0.014)

investor 0.008

(0.015)

risk tolerance 0.034***

(0.004)

stat.knowledge −0.001

(0.006)

innsbruck 0.059***

(0.014)

Observations 8,829 8,829

*p < 0.05, **p < 0.01, ***p < 0.001. Standard errors, clustered on participant level, in parentheses.

VIII



FILLER

HFLD

LFHD

LOW

−0.2 −0.1 0.0 0.1 0.2

Cohen's d

T
re

at
m

en
t

Figure A5: Forest plot of standardized fractional response regression coefficients of treatments in Study 1
compared to condition high. Bandwidths indicate 90% and 95% confidence intervals of estimated coefficients. The
corresponding regression results are displayed in Table 2.
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Table A7: Pooled Study 1 and Study 2 average marginal effects fractional response models with logit links and the
amount invested in proportion of the endowment as dependent variables. The binary dummy variables hfld,
lfhd and low are coded 0 for participants in the high treatment and 1 for those in the hfld, lfhd or low

treatment. female is a binary dummy variable that equals 0 for male participants or 1 for female participants.
investor is a dummy variable that equals 1 if participants stated to have already invested in financial products.
risk tolerance indicates the self-reported risk preferences of participants, which were measured using the
German SOEP questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents
participants’ self-reported statistical knowledge compared to their fellow students on a seven-point scale.
innsbruck is a binary dummy that equals 0 for participants from Radboud University or 1 for participants from
the University of Innsbruck.

Dependent Variable: Investment Fraction (0–100%)

(1) (2)

hfld 0.039* 0.035*

(0.016) (0.015)

lfhd −0.009 −0.007

(0.016) (0.015)

low 0.027 0.025

(0.020) (0.019)

filler 0.017 0.017

(0.016) (0.015)

female −0.033**

(0.012)

investor 0.006

(0.012)

risk tolerance 0.027***

(0.003)

stat.knowledge −0.001

(0.005)

innsbruck 0.064***

(0.011)

Observations 1,718 1,718

*p < 0.05, **p < 0.01, ***p < 0.001. Heteroskedasticity-robust standard errors in parentheses.
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Table A8: Study 2 fractional response models with logit links and the amount invested in proportion of the
endowment as dependent variables. The binary dummy variable low feedb. freq. is coded 0 for participants
in the high and hfld treatment and 1 for those in the lfhd and low treatment. low dec. freq. is coded
0 for participants in the high and lfhd treatment and 1 for those in the hfld and low treatment. female

is a binary dummy variable that equals 0 for male participants or 1 for female participants. investor is a dummy
variable that equals 1 if participants stated to have already invested in financial products. risk tolerance

indicates the self-reported risk preferences of participants, which were measured using the German SOEP
questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents participants’
self-reported statistical knowledge compared to their fellow students on a seven-point scale. innsbruck is a binary
dummy that equals 0 for participants from Radboud University or 1 for participants from the University of
Innsbruck.

Dependent Variable: Investment (0-1)

(1) (2) (3)

low feedb. freq. −0.025 0.024 0.055

(0.065) (0.091) (0.088)

low dec. freq. 0.219*** 0.267** 0.264**

(0.065) (0.089) (0.088)

low feedb. freq. × low dec. freq. −0.099 −0.092

(0.129) (0.125)

female −0.044

(0.072)

investor 0.002

(0.071)

risk tolerance 0.143***

(0.017)

stat.knowledge −0.010

(0.027)

innsbruck 0.250***

(0.066)

AME low dec. freq. 0.054 0.054 0.052

Observations 773 773 773

*p < 0.05, **p < 0.01, ***p < 0.001. Heteroskedasticity-robust standard errors in parentheses.
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Table A9: Pooled Study 1 and Study 2 fractional response models with logit links and the amount invested in
proportion of the endowment as dependent variables. The binary dummy variable low feedb. freq. is coded 0
for participants in the high and hfld treatment and 1 for those in the lfhd and low treatment. low dec.

freq. is coded 0 for participants in the high and lfhd treatment and 1 for those in the hfld and low

treatment. female is a binary dummy variable that equals 0 for male participants or 1 for female participants.
investor is a dummy variable that equals 1 if participants stated to have already invested in financial products.
risk tolerance indicates the self-reported risk preferences of participants, which were measured using the
German SOEP questionnaire (Dohmen et al., 2011) on Likert scales from 0 to 10. stat.knowledge represents
participants’ self-reported statistical knowledge compared to their fellow students on a seven-point scale.
innsbruck is a binary dummy that equals 0 for participants from Radboud University or 1 for participants from
the University of Innsbruck.

Dependent Variable: Investment (0-1)

(1) (2) (3)

low feedb. freq. −0.058 −0.035 −0.030

(0.044) (0.065) (0.064)

low dec. freq. 0.137** 0.159* 0.146*

(0.044) (0.065) (0.064)

female −0.135**

(0.048)

investor 0.025

(0.049)

risk tolerance 0.110***

(0.012)

stat.knowledge −0.005

(0.019)

innsbruck 0.265***

(0.046)

low feedb. freq. × low dec. freq. −0.041 −0.034

(0.089) (0.087)

Observations 1,718 1,718 1,718

*p < 0.05, **p < 0.01, ***p < 0.001. Heteroskedasticity-robust standard errors in parentheses.
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Figure A6: Multiverse analysis of main results in Study 2. The upper panel illustrates the p-values of the
coefficient low feedb. freq., sorted from lowest to highest in 5, 184 analysis paths. The lower panel illustrates
the p-values of the coefficient low dec. freq., sorted from lowest to highest in 5, 184 analysis paths.
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B Instructions

The following pages display screenshots of the experimental task. We added explanations in bold to indicate

treatment(s) in which the corresponding screens were shown.
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