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Abstract

Modern investment platforms, such as trading apps, create new
opportunities and challenges for financial education. We design and
evaluate a simple and scalable simulation-based financial literacy in-
tervention for young adults. Participants explore the interface of a
trading app by trading fictitious assets in an incentivized 20-round
game. In a randomized experiment with 485 university students, we
find that the simulation significantly increases financial knowledge and
improves portfolio choices two weeks after the intervention, as reflected

in higher portfolio efficiency measured by a design-based Sharpe ratio.



Adding short educational pop-ups on challenges in modern trading fur-
ther strengthens these effects, leading to substantially more efficient
allocations also in payoff-relevant decisions. By contrast, self-reported
risk attitudes remain unchanged, indicating that the intervention pri-
marily improves how knowledge is translated into behavior rather than

altering stated preferences.

1 Introduction

Improving financial behaviors is widely considered as the ultimate goal
of financial education (FE) interventions. The persistence of bad financial
habits highlights the need to support young adults in making better finan-
cial decisions (West and Cull, 2020). This persistence is contrasted by drastic
change in the financial sector, where trading platforms have gained substan-
tial traction in recent years. Often praised for their inclusivity by creat-
ing easily accessible low-stakes trading opportunities, trading apps, such as
Robinhood and Trade Republic, have brought with them a new set of chal-
lenges for financial decision-making: These apps often encourage frequent
trading and incorporate gamified elements, such as awarding badges and
organizing lotteries — effectively blurring the line between trading and gam-
bling. As |Chapkovski et al.| (2024) demonstrate, gamified interfaces can
impair decision-making competence by fostering excessive risk-taking behav-
iors.

This paper makes the case that FE holds considerable promise for miti-
gating the dangers posed by these platforms if it is able to adjust to these

new developments in the financial sector productively. Specifically, we eval-



uate different fast-paced learning-by-doing education concepts in an online
experiment with undergraduate students at an Italian university. In total,
704 students were randomized after completing a pre-questionnaire, and 485
completed the full study protocol and constitute the main analytic sample.
Students in the treatment arms participated either in a simulation game re-
sembling a trading app or in the same game augmented by short educational
messages focusing on non-technical skills relevant to app-based trading. We
find that the laissez-faire learning by doing simulation approach is success-
ful at improving financial behaviors, but significantly less effective than the
augmented non-technical-skill-focused simulation game.

Although traditional research has often equated financial knowledge with
overall financial competence, |[Ambuehl et al. (2014) caution that even when
individuals acquire financial principles, they may not implement them —
or may deploy them incorrectly. This concern is especially pronounced in
the context of trading apps with their unique psychological and behavioral
dynamics and with financial novices as an important target group of such
platforms.

While quantitative skills form a fundamental component of financial ca-
pability, recent studies (Carpena and Ziaj, [2020; Horn et al., 2023)) indicate
that these skills play only a limited role in real-world financial decision-
making. Instead, the key challenge lies in bridging the gap between financial
knowledge and behaviors. (Carpena et al.| (2019) emphasize the importance
of understanding the psychological and contextual barriers that prevent indi-
viduals from translating knowledge into effective action, while Yoong| (2011)

advocates linking FE directly to concrete financial behaviors. This perspec-



tive is further reinforced by |Amagir et al. (2018)), who argue for integrat-
ing behavioral economics into FE programs to more effectively target the
cognitive biases and decision-making pitfalls inherent in complex financial
environments.

Moreover, a set of interventions aimed at stimulating more conscious fi-
nancial behaviors is grounded in active learning principles — particularly
experimental learning. As noted by Kaiser and Menkhoff (2020), when ed-
ucational programs are made more entertaining or personalized, their im-
pact on financial behaviors is significantly enhanced. [Lobao| (2020]) further
contends that experimental learning activities, such as virtual market par-
ticipation and trading simulations, allow participants to directly experience
specific situations — both in content and context. In addition, experimental
games help overcome limitations of traditional survey methods, which often
capture only self-reported data. By incorporating appropriate incentives,
such games encourage participants to engage fully and exert the necessary
effort to solve assigned tasks (Munoz-Murillo et al., 2020).

This study examines several core aspects of financial literacy through
an innovative experimental design. It focuses on how individuals approach
asset allocation by comparing self-reported intentions with actual invest-
ment decisions made in a simulation that closely mimics a modern trading
app environment. For example, the Linciano et al.| (2019) report reveals a
widespread lack of diversification knowledge among Italian households — a
finding corroborated by studies from Mouna and Jarboui| (2015)), |Abreu and
Mendes| (2010), and |Guiso and Jappelli (2009), which document a direct link

between low financial literacy and undiversified portfolios. Beyond portfolio



diversification, the study investigates the role of risk aversion — a central but
empirically ambiguous factor in financial decision-making. Existing evidence
provides mixed conclusions: some studies suggest that greater financial liter-
acy may heighten risk aversion (Amari et al., 2020; |Din¢g Aydemir and Aren,
2017; Litterscheidt and Streichl, [2020]), while others indicate that it may in-
stead reduce it (Aren and Zengin, 2016; Bajo et al., 2015; Bayar et al., 2020;
Hermansson and Jonsson, 2021)). A key reason for this ambiguity lies in how
risk aversion is measured. Much of the literature relies on self-reported in-
dicators, which capture individuals’ stated attitudes toward risk, but may
not fully reflect how they behave when facing actual investment choices. By
explicitly combining validated self-reported measures of risk attitudes with
observed allocation choices made in an incentivized trading simulation, this
study goes beyond standard survey-based approaches. It provides direct ev-
idence on whether FE affects not only stated risk preferences, but also how
these preferences translate into actual risk-taking under repeated investment
decisions.

Furthermore, our research addresses asset allocation more broadly. [EFAMA
(2020) indicates that most EU citizens keep a disproportionate amount of
their savings in bank deposits — a situation driven by insufficient financial
literacy and pervasive risk aversion. Limited understanding of the advantages
and disadvantages of different capital market instruments, combined with a
predisposition to favor guaranteed savings vehicles, often leads to suboptimal
investment decisions. Simultaneously, trading apps can induce risk-taking
behaviors that result in over-trading and other inefficient outcomes. Conse-

quently, it is of first-order importance to understand how FE can promote



both enhanced financial knowledge and improved decision-making compe-
tence within these new, digitally mediated, and often hard-to-regulate finan-
cial environments (with the aim of reducing excessive risk behaviors).

This paper contributes to the existing literature by (i) providing a rigor-
ous experimental evaluation of FE interventions tailored to the trading app
context and (ii) offering new insights into how FE can translate financial
knowledge into effective, real-world investment behaviors. By integrating
theoretical insights from behavioral finance with an innovative experimental
design that captures both self-reported and observed measures, our study ad-
vances the discussion on how FE can be most effectively deployed to enhance

financial decision-making in a rapidly evolving digital landscape.

2 Education Concept

We model the trading app simulation as an opportunity for participants
to invest in their human capital — specifically, their FE. When applying the
simple human capital framework (Becker, [1962)) to a learning-by-doing simu-
lation game, the participant weighs the costs and future benefits of training.
Specifically, since participants in the treatment arms had to complete the
simulation in any case, the decision made by the participant is whether or
not to use the simulation as a learning opportunity and invest an appropriate
amount of effort. The benefits of investing effort are twofold: an immedi-
ate monetary benefit arises from success in the simulation game itself, which
determined the participant’s payoff. In addition, as in a typical education

decision, there are long-run returns to education. Unlike in the classical case,



these returns do not occur in the labor market but the stock market when
the participants decide to use trading apps or similar digital investment in-
terfaces. Since the investment game is a stochastic game, the decision to
invest effort did not follow mechanically from the set-up, but can plausibly
be seen as a deliberate (albeit potentially subconscious) choice made by the
participant.

Zooming in on the design of the simulation game illuminates the outcomes
on which we expect an effect as well as the underlying mechanisms: The core
idea behind the trading app simulation game is a learning-by-doing approach.
Rather than teaching financial literacy (only) in the context of a regular
class, the simulation game allows users to actively participate in trading,
observe consequences of their investment choices over multiple rounds, and
gain a deeper understanding of the stochastic nature of trading. Crucially,
the simulation bridges the gap between completely risk-free trading in a
FE exercise — since the simulation game will affect the final payoff — and
real-stakes trading on a real-world trading platform. The close link between
in-simulation behavior and in-app behavior allows participants to translate
new knowledge directly into behavior. Thus, we expect a significant effect of
trading simulation use on financial knowledge and behaviors.

This effect should be further augmented by the pop-up treatment in the
respective group, as pop-ups reinforce the pedagogical nature of the sim-
ulation task. The pop-ups are designed as brief educational prompts that
increase the salience of common behavioral mechanisms relevant to invest-

ment decision-making within an app-based trading environment at moments



when participants are actively engaged with investment decisionsﬂ . Some
pop-ups convey general investment principles, such as the importance of di-
versification, while others address well-documented behavioral biases that
affect trading behavior, including the disposition effect and availability bias.
Importantly, two of the five pop-ups focus explicitly on phenomena that are
particularly salient in trading app contexts: overtrading, and herd behavior
arising from platform features that encourage social comparison and the imi-
tation of other investors’ decisions. Due to their general and practical nature,
the pop-ups have very limited direct relevance in the context of the simula-
tion game: They do not disclose any additional information about the game’s
payoff structure (e.g., probabilities, correlations, or optimal allocations), nor
do they provide round-specific recommendations. In this sense, they are not
intended to function as performance guidance or “solutions” to the task.
They are, not least due to their short format, invitations to dig deeper into
specific aspects of financial skill and trading app use. Pop-ups bring atten-

tion to their contents in an engaging and interactive way. Recent literature

LA dedicated appendix reporting the full set of pop-up messages and corresponding
screenshots will be included in a subsequent version of the manuscript. To give a concrete
sense of their tone and informational content, we report here the text of the diversification-
related pop-up: “Are you risk-averse? Risk-neutral? Or perhaps a risk-seeker? Regardless
of your risk profile, portfolio diversification is a key strateqy. Why? Because diversifying
— i.e., tnvesting in multiple assets — offers a major advantage: it reduces volatility and
stabilizes your returns. Be careful though: one security is not the same as another. Trading
platforms offer a wide range of options, often organized by popularity or performance, but
“different” in finance does not simply mean that asset A is not asset B. Rather, it means
that assets are imperfectly correlated or move in opposite directions. A truly diversified

portfolio is composed of assets that do not all follow the same path”.
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in economics has emphasized the role of attention in decision-making and the
costs associated with being attentive. Pop-ups with their element of surprise
are well suited for capturing attention and are often used as marketing tools
for this reason. We use the pop-ups to convey messages about non-technical
aspects of using trading apps in an empathetic way. A further pop-up design
feature is central to our education concept. The prompts are exogenously
timed: they appear in pre-determined rounds irrespective of prior choices
or performance, provided that the participant reaches the relevant round ]
Thus, they do not provide dynamic feedback in any way, distinguishing our
intervention from the literature on personalized real-time feedback or adap-
tive learning (Aucejo and Wong, |2025; Brade et al.||[2022; |Muralidharan et al.|
2019; Van Klaveren et all 2017)). In contrast to, say, a personal one-on-one
meeting with a financial advisor, the pop-up-augmented simulation is a cost-
efficient and easily scalable intervention to increase knowledge and improve

financial decision-making.

3 Methodology and Research Questions

To rigorously evaluate the effectiveness of our FE interventions, we con-
ducted an online randomized experiment with undergraduate students at
Politecnico di Milano. Ethical approval was obtained through Politecnico’s
IRB. The experiment was not pre-registered. To ensure transparency, we
provide a dedicated appendix documenting the experimental design, outcome

construction, and the full set of specifications reported in the paper. We re-

2We find that variation in exposure due to early termination is limited.
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cruited undergraduate students from Politecnico di Milano for this online
experimental study. Recruitment began with an email invitation, accom-
panied by an informational flyer, sent to all eligible students. Participants
were directed to a dedicated online platform, where they first completed
a pre-questionnaire from November 22 to 26, 2023. This questionnaire es-
tablished baseline levels of financial knowledge, attitudes, and self-reported
behaviors. Upon submission, 704 students were randomly assigned to one of
three groups, ensuring that any observed differences in outcomes could be
attributed to the intervention rather than to pre-existing variations among
individuals (see Figurdl)).

The control group (C), consisting of 180 students, received no additional
intervention. Treatment Group 1 (T1), comprising 153 students, participated
in an online experimental game between November 30 and December 3, 2023,
which simulated a trading app environment and included only basic instruc-
tions on game mechanics and a set of financial “pills” intended to inform
them about fundamental financial topics. Treatment Group 2 (T2), with
152 students, followed the same simulation schedule but, in addition to the
basic information, received in-game educational pop-up messages through-
out the game. These pop-ups addressed key financial behaviors and biases
— such as diversification, overtrading, the disposition effect, availability bias,
and herd behavior — by explicitly drawing attention to common decision-
making pitfalls in app-based trading. Importantly, the pop-ups were not
personalized, were not contingent on prior choices or performance, and did
not provide information about the underlying payoff structure or optimal

strategies. Through this design, we can evaluate both the effectiveness of
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the FE program per se and its specific characteristics that contribute to the
effect.

All participants completed a post-questionnaire between December 13
and 17, 2023. Each activity — whether a questionnaire or the simulation —
had to be finished within a 12-hour window. The incentive scheme awarded
a €5 reward for completing both questionnaires, supplemented by potential
earnings from the simulation, and bank transfers were issued only upon suc-
cessful completion of all required tasks. Overall, 485 students completed the
full protocol (both questionnaires and, for treated students, the simulation)
and constitute the main analytic sample used in the results section. Because
participation requirements differed across arms (treated students also had to
complete the game), attrition is an important component of the study de-
sign. For transparency, we therefore document attrition patterns and assess
whether dropout is systematically related to baseline measures in Section [7]
The structured timeline and randomized assignment ensure that differences
in outcomes across arms can be interpreted as causal within the completion

sample, while the appendix helps clarify the role of selective participation.
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Time > Nov 22-26 > Nov 30 - Dec 3 > Dec 13-17 >

Control group (C) Pre-questionnaire Post-questionnaire
Treatment group 1 (T1) Pre-questionnaire [ Simulation ™ Post-questionnaire
Treatment group 2 (T2) Pre-questionnaire [*| Simulation + pop-ups [*| Post-questionnaire

Figure 1. The experimental design and timeline

Following a standard conceptualization in the FE literature, we opera-
tionalize financial decision-making competence along three complementary
dimensions: financial knowledge, financial attitudes, and financial behaviors.
This structure allows us to assess whether the intervention affects what par-
ticipants know, what they report about risk, and how they allocate resources
under uncertainty. Across all dimensions, we combine survey-based measures
with incentivized choices observed in the trading simulation.

Financial knowledge refers to an understanding of fundamental financial
concepts — such as interest rates, risk, return, and the various types of fi-
nancial instruments — as well as a clear awareness of the risks and dangers
inherent in trading. In our study, financial knowledge is measured using
a total of 14 questions. Nine of these questions, following the approach of
Ungeheuer and Weber| (2021)), are designed to assess participants’ grasp of key
financial issues, ensuring that they have the essential understanding needed
to make informed financial decisions. In addition, five supplementary ques-

tions evaluate participants’ understanding of the content delivered through
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the educational pop-ups. This combined measure allows us to capture both
core financial literacy and a broader awareness of biases that can influence
decision-making.

Financial attitudes are operationalized as risk attitudes, capturing how in-
dividuals perceive and approach risk in investment contexts. Stated risk atti-
tudes are measured at both baseline and endline using the general willingness-
to-take-risks item introduced by [Dohmen et al. (2011)), which |Lonnqvist et al.
(2015) identify as “the more adequate measure of individual risk attitudes
for the analysis of behavior in economic (lab) experiments”. Using the same
item before and after the intervention allows us to assess whether FE affects
reported risk tolerance in a standard and comparable format. To comple-
ment stated preferences, we derive a revealed measure of risk attitude from
participants’ behavior in the trading simulation. Specifically, we use the
risky share, defined as the average fraction of available wealth allocated to
risky assets during gameplay. The use of risky asset shares as a proxy for
risk preferences is well established in both theoretical and empirical port-
folio choice research: under a given investment opportunity set, the share
invested in risky assets is monotonically related to risk aversion (Gomes and
Michaelides, 2005]), and has been widely used to infer individual risk attitudes
from observed allocations (Calvet et al., [2009; Chiappori and Paiella) |2011;
Guiso and Paiella, |2008). Because all participants face the same assets, pay-
offs, and information structure, variation in risky shares reflects differences
in willingness to bear risk rather than differences in constraints or opportu-
nities. This measurement strategy allows us to relate stated risk attitudes

to revealed risk-taking in a controlled investment environment, and to assess
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whether the intervention affects how reported preferences are reflected in
actual allocation choices. This approach follows recent contributions empha-
sizing the value of integrating validated survey measures with incentivized
behavioral data when studying preferences (Falk et al.| 2023]).

Financial behaviors are assessed using both self-reported behaviors and
actual behaviors observed during the experimental simulation. Self-reported
financial behaviors are captured through a dedicated asset allocation question
administered at baseline, following the approach of (Cavezzali et al.| (2015)).
Participants declare their intended diversification strategies across the same
set of assets featured in the simulation, based only on qualitative informa-
tion about risk and return. Using these declared allocations, we compute a
design-based Sharpe ratio that serves as an ex-ante measure of intended port-
folio efficiency. During the simulation, actual trading behaviors — namely,
portfolio allocations chosen across rounds — are recorded. Using these ob-
served in-game allocations, we compute the same design-based Sharpe ratio
as above. This yields a behavior-based measure of portfolio efficiency that
is directly comparable to the questionnaire-based measure, as both rely on
the same return vector and variance—covariance matrix. The two measures
differ only in the source of portfolio weights (declared versus observed during
gameplay), allowing us to isolate differences between intended and realized
portfolio construction.

The research questions guiding our investigation are twofold. First, does
participation in an experimental game that simulates a trading app envi-
ronment improve participants’ financial knowledge, attitudes, and behaviors

compared to a control group receiving no intervention? Second, does the ad-
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dition of in-game educational pop-up prompts — as provided exclusively to
T2 — lead to superior financial decision-making, particularly in terms of risk
attitudes and portfolio efficiency, compared to providing only basic financial
information (as in T1)?

This comprehensive design allows us to isolate the effects of the educa-
tional intervention and to explore the mechanisms through which FE may
enhance decision-making competence. By integrating both subjective (self-
reported) and objective (behavioral) measures, we aim to generate robust
evidence on how tailored FE interventions can bridge the gap between finan-

cial knowledge and effective investment behaviors.

4 The Experimental Game

The experimental game was designed to closely mimic the decision-making
environment characteristic of modern trading apps, serving simultaneously
as an educational intervention and a controlled laboratory for observing re-
alistic investment behaviors. The game is fully implemented in oTree and
is structured into 20 rounds, with each round representing an independent
investment decision similar to what investors encounter in digital trading
platforms, which in turn are representative of real-life investment decisions
beyond those available in investment platforms.

At the beginning of the experiment, every participant is allocated an ini-
tial endowment of 300 points (which is equivalent to €3). In each round,
the participant must decide how to distribute these points among five avail-

able investment options, here shown in Table [l One of these options is a
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zero-percent saving account that represents a risk-free alternative — offering
a guaranteed, albeit neutral, return. The remaining four options are risky
assets labeled A, B, C, and D. Each of these assets is characterized by a
binary outcome mechanism: in each round, it can yield either a high or a low
return, with the outcome determined randomly by the program. The under-
lying payoff probabilities that generate these outcomes (5050 across the two
scenarios) are fixed by design but not disclosed to participants, so that they
are aware that each asset carries an inherent level of uncertainty but cannot
infer its precise distribution or volatility. This choice ensures that the per-
ceived riskiness of each asset relies on qualitative information rather than on
calculable standard deviations, thereby reflecting the incomplete information
investors face in real-world financial decisions.

To eliminate any potential framing effects or biases that might arise from
associations with real-world securities, no actual asset names are used. In-
stead, assets are presented in abstract terms. It is worth noting that asset
A includes a possible return of -130%, i.e., a loss that exceeds the initial
amount invested. This feature is intentionally introduced to create an ex-
treme downside scenario, ensuring that participants are confronted with the
possibility of losses beyond the original stake. By doing so, the simulation
provides a sharper contrast between safe and risky choices and allows us to
examine decision-making under particularly adverse conditions.

Prior to the start of the game, participants are shown a graph that dis-
plays the historical returns of each asset, generated through a simulation of
15 rounds per asset. This historical performance chart is updated in real

time as the game progresses. Notably, the presentation of historical returns
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Table 1. Investment options

Scenarios

S1 S2 Risk Return

SA 0% 0% Null Null
Asset A 150% -130% Very high Very high
Asset B -40%  50% Low Low
Asset C  100% -85% High High

Asset D -20% 25%  Very low  Very low

is grounded in the practices of real trading apps, which routinely provide
users with past performance data to inform their investment decisions. To-
gether with the integration of quantitative payoff information and qualitative
risk descriptions, this feature enhances the realism of the simulation by re-
producing the informational asymmetries typical of retail trading platforms.
Participants can thus base their decisions on the same combination of partial,
performance-based cues that characterize decision-making in real-world app
environments.

At the conclusion of every round, after participants have made their al-
location decisions, the game randomly selects one of two possible scenarios,
labeled S1 and S2. In S1, assets A and C pay the high return while assets
B and D pay the low return. Conversely, in S2, the outcomes are reversed
so that assets A and C yield the low return and assets B and D yield the
high return. This procedure establishes a precise correlation structure among
the assets. Specifically, assets A and C are perfectly positively correlated —

that is, they always deliver the same outcome within any given round —
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and similarly, assets B and D are perfectly positively correlated. In contrast,
assets that are paired across these groups (for example, assets A and B, A
and D, as well as other inter-group pairings such as asset C and D) are per-
fectly negatively correlated. In other words, when an asset from one group
yields a high return, its perfectly negatively correlated counterpart will yield
a low return. This meticulous design ensures that the investment options are
interdependent in a controlled manner.

The rationale behind this correlation structure is twofold. First, it is in-
tended to provide a more realistic picture of the complex interconnections
that exist among financial assets in actual markets. In real-world scenarios,
assets rarely behave in isolation, their returns often exhibit systematic pat-
terns of co-movement, which can affect portfolio performance. Second, this
design draws on well-established findings in behavioral finance. The litera-
ture documents a “natural” tendency toward naive diversification — where
investors tend to distribute their investments evenly across available assets —
as reported by Huberman and Jiang| (2006) and Benartzi and Thaler (2001).
More specifically, the “conditional 1/n diversification heuristic” described by
Shefrin and Statman (2000) suggests that investors often conceptualize their
portfolios as collections of narrowly framed subportfolios rather than as a sin-
gle integrated portfolio. By employing an asset structure that embodies these
characteristics, the game not only controls for any inherent naive diversifica-
tion trend but also provides a rigorous framework for assessing whether our
intervention can lead to a genuine improvement in investment management.

After each round, participants receive immediate graphical feedback that

displays the evolution of their wealth over time. In T2, this feedback is
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complemented by in-game educational pop-ups (see Figure . Pop-ups were
programmed to appear for the first time at fixed points during the simulation
(rounds 1, 3, 5, 8, and 11). Each pop-up was displayed in a non-skippable
window for 20 seconds, ensuring that participants were necessarily exposed to
the content before continuing with the game. This design choice ensured uni-
form exposure across participants and reduces concerns related to selective
attention or differential take-up of the informational content. The diversi-
fication message, directly pertinent to the allocation task, was deliberately
placed first to ensure that all participants encountered it, while the remaining
four were arranged in a randomly determined sequence that was held con-
stant across all participants. Concentrating these messages in the first half of
the game increased the likelihood of exposure, given that some participants
could exhaust their balance before completing all 20 rounds. Once displayed,
each pop-up remained accessible for consultation in subsequent rounds, en-
suring continuous availability throughout the game. This combined system of
graphical feedback and educational prompts allowed participants to observe
the impact of their allocation decisions and to adjust their strategies over
time. Finally, to preserve incentives, one round was randomly selected at the
end of the game to determine the final financial compensation, ensuring that

every decision carried a direct and tangible consequence.
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Round 1

Click here for the instructions
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Figure 2. Graphic interface for T2

This comprehensive design, which integrates historical performance data
and real-time feedback within a controlled simulation of trading app dynam-
ics, provides a robust and realistic environment for examining the effects of

our interventions on actual investment behaviors.
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4.1 Measuring portfolio efficiency: The Sharpe ratio

To quantify portfolio efficiency, we rely on a Sharpe ratio constructed
from participants’ portfolio allocations. Importantly, the Sharpe ratio used
throughout the paper is design-based rather than empirical. Expected re-
turns and risk are not estimated from market data but are derived from the
payoff structure of the experimental game, which is fixed by design and iden-
tical for all participants. This approach ensures that variation in the Sharpe
ratio reflects differences in allocation choices rather than differences in the
return-generating process.

For each participant, portfolio returns are computed at the round level
based on the realized outcomes of the assets in that round and the partic-
ipant’s chosen allocation. The portfolio return used in the Sharpe ratio is
the average of these realized portfolio returns over the rounds played. Port-
folio risk is measured as the standard deviation of these round-level portfolio
returns, capturing the volatility of outcomes implied by the participant’s al-
location strategy within the stochastic environment of the game. The savings
account is treated as a risk-free asset with zero return and zero variance by
construction.

We compute this measure in two settings. First, using the allocations
declared in the questionnaire, we obtain a self-reported Sharpe ratio that
reflects intended portfolio efficiency under limited and qualitative informa-
tion about risk and return. Second, using the allocations observed during
the simulation, we compute an in-game Sharpe ratio that captures realized
portfolio efficiency under repeated choice and feedback. In both cases, the

return-generating process is identical and governed by the same payoff struc-
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ture.

5 Empirical Strategy and Results

Our empirical strategy employs an ordinary least squares (OLS) regres-
sion framework to identify the causal impact of the FE interventions delivered
in T1 and T2 on a set of outcomes capturing financial knowledge, financial
attitudes, and financial behaviors. All outcomes analyzed in this section are
observed for students who completed the full study protocol (N = 485). In

our baseline specification, the regression model is given by
Y = o+ 81 - Treaty, + o - Treaty, + X - X; + €,

where Y; denotes the outcome of interest for student i, and T'reat;, and
T'reats, are indicators for assignment to treatment groups T1 and T2. The
vector X; includes a set of baseline characteristics measured prior to treat-
ment assignment, such as pre-test financial knowledge, pre-test risk attitudes,
pre-test portfolio performance indicators, and the time required to complete
the pre-test questionnaire. These variables capture heterogeneity in initial
conditions and improve the precision of the estimates. In specifications fo-
cusing on in-game outcomes, we additionally incorporate information from
the trading simulation logs, including measures of time spent reading in-
structions, average time per round, number of rounds played, and in-game
earnings. These variables describe how participants interacted with the simu-
lation environment and allow us to descriptively relate realized performance

to observed patterns of engagement during gameplay. These variables are
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included to characterize how participants interacted with the simulation en-

vironment and should not be interpreted as causal mechanisms.

5.1 Full-sample results

Table [3| reports descriptive statistics for the main variables across ex-
perimental arms. Pre-treatment comparability is high: pre-test financial
knowledge, risk attitudes, and baseline portfolio characteristics are statisti-
cally indistinguishable across groups, consistent with successful randomiza-
tion. Differences emerge primarily in post-test outcomes. Post-test financial
knowledge increases markedly for treated students, with the largest gains ob-
served in T2. While post-test self-reported risk attitudes remain stable across
arms, portfolio-based outcomes reveal meaningful improvements in efficiency.
In particular, volatility computed from post-test declared allocations declines
for treated students, whereas differences in post-test returns are small and
statistically insignificant. As a result, post-test self-reported Sharpe ratios
are higher in both treatment groups, with the largest gains again observed

in T2.

5.1.1 Financial knowledge

Turning first to financial knowledge, Table [4] shows that both T1 and
T2 significantly increase post-test knowledge scores. Relative to the con-
trol group mean of 0.57, the estimated coefficients imply gains of approx-
imately 8% for students in T1 and 16% for students in T2, corresponding
to 0.24 SD and 0.53 SD, respectively. These effects are precisely estimated

and remain stable when conditioning on pre-treatment covariates, including
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Table 2. Variable definitions (full sample)

Variable

Description

Value/range

Individual characteristics

Pre-test (Post-test) trading app use_No

Pre-test (Post-test) trading app use_No, but

Pre-test (Post-test) trading app use_Yes

Whether the student had never used a trading app and

did not know what it was before (after) the intervention

‘Whether the student had never used a trading app but

knew what it was before (after) the intervention
Whether the student had used a trading app before (after)

the intervention

1; otherwise

1; otherwise

1; otherwise

Financial knowledge

Pre-test score

Post-test score

The student’s financial knowledge score before the inter-
vention
The student’s financial knowledge score after the inter-

vention

from 0.11 to 0.88

from 0.11 to 1.00

Financial attitudes

Pre-test (Post-test) risk attitude

In-game risk attitude

The student’s self-reported risk attitude before (after) the

intervention

Average share of the portfolio allocated to risky assets

during the simulation

from 2 to 10

from 0.1425 to 1

Financial behaviors

Pre-test return

Post-test return

Pre-test volatility

Post-test volatility

Pre-test SR

Post-test SR

In-game SR

Pre-test SA

Post-test SA

Portfolio return based on the pre-test asset allocation
Portfolio return based on the post-test asset allocation
Portfolio standard deviation based on the pre-test asset
allocation

Portfolio standard deviation based on the post-test asset
allocation

Portfolio Sharpe ratio based on the pre-test asset alloca-
tion

Portfolio Sharpe ratio based on the post-test asset alloca-
tion

Portfolio Sharpe ratio computed from in-game asset allo-
cations

Percentage of the portfolio allocated to the savings ac-
count in the pre-test

Percentage of the portfolio allocated to the savings ac-

count in the post-test

from 0.00375 to 0.10
from 0.00250 to 0.10
from 0.00375 to 1.40

from 0.0025 to 1.40

from 0.0714 to 7

from 0.0714 to 21.00

from 0.0768 to 9.91

from 0 to 0.9

from 0 to 0.95

Ezperimental game data

Pre-test time

Time on instructions

Time per round

Rounds played

In-game earnings

Time (in seconds) the student took to complete the pre-
test questionnaire

Time (in seconds) spent reading the game instructions
Average time (in seconds) spent per round during the sim-
ulation

Total number of rounds completed during the simulation

Total earnings obtained during the simulation (in euros)

from 180 to 19,920

from 5 to 3,227
from 8.90 to 775.15

from 1 to 20
from 0 to 23.02
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Table 3. Descriptive statistics (full sample)

Variable C T1 T2 p-value
Pre-test score (w/ biases) 61 (0.15) 0.61 (0.16) 0.61 (0.14) >0.9
Pre-test score 0.58 (0.16) 0.57 (0.17) 0.58 (0.15) 0.9
Post-test score (w/ biases) 0.60 (0.15) 0.61 (0.14) 0.70 (0.14) <0.001
Post-test score 0.57 (0.17) 0.61 (0.16) 0.66 (0.16) <0.001
Pre-test risk attitude 89 (1.66) 5.93 (1.76) 5.90 (1.67) >0.9
Post-test risk attitude 6.04 (1.64) 6.08 (1.50) 5.89 (1.66) 0.5
Pre-test return 0.048 (0.014) | 0.047 (0.016) | 0.045 (0.015) |  0.038
Pre-test volatility 0.23 (0.19) 0.25 (0.22) 0.21 (0.19) 04
Pre-test SR 0.56 (1.10) | 0.56 (1.06) | 0.57 (1.04) 0.7
Post-test return 0.049 (0.013) | 0.046 (0.015) | 0.046 (0.015) |  0.10
Post-test volatility 0.26 (0.20) | 0.24 (0.22) | 0.22 (0.20) 0.010
Post-test SR 0.43 (0.86) | 0.80 (2.05) | 1.06 (2.79) 0.11
Pre-test SA 0.20 (0.20) | 0.23(0.21) | 0.25 (0.21) 0.049
Post-test SA 0.20 (0.19) 0.23 (0.22) 0.22 (0.20) 0.3
Pre-test time (s) 1,016 (2,794) | 1,413 (929) | 1,606 (1,588) 0.5
Pre-test trading app use 0.4

No 40 (22%) 30 (20%) 24 (16%)

No, but 91 (51%) 82 (54%) 93 (61%)

Yes 49 (27%) 41 (27%) 35 (23%)
Post-test trading app use <0.001

No 34 (19%) 5 (3.3%) 7 (4.6%)

No, but 100 (56%) | 95 (62%) | 105 (69%)

Yes 46 (26%) 53 (35%) 40 (26%)

In-game risk attitude (risky share) | -~ | 0.75 (023) | 079 (021) | 020

In-game SR - 0.69 (1.13) | 1.05 (1.72) 0.005
Time on instructions (s) - 426 (466) 509 (651) 0.9
Time per round (s) 84 (90) 89 (69) 0.054
Rounds played - 18.7 (3.7) 19.1 (3.3) 0.15
In-game earnings (€) - 4.3 (3.2) 4.8 (4.0) 0.6
N 180 153 152

Note: Continuous variables are reported as means with standard deviations in parentheses. Categorical
variables are reported as frequencies and percentages. Post-test variables are highlighted in light gray. “SA”
stands for “savings account”, “SR” stands for “Sharpe ratio”. “No, but” corresponds to the answer “no, but
I know what it is” to the question “Have you ever used a trading platform?”, while “No” corresponds to “no,
and I have no idea what it is”. p-values for continuous variables are based on Kruskal-Wallis rank-sum tests
(Wilcoxon rank-sum tests for variables below the dashed line), while p-values for categorical variables are based
on Pearson’s chi-squared tests. Variables below the dashed line are computed only for treated students (T1 and

T2).
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baseline knowledge, risk attitudes, and prior exposure to trading apps.

5.1.2 Financial attitudes

We next turn to financial attitudes, captured through both stated and
revealed measures of risk preferences. We begin with self-reported risk atti-
tudes elicited via the Dohmen et al.| (2011) item. Table |5|shows that neither
T1 nor T2 has a statistically significant effect on post-test stated risk atti-
tudes.

We then examine revealed risk attitudes observed during the trading sim-
ulation, measured by the share of wealth allocated to risky assets. Table [6]
shows that students in T2 allocate a significantly higher fraction of their
portfolio to risky assets than those in T1. In the specification including pre-
treatment controls, the estimated coefficient corresponds to an increase of
about 0.045 in the risky share, equivalent to roughly a 5-6% rise relative
to the T1 mean. Including in-game log measures yields a similar estimate,
while providing additional context on how students interacted with the simu-
lation. Overall, these results suggest that while stated risk preferences remain
unchanged, the augmented simulation affects how students translate those

preferences into actual, payoff-relevant portfolio choices.

5.1.3 Financial behaviors

Finally, we turn to financial behaviors, captured through portfolio effi-
ciency measures derived from both declared and realized allocations. We
begin with self-reported behavior. Table [7] documents that both treatments

significantly increase the Sharpe ratio computed from post-test declared allo-
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Table 4. Treatment effect on post-test score

Dependent variable:

Post-test score

(1) 2)
T1 0.039** 0.048*
(0.018) (0.015)
T2 0.086*** 0.090***
(0.018) (0.015)
Pre-test score 0.492**
(0.042)
Pre-test time 0.005
(0.011)
Pre-test trading app use_No, but 0.018
(0.017)
Pre-test trading app use_Yes 0.030
(0.020)
Pre-test risk attitude —0.010*
(0.004)
Pre-test SR 0.007
(0.007)
Pre-test SA —0.076™*
(0.033)
Observations 485 485
R? 0.046 0.325
Adjusted R? 0.042 0.313
Residual Std. Error 0.162 (df = 482) 0.137 (df = 475)

Note: *p<0.1; *p<0.05; **p<0.01. “Pre-test time” and “Pre-test SR” were
logged due to their right-skewed distributions. “T1” stands for “treatment
group 17, “T2” stands for “treatment group 2", “SR” stands for “Sharpe

ratio”, and “SA” stands for "savings account”.
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Table 5. Treatment effect on post-test risk attitude

Dependent variable:

Post-test risk attitude

(1) 2)
T1 0.053 0.041
(0.176) (0.124)
T2 —0.124 —0.086
(0.176) (0.125)
Pre-test score —0.791*
(0.339)
Pre-test time 0.145*
(0.086)
Pre-test trading app use_No, but 0.125
(0.136)
Pre-test trading app use_Yes 0.443**
(0.162)
Pre-test risk attitude 0.619*
(0.032)
Pre-test SR —0.132*
(0.056)
Pre-test SA —0.743"*
(0.268)
Observations 485 485
R? 0.002 0.518
Adjusted R? —0.002 0.509
Residual Std. Error 1.600 (df = 482) 1.119 (df = 475)

Note: *p<0.1; *p<0.05; **p<0.01. “Pre-test time” and “Pre-test SR” were
logged due to their right-skewed distributions. “T1” stands for “treatment
group 17, “T2” stands for “treatment group 2", “SR” stands for “Sharpe

ratio”, and “SA” stands for "savings account”.
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Table 6. Treatment effect on in-game risk attitude

Dependent variable:

In-game risk attitude

(1) @) 3)
T2 0.038 0.044 0.046*
(0.025) (0.022) (0.022)
Pre-test score 0.063 0.072
(0.074) (0.074)
Pre-test time —0.019 —0.016
(0.021) (0.021)
Pre-test trading app use_No, but 0.080** 0.085***
(0.031) (0.031)
Pre-test trading app use_Yes 0.042 0.036
(0.037) (0.037)
Pre-test risk attitude 0.002 0.001
(0.007) (0.007)
Pre-test SR 0.009 0.013
(0.012) (0.012)
Pre-test SA —0.489"** —0.472"**
(0.056) (0.056)
Time on instructions —0.001
(0.009)
Time per round 0.001
(0.017)
Rounds played —0.009***
(0.003)
In-game earnings 0.001
(0.003)
Observations 305 305 305
R? 0.008 0.264 0.284
Adjusted R? 0.004 0.244 0.255
Residual Std. Error 0.219 (df =303) 0.191 (df = 296) 0.190 (df = 292)

Note: *p<0.1; *p<0.05; **p<0.01. “In-game SR”, “Pre-test time”, “Time on
instructions”, “Time per round”, and “Pre-test SR” were logged due to their right-
skewed distributions. “T2” stands for “treatment group 2”, “SR” stands for “Sharpe

ratio”, and “SA” stands for "savings account”.
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cations. Relative to the control group mean of 0.43, the estimated coefficients
correspond to gains of roughly 27% for T1 and 36% for T2. Baseline portfolio
quality is a strong predictor of post-test efficiency, indicating persistence in
allocation skills.

We then examine realized behavior during the trading simulation, focus-
ing on differences between the two treatment groups. Table |8 shows that
students in T2 achieve significantly higher in-game Sharpe ratios than those
in T1. In the baseline specification without covariates, the T2 coefficient
implies a sizable improvement in realized portfolio efficiency. Conditioning
on pre-treatment characteristics yields a similar estimate, corresponding to
an increase of approximately 36% relative to T1.

Augmenting the specification with in-game process measures sheds light
on underlying mechanisms. Both the number of rounds played and the aver-
age time per round are strongly and positively associated with the in-game
Sharpe ratio, while the treatment coefficient attenuates in magnitude. This
pattern suggests that more sustained engagement with the simulation task —
rather than treatment assignment alone — is a key driver of improved real-
ized performance. Taken together, these results highlight that the augmented
simulation not only improves intended portfolio choices, but also translates

into more efficient behavior under repeated, payoff-relevant decision-making.

5.2 Demographic analysis

Analyses leveraging individual-level demographics and academic back-
ground are performed on the subset of participants who consented to data

processing (317 students for post-test knowledge and self-reported SR; 215
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Table 7. Treatment effect on post-test self-reported SR

Dependent variable:

Post-test self-reported SR

(1) 2)
T1 0.218* 0.236**
(0.116) (0.106)
T2 0.343* 0.307*
(0.116) (0.106)
Pre-test score 0.623*
(0.290)
Pre-test time 0.001
(0.073)
Pre-test trading app use_No, but 0.256**
(0.116)
Pre-test trading app use_Yes 0.085
(0.138)
Pre-test risk attitude —0.032
(0.027)
Pre-test SR 0.445***
(0.048)
Pre-test SA —0.113
(0.229)
Observations 485 485
R? 0.018 0.208
Adjusted R? 0.014 0.193
Residual Std. Error 1.057 (df = 482) 0.956 (df = 475)

Note: *p<0.1; *p<0.05; **p<0.01. “Post-test self-reported SR”, “Pre-test
time”, and “Pre-test SR” were logged due to their right-skewed distributions.
“T1” stands for “treatment group 1”7, “T2” stands for “treatment group 27,

“SR” stands for “Sharpe ratio”, and “SA” stands for ”savings account”.
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Table 8. Treatment effect on in-game SR

Dependent variable:

In-game SR

M 2 ®3)
T2 0.340"* 0.308** 0.251**
(0.125) (0.123) (0.118)

Pre-test score 0.601 0.454
(0.412) (0.393)

Pre-test time 0.098 0.019
(0.116) (0.111)

Pre-test trading app use_No, but 0.169 0.122
(0.173) (0.165)

Pre-test trading app use_Yes 0.120 0.226
(0.207) (0.198)
Pre-test risk attitude —0.017 —0.007
(0.039) (0.037)
Pre-test SR 0.243* 0.201***
(0.068) (0.065)
Pre-test SA —0.001 —0.003
(0.003) (0.003)

Time on instructions 0.049
(0.047)

Time per round 0.168*
(0.088)
Rounds played 0.088**
(0.017)

In-game earnings 0.021
(0.017)

Observations 305 305 305
R? 0.024 0.092 0.189
Adjusted R? 0.021 0.067 0.155

Residual Std. Error 1.084 (df = 303) 1.058 (df = 296) 1.007 (df = 292)

Note: *p<0.1; *p<0.05; **p<0.01. “In-game SR”, “Pre-test time”, “Time on instructions”,
“Time per round”, and “Pre-test SR” were logged due to their right-skewed distributions. “T2”
stands for “treatment group 2”7, “SR” stands for “Sharpe ratio”, and “SA” stands for ”savings

account”.
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treated students for in-game SR). Balance diagnostics in Table (10| indicate
that randomization remains credible in the consented subsamples: age, gen-
der composition, GPA, and ISEE distribution are statistically comparable
across arms; a small imbalance in pre-test SA, while significant, is minor in
magnitude and controlled for in regressions.

When augmenting the post-test knowledge specification with student-
level demographics (Table , the main pattern is unchanged. T1 yields
a positive but modest gain (about +0.16 SD), while T2 delivers a larger
and precisely estimated improvement (about +0.44 SD). In the fully con-
trolled specification, the estimated coefficients correspond to +0.039 for T1
and +0.075 for T2. Relative to the control-group mean in the consented
sample (0.59), this implies increases of roughly 7% and 13%, respectively.
Demographic and background covariates are generally muted, while baseline
knowledge remains a strong predictor of post-test performance.

Results for stated risk attitudes are consistent with the full-sample anal-
ysis. Table shows no statistically significant effect of either treatment
on post-test self-reported risk attitudes once demographics are included. By
contrast, post-test stated risk attitudes display substantial persistence, with
baseline risk attitudes strongly predicting endline values. Prior exposure to
trading apps is positively associated with stated risk tolerance, while other
demographic and socioeconomic controls do not meaningfully shift the pat-
tern.

Turning to revealed risk attitudes during the simulation, Table [13| indi-
cates that students in T2 allocate a significantly larger share of wealth to

risky assets than students in T1. The estimated effect is stable across speci-
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Table 9.

Variable definitions (consented subsample)

Variable

Description

Value/range

Individual characteristics
Female

Age

ISEE _Scholarship

ISEE_Mid-low
ISEE_Max

Non-scientific high school

High-dropout major

Pre-test (Post

t) trading app use_No

Pre-test (Post-test) trading app use_No, but

Pre-test (Post-test) trading app use_Yes

Whether the student is female
The student’s age in years

‘Whether the student received a scholarship in the past

academic
Whether the student’s ISEE falls within brackets 1-8
Whether the student’s ISEE is in the highest (ninth)

ar

bracket

‘Whether the student obtained a diploma from a non-
scientific high school

Whether the student is enrolled in a major whose dropout
rate exceeds the median

Whether the student had never used a trading app and
did not know what it was before (after) the intervention
Whether the student had never used a trading app but
knew what it was before (after) the intervention
Whether the student had used a trading app before (after)

the intervention

1; otherwise
from 18 to 37

1; otherwise

-

; otherwise

-

; otherwise

-

; otherwise

1; otherwise

1; otherwise

1; otherwise

; otherwise

-

Academic performance

GPA

The student’s GPA on a 30-point Italian scale

from 18 to 30

Financial knowledge

Pre-test score

Post-test score

The student’s financial knowledge score before the inter-
vention
The student’s financial knowledge score after the inter-

vention

from 0.11 to 0.88

from 0.11 to 1.00

Financial attitudes

Pre-test (Post-test) risk attitude

The student’s self-reported risk attitude before (after) the

intervention

from 2 to 10

Financial behaviors

Pre-test return

Post-test return

Pre-test volatility

Post-test volatility

Pre-test SR

Post-test SR

Pre-test SA

Post-test SA

Portfolio return based on the pre-test asset allocation
Portfolio return based on the post-test asset allocation
Portfolio standard deviation based on the pre-test asset
allocation

Portfolio standard deviation based on the post-test asset
allocation

Portfolio Sharpe ratio based on the pre-test asset alloca-
tion

Portfolio Sharpe ratio based on the post-test asset alloca-
tion

Percentage of the portfolio allocated to the savings ac-
count in the pre-test

Percentage of the portfolio allocated to the savings ac-

count in the post-test

from 0.00625 to 0.10

from 0.0075 to 0.10

from 0.00375 to 1.40

from 0.0025 to 1.40

from 0.0714 to 6.20

from 0.0714 to 21.00

from 0 to 0.9

from 0 to 0.85

Eaperimental game data

Pre-test time

Time on instructions

Time per round

Rounds played

In-game earnings

Time (in seconds) the student took to complete the pre-
test questionnaire

Time (in seconds) spent reading the game instructions
Average time (in seconds) spent per round during the sim-
ulation

Total number of rounds completed during the simulation

Total earnings obtained during the simulation (in euros)

from 180 to 19,920

from 5 to 3,227
from 12.65 to 506.80

from 2 to 20
from 0 to 21.43
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Table 10. Descriptive statistics (consented subsample)

Variable C T1 T2 p-value
Female 0.25 (0.43) | 0.27 (0.44) | 0.28 (0.45) 0.8
Age 20.42 (1.48) | 20.79 (2.29) | 20.55 (1.53) | 0.7
GPA 25.11 (2.75) | 24.92 (2.81) | 24.85 (2.92) | 0.7
ISEE 0.032

Scholarship 36 (35%) 22 (21%) 23 (21%)

Mid-low 33 (32%) 37 (35%) 50 (45%)

Max 33 (32%) 46 (44%) 37 (34%)
Non-scientific high school | 0.31 (0.47) 0.21 (0.41) 0.25 (0.43) 0.2
High-dropout major 0.44 (0.50) 0.39 (0.49) 0.36 (0.48) 0.5
Pre-test score 059 (0.15) | 0.56 (0.18) | 0.58 (0.16) 0.5
Post-test score 0.59 (0.15) 0.62 (0.16) 0.66 (0.16) 0.009
Pre-test risk attitude 5.76 (1.64) 5.81 (1.76) 5.74 (1.60) >0.9
Post-test risk attitude 5.99 (1.58) 6.00 (1.55) 5.79 (1.53) 0.5
Pre-test return 0.049 (0.014) | 0.046 (0.014) | 0.044 (0.015) 0.007
Pre-test volatility 0.24 (0.17) 0.23 (0.18) 0.21 (0.19) 0.3
Pre-test SR 0.44 (0.76) | 058 (L12) | 058 (1.11) 0.9
Post-test return 0.051 (0.014) | 0.046 (0.014) | 0.044 (0.014) | 0.009
Post-test volatility 0.28 (0.21) | 0.22 (0.19) | 0.19 (0.19) | 0.004
Post-test SR 0.45 (0.87) | 0.90 (2.35) | 1.21 (3.20) 0.10
Pre-test SA 0.19 (0.20) | 0.24 (0.20) | 027 (0.21) | 0.005
Post-test SA 0.17 (0.17) | 024 (0.21) | 024 (0.22) | 0.038
Pre-test time (s) 1,864 (2,990) | 1,401 (976) | 1,665 (1,826) | 0.7
Pre-test trading app use 0.7

No 23 (23%) 21 (20%) 21 (19%)

No, but 52 (51%) 54 (51%) 65 (59%)

Yes 97 (26%) 30 (20%) 24 (22%)

Post-test trading app use 0.002

No 6 (16%) 3 (2.9%) 5 (4.5%)

No, but 60 (59%) 64 (61%) 77 (70%)

Yes 6 (25%) 38 (36%) 28 (25%)

N 102 105 110

Note: Continuous variables are reported as means and standard deviations. Dummy variables are
reported as frequencies and percentages. Post-test variables are highlighted in light gray. “SR”
stands for “Sharpe ratio”, “SA” stands for ”savings account”, “No, but” corresponds to the answer
“no, but I know what it is” to the question “Have you ever used a trading platform?”, while “No”
corresponds to “no, and I have no idea what it is”. “ISEE” refers to the socioeconomic status (via
parental ISEE brackets). The p-values for continuous variables come from a Kruskal-Wallis rank

sum test, whereas the p-values for categorical variables come from a Pearson’s Chi-squared test.
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Table 11. Treatment effect on post-test score (consented subsample)

Dependent variable:

Post-test score

(1) 2)
T1 0.024 0.039**
(0.022) (0.020)
T2 0.068"** 0.075***
(0.022) (0.020)
Female 0.010
(0.020)
Age 0.002
(0.004)
GPA 0.004
(0.003)
ISEE_Scholarship —0.019
(0.021)
ISEE_Mid-low —0.005
(0.018)
Non-scientific HS —0.015
(0.019)
High-dropout major 0.011
(0.017)
Pre-test score 0.451"*
(0.051)
Pre-test time 0.011
(0.013)
Pre-test trading app use_No, but 0.021
(0.021)
Pre-test trading app use_Yes 0.011
(0.026)
Pre-test risk attitude —0.005
(0.005)
Pre-test SR 0.009
(0.009)
Pre-test SA —0.095"*
(0.041)
Observations 317 317
R? 0.031 0.313
Adjusted R? 0.025 0.276
Residual Std. Error 0.158 (df = 314) 0.137 (df = 300)

Note: *p<0.1; **p<0.05; **p<0.01. “Pre-test time” and “Pre-test SR” were logged

due to their right-skewed distributions. “T1” stands for “treatment group 17, “T2”

stands for “treatment group 27, “SR” stands for “Sharpe ratio”, and “SA” stands

for ”savings account”.
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fications and amounts to about +0.056 in the model with demographic and
baseline controls. Academic performance is positively related to risk-taking
in the game, while students in high-dropout majors allocate a lower risky
share. Baseline savings account allocations are strongly negatively associated
with in-game risk-taking, consistent with persistence in safe-versus-risky in-
vestment orientation. When adding in-game process measures, the treatment
effect remains, and the number of rounds played is weakly negatively related
to the risky share, suggesting that participants who stay longer in the task
may not necessarily do so by systematically increasing risk exposure.

For self-reported portfolio efficiency (Table , treatment effects remain
positive and economically meaningful after controlling for student demo-
graphics. In the fully specified model, the estimated coefficients are approx-
imately 40.274 for T1 and +0.358 for T2, indicating that the augmented
intervention continues to outperform the baseline simulation also within the
consented subsample. Baseline portfolio efficiency is a strong predictor of
post-test SR, consistent with persistence in allocation skills. By contrast,
demographic covariates do not display systematic or robust associations with
self-reported portfolio efficiency.

For realized portfolio efficiency during the trading simulation (Table ,
the T2 premium persists and remains statistically significant across specifi-
cations. In the model with baseline and demographic controls, the estimated
T2 coefficient is about +0.377, and it attenuates to roughly +0.341 when
in-game process measures are added. Engagement remains strongly related
to performance: the number of rounds completed is again a robust pos-

itive correlate of in-game SR, while most demographic controls are small
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Table 12. Treatment effect on post-test risk attitude (consented subsample)

Dependent variable:

Post-test risk attitude

) 2)
T1 0.010 0.012
(0.216) (0.168)
T2 —0.199 —0.106
(0.213) (0.167)
Female —0.136
(0.174)
Age 0.015
(0.037)
GPA —0.001
(0.024)
ISEE_Scholarship 0.158
(0.179)
ISEE_Mid-low —0.134
(0.155)
Non-scientific HS —0.113
(0.159)
High-dropout major —0.064
(0.141)
Pre-test score —0.623
(0.434)
Pre-test time 0.237*
(0.113)
Pre-test trading app use_No, but 0.250
(0.179)
Pre-test trading app use_Yes 0.460**
(0.219)
Pre-test risk attitude 0.569**
(0.043)
Pre-test SR —0.065
(0.077)
Pre-test SA —0.506
(0.349)
Observations 317 317
R? 0.004 0.463
Adjusted R? —0.002 0.434
Residual Std. Error 1.553 (df = 314) 1.167 (df = 300)

Note: *p<0.1; *p<0.05; **p<0.01. “Pre-test time” and “Pre-test SR” were
logged due to their right-skewed distributions. “T1” stands for “treatment
group 17, “T2” stands for “treatment group 2", “SR” stands for “Sharpe

ratio”, and “SA” stands for "savings account”.
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Table 13. Treatment effect on in-game risk attitude (consented subsample)

Dependent variable:

In-game risk attitude

)] ) 3
T2 0.040 0.056** 0.057*
(0.030) (0.026) (0.026)
Female 0.023 0.020
(0.034) (0.034)
Age —0.001 0.0003
(0.007) (0.007)
GPA 0.010** 0.009*
(0.005) (0.005)
ISEE_Scholarship 0.010 0.012
(0.036) (0.036)
ISEE_Mid-low 0.0002 0.0002
(0.037) (0.037)
Non-scientific HS 0.024 0.021
(0.033) (0.033)
High-dropout major —0.068** —0.065"*
(0.028) (0.028)
Pre-test score 0.023 0.032
(0.083) (0.083)
Pre-test time —0.003 —0.001
(0.023) (0.023)
Pre-test trading app use_No, but 0.080** 0.084**
(0.036) (0.036)
Pre-test trading app use_Yes 0.056 0.052
(0.044) (0.045)
Pre-test risk attitude —0.001 —0.001
(0.008) (0.008)
Pre-test SR 0.011 0.014
(0.014) (0.015)
Pre-test SA —0.538* —0.527*
(0.066) (0.067)
Time on instructions —0.002
(0.010)
Time per round 0.0004
(0.020)
Rounds played —0.007"
(0.004)
In-game earnings 0.002
(0.004)
Observations 215 215 215
Rr? 0.008 0.348 0.361
Adjusted R? 0.004 0.298 0.297
Residual Std. Error 0.220 (df = 213)  0.185 (df = 199) 0.185 (df = 195)

Note: *p<0.1; **p<0.05; **p<0.01. “In-game SR”, “Pre-test time”, “Time on instruc-
tions”, “Time per round”, and “Pre-test SR” were logged due to their right-skewed dis-
tributions. “T2” stands for “treatment group 27, “SR” stands for “Sharpe ratio”, and

“SA” stands for "savings account”.
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Table 14. Treatment effect on post-test self-reported SR (consented subsample)

Dependent variable:

Post-test self-reported SR

W @)
T1 0.271* 0.274*
(0.153) (0.145)
T2 0.388" 0.358"
(0.151) (0.144)
Female —0.200
(0.150)
Age —0.011
(0.032)
GPA —0.005
(0.021)
ISEE_Scholarship —0.0004
(0.155)
ISEE_Mid-low 0.008
(0.134)
Non-scientific HS 0.173
(0.137)
High-dropout Major —0.152
(0.122)
Pre-test score 0.411
(0.375)
Pre-test time 0.028
(0.098)
Pre-test trading app_No, but 0.275*
(0.155)
Pre-test trading app_Yes 0.103
(0.189)
Pre-test return —0.055
(0.037)
Pre-test SR 0.454"*
(0.066)
Pre-test SA —0.316
(0.301)
Observations 317 317
R? 0.021 0.217
Adjusted R? 0.015 0.175
Residual Std. Error 1.102 (df = 314) 1.008 (df = 300)

Note: *p<0.1; **p<0.05; **p<0.01. “Post-test self reported SR”, “Pre-test time”,
and “Pre-test SR” were logged due to their right-skewed distributions. “T1” stands
for “treatment group 17, “T2” stands for “treatment group 2", “SR” stands for

“Sharpe ratio”, and “SA” stands for ”"savings account”.
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and imprecisely estimated. As in the full sample, baseline portfolio efficiency
predicts realized performance, suggesting that the intervention builds on pre-
existing heterogeneity in allocation ability but does not depend on a specific
demographic subgroup.

To further assess whether the intervention’s effects vary across individu-
als, we explored treatment heterogeneity along three dimensions that have
been consistently linked to financial learning and behavioral outcomes: gen-
der, academic performance, and socioeconomic status (SES). These mod-
erators are among the most frequently examined in empirical FE studies,
reflecting persistent disparities in baseline financial literacy and potential dif-
ferences in responsiveness to instruction. Nonetheless, we label these analyses
as exploratory (see Transparency Appendix).

Existing evidence suggests that gender gaps in financial literacy emerge
early and can persist despite instruction, with females often showing lower
baseline knowledge and weaker behavioral improvements Kalwij et al.| (2019);
Sconti (2022); Torma et al. (2023). Academic performance is also commonly
associated with learning and retention, although moderation by achievement
is not consistently observed across settings (Becchetti et al. 2013} [Kalmi
and Rahko, 2022; Torma et al.; 2023). Finally, SES — proxied by parental
resources such as education or income — may shape both exposure to finan-
cial concepts and opportunities to apply them; accordingly, prior evaluations
report mixed evidence, with some finding larger gains among low-SES par-
ticipants and others finding muted or null heterogeneity (Amagir et al.| 2022;
Bover et al., [2024; [Iterbeke et al., 2022 Sconti, 2022). Building on this liter-

ature, we focus on a parsimonious set of interactions between treatment as-
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Table 15. Treatment effect on in-game SR (consented subsample)

Dependent variable:

In-game SR

(1) @ ®)
T2 0.397* 0.377 0.341*
(0.153) (0.153) (0.148)

Female 0.165 0.178
(0.198) (0.190)
Age 0.005 —0.006
(0.040) (0.039)
GPA —0.038 —0.028
(0.027) (0.026)
ISEE _Scholarship —0.019 —0.073
(0.210) (0.202)
ISEE_Mid-low —0.078 —0.093
(0.214) (0.206)
Non-scientific HS —0.316 —0.245
(0.193) (0.185)
High-dropout Major —0.242 —0.224
(0.163) (0.157)

Pre-test score 0.472 0.266
(0.485) (0.466)

Pre-test time 0.064 0.014
(0.135) (0.131)

Pre-test trading app use_No, but 0.196 0.130
(0.212) (0.204)

Pre-test trading app use_Yes —0.040 0.083
(0.258) (0.249)

Pre-test risk attitude 0.013 0.013
(0.049) (0.047)
Pre-test SR 0.250"* 0.212"*
(0.084) (0.081)
Pre-test SA —0.402 —0.574
(0.387) (0.371)

Time on instructions 0.054
(0.058)

Time per round 0.180
(0.114)
Rounds played 0.092*
(0.022)

In-game earnings 0.029
(0.023)

Observations 215 215 215
R? 0.031 0.148 0.241
Adjusted R? 0.026 0.083 0.166

Residual Std. Error 1.115 (df = 213)  1.082 (df = 199) 1.032 (df = 195)

Note: *p<0.1; *p<0.05; **p<0.01. “Post-test self-reported SR”, “Pre-test time”, “Time on instructions”,

“Time per round”, and “Pre-test SR” were logged due to their right-skewed distributions. “T1” stands for
“treatment group 17, “T2” stands for “treatment group 27, “SR” stands for “Sharpe ratio”, and “SA” stands

for "savings account”.
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signment and three pre-treatment characteristics — female, high GPA, and
ISEE — to test whether T1 and T2 yield systematically different impacts
across groups.

Across outcomes capturing financial knowledge, financial attitudes, and
financial behaviors, we do not find systematic or robust heterogeneity in
treatment effects. Interaction estimates are generally small, do not follow a
consistent pattern across measures, and are sensitive to specification. Taken
together, these results suggest that the improvements documented in the
main effects are broadly shared across the student population rather than
concentrated in specific demographic or academic subgroups. Given the ex-
ploratory nature of this analysis and the limited power to detect interaction
effects, we do not emphasize subgroup-specific findings in the main text. All
heterogeneity specifications will be reported in the Appendix in a forthcom-

ing version of the paper.

6 Conclusion

This paper studies the effects of two short, simulation-based FE inter-
ventions that differ in the degree of behavioral scaffolding embedded in the
learning environment. Using a randomized design, we show that both inter-
ventions improve students’ financial knowledge and portfolio choices relative
to a no-intervention control group, while the augmented simulation consis-
tently outperforms the baseline version.

In terms of financial knowledge, both treatment arms generate statisti-

cally significant gains. Relative to the control group mean, estimated effects
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correspond to increases of roughly 8% for the baseline simulation and 15-16%
for the augmented version, with these differences remaining stable when con-
ditioning on pre-treatment characteristics. These results confirm that even
brief, app-like interventions can deliver meaningful learning gains.

Turning to financial attitudes, we find no evidence that either interven-
tion affects self-reported risk preferences as measured by the standard survey
item. In contrast, revealed risk attitudes observed during the trading simula-
tion do respond to treatment intensity. Students assigned to the augmented
simulation allocate a higher share of their portfolio to risky assets than those
in the baseline treatment, with estimated effects on the order of 5-6% rel-
ative to the baseline mean. The resulting gap between stated and revealed
measures indicates that the intervention primarily shapes how students act
on their preferences rather than how they report them. This interpreta-
tion aligns with evidence showing that self-reported risk attitudes tend to
be stable and sensitive to elicitation, whereas behavior in incentivized and
context-rich environments is more responsive to changes in decision-making
frameworks and informational cues (Chapman et al., 2025; [Falk et al.,|[2023).

The strongest effects emerge for financial behaviors captured through
portfolio efficiency. Both treatments substantially increase the Sharpe ratio
computed from post-test declared allocations, with gains of approximately
27% for the baseline simulation and over 36% for the augmented version rel-
ative to the control group. Differences between the two treatments become
even more pronounced when focusing on realized behavior during the trad-
ing game. Students exposed to the augmented simulation achieve in-game

Sharpe ratios that are about 35% higher than those of students in the base-
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line treatment, indicating a sizeable improvement in payoff-relevant decision
quality.

Importantly, augmenting the analysis with detailed log data from the
simulation shows that these differences are partly mediated by engagement.
Measures such as the number of rounds played and time spent per round
are strongly associated with realized portfolio efficiency, while treatment co-
efficients attenuate once these process variables are included. This pattern
suggests that the augmented intervention improves outcomes not by chang-
ing the return-generating environment, but by fostering more sustained and
effective interaction with it.

Overall, the findings contribute to the FE literature in three ways. First,
they provide causal evidence that a fast, light-touch trading simulation can
generate sizable gains in financial knowledge and portfolio efficiency. Second,
they show that short, behaviorally informed prompts embedded in a realistic
decision environment can further improve realized investment performance,
even in the absence of changes in stated risk preferences. Third, by combining
self-reported intentions with realized, incentivized behavior under a common
return-generating structure, the study offers a tighter link between financial
competence and actual decision-making than is typical in FE evaluations.

Several limitations point to directions for future research. External valid-
ity is bounded by a single institutional setting and a relatively homogeneous
sample. Outcomes are measured over a short horizon, preventing conclu-
sions about persistence. Attrition differs across experimental arms due to
differential participation requirements, and while baseline competence does

not predict dropout, selection on unobservables cannot be ruled out. Future
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work should examine longer-run effects, replicate the intervention in more di-
verse populations, and investigate mechanisms more directly, including how
attention and engagement interact with behavioral prompts over time.
Overall, the evidence suggests that well-designed, behaviorally informed
simulations can do more than transmit financial concepts: they can mean-
ingfully improve how novice investors allocate risk in environments that in-

creasingly shape everyday financial decision-making.

7 Transparency Appendix

To facilitate transparency and replicability en lieu of a pre-registration,
this appendix documents and discusses details regarding the choices made

by the researchers the experimental design and outcome measures.

7.1 General Set-up of the Experiment

The core idea of this study is straightforward in that we evaluate two
FE interventions in comparison to a control group that does not receive an
intervention: the baseline intervention consists of a novel simulation game,
the augmented intervention integrates educational pop-ups into the simu-
lation game. As is typical when comparing a basic intervention to a more
comprehensive one, we expect both interventions to have positive but the
comprehensive intervention — i.e., the simulation training with educational
pop-ups — to have a larger effect. Otherwise there would have been no rea-
son to augment the baseline treatment in the first place, since the treatments

are identical in terms of scalability, costs, and nearly identical with respect
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to duration.

7.2 Sample and Attrition

A further transparency-relevant aspect concerns study completion and at-
trition. After the pre-questionnaire, 704 students were randomized, while 485
completed the full study protocol and constitute the main analytic sample.
Attrition occurred after random assignment and differed across experimental
arms: dropout rates amount to 23.1% in the control group, 35.3% in T1, and
34.9% in T2 (Table , Panel A). A Pearson’s chi-squared test rejects equal-
ity of dropout rates across groups (p = 0.005), reflecting the fact that treated
students faced higher participation requirements due to the simulation task.

To assess whether attrition is systematically related to baseline com-
petence, we compare pre-test financial knowledge between completers and
dropouts. As shown in Panel B of Table baseline knowledge is statisti-
cally indistinguishable across the two groups (Welch t-test, p = 0.48). This
result is corroborated by a multivariate logit model reported in Panel C,
where dropout is regressed on treatment assignment and pre-test financial
knowledge: while assignment to T1 and T2 significantly increases the prob-
ability of dropout, baseline financial knowledge does not predict attrition.

Taken together, these results indicate that attrition is differential across
experimental arms but not systematically related to pre-treatment financial
knowledge. While estimates throughout the paper are therefore conditional
on study completion, the absence of selection on observed baseline compe-
tence mitigates concerns that treatment effects are mechanically driven by

differential attrition.
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Table 16. Attrition analysis

C T1 T2

Panel A: Dropout rates
Number of students (pre-test) 234 235 235
Number of dropouts 54 83 82
Dropout rate (%) 23.1 35.3 34.9
Pearson’s x? test (p-value) 0.005
Panel B: Baseline financial knowledge
Pre-test score (non-dropouts) 0.577 (0.12)
Pre-test score (dropouts) 0.584 (0.13)
Welch two-sample t-test (p-value) 0.48
Panel C: Logit model for dropout
Treatment group T'1 0.600**

(0.207)
Treatment group T2 0.579**

(0.207)
Pre-test score 0.337

(0.548)
Observations 704

Note: **p<0.05. Panel A reports dropout rates by experimental arm; the reported p-value
refers to a Pearson’s chi-squared test of equality of dropout rates across groups. Panel
B reports mean pre-test financial knowledge scores (standard deviations in parentheses)
for students who completed the study and those who dropped out. Panel C reports
coefficients from a logit regression where the dependent variable equals one if the student

dropped out (robust standard errors in parentheses).
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7.3 Outcomes and Specifications

In terms of outcomes, we use three different types of outcomes: finan-
cial knowledge test scores, and financial decision-making outcomes captured
through both self-reported and incentivized portfolio-based measures. In-
tended behavior is measured via a portfolio allocation task that mirrors the
structure of the experimental game. Based on declared allocations, we com-
pute a design-based Sharpe ratio that reflects ex-ante portfolio efficiency, with
expected returns and risk imputed from the game’s known payoff structure
rather than estimated from data. Behavior-based outcomes are derived from
actual allocation choices made during the simulation. Using these observed
in-game allocations, we compute the same design-based Sharpe ratio, relying
on the identical return vector and variance—covariance matrix. As a result,
self-reported and in-game measures are directly comparable, differing only
in the source of portfolio weights (declared intentions versus realized behav-
ior), not in the underlying return-generating process. All measures are well
established and follow the standard of the FE literature. The contribution
of this paper lies within the design and evaluation of the intervention, not
the choice of outcome measure. As self-reported and incentivized outcomes
are available for comparisons between distinct groups, we do not specify one
main outcome category: for comparisons with the control group, we have to
rely on self-reported outcomes, as the incentivized outcomes are not avail-
able for the control group by definition. However, whenever we compare the
two different treatment groups, we can use the incentivized measures in ad-
dition, since both groups played the payoff-relevant simulation game. This

choice of outcome variables was predetermined by the experimental design.
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Exploratively, we also look at in-game risk attitudes measured by the share
of funds invested in risky assets.

In terms of covariates, we choose covariates that improve the estimation
by adding explanatory power, or that are of general interest in the litera-
ture on financial decision-making. However, we are aware that in a clean
experimental design, covariates are not a requirement, but may rather raise
concerns due to the degree of freedom they afford the researchers. Crucially,
all results hold when we remove all control variables — each regression table
in the paper provides the respective specification without controls.

In addition, Table[2]and Table[9|list all survey measures that were elicited
for full transparency. Section discusses treatment effect heterogeneity
along selected individual characteristics. These analyses are explicitly ex-
ploratory since they beyond the simple comparison of treatment group aver-
ages, and for some of these heterogeneities there is no strong ex-ante hypothe-
sis for why the treatment(s) should have stronger effects for certain subgroups
of students. A dedicated appendix reporting the full set of heterogeneity
specifications will be included in a subsequent version of the manuscript, in

line with the discussion in the main text.
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