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Abstract

The availability of financial investment return rankings has increased with the

proliferation of social trading platforms. We investigate the effects of ranking in-

formation on financial risk-taking with experiments. Investors choose riskier as-

sets and hold them longer when presented with social ranking information. Using

eye-tracking and mood state biometric measures, we find that participants display

decreased attentiveness, reduced cognitive performance, and moderate drops in

positive mood. These effects are more pronounced with ranking information. Our

findings suggest retail investment platforms should recognize that sustaining in-

vestors’ attention and replenishment of their mental resources help them avoid

making premature investment decisions.
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I Introduction

The efficient market hypothesis argues that investors make rational investment deci-
sions based on all available information for unbiased estimation of an asset’s intrin-
sic value (Fama, 1970; Brown and Cliff, 2005). However, the interaction of investor
sentiment and asset valuation is the subject of a significant debate among financial
economists. Several studies relate behavioral biases to investment sentiment, leading
to systematic mispricing in the market. Brown and Cliff (2005) show that irrational
sentiments of investors affect asset price levels, and sudden changes in sentiment may
cause market bubbles. One of the behavioral factors that affect investor sentiment is
social comparison (Kostopoulos and Meyer, 2018; Hu et al., 2014). This article studies
how social comparison affects risk-taking in investment decisions.

Humans use comparisons to assess the outcomes of their financial performance.
We make risky choices based on how different our situation is compared to others
and how we can attain the desired relative outcome. When performance is shared
transparently among peers, social reference points induce investors to take more risk,
particularly when they fall behind in relative performance (Kirchler et al., 2018). Rel-
atively weaker performance may lead to a greater willingness to take a risk, incon-
sistent with the investor’s general risk tolerance. Several studies associate excessive
risk-taking in finance with tournament incentives (Diamond and Rajan, 2009). These
incentives include monetary gains, a positive self-image, and a desire for status. Some
studies also document the diverse effects of social comparison and ranking on risk-
taking, including how “bonus culture” and performance-based bonus schemes may
lead to increased systemic risks and potential financial crises (Rajan, 2006; Kirchler
et al., 2018; Dijk, 2017; Lindskog et al., 2022; Schwerter, 2023). For instance, in the
recent Silicon Valley Bank run, the bank’s managers were blamed for taking excessive
risks to maximize their bonus earnings (Newsweek, 2023). Low-ranked tournament
participants are more likely to choose riskier gambles even when they are risk-averse
in terms of wealth (Dijk et al., 2014; Hopkins, 2018).

It has also been shown that under-performing firms tend to invest more in uncer-
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tain R&D projects to improve their market positions (Boudreau et al., 2016). Simi-
larly, unfavorable ranking status leads to upward portfolio risk among professional
investors (Kirchler et al., 2020). While previous studies have documented an inverse
relationship between performance ranking and financial risk-taking, they have also
found that low-ranked fund managers may decrease the risk exposure of their portfo-
lio when facing employment uncertainties (Kempf et al., 2009). Taylor (2003) shows
winning fund managers tend to take riskier bets instead of investing in safer index-
ing funds. Gill et al. (2019) find that top and bottom performers increase their effort
after learning their performance ranking. Li et al. (2019) discuss the current body of
evidence in the relevant literature and conclude that the relationship between status
ranking and risk-taking is mixed and context-dependent.

Despite growing research on preferences for social status (Heffetz and Frank, 2011),
there is still limited research on the role of social comparison for risk-taking in finan-
cial decisions. This strand of literature is more relevant today due to the technological
advancements in financial brokerage services. Over the past decade, access to retail
investment opportunities has significantly increased, enabling individuals with di-
verse educational backgrounds and financial asset management experience to actively
trade various financial instruments (Yang et al., 2022). Their investment decisions
are affected by how they gather and process information. Retail investors can invest
based on their own analysis of fundamental factors or by learning from others, which
requires social interaction. Investment platforms such as Etoro, ZuluTrade, and Ali-
pay have lowered entry barriers in financial markets by offering social learning and
interaction options (Wohlgemuth et al., 2016; Pelster and Hofmann, 2018; Gortner
and van der Weele, 2019). These platforms allow individual investors to observe the
portfolios of other members, their asset holding durations, and risk exposure levels,
and mimic or copy successful investment strategies (Apesteguia et al., 2020). Some
retail investment venues also provide individual asset-return ranking information in
relation to fellow investors, fostering social comparison environments (Jin et al., 2019;
Dorfleitner and Scheckenbach, 2022; Yang et al., 2022). Such investment environ-
ments present valuable learning opportunities regarding how investors adjust their
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investment decisions based on their performance ranking.

In this paper, we answer two research questions. First, we investigate how in-
vestors adjust their risk-return preferences when they are informed about how their
financial performance compares to their peers. A growing literature shows that retail
traders do not improve the quality of their investment decisions with social learn-
ing (Ammann and Schaub, 2021), and they increase platform-wide trading volume,
elevating the overall market risk exposure level (Trautmann and Vieider, 2012; An-
draszewicz et al., 2022; Gortner and van der Weele, 2019). As Shiller (2005) argues,
news and narratives of price increases spur investor enthusiasm, which spreads from
person to person, forming an asset bubble in the financial markets. Psychological fac-
tors that divert investors’ focus from fundamentals to chasing outperforming peers
may sustain such bubbles, increasing tail risks in stock prices. Thus, studying the im-
pact of social comparison on financial risk-taking in a social trading setting is crucial
for understanding the dynamics of emerging retail investment markets.

Second, we examine how the performance ranking information impacts investors’
cognitive and affective states. For this purpose, we track investors’ eye movements
using eye-tracking technology and measure their mood states using cutting-edge fa-
cial expression analysis algorithms. Recent studies apply eye-tracking tools to ex-
plore learning and consumer behavior (Woller-Carter et al., 2012; Miloš et al., 2022;
Huseynov et al., 2021). Due to the growing use of online resources to invest in the
financial markets, it is important to understand how investors gather and react to
financial information in an online investment environment that comes with social
comparison. Several studies indicate that the format of portfolio-related information
displayed in an online setting influences individual investors’ decisions. Information
acquisition becomes fast and almost automatic when portfolio performance summary
and comparison with other retail traders’ performance are displayed simultaneously.
Shi et al. (2013) argue that eye-tracking methodology is suited to provide insights into
investment decisions under these conditions. Academic studies that use eye-tracking
technology focus on different eye movements and perceptual spans to analyze infor-
mation processing and decision-making through human-computer interactions. We
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specifically focus on the eye movements, fixation time, fixation count, and blink rates
of investors when they view the summary of their investment returns to infer attention
and cognitive states.

Our use of emotional measures is motivated by a growing body of literature show-
ing the interaction between cognitive deliberation and the mood states of investors in
financial markets (Loewenstein, 2000; Nofsinger, 2005). Stock market upward trends
can be associated with positive mood states, indicating asset valuations are driven by
optimistic feelings (Nofsinger, 2005). Mood maintenance theory posits that happy in-
vestors tend to show a higher risk tolerance, leading to elevated financial risk-taking
(Harding and He, 2016). However, the evidence is mixed, and relevant studies use dif-
ferent data sources and elicitation techniques. Goodell et al. (2023) survey studies and
show that 78% of the literature uses secondary data sources and different methodolo-
gies for measuring emotional feelings. Previous studies relying on different psycholog-
ical mood elicitation survey questions might bias the measured emotional states of in-
vestors. For example, Kassas et al. (2022) find that the relationship between emotional
feelings and risk-taking is inconclusive. Our study provides additional evidence about
this potential relationship using a controlled investment decision-making setting and
employing the latest technological advancements in mood elicitation methodology.

We examine the role of social comparison in risk-taking via a controlled asset mar-
ket experiment. We conduct laboratory and online studies investigating asset market
decisions in the face of social comparisons. Participants make asset decisions in two
consecutive market cycles. Participants in the Ranking Information receive informa-
tion about their ranking status between the first and second market cycles, whereas
the No Information control group does not receive such information. For each group,
we examine asset choices, the average number of asset holding periods, and final earn-
ings in both market cycles. We employ eye tracking and facial expression analysis bio-
metric technologies to scrutinize how investment performance ranking information
potentially changes retail investors’ attention and mood states across experimental
asset markets. Our biometric measures speak to recent studies highlighting the sig-
nificance of emotions and attention in financial decision-making (Breaban and Nous-
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sair, 2018; Miloš et al., 2022). Our paper provides a further investigation of this re-
lationship and also explores attention and mood aspects of risk-taking behavior when
the social comparison is salient, potentially informing more effective retail investment
platform designs.

We find that ranking information induces a moderately higher degree of risk-taking.
In the first market cycle, participants make similar asset allocation decisions in both
experimental conditions. However, when the ranking information is introduced in the
second market, low-ranked participants increasingly allocate more investment into
riskier assets. The results are consistent with the findings of previous studies (Kirch-
ler et al., 2018; Apesteguia et al., 2020; Andraszewicz et al., 2022). We also find that
social comparison induces longer asset-holding times. Eye-tracking measures indicate
that experiment subjects show fatigue effects in the second market cycle by diminish-
ing their attention and cognitive activity. However, this effect is more pronounced
in the Ranking Information condition, suggesting social comparison might strain in-
vestors’ attention and cognitive bandwidth, leading to impulsive financial risks. We
also note a moderate decrease in the average number of positive mood frames in the
second market cycle across both experimental conditions. However, we do not detect
any causal effect of the Ranking Information on mood states. Our results are aligned
with the general conclusions of Goodell et al. (2023) and show that the role of emotions
in financial decisions is multifaceted and context-dependent.

Our contribution to the literature is threefold. First, most studies investigating the
role of social comparison in financial risk-taking employ tournament ranking, where
individual ranking determines the final investment payoff (Li et al., 2019). It is very
challenging to tease out the causal impact of social comparison on financial risk-taking
when investment performance ranking is also part of the earning function. In our
study, the ranking information does not have any bearing on returns; thus, any de-
tected causal change in financial risk-taking is attributed to the effect of social com-
parison. Moreover, ranking in social trading platforms does not directly affect one’s
earnings (Andraszewicz et al., 2022; Apesteguia et al., 2020). In our study, ranking
information only creates social comparison without impacting individual payoffs, in-



6

creasing our findings’ practical implication value. Second, we employ two asset market
cycles capturing a social-comparison-free baseline for both experimental conditions, of-
fering robust benchmarks for both experimental conditions. Third, eye tracking and
facial expression analysis biometric measures enable us to understand the effect of
social comparison on the cognitive and affective decision processes.

The remainder of the paper is organized as follows. Section 2 presents experi-
mental procedures. Section 3 provides estimation methodology, and in Section 4, we
discuss the results. Section 5 connects our findings with relevant literature. Finally,
we provide concluding remarks in Section 5.

II Experimental Procedures

We conducted an online study using the Prolific.co crowdsourcing platform and a follow-
up laboratory experiment at a university in the United States with IRB-approved pro-
tocols. We utilized Qualtrics survey software and the same study instruments in both
experiments. In the online study, we recruited 478 US resident Prolific.co members
with a 95% or higher approval rate, offering a $4.00 participation compensation. We
ensure that our study subjects had high approval rates to maintain the quality of our
participant pool in terms of attentiveness to study protocols. Participants were also
provided with $1.00 in seed money to make investment decisions. We had 67 partici-
pants in the lab experiment, recruited from Economics and Finance courses offered in
a land-grant university. The participation reward and seed money fund were $10.00
and $5.00 for the lab study, respectively.

The study started with a consent form outlining general rules. Then, participants
received detailed information about the study procedures and incentive structures.
We constructed our experiment design based on Apesteguia et al. (2020). Participants
were shown experimental assets, their return and loss magnitudes, associated prob-
abilities, and expected return and standard deviations of returns as described in Ta-
ble 1. Asset A was risk and return-free, mimicking a checking account. The risk and
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Table 1: Experimental Assets

Gain % (Prob) Loss % (Prob) Crash % (Prob) µ(σ)

Asset A 0% (0%) 0% (0%) 0% (0%) 1000 (0)

Asset B +5% (50%) -4% (50%) 0% (0%) 1104.9 (223.4)

Asset C +5% (49.5%) -3% (49.5%) -50% (1%) 1102.7 (331.4)

Asset D +8.2% (48%) -3% (48%) -50% (4%) 1104 (615.6)

The table shows asset gain, loss, and crash percentage changes and associated probabilities (in paren-
theses). The last column indicates the expected means and standard deviations of asset earnings.

Instructions

5 mins

Presentation of
simulated graphs

3 mins

First
Market Cycle

7 mins

Second
Market Cycle

7 mins

Ranking Information

in the treatment

Exit Survey
and Payment

3 mins

Figure 1: Timeline of Experimental Procedures.

potential return profiles of assets increased from Asset B to peak in Asset D. Assets C
and D had crash probabilities but better earning potentials. A risk-seeking agent may
prefer riskier assets as they can potentially yield higher return levels. For instance,
the expected return of Asset C is lower than Asset B, but one could earn a higher re-
turn with Asset C as the standard deviation of its expected return distribution is larger
compared to the same feature of Asset B. Specifically, the potential uptick return of
Asset C (331.4) was larger than Asset B (223.4).

Figure 1 describes our online and laboratory experiments’ experimental procedures
and average duration times. Before starting the incentivized asset market cycles, sub-
jects were shown 20 different simulated graphs based on asset features, reflected in
Table 1 (see Figure 2 ). Study subjects were required to maintain their attention on the
presented graphs. Each graph was shown for seven seconds, and participants could
not skip this stage. They were also informed in the Instructions stage that we would
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randomly show a two-digit number during the presentation, and participants would
have to enter the number in the provided box. Failure to enter the shown two-digit
number resulted in the termination of participation status.1 The box was prompted
immediately after the two-digit number to prevent the potential cognitive taxing of
memorizing the number.

These simulated graphs ensured that subjects possessed sufficient information
about the experimental assets’ potential gain/loss paths. As one can observe from Fig-
ure 2, riskier assets can potentially yield larger returns than relatively safer assets.
However, they may also cause significant losses as they have crash probabilities.

Study subjects proceeded to the market cycles after maintaining their attention on
the presented simulated asset return graphs and passing the attention check. Par-
ticipants chose their preferred asset out of four available assets at the beginning of
the First Market Cycle. Then, they started realizing their chosen asset over up to 20
market periods. We randomized the display order of financial assets during the asset
choice stage to avoid any confounding effect stemming from the presentation order.

The starting value of all assets was 1000 Experimental Currency Units (ECUs),
and gains and losses were accumulated throughout the market cycle periods.2 In each
period, the computer randomly realized the chosen asset based on the features shown
in Table 1. The asset realization could be gain or loss depending on the features of the
chosen asset and luck. Figure 3 shows an example from one subject’s decision from
the laboratory experiment. In each period, after the realization of the asset, partic-
ipants had to make a trade-off between continuing their market cycle by proceeding
to the next asset market period or cashing out their earnings and quitting the mar-
ket. This design feature enabled us to measure asset holding duration preferences of
experimental subjects.

Before starting the market cycles, subjects were randomly assigned to the No Infor-

mation and Ranking Information conditions. In the No Information condition, subjects
1Two subjects were dismissed from the online study for failing to enter the two-digit number. In our

laboratory study, all subjects passed this attention test.
2The exchange rate between ECU and USD was 1 ECU = 0.001 USD and 1 ECU = 0.005 in the online

and lab studies, respectively.
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Simulated Assets: Asset A (red), Asset B (green), Asset C (blue), and Asset D (purple).

Figure 2: Simulated Gain/Loss Paths for Experimental Assets
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This figure presents a screenshot from one subject’s decision in the first market cycle. The features of
the selected asset were always displayed at the top of the screen to prevent decision confusion due to
not remembering the asset’s gain and loss properties. Eye tracking: The circles show fixation points,
where larger circles are correlated with fixation time. The fixation count measures the number of
fixation points/circles during the decisions. Affdex Facial Expression analysis: The bottom panel
shows positive and negative mood frames during the decision.

Figure 3: A representative Screenshot from a Market Cycle period with Biometric
Measures

repeated two market cycles before the exit survey and the payment stages. However, in
the Ranking Information treatment, participants were informed about their relative
performance ranking based on the First Market Cycle asset returns with respect to
other participants. To establish our comparison sample, the No Information condition
was conducted before the Ranking Information treatment. In the Ranking Informa-
tion treatment, participants were informed either they were in the top 50 percentile
of the baseline sample or in the bottom 50 percentile of the benchmark group.3 At the
end of the study, we randomly selected one of the market cycles as binding. Partic-
ipants’ final asset earning in the binding market was their bonus payoff. The study
concluded with a basic survey on demographic characteristics. We only collected eye

3Specifically, we used less 10%, better than 10%, better than 25%, better than 50%, better than 60%,
better than 80%, and better than 90% ranking information messages before the Second Market cycle in
the Ranking Information condition.
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tracking and facial expression mood measures in the lab study.4

We utilized eye tracking and facial expression analysis technologies in our labora-
tory studies. Eye fixation counts and times were measured with the Tobi Pro Fusion
eye tracker (120 Hz) using iMotions software. This technology utilizes near-infrared
light directed toward the center of participants’ eyes (the pupils), generating visible
reflections in the cornea. Fixation counts (i.e., the number of circles in Figure 3) show
the number of attention points until the conclusion of the decision. In its turn, Fix-
ation times measure the total time the subject spent fixating during this decision.
For each subject, we find the average number of Fixation counts and times (in mil-
liseconds) across decision periods in a market cycle. Our eye-tracking technology also
enables us to measure blink rates, indicating the cognitive bandwidth or engagement
level of study participants

The bottom panel in Figure 3 shows emotional mood measures, where 0 is neutral.
Positive and Negative mood states are represented by above and below-zero activation,
respectively. In this example, the subject incurs a loss in the 14th period of the first
market cycle, they exhibit a Negative mood stage in the first part of their decisions.
Notice that the participant does not fixate on the return message “You had a loss!" and
they only track the value of their asset in that period. This suggests that after spending
some time in our asset markets, participants just fixated on the part of the screen
showing their chosen asset’s return. We use the iMotions Affdex module and capture
30 frames per second. The collected data indicates the total number of Positive and
Negative mood frames in each decision period. For each subject, we find the average
number of Positive and Negative Mood Frames for 1) the asset choice screens and 2)
decision periods in a market cycle. We follow the same approach in constructing our
eye-tracking measures, focusing on asset choice screens and decision periods in market
cycles.

4See Supplementary Materials for screenshots of the key survey instruments.
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III Estimation Methodology

Our primary outcome measure is the difference in asset choice behavior between the
No Information and Ranking Information experimental conditions in the second mar-
ket cycle. We estimate the following linear regression model:

Asseti,M2 = α0 + α1Ti + α2Earningi,M1 + α3NPeriodsi,M1 + α4 ∗ Γi + ϵi (1)

where Asseti,M2 is a categorical variable indicating asset choices in the second mar-
ket cycle (it takes 1, 2, 3, and 4 for Assets A, B, C, and D, respectively). In Equation 1, Ti

is a binary variable and equals one for the Ranking Information treatment, and zero
otherwise; Earningi,M1 and NPeriodsi,M1 represent the first market cycle individual
earnings and asset holding periods, respectively. The vector Γi contains control mea-
sures, such as the first market cycle individual asset choices Asseti,M1 and a dummy
variable indicating whether the data is from the online study.

IV Results

Result 1: Study Participants mostly prefer risky assets to risk-free Asset A,
and they increase their overall asset risk exposure levels in the second mar-
ket cycle.

We start our discussion by scrutinizing general trends in our data. Figure 4 illus-
trates the relationship between asset holding duration and asset earnings, using the
complete study data from both market cycles. On average, riskier assets yield higher
earning levels if participants hold their assets longer than five and less than 15 peri-
ods. However, holding Assets C and D for longer duration also increases the chances
of a crash, leading to an abrupt decrease in earnings. Figure 4 also validates our ex-
perimental design logic. Notice that, per Table 1, assets’ risk profiles (i.e., standard
deviations) increase starting with Asset B and peak in Asset D. A risk-tolerant subject
will be more likely to choose an asset with a higher standard deviation, although the
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ings

chosen asset does not necessarily promise a better average return. Assets with higher
standard deviations may also potentially yield higher returns if the investor does not
experience a crash. However, the crash probability increases as the investor holds the
asset longer. It is exactly what we observe in Figure 4. Study participants exiting the
asset markets between the 5th and 15th periods, on average, earn higher returns by
betting on riskier assets. But this trend breaks after the 15th period due to crashes,
generating significantly lower returns.

Table 2 presents asset choice proportions, the average number of asset holding pe-
riods, and final earnings in both market cycles across experimental conditions. Table
2 Panel I shows that around 5% of study participants preferred risk-free investment,
choosing Asset A. This small proportion is almost stable across market cycles and
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Table 2: Aggregate Asset Decisions Data

No Information Ranking Information

First Second First Second
Market Cycle Market Cycle Market Cycle Market Cycle

Panel I: Asset Choice Proportions
Asset A 9 (5%) 11 (6%) 17 (5%) 13 (4%)
Asset B 59 (30%) 63 (32%) 105 (30%) 93 (26%)
Asset C 59 (30%) 40 (21%) 106 (30%) 83 (24%)
Asset D 67 (35%) 80 (41%) 123 (35%) 162 (46%)
Total 100% (N=194) 100% (N=194) 100% (N=351) 100% (N=351)

Panel II: Average Asset Holding Periods
Asset A 1 (0) 1 (0) 1 (0) 1 (0)
Asset B 12.9 (7.40) 13.6 (7.09) 13.0 (7.25) 12.4 (7.38)
Asset C 13.1 (6.89) 11.8 (7.62) 12.0 (7.18) 12.3 (7.13)
Asset D 14.0 (7.30) 11.2 (7.10) 14.5 (6.51) 12.7 (6.96)

Panel III: Average Realized Asset Earnings
Asset A 1000 (0) 1000 (0) 1000 (0) 1000 (0)
Asset B 1125 (182) 1123 (217) 1083 (179) 1063 (137)
Asset C 1095 (259) 1110 (207) 1092 (223) 1083 (229)
Asset D 1020 (445) 1139 (407) 1099 (484) 1085 (455)

Note: This table displays the aggregate performance in both market cycles across No Informa-
tion and Ranking Information experimental conditions. Panel I reports asset choice sample
frequencies (proportions). Panel II shows the average number of holding periods for each ex-
perimental asset. Panel III displays the average final realized earnings (in ECUs). Standard
deviations are reported in parentheses for Panels I and II.

experimental conditions, indicating that a great majority of our study participants
chose risky assets. We observe that asset decisions in the first market cycle are iden-
tical in both experimental conditions, as the ranking information was only introduced
before the second market in the treatment. Study participants’ Asset B and C choice
proportions are very close. Interestingly, Asset D is the most popular choice in the
first market cycle. Participants increasingly choose Asset D while Asset B and C pro-
portions decrease in the second market cycle. Therefore, we detect a general trend
of choosing riskier assets across experimental conditions in the second market cycle.
The discussed general trends in our data resemble some findings of Apesteguia et al.
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(2020). They report that a very small proportion of experimental subjects prefer risk-
free asset choice in their study, and participants increase their asset risk exposure
levels in the second market cycle.

Result 2: We find that study participants usually exhibit longer asset du-
ration. The Ranking Information condition induces a longer asset holding
time.

Table 2 Panel II notes that general trends in asset holding times vary based on
experimental conditions and asset types. The average length of asset holding periods
is between 12 and 14, suggesting that subjects exhibit long positions in both market
cycles. Figure 5 depicts empirical CDFs of asset holding times comparing the NO In-
formation and Ranking Information conditions in the first (panel A) and the second
(Panel B) market cycles. As expected, asset holding times are the same in the first
market cycle, as the Ranking Information condition was introduced in the second cy-
cle. However, average holding times in the Ranking Information treatment stochasti-
cally dominate the No Information control condition. As additional evidence, Table 3
Panel I presents the results of statistical tests comparing asset decisions, earnings,
and holding times across experimental conditions. We also find that subjects in the
No Information condition reduce their asset holding times (−0.79, p < 0.01), while
participants in the treatment do not change their behavior. This finding hints that
the difference in asset holding times between experimental conditions stems from re-
duced asset holding times in the No Information control condition, while subjects in
the treatment maintained their holding times.

Result 3: The Ranking Information moderately increases asset risk-taking.
The effect is primarily driven by low-ranked participants.

Table 3 Panel I shows that study participants chose riskier assets in the second
market cycle in the Ranking Information treatment (0.17, p < 0.01). However, we do
not observe any change in the risk profiles of the chosen assets in the No Information
control. Table 4 Column 1 further examines the causal effect of ranking information
on risk-taking, while Columns 2-5 employ various model specifications in line with
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Panel A (Panel B) shows the empirical CDFs of the number of periods for experimental conditions in
the first (second) market cycle.

Figure 5: Empirical CDF of Asset Holding Periods

Equation 1. We corroborate our primary test result in Table 3 and find that subjects
in the Ranking Information treatment choose riskier assets in the second market cycle
than participants in the No Information condition. Our findings are robust to differ-
ent model specifications, as shown in Table 4, Columns 1-5. Higher earning levels in
the first market cycle also contribute to an increased risk profile of chosen assets in
the second market. Asset duration and asset choices in the first market cycle do not
affect risk-taking in the subsequent market. Additionally, we do not detect behavioral
differences between our online and lab samples. Table 4 Column 6 reports the esti-
mation outcomes of OLS regression when we replace the treatment dummy with two
binary variables representing top-50% and bottom-50% performers in the Ranking
Information condition. The estimation results reveal that the asset choice differences
between the Ranking Information treatment and No Information control in the second
market cycle are primarily driven by low-ranked participants. As a robustness check,
we replicate Table 4 using ordinal probit model regressions and show results in Table
S1 in the Supplementary Materials.

Result 4: Biometric measures show that study participants reduce their
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Table 3: Comparing The Second and First Asset Market Cycles

∆Overall ∆No Information ∆Ranking Information

Panel I: Asset Decision
Outcome Data

Asset Choices 0.12∗∗ (0.05) 0.03 (0.09) 0.17∗∗∗ (0.06)
Holding Periods −0.79∗∗∗ (0.29) −1.25∗∗∗ (0.48) −0.53 (0.37)
Earnings 8.92 (19.38) 45.60 (31.40) −11.25 (24.54)

Panel II: Asset Decision Process
Biometric Data

Fixation Time −1.06∗∗∗ (0.18) −0.58∗∗∗ (0.20) −1.42∗∗∗ (0.27)
Fixation Count −4.89∗∗∗ (0.77) −2.41∗∗ (1.01) −6.72∗∗∗ (1.02)
Blinks −0.58∗∗∗ (0.13) −0.32∗∗∗ (0.10) −0.76∗∗∗ (0.21)
Positive Mood Frames −0.17∗ (0.10) −0.11 (0.15) −0.22 (0.13)
Negative Mood Frames −1.59 (1.05) −0.78 (1.61) −2.19 (1.39)
Panel III: Asset Decision Process

Biometric Data and Rankings
∆No Information ∆Bottom50%-Message ∆Top50%-Message

Fixation Time −0.58∗∗∗ (0.20) −0.49 (0.36) −1.32∗∗ (0.51)
Fixation Count −2.41∗∗ (1.01) −3.02∗ (1.60) −6.08∗∗∗ (1.94)
Blinks −0.32∗∗∗ (0.10) −0.69∗ (0.35) −0.10 (0.19)
Note: Results have been obtained using OLS regressions with HC1 robust standard errors.
Reported values are compared against zero in Panels I and II (∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01).
In Panel I, the change (∆) is calculated as follows: ∆Xi = Xi,M=2 −Xi,M=1, where M repre-
sents a market cycle, and i denotes individuals. In Panel II, the change (∆) is calculated as
follows: ∆Xi =

1
T Σ

T
1 Xi,t,M=2 − 1

T Σ
T
1 Xi,t,M=1, where M represents a market cycle, t indicated

the market period, and i denotes individuals. In Panel III, the changes in biometric mea-
sures are calculated following Panel II. The first column shows changes in process variables in
the No Information control while statistically comparing it to zero. However, the second and
third columns show process data changes in the bottom and top-ranked groups with respect
to the No Information control.

attention intensity and cognitive engagement in the second market cycle,
and these changes are more pronounced in the Ranking Information treat-
ment.

Table 3 Panel II reports the test results comparing biometric performance metrics
of subjects along Fixation Time, Fixation Count, Blinks (i.e., blink rates or average
number of blinks), Positive and Negative Mood frames. Overall, participants become
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Table 4: Asset Decisions In Second Market Cycle

Dependent variable: Asset Choice

(1) (2) (3) (4) (5) (6)
Ranking Treatment 0.15∗ 0.15∗ 0.15∗ 0.15∗ 0.15∗

(0.09) (0.09) (0.09) (0.08) (0.09)
1st Market Cycle: Earning 0.22∗ 0.22∗∗ 0.19∗ 0.19∗ 0.25∗

(0.12) (0.11) (0.11) (0.11) (0.13)
1st Market Cycle: N Periods 0.02∗∗∗ 0.01 0.01 0.01

(0.01) (0.01) (0.01) (0.01)
Online Sample 0.01 0.01

(0.11) (0.11)
Bottom50%-Message 0.19∗

(0.11)
Top50%-Message 0.11

(0.10)
Constant 2.97∗∗∗ 2.73∗∗∗ 2.53∗∗∗ 1.89∗∗∗ 1.88∗∗∗ 1.80∗∗∗

(0.07) (0.15) (0.16) (0.26) (0.28) (0.30)
1st Market Cycle: Asset Choice FE No No No Y es Y es Y es

βAssetB = βAssetC p = 0.69
βAssetB = βAssetD p = 0.39
βAssetC = βAssetD p = 0.64
N 545 544 544 544 544 544
R2 0.01 0.01 0.03 0.06 0.06 0.06

OLS regression results with HC1 robust standard errors are reported. The outcome
variable is asset choice decision in the second market cycle, where it takes 1,2,3,4 for
Asset A, Asset B, Asset C, and Asset D, respectively. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

less attentive in the second market cycle as they exhibit reduced fixation times and
fixation counts. The number of average blinks also went down in the second market
cycle in both experimental conditions, indicating reduced cognitive activity and men-
tal workload (Fogarty and Stern, 1989; Van Orden et al., 2001). However, we find that
these changes are stronger in the Ranking Information condition. Average Fixation
Time (−0.84, p < 0.01), Fixation Counts (−4.31, p < 0.1), and Blinks (−0.44, p < 0.01)

are reduced significantly more in the Ranking Information condition compared to the
No Information control. Panel II also shows the change in positive and negative mood
states in the second market cycle across experimental treatment conditions. We detect
a moderate decrease in the average number of positive mood frames in the second mar-
ket cycle. However, we do not observe differences between experimental conditions.

Table 3 Panel III shows that the reduction in Fixation Time and Fixation Count at-
tention values primarily come from the top-50% participants compared to the No Infor-
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Table 5: Comparing The Second and First Asset Market Cycles along Biometric Pro-
cess Data (Only Lab Sample, N=66)

∆Overall ∆No Information ∆Ranking Information

Asset Decision Stage
Fixation Time −1.35 (1.51) −2.09 (2.51) −0.81 (1.88)
Fixation Count −10.14 (6.10) −2.14 (9.20) −8.66 (8.25)
Blinks −0.87 (0.87) 0.52 (1.17) −1.92 (1.24)
Positive Mood Frames 0.42 (1.42) 0.97 (0.93) −0.00 (2.41)
Negative Mood Frames −0.99 (4.11) −2.00 (8.74) −0.21 (2.98)

Note: This table is based on collected biometric measures on the asset choice stage. Results
have been obtained using OLS regressions with HC1 robust standard errors. Reported values
are compared against zero (∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01). The change (∆) is calculated as fol-
lows: ∆Xi = Xi,M=2−Xi,M=1, where M represents a market cycle, and i denotes individuals.

mation control. However, in terms of the Blink rate measure, we find that the bottom-
50% performance group exhibits significantly lower cognitive engagement than the
No Information condition. We conclude that top performers reduce their attention in
the second market cycle if provided with the ranking information. However, bottom
performers reduce their cognitive engagement. We also show that bottom performers
exhibit a higher reduction in average Fixation Count values than the control condition.

Table 5 conducts the same analyses for the asset choice stage and reports no differ-
ence in the second market cycle. This indicates that attention and cognitive function
only deteriorate across the market cycle periods, not in the initial asset choice stage.

Result 5: We detect heterogeneous asset choice decisions in the first mar-
ket cycle. Males tend to choose riskier assets and hold longer in the first mar-
ket cycle. We also find that previous trading experience affects first-market
cycle asset choices and holding times.

Table 6 scrutinizes how different individual characteristics affect asset choices, as-
set holding times, and earnings in the first market cycle. We use the first market cycle
to investigate heterogeneous individual behaviors, as we introduced the information
treatment after the first market cycle, and our primary results rely on the difference
between first and second market decisions. The first column of Table 6 serves as a ro-
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bustness check, showing that our random treatment assignment was successful, and
we do not detect any differences in asset choices between the Ranking Information
and No Information control conditions in the first market cycle decisions. We also find
that there are no behavioral differences between our online and lab samples. The third
and fifth columns conduct similar analyses for holding times and earnings, yielding
the same conclusion.

Table 6: Asset Decisions In First Market Cycle

Asset Choice Asset Choice Periods Periods Earnings Earnings
Ranking Treatment 0.01 0.01 −0.08 −0.22 0.01 0.02

(0.08) (0.08) (0.66) (0.66) (0.03) (0.03)
Online Sample −0.04 −0.01 −1.46 −1.51 −0.02 −0.02

(0.11) (0.12) (0.91) (0.95) (0.05) (0.05)
Male 0.16∗ 1.19∗ −0.01

(0.08) (0.68) (0.03)
1yr-Trading Exp 0.13 0.69 0.02

(0.11) (0.96) (0.04)
2yr-Trading Exp 0.33∗∗ 2.75∗∗ 0.06

(0.14) (1.08) (0.06)
3yr-Trading Exp 0.17 0.99 0.01

(0.20) (1.55) (0.07)
4yr-Trading Exp 0.17 4.91∗∗∗ −0.06

(0.23) (1.43) (0.09)
5yr-Trading Exp −0.09 −4.13∗ 0.05

(0.37) (2.15) (0.08)
More than 5yr-Trading Exp 0.17 2.50∗∗ 0.005

(0.13) (1.03) (0.05)
LotteryChoice 2 −0.14 0.61 −0.06

(0.19) (1.49) (0.06)
LotteryChoice 3 0.02 0.68 −0.01

(0.19) (1.48) (0.06)
LotteryChoice 4 0.26 0.28 −0.001

(0.20) (1.54) (0.06)
Constant 2.98∗∗∗ 2.78∗∗∗ 14.03∗∗∗ 12.25∗∗∗ 1.09∗∗∗ 1.11∗∗∗

(0.12) (0.21) (0.91) (1.65) (0.04) (0.07)
N 545 545 545 545 544 544
R2 0.00 0.05 0.00 0.05 0.00 0.01

OLS regression results with HC1 robust standard errors are reported. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01

Table 6 demonstrates that male participants tend to choose riskier assets and hold
longer in the first market cycle. However, male study participants do not achieve
higher returns than non-male subjects. We also detect heterogeneous effects of prior
trading experiences on asset decisions and holding times. However, this relationship
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is not unidirectional, preventing us from making any conclusions. For instance, study
participants with a 2-year trading experience prefer riskier assets and longer posi-
tions than those with no trading experience. However, participants with five years of
trading experience prefer staying in the first market cycle shorter than subjects with
no trading experience. LotteryChoice variable indicates hypothetical lottery choices
designed using Eckel and Grossman (2008). We do not find any correlation between
asset choices and other related decisions in the first market cycle and hypothetical
lottery decisions.

V Discussion of findings and related literature

How do our findings square with financial industry realities and relevant lit-
erature? Our study participants generally prefer risky assets and exhibit long asset
holding times. This finding is compatible with the average behavior of U.S. financial
management industry executives. Brenner (2015) calibrates risk attitudes of 7,000
U.S. financial executives liking estimated risk aversion parameters to their asset hold-
ing times. Their paper reports an inverse relationship between risk aversion and the
number of asset long-holdings, showing that risk-tolerant executives prefer longer in-
vestment positions. Brenner (2015) also presents some evidence that financial execu-
tives’ risk preferences might be affected by reference points. Interdisciplinary studies
show that risk-seeking behavior is more prevalent among pro-social and sensation-
seeking individuals, hinting that social desirability wants can drive risk preferences
(Zhang et al., 2023; Mishra and Lalumière, 2011).

In recent years, the increasing accessibility of social trading platforms to individ-
uals and households has elevated the need for understanding the causal relationship
between social reference points and financial risk preferences (Yang et al., 2022). The-
oretical models and controlled studies document that high network connectivity and
social learning do not necessarily improve welfare, leading to increased risk takings
and spread-seeking trades (Gong and Diao, 2023; Apesteguia et al., 2020; Yang et al.,
2022). Our contribution to this growing literature is that we isolate social learning
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from social reference points/ranking and show that merely revealing one’s relative in-
vestment performance can lead to elevated risk-seeking tendencies and longer asset-
holding times. Our ranking information is passive, meaning it does not affect earnings,
and there is no reputation loop. Our findings reveal that performance ranking impacts
risk preferences, even with a minimal social context.

Previous studies also highlight the need to understand the effect of social com-
parison on affective and cognitive decision functions (Eisenbach and Schmalz, 2016).
One might expect risk decisions to have some antecedents stemming from emotional
states or cognitive abilities (Loewenstein et al., 2001). Our design enables us to estab-
lish the baseline cognitive and affective states of study participants (i.e., first market
cycle) and control for fatigue and resource depletion effects (i.e., comparing the second
and first market cycles differences between experimental conditions). Using biometric
measures, we find that social comparison negatively influences attention and cogni-
tive engagement. However, we do not detect any changes in mood states due to social
comparison.

Our study offers robust evidence regarding the role of social comparison in financial
risk-taking decisions. Using two different participant pools, we show that social cues
affect risk decisions, and low-ranked decision-makers mostly drive this effect. We also
document that the student population and general participant pool show the same
decision tendencies, hinting that controlled experiments have plausible external va-
lidity. Finally, utilizing eye tracking and facial expression non-invasive technologies
allows us to capture affective and mood states, providing insights into the “black box”
of financial decision-making.

VI Conclusion

We examine the influence of social comparison on financial risk-taking using controlled
online and lab studies. Participants make asset choice decisions across two consecu-
tive market cycles. Our experimental design also enables us to measure asset du-
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ration. In the treatment condition, we introduce ranking information after the first
market cycle, establishing both within-condition (i.e., first vs. second market cycle)
and across-condition (i.e., No Information vs. Ranking Information) baselines. This
framework allows us to causally determine the effect of social comparison on financial
risk preferences.

Participants select riskier assets and demonstrate longer asset holding times in the
Ranking Information treatment compared to the No Information control. However, we
do not observe a difference in asset earnings. Our analysis indicates that low-ranked
decision-makers drive the impact of social comparison.

Using biometric measures, we observe that participants become less attentive, ex-
perience diminished cognitive performance, and exhibit moderate reductions in pos-
itive mood in the second market cycle. The decline in attention and cognitive perfor-
mance is more pronounced in the Ranking Information treatment compared to the No
Information control, suggesting that social ranking strains the attention and mental
bandwidth of decision-makers. Our findings imply that presenting ranking informa-
tion may raise the risk-exposure level of the market by promoting riskier asset choices.
Retail investment platforms might nudge investors to be more attentive and replenish
their mental resources to help prevent premature investment decisions.

References

Ammann, M. and Schaub, N. (2021). Do individual investors trade on investment-
related internet postings? Management science, 67(9):5679–5702.

Andraszewicz, S., Kaszás, D., Zeisberger, S., and Hölscher, C. (2022). The influence of
upward social comparison on retail trading behavior.

Apesteguia, J., Oechssler, J., and Weidenholzer, S. (2020). Copy trading. Management

Science, 66(12):5608–5622.
Boudreau, K. J., Lakhani, K. R., and Menietti, M. (2016). Performance responses to

competition across skill levels in rank-order tournaments: field evidence and impli-
cations for tournament design. The RAND Journal of Economics, 47(1):140–165.



24

Breaban, A. and Noussair, C. N. (2018). Emotional state and market behavior. Review

of Finance, 22(1):279–309.
Brenner, S. (2015). The risk preferences of us executives. Management Science,

61(6):1344–1361.
Brown, G. W. and Cliff, M. T. (2005). Investor sentiment and asset valuation. The

Journal of Business, 78(2):405–440.
Diamond, D. W. and Rajan, R. G. (2009). The credit crisis: Conjectures about causes

and remedies. American Economic Review, 99(2):606–610.
Dijk, O. (2017). For whom does social comparison induce risk-taking? Theory and

Decision, 82(4):519–541.
Dijk, O., Holmen, M., and Kirchler, M. (2014). Rank matters–the impact of social

competition on portfolio choice. European Economic Review, 66:97–110.
Dorfleitner, G. and Scheckenbach, I. (2022). Trading activity on social trading

platforms–a behavioral approach. The Journal of Risk Finance.
Eckel, C. C. and Grossman, P. J. (2008). Men, women and risk aversion: Experimental

evidence. Handbook of experimental economics results, 1:1061–1073.
Eisenbach, T. M. and Schmalz, M. C. (2016). Anxiety in the face of risk. Journal of

Financial Economics, 121(2):414–426.
Fama, E. F. (1970). Efficient capital markets: A review of theory and empirical work.

The journal of Finance, 25(2):383–417.
Fogarty, C. and Stern, J. A. (1989). Eye movements and blinks: their relationship to

higher cognitive processes. International journal of psychophysiology, 8(1):35–42.
Gill, D., Kissová, Z., Lee, J., and Prowse, V. (2019). First-place loving and last-place

loathing: How rank in the distribution of performance affects effort provision. Man-

agement Science, 65(2):494–507.
Gong, Q. and Diao, X. (2023). The impacts of investor network and herd behavior on

market stability: Social learning, network structure, and heterogeneity. European

Journal of Operational Research, 306(3):1388–1398.
Goodell, J. W., Kumar, S., Rao, P., and Verma, S. (2023). Emotions and stock market

anomalies: a systematic review. Journal of Behavioral and Experimental Finance,



25

37:100722.
Gortner, P. J. and van der Weele, J. J. (2019). Peer effects and risk sharing in experi-

mental asset markets. European Economic Review, 116:129–147.
Harding, N. and He, W. (2016). Investor mood and the determinants of stock prices:

an experimental analysis. Accounting & Finance, 56(2):445–478.
Heffetz, O. and Frank, R. H. (2011). Preferences for status: Evidence and economic

implications. In Handbook of social economics, volume 1, pages 69–91. Elsevier.
Hopkins, E. (2018). Inequality and risk-taking behaviour. Games and Economic Be-

havior, 107:316–328.
Hu, X., Li, O. Z., and Lin, Y. (2014). Particles, pollutions and prices. Available at

SSRN 2525980.
Huseynov, S., Palma, M. A., and Ahmad, G. (2021). Does the magnitude of relative

calorie distance affect food consumption? Journal of Economic Behavior & Organi-

zation, 188:530–551.
Jin, X., Zhu, Y., and Huang, Y. S. (2019). Losing by learning? a study of social trading

platform. Finance Research Letters, 28:171–179.
Kassas, B., Palma, M. A., and Porter, M. (2022). Happy to take some risk: Estimating

the effect of induced emotions on risk preferences. Journal of Economic Psychology,
91:102527.

Kempf, A., Ruenzi, S., and Thiele, T. (2009). Employment risk, compensation incen-
tives, and managerial risk taking: Evidence from the mutual fund industry. Journal

of Financial Economics, 92(1):92–108.
Kirchler, M., Lindner, F., and Weitzel, U. (2018). Rankings and risk-taking in the

finance industry. The Journal of Finance, 73(5):2271–2302.
Kirchler, M., Lindner, F., and Weitzel, U. (2020). Delegated investment decisions and

rankings. Journal of Banking & Finance, 120:105952.
Kostopoulos, D. and Meyer, S. (2018). Disentangling investor sentiment: Mood and

household attitudes towards the economy. Journal of Economic Behavior & Orga-

nization, 155:28–78.
Li, Z., Wang, C., Wang, Q., and Luo, B. (2019). A review on risk-taking in tournaments.



26

Journal of Modelling in Management, 14(2):559–568.
Lindskog, A., Martinsson, P., and Medhin, H. (2022). Risk-taking and others: Does

the social reference point matter? Journal of Risk and Uncertainty, 64(3):287–307.
Loewenstein, G. (2000). Emotions in economic theory and economic behavior. Ameri-

can economic review, 90(2):426–432.
Loewenstein, G. F., Weber, E. U., Hsee, C. K., and Welch, N. (2001). Risk as feelings.

Psychological bulletin, 127(2):267.
Miloš, B., Loreta, C., and Riccardo, P. (2022). Eye-tracking for the study of financial

decision-making: A systematic review of the literature. Journal of Behavioral and

Experimental Finance, page 100702.
Mishra, S. and Lalumière, M. L. (2011). Individual differences in risk-propensity:

Associations between personality and behavioral measures of risk. Personality and

Individual Differences, 50(6):869–873.
Newsweek (2023). Svb ceo greg becker’s pay was doubled for making risky bets: Re-

port.
Nofsinger, J. R. (2005). Social mood and financial economics. The Journal of Behav-

ioral Finance, 6(3):144–160.
Pelster, M. and Hofmann, A. (2018). About the fear of reputational loss: Social trading

and the disposition effect. Journal of Banking & Finance, 94:75–88.
Rajan, R. G. (2006). Has finance made the world riskier? European financial man-

agement, 12(4):499–533.
Schwerter, F. (2023). Social reference points and risk taking. Management Science.
Shi, S. W., Wedel, M., and Pieters, F. (2013). Information acquisition during online

decision making: A model-based exploration using eye-tracking data. Management

Science, 59(5):1009–1026.
Shiller, R. J. (2005). Behavioral economics and institutional innovation. Southern

Economic Journal, 72(2):269–283.
Taylor, J. (2003). Risk-taking behavior in mutual fund tournaments. Journal of Eco-

nomic Behavior & Organization, 50(3):373–383.
Trautmann, S. T. and Vieider, F. M. (2012). Social influences on risk attitudes: Appli-



27

cations in economics. In Handbook of risk theory, pages 575–600. Springer Verlag.
Van Orden, K. F., Limbert, W., Makeig, S., and Jung, T.-P. (2001). Eye activity corre-

lates of workload during a visuospatial memory task. Human factors, 43(1):111–121.
Wohlgemuth, V., Berger, E. S., and Wenzel, M. (2016). More than just financial

performance: Trusting investors in social trading. Journal of Business Research,
69(11):4970–4974.

Woller-Carter, M. M., Okan, Y., Cokely, E. T., and Garcia-Retamero, R. (2012). Com-
municating and distorting risks with graphs: An eye-tracking study. In Proceed-

ings of the human factors and ergonomics society annual meeting, volume 56, pages
1723–1727. SAGE Publications Sage CA: Los Angeles, CA.

Yang, M., Zheng, Z., and Mookerjee, V. (2022). How much is financial advice
worth? the transparency-revenue tension in social trading. Management Science,
68(7):5252–5268.

Zhang, D. C., Barratt, C. L., and Smith, R. W. (2023). The bright, dark, and gray
sides of risk takers at work: Criterion validity of risk propensity for contextual work
performance. Journal of Business and Psychology, pages 1–20.



28

Supplementary Materials

Table S1: Asset Decisions In Second Market Cycle
(Ordinal Probit Regressions)

Dependent variable: Asset Choice

(1) (2) (3) (4) (5) (6)
Ranking Treatment 0.170∗ 0.173∗ 0.177∗ 0.183∗ 0.182∗

(0.099) (0.100) (0.100) (0.100) (0.100)

1st Market Cycle: Earning 0.267∗ 0.282∗ 0.250 0.251 0.325∗

(0.152) (0.153) (0.155) (0.155) (0.185)

1st Market Cycle: N Periods 0.020∗∗∗ 0.009 0.009 0.009
(0.006) (0.007) (0.007) (0.007)

Online Sample 0.027 0.035
(0.145) (0.145)

Bottom50%-Message 0.235∗

(0.124)

Top50%-Message 0.127
(0.125)

1st Market Cycle: Asset Choice FE No No No Y es Y es Y es

N 545 544 544 544 544 544
Ordinal probit regression results are reported. The outcome variable is asset choice
decision in the second market cycle, where it takes 1,2,3,4 for Asset A, Asset B, Asset
C, and Asset D, respectively. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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