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Abstract

This dissertation consists of four essays that address different aspects of the overall question

of what drives sustainable investment decisions. They serve the purpose of analyzing the role

of (ambiguous) information, examining the consequences of (motivated) beliefs, and investigat-

ing the effects of preferences. To answer the overarching question, three incentivized online

experiments are conducted. The first essay deals with the role of preferences, incentives, and

information for sustainable investment decisions and shows that motivated beliefs shape the ac-

quisition of information, which is subsequently used for investment decisions. The second essay

relates to the objective of this thesis by showing what determines investors’ perceptions of what

an appropriate definition of sustainable investments should entail. The paper provides causal

evidence that investors’ perspectives on this issue are influenced by motivated beliefs. These

beliefs are shaped by investors’ return expectations and their knowledge about the sustainabil-

ity characteristics of their previously selected investments in the experiment. The third essay

identifies the defining characteristics of the next generation of retail investors. Moreover, it

examines the predictive power of behavioral, demographic, and portfolio characteristics in iden-

tifying sustainable investor types. Finally, the last essay analyzes the characteristics of wealthy

private individuals with a propensity to invest sustainably. The results of this dissertation have

implications for policymakers, researchers, and financial institutions.



Zusammenfassung

Diese Dissertation besteht aus vier Aufsätzen, die sich mit verschiedenen Aspekten der Frage

beschäftigen, was nachhaltige Investitionsentscheidungen beeinflusst. Die Essays analysieren die

Rolle von (mehrdeutigen) Informationen, untersuchen die Folgen von (motivierten) Überzeugun-

gen und analysiere die Auswirkungen von Präferenzen. Zur Beantwortung der übergeordneten

Fragestellung werden drei anreizkompatible Online-Experimente durchgeführt. Der erste Auf-

satz analysiert die Rolle von Präferenzen, Anreizen und Informationen für nachhaltige Investi-

tionsentscheidungen und zeigt, dass motivierte Überzeugungen die Auswahl von Informationen

beeinflussen, welche im Anschluss für Investitionsentscheidungen genutzt werden. Der zweite

Aufsatz knüpft an das Ziel dieser Dissertation an, indem er aufzeigt, was die Vorstellungen von

Investoren darüber bestimmt, was eine angemessene Definition nachhaltiger Investments beinhal-

ten sollte. Der Aufsatz liefert kausale Belege dafür, dass die Wahrnehmung der Anleger zu diesem

Thema durch motivierte Überzeugungen beeinflusst wird. Diese Überzeugungen werden durch

die Renditeerwartungen der Anleger und ihr Wissen über die Nachhaltigkeitseigenschaften der

zuvor von ihnen im Experiment ausgewählten Anlagen geprägt. Der dritte Aufsatz identifiziert

Charakteristiken zukünftiger Privatanleger und untersucht die Vorhersagekraft von Verhaltens-

, demographischen und Portfoliomerkmalen bei der Identifizierung nachhaltiger Anlegertypen.

Abschließend behandelt der letzte Aufsatz dieser Dissertation die Charakteristiken vermögender

Privatpersonen mit einer Neigung zu nachhaltigen Investments. Die Ergebnisse der Dissertation

sind für politische Entscheidungsträger, Forscher und Finanzinstitutionen von Bedeutung.
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Chapter 1

1 Introduction

The climate crisis is one of society’s greatest challenges. According to Cartry et al. (2023), it re-

quires an estimated 7 trillion USD annually to finance the global green transition of the economy.

However, current investments fall short, with less than 2 trillion USD being invested annually. In

order to promote the greening of the economy, the European Commission has launched a series

of initiatives. To increase transparency in the market for sustainable investments and ultimately

attract more private capital for the financing of the transition, the EU requires companies to

disclose the impact of their activities on the environment and society (CSRD), and define sustain-

able economic activities (EU Taxonomy). In addition, financial firms must disclose the effects

of their financial products on society and the environment (SFDR), and investment advisors

are required to consider sustainability preferences in the Suitability Assessment when advising

financial products (MiFID II). To evaluate and improve the effectiveness of these regulations, it

is necessary to understand what drives sustainable investment preferences. The rapidly growing

literature has proposed several different explanations.

Existing research demonstrates that investors often have a preference to invest sustainably

(Barreda-Tarrazona et al., 2011; Hartzmark and Sussman, 2019; Bauer et al., 2021). Nonethe-

less, what drives sustainable investments is still unresolved. Riedl and Smeets (2017); Bauer

et al. (2021); Gutsche et al. (2023) posit that altruistic motives are the primary determinants

of sustainable investments. Indeed, some investors are even willing to accept lower returns or

higher fees in order to invest sustainably (Gutsche and Ziegler, 2019; Bauer et al., 2021; Engler

et al., 2023; Heeb et al., 2023). Conversely, Døskeland and Pedersen (2016) show that wealth

framing is more effective than moral framing for information-seeking and sustainable investment

behavior. In addition, Giglio et al. (2023) demonstrate that, independent of other investment

motives, only those investors who expect sustainable investments to outperform conventional

investments hold significant amounts of sustainable investments. It is important to note that

the market for sustainable investments is characterized by ambiguity, as there is no universal

definition of what constitutes a sustainable investment (Filippini et al., 2024), and sustainability

metrics often lack clarity (Dimson et al., 2020; Billio et al., 2021; Berg et al., 2022). Addi-

tionally, the performance of sustainable stocks relative to conventional ones remains uncertain

(Eccles et al., 2014; Friede et al., 2015; Pastor et al., 2021; Avramov et al., 2022; Bolton and

Kacperczyk, 2023; Latino, 2023; Bolton and Kacperczyk, 2024). Such ambiguity provides fer-

tile ground for motivated beliefs (Gino et al., 2016), posing a potential challenge to investors’

demand for sustainable investments. Given the initiatives to leverage financial markets for ad-

vancing the green transition (see, for example, Commission (2019a)), it is crucial to understand

1



the factors that drive sustainable investments and the barriers that deter sustainable investment

decisions. In this dissertation, I contribute four essays to this overall question. In these articles,

my co-authors and I analyze the role of (ambiguous) information, examine the consequences of

(motivated) beliefs, study the effects of preferences, and finally identify the characteristics of a

typical sustainable investor.

In Chapter 2, which is joint work with Andrej Gill and Florian Hett, we contribute to the

question of what drives sustainable investments by showing the effect of motivated beliefs on

information acquisition and subsequent sustainable investment decisions. Moreover, we investi-

gate the role of pecuniary and non-pecuniary motives in sustainable investments. To do so, we

conduct an online experiment with various incentive and information treatments and observe

investors’ reactions to these treatments within an incentivized stock market game designed to

elicit revealed preferences for socially responsible investments. This approach mitigates con-

cerns about experimenter demand effects (Haaland et al., 2023) and hypothetical bias (List and

Shogren, 1998; List, 2001; Harrison, 2006). We find that participants in our sample exhibit a

preference for sustainable investments and are willing to pay for sustainability information. Our

results indicate that both moral considerations and (perceived) financial incentives play a role

in motivating sustainable investments. In the second part of Chapter 2, we manipulate partici-

pants’ return expectations and examine how this affects their information acquisition regarding

the moral implications of sustainable investments and subsequent investment decisions. Our

results demonstrate a skewed information acquisition, which hinders the efficient transmission

of sustainability preferences. This skewed information acquisition not only rationalizes non-

sustainable investment choices but also influences subsequent investment decisions based on the

moral information acquired.

As previously elaborated, the definition of sustainable investments is still quite dispersed

around the world. Moreover, even within the European approach, clients are offered several

definitions of sustainability to suit their preferences (Commission, 2020a, 2022a). Chapter 3 is

joint work with Andrej Gill and Florian Hett and contributes to the overarching question by

examining the role of motivated beliefs in shaping perceptions of what sustainability definitions

should entail. People’s motivations influence how they gather and process information and recall

past experiences, resulting in beliefs that seem objective but are actually biased (Gino et al.,

2016). When the context allows for a plausible justification to act selfishly while maintaining

a moral self-image, individuals exploit these opportunities to prioritize self-interest over moral-

ity (Gino et al., 2016; Dana et al., 2007). We conduct an incentivized online experiment to

investigate how investors’ sustainability convictions are influenced by motivated beliefs. To in-

troduce these motivated beliefs, we exogenously vary participants’ return expectations and their

knowledge about the sustainability attributes of their previously selected investments in the

experiment. Moreover, we provide participants with three different definitions of sustainability

2



and display pro and con arguments for each of the definitions. Our findings provide causal evi-

dence that investors’ perceptions of what a sustainability definition should entail are shaped by

motivated beliefs, which emerge from the interplay between the sustainability attributes of their

existing portfolio holdings within the experiment and return expectations. Through open-ended

responses, we demonstrate that participants, despite being presented with identical arguments,

apply and interpret these arguments differently to justify their decisions. We argue that poli-

cymakers should consider motivated beliefs in regulatory frameworks. For example, the MiFID

II regulations should simplify the process of eliciting sustainability preferences to mitigate this

self-serving behavior channel.

In Chapter 4, I contribute to the overall question by employing Machine Learning method-

ologies on experimental data from Chapter 2 to identify the characteristics of typical sustainable

investors and evaluate the predictive power of behavioral traits, demographics, and portfolio

attributes in classifying investor types. Recent research highlights various factors and demo-

graphic variables that may influence sustainable investing, such as risk and return expectations

(Døskeland and Pedersen, 2016; Giglio et al., 2021; Degryse et al., 2023), altruistic tendencies

(Riedl and Smeets, 2017; Bauer et al., 2021), gender (Junkus and Berry, 2010; Anderson and

Robinson, 2022; Gutsche et al., 2023), age (Junkus and Berry, 2010; Riedl and Smeets, 2017;

Haber et al., 2022), educational background (Junkus and Berry, 2010; Anderson and Robinson,

2022; Montagnoli and Taylor, 2024), income and wealth (Haber et al., 2022; Gutsche et al.,

2023), and financial literacy (Anderson and Robinson, 2022; Gutsche et al., 2023; Montagnoli

and Taylor, 2024; Auzepy et al., 2024; Filippini et al., 2024). Nevertheless, the extent to which

these factors influence sustainable investing remains inconclusive, with some studies indicating

minimal or no significant effects (Riedl and Smeets, 2017; Haber et al., 2022; Anderson and

Robinson, 2022; Gutsche et al., 2023). To contribute to the overall research question, I start

by applying K-Means Clustering to construct data-driven investor personas (McGinn and Ko-

tamraju, 2008; Miaskiewicz and Kozar, 2011; Akre et al., 2019; Nielsen, 2019). The analysis

results in two typical investors: a non-sustainable and a sustainable investor. Subsequently, I

use Random Forests, XGBoost, K-Nearest Neighbor, and Logistic Regression models to forecast

sustainable investor profiles. The analysis reveals that while individual attributes like finan-

cial literacy, education, and income provide limited predictive power, portfolio characteristics

substantially improve the accuracy of the models.

Finally, in Chapter 5, in collaboration with Andrej Gill and Florian Hett, I address the re-

search question of this thesis by examining the unique characteristics of sophisticated, affluent

private investors who are inclined toward sustainable investing. This is especially relevant as

individuals with a net worth between 100,000 USD and 1 million USD possess 39.4% of all

private financial assets (Credit Suisse, 2023). Thus, due to their significant financial capac-

ity, these individuals are central to financing the green transition. However, most research on
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sustainable finance tends to focus on demographic groups with less wealth. We implement an

incentivized online experiment with wealthy clients from a German private bank, allowing us

to measure their revealed preferences for sustainable investments. This data is then matched

with the bank’s Investor Suitability Assessment, which includes details on income, wealth, risk

preferences, experience with financial products, age, and education. Our findings reveal a high

level of consistency between the investors’ self-reported information and the experimental data.

We identify a clear preference for sustainable investments among affluent private investors and

find a significant correlation between altruistic preferences and sustainable investments. For

investors who are new to ESG, this correlation is mainly driven by impact altruism, while for

those familiar with ESG, both impact and warm glow altruism influence their preferences. Ad-

ditionally, these investors are willing to pay for information that helps them to make sustainable

investment decisions. Finally, Chapter 5 shows that investors respond to information about the

risk-adjusted performance of sustainable investments.

The remainder of this thesis is structured as follows: Chapter 2 analyzes what factors drive

sustainable investments and studies the relationship between motivated beliefs, information ac-

quisition, and subsequent investment decisions. The following chapter deepens the understand-

ing of the role of motivated beliefs and describes their role in defining suitable sustainability

definitions. Chapter 4 uses Machine Learning algorithms to understand who the sustainable

investors are, while Chapter 5 analyzes the factors that influence wealthy private investors to

invest sustainably. Last, Chapter 6 concludes.
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Chapter 2

2 What Drives Socially Responsible Investments: The

Role of Preferences, Incentives, and Information

Fabian Braunab Andrej Gillac Florian Hettad

August 2024

Abstract

In order to gain insights into the factors influencing socially responsible in-
vestments (SRI), we present the results of an incentivized online stock market
game involving 643 participants. The study analyzes the role of preferences,
incentives, and information and provides two key findings. First, moral and
financial considerations play a role in sustainable investment decisions. We
show that warm glow and impact altruists invest significantly more sustainably
than non-altruists. Moreover, participants respond to information regarding the
moral implications of sustainable investments, as well as to (perceived) financial
incentives. Second, we demonstrate a behavioral mechanism that prevents effi-
cient sustainable investments. Investors opportunistically acquire information
on the moral consequences of SRI. As investors subsequently use the acquired
information to make investment decisions, this skewed information acquisition
prevents the efficient transmission of existing sustainability preferences. Our
findings have implications for researchers trying to understand what drives sus-
tainable investments and policymakers intending to attract private capital to
finance the green transition of the economy.

Keywords: ESG, Sustainable Finance, Behavioural Finance, Stock Market Game,
Experiment
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2.1 Introduction

A significant proportion of investors has a preference for sustainable investments (Barreda-

Tarrazona et al., 2011; Hartzmark and Sussman, 2019; Bauer et al., 2021). Indeed, some investors

are even willing to accept lower returns or higher fees in order to invest sustainably (Gutsche and

Ziegler, 2019; Bauer et al., 2021; Engler et al., 2023; Heeb et al., 2023). However, the question of

what drives sustainable investments remains unresolved. Riedl and Smeets (2017); Bauer et al.

(2021); Gutsche et al. (2023) posit that altruistic motives are the primary drivers of sustainable

investments. Conversely, Døskeland and Pedersen (2016); Giglio et al. (2023) argue that financial

considerations are the main determinants. To date, there are no convincing guidelines that define

and label sustainable investments consistently across the globe (Cordes et al., 2024; Filippini

et al., 2024).1 This may have significant implications for investors, as they can readily access

information on a vast array of investment strategies, potentially impeding their ability to invest

sustainably. As one example, Braun et al. (2024a) illustrate that motivated beliefs influence

investors’ convictions of what sustainability should entail in a setting with ambiguous definitions

of sustainability. In this paper, we want to analyze what influences sustainable investments and

whether frictions in the financial markets prevent an effective transmission of sustainability

preferences.

To analyze these questions, we employ an incentivized online experiment that allows us to

introduce several incentive and information treatments and observe participants’ reactions to

these treatments in a stock market game. This stock market game allows for the elicitation of

revealed preferences for socially responsible investments (SRI) while maintaining complete con-

trol over the information available to participants. Study subjects allocate their money between

real stocks, while we mask the true names of the stocks to prevent them from using outside

information. In order to ensure incentive compatibility, we pay out one of the chosen portfolios

to the investors after the experimental session and invest in the real stock market according to

the choices of the individuals within the stock market game. To analyze the (perceived) costs of

investing in sustainable stocks, we introduce an information and an incentive treatment. In the

information treatment, investors’ risk and return expectations are shifted by exogenously assign-

ing them articles stating the risk-adjusted overperformance (underperformance) of sustainable

stocks. In contrast, in the incentive treatment, participants receive a direct financial incentive

(disincentive) to invest sustainably. Finally, we randomly assign 50% of the participants to

choose between two research articles. One article describes the moral advantages of SRI, while

the other describes the moral disadvantages. The remaining participants serve as the control

group. The endogenous information acquisition reflects the moral flexibility of investors who

1We are aware of Europe’s attempts to establish a clear and binding sustainability framework, which represents
a step in the right direction. However, these are local regulations, while the capital markets are global. For further
details and an analysis of potential shortcomings of these regulations, please see Dumrose et al. (2022); Cordes
et al. (2024). Additionally, the International Financial Reporting Standards (IFRS) have attempted to establish
a global benchmark for sustainability reporting, but the extent of uptake remains unclear (IFRS, 2024).
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can find information to justify their (non-) SRI decisions, given the large amount of conflicting

information in the market for sustainable investments. Finally, we employ incentivized dictator

games to elicit altruistic preferences and assess demographic characteristics as well as risk and

return expectations.

The experiment yields three main findings. First, participants value sustainability and are

willing to pay around 6.75% of their endowment for ESG Score information assisting them to

make sustainable investment decisions. This predilection for sustainability is associated with

altruistic preferences. The results indicate that warm glow altruists and impact altruists hold

more sustainable portfolios than non-altruists.2 This has implications for regulators and financial

institutions. Secondly, our findings demonstrate that investors respond to the perceived costs of

sustainable investments. We show a significant impact of shifting the SRI risk and return beliefs

on sustainable investments. For instance, exposure to ESG overperformance (underperformance)

information increases (decreases) ESG Scores relative to their previous portfolio allocation by

33.6% (14.2%). In light of the political agenda to increase SRI,3 a promising avenue could be to

provide tax discounts on returns or to decrease the costs of investments by subsidizing this asset

class in retirement plans. Third, we provide evidence that investors opportunistically acquire

information on the moral consequences of SRI and then actively use this information for their

subsequent investment decisions. To illustrate, suppose investors have a clear incentive to invest

sustainably: They are 31% less likely to select information detailing the moral disadvantages

of sustainable investments than investors with a clear incentive not to invest sustainably. This

effect is driven by warm glow altruists who wish to feel good about their investment decisions.

Investors not only selectively acquire information but also act on it. Appropriate matching

indicates that reading information on the moral shortcomings of ESG decreases sustainable in-

vestments by 13.58 percentage points compared to reading information on the moral advantages

of sustainable investments. The demonstrated behavioural bias results in an inadequate trans-

mission of existing sustainability preferences in the financial markets and calls for regulations

that resolve information frictions in the market for sustainable investments.

Our project adds to the literature in multiple ways. First, we contribute to the literature

on sustainable investments. Investors demonstrate a preference for sustainability (Barreda-

Tarrazona et al., 2011; Hartzmark and Sussman, 2019; Pástor et al., 2020; Bauer et al., 2021)

and are even willing to forgo returns and pay higher fees to invest sustainably (Gutsche and

Ziegler, 2019; Heeb et al., 2023; Baker et al., 2022; Laudi et al., 2023; Engler et al., 2023).

We experimentally confirm that investors value sustainability and add the direct measurement

2For a discussion on the different motivations behind charitable giving, please see Andreoni (1989, 1990). He
introduces the concepts of pure altruism and warm glow, which we refer to as impact altruism and warm glow
altruism. Warm glow altruists exhibit a selfish motivation for giving, donating to feel good about themselves.
Conversely, impact altruists are completely selfless and give without expecting any personal reward. Impact
altruists are solely motivated by the benefits received by the recipient of the donation.

3One illustrative example is the European Green Deal initiative, which aims for net zero emissions by 2050
and argues that the attraction of private capital is essential to achieve that goal (Commission, 2019a).
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of investors’ willingness to pay for ESG Score information helping them to make sustainable

investment choices.

Moreover, the literature identifies altruistic preferences as one of the key drivers for sus-

tainable investments (Riedl and Smeets, 2017; Bauer et al., 2021; Heeb et al., 2023; Gutsche

et al., 2023). The seminal work of Riedl and Smeets (2017) correlates social preferences and risk

and return expectations with true sustainability holdings of Dutch bank clients and points out

that non-pecuniary rather than financial motivations drive sustainable investments. In addition,

Heeb et al. (2023) examine investors’ willingness to pay for sustainable investments and demon-

strate that this willingness to pay does not scale with more impact. They argue that warm glow

rather than impact altruism motivates sustainable investments. To our knowledge, our study is

the first to experimentally disentangle impact altruists and warm glow altruists, showing that

both altruistic types correlate with sustainable investment behavior. The distinction between

impact altruism, defined as utility derived from the benefits to others, and warm glow altruism,

characterized by personal satisfaction from the act of doing good (Andreoni, 1989, 1990), is cru-

cial for developing strategies that align with investor motivations and for regulatory frameworks

that support genuine sustainability outcomes. Braun et al. (2024c) find in a similar setting with

wealthy private investors a significant correlation with impact altruism, while the effect of warm

glow altruism is mixed.

The second main factor for sustainable investments identified in the literature is risk and re-

turn expectations on SRI (Døskeland and Pedersen, 2016; Riedl and Smeets, 2017; Dong et al.,

2022; Gutsche et al., 2023; Giglio et al., 2023; Braun et al., 2024c). Giglio et al. (2023) survey

Vanguard clients and observe that, although investors generally expect sustainable investments

to underperform the market, only those anticipating higher returns hold significant amounts of

ESG assets. Most similar to our study is Døskeland and Pedersen (2016), who use a natural

field experiment within an online banking context to demonstrate that financial framing is more

effective than moral framing in increasing sustainable investments. Our approach differs in two

ways: First, we investigate not only the effect of positive performance information but also ana-

lyze the effect of negative performance information on sustainable assets. Second, we introduce

direct positive and negative financial incentives, which allow us to calculate the needed monetary

incentive to increase sustainable investments by one percentage point. More broadly, we con-

tribute to the discussion on whether individuals driven by social reasons decrease their intrinsic

motivation to invest sustainably if their actions are perceived as financially advantageous (Frey

and Oberholzer-Gee, 1997; Mellström and Johannesson, 2008; Gneezy et al., 2011; Brodback

et al., 2019). Our findings demonstrate a significant reaction to increases and decreases in risk

and return expectations, consistent with the explanation that increases (decreases) in financial

utility outweigh decreases (increases) in social utility. Overall, our results contribute to the

understanding that both moral and financial factors influence sustainable investment behavior.
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Furthermore, our study adds to the literature on motivated beliefs4 and information acqui-

sition (Bénabou and Tirole, 2002; Dana et al., 2007; Golman et al., 2017; Sharot and Sunstein,

2020; Golman et al., 2022; Eyting, 2022) by linking these concepts to ambiguous information

in the context of sustainability. Individuals tend to reason their way to conclusions that favor

them (Epley and Gilovich, 2016). The authors note that people’s motivation influences how

they gather and process arguments or recall past experiences, resulting in beliefs that appear

objective but are actually biased. Individuals even prefer to have some ”moral wiggle room”,

which allows them to engage in selfish behavior without taking responsibility for the harm of

their choices to others (Dana et al., 2007). When the context provides sufficient flexibility to

allow plausible justifications for acting selfishly while remaining moral, people take advantage of

such opportunities to prioritize self-interest at the expense of morality (Dana et al., 2007; Gino

et al., 2016). Moreover, individuals stop seeking for information when they have an outcome that

favors them (Chen and Heese, 2021; Golman et al., 2022) or even actively avoid information to

feel better about themselves (Grossman and van der Weele, 2017; Golman et al., 2017; Momsen

and Ohndorf, 2020). In the context of evaluating sustainability definitions, Braun et al. (2024a)

show that the presence of different definitions of sustainability, each with ample justification for

being considered sustainable, leads participants to choose the one that offers them the greatest

benefit. Most similar to our study is Ambuehl (2024), which demonstrates that financial incen-

tives can systematically bias how individuals obtain and process information about transactions

that may be disadvantageous to themselves, such as consuming insects or taking risks. Our study

differs from the literature mentioned above by demonstrating that the perception of financial

incentives affects the acquisition of information regarding the moral implications of sustainable

investments, which subsequently influences investment behavior.

The remainder of the paper is structured as follows: Section 2.2 provides details on the

experimental design, the data collection, and key variables. Section 2.3 presents the main results,

and Section 2.4 discusses the results and concludes.

2.2 Experimental Design, Data Collection, and Key Variables

At the heart of our experiment is an incentivized stock market game where participants are asked

to assemble portfolios of real-world stocks under various information and incentive settings. The

experiment comprises four stages. After each stage, we elicit investors’ preferences for sustainable

investments.5 In the remainder of this section, we describe the experimental design and provide

an overview of the data collection process.

4See Epley and Gilovich (2016) for an overview on motivated beliefs.
5We use a comparable stock market game in Braun et al. (2024c) for a sample of experienced wealthy private

investors, which allows us to show distinctive characteristics of experienced investors. Detailed instructions on
all stages and measures are available upon request.
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Measurement of Revealed Sustainability Preferences: To elicit investors’ revealed sus-

tainability preferences, we employ an incentivized stock market game, designed to maintain

precise control over the information available to participants and to emphasize actual decision-

making. This approach effectively minimizes hypothetical bias (List and Shogren, 1998; List,

2001; Harrison, 2006; Harrison et al., 2008) and reduces the potential for experimenter demand

effects (Haaland et al., 2023), as participants make real financial decisions with tangible results.

Revenue

Figure 1: Trading desk
Notes: This figure presents the (translated) trading desk interface used by participants during the stock market game.
Each participant is endowed with 50,000 points and can allocate this endowment among five different stocks selected
from an assortment of 20. Initially, participants view key figures for each stock such as share price, past performance,
price-earnings ratio, revenue, and ESG Risk Score. By clicking on the stock’s name, participants receive additional
information, as illustrated in Figure 5, and have the option to purchase the stock.

Each participant is provided with a trading account to purchase up to five stocks from an

assortment of 20, representing a cross-section of the market.6 Real share prices and attributes

are used in the experiment, but company names are anonymized and prices are converted to an

experimental currency (points). This ensures that market gains or losses are directly reflected

in the experimental currency, simulating real-world stock behavior in a controlled environment.

Figure 1 provides a screenshot of the trading interface used in the game. Hovering over key

figures in the interface displays a short explanation of the indicator, and clicking on the stocks

name opens a detailed fact sheet with ten key figures for that stock, enhancing transparency

and aiding decision-making (see Figure 5 in the appendix for an example). Participants receive

publicly available information on past performance, dividends, price-to-earnings ratios, volatility,

and the stock price as of January 2019. Additionally, they are presented with 2020 data on equity

value, number of employees, revenue, debt ratio, and ESG Risk Score. Each participant starts

with a trading account containing 50,000 points to purchase up to five different stocks at January

6The selection process entails the application of several filters to a list of 100 publicly traded companies
sourced from Yahoo Finance. (1) Actual companies, excluding funds; (2) Fiscal year ending in December; (3)
Classification into ESG Risk Score ranges of 0-10, 10-20, 20-30, 30-40, 40+; and (4) Market cap categorizations
as small/mid-cap, large-cap, or mega-cap. The final selection of 20 companies is made randomly to ensure
proportional representation from each ESG category and market capitalization level. In the event that there are
insufficient sustainable firms in the largest market capitalization bin, firms from the next smaller bin are used.
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2019 prices from a pool of 20 stocks, using the buy button positioned above and below the fact

sheet.7 The stock market game is conducted after each of the first three stages explained below.

This approach yields three distinct measures of sustainability for each portfolio allocation. The

first, ESG Score, is the average ESG Score of the selected five stocks.8 Higher ESG Scores

imply greater sustainability. As this indicator provides the most comprehensive information on

sustainability, it is the preferred measure in this paper. The second indicator, # Sustainable,

counts the number of sustainable stocks in a portfolio.9 The third measure, # Sustainable d.,

is an indicator variable set to one if the portfolio includes more than two sustainable stocks.

To mitigate concerns regarding survey fatigue (Haaland et al., 2023), in the last part of the

experiment, participants state their sustainability preferences by allocating their endowment

between a sustainable and a non-sustainable portfolio with otherwise similar characteristics.

The measure % SRI is the share allocated to the sustainable portfolio in each of the last five

portfolio decisions.

Stage 1 - Measurement of Preferences, Expectations, and Demographics: The exper-

imental literature identifies altruism, risk aversion, risk and return expectations on sustainable

investments, gender, income, and financial literacy as possible determinants of SRI (Riedl and

Smeets, 2017; Gutsche and Ziegler, 2019; Bauer et al., 2021; Haber et al., 2022; Gutsche et al.,

2023; Montagnoli and Taylor, 2024). To elicit incentive-compatible measures of altruism, we

combine two dictator games paired with a charity where participants allocate eight euros be-

tween themselves and a selected charity (Crumpler and Grossman, 2008; Tonin and Vlassopoulos,

2010). The experimental design incorporates two types of dictator games: a standard dictator

game and a ”money-burning” dictator game. Unlike in the standard game, in the ”money-

burning” dictator game, the charity receives eight euros regardless of the participant’s donation.

This setup facilitates the identification of non-altruists and altruists and categorizes the latter

in a second step according to their altruistic motivations into impact altruists and warm glow

altruists. (i) altruists indicate individuals that donate something in at least one of the games

and reflect a combination of warm glow and impact altruistic motivations; (ii) impact altruists

are individuals that donate exclusively in the standard dictator game. They derive utility solely

from the benefit of the recipient of the donation and consider the giving of others as a perfect

substitute (Andreoni, 1989, 1990); (iii) warm glow altruists indicate individuals that donate in

both dictator games. These individuals receive satisfaction from the act of giving itself — hence,

giving by others is not a perfect substitute. Furthermore, we elicit risk aversion (Sutter et al.,

7Participants are required to select exactly five stocks, but they may choose to purchase the same stock
multiple times. Using the prices as of January 2019 allows us to instantly calculate the one-year portfolio returns
and pay out participants accordingly.

8In the experiment, participants are presented the raw ESG Risk Scores from Sustainalytics, where a higher
score indicates lower sustainability. For clarity, we linearly transform the ESG Risk Scores into ESG Scores using
the formula ESG Score = (2*mean(ESG Risk Score) - ESG Risk Score).

9Sustainable stocks are characterized by an ESG Risk Score below 20 (color-coded in grey and yellow). As 40%
of the stocks in the experiment are defined as sustainable, a random choice results on average in two sustainable
stocks.
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2013), risk and return expectations (Riedl and Smeets, 2017), financial literacy (Hastings et al.,

2013; Lusardi and Mitchell, 2008), ESG knowledge, and a set of demographics. See Table 7

in the appendix for a detailed definition of each of the variables. Stage 1 of the experiment

concludes with investors participating in the stock market game as described above to get a

baseline demand for sustainable investment.

Stage 2 - Measurement of the Willingness to Pay (WTP) for ESG Score Information:

To elicit investors’ consequential WTP for ESG Score information, we endow each participant

with a trading account of 50,000 points, which they can use to buy ESG Scores and stocks in

the subsequent steps. We rely on the Becker–DeGroot–Marschak method (Becker et al., 1964)

to determine investors’ WTP for ESG Scores. If a participant’s WTP is equal to or higher than

a random price [0-10,000 points], they gain access to the ESG Scores and must pay the random

price. If their WTP is lower than the random price, they neither receive the ESG Scores nor

have to pay anything. The variable WTP is measured by the number of points an investor is

willing to sacrifice to acquire the ESG Score information in the second portfolio decision. In the

final step of Stage 2, investors participate in the stock market game with the difference to the

baseline decision that, depending on their previous choices, they may not have access to ESG

Scores.

Stage 3 - Information Treatment - Reaction to Performance Information: The scien-

tific literature presents conflicting views on the financial implications of integrating sustainabil-

ity factors into the investment process. Some theoretical and empirical studies argue in favor

of higher risk-adjusted returns for non-sustainable assets (Hong and Kacperczyk, 2009; Chava,

2014; Pedersen et al., 2021; Bolton and Kacperczyk, 2021; Pastor et al., 2021; Avramov et al.,

2022; Bolton and Kacperczyk, 2024). In contrast, others suggest that, in the long run, the risk-

adjusted performance of sustainable assets is better or at least not worse (Kempf and Osthoff,

2007; Eccles et al., 2014; Dimson et al., 2015; Friede et al., 2015; Avramov et al., 2022; Berg

et al., 2022). To investigate participants’ causal reactions to changes in return expectations of

sustainable stocks, we exogenously vary the information provided about the risk-adjusted perfor-

mance of firms with high (low) sustainability ratings in an information treatment. We randomly

assign 50% of participants to receive a management summary titled “Why investing in stocks

with low ESG Risk Scores makes sense from a performance perspective”, while the remaining

50% receive a summary titled “Why investing in stocks with low ESG Risk Scores makes no sense

from a performance perspective”. Both summaries commence with a brief executive summary

of the subsequent pages, after which the factors environmental (E), social (S), and governance

(G) are introduced in a neutral manner. Scientific papers are utilized to elucidate the impact

of each factor on stock performance (further details are available upon request). Finally, in the

concluding phase of Stage 3, investors again engage in the stock market game as described.
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Stage 4 - Incentive Treatment - Reaction to Direct Financial Incentives in Infor-

mation Acquisition and Sustainable Investments: In the final part of the experiment,

we delve deeper into the role of direct financial incentives for information acquisition and sub-

sequent investment decisions. The experimental design involves four parts and is inspired by

Ambuehl (2024). First, participants take part in an incentive treatment and receive informa-

tion specifying the magnitude of the financial incentive to invest sustainably in the subsequent

portfolio allocation. They are randomly assigned to either the positive incentive group or the

negative incentive group. Specifically, the proctor subsidizes (reduces) the amount of sustainable

investments made by participants in the positive (negative) incentive group by 10%. Second,

50% of all participants are randomly selected to choose and read one of two research articles

that emphasize, respectively, the moral upsides or downsides of investing sustainably. Figure 2

displays the (translated) decision screen. Participants select between the articles “Why investing

in stocks with a low ESG Risk Rating makes sense from a moral perspective” and “Why investing

in stocks with a low ESG Risk Rating makes no sense from a moral perspective” by clicking the

respective button. The endogenous choice of the article reflects the investment decision-making

process in the real world, whereby investors select the information they deem most relevant. The

remaining 50% of the participants serve as the control group and skip this part of the study.

Figure 2: Selection of one of two articles on the moral implications of SRI
Notes: This figure displays investors’ decision screen for selecting between two articles on the moral perspectives of
investments in stocks with low ESG Risk Ratings (translated in English).

Third, all participants are provided with a trading account of 50,000 points and allocate

their endowment between a sustainable and a non-sustainable portfolio by moving a slider. We

dynamically display participants the value of the high-sustainability portfolio, the value of the

low-sustainability portfolio, and the overall portfolio value in their incentive group at the time of

their investment (see Figure 6 in the appendix for an example). Fourth, we ask participants about

their portfolio decisions (the two portfolios are the same as before) for different magnitudes of

the incentive (-20%, -10%, 0%, +10%, +20%). Individuals move a slider for each incentive level

to allocate their endowment of 50,000 points between the two funds. The decision the individual

made in the previous portfolio allocation cannot be changed and is shown for reference.
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Data Collection, Payment of Participants, and Incentive Compatibility: Data collec-

tion took place in an oTree-programmed (Chen et al., 2016) online experiment with participants

of the subject pools from Goethe University Frankfurt and Johannes Gutenberg University Mainz

between September 6th and 30th, 2021. To ensure incentive compatibility, we pay out one of

the dictator games or the risk elicitation task from the first stage and the value of one of the

portfolios from January 2020 in stages 1 to 4 at an exchange rate of 1 point = 0.0002 euros.

Specifically, participants are informed that we will randomly select one task from Stage 1 (each

task is drawn with a 33.33% probability) and one of the eight portfolios from stages 1 to 4 (each

portfolio is selected with a 12.5% probability). If the multiple price list risk elicitation task is

selected, we randomly determine the row to pay out (each of the ten rows are equally likely).

Additionally, participants are informed that the randomly selected portfolio will be purchased on

the real stock market, with 20% of its actual value financed through private funds. This ensures

that the participants are held morally accountable for their investments. All portfolio holdings

are held for a period of 12 months. Payments to participants and the selected charity were made

after the completion of the experiment. The median time spent in the experiment is 50 minutes,

and the median earnings are 18 euros per participant. This equates to an hourly wage of 21.60

euros, which is substantially more than students typically earned as student assistants in 2021

(10.91-12.68 euros). We use these comparably high incentives to ensure that the trades in the

stock market game reflect the choices participants would make on the real stock market.

Summary Statistics: The final sample comprises 643 participants.10 Table 19 provides sum-

mary statistics for all variables. The sample consists of 63% females, with an average monthly

net income of approximately 1,000 euros, which is higher than the median German student who

had a monthly income of below 500 euros in 2021 (Statista, 2021). The average age of partici-

pants is 24 years old, with 46% of them holding bonds, stocks, or funds. This is a relatively high

proportion, as only 15% of Germans aged between 20 and 29 years invest in the stock market.11

Additionally, participants demonstrate above-average financial literacy skills, answering 73% of

the financial literacy questions correctly.12 Furthermore, 40% were familiar with the concept of

ESG before this study, compared to 25% in the German population (IFNP, 2021). On aver-

age, participants believe sustainable stocks have about the same future performance but lower

risk compared to conventional stocks. Lastly, participants exhibit average pro-social attitudes,

donating an average of 44% of their endowment in the standard dictator game and 21% in the

”money-burning” dictator game.13

10We drop two participants from the original sample because we suspect them of having participated twice.
All results hold if we include these two.

11Stock market participation in Germany is relatively low with approximately 18% of the population aged 14
and above. Furthermore, the role of bonds in this sample is minimal, with only 34 participants reporting holding
some bonds, and of those, only 6 exclusively investing in bonds.

12Compared to a representative Dutch sample (van Rooij et al., 2011) where participants answer on average
54% and participants of a study with a German fintech company (Hett et al., 2022) where participants answer
on average 63% of largely similar questions correctly.

13Umer et al. (2022) conduct a meta-analysis and find that, on average, participants give 40-60% of their
endowment in standard dictator games with charities. In comparison, participants in Crumpler and Grossman
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Table 1: Summary statistics of the main variables for the student sample

Mean SD Min Max N

ESG Score (allocation 1) 22.86 6.78 5.66 36.87 643
ESG Score (allocation 2) 21.94 5.91 2.34 34.76 643
ESG Score (allocation 3) 20.95 8.92 -6.07 33.67 643
% SRI (allocation 4) 57.78 30.71 0.00 100.00 643
non altruist 0.16 0.36 0.00 1.00 643
warm glow altruist 0.49 0.50 0.00 1.00 643
impact altruist 0.36 0.48 0.00 1.00 643
WTP 3,375.14 2,448.06 0.00 10,000.00 643
age 24.23 4.07 16.00 62.00 643
student 0.83 0.37 0.00 1.00 643
lower SRI returns 3.80 2.01 0.00 7.00 643
lower SRI risk 4.77 1.76 0.00 7.00 643
risk aversion 0.46 0.14 0.00 0.94 643
income 2.02 1.17 1.00 5.00 643
female 0.63 0.48 0.00 1.00 643
financial literacy 7.34 1.97 0.00 10.00 643
inv. experience 0.46 0.50 0.00 1.00 643
sample Mainz 0.50 0.50 0.00 1.00 643
ESG knowledge 0.40 0.49 0.00 1.00 643
warm glow first 0.50 0.50 0.00 1.00 643
receive ESG info 0.32 0.47 0.00 1.00 643
overperformance 0.49 0.50 0.00 1.00 643
positive incentive 0.50 0.50 0.00 1.00 643
moral bad 0.58 0.50 0.00 1.00 332

Notes: Table 19 presents summary statistics. Definitions of these variables can be found in Table 7 (appendix). We
impute risk aversion with the median risk aversion value for those 25 individuals for whom we could not calculate risk
aversion due to multiple switching points in the risk elicitation task. Additionally, since only one treatment group could
select a story (moral bad), the number of observations in this category is reduced.

2.3 Results

Our primary objective is to shed light on the questions of what drives sustainable investments

and whether frictions prevent retail investors from (efficient) sustainable investments. Unless

stated otherwise, all analyses were pre-registered before data collection at the American Eco-

nomic Association’s registry for randomized controlled trials under AEARCTR-0008178. Please

remember that, given the definition of ESG Scores in our setting, higher ESG Scores indicate

greater sustainability.

2.3.1 Sustainability Preferences and the Willingness to Pay for ESG Score Infor-

mation

The Value of Sustainability for Investors: Our analysis starts with providing three pieces

of evidence showing that investors value sustainability: First, in portfolio allocation 1, all par-

(2008) give on average 20% of their endowment in money-burning dictator games with a charity as the recipient.
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Table 2: Sustainable investment choices are correlated with altruistic preferences.

(1) (2) (3) (4) (5)
ESG ESG ESG WTP WTP
Score Score Score

receive ESG info 5.161∗∗∗

(0.504)

WTP 0.258
(0.268)

lower SRI returns -0.381∗ -0.551∗ -0.543∗ 73.32 73.89
(0.219) (0.288) (0.288) (98.45) (98.57)

lower SRI risk 0.221 0.141 0.128 -8.851 -9.817
(0.234) (0.329) (0.331) (97.75) (98.28)

risk aversion 0.398∗ 0.687∗∗ 0.680∗∗ -12.83 -13.36
(0.212) (0.269) (0.270) (107.7) (107.7)

income 0.132 -0.130 -0.130 -55.05 -55.03
(0.230) (0.288) (0.288) (96.64) (96.70)

female 0.748 1.115∗ 1.115∗ 213.4 213.3
(0.517) (0.629) (0.630) (208.2) (208.4)

financial literacy 0.184 0.343 0.312 -65.86 -68.16
(0.238) (0.306) (0.308) (111.7) (112.8)

inv. experience -0.210 0.00344 -0.0248 -778.4∗∗∗ -780.5∗∗∗

(0.505) (0.602) (0.605) (204.4) (205.5)

sample Mainz -0.199 0.272 0.288 270.4 271.6
(0.447) (0.580) (0.579) (205.9) (205.6)

ESG knowledge -0.212 -0.386 -0.398 -402.0∗ -402.9∗

(0.530) (0.615) (0.615) (208.4) (208.8)

warm glow first 0.790 0.913 28.54 37.74
(0.544) (0.566) (185.3) (192.6)

altruist 2.178∗∗∗ 1462.1∗∗∗

(0.820) (263.2)

impact altruist 2.468∗∗∗ 1483.7∗∗∗

(0.901) (291.9)

warm glow altruist 1.943∗∗ 1444.5∗∗∗

(0.850) (278.4)

Constant 20.11∗∗∗ 19.95∗∗∗ 19.91∗∗∗ 2377.3∗∗∗ 2374.2∗∗∗

(0.608) (0.939) (0.939) (308.3) (307.7)

N 643 643 643 643 643
adj. R squared 0.195 0.0289 0.0285 0.119 0.117

Notes: Table 2 presents different OLS specifications showing (i) that receiving ESG Score information is significantly
associated with sustainable investments and (ii) altruistic preferences are significantly related to socially responsible
investments and the WTP for ESG Score information. The dependent variables are the mean ESG Score of subjects’
portfolio allocation 2 (Specification (1)), mean ESG Score of subjects’ portfolio allocation 1 (Specifications (2) - (3)), and
the WTP for ESG Score information (Specifications (4) - (5)). The most important explanatory variables are described
as follows: receive ESG Score: An indicator variable that takes the value one if the individual receives the ESG Score
information in portfolio allocation 2; lower SRI returns: The investor’s response to the statement “I expect shares with
a high ESG Score to underperform conventional shares.”; lower SRI risk : The investor’s response to the statement “I
expect shares with a high ESG Score to have lower price fluctuations than conventional shares.”; altruist: An indicator
variable that is one if the participant donates something in at least one of the dictator games; impact altruist: An
indicator variable that is one if the individual donates exclusively in the standard dictator game; warm glow altruist:
An indicator variable that is one if the participant donates in both dictator games. See Table 7 (appendix) for detailed
descriptions of all variables. Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels,
respectively.
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ticipants receive ESG Scores along with various other pieces of information. The average ESG

Score from this baseline investment decision is 22.86, significantly exceeding the expected score

of 18.33 for a randomly selected portfolio (t-test; p < 0.01). This result is robust to other

definitions of sustainability (# sustainable; # sustainable d.; p < 0.01). Second, in Stage 2 of

our experiment, some participants receive the ESG Score information and can use it to build

their portfolio, while others do not. Specification (1) in Table 2 demonstrates that receiving the

ESG Score information significantly increases the mean ESG Score of the portfolios. This spec-

ification presents the results of an OLS regression in which the dependent variable is the mean

ESG Score of portfolio allocation 2. The explanatory variable is an indicator variable that takes

the value of one if an investor received the ESG Score information and zero otherwise, while

we control for the WTP for ESG Scores, risk and return expectations, and several demographic

variables.14 Having the opportunity to trade based on the ESG Score information is correlated

with an increase in the ESG Score of the selected portfolio of on average 5.19 points (p < 0.01).

This translates into an increase of 24% compared to the mean ESG Score of all individuals in

Stage 2 of the experiment. This result is robust to changing the sustainability measure as the

dependent variable and for different specifications of the control variables (Table 8, appendix).

Lastly, 53% of the participants state that they currently own or plan to acquire sustainable

investments within the next three years. These results are in line with the literature that estab-

lishes investors’ sustainability preferences (see e.g., Barreda-Tarrazona et al. 2011; Hartzmark

and Sussman 2019; Pástor et al. 2020; Bauer et al. 2021). Taken together, the evidence raises

the question: Do investors have a WTP for sustainability information?

Investors WTP for ESG Score Information: We measure the direct WTP for ESG Score

information that enables participants to invest sustainably. Our analysis suggests that partici-

pants in our sample are willing to pay on average 3,375 points, or 6.75% of their endowment, for

sustainability information, which is significantly more than zero (t-test; p < 0.01). This result

is in line with the literature stating that investors are willing to forgo returns and pay higher

fees to invest sustainably (Gutsche and Ziegler, 2019; Heeb et al., 2023; Baker et al., 2022; Laudi

et al., 2023; Engler et al., 2023).

Result 1: Investors demonstrate a preference for sustainability and are willing to pay for ESG

Score information that enables them to make sustainable investment decisions.

Having established participants’ sustainability preferences and their WTP for information

that enables them to invest sustainably, the question is whether these preferences are effectively

translated into actual sustainable investments, or whether there are real-world frictions that

prevent an effective transmission into actual investments. To answer that broader question we

start by analyzing what drives SRI. The literature identifies financial (Døskeland and Pedersen,

14This part of the analysis is exploratory and adds evidence that investors in our sample value sustainability.
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2016; Dong et al., 2022; Giglio et al., 2023) as well as non-pecuniary motivations (Riedl and

Smeets, 2017; Bauer et al., 2021; Heeb et al., 2023; Gutsche et al., 2023) as potential factors

influencing the decision to invest sustainably. In order to identify the key drivers of sustainable

investments, we begin by analyzing the impact of altruistic preferences on sustainable invest-

ments, while controlling for risk and return expectations. Subsequently, we delve deeper into

the effects of financial motivations.

2.3.2 Altruistic Preferences, SRI and the WTP for ESG Score Information

Given that regulators want to use the financial markets to finance the green transition of the

economy, understanding the distinction between warm glow and impact altruistic preferences is

essential. Key studies highlight altruistic preferences as crucial for sustainable investment deci-

sions (Riedl and Smeets, 2017; Brodback et al., 2019; Bauer et al., 2021; Gutsche et al., 2023;

Heeb et al., 2023). What remains unclear is whether sustainable investments are mainly driven

by warm glow or impact altruistic preferences. If primarily impact altruists invest sustainably,

investment product providers should highlight the tangible impacts of their products, such as

contributions to sustainable development goals, emission reductions, or improved labor condi-

tions (Gutsche et al., 2023). Hence, there is no need for regulators to act, as sustainable investors

focus on the impact of the investments. Therefore, greenwashing attempts will be identified by

the investors and screened out of the market.15 On the other hand, if predominantly warm glow

altruists buy sustainable investments, the focus of financial institutions should be on products

that are labeled and perceived as sustainable and therefore provide emotional satisfaction, even

if the actual impact is minimal (Gutsche et al., 2023). Hence, regulators should prevent green-

washing attempts by providing clear labels and guidelines that explicitly define what sustainable

investments should entail.16

Being Altruistic and Pursuing a Sustainable Investment Strategy: Specifications (2)

- (3) in Table 2 present OLS regression results with the ESG Score of portfolio allocation 1

as the dependent variable, indicating a positive correlation between altruistic preferences and

sustainable investments, controlling for risk and return expectations and demographics. Column

(2) displays a statistically significant positive correlation between being an altruist and the ESG

Score in the baseline decision of the stock market experiment (p < 0.01). Altruistic individuals

hold portfolios with 2.18 higher ESG Scores compared to non-altruists, which is 9.5% higher

than the mean ESG Score of all individuals. Column (3) categorizes all altruists into impact

altruists and warm glow altruists. The results show that both altruistic types are correlated

with sustainable investment behavior. Being an impact altruist is correlated with 2.47 higher

15The withdrawal of products may result from concerns regarding the issuer’s reputation or a decline in demand,
which ultimately leads to inadequate profits.

16The removal of ambiguity eliminates the rationale that warm glow altruists employ to justify questionable
investments as sustainable. Consequently, they may be more inclined to invest in genuinely sustainable opportu-
nities.
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ESG Scores (p < 0.01), while being a warm glow altruist is correlated with 1.94 higher ESG

Scores (p = 0.02) compared to non-altruists, ceteris paribus. This translates into increases

of 8.5% to 9% compared to the average ESG Score in the baseline portfolio allocation. Wald

tests show no significant differences between being an impact altruist or a warm glow altruist

(p = 0.38). Specifications (4) and (5) in Table 2 confirm the prior results and demonstrate a

sizable correlation between the WTP for ESG Score information and being an impact altruist

(warm glow altruist), controlling for demographics and risk and return expectations (p < 0.01).

Robustness analyses demonstrate that all results of Specifications (2) - (5) hold for alternative

specifications of altruistic preferences (Table 9, Panel A, appendix) and are qualitatively the same

for alternative specifications of sustainability (Table 9, Panel B, appendix).17 We confirm that

warm glow motivations play a role in sustainable investment decisions, but overall we find no

significant differences between warm glow and impact altruists. Concluding, as a significant

portion of investors seems to be motivated by warm glow altruism, regulators must provide

clear guidelines for the definition of sustainable (impact) investments to prevent greenwashing

attempts that address warm glow altruists.

Result 2: Both, warm glow altruists and impact altruists are more likely to invest sustainably

than non-altruists. However, we find no differences in the degree of sustainable investments

between warm glow altruists and impact altruists.

2.3.3 Perceived Financial Incentives and SRI

After showing the impact of non-pecuniary motives on sustainable investments, we next address

the question of which role financial motives play in sustainable investment decisions. In the first

step of our analysis, we take an exploratory approach and follow Riedl and Smeets (2017) to

analyze the correlation between return (risk) expectations of SRI and investments in sustainable

stocks. Specifications (2) and (3) in Table 2 report a statistically significant negative correlation

of the variable lower SRI returns with sustainable investments (p = 0.06), while the coefficient

of lower SRI risk is not significant (p = 0.7). A one standard deviation reduction in expected

returns of sustainable stocks compared to conventional ones decreases the ESG Score by 2.4%

compared to the average ESG Score in the baseline portfolio allocation. This provides an initial

indication that financial incentives might influence investment behavior and raises the question:

Do investors react to changes in their risk and return expectations of SRI?

According to standard economic theory, investors react to financial incentives (Markowitz,

1952); however, if social factors are the primary motivation for investors to engage in sustainable

investments, financial incentives might not only fail to enhance sustainable investment levels but

17We have pre-specified the altruism specifications in Table 9, Panel A (appendix) in our pre-analysis plan.
However, because we later use the different altruistic types for exploratory heterogeneity analysis, we report them
as our main specification.
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could even decrease them (Frey and Oberholzer-Gee, 1997; Mellström and Johannesson, 2008;

Gneezy et al., 2011; Brodback et al., 2019). This issue becomes particularly significant con-

sidering the observed correlation between being altruistic and socially responsible investments.

Døskeland and Pedersen (2016) utilize the Levitt and List (2007) framework, which posits that

utility derived from financial and social benefits is additively separable, in the context of sustain-

able investments. Expanding this model to include the potential negative impacts of financial

incentives on the social utility associated with sustainable investments highlights four possible

responses to performance information: When investors are presented with information showing

the superior performance of sustainable stocks, they may (i) increase their sustainable invest-

ments as the financial incentives are consistent with their social objectives, thereby deriving

utility from both the financial and social aspects of their investments. Alternatively, (ii) higher

financial returns could diminish the intrinsic motivation for pro-social behaviors, such as in-

vesting sustainably, potentially resulting in unchanged or decreased sustainable investments as

the social benefits are negated by the financial gains. This is consistent with the findings of

Mellström and Johannesson (2008) in the context of blood donation and Brodback et al. (2019)

who indicate that altruists’ motivation to invest sustainably decreases if they expect higher

returns from these investments. Conversely, when exposed to information indicating the under-

performance of sustainable stocks, (iii) investors may reduce their sustainable investments if the

financial disadvantages significantly outweigh the social benefits. On the other hand, (iv) such

information might have no effect or even increase sustainable investment levels if the perceived

social benefits surpass the financial drawbacks, as the social value of these investments might

rise with the financial disutility.

We exogenously vary the risk-adjusted performance expectations of high-sustainability stocks

at two points in the experiment. First, in Stage 3 of the experiment, we introduce an informa-

tion treatment that exogenously varies the information on the risk-adjusted performance of

high-sustainability firms. This is followed by a participation in the stock market game, which

allows us to analyze the within-subject change in investment behavior. Second, in Stage 4 of

the experiment, we introduce an incentive treatment that exogenously varies the direct financial

incentives to invest in a high-sustainability portfolio. Participants subsequently allocate their

endowment between a sustainable and a non-sustainable portfolio. Table 10, Panels A and B

(appendix), demonstrates that the randomization between the treatments overall worked. To

address concerns regarding differences in sustainability preferences before the information treat-

ment in Stage 3 (Panel A), we employ an individual fixed effects regression. Most importantly,

we observe no differences in sustainability preferences for the incentive treatment in Stage 4

(Panel B).

Reaction to the Information Treatment: We start by analyzing the effect of the informa-

tion treatment. To address minor pre-treatment differences in baseline sustainability demand
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and show the impact of within-subject reactions to overperformance and underperformance in-

formation, we apply an individual fixed effects regression model as the preferred specification:

ESGit = α+ β1 · overperformanceit + β2 · underperformanceit + γi + ϵit (1)

where ESGit represents the mean ESG Score for individual i at time t, overperformance and

underperformance are treatment assignment indicator variables, γi represents individual fixed

effects, and ϵit is the error term.

Table 3: Participants’ investment behavior reacts to information regarding the overperformance
and the underperformance of sustainable stocks.

(1) (2) (3) (4)
ESG ESG ESG ESG
Score Score Score Score

overperformance 7.035∗∗∗ 7.065∗∗∗ 6.277∗∗∗ 7.531∗∗∗

(0.426) (1.235) (0.724) (0.577)

underperformance -2.973∗∗∗ -0.922 -2.456∗∗∗ -4.106∗∗∗

(0.482) (1.163) (0.780) (0.712)

Constant 20.95∗∗∗ 18.78∗∗∗ 21.53∗∗∗ 21.21∗∗∗

(0.161) (0.423) (0.269) (0.228)

N 1286 200 462 624
fixed effects yes yes yes yes
sample split - non impact warm glow

altruists altruists altruists

Notes: Table 3 uses individual fixed effects regressions showing that investors’ investment behavior significantly reacts to
receiving risk-adjusted overperformance and underperformance information. The dependent variable, ESG Score, is the
mean ESG score of individual i at time t ∈ {1, 3} (baseline and post-treatment portfolio allocations). Overperformance
is an indicator variable set to one if individual i received the overperformance information at any time t, and zero
otherwise. Similarly, Underperformance indicates whether individual i received underperformance information at any
time t. Specifications (2) - (4) are exploratory; Specification (2) includes only altruistic investors, while Specification
(3) is restricted to impact altruists and Specification (4) comprises exclusively warm glow altruists. Significance levels
are indicated by *, **, and *** for the 10, 5, and 1 percent levels, respectively.

Table 3 presents the regression outcomes. Column (1) indicates that exposure to ESG over-

performance (underperformance) information significantly increases (decreases) ESG Scores rel-

ative to the baseline portfolio allocation of the same individual (p < 0.01), with changes of

33.6% (14.2%) respectively. In an exploratory analysis, we evaluate if all types of altruists re-

act to performance information. Specifications (2) - (4) demonstrate a significant increase in

ESG holdings after receiving overperformance information for non-altruists, impact altruists,

and warm glow altruists (p < 0.01). Contrarily, we observe a significant decrease in ESG Scores

after receiving underperformance information for impact altruists (Specification (3); p < 0.01)

and warm glow altruists (Specification (4); p < 0.01), while there is no significant reaction of

non-altruists (Specification (2); p = 0.43). The most likely reason is that non-altruists already

hold significantly less sustainable portfolios in the baseline portfolio allocation compared to altru-

ists (see e.g., Table 2). Taken together, altruistic individuals strongly react to overperformance
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and underperformance information, while non-altruists only adjust their investment behavior

after receiving overperformance information. We therefore find no evidence for crowding out of

perceived financial incentives due to decreased social utility.

Given the different underlying motivations to invest sustainably for impact altruists and

warm glow altruists, we exploratory analyze if warm glow altruists react stronger to performance

information than impact altruists (and non-altruists). Table 12 (appendix) displays an OLS

regression using the difference between pre- and post-treatment ESG Scores as the dependent

variable and the interaction of being in the overperformance treatment and being a warm glow

altruist as the variable of interest. The interaction effect shows that warm glow altruists react

significantly stronger to the information treatment than impact altruists (Specification (1); p =

0.04) and all non-warm glow altruists (Specification (2); p = 0.02). This finding is robust to

different measures of sustainability (Specifications (3) - (6); all p < 0.06). One interpretation

of this finding is that warm glow altruists want to feel good about their investment but do

not care about the true impact, therefore the financial gain of not investing sustainably in

the underperformance treatment might outweigh the decreasing social utility of not investing

sustainably. On the other hand, they react strongly to the benefits of the overperformance

treatment as they get high financial returns while still feeling good about investing sustainably.

Reaction to the Incentive Treatment: For the last part of the evidence on the role of (per-

ceived) financial incentives on SRI, we exogenously vary the direct financial incentive to invest in

a high-sustainability portfolio. Figure 3 shows the share of SRI for every investor, broken down

by each treatment (only no study group to analyze exclusively the incentive effect). Two things

are worth noting. First, although participants in the negative investment incentive treatment

get deducted ten percent of their endowment which they invest in the high-sustainability port-

folio, a substantial number of investors still have a large preference for SRI. Second, providing a

positive financial incentive substantially increases SRI. Specification (1) in Table 13 (appendix)

demonstrates that receiving a positive financial incentive increases SRI by 55% compared to

those who received a negative incentive (p < 0.01). This result also remains stable once controls

are added (Specification (2)). It is worth noting that the magnitude of the incentive and the

information treatment effect is about the same (p = 0.6310) for participants in the no-study

group.18 Table 14 (appendix) confirms the previous result that investors react to incentives

and adds that investors react significantly differently to various levels of positive and negative

incentives (p < 0.01).

18We repeat this analysis for the study group and show that while the incentive effect remains about the same,
the risk-adjusted information effect decreases to about half (p < 0.01). This is most likely due to the interaction
between the overperformance information and the study on the moral consequences of sustainable investments.
Moreover, incentives also shift which study is endogenously chosen and how incentives change how the information
is processed (see subsection 2.3.5).
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Figure 3: Direct financial incentives matter for sustainable investment decisions.
Notes: This graph displays the share of investments in the sustainable portfolio for each investor in the positive (negative)
incentive treatment. Investors in the positive incentive treatment receive a subsidy of 20% on their investment in the
sustainable portfolio, while investors in the negative incentive treatment are deducted 20% of their investment in the
sustainable portfolio. We exclude all participants with the possibility to pick a story on the moral consequences of SRI
to focus on the pure incentive effect.

Taken together, we find no evidence supporting the crowding out hypothesis for SRI. On

the contrary, we establish a strong positive causal effect of (perceived) monetary incentives on

SRI. Shifting participants’ beliefs about the risk-adjusted financial consequences of SRI has a

significant and economically meaningful impact on their investment decisions. This contradicts

the literature, which states that social preferences drive SRI while financial factors only play a

minor role (e.g., Riedl and Smeets 2017; Bauer et al. 2021). One reason for this might be that

existing research usually relies on survey questions to ask about risk and return expectations

and measures their correlation with SRI. Dong et al. (2022) show that investors in self-reported

non-incentivized survey questions systematically understate their expectations on the perfor-

mance of sustainable assets to create a positive self-image via social signaling. In Table 2, we

replicate the most common approach in the literature and show a marginally significant effect

of return expectations on SRI holdings. On the contrary, in the information as well as in the

incentive treatment, we exogenously shift the beliefs of risk and return expectations of sustain-

able investments and therefore infer the direct effect of changed beliefs on SRI. To conclude, risk

and return expectations of SRI play a crucial role in the investment process. Participants react

to both performance information and direct financial incentives in line with standard economic

theory.

Result 3: Investors react to (perceived) financial incentives according to standard economic
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theory. Heterogeneity analysis reveals that warm glow altruists adjust their investment behavior

the strongest.

These results raise the question: Can financial markets efficiently implement individuals’

sustainability preferences, or are there frictions preventing an effective allocation of capital?

Given the high degree of conflicting information in the market for sustainability, this question is

highly relevant. As of today, there are no mandatory guidelines that define and label sustainable

investments consistently across the world (Filippini et al., 2024). Currently, two major issues

exist. First, there is only limited common ground for the reporting of sustainability information

for firms, making it challenging to compare the available information between firms.19 Second,

different ESG rating agencies not only use different inputs but also differ in their methodologies,

resulting in highly heterogeneous ratings of the same firms between different rating agencies

(Dimson et al., 2020; Billio et al., 2021; Avramov et al., 2022; Berg et al., 2022). Moreover,

even if we take a certain definition of sustainability as given, the results on the performance

of sustainable stocks are mixed (Eccles et al., 2014; Friede et al., 2015; Pástor et al., 2020;

Pastor et al., 2021; Avramov et al., 2022; Bolton and Kacperczyk, 2023; Latino, 2023; Bolton

and Kacperczyk, 2024). Taken together, various frictions currently exist in the market for

sustainable products.

There are four possible outcomes of these frictions, each with different implications for re-

search and policy, depending on (i) whether people selectively acquire information and (ii)

whether people use the acquired information accordingly. First, if investors acquire informa-

tion independently of their beliefs about the risk and return expectations of SRI and do not use

the acquired information in any way, there is no need for action. Second, if investors acquire

information independently of their beliefs about the risk and return expectations of SRI and

subsequently use the acquired information to inform their investment decisions, the ambiguous

information induces noise in the investment decisions. Therefore, we argue for transparency

and clear rules for ESG rating agencies. Third, if investors selectively acquire information but

do not use this information for further trading, they rationalize their planned (non-) SRI deci-

sion by selectively acquiring information. Hence, resolving the frictions won’t affect individuals’

SRI decisions because these people would have made the same decision anyway; therefore, no

further actions are needed. Fourth, if investors selectively acquire information and then use

this information for their subsequent trades, resolving the information frictions and providing

clear data and labels enables an effective transmission of individuals’ sustainability preferences.

19The Corporate Sustainability Reporting Directive (CSRD) addresses this issue for large European companies
as well as non-European companies that generate over EUR 150 million in the EU market. Starting from 2025,
companies must publish regular reports on their environmental and social impact activities (starting with the
fiscal year 2024) (Commission, 2022b, 2024). Furthermore, the IFRS developed the International Sustainability
Standards, which apply from the fiscal year 2024 onwards and are intended to provide guidance for a global
baseline in sustainability disclosure (IFRS, 2024). The standard is not mandatory, and although the IFRS has
been quite successful in setting standards in the past, the future uptake of the sustainability standards remains
unclear.

24



This is especially important because information frictions not only induce noise into individuals’

decision-making but also introduce a behavioral mechanism that prevents people from mak-

ing the decisions they would have made without the frictions. In the next step, we test these

four different scenarios, starting with the question of whether individuals acquire information

opportunistically.

2.3.4 Incentives and Information Acquisition

For this part of the analysis, we only include the 50% of our participants who can endogenously

choose between two research articles: one explaining the moral advantages of SRI (henceforth

referred to as the ”moral good article”) and the other stating the moral disadvantages of SRI

(hereinafter referred to as the ”moral bad article”). By making the choice of the research article

endogenous, we operationalize the real-world situation where information on every possible point

of view is available (see the discussion in the previous subsection), and people can select which

information they want to read and subsequently include in their decision-making process.

Figure 4: Individuals with clear negative incentives are more likely to select the moral bad
article.
Notes: This graph displays the proportion of individuals choosing the moral bad story by (perceived) financial incentive.
The result shows that participants with clear positive incentives are less likely to choose the moral bad story than
participants with a clear negative incentive. Participants with a clear positive incentive are those investors who are part
of both the overperformance treatment group and the positive incentive treatment group. On the other hand, participants
with a clear negative incentive are part of the underperformance treatment group and the negative incentive treatment
group. The whiskers denote the 95% confidence intervals. See Table 15 for the corresponding regression results.

Figure 4 illustrates the mean probability of selecting the moral bad story based on (perceived)

financial incentives.20 Those individuals with clear negative financial incentives to invest in

20Deviating from the pre-analysis plan, in our main specification we only include those individuals who have a
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SRI (negative investment incentive and underperformance of SRI research article) select the

article outlining why it makes no sense to invest sustainably from a moral standpoint with

a probability of 66.30%, whereas individuals with clear positive financial incentives (positive

investment incentive and overperformance of SRI research article) are 15.6 percentage points

less likely to pick the mentioned research article (p = 0.052, Specification (1), Table 4). This

suggests that individuals with clear negative incentives to invest in high-sustainability firms are

30.80% more likely to pick the moral bad story than those who exogenously receive clear positive

incentives.

Table 4: (Perceived) financial incentives skew information acquisition on the moral conse-
quences of sustainable investments.

(1) (2) (3) (4) (5)
moral moral moral moral moral
bad bad bad bad bad

clear positive incentives -0.156∗ 0.0333 -0.0397 -0.313∗∗∗ -0.0170
(0.0795) (0.226) (0.126) (0.115) (0.109)

warm glow altruist 0.0965
(0.109)

clear positive incentives * -0.296∗

warm glow altruist (0.158)

Constant 0.662∗∗∗ 0.667∗∗∗ 0.611∗∗∗ 0.719∗∗∗ 0.622∗∗∗

(0.0543) (0.166) (0.0825) (0.0807) (0.0732)

N 152 19 64 69 152
adj. R squared 0.0185 -0.0575 -0.0145 0.0852 0.0307
sample split - non impact warm glow -

altruists altruists altruists

Notes: Table 4 presents an OLS regression showing that individuals receiving clear positive incentives are less likely
to select the article outlining the moral shortcomings of SRI. Moral bad refers to a dummy variable that is one if an
individual selects and reads the article ”Why investing in sustainable stocks makes no sense from a moral point of
view”. The clear positive incentives dummy variable is equal to one if the investor is part of both the overperformance
treatment group and the positive incentive treatment group. The indicator variable is zero if the individual is part of
the underperformance treatment group and the negative incentive treatment group. Warm glow altruist is an indicator
variable that is one if the participant donates in both dictator games. Lastly, the clear positive incentive * warm
glow altruist is the interaction effect of the two previously specified variables. Specifications (1) and (5) include all
individuals, while Specifications (2) - (4) focus on non-altruists, impact altruists, and warm glow altruists respectively.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.

Exploratory heterogeneity analysis shows that this effect is entirely driven by warm glow

altruists. While non-altruists (Specification (2), p = 0.88) and impact altruists (Specification

(3), p = 0.75) do not react to (perceived) financial incentives, warm glow altruists react strongly

(p < 0.01). Specification (5) demonstrates that warm glow altruists are 48% less likely to select

the moral bad research article if they perceive financial incentives to do so, compared to all

clear positive or a clear negative incentive. The reason is that we do not know how unclear (perceived) financial
incentives (positive financial incentive and negative risk-adjusted performance information or vice versa) influence
individuals’ aggregated beliefs about the financial consequences of SRI. The effects of the pre-registered version
are in the expected direction but not statistically significant (Specification (3) in Table 15, appendix; p = 0.25).
This effect is driven by warm glow altruists (Specification (2)).
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other individuals who receive negative financial incentives to invest sustainably (p = 0.06). To

conclude, we find evidence for the hypothesis that motivated beliefs influence the information

acquisition process. Warm glow altruists use the moral ’wiggle room’ to selectively acquire the

information which is most in line with their (perceived) financial incentives. This is in line with

the idea that they want to feel good about their investment decision. Selecting information

that tells them that sustainable investments are morally bad anyway can help them justify their

subsequent investment decision.

Result 4: Participants opportunistically acquire the information on the sustainability of invest-

ments that are most in line with their (perceived) financial incentives. This effect is driven by

warm glow altruists.

This result raises the question of the effect of skewed information acquisition on SRI. Do

people just pick the information most in line with their financial incentives and then follow

through with the investment decision they wanted to make anyway, or do participants actively

use the acquired information? If the latter is true, information frictions prevent people from

making sustainable investment decisions, and policy actions are required.

2.3.5 Reaction to Information on Moral Consequences

To answer this question, we begin by exploratory analyzing the correlation between choosing the

moral bad article and SRI. Individuals who select the moral bad article invest 12.69 percentage

points less in the sustainable portfolio than their counterparts (p < 0.01), which translates into a

decrease in sustainable investments of 19.5%. There could be two different reasons for this result.

First, participants might actively select the information that aligns with the decision they would

have made anyway to justify their behavior. If this is the case, we should find no effect of actually

reading the research articles on the final investment decision. Second, participants might use the

information to justify their behavior, and by reading this research article, they further convince

themselves (not) to invest sustainably. To distinguish between these two scenarios, we use a

nearest-neighbor matching approach including all participants in our analysis.21

For every single participant who reads one of the two articles, we search for a perfect match

among the participants who did not have the chance to read an article. We use exact matches for

the information and incentive treatment as well as for the altruistic type. Additionally, we look

for the nearest neighbors in expected ESG return, gender, risk attitude, and financial literacy.22

21Nearest neighbor matching was not pre-registered; however, it offers two main advantages: First, it allows us
to quantify the direct effect of reading the provided stories. Second, due to the interaction between the incentive
and the information treatment, we cannot use the original approach. The results of the pre-registered regression
can be found in Table 16 (appendix).

22We select the altruistic type, overperformance, and positive incentive as exact matches as these variables
have shown a strong impact on SRI and we use altruistic types for heterogeneity analysis. Furthermore, we
choose the variables that have been shown to be predictors of SRI in Table 2 (lower ESG return, risk aversion,
female) as variables for the nearest neighbor matching. To get to our final specification, we enrich the matching
with sustainability preferences before reading the story (# sustainable (allocation 2), # sustainable (allocation
3)) and financial literacy as the latter shows significant differences between control and treatment groups.
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Table 5: Matching was successful (only individuals with clear incentives).

Panel A: Characteristics moral bad story and matched control partners

moral bad matched Diff. Std. Obs.
story control Error

positive incentive 0.43 0.43 0.00 0.07 178
overperformance 0.43 0.43 0.00 0.07 178
# sustainable (allocation 1) 2.78 2.75 -0.02 0.17 178
# sustainable (allocation 2) 2.22 2.24 0.01 0.18 178
# sustainable (allocation 3) 3.07 3.27 0.20 0.22 178
non altruist 0.15 0.15 0.00 0.05 178
impact altruist 0.43 0.43 0.00 0.07 178
warm glow altruist 0.26 0.26 0.00 0.07 178
partly warm glow altruist 0.17 0.17 0.00 0.06 178
warm glow first 0.52 0.49 -0.02 0.08 178
lower SRI returns 3.79 4.09 0.30 0.32 178
lower SRI risk 4.74 5.11 0.37 0.27 178
risk aversion 0.46 0.47 0.00 0.02 178
income 1.99 2.01 0.02 0.17 178
female 0.56 0.56 0.00 0.07 178
financial literacy 7.80 8.09 0.29 0.24 178
inv. experience 0.48 0.53 0.04 0.08 178
sample Mainz 0.46 0.55 0.09 0.08 178
ESG knowledge 0.46 0.42 -0.04 0.07 178
WTP 3032.03 2796.39 -235.64 308.06 178

Panel B: Characteristics moral good story and matched control partners

moral good matched Diff. Std. Obs.
story control Error

positive incentive 0.59 0.59 0.00 0.09 126
overperformance 0.59 0.59 0.00 0.09 126
# sustainable (allocation 1) 2.81 3.00 0.19 0.20 126
# sustainable (allocation 2) 2.25 2.11 -0.14 0.22 126
# sustainable (allocation 3) 3.30 3.62 0.32 0.27 126
non altruist 0.10 0.10 0.00 0.05 126
impact altruist 0.41 0.41 0.00 0.09 126
warm glow altruist 0.22 0.22 0.00 0.07 126
partly warm glow altruist 0.27 0.27 0.00 0.08 126
warm glow first 0.44 0.52 0.08 0.09 126
lower SRI returns 4.03 3.90 -0.13 0.30 126
lower SRI risk 4.67 4.94 0.27 0.26 126
risk aversion 0.48 0.46 -0.02 0.02 126
income 2.05 1.94 -0.11 0.21 126
female 0.68 0.68 0.00 0.08 126
financial literacy 6.68 7.38 0.70∗∗ 0.33 126
inv. experience 0.38 0.49 0.11 0.09 126
sample Mainz 0.46 0.52 0.06 0.09 126
ESG knowledge 0.30 0.43 0.13 0.09 126
WTP 3579.70 3331.33 -248.37 372.81 126
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As our main specification, we only use those individuals with clear incentives because they are

biased by selective information acquisition. Table 5 demonstrates that the matching for those

reading the moral good story (Panel A) and reading the moral bad story (Panel B) worked.

We use t-tests to test for differences in means and identify only minor differences for financial

literacy for those reading the moral good story, which is not a significant predictor of sustain-

able investments in our sample (see Table 2). All other variables are not significantly different

at conventional levels of significance. The matching quality also holds for the full sample of

individuals reading a study on the moral consequences of sustainable investments (Table 17,

appendix). To analyze the effect of reading the research articles, we begin by calculating the

average treatment effect of the treated (ATET) for each participant in the study group. The

ATET reflects the difference in the share of sustainable investments in portfolio allocation 4 of

an individual reading the moral bad (good) research article compared to the matched control

not reading any article at all. In a second step, we analyze the difference in the ATET between

participants who read the moral good research article and those who read the moral bad research

article. To achieve this, we employ an OLS regression with the ATET as the dependent variable

and an indicator variable that is one if the participant reads the moral bad research article and

zero otherwise (Table 6).

Table 6: Reading articles on the moral consequences of sustainable investments influences
investment decisions.

(1) (2) (3) (4)
ATET ATET ATET ATET

reading moral bad -13.58∗∗∗ 20.37 -18.17∗∗ -18.40∗∗∗

(4.925) (19.44) (7.545) (6.365)

Constant 2.421 -12.83 2.827 5.032
(3.769) (16.08) (5.814) (4.723)

N 152 19 64 69
sample split - non altruist impact altruist warm glow altruist
matching nnm nnm nnm nnm

Notes: Table 6 displays an OLS regression showing that reading the moral bad article significantly reduces the share
of sustainable investments compared to reading the moral good article. The dependent variable ATET is the average
treatment effect on the treated of reading the moral bad (good) article. We calculate the ATET for each participant in
the study group by subtracting the SRI share of the matched control (nearest neighbor matching) from the SRI share of
the respective participant in portfolio allocation 4. The explanatory variable reading moral bad is an indicator variable
set to one if the participant reads the moral bad research article and zero if the participant reads the moral good article.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.

Our results offer evidence that reading the research article discussing the moral downsides of

sustainable investing decreases the SRI holdings by 13.58 percentage points compared to reading

the research article focusing on the moral upsides of sustainable investments (Specification (1);

p < 0.01). This effect is sizable given the average share of sustainable investments of 57%.

While non-altruists show no significant reaction to reading a research article (Specification (2);
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p = 0.31), this result is driven by impact altruists (Specification (3); p = 0.02) and warm glow

altruists (Specification (4); p < 0.01). This aligns with the interpretation that non-altruists

do not care about the impact of their investment, while impact altruists significantly decrease

their sustainable investments if they learn that these investments have no positive impact on

society or the environment. Furthermore, warm glow altruists significantly decrease sustainable

investments when learning about the negative moral consequences of sustainable investments,

as this affects the emotional reward of doing a good deed. Table 18 (appendix) demonstrates

that our results are robust to including all individuals in the sample.

In unreported specifications, we explore other methods such as propensity score matching

and inverse probability weighting. The quality of the match for the nearest neighbor specification

was most convincing, largely due to the strong influence of the information and the incentive

treatment on investments in SRI. Among these specifications, only nearest-neighbor matching

allows for perfect matches. Consequently, we can conclude that participants not only respond

to (perceived) financial incentives but also react to moral information. This reaction is driven

by both impact altruists and warm glow altruists.

Result 5: People react to information on the moral consequences of sustainable investments.

This is driven by warm glow altruists and impact altruists.

Taken together, Results 4 and 5 demonstrate a behavioral mechanism that influences in-

vestors’ portfolio choices. Our data shows that individuals select the information most in line

with their (perceived) financial incentives (Result 4) and subsequently act on the acquired in-

formation (Result 5). Specifically, warm glow altruists drive the effect of selective information

acquisition. Our results show that the exact same individuals subsequently also react to reading

the story on the moral consequences of sustainable investing. Hence, their skewed information

acquisition influences subsequent investment behavior. We advocate for resolving information

frictions and providing clear data and labeling in the market of sustainable investments to enable

the effective transmission of true sustainability preferences. The current regulatory framework

allows investors to explicitly avoid costly information. This skewed information acquisition, in

turn, persuades investors not to invest sustainably.

Result 6: Opportunistic information acquisition on the moral behavior of sustainable invest-

ments changes subsequent investment behavior. This effect is driven by warm glow altruists.

In general, financial markets have all the tools to implement investors’ sustainability pref-

erences. However, in the market for sustainable investment products, numerous information

frictions prevent the effective transmission of these preferences. For example, investors notice

the costs of sustainable investments and the non-transparency of sustainability indicators. This
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amplifies the issue that investors do not invest sustainably, as they can actively search for infor-

mation that justifies their non-SRI decision and then use this information to consolidate their

decision and invest less sustainably. In the last step, we perform a back-of-the-envelope calcula-

tion to quantify the effect of this behavioral mechanism and compare the impact of the switch

from the moral good to the moral bad story with the needed financial incentives to achieve the

same result. Assuming a linear relationship between incentive and investments in SRI, Table 14

(appendix) demonstrates that a direct financial inventive of 1% leads to a 0.817 percentage point

increase in SRI. 23 This number enables us to quantify the monetary effect of our information

treatment and the behavioral mechanism explained in the section above. According to Table

13, reading the risk-adjusted overperformance research article increases SRI by 23.73 percentage

points compared to reading the risk-adjusted underperformance research article. Therefore, this

effect equals a financial incentive to invest sustainably of 19.39 percentage points.24 Finally, we

quantify the financial equivalent of the behavioral mechanism discussed in the previous section.

Following Table 6, we conclude that reading the moral bad research article decreases the share of

sustainable investments by 13.58 percentage points compared to reading the moral good article.

Taken together, the shift from the moral bad to the moral good story has an effect equivalent

to a monetary incentive on the investments in sustainable stocks of 12.73 percentage points.

2.4 Discussion and Conclusion

Given the attempts to use the financial markets to stimulate the green transition (see e.g., Eu-

ropean Commission (2019a)), it is highly relevant to understand which factors drive sustainable

investments. To investigate this question, we conduct an online experiment with different in-

centive and information treatments and observe investors’ reactions to these treatments in an

incentivized stock market game. First, we show that participants in our sample have a prefer-

ence for SRI and are willing to pay for sustainability information. We demonstrate that both

moral factors and (perceived) financial incentives drive sustainable investments. Second, our

results illustrate that investors opportunistically acquire information on the moral consequences

of SRI, which enables a mechanism of strategic self-deception. People not only skew their in-

formation acquisition to justify their investment decisions but also use the obtained information

on the moral consequences of SRI to further convince themselves of their (non-) SRI decisions.

This skewed information acquisition is driven by warm glow altruists and prevents an efficient

transmission of existing sustainability preferences. These results are not artifacts of the sam-

ple composition in this paper. Braun et al. (2024c) show in a similar experiment with wealthy

private investors that these investors also exhibit substantial preferences for sustainability (and

are willing to pay for sustainability information) which is correlated with altruistic preferences.

23We take the most conservative approach here. The switch from no incentive to a -10% incentive is associated
with a decrease in SRI of 20.41%.

24We restrict the analysis to the no study group to exclude interactions between the overperformance research
article and the selected study on the moral behavior of SRI.
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Moreover, they document a significant reaction to risk-adjusted performance information of high

sustainability assets.

We believe our results may be relevant for academics as well as policymakers and practition-

ers. Given the political debate on how to increase socially responsible investments, we suggest

different avenues that might be successful. Our results show a positive relationship between (per-

ceived) financial incentives and SRI. Hence, tax discounts on returns or subsidies on the costs

of sustainable investments could be a way to increase SRI. Additionally, we provide evidence

that participants care about the moral implications of their investments. However, a significant

fraction of sustainable investors are warm glow altruists susceptible to greenwashing. Therefore,

transparent data, consistent ESG ratings, and salient information on the moral consequences

of SRI are key to enabling optimal capital allocation and preventing strategic self-deception.

The labeling of sustainable products in the Sustainable Finance Disclosure Regulation (Com-

mission, 2019b) is a step in the right direction. However, as shown in Braun et al. (2024a), it

remains challenging for investors to identify genuine impact investments as they tend to ratio-

nalize investments as sustainable if they align with their financial interests. Moreover, the issue

of conflicting ESG ratings remains as rating providers use different methodologies to calculate

their ratings (Dimson et al., 2020; Billio et al., 2021; Berg et al., 2022), with the consequence

that investors potentially pick the rating most in line with their underlying motivations. For

the aforementioned reasons, we advocate for the implementation of regulations that reduce the

ambiguity surrounding the definition of sustainable investments. We believe that providing in-

vestors with a set of sustainability definitions (as evidenced by the amendment to the MiFID II

regulation (see ESMA (2023)) is not a viable solution.

Our results also demonstrate a behavioral mechanism that may prevent investors from in-

vesting sustainably due to negative beliefs about the financial consequences of SRI. Our findings

suggest that investors selectively acquire information that aligns with their beliefs on the finan-

cial returns of SRI. This indicates that a targeted financial incentive can work in two ways. First,

the incentive may have a direct effect on the willingness to invest sustainably. Second, the incen-

tive may have an indirect effect by changing how people acquire information, leading investors

not only to react to the incentive but also to use the acquired information (which aligns with the

incentive) to convince themselves to invest sustainably. Given the large amount of conflicting

information in the area of SRI, changing people’s beliefs about the financial consequences of SRI

may be a powerful tool to increase SRI.

Future research should analyze the costs and benefits of information campaigns compared

to financial incentives in a real-world investment case and shed light on the question of what

is most cost-effective to boost SRI. Furthermore, it would be interesting to analyze the behav-

ioral mechanism described in this paper with a set of (professional) real-world investors who are
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confronted with conflicting ESG ratings. Taken together, utilizing financial markets to unleash

consumer demand for SRI might be an effective tool for improving the sustainability of economic

activity. However, investors exploit opportunities to rationalize non-SRI investments. Transpar-

ent data and information are key to enabling optimal capital allocation and preventing strategic

self-deception.
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2.5 Appendix

Table 7: Variable definitions

Variable Description

ESG Score The average ESG Score of an investor’s portfolio choice in allocations
1, 2, or 3.

# sustainable Number of sustainable stocks in an investor’s portfolio for allocations
1, 2, or 3.

# sustainable d. Dummy variable equal to one if the participant invests in more than
two sustainable stocks in an investor’s portfolio for allocations 1, 2, or
3.

% SRI The percentage share of investments in the sustainable portfolio for
allocations 4-8.

WTP The amount of points an investor is willing to spend to obtain ESG
Scores in portfolio allocation 2 (range 0-10,000).

moral bad Dummy variable that is one if the individual selects the article ”Why
investing in sustainable stocks makes no sense from a moral point of
view.”

ATET Average treatment effect on the treated of reading the moral bad
(good) article. Calculated by subtracting the SRI share of the nearest
neighbor matched control from the SRI share of the respective partic-
ipant in portfolio allocation 4.

receive ESG Score Indicator variable that is one if the individual receives the ESG Score
information in portfolio allocation 2.

altruist Indicator variable that is one if the individual donates at least one euro
in at least one of the two dictator games.

non-altruist Indicator variable that is one if the individual donates less than one
euro in both of the two dictator games.

impact altruist Indicator variable that is one if the individual donates at least one euro
in the standard dictator game and less than one euro in the ”money-
burning” dictator game.

warm glow altruist Indicator variable that is one if the individual donates at least one euro
in the money-burning dictator game.

altruism Amount of the donation to the charity in the standard dictator game
(between 0 and 8 euros).

impact altruism Difference between the donation amounts in the standard and ”money-
burning” dictator games.

warm glow altruism Amount of the donation in the ”money-burning” dictator game (be-
tween 0 and 8 euros).

warm glow first Dummy variable equal to one if the investor participated in the impure
altruism dictator game task before the warm glow dictator game task.

overperformance Dummy variable for participation in the overperformance treatment.
underperformance Dummy variable for participation in the underperformance treatment.
positive incentive Dummy variable for participation in the treatment where investments

in the sustainable portfolio are multiplied by 1.1.
clear positive incen-
tives

Dummy variable equal to one if the investor is in the overperformance
and positive incentive treatments.

unclear positive in-
centives

Dummy variable for investors in either the overperformance and neg-
ative incentive treatment or the underperformance and positive incen-
tive treatment.
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Table 7 (continued):

Variable Description

reading moral bad Dummy variable set to one if the participant reads the morally negative
research article and zero if the participant reads the morally positive
article.

lower SRI returns The investor’s response to the statement ”I expect shares with a high
ESG score to underperform conventional shares,” on a scale from 0
(does not apply at all) to 7 (applies completely).

lower SRI risk The investor’s response to the statement ”I expect shares with a high
ESG score to have lower price fluctuations than conventional shares,”
on a scale from 0 to 7.

ESG knowledge Dummy variable equal to one if the investor is familiar with the concept
of ESG before the study.

risk aversion Indicates the investor’s risk attitude as measured in the risk elicitation
task, where a higher value indicates more risk aversion (scale 0-0.94).

financial literacy The number of correctly answered questions in a financial literacy quiz
(0-10).

female Dummy variable equal to one if the investor identifies as female.
age The investor’s self-reported age.
income The investor’s response to ”How high is your personal net income per

month?” categorized as:
(1; 0-700 euro)
(2; 701 - 1,000 euro)
(3; 1,001 - 1,500 euro)
(4; 1,501 - 2,500 euro)
(5; more than 2,500 euro)

inv. experience Dummy variable equal to one if the investor holds bonds, stocks, or
funds in the real stock market.

sample Mainz Dummy variable equal to one if the investor participated in the study
via the Johannes Gutenberg University Mainz (MABELLA).

Notes: Table 7 defines all relevant variables.
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Table 8: Investors consider ESG Scores in their investment decisions.

(1) (2) (3) (4) (5) (6)
ESG ESG # # # #
Score Score sustainable sustainable sustainable sustainable

d. d.

receive ESG info 5.596∗∗∗ 5.161∗∗∗ 1.241∗∗∗ 1.152∗∗∗ 0.459∗∗∗ 0.427∗∗∗

(0.483) (0.504) (0.104) (0.113) (0.0374) (0.0444)

WTP 0.258 0.0650 0.0196
(0.268) (0.0555) (0.0211)

lower SRI returns -0.381∗ -0.0286 0.00303
(0.219) (0.0464) (0.0186)

lower SRI risk 0.221 0.0462 0.0154
(0.234) (0.0481) (0.0188)

risk aversion 0.398∗ 0.0573 0.00980
(0.212) (0.0459) (0.0185)

income 0.132 0.0586 0.0358∗

(0.230) (0.0465) (0.0185)

female 0.748 0.177∗ 0.0799∗

(0.517) (0.106) (0.0414)

financial literacy 0.184 0.0704 0.00526
(0.238) (0.0522) (0.0209)

inv. experience -0.210 -0.0482 -0.0292
(0.505) (0.108) (0.0426)

sample Mainz -0.199 -0.0391 -0.0524
(0.447) (0.0933) (0.0381)

ESG knowledge -0.212 0.00755 -0.0138
(0.530) (0.108) (0.0418)

Constant 20.15∗∗∗ 20.11∗∗∗ 1.998∗∗∗ 1.955∗∗∗ 0.288∗∗∗ 0.293∗∗∗

(0.235) (0.608) (0.0492) (0.120) (0.0217) (0.0486)

N 643 643 643 643 643 643
adj. R squared 0.194 0.195 0.208 0.208 0.185 0.189

Notes: Table 8 presents different OLS specifications showing that individuals who can use ESG Score information in
their portfolio allocation 2 invest significantly more sustainably than those unable to use ESG Score information. The
dependent variables are the mean ESG Score of subjects’ portfolio allocation 2 (Specifications (1) - (2)), the number of
sustainable stocks in portfolio allocation 2 (Specifications (3) - (4)), and an indicator that is one if an individual buys
more than two sustainable stocks in portfolio allocation 2 (Specification (5) - (6)). The explanatory variable is receive
ESG Score, which represents an indicator variable that takes the value one if the individual receives the ESG Score
information in portfolio allocation 2 and zero otherwise. See Table 7 (appendix) for detailed descriptions of all variables.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.
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Table 9: Sustainability preferences and the WTP for ESG Score information are correlated
with altruistic preferences.

Panel A

(1) (2) (3) (4)
ESG ESG WTP WTP
Score Score

altruism 0.333∗∗∗ 181.3∗∗∗

(0.117) (40.80)

impact altruism 0.305∗∗ 168.6∗∗∗

(0.125) (44.63)

warm glow altruism 0.377∗∗∗ 194.4∗∗∗

(0.141) (51.21)

Constant 20.55∗∗∗ 20.58∗∗∗ 2902.4∗∗∗ 2919.3∗∗∗

(0.766) (0.767) (271.4) (271.5)

N 643 643 643 643
adj. R squared 0.0306 0.0291 0.107 0.105
controls yes yes yes yes

Panel B

(1) (2) (3) (4)
# # # #

sustainable sustainable sustainable sustainable
d. d.

altruist 0.393∗∗∗ 0.108∗

(0.137) (0.0559)

impact altruist 0.473∗∗∗ 0.123∗∗

(0.150) (0.0611)

warm glow altruist 0.328∗∗ 0.0953
(0.145) (0.0593)

Constant 2.297∗∗∗ 2.286∗∗∗ 0.404∗∗∗ 0.401∗∗∗

(0.158) (0.158) (0.0657) (0.0659)

N 643 643 643 643
adj. R squared 0.0321 0.0334 0.0228 0.0218
controls yes yes yes yes

Notes: Table 9 presents different OLS specifications demonstrating that different types of altruistic preferences are
significantly correlated with sustainable investment choices. The dependent variables in Panel A are the mean ESG
Score of subjects’ portfolio allocation 1 (Specifications (1) - (2)) and the WTP for ESG Score information (Specifications
(3) - (4)). Panel A has three explanatory variables: (i) altruism, quantified by the donation amount in the standard
dictator game; (ii) warm glow altruism, represented by donations in the ”money-burning” dictator game; (iii) impact
altruism, calculated as the difference between donations in the standard and ”money-burning” dictator games. The
dependent variables in Panel B are the number of sustainable stocks in the baseline portfolio allocation (Specifications
(1) - (2)) and an indicator variable that is one if an investor’s portfolio contains more than two sustainable stocks in
portfolio allocation 1. We use three variations of altruistic preferences as explanatory variables: altruist, an indicator
variable that is one if the participant donates something in at least one of the dictator games; impact altruist, an
indicator variable that is one if the individual donates exclusively in the standard dictator game; warm glow altruist,
an indicator variable that is one if the participant donates in both dictator games. Furthermore, we include the same
control variables in each regression as in Table 2. Whenever indicated, *, **, and *** denote significance at the 10, 5,
and 1 percent levels, respectively.
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Table 10: The randomization in the information and incentive treatment overall worked.

Panel A: Randomization information treatment

over- under- Diff. Std. Obs.
performance performance Error

ESG Score (allocation 1) 23.43 22.33 -1.11∗∗ 0.53 643
ESG Score (allocation 2) 22.15 21.73 -0.42 0.47 643
WTP 3289.26 3456.10 166.84 193.21 643
non altruist 0.15 0.16 0.01 0.03 643
impact altruist 0.34 0.38 0.04 0.04 643
warm glow altruist 0.51 0.46 -0.05 0.04 643
lower SRI returns 3.71 3.89 0.18 0.16 643
lower SRI risk 4.79 4.76 -0.03 0.14 643
risk aversion 0.47 0.46 -0.01 0.01 643
income 2.00 2.03 0.04 0.09 643
female 0.62 0.63 0.02 0.04 643
financial literacy 7.29 7.39 0.10 0.16 643
inv. experience 0.45 0.47 0.03 0.04 643
sample Mainz 0.47 0.54 0.07∗ 0.04 643
ESG knowledge 0.43 0.37 -0.06 0.04 643
warm glow first 0.51 0.50 -0.01 0.04 643

Panel B: Randomization incentive treatment

positive negative Diff. Std. Obs.
incentive incentive Error

ESG Score (allocation 1) 22.75 22.97 0.23 0.53 643
ESG Score (allocation 2) 22.05 21.82 -0.23 0.47 643
ESG Score (allocation 3) 20.97 20.93 -0.04 0.70 643
WTP 3452.27 3297.77 -154.50 193.14 643
non altruist 0.13 0.18 0.06∗∗ 0.03 643
impact altruist 0.35 0.37 0.02 0.04 643
warm glow altruist 0.52 0.45 -0.07∗ 0.04 643
lower SRI returns 3.83 3.76 -0.07 0.16 643
lower SRI risk 4.92 4.62 -0.31∗∗ 0.14 643
risk aversion 0.47 0.45 -0.02∗ 0.01 643
income 2.03 2.00 -0.03 0.09 643
female 0.65 0.60 -0.05 0.04 643
financial literacy 7.25 7.43 0.18 0.16 643
inv. experience 0.42 0.50 0.08∗∗ 0.04 643
sample Mainz 0.50 0.51 0.01 0.04 643
ESG knowledge 0.40 0.40 -0.00 0.04 643
warm glow first 0.50 0.50 0.01 0.04 643

Notes: Table 10 verifies that the randomization in the information treatment (Panel A) and incentive treatment (Panel
B) mainly worked. To do so, mean values of all relevant variables are computed and compared for each treatment group
by using t-tests. For definitions of the variables, please consider Table 7 (appendix). Whenever indicated, *, **, and
*** denote significance at the 10, 5, and 1 percent level, respectively.
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Table 11: Participants’ investment behavior reacts to information regarding the overperfor-
mance and the underperformance of sustainable stocks.

Panel A

(1) (2) (3) (4)
# # # #

sustainable sustainable sustainable sustainable

overperformance 1.256∗∗∗ 1.255∗∗∗ 1.094∗∗∗ 1.365∗∗∗

(0.0727) (0.198) (0.128) (0.0979)

underperformance -0.305∗∗∗ 0.132 -0.216∗ -0.529∗∗∗

(0.0813) (0.168) (0.126) (0.128)

Constant 2.810∗∗∗ 2.430∗∗∗ 2.944∗∗∗ 2.833∗∗∗

(0.0274) (0.0645) (0.0450) (0.0401)

N 1286 200 462 624
fixed effects yes yes yes yes
sample split - non impact warm glow

altruists altruists altruists

Panel B

(1) (2) (3) (4)
# # # #

sustainable sustainable sustainable sustainable
d. d. d. d.

overperformance 0.295∗∗∗ 0.319∗∗∗ 0.264∗∗∗ 0.308∗∗∗

(0.0274) (0.0687) (0.0470) (0.0388)

underperformance -0.118∗∗∗ 0 -0.0640 -0.203∗∗∗

(0.0340) (0.0762) (0.0518) (0.0536)

Constant 0.607∗∗∗ 0.490∗∗∗ 0.636∗∗∗ 0.622∗∗∗

(0.0110) (0.0259) (0.0177) (0.0164)

N 1286 200 462 624
fixed effects yes yes yes yes
sample split - non impact warm glow

altruists altruists altruists

Notes: Table 11 uses individual fixed effects regressions showing that investors’ investment behavior significantly reacts
to receiving risk-adjusted overperformance and underperformance information. The dependent variable # sustainable
in Panel A, indicates the number of sustainable stocks of individual i at time t ∈ {1, 3} (baseline and post-treatment
portfolio allocations). The dependent variable # sustainable d. in Panel B, represents an indicator variable that is one if
individual i at time t ∈ {1, 3} has more than two sustainable shares in the portfolio (baseline and post-treatment portfolio
allocations). The explanatory variable overperformance is an indicator variable set to one if individual i received the
overperformance information at time t, and zero otherwise. Similarly, underperformance indicates whether individual i
received underperformance information at time t. Specification (2) includes only altruistic investors, while Specification
(3) is restricted to impact altruists and Specification (4) comprises exclusively warm glow altruists. Significance levels
are indicated by *, **, and *** for the 10, 5, and 1 percent levels, respectively.
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Table 12: Warm glow driven altruists react strongest on performance information.

(1) (2) (3) (4) (5) (6)
∆ ∆ ∆ # ∆ # ∆ # ∆ #

ESG ESG sustainable sustainable sustainable sustainable
d. d.

overperformance 8.733∗∗∗ 8.518∗∗∗ 1.310∗∗∗ 1.256∗∗∗ 0.328∗∗∗ 0.326∗∗∗

(1.063) (0.902) (0.179) (0.148) (0.0699) (0.0577)

warm glow altruist -1.650 -2.107∗∗ -0.313∗ -0.417∗∗ -0.139∗ -0.158∗∗

(1.056) (0.963) (0.179) (0.164) (0.0745) (0.0685)

overperformance * 2.903∗∗ 3.118∗∗ 0.584∗∗ 0.638∗∗∗ 0.183∗ 0.185∗∗

warm glow altruist (1.404) (1.286) (0.241) (0.219) (0.0962) (0.0878)

Constant -2.456∗∗∗ -1.999∗∗∗ -0.216∗ -0.112 -0.0640 -0.0449
(0.779) (0.648) (0.126) (0.102) (0.0517) (0.0428)

N 543 643 543 643 543 643
sample split excl. non - excl. non - excl. non -

altruists altruists altruists

Notes: Table 12 displays an OLS regression showing that warm glow altruists react significantly stronger to perfor-
mance information than impact altruists and non-altruists across various specifications of sustainability. The dependent
variable is the difference between three pre- and post-treatment sustainability measures: ESG Scores (Specifications
(1) - (2)); number of sustainable stocks (Specifications (3) - (4)); and an indicator variable that is one if an investor’s
portfolio consists of more than two sustainable stocks (Specifications (5) - (6)). Overperformance is an indicator vari-
able that is one if a participant receives the overperformance information, while it is zero if the participant is part of
the underperformance treatment. Warm glow altruist is an indicator variable that is one if the participant donates
in both dictator games. Lastly, overperformance * warm glow altruist is the interaction effect of the two previously
specified variables. Specifications (1), (3), and (5) exclude non-altruists, while Specifications (2), (4), and (6) include
all participants. Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.
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Table 13: Investors’ investment behavior reacts to both direct financial incentives and infor-
mation on the performance of stocks.

(1) (2) (3) (4)
% SRI % SRI % SRI % SRI

positive incentive 25.14∗∗∗ 25.60∗∗∗ 26.97∗∗∗ 28.58∗∗∗

(3.147) (2.766) (3.071) (3.041)

overperformance 23.73∗∗∗ 16.63∗∗∗

(2.781) (3.031)

Constant 45.33∗∗∗ 36.80∗∗∗ 44.13∗∗∗ 53.00∗∗∗

(2.207) (13.15) (2.191) (16.59)

N 311 300 332 318
individual controls no yes no yes
split no study no study study study
adj. R squared 0.169 0.404 0.187 0.292

Notes: Table 13 uses OLS regressions to show that participants’ investment behavior reacts to direct financial incentives
as well as to performance information. The dependent variable is the share of investments in the sustainable portfolio in
allocation 4. The explanatory variable positive incentive is an indicator variable taking the value of one if an investor
is part of the positive incentive treatment group and zero otherwise. Overperformance is an indicator variable that
is one if an investor is part of the overperformance treatment and zero otherwise. Specifications (1) and (2) focus
on participants without the possibility to read an article on the moral consequences, while Specifications (3) and (4)
exclusively include participants that read a story on the moral consequences of SRI. Lastly, Specifications (1) and (3)
do not include controls, while Specifications (2) and (4) include our standard set of control variables (see e.g., Table 2
for reference on the controls). Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels,
respectively.
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Table 14: Investors’ share of sustainable investments varies with different levels of incentives.

(1) (2)
%SRI %SRI

incentive of -20% -27.88∗∗∗ -25.90∗∗∗

(1.549) (1.547)

incentive of -10% -20.41∗∗∗ -19.13∗∗∗

(1.549) (1.547)

incentive of +10% 8.167∗∗∗ 9.867∗∗∗

(1.549) (1.547)

incentive of +20% 15.41∗∗∗ 16.32∗∗∗

(1.549) (1.547)

Constant 65.23∗∗∗ 63.81∗∗∗

(1.096) (1.094)

N 1555 1660
fixed effects yes yes
sample split no study study

Notes: Table 14 uses individual fixed effect regressions and shows that the share of investments in the sustainable
portfolio changes for different incentive levels to invest in the high sustainability portfolio. The dependent variable is
the share of sustainable investments in a given portfolio allocation at time t ∈ {4, 5, 6, 7, 8}. The explanatory variables are
indicator variables that are one if the level of incentive to invest sustainably at time t is z ∈ {−20%,−10%,+10%,+20%}
and zero otherwise. For example, the variable incentive of -20% indicates that in the portfolio allocation in question,
the proctor reduces the amount of investments in the sustainable portfolio by 20%. Note, the incentive of 0% is the
baseline category. Specification (1) exclusively focuses on investors without the opportunity to select a story, while
Specification (2) considers only those subjects reading one of the stories on the moral consequences of SRI. Whenever
indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.
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Table 15: (Perceived) incentives skew information acquisition. This is driven by warm glow
altruists

(1) (2) (3) (4)
moral moral moral moral
bad bad bad bad

clear positive incentives -0.156∗ -0.0170
(0.0793) (0.108)

unclear incentives -0.0957 -0.0222
(0.0656) (0.0896)

warm glow altruist 0.0965 0.0661
(0.108) (0.0770)

clear positive incentives * -0.296∗

warm glow altruist (0.157)

unclear incentives * -0.163
warm glow altruist (0.131)

positive incentive -0.0630 0.0608
(0.0543) (0.0746)

positive incentive * -0.251∗∗

warm glow altruist (0.108)

Constant 0.662∗∗∗ 0.622∗∗∗ 0.607∗∗∗ 0.578∗∗∗

(0.0541) (0.0729) (0.0384) (0.0524)

N 332 332 332 332
adj. R squared 0.00570 0.0106 0.00104 0.0151

Notes: Table 15 uses OLS regressions and presents evidence that investors select the article on the moral behavior
of SRI most in line with their (perceived) financial incentives. This effect is driven by warm glow altruists. The
dependent variable moral bad refers to a dummy variable that is one if an individual selects the article ”Why investing
in sustainable stocks makes no sense from a moral point of view” and zero if the individual chooses ”Why investing
in sustainable stocks makes sense from a moral point of view”. Clear positive incentives is an indicator variable
equal to one if the investor is subject to the overperformance treatment group and, in a later stage of the experiment,
is part of the positive incentive treatment group. Contrarily, unclear incentives is an indicator variable equal to one
if the investor is subject to the overperformance treatment group and, in a later stage of the experiment, is part of
the negative incentive treatment group or is subject to the underperformance treatment group and later is part of the
positive incentive treatment group. Warm glow altruist is an indicator variable that is one if the participant donates in
both dictator games. Lastly, positive incentive is an indicator variable equal to one if the investor is part of the positive
incentive treatment group. In line with our pre-analysis plan, we exclude all individuals of the non-study group in this
analysis. Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.
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Table 16: Relation between skewed information acquisition and SRI.

(1)
% SRI

study group -1.200
(3.111)

positive incentive 25.14∗∗∗

(3.160)

study * positive incentive 1.824
(4.398)

Constant 45.33∗∗∗

(2.217)

N 643
adj. R squared 0.177
controls no

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: Table 16 shows an OLS specification analyzing the transmission of the skewed information acquisition in sus-
tainable investments (pre-registered specification). The dependent variable % SRI indicates the share of sustainable
investments in portfolio allocation 4. Study group is a dummy variable indicating whether a subject gets the opportunity
to read an article about the moral perspectives of SRI. Lastly, positive incentive is an indicator variable equal to one if
the investor is part of the positive incentive treatment group. Study * positive incentive represents the interaction term
of the former two variables. Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels,
respectively.
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Table 17: (Perceived) incentives and information acquisition (full sample)

Panel A: Characteristics moral bad story and matched control group

moral bad matched Diff. Std. Obs.
story control Error

positive incentive 0.48 0.48 0.00 0.05 382
overperformance 0.45 0.45 0.00 0.05 382
# sustainable (allocation 1) 2.73 2.75 0.03 0.12 382
# sustainable (allocation 2) 2.24 2.38 0.14 0.12 382
# sustainable (allocation 3) 3.20 3.32 0.13 0.15 382
non altruist 0.18 0.18 0.00 0.04 382
impact altruist 0.37 0.37 0.00 0.05 382
warm glow altruist 0.29 0.29 0.00 0.05 382
partly warm glow altruist 0.16 0.16 0.00 0.04 382
warm glow first 0.52 0.47 -0.06 0.05 382
lower SRI returns 3.70 3.92 0.22 0.21 382
lower SRI risk 4.66 4.96 0.30 0.18 382
risk aversion 0.46 0.47 0.01 0.01 382
income 1.96 2.15 0.19 0.12 382
female 0.58 0.57 -0.01 0.05 382
financial literacy 7.65 7.81 0.16 0.18 382
inv. experience 0.48 0.54 0.06 0.05 382
sample Mainz 0.51 0.48 -0.03 0.05 382
ESG knowledge 0.43 0.46 0.03 0.05 382
WTP 3210.48 3117.86 -92.61 231.92 382

Panel B: Characteristics moral good story and matched control group

moral good matched Diff. Std. Obs.
story control Error

positive incentive 0.55 0.55 0.00 0.06 282
overperformance 0.53 0.53 0.00 0.06 282
# sustainable (allocation 1) 2.81 2.98 0.17 0.14 282
# sustainable (allocation 2) 2.33 2.32 -0.01 0.13 282
# sustainable (allocation 3) 3.16 3.36 0.20 0.17 282
non altruist 0.12 0.12 0.00 0.04 282
impact altruist 0.36 0.36 0.00 0.06 282
warm glow altruist 0.28 0.28 0.00 0.05 282
partly warm glow altruist 0.24 0.24 0.00 0.05 282
warm glow first 0.47 0.51 0.04 0.06 282
lower SRI returns 3.84 3.78 -0.06 0.22 282
lower SRI risk 4.77 4.85 0.08 0.19 282
risk aversion 0.49 0.47 -0.02 0.01 282
income 1.97 2.06 0.09 0.14 282
female 0.68 0.67 -0.01 0.06 282
financial literacy 6.94 7.35 0.40∗ 0.23 282
inv. experience 0.45 0.48 0.02 0.06 282
sample Mainz 0.48 0.52 0.04 0.06 282
ESG knowledge 0.43 0.40 -0.04 0.06 282
WTP 3538.45 3113.29 -425.16 270.95 282

Notes: Table 17 reports the full sample and shows that the mean values of a wide array of controls are not significantly
different between those selecting the moral bad (good) story and their matched control partner. For every participant
who reads one of the two articles, we search for a perfect match among the participants who did not have the chance
to read an article. We use exact matches for the information and incentive treatment as well as for the altruistic type.
Additionally, we look for the nearest neighbors in expected ESG return, gender, risk attitude, and financial literacy.
Panel A reports mean values and t-tests of subjects choosing the moral bad story and their matched partners, while
Panel B reports this information for those selecting the moral good story. *, **, and *** denote significance at the 10,
5, and 1 percent levels.
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Table 18: Reading articles on the moral consequences of sustainable investments influences
investment decisions (full sample)

(1) (2) (3) (4)
% SRI % SRI % SRI % SRI

reading moral bad -13.55∗∗∗ -4.247 -13.54∗∗ -15.36∗∗∗

(3.805) (11.83) (6.572) (4.954)

Constant 6.266∗∗ -6.353 8.127 7.904∗∗

(2.886) (9.705) (4.999) (3.644)

N 332 52 121 159
sample split - non altruist impact altruist warm glow altruist
matching nnm nnm nnm nnm

Notes: Table 18 includes the full sample of individuals reading an article. The OLS regression demonstrates that
reading the moral bad article significantly reduces the share of sustainable investments compared to reading the moral
good article. The dependent variable ATET is the average treatment effect on the treated of reading the moral bad
(good) article. We calculate the ATET for each participant in the study group by subtracting the SRI share of the
matched control (nearest neighbor matching) from the SRI share of the respective participant in portfolio allocation 4.
The explanatory variable reading moral bad is an indicator variable set to one if the participant reads the moral bad
research article and zero if the participant reads the moral good article. Whenever indicated, *, **, and *** denote
significance at the 10, 5, and 1 percent levels, respectively.
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Figure 5: Fact sheet of stock 100
Notes: This figure illustrates a translated version of a typical fact sheet from the stock market game used in the
experiment. Participants could view this fact sheet by clicking on a stock’s name within the trading interface. The
fact sheet includes data from 2019, such as dividend yield, price-to-earnings (PE) ratio, volatility, share price, and past
performance. Additionally, it features 2020 information like equity value, number of employees, turnover, and debt ratio.
It also provides details about the ESG Risk Score, enhancing participants’ ability to make informed investment decisions
based on both financial metrics and sustainability factors.
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Figure 6: Allocation of endowment between a portfolio with high and a portfolio with low ESG
Score
Notes: This figure displays portfolio allocation 4 (positive incentive treatment group). Here, subjects get to decide
between two portfolios where portfolio 1 has a high ESG Score and portfolio 2 a low one. By moving the slider,
participants can choose the share of their endowment that they want to invest in the portfolio with a high or a low ESG
Score, respectively. By clicking on the names of the portfolios, subjects receive a fact sheet for each portfolio similar to
Figure 5.
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Chapter 3

3 Shifting Grounds: The Influence of Motivated Beliefs

on Investor’s Convictions about Sustainability

Fabian Braunab Andrej Gillac Florian Hettad

August 2024

Abstract

How do retail investors define sustainable investments? Given the politi-
cal efforts to attract private capital to facilitate Europe’s transition to a more
sustainable economy, this question is crucial. Our incentivized online experi-
ment with 652 German residents provides causal evidence that investors’ sus-
tainability beliefs are influenced by motivated beliefs. We exogenously vary
participants’ return expectations and their knowledge about the sustainability
attributes of the investments they selected earlier in the experiment. The re-
sults show that the interaction of these two factors shapes beliefs about what
an appropriate definition of sustainable investing should include. Our find-
ings have implications for researchers and policymakers alike, highlighting the
importance of considering motivated beliefs in the development of regulatory
frameworks, and economic models.
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3.1 Introduction

The European Green Deal initiative aims to embed sustainability at the heart of the financial

system, facilitating Europe’s transition to a more sustainable and resilient economy (Commis-

sion, 2019a). In line with this, the August 2022 update to the Markets in Financial Instruments

Directive II (MiFID II) aims to incorporate client sustainability preferences into the Investor

Suitability Assessment (Commission, 2021a).25 The regulation requires investment advisors to

inquire whether their clients wish to include sustainable investment products in their portfolios,

and if so, to what extent.26 This process is designed to provide clients with definitions of sus-

tainability that meet their preferences. However, anecdotal evidence suggests that, in practice,

advisors may influence clients to avoid certain sustainability preferences in order to maintain a

broader universe of investment opportunities, potentially leading to washed-out sustainability

preferences. The literature shows that investors often have a preference to invest sustainably

(Barreda-Tarrazona et al., 2011; Hartzmark and Sussman, 2019; Bauer et al., 2021). This pref-

erence is influenced by risk and return expectations on sustainable investments (Døskeland and

Pedersen, 2016; Giglio et al., 2023; Braun et al., 2024b). However, the market for sustainable

investments is highly ambiguous,27 which facilitates the emergence of motivated beliefs (Gino

et al., 2016). This can enable strategic information acquisition, which in turn changes subse-

quent sustainable investment decisions (Braun et al., 2024b). Our experiment aims to test the

role of motivated beliefs on investors’ perceptions of sustainability. We examine how investors’

evaluations of what sustainability should entail are influenced by their return expectations and

their knowledge of the sustainability characteristics of their previously selected investments in

the experiment, both of which may significantly influence motivated beliefs.

To answer this question, we conduct an incentivized online experiment with 652 German

residents. Initially, participants are informed about three different sustainability concepts (low

emission intensity, exclusion of controversial companies, and alignment with the 2°C goal). We

then randomly assign them to either the positive treatment or the negative treatment group,

where they learn about the relationship between these sustainability definitions and the ex-

pected one-year financial returns of 14 real Exchange-Traded Funds (ETFs). Individuals in the

positive treatment observe a positive correlation between the expected returns of ETFs comply-

25The final guidelines on certain aspects of the MiFID II suitability requirements were published in April 2023
on the European Securities and Markets Authority website and came into force from October 2023 (ESMA, 2023).

26The amendment to the Investor Suitability Assessment (ESMA, 2023) involves asking clients whether they
wish to include financial products that: (i) allocate a specified minimum percentage to environmentally sustainable
investments as defined in the EU Taxonomy Regulation; (ii) allocate a minimum percentage to sustainable
investments as defined in the Sustainable Finance Disclosure Regulation (SFDR); or (iii) take into account
the principal adverse impacts on sustainability factors. In addition, clients specify the minimum proportion of
sustainable products in the total investment.

27There exists no universal definition on what sustainable investments must entail (Filippini et al., 2024).
Each region develops their own definition of sustainability. In addition, the commonly used ESG Scores that are
supposed to indicate the sustainability of companies vary widely from one rating agency to the next (Dimson
et al., 2020; Billio et al., 2021; Berg et al., 2022). Last, it is still unclear whether sustainable stocks outperform
or underperform conventional stocks (Eccles et al., 2014; Friede et al., 2015; Pástor et al., 2020; Pastor et al.,
2021; Avramov et al., 2022; Bolton and Kacperczyk, 2023; Latino, 2023; Bolton and Kacperczyk, 2024).
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ing with the definition alignment with the 2°C goal, while individuals in the negative treatment

observe a negative correlation. Participants then make incentivized decisions on how much of

their available funds they invest sustainably. In the next step, they are either randomly assigned

a sustainable ETF (passive treatment group) or allowed to choose their preferred sustainabil-

ity definition, which then matches them with a corresponding ETF (active treatment group).

Finally, we present participants with arguments for and against each sustainability definition

and assess their evaluation of these definitions for classifying sustainable investments. In this

context, we aim to determine whether investors’ assessment of sustainability definitions remains

consistent, regardless of return expectations or sustainability attributes of existing portfolio hold-

ings. We interpret any correlation between our exogenously varied factors and the evaluation of

sustainability definitions as an indication of the presence of motivated beliefs.

Our research documents three sets of results. First, we provide evidence that return ex-

pectations play a crucial role in sustainable investment choices. We demonstrate that changes

in return expectations alter the choice of sustainable investments among different sustainable

options. The selection of ETFs aligned with the 2°C goal sustainability definition in the positive

treatment is 6.5 times more likely than in the negative treatment, highlighting a strong positive

correlation between expected financial returns and the preference for ETFs adhering to the 2°C

goal definition. Second, our findings highlight that shifts in return expectations have a significant

impact on people’s perceptions of what characteristics should define sustainability. In particular,

participants in the positive treatment exhibit a 61% greater preference for alignment with the

2°C goal as their preferred sustainability definition compared to those in the negative return

treatment. This observation challenges the premise that sustainability assessments should be

based on a set of clear and objective criteria for the performance of sustainability attributes.

Rather, our findings indicate that participants’ convictions about sustainability are influenced

by considerations related to returns. Third, our findings suggest that participants’ sustainability

convictions are mostly influenced by motivated beliefs induced through the interplay of return

expectations and existing portfolio holdings in the experiment. According to Taleb (2018), some-

one with skin in the game possesses a vested interest in the outcome of an event and, crucially,

stands to lose something if it doesn’t occur. In our case, participants form motivated beliefs

about what a suitable sustainability definition should entail if they possess assets with certain

sustainability characteristics. Our analysis documents that the effects of motivated beliefs on

the selection of the best sustainability definition, arising from different return expectations, are

about five times larger in the active treatment than in the passive treatment group. Notably,

this discrepancy is predominantly attributed to participants who actually possess investments

aligned with the 2°C goal and therefore have a vested interest that their portfolio holdings are

considered sustainable.

Our paper bridges two key research areas and connects to recent regulatory developments
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in the area of sustainable finance. First, we contribute to the expanding body of literature on

sustainable finance which tries to answer the question of what drives sustainable investments

(Døskeland and Pedersen, 2016; Riedl and Smeets, 2017; Heeb et al., 2023; Giglio et al., 2023;

Braun et al., 2024b). Among others, work by Barreda-Tarrazona et al. (2011); Hartzmark and

Sussman (2019); Bauer et al. (2021) shows that investors integrate sustainability preferences

into their investment decisions. Døskeland and Pedersen (2016) introduce a wealth information

treatment and demonstrate that investors significantly react to financial cues. This is in line

with Giglio et al. (2023), who show that investors choose sustainable investments only when they

anticipate these investments to outperform, regardless of other investment motives. Moreover,

our findings add to the work of Riedl and Smeets (2017); Bauer et al. (2021); Gutsche et al.

(2023), who suggest that sustainable investments are predominantly driven by non-financial

motivations, with investors potentially willing to forgo higher returns for sustainable options.

Altruistic individuals may even reduce their motivation to invest sustainable, if they expect

higher financial returns (Brodback et al., 2019). Our research differs from previous studies by

examining how investors choose among different sustainable investment options.

Second, our study extends the growing literature on motivated beliefs (Epley and Gilovich,

2016; Bénabou and Tirole, 2016; Eyting, 2022; Amelio and Zimmermann, 2023)28 by linking

these concepts to sustainability. We investigate whether investors exhibit self-serving behavior

by preferring sustainability definitions that resonate with their return expectations and existing

portfolio holdings. According to Epley and Gilovich (2016) individuals tend to reason their way

to conclusions that favor them. People´s motivation influences how arguments are gathered and

processed or how past experiences are recalled, resulting in beliefs that seem to be objective but

truly are biased in one way or another. Following Gino et al. (2016) people are often willing to

take a moral act (sustainable investments in this experiment) that imposes personal costs when

confronted with a clear-cut choice but such decisions often seem to be dramatically influenced by

the specific contexts in which they occur. When the context provides sufficient flexibility to allow

plausible justification that one can both act egoistically while remaining moral, people seize on

such opportunities to prioritize self-interest at the expense of morality. In the context of this

experiment, the presence of various sustainability definitions, each with ample justification for

being considered sustainable, leads participants to choose the one that offers them the greatest

benefit. Note, this is a simplified experiment, in a real-world decision this problem is way

more complicated which amplifies the potential for motivated beliefs. In an application of these

principles Braun et al. (2024b) show that incentives change the acquisition of information on the

moral consequences of sustainable investments and this subsequently alters investment behavior.

We differ from the existing literature in a way that we show how motivated beliefs change the

assessment of sustainability definitions with real-world consequences.

28See Epley and Gilovich (2016) for an overview on the mechanisms behind motivated beliefs.
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Last, our findings hold significant policy implications for both the development of future

regulations and the refinement of existing ones. We urge for more precise definitions within the

MiFID II framework (Commission, 2021a), suggesting a move towards simplifying sustainability

definitions to the greatest extent possible, ideally converging on a singular, universal definition

characterized by clear, measurable criteria. Currently, there is an ongoing discussion around the

implementation regarding clear labeling of sustainable products. For instance, the Sustainable

Finance Advisory Board of the Federal Government in Germany (2024) proposes the inclusion of

a straightforward scale from A to F for retail finance products to enhance their comprehensibility.

As outlined by Gino et al. (2016), motivated beliefs thrive in environments of ambiguity. The

present regulatory landscape, with three possible definitions and an extensive list of economic

activities and considerations for sustainable investments, poses a challenge for retail investors and

investment advisors. This complexity not only fosters motivated reasoning during the assessment

of sustainable assets but also obstructs the genuine expression of sustainability preferences.

Moreover, the existing ambiguity within these regulations could potentially be exploited by

advisors to sway clients’ sustainability preferences, thereby promoting higher-priced sustainable

products (Laudi et al., 2023). This underscores the need for regulatory clarity to safeguard

investors’ interests and ensure that sustainability preferences are authentically represented and

effectively integrated into investment decisions.

The remainder of the paper is structured as follows: In section 3.2 we provide details on the

experimental design, key variables, and data collection. Section 3.3 presents the main results.

Section 3.4 discusses the results and concludes.

3.2 Experimental Design, Key Variables, and Data Collection

3.2.1 Design of the Experiment and Important Variables

Our experiment comprises five stages: (i) a baseline stage to elicit participants’ initial return

beliefs; (ii) a first treatment stage, where participants learn about the correlation between three

sustainability definitions and potential return scenarios; (iii) a second treatment stage, where

investors make an active (passive) sustainable investment choice; (iv) the main stage, involving

the evaluation of different sustainability definitions; and (v) a final stage for eliciting posterior

beliefs and gathering a set of background characteristics. A translated version of the experimental

instructions (German to English) is available upon request.

Baseline Stage: Prior Return Beliefs Participants learn about three distinct sustainability

definitions that are used in standard iShares fact sheets: (i) Low emission intensity indicates

that companies in an ETF emit less than 80 tons of CO2 per $1 million in revenue. (ii) exclusion

of controversial companies omits firms from an ETF that have revenues tied to controversial

weapons, unconventional oil and gas exploration, coal, or tobacco. This sustainability definition
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also excludes ETFs investing more than 1.5% of their portfolio in companies with UN Global

Compact violations. (iii) alignment with the 2°C goal suggests that if global emissions followed

the trend of companies in the portfolio, the temperature rise could be limited to between 1.5°C

and 2°C. These sustainability definitions allow us to leverage real-world information and provide

a more precise examination of sustainability concepts than the often ambiguous ESG Scores,

which can vary widely between providers (Dimson et al., 2020; Berg et al., 2022; Billio et al.,

2024). After educating participants about these definitions, we follow Giglio et al. (2021) and

Laudenbach et al. (2021) to elicit respondents’ point estimates of beliefs about the 12-month

return of ETFs that (i) have a low emission intensity, (ii) exclude controversial companies, (iii)

are aligned with the 2°C goal, or (iv) do not follow any sustainability definition.

Figure 7: ETF selection interface
Notes: This Figure displays the interactive user interface that shows the list of ETFs, indicators for every sustainability
definition, and the expected median returns (positive treatment).

Return Treatment Stage: Correlation between Sustainability Definitions and Re-

turns In the return treatment, we exogenously vary beliefs about the returns of ETFs in line

with the 2°C goal definition. To do so participants are presented with an interactive user interface

that shows a list of ETFs (see Figure 7). For every ETF we display the expected return over the

following 12 months in the median scenario according to the EU regulation on Packaged Retail

and Insurance-based Investment Products (PRIIPs)29 and indicators showing compliance with

the sustainability definitions explained in the baseline stage. Furthermore, we summarize the

average return of all displayed ETFs at the top of the table. Participants can interactively select

29The EU regulation on PRIIPs mandates capital management companies to provide a fact sheet stating the
expected return in different scenarios. The median scenario indicates the median annual return over a holding
period of one year for a (comparable) investment product over the past 10 years.
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different sustainability definitions, which filters the displayed ETFs accordingly. As a result,

selecting sustainability definitions alters both the number and average return of the displayed

funds. To shift participants’ return beliefs, we randomly assign participants equally between the

positive treatment and negative treatment group. Those in the positive treatment group observe

14 ETFs with a positive correlation between expected returns and the alignment with the 2°C

goal sustainability definition, while those in the negative treatment group see 14 ETFs with a

negative correlation. One may discern the sustainability-return relation by comparing the aver-

age return for each ETF or by utilizing the interactive display to observe the displayed average

return for each sustainability combination. After learning about the correlation, participants de-

cide how to allocate 50 euros between a sustainable ETF, randomly selected from a pre-defined

universe of ETFs in the subsequent step, and a non-sustainable ETF.

Choice Treatment Stage: Knowledge on the Sustainability Attributes of the Sus-

tainable Investment In the choice treatment, we exogenously vary investors’ knowledge of the

sustainability attributes of their investments within the experiment. Participants are randomly

assigned to one of two groups. Those in the active treatment group are aware of the amount and

the attributes of their sustainable investment, whereas those of the passive treatment group are

only aware of the amount of their sustainable investment, but do not know the exact sustain-

ability indicators of their investment. Both groups view a screen displaying the same ETFs and

the same sustainability-return relation as on the preceding page. The key distinction is that in

the active treatment group, participants may select up to three sustainability definitions for their

sustainable investment, whereas in the passive treatment group, the sustainable ETF is randomly

determined without subjects being able to specify the sustainability definitions. It is noteworthy

that participants in the active treatment group are not provided with any supplementary infor-

mation beyond that which is initially presented; they interact with the identical interface that

displays the ETFs and their sustainability-return correlations as on the previous page. Simi-

larly, those in the passive treatment group are also revisited with the comprehensive list of ETFs

and their respective sustainability-return correlations. In the final phase of the choice treatment

stage, a sustainable ETF (that meets the specified criteria) is randomly assigned.

The passive treatment group serves as a baseline, reflecting that investors might authorize ad-

visors to make sustainable investments without being aware of the exact sustainability attributes

of their investments. Furthermore, it mimics investors who previously bought sustainable in-

vestments but do not know the sustainability attributes of their investments. Therefore, we

do not inform participants in the passive treatment group about the sustainability definition of

their investment until after the experiment. Conversely, participants in the active treatment

group specify their sustainability preferences before being randomly allocated a fund matching

these definitions, thereby becoming aware of the attributes of their ETF. According to Taleb

(2018), someone with skin in the game possesses an interest in the outcome of an event (in this

55



context, the consideration of investments as sustainable) and, crucially, stands to lose something

if it doesn’t occur (the self-image of being a good person, as discussed by Rosenberg (1965)).

Therefore, this setup explores whether investors favor certain definitions in the main stage be-

cause they own an ETF meeting those criteria. Note that our study employs a 2x2 design.

Consequently, all participants are initially assigned to either the positive treatment group or the

negative treatment group. Subsequently, the same participants proceed and participate in either

the active treatment or the passive treatment.

Main Stage: Evaluation of Different Sustainability Definitions In the main stage, where

we gather our key outcomes, we present participants with arguments for and against each sus-

tainability definition and ask them to evaluate each criterion (”How convincing do you find the

criterion ’sustainabilityi’ for classifying sustainable investments?”) on a scale from one (not at

all convincing) to five (fully convincing). Based on these responses, we calculate the variable 2°C

assessment, which reflects whether participants perceive alignment with the 2°C goal as more

persuasive than the other sustainability definitions. Specifically, 2°C assessment represents the

difference between the evaluation of the alignment with the 2°C goal definition and the average

rating of the other two definitions. To deepen our insight into the rationale behind respondents’

decisions, participants provide explanations for their choices in open-text fields. Subsequently,

participants are asked to envision a future regulatory framework where a single definition gov-

erns sustainable investment evaluations. The response to ”Please select the criterion that you

consider to be the most important for evaluating sustainable investments.” is used to establish

our primary outcome (2°C best definition). This indicator variable is set to one if a participant

identifies alignment with the 2°C goal as the optimal sustainability definition, and zero otherwise.

Final Stage: Elicitation of Posterior Beliefs and Demographics After the sustainability

assessment, we elicit participants’ posterior risk and return expectations for ETFs complying

with a particular sustainability definition versus an ETF not adhering to any definition. For

instance, we ask participants to rate their agreement with the statement, ”ETFs aligned with

the 2°C target will generate a higher return over the next 12 months than ETFs not aligned with

the 2°C target”. We also gather information on investment experience and attitudes towards

sustainable investments, followed by data on education, occupation, and income.

3.2.2 Data

Data Collection, and Incentive Compatibility Data collection occurred between November

30th and December 15th, 2023, in an oTree-programmed (Chen et al., 2016) online experiment.

We recruit participants currently residing in Germany via Prolific, an online platform known

for high data quality (Peer et al., 2021) and pay a participation fee of 3 euros. To ensure

incentive compatibility, we randomly select every 25th participant to implement their investment
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decision on the real stock market with 50 euros.30 This decision involves (i) the allocation of 50

euros between a sustainable and a non-sustainable ETF, and (ii) the selection of sustainability

definitions for the sustainable fund in the active treatment group. In December 2024, these

participants receive a bonus payment equivalent to the current value of their ETFs. Participants

are aware that their decisions impact the financing of real firms and their final payoff.

Sample Definition In total, we collected 683 valid responses.31 We pre-registered three steps to

screen out participants who might be subject to experimenter demand effects, likely did not take

the experiment seriously or quickly ”clicked” through the survey: participants that (i) identify

the research question, (ii) fail both attention checks or (iii) disproportionately quickly finish the

study. First, we screen all the answers to our question ”Please describe in one or two sentences

what you think is the main purpose of this study?”. None of the participants identifies the

research question correctly. In the next step, we exclude 29 participants who fail both attention

checks. Last, we drop two participants who finish the study faster than a third of the median

time (6 minutes 56 seconds). Our results are robust to different cutoffs of the completion time

and including all excluded participants. The median time spent in the experiment is about 21

minutes, which leads to median hourly earnings including the bonus payment of 14.30 euros per

participant32 and is considerably more than the recommended pay by Prolific of 10.50 euros. We

offer these rather high incentives to ensure that the trades in the experiment accurately reflect

the choices participants would make in the real stock market.

Sample Characteristics Our final sample consists of 652 participants. Table 19 provides

summary statistics for all variables. The majority of our participants is male (71%), with 47%

working full-time, and the median age being 28 years.33 The sample exhibits a relatively high

level of education, with 56% holding a higher education degree. Notably, 62% of participants

own stocks, bonds, or funds/ETFs before participating in the study, compared to 18% in the

general German population participating in the stock market.34 On average, participants possess

more than three years of investment experience.

30Following Charness et al. (2016) this approach is at least as effective as paying all participants and can further
reduce transaction costs.

31We pre-registered 800 participants; however, only 683 had participated by the latest date feasible for settling
accounts with the accounting department before year’s end. The study initially drew significant interest, with
about 165 participants daily. However, the number then fell to around 20 per day after four days. To boost
participation, we took two measures five days before the study’s end: (i) we relaxed the 50/50 male-to-female
ratio requirement, and (ii) we sent a second invitation to all potential participants. These efforts led to a
temporary spike in engagement, but after two days, participation dwindled to roughly 20 per day once more.

32Bonus payments are set for December 2024, with an investment of 50 euros made for every 25th participant in
December 2023, averaging 2 euros per participant. If the value of the ETFs purchased in December 2024 surpasses
their initial investment value from December 2023, the bonus payments will adjust upwards correspondingly, and
the reverse will apply if the value decreases.

33For one participant we had no data on age. We impute this person’s age using the median age of 28. All
results hold excluding this individual.

34Only a minor fraction of Germans exclusively invests in bonds (Kantar, 2023).
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Table 19: Summary statistics of the main variables for the prolific sample

Mean SD Min Max N

returns 2°C 7.58 10.68 -5.26 70.00 652
returns exclusion 7.32 11.58 -10.00 70.00 652
returns CO2 9.48 16.09 -6.32 120.00 652
returns non-SRI 6.19 13.44 -50.00 75.80 652
return uncertainty 2.38 1.01 1.00 5.00 652
investment experience 3.04 4.69 0.00 40.00 652
own SRI 0.26 0.44 0.00 1.00 652
plans to buy SRI 0.37 0.48 0.00 1.00 652
do not (plan to) hold SRI 0.37 0.48 0.00 1.00 652
native speaker 0.77 0.42 0.00 1.00 652
born in Germany 0.76 0.43 0.00 1.00 652
age 29.22 8.08 18.00 72.00 652
female 0.29 0.45 0.00 1.00 652
income 3.25 2.00 1.00 7.00 652
highschool 0.34 0.47 0.00 1.00 652
apprenticeship 0.11 0.31 0.00 1.00 652
higher education 0.56 0.50 0.00 1.00 652
full-time 0.47 0.50 0.00 1.00 652
part-time 0.13 0.34 0.00 1.00 652
student 0.34 0.47 0.00 1.00 652
no employment 0.06 0.24 0.00 1.00 652

Notes: Table 19 presents summary statistics on all participants. Definitions of these variables can be found in Table 26
(appendix). The belief variables represent pre-treatment elicitations and are winsorized at the 1st and 99th percentiles.

3.3 Return Expectations, Asset Ownership, and the Influence on Sus-

tainability Convictions

Our primary objective is to examine the consistency of investors’ convictions of what sustain-

ability should entail in the context of motivated beliefs. These beliefs are shaped by (i) return

expectations and (ii) knowledge of the sustainability attributes of investor´s portfolio holdings

within the experiment. By exogenously varying these factors, we investigate their causal impact

on investors’ sustainability convictions. Unless stated otherwise, all analyses were pre-registered

before data collection at the American Economic Association’s registry for randomized controlled

trials under AEARCTR-0012566.

3.3.1 Prior Beliefs and Integrity of Randomization

Figure 8 displays the 12-month pre-treatment return point estimates for ETFs adhering to

four different sustainability definitions (alignment 2°C goal; exclusion of controversial firms;

low emission intensity; no sustainability definition). As shown in the graph the distribution is

narrow, with few outliers. The average values are in a reasonable range between 6% and 9%

(Table 19) compared to the average annual return of the most popular German stock market

index (DAX) over the past 10 years with 7.13%.
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Figure 8: 12-month return estimates (pre-treatment)
Notes: This Figure presents the 12-month pre-treatment return point estimates for ETFs adhering to four different
sustainability definitions. The top left graph displays the estimates for ETFs aligned with the 2°C goal definition. The
top right graph shows the returns for ETFs with low emission intensity. The bottom left graph illustrates the returns
for ETFs that exclude controversial firms. Finally, the bottom right graph represents ETFs that do not follow any of
the sustainability definitions.

Overall our sample is well-balanced across the return as well as the choice treatment, con-

sidering a range of demographics and investment experience, as shown in the appendix Tables

27 and 28. Crucially, we observe no pre-treatment differences in return expectations between

the treatments. However, there might be some imbalances in return uncertainty, holdings of

sustainable stocks, education, and employment status. To address any concerns, we include a

set of control variables in our main specifications.35

Result 1: Pre-treatment return beliefs largely mirror the past performance of the German

DAX. We find no pre-treatment differences in return beliefs between treatments.

3.3.2 Updating of Return Expecations

A necessary condition for our subsequent analysis is that the return treatment influences return

expectations of assets complying with the 2°C goal sustainability definition, while return expec-

tations for the other sustainability definitions are largely unaffected. After the treatment, we

ask participants to rate their agreement with three statements capturing return expectations

over the next 12 months of ETFs following different sustainability definitions. Table 20 reports

35See the appendix for the pre-registered specifications without control variables. The results are broadly
consistent.
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OLS estimates of the effect of the return treatment on participants’ posterior (change in) return

expectations. We demonstrate three pieces of evidence that our treatment worked.

Table 20: The return treatment changes expected returns of 2°C goal aligned ETFs, while it
leaves the return expectations of other sustainability indicators unaffected.

(1) (2) (3) (4) (5) (6)
returns ∆ returns returns ∆ returns returns ∆ returns
2°C 2°C CO2 CO2 exclusion exclusion

positive 0.627∗∗∗ 0.359∗∗∗ -0.127 -0.00823 -0.0356 -0.00718
(0.0739) (0.0766) (0.0783) (0.0776) (0.0779) (0.0779)

Constant -0.335∗∗∗ -0.194∗∗∗ 0.0605 0.0156 0.00715 -0.00569
(0.0516) (0.0530) (0.0538) (0.0510) (0.0563) (0.0570)

N 652 652 652 652 652 652
adj. R2 0.0982 0.0312 0.00248 -0.00152 -0.00122 -0.00153

Notes: The return treatment worked. Participants in the positive treatment group report higher posterior (stronger
updating of) return expectations of 2°C aligned ETFs than participants in the negative treatment group (OLS regres-
sion). Return expectations (updating) of assets aligned with a low emission intensity or excluding controversial firms
are unaffected. returns 2°C is the answer to the question ”ETFs aligned with the 2°C goal will generate higher returns
over the next 12 months than ETFs not aligned with the 2°C goal.” on a scale from one (fully disagree) to five (fully
agree) (post-treatment). returns CO2 is the answer to the question ”ETFs with low emission intensity will generate
higher returns over the next 12 months than ETFs with high emission intensity.” on a scale from one (fully disagree)
to five (fully agree) (post-treatment). returns exclusion is the answer to the question ”ETFs that exclude controver-
sial companies will generate higher returns over the next 12 months than ETFs that do not exclude controversial
companies.” on a scale from one (fully disagree) to five (fully agree) (post-treatment). ∆ returns 2°C, ∆ returns CO2,
and ∆ returns exclusion indicate the difference between posterior and prior return expectation as explained in section
3.3.1. All dependent variables are z-scored. The variable positive is one if the subject is part of the positive returns
treatment group (learns about a positive correlation between alignment with the 2°C goal and (expected) returns) and
zero otherwise. Standard errors are displayed in parentheses. Whenever indicated, *, **, and *** denote significance at
the 10, 5, and 1 percent level, respectively.

First, Column (1) indicates that posterior return expectations differ between our treatment

groups. The results show that agreement with the statement ”ETFs that are aligned with the

2°C target will generate higher returns over the next 12 months than ETFs that are not aligned

with the 2°C target” is 62.7% of a standard deviation higher in the positive than in the negative

treatment group (p < 0.01). Second, Column (2) demonstrates that participants update their

return beliefs due to our treatments. To mitigate concerns about experimenter demand effects,

confusion (Haaland et al. 2023), and consistency bias (Falk and Zimmermann 2013), we follow

Coibion et al. (2022) and use different elicitation techniques for prior (point estimates) and pos-

terior (agreement with statement) return expectations (see Haaland et al. (2023) for a review).

For the within-person comparison, we scale prior beliefs in the same way as posterior beliefs to

assess updating. To do so, we follow our pre-analysis plan and calculate the average overperfor-

mance return expectations for each sustainability definition.36 ∆ returns 2°C is defined as the

difference between posterior and prior return expectations. Column 2 shows that participants in

the positive treatment increase their return beliefs by 35.9% of a standard deviation (p < 0.01)

36Let Ri be the expected return for sustainability definition i, and let R̄−i be the average expected return of all
other sustainability definitions and non-SRI. The term ∆Ri = Ri − R̄−i represents the average overperformance
of sustainability definition i. We closely follow our pre-analysis plan and code the overperformance from 1
(overperformance of less than -5%), 2 (overperformance between -5% and -1%), 3 (overperformance between -1%
and +1%), 4 (overperformance between +1% and +5%) to 5 (overperformance of more than +5%).
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compared to the negative treatment group. Thus, we conclude that participants update their

return beliefs due to our return treatment.

Third, Columns (3) and (5) indicate that posterior return expectations for low emission inten-

sity ETFs or those excluding controversial companies are not significantly higher in the positive

compared to the negative treatment group (p = 0.11, respectively p = 0.65).37 Furthermore, the

positive treatment did not lead to belief updates across these sustainability definitions (Columns

(4) and (6); p > 0.50). Taken together, these findings suggest that the positive vs. the negative

treatment group significantly increases return beliefs for ETFs aligned with the 2°C goal, while

ETFs associated with other sustainability definitions remain largely unaffected. These results

demonstrate the effectiveness of our experimental manipulation and are the foundation for our

subsequent analysis.

Result 2: The positive treatment compared to the negative treatment significantly increases

participants’ return expectations over the next 12 months for ETFs aligned with the 2°C goal.

Meanwhile, return expectations for all other ETFs remain mostly unaffected.

3.3.3 Belief Updating and the Consequences on the Choice of Sustainable Invest-

ments

Existing literature indicates that many investors value sustainability (Hartzmark and Sussman

2019; Bauer et al. 2021; Braun et al. 2024b), yet the drivers of sustainable investments are

debated. Standard economic theory suggests individuals are incentivized by financial returns

(Markowitz 1952), while recent literature shows that socially responsible investors are at least

partly motivated by altruistic motives (Riedl and Smeets, 2017; Bauer et al., 2021). We start

our analysis by answering the question of whether investors’ return expectations influence par-

ticipants’ choice of a sustainable investment among different sustainable investment options.38

After allocating 50 euros between a non-sustainable ETF and a sustainable ETF, participants in

the active treatment group actively choose up to three sustainability definitions that must be met

by their sustainable investment. Participants are then randomly assigned an ETF that aligns

with these criteria. Table 21 presents the results of OLS estimates, demonstrating an increased

preference for investments aligned with the 2°C goal among participants in the positive treatment

compared to those in the negative treatment.

The coefficient in Column (1) shows a 69 percentage points increase in the likelihood of

choosing an investment aligned with the 2°C goal definition in the positive treatment (p < 0.01),

which is 6.5 times larger than in the negative treatment group. This pattern persists when

accounting for the share of sustainable investments (Column (2), p < 0.01) and demographic

37If anything, the positive treatment is associated with a decrease in return expectations for ETFs with low
emission intensity (Specification (3), p = 0.11), which even strengthens the effect of our treatment.

38See Braun et al. (2024b) for a discussion on the utility of pecuniary and non-pecuniary motives.
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Table 21: The choice of ETFs aligned with the 2°C goal definition is higher in the positive than
in the negative treatment group.

(1) (2) (3)
2°C choice 2°C choice 2°C choice

positive 0.693∗∗∗ 0.675∗∗∗ 0.675∗∗∗

(0.0400) (0.0410) (0.0437)

Constant 0.127∗∗∗ -0.00898 -0.0473
(0.0265) (0.0387) (0.140)

N 324 324 324
controls no yes yes
split active active active
adj. R2 0.479 0.502 0.492

Notes: The OLS specification shows that participants in the positive treatment are more likely to choose ETFs aligned
with the 2°C goal definition than those in the negative treatment. The dependent variable 2°C choice is one if the
subject actively selects alignment with the 2°C goal as sustainability definition in the interactive interface and therefore
owns an assets in line with this definition and zero otherwise. The variable positive takes the value of one if the subject
is in the positive treatment group and zero otherwise. Column (1) includes no controls, Column (2) adds the amount of
sustainable investment, and Column (3) further includes a set of demographic controls. This analysis focuses exclusively
on participants in the active treatment, as only those have the choice to select a sustainability definition. Significance
levels are denoted as follows: *, **, and *** for the 10, 5, and 1 percent levels, respectively.

variables (Column (3), p < 0.01).39 Taken together with the result that post-treatment return

expectations for ETFs aligned with the 2°C goal are higher in the positive than in the negative

treatment group, we infer that changes in return expectations influence sustainable investment

decisions.

Result 3: Changes in return expectations significantly impact sustainable investment choices,

with participants favoring options projected to yield higher returns.

3.3.4 Belief Updating and the Consequences on the Perception of Sustainability

Definitions

Upon establishing the influence of returns on sustainable investments, one could argue that such

behavior is rational. In the model proposed by Levitt and List (2007), investors’ utility is derived

from wealth and moral components, with investors seeking to maximize their utility through

risk-adjusted returns (Markowitz 1952) and satisfaction from non-pecuniary motives (Andreoni

1989, 1990). To disentangle potentially rational return considerations in choosing sustainable

investments from motivated beliefs that change the assessment of the sustainability attributes of

an asset itself, our subsequent analysis focuses on the assessment of what sustainability should

entail. More specifically, what do participants determine as the most suitable definition for

classifying sustainable investments? Apart from the academic relevance of motivated beliefs

for decision-making, it might be especially relevant for policymakers to consider these beliefs

39We include the amount of sustainable investment and a set of demographics to control for pre-treatment
differences. The specifications (2) and (3) were not pre-registered.
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in regulatory frameworks. Gino et al. (2016) argue that motivated beliefs strive in ambiguous

surroundings. The different sustainability definitions according to MiFID II potentially are such

an environment. We hypothesize that risk and return expectations foster motivated beliefs on

the optimal sustainability definition and therefore overshadow genuine sustainability preferences.

Figure 9: Impact of altered return expectations on sustainability assessments (pooled across
choice treatment)
Notes: This Figure illustrates the share of participants choosing alignment with the 2°C goal as best sustainability
indicator, differentiated by positive and negative treatment group. All results are pooled over active and passive
treatment group. The error bars represent 95% confidence intervals.

To evaluate this question, we analyze the consistency of these sustainability evaluations in

the positive versus the negative treatment group. The classification of sustainable investments

should exclusively be guided by reliable data and measurements, compatibility with science-

based targets, forward-looking perspectives, and additionality (Popescu et al., 2021), while return

expectations should not influence this decision. Figure 9 presents the results of this evaluation

differentiated by negative and positive treatment group for the full sample. The proportion of

participants who identify alignment with the 2°C goal as the most appropriate definition for

classifying sustainable investments is 23.4 percentage points in the negative treatment compared

to 37.6 percentage points in the positive treatment group (p < 0.01), a substantial increase of

60.7%.
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Table 22: Participants in the positive treatment evaluate the alignment with the 2°C goal
definition more favorably than those in the negative treatment.

(1) (2) (3) (4)
2°C 2°C 2°C ∆ 2°C

best definition assessment best definition positive
(arguments) arguments

positive 0.142∗∗∗ 0.253∗∗∗ 0.106∗∗∗ 0.0643∗

(0.0367) (0.0793) (0.0385) (0.0377)

Constant 0.206∗ 0.232 0.363∗∗∗ 0.318∗∗

(0.118) (0.254) (0.133) (0.133)

N 652 652 500 630
controls yes yes yes yes
adj. R2 0.0185 0.0251 0.0147 0.0332

Notes: The OLS specification shows that participants in the positive treatment assess the alignment with the 2°C goal
definition more favorably than those in the negative treatment group. 2°C best criterion is one if participants answer
with alignment with the 2°C goal to the question ”Please select the criterion that you believe is the most important for
evaluating sustainable investments.” and zero otherwise. 2°C assessment reflects participants’ evaluation of alignment
with the 2°C goal relative to exclusion of controversial companies and low emission intensity. Higher values indicate
a stronger conviction that the alignment with the 2°C goal is more convincing. Each measure’s persuasiveness is elicited
on a Likert scale from one to five, before the mean of the other two definitions is subtracted from the alignment with the
2°C goal score. The variable 2°C best definition (arguments) is set to one if participants provide arguments favoring the
2°C goal sustainability definition as best to classify sustainable investments, and zero if they argue in favor of one of the
other sustainability definitions. The variable ∆ 2°C positive arguments denotes the net count of arguments supporting
the aligned with the 2°C goal definition. The latter three variables are z-scored. The explaining variable positive is one
if the subject is part of the positive treatment group and zero otherwise. Standard errors are displayed in parentheses.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.

Table 22 displays OLS specifications including controls and corroborates the earlier result.40

Specification (1) demonstrates that the share of participants who identify alignment with the

2°C goal as the most appropriate definition for classifying sustainable investments is 14.2 per-

centage points higher in the positive treatment than in the negative treatment group (p < 0.01).

Furthermore, we leverage participants’ evaluation of the sustainability definitions on a likert

scale from 1 to 5 to construct the variable 2°C goal assessment, which indicates if participants

evaluate alignment with the 2°C goal more favorably than other sustainability definitions. The

result demonstrates that participants in the positive treatment evaluate 2°C goal assessment

25.3% of a standard deviation more favorably than participants in the negative treatment group

(p < 0.01). On the evaluation page for each definition of sustainability, we present participants

with both supporting and opposing arguments. They are then asked to explain their assess-

ment of each definition. In addition, on the page evaluating the most appropriate definition for

classifying sustainable investments, we ask participants to explain their reasons for choosing a

particular sustainability definition. Most participants mention one or more of the arguments

provided in the text, while only a minor fraction of participants (7.2%) cite return considera-

tions as a factor in one of the sustainability assessments. Even if we follow the most conservative

approach and exclude participants that cite returns in the respective sustainability evaluation,

our results remain consistent (Table 29, appendix, Columns (2) and (4); p < 0.01). Although

40We include control variables to address concerns regarding pre-treatment differences. You find the pre-
registered regression without controls in the appendix in Table 22, Column (1). The result is the same (p < 0.01).
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most participants do not argue return expectations as a driver for the classification of sustainable

investments, they both intentionally and unintentionally do include them in their assessment.

Figure 10: Participants reasoning for their endorsement of a certain sustainability definition
Notes: This Figure presents participants’ categorized answers in the open text field explaining their decision why
they vote for exclusion of controversial companies, low emission intensity or alignment with the 2°C goal as best
sustainability definition. On the x-axis, you see the ten different categories. The first five bars represent arguments in
favor of the exclusion of controversial companies or low emission intensity definition and the latter five bars represent
arguments in favor of the alignment with the 2°C goal sustainability definition. The y-axis represents the share of
participants that mention the respective arguments.

To dig deeper into participants’ reasoning, we organize all open-text field answers into distinct

categories following a preliminary analysis of the content.41 Figure 10 illustrates the distribution

of arguments for choosing a particular sustainability definition as the most suitable for classifying

sustainable investments. Bars one to five represent arguments favoring low emission intensity

and the exclusion of controversial companies, whereas bars six to ten depict those in support

of aligning with the 2°C goal as the preferred future sustainability definition. Participants pre-

dominantly favor the exclusion of controversial firms or those with low emission intensity, citing

their role in climate change mitigation (13%), the high transparency and good measurability of

these criteria (25%), and moral reasons (6%). Additionally, 3% of participants argue that the

low emission intensity definition also contributes to achieving the 2°C goal, and 17% provide

other arguments supporting the mentioned sustainability definitions. Support for alignment with

the 2°C goal is justified by its role in mitigating climate change (11%), measurability (4%), fu-

ture orientation (2%), and the belief that achieving the 2°C goal implies lower emissions (3%).

41The following analysis is purely exploratory.
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Moreover, 10% of participants mention other reasons supporting the 2°C goal definition. We

construct an indicator set to one if an individual supports, and zero if an individual opposes,

alignment with the 2°C goal as the best sustainability definition. For this analysis, we exclude all

participants from whom we cannot determine whether their arguments are in favor of or against

the 2°C goal sustainability definition. Specification (3) in Table 22 shows that participants in

the positive treatment are 12 percentage points more likely to support the alignment with the

2°C goal definition than those in the negative treatment group (p < 0.01), representing a 68%

increase. This result highlights that participants utilize the provided arguments. Despite receiv-

ing identical arguments for and against each sustainability definition, participants apply these

arguments differently to justify their choices.

Figure 11: Participants reasoning in favor and against the alignment with the 2°C goal sus-
tainability definition.
Notes: This Figure presents participants’ categorized answers in the open text field explaining their decision in the
evaluation of the 2°C goal definition. On the x-axis, you see the eight different categories. The first four bars represent
arguments in favor and the latter four bars represent arguments against the proposed sustainability definition. The
y-axis represents the share of participants that use the respective argument.

After exploring the reasons why participants chose alignment with the 2°C goal as the best

sustainability definition, we further investigate their rationale for assessing whether alignment

with the 2°C goal constitutes a suitable sustainability definition in itself. This analysis sheds

light on the multifaceted motivations behind participants’ sustainability evaluations. Figure 11

presents the distribution of arguments. Each response was categorized by a research assistant

without knowledge of the hypotheses into one to three groups, reflecting the six arguments

66



introduced during the experiment. Responses that went beyond the provided arguments were

classified as either ’other pro’ or ’other contra’ arguments to ensure a comprehensive capture

of participant perspectives. The majority of participants argued in favor of the alignment with

the 2°C goal definition by highlighting its critical role in mitigating climate change risks (27%),

its forward-looking approach (4%), and its ability to lower financing costs for compliant firms

(5%). Additionally, 17% of the justifications highlight other motives in favor of the alignment

with the 2°C goal definition, such as ”sustainability is crucial,” ”it is the right thing to do,” or

”although the definition is not perfect, it is still better than doing nothing”. Criticisms were

primarily centered around nonbinding commitments (12%), methodological uncertainties (17%),

and speculative assumptions (16%). Furthermore, 22% of the concerns mention other reasons

against the alignment with the 2°C goal definition, like ”global warming is unstoppable anyway,”

”it would be more effective to reduce emissions directly rather than in the future”, or ”limiting

global warming to 2°C is insufficient”.

In the last step of this analysis, we conduct a quantitative assessment of participants’ qualita-

tive responses, using an indicator variable, assigned a value of one when a participant provided

more arguments in favor of than against the alignment with the 2°C goal definition and zero

otherwise. We exclude all participants from whom no interpretable arguments are provided.

The results are consistent with our previous findings. Specification (4) in Table 22 shows a 6.4

percentage point increase in the likelihood of participants advocating in favor of the alignment

with the 2°C goal definition (Column (1), p = 0.09), representing a 21% increase compared to

the negative treatment group.

For further evidence that the effect is a result of changes in return expectations, we correlate

post-treatment return expectations and the four measures for the evaluation of the 2°C goal

sustainability definition. Table 30 in the appendix demonstrates that the higher the ex-post

return expectations of the 2°C goal aligned ETFs, the more likely it is that the 2°C goal definition

is assessed as the most promising one to classify sustainable investments (the higher the rating of

the 2°C goal definition compared to other sustainability definitions) (all specifications p < 0.01).

Taken together, participant´s return expectations influence their sustainability convictions.

Result 4: Shifts in return expectations significantly alter the evaluation of the alignment with

the 2°C goal sustainability definition. Despite all participants being presented with identical

arguments, they selectively use and interpret these arguments in a self-serving manner to justify

decisions that align with their motivated beliefs.
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3.3.5 Return Expectations, Existing Sustainable Investment Decisions, and Sus-

tainability Convictions

Previous to the experiment, we identified two potential drivers of motivated beliefs: (i) return ex-

pectations and (ii) sustainability attributes of existing portfolio holdings within the experiment.

The latter may amplify motivated beliefs induced by return expectations because participants

possess skin in the game (Taleb, 2018). Having demonstrated the effect of return expectations

in the previous section, we now examine the combined effect of return expectations and existing

portfolio holdings in a heterogeneity analysis. We hypothesize that the effects of motivated be-

liefs induced by the positive treatment are stronger in the active treatment than in the passive

treatment group.

Table 23: The more favorable assessment of the alignment with the 2°C goal sustainability
definition in the positive treatment group is driven by participants of the active treatment group.

(1) (2) (3) (4)
2°C 2°C 2°C ∆ 2°C

best definition assessment best definition positive
(arguments) arguments

positive 0.0433 0.114 0.00134 0.0198
(0.0515) (0.113) (0.0524) (0.0526)

active -0.0911∗ -0.169 -0.0695 -0.0563
(0.0484) (0.112) (0.0529) (0.0492)

positive * active 0.201∗∗∗ 0.280∗ 0.128∗ 0.179∗∗

(0.0721) (0.157) (0.0752) (0.0770)

Constant 0.256∗∗ 0.325 0.359∗∗∗ 0.390∗∗∗

(0.122) (0.257) (0.139) (0.138)

N 652 652 630 500
controls yes yes yes yes
adj. R2 0.0275 0.0270 0.0346 0.0231

Notes: The OLS regression shows the change in the assessment of the 2°C goal sustainability definition between the
positive treatment and the negative treatment group is stronger in the active treatment compared to the passive
treatment group. 2°C best criterion is one if participants answer with alignment with the 2°C goal to the question
”Please select the criterion that you believe is the most important for evaluating sustainable investments.” and zero
otherwise. 2°C assessment reflects participants’ evaluation of alignment with the 2°C goal relative to exclusion of
controversial companies and low emission intensity. Higher values indicate a stronger conviction that the alignment
with the 2°C goal is more convincing. Each measure’s persuasiveness is elicited on a Likert scale from one to five, before
the mean of the other two definitions is subtracted from the alignment with the 2°C goal score. The variable 2°C best
definition (arguments) is set to one if participants provide arguments favoring the 2°C goal sustainability definition as
best to classify sustainable investments, and zero if they argue in favor of one of the other sustainability definitions.
The variable ∆ 2°C positive arguments denotes the net count of arguments supporting the aligned with the 2°C goal
definition. The latter three variables are z-scored. The variable positive is one if the subject learns about a positive
correlation between alignment with the 2°C goal and (expected) returns) and zero otherwise. active is an indicator
variable that is one if a subject is part of the group that can actively choose the sustainability criterion before the
random selection of funds and zero otherwise. Standard errors are displayed in parentheses. Whenever indicated, *, **,
and *** denote significance at the 10, 5, and 1 percent levels, respectively.

To explore this, we investigate how the positive treatment interacts with the active treatment

group in influencing the selection of the optimal sustainability definition. A significant interaction

effect would suggest that investors informed about their investments’ sustainability attributes

(active treatment group) respond more strongly to the positive treatment than those unaware
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of their portfolio’s attributes (passive treatment). Table 23 presents the results of an OLS

regression. The interaction term shows a significant positive effect for determining the 2°C goal

as the most suitable sustainability definition (Column (1), p < 0.01) indicating that motivated

beliefs are about five times stronger in the active than in the passive treatment group. On

the contrary, the coefficient for the positive treatment is not statistically significant (Column

(1), p = 0.40). This indicates no significant effect of the positive treatment on the alignment

with the 2°C goal definition in the passive treatment group. Together these results suggest

that the participants are mostly influenced by motivated beliefs induced through the interplay

of knowledge on the sustainability attributes of the participant´s ETF and changed return

expectations. Furthermore, the results remain statistically and economically significant if we use

the assessment of the 2°C goal compared to the other two sustainability definitions or our two

variables deducted by the qualitative answer of the participants as dependent variable (Columns

(2) - (4); p-values between 0.01 to 0.09).42

A competing hypothesis might be that the effects observed are not primarily driven by mo-

tivated beliefs linked to the interplay of return expectations and existing investments but by

enhanced learning about the sustainability-return correlation among participants in the active

treatment group. This enhanced learning could arise from the participant´s opportunity to en-

gage with an interactive interface displaying ETFs, their alignment with different sustainability

definitions, and expected returns for a second time. Importantly, participants in the active treat-

ment group are not given additional information beyond what is initially presented; they interact

with the same interface that displays the ETFs and their sustainability-return correlations as

on the previous page. Similarly, those in the passive treatment group are also revisited with the

full list of ETFs and their respective sustainability-return correlations. The key difference is

the interaction with the study’s tool: participants in the active treatment group express their

sustainability preferences by selecting their desired sustainability definitions through the inter-

active interface. Subsequently, they are matched with an ETF that aligns with these stated

preferences. Conversely, participants in the passive treatment group are not allowed to indicate

their sustainability preferences and therefore assigned a random sustainable ETF. Hence, these

participants are not aware of the sustainability attributes of their investment.

To address potential concerns about learning effects within the active treatment group, we

conduct various robustness tests using OLS regressions incorporating controls for prior and pos-

terior return expectations, the time spent on the learning and decision pages, the number of

clicks on these pages, as well as demographic variables (see Table 24).43 First, we consider

posterior return expectations to determine whether the interaction effects stem from learning-

42Table 31 shows the pre-registered specifications without controls (Specifications (1) and (3)) as well as spec-
ifications, where we exclude all individuals mentioning return expectations as the motivation behind their choice
(assessment) of sustainability definitions. The results are largely the same.

43This robustness analysis was not pre-registered. We show it to reinforce confidence in the proposed mecha-
nism.
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Table 24: The higher likelhood of endorsing the alignment with the 2°C goal sustainability
definition in the positive treatment group is driven by participants of the active treatment (con-
trolling for posterior returns, time and # of clicks)

(1) (2) (3) (4) (5)
2°C 2°C 2°C 2°C 2°C
best best best best best

definition definition definition definition definition

returns 2°C 0.125∗∗∗ 0.126∗∗∗ 0.126∗∗∗ 0.125∗∗∗ 0.125∗∗∗

(0.0175) (0.0175) (0.0175) (0.0176) (0.0177)

positive -0.0110 -0.0155 -0.0166 -0.0165 -0.0154
(0.0503) (0.0506) (0.0505) (0.0505) (0.0506)

active -0.0293 -0.0498 -0.0474 -0.0685 -0.0711
(0.0468) (0.0518) (0.0525) (0.0594) (0.0588)

positive * active 0.136∗ 0.143∗∗ 0.147∗∗ 0.144∗∗ 0.140∗∗

(0.0699) (0.0700) (0.0696) (0.0695) (0.0700)

time ETF selection 0.000593 -0.00162 -0.00173
(0.00101) (0.00353) (0.00356)

time ETF selection2 0.0000250 0.0000225
(0.0000377) (0.0000380)

# clicks learning -0.00118 -0.00119
(0.00220) (0.00242)

# clicks decision 0.00458 0.00532
(0.00667) (0.00565)

delta time 0.0000399
(0.000342)

Constant -0.141 -0.136 -0.104 -0.0760 -0.0934
(0.144) (0.146) (0.153) (0.156) (0.151)

N 652 646 646 646 646
controls yes yes yes yes yes
adj. R2 0.101 0.102 0.102 0.0997 0.101

Notes: The OLS regression shows the persistent interaction effect of the positive and active treatment group on the
endorsement of the alignment with the 2°C goal controlling for posterior returns, time, and number of clicks. 2°C best
definition is one if participants endorese alignment with the 2°C goal to the question as best sustainability definition
and zero otherwise. The variable positive is one if the subject learns about a positive correlation between alignment
with the 2°C goal and (expected) returns and zero otherwise. active is an indicator variable that is one if a subject is
part of the group that can actively choose the sustainability definition before the random selection of funds and zero
otherwise. time ETF selection measures the duration spent on the fund selection page, and this variable is winsorized
at the 5% and 95% levels. The variables # clicks learning and # clicks decision represent the number of clicks on
different sustainability criteria in the learning (fund selection page) and are winsorized at the 90% level. delta time
measures the time difference between the learning and decision screens and is winsorized at the 10% and 90% levels.
All time variables are winsorized on the 10% and 90% levels () In all specifications, we adjust for demographics and
pre-treatment return expectations. Standard errors are displayed in parentheses. Whenever indicated, *, **, and ***
denote significance at the 10, 5, and 1 percent levels, respectively.

induced changes in return expectations or from the choice of 2°C goal-aligned assets. Although

the interaction effect’s magnitude decreases compared to our standard specification, a statis-

tically significant interaction remains (Column (1), p < 0.052), indicating the importance of

the sustainability attributes of the existing portfolio holdings within the experiment. Second,

to address concerns regarding the time spent by participants in the active treatment group on

the decision screen, we include controls for both linear and quadratic time effects and show
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the robustness of our results (Columns (2) and (3), p = 0.041 and p = 0.035, respectively).44

Third, including the number of clicks on sustainability definitions on both the learning and de-

cision pages does not change the significance of the interaction effect (Column (4), p = 0.038),

demonstrating the robustness of the effect to variations in engagement with the sustainability-

return information. Fourth, the results persist when we adjust for the time difference between

the decision and learning screens (Column (5), p = 0.045), reinforcing the persistent influence

of participants´ existing portfolio holdings on the selection of sustainability definitions. Table

32 (appendix) qualitatively supports the same conclusion for the evaluation of the alignment

with the 2°C goal compared to the other sustainability definitions; the interaction effect remains

positive although it becomes statistically insignificant. In summary, our findings consistently

show that knowledge about the sustainability attributes of existing portfolio holdings signifi-

cantly affects participants’ preferences for incorporating the 2°C goal into future sustainability

definitions. This effect cannot be attributed solely to enhanced learning.

So far, we have demonstrated that altered return expectations and knowledge about the

sustainability attributes of portfolio holdings influence the evaluation of the alignment with the

2°C goal definition to classify sustainable investments. To further investigate the mechanisms,

we examine participants possessing 2°C goal-aligned ETFs and compare them with those (i)

not owning these ETFs and (ii) those not knowing the attributes of their sustainable assets.

If the observed effects are driven by participants actually owning 2°C goal-aligned ETFs, then,

conditional upon being in the positive (negative) treatment group, participants choosing assets

aligned with the 2°C goal are expected to show a preference for this definition. Table 25 supports

this, indicating a pronounced preference for the alignment with the 2°C goal definition among

such asset owners.45 In particular, participants in the positive treatment owning 2°C goal-aligned

assets are 74% more likely to support this goal as the optimal sustainability definition, compared

to those not owning 2°C goal-aligned assets (see Column (1), p = 0.03). Moreover, when compar-

ing 2°C-goal aligned asset owners to those unaware of their assets’ sustainability attributes, the

former are 47% more inclined to adopt the 2°C goal as the most fitting sustainability definition

(see Column (2), p < 0.01). In contrast, among participants in the negative treatment group,

no significant preference difference is observed, irrespective of their asset ownership (see Column

(3), p = 0.55; Column (4), p = 0.84).

Table 33 (appendix) reaffirms this finding for an alternative specification with the 2°C as-

sessment as the dependent variable with the difference that the effect also holds in the negative

treatment. Note, there exist no pre-treatment differences in prior return expectations between

participants who own 2°C goal-aligned assets and those who do not (unreported tests; p = 0.98)

44For 6 individuals we do not have information on the time spent on the different pages. Our results are robust
to the imputation of the median time and the removal of these individuals from the sample. Furthermore, in
unreported specifications, we also account for the time spent on the learning page and for deciles of the time
spent on the decision page. The results remain consistent.

45We pre-registered to analyze heterogeneity concerning the ETF holdings, but the exact analysis is exploratory.
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Table 25: The selection of 2°C aligned ETFs increases the likelihood of endorsing this definition
as best suitable for classifying sustainable investments.

(1) (2) (3) (4)
2°C 2°C 2°C 2°C

best definition best definition best definition best definition

owns 2°C goal asset 0.204∗∗ 0.151∗∗∗ 0.0616 -0.0216
(0.0919) (0.0562) (0.103) (0.104)

Constant 0.267∗∗∗ 0.319∗∗∗ 0.188∗∗∗ 0.272∗∗∗

(0.0812) (0.0363) (0.0335) (0.0351)

N 166 302 158 182
controls no no no no
split positive positive negative negative

/active /active
adj. R2 0.0191 0.0206 -0.00373 -0.00532

Notes: The OLS regression indicates that ownership of ETFs Aligned with the 2°C goal sustainability definition increases
the likelihood of endorsing this definition as best suitable for classifying sustainable investments. This effect is driven
by participants in the positive treatment. 2°C best criterion is one if participants answer with alignment with the 2°C
goal to the question ”Please select the criterion that you believe is the most important for evaluating sustainable
investments.” and zero otherwise. The variable own 2°C goal asset is an indicator that is one if a participant is
aware that she owns an asset aligned with the 2°C goal definition and zero otherwise. Columns (1) and (2) exclusively
evaluate participants of the positive treatment, while Columns (3) and (4) focus on the negative treatment. Furthermore,
Columns (1) and (3) evaluate participants that are aware of the attributes of their sustainable assets (active treatment
group), while Columns (2) and (4) compare those owning a 2°C goal asset with those not knowing the attributes of their
sustainable assets (passive treatment group). Whenever indicated, *, **, and *** denote significance at the 10, 5, and
1 percent level, respectively.

or are not aware of their portfolio holdings (unreported tests, p = 0.17). Furthermore, our re-

sults stay the same if we include pre-treatment return expectations in all specifications (results

available upon request), which shows that the results are not a consequence of pre-treatment

differences. Overall, the findings highlight the crucial role of ownership of assets in shaping

preferences for sustainability definitions, especially among participants with positive return ex-

pectations in respect of 2°C goal-aligned assets.

Result 5: The evaluation of the 2°C goal as a sustainability definition is influenced by changes

in return expectations. This effect is particularly strong for participants owning 2°C goal-aligned

assets.

3.4 Discussion and Conclusion

In our investigation, we meticulously design an online experiment to explore how investors’ sus-

tainability convictions are influenced by motivated beliefs. Respondents significantly update

their beliefs regarding the performance of different ETFs due to information on the expected

sustainability-return correlation. This allows us to analyze the effect of changes in return expec-

tations on altering sustainability convictions. Furthermore, by altering participants’ capacity

to know the sustainability attributes of their portfolio holdings within the experiment, we in-

vestigate the combined effect of existing portfolio holdings and altered return expectations on

participants’ perceptions of what constitutes sustainability.
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Our findings provide causal evidence that investors’ sustainability convictions are shaped by

motivated beliefs, stemming from the interplay between the sustainability attributes of existing

portfolio holdings and return expectations. We demonstrate through open-text responses that

despite receiving identical arguments for and against, participants interpret and apply these

arguments differently to justify their choices. This highlights the need for policymakers to con-

sider motivated beliefs in regulatory frameworks. We suggest that MiFID II regulations adopt a

stricter procedure for eliciting sustainability preferences to mitigate this channel of self-serving

behavior. Current regulations offer excessive flexibility in classifying sustainable investments,

potentially allowing risk and return considerations, as well as the attributes of existing portfolio

holdings, to overshadow genuine sustainability preferences. As our experiment shows, investors

engage in self-serving behavior and rationalize the investments most aligned with their personal

(financial) interests as sustainable. Therefore, we advocate for narrowing down sustainability

definitions to the minimum, ideally to a single, universal definition based on clear indicators

because motivated beliefs thrive in environments of ambiguity (Gino et al., 2016). The tendency

of individuals to choose sustainability definitions that match their return expectations and the

sustainability attributes of their existing portfolio holdings is intensified by the European Com-

mission’s policy, which allows clients full freedom in determining what sustainability means to

them. Furthermore, it must be ensured that advisors cannot influence their clients in the sus-

tainability assessment. As shown by Laudi et al. (2023), advisors exploit the sustainability

preferences of their clients by charging especially low financially literate investors higher fees.

Therefore, it could well be that advisors use the flexibility offered by different sustainability def-

initions to sell products with high fees, arguing that they align with the previously manipulated

sustainability preferences of their clients.

While our study provides valuable insights, it is bound by the constraints of its experimental

design and participant demographics. Future studies could extend our analysis to real-world

investment behaviors, examining the enduring impact of motivated beliefs on actual portfolio

decisions. Furthermore, future research could explore if motivated beliefs can be attributed to

a previous sustainable asset choice, the ownership of an asset itself, or a combination of both.

Moreover, given that politicians may not favor a universal sustainability definition with limited

factors, future research might also explore the effects of additional sustainability definitions and

delve deeper into how a future sustainability definition should be crafted. Our study documents

the effects of motivated beliefs on the process of shaping sustainability preferences. We leave

the question of which factors need to be included in a holistic sustainability definition to future

research and policymakers.

73



3.5 Appendix

Table 26: Variable definitions

Variable Definition

2°C best definition Indicator variable that is one if participants answer with alignment
with the 2°C goal to the question ”Please select the criterion that
you believe is the most important for evaluating sustainable in-
vestments.” and zero otherwise.

2°C assessment Represents the difference between the seven-point likert scale eval-
uation of the alignment with the 2°C goal definition and the aver-
age rating of the other two definitions.

positive Indicator variable that is one if a subject is part of the posi-
tive treatment group (learns about a positive correlation between
alignment with the 2°C goal and (expected) returns) and zero oth-
erwise.

active Indicator variable that is one if a subject is part of the active
treatment group that can actively choose the sustainability crite-
rion before the random selection of funds and zero otherwise.

returns 2°C (prior) Point estimate on the expected return over the next 12 months of
an ETF aligned with the 2°C goal (prior treatment).

returns 2°C (poste-
rior)

Response to the question ”ETFs aligned with the 2°C goal will
generate higher returns over the next 12 months than ETFs not
aligned with the 2°C goal.” on a scale from one (fully disagree) to
five (fully agree) (post treatment).

∆ returns 2°C Standardized difference between posterior and prior return expec-
tations of 2°C goal ETFs.

returns exclusion
(prior)

Point estimate on the expected return over the next 12 months of
an ETF that excludes controversial companies (prior treatment).

returns exclusion
(posterior)

answer to the question ”ETFs that exclude controversial compa-
nies will generate higher returns over the next 12 months than
ETFs that do not exclude controversial companies.” on a scale
from one (fully disagree) to five (fully agree) (post treatment).

∆ returns exclusion Standardized difference between posterior and prior return expec-
tations of ETFs that consider exclusion criteria.

returns CO2 (prior) Point estimate on the expected return over the next 12 months of
an ETF with a low emission intensity (prior treatment).

returns CO2 (poste-
rior)

Answer to the question ”ETFs with low emission intensity will
generate higher returns over the next 12 months than ETFs with
high emission intensity.” on a scale from one (fully disagree) to
five (fully agree) (post treatment).

∆ returns CO2 Standardized difference between posterior and prior return expec-
tations of ETFs that consider exclusion criteria.

returns non-SRI Point estimate on the expected return over the next 12 months of
an ETF with no considerations of sustainability (prior treatment).

return uncertainty Degree of confidence on the return answer on a scale from one
(very insecure) to five (very secure).

investment experi-
ence

Experience in investments in stocks, bonds, and funds/ETFs (in
years).
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Table 26 (continued):

Variable Definition

own SRI Indicator variable that is one if the respondent currently holds
sustainable investments and zero otherwise.

plans to buy SRI Indicator variable that is one if the individual currently holds no
sustainable assets but plans to buy some within the next three
years and zero otherwise.

do not (plan to) hold
SRI

Indicator variable that is one if the individual neither holds nor
plans to hold SRI in the next three years.

native speaker Indicator variable that is one if the respondent is a German native
speaker and zero otherwise.

born in Germany Indicator variable that is one if the individual was born in Ger-
many and zero otherwise.

female Indicator variable that is one if the respondent is female and zero
otherwise.

higher education Indicator variable that is one if the respondent has a higher edu-
cation degree and zero otherwise.

high school Indicator variable that is one if the respondent has a high school
degree and zero otherwise.

apprenticeship Indicator variable that is one if a respondent has an apprenticeship
degree and zero otherwise.

age Respondents age (in years)
income Respondents self-reported net income:

(1; below 1.000 euro)
(2; 1.000 - 1,500 euro)
(3; 1,501 - 2,000 euro)
(4; 2,001 - 2,500 euro)
(5; 2,501 - 3,000 euro)
(6; 3,001 - 3,500 euro)
(7; more than 3,500 euro)

full-time Indicator variable that is one if a respondent works full-time and
zero otherwise.

part-time Indicator variable that is one if a respondent works part-time and
zero otherwise.

student Indicator variable that is one if a respondent is a student and zero
otherwise.

no employment Indicator variable that is one if a respondent is unemployed and
zero otherwise.

time ETF selection # of seconds on the ETF selection page.
# clicks learning # number of clicks in the interactive tool on the learning page.
# clicks decision # number of clicks in the interactive tool on the decision page.
delta time Difference in the # of seconds between learning and decision page.
owns 2°C goal asset Indicator variable that is one if a participant is aware that she

owns an asset aligned with the 2°C goal definition and zero oth-
erwise.

2°C best definition
(arguments)

Indicator variable that is one if a participant provides more ar-
guments in favor than against the alignment with the 2°C goal as
best definition.

∆ positive arguments Difference between arguments in favor and against the alignment
with the 2°C goal definition.

Notes: Table 26 defines all relevant variables.
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Table 27: No unexpected systematic differences in key observables between positive and
negative treatment group.

Positive Negative Diff. Std. Error P-value Obs.

returns 2°C 7.81 7.34 -0.48 0.84 (0.569) 652
returns exclusion 6.98 7.67 0.68 0.91 (0.452) 652
returns CO2 9.03 9.95 0.92 1.26 (0.465) 652
returns non-SRI 5.80 6.59 0.80 1.05 (0.450) 652
return uncertainty 2.30 2.47 0.16∗∗ 0.08 (0.038) 652
investment experience 2.80 3.29 0.49 0.37 (0.181) 652
own SRI 0.22 0.31 0.09∗∗∗ 0.03 (0.007) 652
plans to buy SRI 0.35 0.39 0.04 0.04 (0.313) 652
do not (plan to) hold SRI 0.43 0.30 -0.13∗∗∗ 0.04 (0.001) 652
native speaker 0.76 0.78 0.02 0.03 (0.501) 652
born in Germany 0.75 0.76 0.01 0.03 (0.711) 652
age 29.55 28.88 -0.66 0.63 (0.297) 652
female 0.31 0.26 -0.04 0.04 (0.207) 652
income 3.34 3.17 -0.17 0.16 (0.264) 652
highschool 0.33 0.34 0.01 0.04 (0.865) 652
apprenticeship 0.11 0.10 -0.01 0.02 (0.826) 652
higher education 0.56 0.56 -0.00 0.04 (0.980) 652
full-time 0.47 0.46 -0.01 0.04 (0.730) 652
part-time 0.12 0.14 0.02 0.03 (0.446) 652
student 0.33 0.36 0.03 0.04 (0.405) 652
no employment 0.08 0.04 -0.04∗∗ 0.02 (0.048) 652

Notes: Table 27 verifies that the randomization into positive and negative treatment overall worked. To do so, mean
values of all relevant variables are computed for each treatment group and compared between the two treatments by
using t-tests. All belief variables represent pre-treatment elicitations and are winsorized at the 1st and 99th percentiles.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent level, respectively. For definitions of
the variables, please consider Table 26.
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Table 28: No unexpected systematic differences in key observables between active and passive
treatment group.

Active Passive Diff. Std. Error P-value Obs.

returns 2°C 7.87 7.30 -0.57 0.84 (0.494) 652
returns exclusion 7.70 6.94 -0.77 0.91 (0.398) 652
returns CO2 9.61 9.35 -0.25 1.26 (0.841) 652
returns non-SRI 6.07 6.30 0.23 1.05 (0.824) 652
return uncertainty 2.35 2.41 0.06 0.08 (0.453) 652
investment experience 2.75 3.33 0.58 0.37 (0.117) 652
own SRI 0.25 0.27 0.02 0.03 (0.480) 652
plans to buy SRI 0.37 0.37 0.00 0.04 (0.967) 652
do not (plan to) hold SRI 0.38 0.35 -0.03 0.04 (0.492) 652
native speaker 0.78 0.76 -0.02 0.03 (0.511) 652
born in Germany 0.77 0.75 -0.02 0.03 (0.583) 652
age 28.96 29.48 0.51 0.63 (0.418) 652
female 0.30 0.27 -0.03 0.04 (0.335) 652
income 3.21 3.30 0.08 0.16 (0.597) 652
highschool 0.36 0.31 -0.05 0.04 (0.151) 652
apprenticeship 0.08 0.13 0.05∗∗ 0.02 (0.035) 652
higher education 0.56 0.56 0.00 0.04 (0.951) 652
full-time 0.47 0.46 -0.01 0.04 (0.762) 652
part-time 0.10 0.16 0.05∗ 0.03 (0.055) 652
student 0.35 0.33 -0.02 0.04 (0.544) 652
no employment 0.07 0.05 -0.02 0.02 (0.398) 652

Notes: Table 28 verifies that the randomization into active and passive treatment group worked. To do so, mean
values of all relevant variables are computed for each treatment group and compared between the two treatments by
using t-tests. All belief variables represent pre-treatment elicitations and are winsorized at the 1st and 99th percentiles.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent level, respectively. For definitions of
the variables, please consider Table 26.
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Table 29: Participants in the positive treatment are more likely to assess the alignment with the
2°C goal sustainability definition more favourably compared to the negative treatment group.

(1) (2) (3) (4) (5) (6)
2°C 2°C 2°C 2°C 2°C ∆ 2°C
best best assessment assessment best positive

definition definition definition arguments
(arguments)

positive 0.142∗∗∗ 0.142∗∗∗ 0.265∗∗∗ 0.244∗∗∗ 0.117∗∗∗ 0.0621
(0.0357) (0.0371) (0.0783) (0.0838) (0.0375) (0.0377)

Constant 0.234∗∗∗ 0.213∗ -0.134∗∗ 0.187 0.173∗∗∗ 0.309∗∗∗

(0.0237) (0.120) (0.0565) (0.255) (0.0237) (0.0264)

N 652 643 652 609 500 630
controls no yes no yes no no
split no no return no no return no no
adj. R2 0.0222 0.0169 0.0159 0.0244 0.0174 0.00270

Notes: Notes: The OLS specification shows that participants in the positive treatment evaluate the alignment with
the 2°C goal definition more favorably than those in the negative treatment group. 2°C best criterion is one if par-
ticipants answer with alignment with the 2°C goal to the question ”Please select the criterion that you believe is the
most important for evaluating sustainable investments.” and zero otherwise. 2°C assessment reflects participants’
evaluation of alignment with the 2°C goal relative to exclusion of controversial companies and low emission intensity.
Higher values indicate a stronger conviction that the alignment with the 2°C goal is more convincing. Each measure’s
persuasiveness is elicited on a Likert scale from one to five, before the mean of the other two definitions is subtracted
from the alignment with the 2°C goal score. The variable 2°C best definition (arguments) is set to one if participants
provide arguments favoring the 2°C goal sustainability definition as best to classify sustainable investments, and zero if
they argue in favor of one of the other sustainability definitions. The variable ∆ 2°C positive arguments denotes the
net count of arguments supporting the aligned with the 2°C goal definition. The latter three variables are z-scored. The
explaining variable positive is one if the subject is part of the positive treatment group and zero otherwise. Specifi-
cations (1), (2), (5), and (6) mirror Table 22 but do not include control variables. Specifications (2) and (4) exclude
all individuals citing return expectations as a motivation for their evaluation of the sustainability definitions. Standard
errors are displayed in parentheses. Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent
levels, respectively.
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Table 30: Participants’ return expectations are positively correlated with their evaluation of
the alignment with the 2°C goal sustainability definition.

(1) (2) (3) (4)
2°C 2°C 2°C ∆ 2°C

best definition assessment best definition positive
(arguments) arguments

returns 2°C 0.151∗∗∗ 0.253∗∗∗ 0.0947∗∗∗ 0.122∗∗∗

(0.0179) (0.0413) (0.0202) (0.0184)

Constant 0.207∗ 0.242 0.389∗∗∗ 0.296∗∗

(0.111) (0.245) (0.129) (0.128)

N 652 652 500 630
controls yes yes yes yes
adj. R2 0.0966 0.0698 0.0450 0.0916

Notes: This OLS regression shows that higher return expectations are positively correlated with a more favorable
assessment of the 2°C goal sustainability definition. 2°C best criterion is one if participants answer with alignment
with the 2°C goal to the question ”Please select the criterion that you believe is the most important for evaluating
sustainable investments.” and zero otherwise. 2°C assessment reflects participants’ evaluation of alignment with the
2°C goal relative to exclusion of controversial companies and low emission intensity. Higher values indicate a stronger
conviction that the alignment with the 2°C goal is more convincing. Each measure’s persuasiveness is elicited on a
Likert scale from one to five, before the mean of the other two definitions is subtracted from the alignment with the
2°C goal score. The variable 2°C best definition (arguments) is set to one if participants provide arguments favoring
the 2°C goal sustainability definition as best to classify sustainable investments, and zero if they argue in favor of one
of the other sustainability definitions. The variable ∆ 2°C positive arguments denotes the net count of arguments
supporting the aligned with the 2°C goal definition. The latter three variables are z-scored. The variable returns 2°C is
z-scored and indicates the post-treatment agreement with the statement ”ETFs aligned with the 2°C goal will generate
higher returns over the next 12 months than ETFs not aligned with the 2°C goal.”. Standard errors are displayed in
parentheses. Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent levels, respectively.
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Table 31: The more favourable evaluation of the alignment with the 2°C goal sustainability
definitions in the positive treatment group is driven by the participants of the negative treatment
group.

(1) (2) (3) (4)
2°C 2°C 2°C 2°C

best definition best definition assessment assessment

positive 0.0477 0.0450 0.117 0.0961
(0.0505) (0.0518) (0.113) (0.118)

active -0.0754 -0.0871∗ -0.157 -0.188
(0.0473) (0.0491) (0.113) (0.120)

positive * active 0.190∗∗∗ 0.198∗∗∗ 0.299∗ 0.307∗

(0.0710) (0.0728) (0.156) (0.165)

Constant 0.272∗∗∗ 0.262∗∗ -0.0560 0.289
(0.0351) (0.124) (0.0814) (0.261)

N 652 643 652 609
controls no yes no yes
split no no return no no return
adj. R2 0.0304 0.0253 0.0184 0.0270

Notes: The OLS regression shows the change in the assessment of the 2°C goal sustainability definition between the
positive treatment and the negative treatment group is stronger in the active treatment compared to the passive
treatment group. 2°C best criterion is one if participants answer with alignment with the 2°C goal to the question
”Please select the criterion that you believe is the most important for evaluating sustainable investments.” and zero
otherwise. 2°C assessment reflects participants’ evaluation of alignment with the 2°C goal relative to exclusion of
controversial companies and low emission intensity. Higher values indicate a stronger conviction that the alignment
with the 2°C goal is more convincing. Each measure’s persuasiveness is elicited on a Likert scale from one to five,
before the mean of the other two definitions is subtracted from the alignment with the 2°C goal score. The variable
is z-scored. The explaining variable positive is one if the subject is part of the positive treatment group and zero
otherwise. Specifications (1) and (3) mirror Table 23 but do not include control variables (pre-registered specification).
Specifications (2) and (4) exclude all individuals citing return expectations as a motivation for their evaluation of the
sustainability definitions. Standard errors are displayed in parentheses. Whenever indicated, *, **, and *** denote
significance at the 10, 5, and 1 percent levels, respectively.
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Table 32: Although still positive, the interaction effect of positive treatment and active treat-
ment group on the assessment of the 2°C goal sustainability definition is not statistically signif-
icant, controlling for posterior returns, time, and # of clicks.

(1) (2) (3) (4) (5)
2°C 2°C 2°C 2°C 2°C

assessment assessment assessment assessment assessment

returns 2°C 0.304∗∗∗ 0.305∗∗∗ 0.305∗∗∗ 0.297∗∗∗ 0.295∗∗∗

(0.0362) (0.0363) (0.0363) (0.0365) (0.0366)

positive 0.0143 0.0217 0.0234 0.0279 0.0240
(0.104) (0.105) (0.105) (0.105) (0.105)

active 0.0474 0.0478 0.0441 -0.0176 -0.00317
(0.103) (0.111) (0.111) (0.124) (0.123)

positive * active 0.0345 0.0419 0.0357 0.0205 0.0328
(0.143) (0.144) (0.145) (0.144) (0.143)

time ETF selection 0.00000737 0.00341 0.00451
(0.00200) (0.00721) (0.00725)

time ETF selection2 -0.0000385 -0.0000572
(0.0000776) (0.0000771)

# clicks learning -0.00981∗∗ -0.0112∗∗

(0.00450) (0.00485)

# clicks decision 0.0112 0.0103
(0.0128) (0.0111)

delta time -0.000611
(0.000649)

Constant -0.828∗∗∗ -0.810∗∗∗ -0.859∗∗∗ -0.703∗∗ -0.696∗∗

(0.288) (0.291) (0.305) (0.310) (0.299)

N 652 646 646 646 646
controls yes yes yes yes yes
adj. R2 0.208 0.210 0.209 0.213 0.215

Notes: The OLS regression shows the interaction effect of the positive and active treatment group on the assessment of
the 2°C goal, controlling for posterior returns, time, and number of clicks. 2°C assessment reflects participants’ z-scored
evaluation of alignment with the 2°C goal relative to exclusion of controversial companies and low emission intensity.
The variable positive is one if the subject learns about a positive correlation between alignment with the 2°C goal and
(expected) returns and zero otherwise. active is an indicator variable that is one if a subject is part of the group that
can actively choose the sustainability definition before the random selection of funds and zero otherwise. time ETF
selection measures the duration spent on the fund selection page, and this variable is winsorized at the 5% and 95%
levels. The variables # clicks learning and # clicks decision represent the number of clicks on different sustainability
criteria in the learning (fund selection page) and are winsorized at the 90% level. delta time measures the time difference
between the learning and decision screens and is winsorized at the 10% and 90% levels. All time variables are winsorized
on the 10% and 90% levels () In all specifications, we adjust for demographics and pre-treatment return expectations.
Standard errors are displayed in parentheses. Whenever indicated, *, **, and *** denote significance at the 10, 5, and
1 percent levels, respectively.
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Table 33: Ownership of ETFs aligned with the 2°C sustainability definition increases the
assessment of the 2°C goal sustainability definition

(1) (2) (3) (4)
2°C 2°C 2°C 2°C

assessment assessment assessment assessment

owns 2°C goal asset 0.516∗∗∗ 0.235∗∗ 0.537∗∗∗ 0.312∗∗

(0.172) (0.114) (0.158) (0.156)

Constant -0.220 0.0608 -0.281∗∗∗ -0.0560
(0.151) (0.0790) (0.0859) (0.0816)

N 166 302 158 182
controls no no no no
split positive positive negative negative
adj. R2 0.0375 0.0105 0.0273 0.00406

Notes: The OLS regression indicates that ownership of ETFs Aligned with the 2°C goal sustainability definition increases
the assessment of the 2°C goal sustainability definition. 2°C assessment reflects participants’ evaluation of alignment
with the 2°C goal relative to exclusion of controversial companies and low emission intensity. Higher values indicate
a stronger conviction that the alignment with the 2°C goal is more convincing. Each measure’s persuasiveness is elicited
on a Likert scale from one to five, before the mean of the other two definitions is subtracted from the alignment with
the 2°C goal score. The variable is z-scored. The variable own 2°C goal asset is an indicator that is one if a participant
is aware that she owns an asset aligned with the 2°C goal definition and zero otherwise. Columns (1) and (2) exclusively
evaluate participants of the positive treatment, while Columns (3) and (4) focus on the negative treatment. Furthermore,
Columns (1) and (3) evaluate participants who are aware of the attributes of their sustainable assets, while Columns
(2) and (4) compare those owning a 2°C goal asset with those not knowing the attributes of their sustainable assets.
Whenever indicated, *, **, and *** denote significance at the 10, 5, and 1 percent level, respectively.
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Chapter 4

4 Identifying Sustainable Investors: Insights from

Machine Learning

Fabian Braunab
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Abstract

This study identifies the defining characteristics of next-generation retail
investors and examines the predictive power of behavioral traits, demograph-
ics, and portfolio features in identifying sustainable investor types. Using an
incentivized online stock market game with 640 young, well-educated German
participants, I employ K-Means Clustering to develop data-driven personas for
sustainable and non-sustainable investors. Subsequent analysis using Random
Forest, XGBoost, K-Nearest Neighbor, and Logistic Regression reveals that
while personal characteristics such as financial literacy, education, and income
only modestly predict sustainable investing, including portfolio characteristics
significantly enhances model performance. These insights can help researchers,
regulators, and financial institutions in identifying sustainable investors, with
implications for regulatory frameworks, product development, and marketing
activities.
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4.1 Introduction

Sustainable Finance aims to use the power of financial markets to foster the green transition

through affecting capital allocation. Given that policymakers seek to finance the green transi-

tion using private funds (Commission, 2019a) and that investors have preferences for sustainable

products (Barreda-Tarrazona et al., 2011; Riedl and Smeets, 2017; Bauer et al., 2021; Braun

et al., 2024b), this necessitates the development of financial products that cater to these needs.

Europe is currently the largest market for sustainable open-end and exchange-traded funds,

holding 2,513 billion USD in Assets Under Management (AUM), which is 22% of all such funds

in Europe (Morningstar, 2024a,b).46 The market for sustainable products is not only substan-

tial but potentially very profitable, as sustainable investors are willing to pay higher fees than

conventional investors (Heeb et al., 2023; Baker et al., 2022; Engler et al., 2023), and advisors

and investment firms capitalize on this (Baker et al., 2022; Laudi et al., 2023). Understanding

the characteristics of sustainable investors is therefore interesting for researchers, regulators,

and financial institutions. Recent literature has identified several factors potentially influencing

sustainable investments such as risk and return expectation, gender, altruistic preferences, age,

financial literacy, income, and education (Bauer and Smeets, 2015; Døskeland and Pedersen,

2016; Riedl and Smeets, 2017; Gutsche et al., 2019; Bauer et al., 2021; Anderson and Robinson,

2022; Giglio et al., 2023; Montagnoli and Taylor, 2024; Filippini et al., 2024). However, what

defines a typical sustainable investor and whether behavioral characteristics, demographics, and

portfolio features can predict sustainable investor types remain open questions.

In this paper, I explore these questions among well-educated young adults in Germany who

are about to start their first permanent employment and have either recently started or may soon

begin investing in the stock market.47 Given their potential for future high earnings, these indi-

viduals represent a significant target for banks and financial firms (DESTATIS, 2023a). Adopting

an exploratory approach, I utilize K-Means Clustering to generate data-driven investor personas

that characterize both sustainable and non-sustainable investors. Such personas are widely used

to gain insights into the interests, thoughts, and behaviors of potential clients during product

development or marketing campaigns (McGinn and Kotamraju, 2008; Miaskiewicz and Kozar,

2011; Akre et al., 2019; Nielsen, 2019). If tailored products exist for different target groups,

offering the appropriate products to the correct clients is beneficial as this reduces transaction

costs, which may subsequently increase overall welfare (Häubl and Trifts, 2000). To elucidate

what predicts sustainable investor types, I split the dataset into training and testing sets, train

machine learning models on the training data, and subsequently predict the likelihood of sus-

tainable investment behavior in a previously separated test dataset. The results show that while

46The Morningstar sustainable fund universe includes open-end funds and ETFs that, according to prospectus
or other regulatory filings, focus on sustainability; impact; or environmental, social, and governance factors. This
definition emphasizes intentionality over holdings to exclude funds that coincidentally hold sustainable assets.

47According to DAI (2024), most individuals in Germany start investing in stocks in their 20s. A recent survey
indicates that 15.3% of the age group 19-29 holds stocks, which increases to about 20.5% for those aged 40-49.
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personal characteristics such as financial literacy, education, and income only modestly predict

sustainable investor types, portfolio characteristics significantly enhance model performance.

To elicit revealed preferences for sustainable investments, 640 individuals from the Universi-

ties of Mainz and Frankfurt (Germany) participated in an incentivized online stock market game

in September 2021. They are presented with an investment opportunity involving 20 different

real stocks, whose names are masked to prevent the use of external information. They receive

comprehensive data on each stock, including past performance, dividend payment, P/E ratio,

volatility, stock price, equity value, number of employees, turnover, debt ratio, and ESG Risk

Scores, presented in a trading desk interface. To ensure incentive compatibility and to simu-

late a realistic investment environment, participants receive payouts from one of the portfolios

constructed during the study after the session is concluded. Participants are also informed that

real shares are purchased on the stock market based on their selections, ensuring that they

bear the moral consequences of their investment choices. Additionally, the study integrates

incentive-compatible measures of individual altruism (Andreoni, 1989; Crumpler and Grossman,

2008; Tonin and Vlassopoulos, 2010) and risk preferences (Sutter et al., 2013), as well as survey

measures of financial literacy (Hastings et al., 2013; Lusardi and Mitchell, 2008), expectations

about the risks and returns of sustainable investments (Riedl and Smeets, 2017), alongside with

demographic data.

This investigation presents two principal findings. Firstly, I demonstrate that K-Means Clus-

tering is an effective tool for constructing data-driven investor personas. Specifically, the analysis

identifies two distinct personas: a sustainable investor and a non-sustainable investor. However,

while these personas provide valuable information, it is crucial to note that the generated clusters

partially overlap and a significant number of individuals could also fit into the alternate cluster.

The first persona is a young female student from Mainz with an average pro-social attitude.

Earning less than her peers and currently not owning any financial products, her financial edu-

cation is slightly above average. Having recently learned about ESG investing, she expects these

investments to provide moderately higher risk-adjusted future returns than conventional prod-

ucts. She prefers stocks from slightly larger-than-average companies that offer above-average

dividends, high price-earnings ratios, above-average past returns, and low volatility. Lastly, the

first persona prefers sustainable investments. Conversely, the second persona, a young male

from Frankfurt University, shows a below-average pro-social attitude. His financial literacy is

significantly higher than average. As a student with an above average income who already owns

some stocks and funds, he is familiar with ESG products but does not anticipate risk-adjusted

outperformance compared to conventional investments. He favors stocks from moderately above-

average-sized companies that have slightly above-average short-term performance and excellent

long-term returns. His stocks typically have average volatility, dividends, and price-earnings

ratios. Lastly, this persona focuses mainly on financial products with low ESG Scores.
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The second main finding relates to the use of Random Forests models to predict sustainable

investors. The results demonstrate that personal characteristics possess some limited ability to

predict sustainable investor types. Enriching the dataset with portfolio characteristics signifi-

cantly increases the predictive power of the model. These findings are of particular significance

for financial institutions and researchers seeking to identify sustainable investors. To address

the issue of a mechanical correlation between ESG Scores and other portfolio characteristics, I

focus on the four most salient stock characteristics in the main analyses and conduct several ro-

bustness tests. The evidence indicates that the results are unlikely to be driven by a mechanical

correlation. This paper leverages SHAP (SHapley Additive exPlanations) (Lundberg and Lee,

2017) to give insights into the ”black box” of machine learning, revealing that among personal

characteristics financial literacy, education, and age are the most significant predictors. When

portfolio characteristics are also considered, share price, revenue, and past returns emerge as

the top predictors. The results are not driven by model choice. Robustness analyses includ-

ing XGBoost, K-Nearest Neighbor, and Logistic Regressions confirm that Random Forest is an

adequate model choice for the prediction task at hand.

This study introduces several key methodological distinctions compared to prior research. I

specifically target young individuals, a group known to be starting to invest in Germany (DAI,

2024), highlighting its practical relevance to current and future market trends. Moreover, unlike

previous studies which predominantly identify correlations between behavioral characteristics,

demographics, and sustainable investments (Bauer and Smeets, 2015; Døskeland and Pedersen,

2016; Riedl and Smeets, 2017; Gutsche et al., 2019; Bauer et al., 2021; Anderson and Robinson,

2022; Giglio et al., 2023), this research employs machine learning algorithms to generate investor

personas and predict sustainable investors. I use K-Means Clustering to generate semi-fictional

but insightful portrayals of potential investors, illuminating their thought processes and likely

actions (Akre et al., 2019). Researchers and regulators can use these findings to understand

the characteristics of sustainable investors and adopt regulations accordingly. In addition, it

facilitates financial institutions’ customization of financial products to diverse client profiles.

Furthermore, the data-driven clustering approach allows the data itself to determine the number

of distinct investor personas, offering a flexible understanding of investor diversity. This contrasts

with methods that yield predefined, often binary categorizations of investors as either sustainable

or non-sustainable.

Moreover, to the best of my knowledge, this is the first scientific study to use machine

learning methods to predict (sustainable) investor types. I evaluate the predictive capabilities

of several models and find that the Random Forest algorithm is an adequate model choice for

this purpose. This approach offers numerous advantages: First, Random Forests can capture

nonlinearities and interactions, potentially revealing predictive variables that linear methods like

OLS or Logistic Regressions might miss (Fuster et al., 2022). Second, Random Forests are adept
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at managing large sets of features, including those that are irrelevant or highly correlated, thus

reducing the risk of overfitting compared to traditional methods (DeMiguel et al., 2023). Third,

the existing literature does not predict out-of-sample or on unseen data (Riedl and Smeets,

2017; Faradynawati and Söderberg, 2022; Gutsche et al., 2023), which poses the risk that the

model does not generalize well on different datasets but even within the sample their estimations

demonstrate a rather low goodness of fit. In contrast, I divide the dataset into training and test

data and analyze the model performance on the separated test data.

Overall this paper contributes to the growing literature on sustainable investment behavior

(Riedl and Smeets, 2017; Hartzmark and Sussman, 2019; Heeb et al., 2023; Giglio et al., 2023;

Braun et al., 2024b) by introducing investor personas and predicting sustainable investor types.

Key studies suggest risk and return expectations of sustainable investments as one determinant

for sustainable investment decisions (Døskeland and Pedersen, 2016; Hartzmark and Sussman,

2019; Dong et al., 2022; Gutsche et al., 2023; Giglio et al., 2023; Braun et al., 2024b). For

instance, Døskeland and Pedersen (2016) demonstrate through a natural field experiment in

an online banking context that financial considerations significantly motivate investors to opt

for sustainable stocks. This finding aligns with Giglio et al. (2023), who survey thousands of

Vanguard clients and conclude that although investors typically anticipate sustainable invest-

ments to underperform the market, there exists significant heterogeneity in these expectations.

Crucially, only investors anticipating higher returns hold meaningful amounts of ESG assets.

Contrarily, Riedl and Smeets (2017) link administrative data and survey responses from Dutch

investors and conclude that the primary motivation for sustainable investors is not financial gain

but social preferences.

Degryse et al. (2023) subsume such confronting views by showing that sustainable investors

are divided between those investing for social reasons and those who believe in the financial

outperformance of sustainable stocks. Additional factors potentially influencing sustainable

investment decisions include gender (Junkus and Berry, 2010; Anderson and Robinson, 2022;

Gutsche et al., 2023), age (Junkus and Berry, 2010; Riedl and Smeets, 2017; Haber et al., 2022),

education (Junkus and Berry, 2010; Anderson and Robinson, 2022; Montagnoli and Taylor,

2024), and income or wealth (Haber et al., 2022; Gutsche et al., 2023), as well as financial

literacy (Anderson and Robinson, 2022; Gutsche et al., 2023; Montagnoli and Taylor, 2024;

Auzepy et al., 2024; Filippini et al., 2024). However, the influence of these characteristics is not

fully established. Contradictory evidence exists, with some studies showing little or no effect of

these factors on sustainable investing (Riedl and Smeets, 2017; Døskeland and Pedersen, 2021;

Haber et al., 2022; Anderson and Robinson, 2022; Gutsche et al., 2023).

This paper further contributes to the literature on predicting investment behavior with ma-

chine learning models (Shimokawa et al., 2009; Chen et al., 2019; Silva et al., 2019; Rohatgi et al.,
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2022; Mavruk, 2022). For example, demographics can be used to predict fraudulent investment

behavior (Lokanan and Sharma, 2022), saving patterns and investment preferences (Rohatgi

et al., 2022), and risky stock trading behavior (Kim et al., 2020). This paper contributes that

demographics have some value in predicting sustainable investment behavior and enriching the

dataset with portfolio characteristics greatly enhances the predictive capabilities of the model.

Lastly, this paper relates to the literature on the data-driven creation of investor personas

(Cooper, 1999; McGinn and Kotamraju, 2008; Cooper et al., 2014; An et al., 2018; Nielsen,

2019; Salminen et al., 2020; Jansen et al., 2022). McGinn and Kotamraju (2008) highlight

that data-driven approaches allow for the natural formation of groups within the data, from

which personas can be derived. These personas provide valuable insights into the interests,

thoughts, and behaviors of potential investors, thus facilitating a better understanding of who

sustainable investors are. This enables more effective product development, targeted marketing

campaigns, and better regulations. (Nielsen, 2019; Akre et al., 2019). K-Means Clustering is

a technique previously employed in the insurance and transportation literature to create data-

driven personas (Arian et al., 2021; Kumar and Oommen Philip, 2022). In this study, I contribute

to this literature and show that Principal Component Analysis (PCA) and K-Means Clustering

can be used to generate investor personas, thereby bridging the quantitative persona literature

with sustainable investing practices.

The remainder of this paper is organized as follows: Section 4.2 provides an overview of the

experimental design, data collection methods, and key variables. Section 4.3 details the main

results from the clustering process and the generation of investor personas. In Section 4.4, I

examine the predictive power of personal and portfolio characteristics. Section 4.5 discusses the

findings and concludes the paper.

4.2 Experimental Design, Data Collection, and Key Variables

At the core of this paper is an incentivized stock market game wherein participants are tasked

with assembling a portfolio from an array of real-world stocks. Each investor is provided with

a trading account to purchase up to five different stocks from a selection of 20 (see Braun

et al. (2024b) for more details48). The remainder of this section offers a brief description of the

experimental design and an overview of the data collection process.

48The experiment was conducted jointly with Prof. Dr. Andrej Gill and Prof. Dr. Florian Hett from Johannes
Gutenberg University Mainz. Research assistants selected 100 listed companies from Yahoo Finance according
to four criteria: 1) real companies, no funds; 2) fiscal year ending in December; 3) companies categorized within
five ESG Risk Score ranges: 0-10, 10-20, 20-30, 30-40, 40+; 4) classification into small/mid cap, large cap, and
mega-cap categories. From the list of firms, 20 companies were randomly selected for the final sample, ensuring
proportional representation from each ESG Risk Score bin and market cap bin. For the largest market cap bin, a
sufficient number of sustainable firms was not available; hence, firms from the next smaller market cap bin were
included.
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Measurement of sustainability preferences: To measure investors’ revealed sustainability

preferences, we employ an incentivized stock market game. This methodology enables com-

prehensive control over the information accessible to participants and emphasizes real decision-

making. Unlike survey responses or hypothetical scenarios, this approach mitigates the risk of

hypothetical bias (List and Shogren, 1998; List, 2001; Harrison, 2006; Harrison et al., 2008)

and reduces the potential influence of experimenter demand effects (Haaland et al., 2023) by

introducing real consequences to participants decisions.

For the experiment, we use the prices and attributes of real shares; we mask the names

of the corresponding shares and introduce an experimental currency (points). For instance, if

the market price of a share of Adidas is 50 euros, its purchase price in the experiment is 50

points. Should the value of the Adidas share increase by 10% within one year on the actual

stock exchange, its value in the experiment will similarly increase by 10%. Figure 1 shows a

screenshot of the trading desk. When participants hover their cursor over one of the key figures,

a brief explanation of the indicator is displayed. Clicking on the name of a stock opens a fact

sheet presenting ten key figures for that share (see Figure 17 (appendix) for an example).

Revenue

Figure 12: Trading desk
Notes: This figure presents the (translated) trading desk interface used by participants during the stock market game.
Each participant is endowed with 50,000 points and can allocate this endowment among five different stocks selected
from an assortment of 20. Initially, participants view key figures for each stock such as Share Price, Past Performance,
Price Earnings Ratio, Revenue, and ESG Risk Score. By clicking on the stock’s name, participants receive additional
information, as illustrated in Figure 17, and have the option to purchase the stock.

Participants are displayed publicly available information on Past Performance, Dividends,

Price Earning ratios, Volatility, and the Stock Price as of January 2019. To address concerns

related to the efficient market hypothesis, we also provide data from 2020 on the value of Equity,

the number of Employees, Revenues, Debt Ratio, and ESG Risk Score. Each participant is

endowed with a trading account containing 50,000 points to purchase up to five different stocks

at January 2019 prices from an assortment of 20 stocks, using the buy button located above and
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below the fact sheet.49 Participants decisions result in two distinct measures of sustainability:

The first measure (ESG Score) is determined by calculating the average ESG Score of the selected

five stocks.50 The second sustainability measure (# Sustainable d.) is an indicator variable that

equals one if the portfolio includes more than two sustainable stocks.51

Measurement of personal characteristics: The literature identifies altruistic preferences,

risk and return expectation, gender, age, financial literacy, income, and education as factors

influencing SRI practices (Bauer and Smeets, 2015; Døskeland and Pedersen, 2016; Riedl and

Smeets, 2017; Gutsche et al., 2019; Bauer et al., 2021; Anderson and Robinson, 2022; Giglio

et al., 2023; Montagnoli and Taylor, 2024; Filippini et al., 2024). To elicit incentive-compatible

measures of altruism, we implement two types of dictator games associated with a charity. In

these games, participants allocate eight euros between themselves and a previously selected char-

ity (Crumpler and Grossman, 2008; Tonin and Vlassopoulos, 2010). The first game is a standard

dictator game, whereas in the second, known as a money-burning dictator game, participants are

informed that the charity will receive exactly eight euros regardless of their donation decision.

Warm Glow Altruism (satisfaction from doing good - giving by others is not a perfect substitute

(Andreoni, 1989, 1990)) is measured by the donation amount in the money-burning dictator

game, and Impact Altruism (utility from the benefit of others - impact altruists treat giving

of others as perfect substitute (Andreoni, 1989, 1990)) is calculated as the difference between

the donations in the standard dictator game and the money-burning dictator game. Moreover,

we elicit incentivized measures of risk aversion (Sutter et al., 2013), survey measures of risk

and return expectations (Riedl and Smeets, 2017), and financial literacy (Hastings et al., 2013;

Lusardi and Mitchell, 2008), as well as a set of demographic variables. See Table 36 (appendix)

for detailed definitions of each variable.

Data collection, payment of participants and incentive compatibility: Data collection

was conducted through an oTree programmed online experiment (Chen et al., 2016) with 640

participants affiliated with Goethe University Frankfurt and Johannes Gutenberg University

Mainz between September 6th and 30th, 2021.52 The sample predominantly consists of young,

well-educated individuals who will start their first permanent jobs within the next few years.

Given that the objective is to create personas for potential investors, this sample composition

is rather a feature than a bug. In Germany, where stock market participation is relatively low

49Participants always select exactly five stocks but are allowed to buy the same stock five times.
50It is important to note that in the experiment, participants see the raw ESG Risk Scores from Sustainalytics,

where a higher risk score indicates lower sustainability. For salience reasons, I linearly transform the ESG Risk
Scores into ESG Scores using the formula ESG Score = (2*mean(ESG Risk Score) - ESG Risk Score) for each
portfolio decision. Thus, in this paper higher ESG Scores imply greater sustainability.

51Sustainable stocks are defined by an ESG Risk Score of less than 20 (color-coded in the fact sheet with grey
and yellow). Given that 40% of the stocks in the experiment are classified as sustainable, random selection would,
on average, result in two sustainable stocks.

52From the original sample, I exclude three individuals aged 40, 55, and 62 because they do not fit the next-
generation client profile and two participants who were suspected of having participated twice. Furthermore, I
impute 25 missing values for Risk Averse and 19 missing values for Perceived Financial Literacy and Precision
Financial Literacy using scikit learns k-nearest neighbor imputation using all other characteristics. All results
remain qualitatively the same if these individuals are included (excluded).
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with around 18% of the population over 14 years, individuals typically begin investing in stocks

during their 20s (DAI, 2024). Those with bachelor’s or master’s degrees often command higher

incomes, making them attractive future customers for financial institutions and an interesting

group for regulators wanting to foster sustainable investments (Bogan, 2008; DESTATIS, 2023a;

DAI, 2024).

As the described experiment is part of a larger study, this paper focuses solely on the initial

portfolio allocation.53 The stock market game is incentivized: for every participant, we pay

out the value of one of the portfolios as of January 2020 at an exchange rate of 1 point =

0.0002 euros. Additionally, participants are informed that we purchase the randomly selected

portfolio on the real stock market and invest 20% of its actual value using private funds. This

ensures that investment decisions made during the game directly influence the financing of real

companies, thereby imposing moral responsibility on the participants for these investments. Each

portfolio is held for 12 months. Moreover, one of the decisions from the risk preference task, the

standard dictator game, or the money-burning dictator game is paid out to participants (and

the corresponding charities) following the experiment’s completion.

Tables 37 and 38 in the appendix provide summary statistics for all variables.54 The me-

dian time spent in the experiment was 50 minutes, and the median earnings were 18 euros per

participant. This corresponds to an hourly wage of 21.60 euros, substantially higher than the

typical earnings of 10.91-12.68 euros per hour for a student assistant in 2021. We offer these high

incentives to ensure that the trades in the stock market game accurately reflect the decisions

participants would make in the actual stock market.

4.3 Using K-Means Clustering to Create Investor Personas

The initial step of this research aims to identify distinct investor types, a crucial process in un-

derstanding who are the sustainable investors. To depict typical investor types, I utilize personas

— semi-fictional representations of potential investors that provide insights into the investors´

thought processes and probable actions (Miaskiewicz and Kozar, 2011; Nielsen, 2019; Akre et al.,

2019). This paper proposes the creation of data-driven personas to characterize various investor

types. The personas characteristics will be derived using a comprehensive dataset including de-

mographics, behavioral characteristics, and portfolio features. The method employed is K-Means

Clustering, an unsupervised classification technique that identifies data clusters by maximizing

intra-cluster similarity and inter-cluster dissimilarity (Sinaga and Yang, 2020). The literature

recognizes K-Means as one of the oldest and most widely used clustering methods, originating

53Participants create eight portfolios in total, each selected with a 12.5% probability for payout but in this
paper, I focus on the first portfolio allocation. Subsequent stages introduce three variations of the stock market
game. While these stages are insightful for assessing investor reactions to incentives and information, they are
not suitable for addressing the questions posed in this paper. Details on later stages are provided in Braun et al.
(2024b).

54See Braun et al. (2024b) for a detailed overview on the summary statistics.
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from the seminal works of Sebestyen (1962) and MacQueen (1967). K-Means Clustering has

applications across diverse fields including finance (Ellul et al., 2020; Patton and Weller, 2022;

Dou et al., 2021; Begenau and Siriwardane, 2024), marketing (Jacobs et al., 2016; Bekkerman

et al., 2023; Dzyabura et al., 2023), and in the creation of personas (Arian et al., 2021; Kumar

and Oommen Philip, 2022).

4.3.1 K-Means Clustering

The basic principle of K-Means Clustering is to assign observations in a dataset to one of k

clusters in order to minimize the squared distance from each observation to its nearest cluster

center (MacQueen, 1967). This goal is articulated through an objective function given by

W (S,C) =

K∑
k=1

∑
i∈Sk

∥xi − ck∥2 . (2)

Here, S represents a partition of the dataset into K non-overlapping clusters Sk, where each

cluster is defined by its centroid ck for k = 1, 2, . . . ,K. xi are vectors in a M -dimensional feature

space (Xu et al., 2016).

The K-Means algorithm starts by randomly selecting k initial points as centroids. It then

alternates between two steps:

1. Assign all observations to the nearest centroid based on Euclidean distance

2. Recalculate the centroids of each cluster based on their current members

This cycle is reiterated until the centroids stabilize and no longer change. The final output

comprises the classifications of each sample and the centroid of each cluster. Ashabi et al. (2020)

conduct an extensive literature review and identify several challenges for K-Means Clustering:

Defining the optimal number of k, finding the initial cluster centers, handling noise, outlier, and

correlated variables. In the next step, I explain each challenge and how I cope with it in the

dataset at hand.

Noise, Outliers, and Correlated Variables: Yu et al. (2018) highlight that K-Means Clus-

tering is significantly affected by outliers and noisy data. To mitigate this, I employ the In-

terquartile Range (IQR) method for outlier detection (Tukey, 1977). The IQR is defined as the

difference between the 25 and the 75 percentile of a variable. This method identifies values as

outliers if they fall more than 1.5 times the IQR below the first quartile or above the third quar-

tile. Standard practice is followed by replacing outliers with the nearest non-outlier values.55

55Upon reviewing all outliers, I do not adjust the binary variables Possess Bonds and Master since they rarely
take the value of one and I would therefore lose these variables. As a robustness test, instead of using the IQR,
I identify outliers by analyzing means, medians, deciles, and standard deviations. Those variables identified as
having outliers I winsorize on the 5% and 95%. The results are qualitatively the same (unreported specification).
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Features with smaller variations disproportionately influence clustering assignments based on

distance metrics like inertia (cluster sum of squares) (Yu et al., 2018). Consequently, I normal-

ize the data with a mean of zero and a standard deviation of one. Furthermore, incorporating

correlated variables that do not reflect the true cluster structure can obscure genuine clusters

(Brusco and Cradit, 2001). Additionally, the objective function inertia is not a normalized metric

and therefore in very high-dimensional spaces tends to become inflated (curse of dimensional-

ity). PCA effectively addresses both issues by reducing dimensionality and deriving principal

components from linear combinations of the original variables (Ding and He, 2004). The first

principal component has the highest possible variance and therefore explains the majority of the

inertia of the dataset, with each subsequent component being orthogonal to the previous and

capturing the maximum possible inertia (Abdi and Williams, 2010; Chapman et al., 2023). I

apply PCA under the condition that the principal components retain 90% of the variance from

the original data, effectively reducing the number of features for K-Means Clustering from 34

original features to 17 principal components.

Determining the Optimal Number of Clusters: K-Means requires defining the number of k

before the execution of the algorithm. The machine learning literature offers various approaches

for selecting the optimal number of clusters, k. One of the most popular methods, as noted

by Begenau and Siriwardane (2024), is to choose the K-Means model that achieves the highest

Silhouette score, sk (Rousseeuw, 1987). In this approach, each observation i in a fitted K-Means

model is assessed for cluster compatibility. a(i) represents the average Euclidean distance to all

other points within the same cluster, and b(i) denotes the average distance to all points in the

nearest cluster. The Silhouette score for observation i is calculated as:

sk(i) =
b(i)− a(i)

max{a(i), b(i)}
(3)

This value, sk(i), ranges between −1 and 1, with values close to 1 indicating a strong match

of observation i to its cluster and negative values indicating that an observation is assigned to

the wrong cluster. The overall Silhouette score, sk, is determined by averaging sk(i) across all

observations. The higher the score the better is the clustering. Figure 13 plots the number of

k on the x-axis against the average Silhouette score on the y-axis. The graph shows that the

highest Silhouette score is found if k = 2 (0.11), whereas the Silhouette score is slightly lower

for k = 3 (0.10) and then deteriorates for k between three and ten to around 0.07.56 Using the

elbow method for robustness purposes, I come to the same conclusion that two is the optimal

number of clusters.57

56As the task at hand is to generate personas, more than six personas (k > 6) are unfeasible to operate for
financial service providers (Nielsen, 2019). Nonetheless, in unreported robustness tests, I further increase k until
k = 50 with the result that the Silhouette score stays at around 0.06 to 0.07.

57The elbow method is a visual method, where the number of clusters k is plotted against the inertia (Xu et al.,
2016). The optimal number of cluster k is the point at which the graph forms an elbow.
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Figure 13: Optimal number of k

Notes: This Figure plots the number of k on the x-axis against the average Silhouette score on the y-axis. The graph
shows that the highest Silhouette score is found if k = 2 (0.11), whereas the Silhouette score is slightly lower for k = 3
(0.10) and then deteriorates for k between three and ten to around 0.07. Thus, the optimal number of clusters is k = 2.

Initialization Problem: K-Means is a centroid-based clustering method that requires the pre-

selection of initial cluster centers (Ashabi et al., 2020). The necessity to randomly select k cluster

centers can lead to local convergence due to the algorithm’s greedy nature (Ikotun et al., 2023).

To mitigate this issue, I conduct 1,000 consecutive K-Means trials with random centroid seeds.

The best result among these trials, determined by inertia, is considered the final outcome.

4.3.2 K-Means Clustering Results

As determined in the previous chapter, the Silhouette index indicates k = 2 as the optimal

number of clusters for K-Means Clustering. After preprocessing the data (removal of outliers,

standardization, and PCA), I fit a K-Means algorithm using the Python module scikit-learn

(Pedregosa et al., 2011) with 1,000 random initializations.58 Table 34 presents the mean values

for each cluster for all variables used as inputs for PCA. Additionally, it includes the p-values

from the Mann-Whitney U test, which assesses differences between the groups. It is important

to note that this analysis is purely descriptive and does not claim causality in any way. Cluster

0 comprises 248 individuals, while Cluster 1 contains 392 individuals.

Consequently, I generate two investor personas based on six supercategories derived from

the data: (1) pro-social attitude, (2) (financial) education and experience, (3) risk and return

expectations, (4) gender, university affiliation and other personal characteristics, (5) portfolio

characteristics, and (6) sustainable investment preference.

58In a robustness test using K-Means++ instead of random initialization, the clusters remain largely the same
and the Silhouette score decreases marginally (unreported test). According to Bahmani et al. (2012), in the
K-Means++ algorithm, only the initial centroids are chosen randomly. Subsequent centroids are selected with
a probability proportional to their squared distance from the nearest existing centroid. This method leverages
the notion that effective clustering generally disperses the centers. Thus, when choosing new cluster centers,
the algorithm preferentially selects points that are farther from the previously chosen centers, enhancing the
likelihood of more distinct and well-separated clusters.
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Table 34: Average values for the resulting two clusters of K-Means Clustering

p-value
0 1 (0 vs 1)

Age 25.41 23.15 0.00
Income 2.50 1.69 0.00
Possess Stocks 0.71 0.12 0.00
Possess Bonds 0.17 0.03 0.00
Possess Funds 0.72 0.16 0.00
Agrees with Organisation 5.81 5.96 0.07
ESG Knowledge 0.66 0.24 0.00
ESG Risk Lower 4.55 4.97 0.04
ESG Return Lower 3.72 3.85 0.68
Female 0.33 0.82 0.00
Has Siblings 0.42 0.53 0.01
Impact Altruism 1.69 2.00 0.07
Warm Glow Altruism 1.11 2.05 0.00
Risk Averse 0.47 0.47 0.29
# Financial Literacy 8.54 6.58 0.00
Perceived Financial Literacy 7.88 5.13 0.00
Precision Financial Literacy 0.43 0.30 0.00
Bachelor 0.42 0.21 0.00
Master 0.19 0.03 0.00
Other Education 0.40 0.76 0.00
Sample Mainz 0.28 0.65 0.00
Return 1 Month -0.05 -0.05 0.93
Return 3 Months -0.05 -0.02 0.00
Return 1 Year 0.03 0.05 0.09
Return 3 Years 0.79 0.68 0.02
Dividend 1.20 1.27 0.02
Price Earnings Ratio 15.15 16.58 0.00
Volatility 0.24 0.22 0.00
Share Price 36.74 36.93 0.87
Equity 19816255962.32 18660536245.55 0.12
# Employees 70645.04 67485.39 0.24
Revenue 23921449926.19 22736391134.69 0.20
Debt Equity Ratio 2.53 2.57 0.35
ESG Score 21.49 23.86 0.00

Number of Observations 248 392

Notes: This table presents mean values for the resulting clusters of the K-Means Clustering with k=2 for all variables
used as inputs for PCA. P-values are the results of a Mann-Whitney-U-Tests which assesses differences between the
clusters.

Pro-Social Attitude: Investors in Cluster 1 exhibit an average pro-social attitude. They

donate 25% of their endowment in a donation game that offers no tangible impact, and 50%

when their donation has a direct impact.59 Generally, they agree strongly with the organizations

they donate to. Conversely, individuals in Cluster 0 show well below average pro-social attitudes,

donating around 14% in the no-impact dictator game and 35% of their endowment when their

59Umer et al. (2022) conduct a meta-analysis and state that on average participants give 40-60% of their
endowment in standard dictator games with charities. In comparison participants in Crumpler and Grossman
(2008) give on average 20% of their endowment in money-burning dictator games with a charity as the recipient.
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contributions have an impact. They also generally agree with the donation organizations. Taken

together, investors in Cluster 1 are more altruistic than those in Cluster 0 (Impact Altruism

(p = 0.07); Warm Glow Altruism (p < 0.01)), and more likely to agree with the organizations

they support (Agrees with Organisation (p = 0.07)).

(Financial) Education and Experience: Investors in Cluster 1 are predominantly young

students, either pursuing their bachelor’s or master’s degrees, with relatively low income com-

pared to other students in Germany (Statista, 2021). A small fraction owns bonds, stocks, or

funds, and their familiarity with the concept of ESG was limited prior to this study. Addition-

ally, their financial literacy is slightly above average60, and they underestimate their financial

knowledge. In contrast, individuals in Cluster 0 are students in their mid-20s and well-educated,

most holding already university degrees and being familiar with the concept of ESG. This group

has a higher income than their peers (Statista, 2021) and predominantly owns bonds, funds, or

stocks. They exhibit a well above-average financial literacy and overall are conscious of their

financial knowledge. In summary, investors in Cluster 0 are more experienced with financial

products, have attained higher levels of education, are slightly older, and possess higher incomes

than those in Cluster 1 (Possess Stocks, Possess Bonds, Possess Funds, # Financial Literacy,

Perceived Financial Literacy, Precision Financial Literacy, Bachelor, Master, Other Education,

Age, Income; p < 0.01).

(ESG) Risk and Return Expectations: Investors in Cluster 1 expect slightly higher risk-

adjusted returns for ESG assets compared to conventional assets. They perceive the risk of

ESG assets as significantly lower compared to conventional assets, while they expect sustainable

assets to slightly underperform conventional ones. On average, these individuals are almost risk-

neutral. Conversely, investors in Cluster 0 perceive both the risk and returns of ESG assets to

be slightly lower than those of conventional assets and therefore expect no positive risk-adjusted

returns. Furthermore, they also display a near-risk-neutral attitude on average. Notably, the

ESG risk expectations of investors in Cluster 1 are significantly lower than those in Cluster 0

(p = 0.04).

Gender, University Affiliation and Other Personal Characteristics: Investors in Cluster

1 are predominantly female, affiliated with Mainz University and half of them have siblings. In

contrast, most investors in Cluster 0 are male, affiliated with Frankfurt University, and slightly

less than half of them have siblings (Sample Mainz, Female, Has Siblings; p < 0.01).

60Compared to a representative Dutch sample (van Rooij et al., 2011) where participants answered on average
54% and participants of a study with a German fintech company (Hett et al., 2022) where participants answered
on average 63% of largely similar questions correctly. Investors of Cluster 1 answered 66% and investors of Cluster
0 answered 85% of the questions correctly.
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Portfolio Characteristics:61 Investors in Cluster 1 hold stocks with comparably high past

returns. Specifically, while their one-month performance is median, their three-month returns

rank in the top 20%, and their one-year performance is in the top 30% of the available stock

universe. In terms of long-term returns, their performance exceeds 80% of the available stocks.

Additionally, their portfolio dividends are among the top 40%, their price-earnings ratios exceed

65% of the universe, and their volatility is below the median. Moreover, the size of the port-

folio companies is among the largest 40% of the companies. Conversely, investors in Cluster 0

also prioritize past performance, maintaining median one-month returns, top 30% three-month

returns, and top 35% one-year returns. Their three-year performance surpasses 85% of available

stocks. Their portfolio dividends and volatility are around the median, while price-earnings ra-

tios are among the top 40%. The size of the companies in their portfolios also ranks among the

largest 40%. Overall, both groups exhibit high past returns, but Cluster 1 favors stocks with

higher short-term returns (Return 3 Months (p < 0.01); Return 1 Year (p = 0.09)), whereas

Cluster 0 prefers higher long-term returns (Return 3 Years (p = 0.02)). Additionally, Cluster

1’s portfolios feature higher Dividends (p = 0.02), higher Price Earnings Ratios (p < 0.01), and

lower Volatility (p < 0.01).

Sustainable Investment Preference: Investors in Cluster 1 manage portfolios that are con-

sidered sustainable. In contrast, individuals in Cluster 0 invest significantly less in sustainable

assets, holding portfolios that are not deemed sustainable (ESG Score; p < 0.01).

Figure 14: Characteristics of the personas derived from Table 34

Notes: This figure displays the personas derived from the clustering analysis with k = 2 (see Table 34). The persona
on the left (persona A) depicts a young female sustainable investor from Mainz. The persona on the right (persona B)
shows a young male conventional investor from Frankfurt.

61Table 39 (appendix) shows the distribution of the universe of available stocks. I compare the actual values
of the constructed portfolios to this distribution to get an approximation of the active portfolio choices made by
participants.
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The findings from Cluster 1 are personified in persona A (Figure 14, persona on the left).

Persona A is a young female student from Mainz with an average pro-social attitude. Currently

earning less than her peers, she does not own any financial products, yet her financial education is

slightly above average compared to the general population. Recently, she has become acquainted

with the concept of ESG investing and expects these investments to yield moderately higher risk-

adjusted returns than conventional products. Persona A expects her future assets to have well

above average short-term and long-term past returns. She has a preference for stocks of slightly

larger-than-average companies that offer above-average dividends and high price-earnings ratios,

with low volatility and high ESG Scores being a critical factor in her investment decisions.

The persona resulting from Cluster 0 is persona B (Figure 14, persona on the right). Persona

B is a young male affiliated with Frankfurt University, exhibiting a below-average pro-social

attitude. His financial literacy is very high compared to the general population. As a student

with an above average income, he already owns some stocks and funds. Persona B is familiar

with ESG products but does not expect them to yield risk-adjusted overperformance compared

to conventional products. He has a preference for stocks with slightly above-average short-

term past performance and ensures that the long-term past returns are among the top 20% in

the market. Persona B favors stocks from moderately above-average-sized companies that offer

average dividends and volatility, along with slightly above-average price-earnings ratios. This

persona primarily focuses on conventional financial products.

Result 1: K-Means Clustering is successful and results in two data-driven investor personas:

a sustainable and a non-sustainable investor. Nevertheless, the generated clusters are partially

overlapping. Therefore, a large number of individuals could also be assigned to the other cluster.

According to Nielsen (2019), the number of personas required for a project depends on the

diversity within the user group and the project’s objectives. Given that the Silhouette score for

k = 3 is only marginally lower, at 0.10 (refer to Figure 13), and considering the diversity within

one cluster, the data also supports the creation of three personas. Table 40 in the appendix

presents the mean values from K-Means clustering for k = 3. Three personas are illustrated

in Figure 18 (see appendix), constructed using the same principles as for k = 2. Cluster 1 for

k = 3 closely resembles Cluster 1 from k = 2, and is detailed under persona A’s description.

The second persona, persona D from Cluster 2, is a young male student with many similarities

to persona B from Figure 14. He exhibits a slightly below-average social attitude and possesses

a very high level of financial education. He perceives the risk-adjusted returns of ESG products

as comparable to conventional products and plans to pursue a conventional investment strategy.

The third persona, persona C from Cluster 0, also a young male student, shares characteristics

with persona B but differs in his expectations. Persona C has a well below-average pro-social

attitude and a very high financial education. Unlike persona B, he expects a small risk-adjusted
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overperformance from ESG products and prefers sustainable investments for the future.

Result 2: The data also supports the creation of three personas. This configuration retains

persona A and introduces two new male investor personas, each sharing many characteristics

with persona B. However, one predominantly invests in sustainable assets, while the other opts

for conventional investments.

4.4 Predicting Sustainable Investors

After identifying personas that characterize different investor types, the next step involves pre-

dicting these investor types. The sample includes two data sets: (i) personal characteristics

(demographics and behavioral characteristics), and (ii) portfolio characteristics that reflect cus-

tomers’ portfolio choices. An efficient allocation of financial products reduces transaction costs

and potentially increases welfare (Häubl and Trifts, 2000). For example, banks may want to

run targeted advertising campaigns, such as online banking pop-ups. Higher conversion rates

ultimately reduce the banks’ costs and thus potentially lower the fees for sustainable products.62

Random Forest algorithms are highly effective in prediction tasks and have been utilized in

various financial areas including the prediction of ESG Scores of firms (D’Amato et al., 2022),

credit defaults (Fuster et al., 2022), future returns (DeMiguel et al., 2023), market responses to

news (Fedyk, 2024), inflation (Medeiros et al., 2021), and trading intensity (Bogousslavsky et al.,

2024). Moreover, Random Forests effectively handle irrelevant or highly correlated predictors,

enabling the inclusion of multiple characteristics with a reduced risk of overfitting compared to

OLS or Logistic Regressions (DeMiguel et al., 2023). Additionally, they can exploit nonlineari-

ties and interactions, uncovering predictability that may be overlooked by linear methods such

as OLS, Logistic Regressions, or Lasso (Fuster et al., 2022).63

4.4.1 How Random Forests Work

Random Forests, introduced by Breiman (2001), are an ensemble machine learning algorithm

that combines multiple decision trees to reduce overfitting and increase model performance.

Hence, understanding Classification and Regression Trees (CART) (Breiman et al., 1984) is cru-

cial. CART are nonparametric models that approximate unknown nonlinear functions through

local predictions by recursively partitioning the covariate space (Breiman, 1996). Initially,

CART selects the feature from the training data that best groups data into sustainable and

non-sustainable investors (Breiman et al., 1984). This process repeats until additional splits no

62In a perfect market, lower costs lead to lower fees for customers and thus higher customer utility. But
the market for sustainable investments is far from perfect. Whether the bank actually reduces overall fees is
speculative and beyond the scope of this paper.

63Traditional statistical models, such as OLS or Logistic Regressions, are capable of incorporating nonlinear
terms and interactions. However, in contrast to machine learning models, these need to be prespecified and are
typically employed with caution to avoid overfitting (Fuster et al., 2022).
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longer enhance group differentiation. The decision tree can then be applied to the test data to

forecast investor types. The goal is to generalize rather than perfectly model the training data,

thus avoiding excessive tree splits (Breiman et al., 1984). To reduce overfitting, it is common

practice to use measures like gini G(τ), which indicates leaf purity.64 As the number of splits

increases, the prediction accuracy improves, but so does the number of leaf nodes. The pruning

criterion for a CART model T is thus defined as:

C(T ) =

|T |∑
τ=1

G(τ) + λ|T |, (4)

where |T | represents the number of leaf nodes in the model, measuring decision tree complex-

ity, and λ is a regularization parameter determined by cross-validation (Khandani et al., 2010).

The goal is to minimize C(T ), balancing between the number of splits and the penalty term to

optimize tree complexity. The algorithm seeks a compromise between increased splits for higher

leaf node purity and the penalty term.

Individual CART typically exhibit high variance and are prone to overfitting. To mitigate

these issues, the Random Forest model employs bootstrap aggregation (bagging) of randomly

constructed tree predictors (Breiman, 2001). This process involves creating multiple subsets of

the training data through random sampling with replacement, which are then used to train an

ensemble of decision trees. Each tree in the ensemble relies on features from a random vector

sampled independently but with the same distribution across all trees in the forest. This method

captures diverse patterns and relationships in the data, resulting in more accurate and stable

predictions, particularly for high-dimensional datasets or those with many irrelevant features.

The randomness introduced in forests results in trees with less correlated prediction errors,

allowing some errors to cancel out when averaging predictions. To ensure a model’s validity is

not compromised by specific characteristics of a dataset absent in the general population, it is

standard practice to split the dataset into training and test sets (Khandani et al., 2010; Géron,

2018). The model is parameterized using the training data, while the test data serves to validate

the findings on a previously unused dataset. For implementing the Random Forest, I utilize the

scikit-learn package (Pedregosa et al., 2011), which averages the probabilistic predictions of the

classifiers.

Hyperparameters significantly influence the performance of machine learning algorithms

(Bergstra and Bengio, 2012; Wu et al., 2019). Hyperparameter optimization involves training

a model on various combinations of parameters, evaluating performance on a cross-validation

set, and selecting the configuration that yields the best performance (Wu et al., 2019). For

optimizing the Random Forest model, I utilize the SMAC3 package (Lindauer et al., 2022), a

Bayesian optimizer known for its efficiency and lower resource requirements compared to manual

64In the Random Forest, I also consider entropy and log loss as alternative measures. The optimal measure is
determined through hyperparameter optimization.
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search or grid search (Awad et al., 2020).65 The objective is to identify a robust configuration

by evaluating less promising candidates on a few instances and then collecting more empirical

evidence on many instances if the candidate shows potential. Following established practices, I

aim to maximize the area under the receiver operating curve (ROC AUC) across various param-

eter settings. The ROC AUC value represents the probability that the model assigns a higher

score to a randomly selected sustainable investor compared to a non-sustainable one, and is an

often used metric in machine learning (Calders and Jaroszewicz, 2007; Yang and Ying, 2022).

The same features used for creating personas are employed to predict investor types. Sum-

mary statistics are displayed in Tables 37 and 38 (appendix). Due to potentially new or limited

client relationships, researchers and banks may lack extensive portfolio data. Given that the

target group in this study comprises well-educated young individuals soon to start their careers

and begin investing, this assumption is appropriate. For this reason, predictions are based solely

on personal characteristics in the first step; later, portfolio characteristics are also incorporated.

A sustainable investor is defined, as detailed in Section 4.2, as an investor who holds more than

two sustainable stocks.

4.4.2 Predicting Sustainable Investors Using Personal Characteristics

I train a Random Forest model on the training data using SMAC hyperparameter optimization

and fivefold cross validation. The machine learning predictions result in a score, indicating the

probability that a certain investor can be considered sustainably. Setting the appropriate level

for the threshold, when a participant is labeled as sustainable and therefore offered a sustainable

investment product, involves a trade-off. A very low threshold results in many investors being

classified as sustainable investors, and while it may correctly identify investors who are genuinely

sustainable investors, this choice may also result in individuals incorrectly classified as sustainable

investors and therefore hurt the sales numbers of non-sustainable products. On the other hand,

a high threshold may classify a lot investors as non-sustainable, while their true preference are

sustainable products, resulting in lower sales of sustainable products.

Confusion Matrix: Table 35 shows the confusion matrix of the results. It consists of two rows

corresponding to the actual investor types — sustainable (investors whose portfolios contain more

than two sustainable stocks) and non-sustainable. The columns represent the predicted labels.

To find the optimal threshold when to label investors as ’Sustainable’ (Sus) and ’Conventional’

(Con), I employ Youden’s J statistic (Youden, 1950), a widely utilized summary measure of the

Receiver Operating Curve (ROC) (Schisterman et al., 2008). This statistic assumes equal costs

65See Wu et al. (2019) for a comprehensive discussion on the advantages of Bayesian optimizers for hyper-
parameter optimization, including comparisons to manual search, grid search, and random search methods.
Hyperparameter optimization for the Random Forest model includes the number of trees, maximum tree levels,
minimum samples to split an internal node, minimum samples at a leaf node, number of features at every split,
and the function to measure split quality (gini impurity, log loss, and entropy).
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for False Positives and False Negatives and is defined as follows:

Y JS =
TP

TP + FN
+

TN

TN+ FP
− 1 (5)

I calculate Youden’s J statistic for each threshold, selecting the threshold that maximizes

this statistic, which results in an optimal threshold of 0.61. The test data consists of 117

Sustainable and 75 Non-Sustainable investors. Table 35 illustrates that the Random Forest model

correctly identifies 55 of the truly sustainable investors (True Positives) and 50 of the truly non-

sustainable investors (True Negatives). Simultaneously, it misclassifies 25 investors as sustainable

who are truly non-sustainable (False Positives), and 62 investors as non-sustainable who are

truly sustainable (False Negatives). This results in an overall model Accuracy of 54.69%. The

model achieves a Precision of 68.75%, indicating the percentage of correctly identified sustainable

investors out of all labeled as such, and a Recall of 47%, reflecting the percentage of actual

sustainable investors correctly identified. There is an inherent trade-off between Precision and

Recall, where efforts to maximize one metric typically reduce the other (Géron, 2018). The F1

Score, which balances Precision and Recall by their harmonic mean, is 55.84% for the machine

learning model that relies solely on personal characteristics.

Model Prediction
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Sus. Con.

Sus. 55 62

Con. 25 50A
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Performance Metrics

Accuracy = TP+TN
TP+TN+FP+FN

Precision = TP
TP+FP

Recall = TP
TP+FN

F1 Score = 2xPrecisionxRecall
Precision+Recall

Performance Metrics

Accuracy = 54.69%

Precision = 68.75%

Recall = 47.00%

F1 Score = 55.84%

Table 35: Model performance for classification using personal characteristics
Notes: Confusion matrix framework and model performance metrics based on personal characteristics for the optimal
threshold as determined via Youden’s J statistic (0.61). Rows correspond to actual investor type and columns correspond
to forecasted types. TN: True Negative, FN: False Negative, FP: False Positive; TP True Positive

Receiver Operating Curve and Area Under the Curve: The confusion matrix uses a fixed

threshold to classify sustainable investors. This is often not the best approach, as the true cost

of False Positives (Negatives) may be unknown. To provide an overview of results across various

classification thresholds, the blue line in Figure 15 displays the ROC, with the False Positive

Rate on the x-axis and the True Positive Rate on the y-axis for the model relying exclusively

on personal characteristics. Ideally, one aims for the highest possible True Positive rate with
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the lowest False Positive rate. Thus, banks face a trade-off: aggressively marketing sustainable

products requires a lower threshold, while marketing non-sustainable products suggests a higher

threshold. The optimal choice depends on the opportunity costs associated with losing sustain-

able clients. The ROC illustrates that this trade-off is not linear. If the cost of False Positives

is equal to the gain from True Positives, the optimal threshold corresponds to the point where

the ROC curve tangentially meets the 45° line (Khandani et al., 2010). If the trade-off differs

from one-to-one, the optimal threshold is adjusted accordingly.

Figure 15: ROC for various Random Forest models
Notes: Figure 15 displays the receiver operating curve (ROC), with the False Positive Rate on the x-axis and the True
Positive Rate on the y-axis for Random Forest Models based on four different sets of features: (i) personal characteristics
alone, (ii) personal characteristics combined with portfolio characteristics visible on the trading desk excluding Revenue,
(iii) personal characteristics combined with all portfolio characteristics visible on the trading desk, and (iv) all available
personal and portfolio characteristics. The predictive power of the personal characteristics is rather low but better than
chance level, while the model performance increases when portfolio characteristics are included.

The classifier’s performance can be summarized by the ROC AUC, which is calculated by

integrating the area under the ROC (Muschelli, 2020). A perfect classifier scores an ROC

AUC of 1, while a random classifier scores 0.5 (Géron, 2018; Flach et al., 2011). This measure is

preferred for its straightforward interpretation, scale invariance, and independence from arbitrary

classification thresholds (Bradley, 1997; Flach et al., 2011).66 Additionally, ROC AUC is effective

with skewed class distributions, relevant as approximately 61% of investors in the sample are

classified as sustainable (Calders and Jaroszewicz, 2007). The overall model performance of the

model relying exclusively on personal characteristics is 0.59, thus slightly better than chance.67

66While ROC AUC is critiqued for using different misclassification cost distributions across classifiers (Hand,
2009; Muschelli, 2020), it provides a comprehensive overview of a classifier’s performance without initial assump-
tions about the costs of false outcomes.

67The definition of good model performance varies significantly across applications and industries. As a general
guideline, Hosmer et al. (2013) suggests that an ROC AUC value between 0.5 and 0.7 indicates poor discrimi-
nation between two classes, while a ROC AUC range from 0.7 to 0.8 denotes acceptable discrimination and an
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Explaining the Machine Learning “Black Box” using SHAP: A notable drawback of

Random Forests, compared to simpler machine learning models such as CART, is their “black

box” nature due to the ensemble of multiple trees. In order to gain an understanding of which

features are important for the model and increase trust of all stakeholders into the model, I use

SHAP (Lundberg and Lee, 2017), a state-of-the-art explainable AI tool (Gramegna and Giudici,

2021). SHAP clarifies predictions by calculating each feature’s contribution using coalitional

game theory principles, where the feature values of a data instance act like players in a coalition

(Molnar, 2022). Shapley values (Shapley, 1952) thus determine the fair contribution of each

feature to the prediction outcome, employing linear models that weight instances according to

the characteristics of these coalitions (Bauer et al., 2023). In a nutshell, SHAP produces Shapley

values that represent model predictions as linear combinations of a set of features, indicating

whether each covariate is included in the model or not (Gramegna and Giudici, 2021). Positive

values indicate an increase, while negative values indicate a decrease in the likelihood of being

a sustainable investor. Please note that all effects described represent correlations within the

model and do not imply causation.

Figure 16: SHAP Beeswarm Plot (Random Forest model using personal characteristics)
Notes: This Figure represents the SHAP Beeswarm Plot for the Random Forest model using personal characteristics.
Each point on the x-axis represents the SHAP value for an investor for a specific feature, with the color indicating
the feature’s value from low to high. All features are ordered by importance on the y-axis. The plot displays a
negative correlation between being a sustainable investor and Age, Perceived Financial Literacy, Income, and Bachelor.
Conversely, it shows a positive correlation for being a sustainable investor with other education and mixed evidence for
ESG Risk Lower.

Figure 20 (appendix) illustrates the SHAP feature importance by averaging the absolute

Shapley values per feature across the dataset (Molnar, 2022). Notably, Perceived Financial

Literacy, Other Education, Age, Sample Mainz, and Income emerge as the most significant

ROCAUC > 0.8 indicates excellent discrimination capabilities of an algorithm.
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features.68 For a more granular analysis, I use the Beeswarm Plot in Figure 16. Each point

on the x-axis represents the SHAP value for an investor for a specific feature, with the color

indicating the feature’s value from low to high. All features are ordered by importance on

the y-axis. The plot displays a negative correlation between being a sustainable investor and

Perceived Financial Literacy, Age, and Income. Conversely, it shows a positive correlation for

being a sustainable investor with Other Education and Sample Mainz. Although this result

should be interpreted with caution, it is noteworthy given the extensive literature identifying

risk and return expectations (Døskeland and Pedersen, 2016; Riedl and Smeets, 2017; Hartzmark

and Sussman, 2019; Dong et al., 2022; Braun et al., 2024b; Gutsche et al., 2023; Giglio et al.,

2023) and altruistic preferences (Riedl and Smeets, 2017; Bauer et al., 2021; Gutsche et al., 2023)

as key drivers of sustainable investments. In this dataset, these factors demonstrate quite low

predictive power.

To summarize, personal characteristics exhibit some predictive power for identifying sustain-

able investor types, but overall, their effectiveness is limited. This finding highlights a significant

gap in existing research, as there appears to be no successful application of machine learning

methods for predicting sustainable investor types to date. Previous studies such as those by Riedl

and Smeets (2017), Faradynawati and Söderberg (2022), and Gutsche et al. (2023) primarily use

linear models to establish correlations between personal characteristics like demographics, al-

truism, and return expectations. However, these models do not predict out of sample and even

within sample, their estimations demonstrate low goodness of fit.

Result 3: Personal characteristics possess some predictive power for identifying sustainable

investors. However, overall, the predictive power is relatively low.

4.4.3 Predicting Sustainable Investors Using Personal Characteristics and Portfo-

lio Choices

Portfolio choices might inform about the investment style of individuals. Hypothetically, non-

sustainable investors may be characterized as growth investors, focusing on young companies

experiencing above-average increases in revenues, profits, or cash flows. Consequently, they are

likely to purchase stocks with higher price-to-earnings ratios and lower dividend yields. In con-

trast, sustainable investors might lean towards value investing, targeting older companies with

higher book-to-market ratios and lower price-to-earnings ratios, which typically offer higher divi-

dends (Cronqvist et al., 2015; Betermier et al., 2017). To explore investors’ preferences for certain

investment styles, I include the portfolio characteristics of the selected stocks in the machine

learning model. However, a mechanical correlation might exist between stock characteristics

68The SHAP package used assumes feature independence. However, if features are correlated, this can result
in unrealistic explanations (Aas et al., 2021). Given that the objective of this paper is to predict investor types
rather than provide causal explanations, I will not delve further into this issue.
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and ESG Scores. For instance, although investors prioritize ESG Scores leading to selections

of portfolios with high scores, the available stocks’ ESG Scores might inherently correlate with

past performance, influencing portfolios to also exhibit a high past performance mechanically.

Figure 19 in the appendix shows the Spearman Rank Correlation among the 20 stocks from the

original stock universe. It notably highlights a strong negative correlation between Volatility

(Revenue) and ESG Scores, alongside a strong positive correlation between Return 3 Months

and ESG Scores. To mitigate concerns of mechanical correlations, the analysis concentrates on

the four stock characteristics most salient to investors because they are depicted on the trading

desk (see Figure 12 for an example), while all other metrics are only visible if participants click

on the stocks name. Among these, the Spearman correlations between ESG Scores and Return

1 Year (0.10), Price Earnings Ratio (0.15), and Share Price (0.01) are relatively low, with the

exception of a strong negative correlation between ESG Scores and Revenue (-0.51).

Including portfolio characteristics significantly enhances the predictive power of the Random

Forest model. As shown by the green line in Figure 15, the model’s ROC improves across all

thresholds. Consequently, the ROC AUC increases from 0.59, when only personal characteristics

are considered, to 0.90 with the inclusion of portfolio characteristics. Additionally, the Accuracy,

Precision, Recall, and F1 Score improve to 83%, 88%, 84%, and 86%, respectively (see Table

41, Panel A, in the appendix). The SHAP beeswarm plot in Figure 21 (appendix) reveals that

the four newly added features are the most influential in explaining the predictions, with Share

Price being the most impactful. The results demonstrate a negative correlation between being

a sustainable investor and the features Share Price, Revenue, and Return 1 Year and a mixed

relation between being a sustainable investor and Price Earnings Ratio.

To address concerns regarding a mechanical correlation between portfolio characteristics and

ESG Scores in the original datset, I provide three pieces of evidence: First, the most important

predictor in the Random Forest Model is Share Price, which is unrelated to ESG Scores in the

original dataset (Spearman correlation of 0.01). If a purely mechanical correlation were driving

the result, the most important predictor should be Revenue as it has the highest correlation

in the original dataset (Spearman correlation of -0.51). Second, if anything, the Spearman

correlations between Price Earnings Ratio (0.15), Return 1 Year (0.10), Share Price (0.01), and

ESG Scores are positive in the original dataset. However, the SHAP values show a negative

(mixed) relation between these variables and sustainable investment decisions. If the result

were driven by a mechanical correlation, the relation should be positive. Third, Revenue has

the highest correlation with ESG Scores in the original dataset (-0.51). Hence, if this feature

mainly drives the demonstrated results, excluding it should decrease the ROC AUC to around

the level of the model relying exclusively on personal characteristics. However, the results in

Figure 15 (orange line) show only a minor reduction of the ROC AUC to 0.82. This is still

substantially higher than the 0.59 achieved by the model based solely on personal characteristics.
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Taken together, I find no evidence that the increased model performance due to the inclusion of

portfolio characteristics is mainly driven by a mechanical correlation.

Further robustness specifications include all portfolio characteristics to predict sustainable

investor types, which predictably boosts all performance metrics even further (Figure 15 (red

line); Table 41 Panel A, appendix). The enhanced model achieves a ROC AUC of 0.96 and an

overall Accuracy of 90%. Overall, portfolio characteristics demonstrate substantial predictive

capability in this study.

Result 4: Adding portfolio characteristics substantially increases the predictive power of Ran-

dom Forest models in identifying sustainable investor types.

As part of a robustness test, I employ XGBoost, K-Nearest Neighbor, and Logistic Regression

models to compare their performance against the Random Forest Model.69 The results, detailed

in Table 41 Panels A, B, C, and D in the appendix, incorporate three different sets of features: (i)

personal characteristics alone, (ii) personal characteristics combined with portfolio characteristics

visible on the trading desk, and (iii) all available personal and portfolio characteristics. The

Random Forest consistently ranks among the top-performing models, particularly excelling by

achieving the highest ROC AUC for the dataset based solely on personal characteristics. Thus,

it is an adequate model choice for the prediction tasks given the available dataset.

Result 5: The results are robust to model choice. Random Forest emerges as an adequate

model for predicting investor types in the dataset at hand.

4.5 Discussion and Conclusion

The objective of this paper is to utilize machine learning algorithms to (i) develop data-driven

personas for distinct investor types and (ii) predict sustainable investor types with varying

information sources. To do so, the paper employs the most optimal machine learning models for

the available data. The data utilized in this paper is derived from an incentivized online stock

market game. I demonstrate the existence of at least two distinct investor personas: a sustainable

and a non-sustainable. These personas are distinguished by variations in pro-social attitude,

financial education and experience, ESG risk and return expectations, and preferences for various

stock characteristics. However, the differences between the different investor types are often

subtle, and there are investors who can be assigned to both personas. Furthermore, this paper

demonstrates that personal characteristics alone have limited predictive power for identifying

69For the XGBoost model, I employ scikit-learn’s grid search hyperparameter optimization technique to refine
several parameters: learning rate, maximum depth of a tree, minimum loss reduction required to make a split
(gamma), the fraction of observations and features randomly sampled for each tree (subsample and colsample
bytree), and the minimum sum of instance weights needed at a child node. For K-Nearest Neighbor, I utilize
the RandomizedSearchCV function from scikit-learn, optimizing for the number of neighbors, weights, the power
parameter for the Minkowski metric, and leaf size. For Logistic Regression, I use scikit-learn’s grid search
hyperparameter optimization technique to refine the regularization parameter, the penalty term, the solver, and
the maximum number of iterations.
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sustainable investor types. However, this can be significantly enhanced by including portfolio

characteristics. These results are not an artifact of model choice or mechanical correlation.

The findings of this paper have the potential to be of interest to researchers, regulators, and

financial institutions. The results provide insights into the interests, thoughts, and behaviors

of young investors. Researchers and regulators may utilize these insights to develop models

and regulations that integrate these investor personas into their frameworks. Moreover, finan-

cial institutions may build upon this research to develop sustainable investment products that

facilitate financing the green transition of the economy. The targeting of investors with the

appropriate products may result in a reduction in transaction costs, thereby benefiting both

financial institutions and their clients.

This paper makes use of correlational predictions. However, further research could employ

causal machine learning models (e.g., see Athey et al. (2019)) to uncover causal relationships in

predicting sustainable investor types. Moreover, personal characteristics may differ among young

adults within the same age group. These unobservables might be correlated with sustainable

investment behavior. Furthermore, it is possible that investors with higher stakes and in their

usual online banking environment may behave differently.70 Future studies should utilize repre-

sentative samples and administrative (account) data to develop more precise investor personas.

Another promising area for future research could be to leverage bank transaction data for the

development of investor personas and predicting sustainable investors. In their study, Famulok

et al. (2023) use account transaction data from a large German bank to calculate the carbon

footprint of individuals. They find that higher footprints are linked to greener portfolios. In

contrast, Qian et al. (2023) elicit pro-environmental behavior from account transaction data of

Alipay clients. They observe a positive correlation between this pro-environmental behavior and

sustainable investments. Finally, this study employs a data-driven approach to creating investor

personas. Qualitative interviews (e.g., see Salminen et al. (2020)) can be used to validate these

personas, thereby enhancing the depth and accuracy of the investor profiles derived.

70To conduct an optimal study, it would be beneficial to have administrative data from a bank with a rep-
resentative sample of 20-30 year old clients. It is important to ensure that participants are unaware that they
are being studied in order to reduce the Hawthorne effect (Roethlisberger and Dickson, 2003) and experimenter
demand effects (Haaland et al., 2023). Furthermore, the universe of stocks should not be limited to 20 stocks but
should include a greater number of stocks with characteristics unrelated to ESG Scores.
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4.6 Appendix

Table 36: Variable definitions

Variable Measure

Age The investor´s self-reported age.
Income Investor´s answer to the question ”How high is your

personal net income per month”:
(1; 0-700 euro)
(2; 701 - 1,000 euro)
(3; 1,001 - 1,500 euro)
(4; 1,501 - 2,500 euro)
(5; more than 2,500 euro)

Possess Stocks Dummy variable equal to one if the investor holds stocks
in the real stock market.

Possess Bonds Dummy variable equal to one if the investor holds bonds
in the real stock market.

Possess Funds Dummy variable equal to one if the investor holds funds
in the real stock market.

Agrees with Organisation The participants’ response to the question ”I completely
identify with the goals of the organization” from 0 to 7.

ESG Knowledge Dummy variable equal to one if the investor knows the
concept of ESG before the Experiment.

ESG Risk Lower The investor´s response to the statement ”I expect
stocks with low ESG risk scores to be subject to lower
price fluctuations than stocks with high ESG risk scores”
on a scale from 0 to 7.

ESG Return Lower The participant´s response to the statement ”I expect
stocks with low ESG risk scores to have lower returns
than stocks with high ESG risk scores” on a scale from
0 to 7.

Female Dummy variable that is one if an participant reports to
be female.

Has Siblings Dummy variable that is one if a participant reports to
have siblings.

Impact Altruism Difference of donation in impact and money burning
dictator game [-8;+8].

Warm Glow Altruism Donation in money burning dictator game.
Risk Averse Indicates participants´s risk attitude as measured in the

risk elicitation task. A higher value indicates that the
participant is more risk averse [0;0.94].

# Financial Literacy The number of correctly answered questions of the fi-
nancial literacy quiz [0;10].

Perceived Financial Literacy Sum of subjective probability weights * expected correct
answers for each potential number of correct answers.

Precision Financial Literacy Sum of squared subjective probability weights assigned
to each potential number of correct answers.

Bachelor Dummy variable equal to one if the participant´s highest
educational qualification is a bachelor´s degree.

Master Dummy variable equal to one if the participant´s highest
educational qualification is a master´s degree.
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Table 36 (continued):

Variable Measure

Other Education Dummy variable equal to one if the participant´s highest
educational qualification is not a bachelor´s or master´s
degree or higher (e.g. high school diploma etc.)

Sample Mainz Dummy variable equal to one if the participant partic-
ipated in the study via the Johannes Gutenberg Uni-
versity Mainz and zero if a participant participated via
Goethe University Frankfurt.

Return 1 Month The average 1-month past return of a participant´s
stocks in the portfolio.

Return 3 Months The average 3-month past returns of a participant´s
stocks in the portfolio.

Return 1 Year The average 1-year past return of a participant´s stocks
in the portfolio.

Return 3 Years The average 3-years past returns of a participant´s
stocks in the portfolio.

Dividend The average dividends of a participant´s stocks in the
portfolio.

Price Earning Ratio The average price earnings ratio of a participant´s
stocks in the portfolio.

Volatility The average volatility of a participant´s stocks in the
portfolio.

Share Price The average share price of a participant´s stocks in the
portfolio.

Equity The average equity value of a participant´s stocks in the
portfolio.

# Employees The average number of employees of a participant´s
stocks in the portfolio.

Revenue The average revenue of a participant´s stocks in the
portfolio.

Debt Equity Ratio The average debt equity ratio of a participant´s stocks
in the portfolio.

ESG Score The average ESG Score of an participant´s portfolio
choice in portfolio allocation 1.

# sustainable d. Dummy variable equal to one if the participant invests
in more than two sustainable stocks in a given portfolio
allocation.

Notes: Table 36 defines all relevant variables of the study.
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Table 37: Summary statistics of personal characteristics

count mean std 25% 50% 75%

Age 640 24.09 3.54 21.75 23.00 26.00
Income 640 2.00 1.16 1.00 2.00 3.00
Possess Stocks 640 0.35 0.48 0.00 0.00 1.00
Possess Bonds 640 0.08 0.28 0.00 0.00 0.00
Possess Funds 640 0.37 0.48 0.00 0.00 1.00
Agrees with Organisation 640 5.90 0.94 5.00 6.00 7.00
ESG Knowledge 640 0.40 0.49 0.00 0.00 1.00
ESG Risk Lower 640 4.78 1.76 4.00 5.00 6.00
ESG Return Lower 640 3.80 2.01 2.00 4.00 5.00
Female 640 0.63 0.48 0.00 1.00 1.00
Has Siblings 640 0.49 0.50 0.00 0.00 1.00
Impact Altruism 640 1.87 2.68 0.00 1.00 4.00
Warm Glow Altruism 640 1.71 2.23 0.00 0.00 3.00
Risk Averse 640 0.47 0.14 0.44 0.44 0.56
# Financial Literacy 640 7.33 1.97 6.00 8.00 9.00
Perceived Financial Literacy 640 6.20 2.22 4.80 6.26 7.93
Precision Financial Literacy 640 0.37 0.20 0.24 0.30 0.44
Bachelor 640 0.29 0.45 0.00 0.00 1.00
Master 640 0.09 0.29 0.00 0.00 0.00
Other Education 640 0.62 0.49 0.00 1.00 1.00
Sample Mainz 640 0.51 0.50 0.00 1.00 1.00

Notes: This table presents summary statistics for all personal characteristics. See Table 7 for detailed variable descrip-
tions. Missing values for Risk Averse, Perceived Financial Literacy, and Precision Financial Literacy are imputed
using scikit-learn’s k-nearest neighbor imputation, which utilizes all other characteristics. Due to the sensitivity of K-
Means Clustering to outliers, I replace outliers identified by the interquartile range method with the nearest non-outlier
values for the clustering exercise in section 4.3. However, the non-adjusted values shown in this table are used for the
prediction task in section 4.4.
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Table 38: Summary statistics of portfolio characteristics

count mean std 25% 50% 75%

Return 1 Month 640 -0.05 0.01 -0.06 -0.05 -0.04
Return 3 Months 640 -0.04 0.05 -0.06 -0.03 -0.00
Return 1 Year 640 0.04 0.11 -0.00 0.07 0.12
Return 3 Years 640 0.73 0.45 0.39 0.60 1.05
Dividend 640 1.24 0.33 0.99 1.23 1.45
Price Earnings Ratio 640 16.03 4.02 13.29 16.06 18.88
Volatility 640 0.22 0.03 0.20 0.22 0.24
Share Price 640 36.94 10.89 28.84 35.89 44.34
Equity 640 20640121576.80 11486643203.40 14225905920.00 18568330240.00 22707740672.00
# Employees 640 68997.74 30569.66 45954.60 65834.90 87261.95
Revenue 640 23352281749.20 11507954662.37 15140761600.00 22105698304.00 30015200256.00
Debt Equity Ratio 640 2.57 0.86 1.95 2.43 3.06
ESG Score 640 22.94 6.33 18.00 23.00 28.00
# Sustainable d. 640 0.61 0.49 0.00 1.00 1.00

Notes: This table presents summary statistics for all portfolio characteristics of the portfolios constructed by the
participants in the baseline decision. See Table 7 for detailed variable descriptions. In the clustering task, ESG Scores
are used, while # Sustainable d. is utilized in the prediction task. Given the sensitivity of K-Means Clustering
to outliers, I replace outliers identified by the interquartile range method with the nearest non-outlier values for the
clustering exercise. However, the non-adjusted values shown in this table are used for the prediction task.
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Table 39: Distribution of share characteristics among the 20 available stocks

Dividend Price / Volatility Share Equity # Revenue Debt / Return Return Return Return ESG
Earnings Price Employees Equity 1 Month 3 Months 1 Year 3 Years Score

0.10 0.44 7.59 0.16 12.39 2272816980 9613.80 2996430000 1.01 -0.12 -0.28 -0.35 -0.16 -0.39
0.20 0.54 8.69 0.18 19.57 3842881056 15100.20 3787234112 1.06 -0.11 -0.18 -0.25 -0.05 5.44
0.30 0.66 9.16 0.19 23.24 4511763200 24820.00 7814755200 1.27 -0.09 -0.17 -0.19 0.12 11.31
0.40 0.77 10.32 0.21 23.89 6016660800 35780.00 8965152000 1.39 -0.08 -0.12 -0.15 0.25 15.78
0.50 1.18 12.77 0.24 24.72 11014160000 51150.00 12609766260 2.06 -0.04 -0.09 -0.07 0.35 20.21
0.60 1.27 14.66 0.26 29.82 17690384000 64459.60 20112744000 2.95 -0.04 -0.06 -0.03 0.45 23.34
0.70 1.51 17.21 0.29 36.46 23173332000 81860.00 24601416000 3.58 -0.03 -0.05 0.05 0.47 29.10
0.80 2.01 21.29 0.32 42.51 26683243200 104780.00 34285440000 4.58 -0.02 -0.03 0.07 0.59 31.20
0.90 2.23 27.16 0.34 68.50 34223700000 191560.00 76978524000 8.21 -0.02 0.06 0.12 1.09 36.39

# obs. 20 20 20 20 20 20 20 20 20 20 20 20 20

Notes: This table presents the distribution of share characteristics for the original 20 stocks. The first column lists the
respective percentiles, and the subsequent columns provide the names and values of each stock characteristic.

113



Table 40: Average values for the resulting three clusters of K-Means Clustering

Cluster Cluster Cluster p-value p-value p-value
0 1 2 (0 vs 1) (0 vs 2) (1 vs 2)

Age 25.09 23.25 24.74 0.00 0.29 0.00
Income 2.44 1.69 2.28 0.00 0.34 0.00
Possess Stocks 0.75 0.11 0.45 0.00 0.00 0.00
Possess Bonds 0.18 0.03 0.08 0.00 0.03 0.06
Possess Funds 0.75 0.15 0.45 0.00 0.00 0.00
Agrees with Organisation 5.85 5.95 5.80 0.21 0.92 0.28
ESG Knowledge 0.74 0.24 0.29 0.00 0.00 0.31
ESG Risk Lower 4.63 4.97 4.56 0.21 0.58 0.10
ESG Return Lower 3.48 3.93 3.98 0.03 0.09 0.72
Female 0.35 0.83 0.45 0.00 0.10 0.00
Has Siblings 0.44 0.52 0.47 0.08 0.66 0.41
Impact Altruism 1.78 2.01 1.56 0.28 0.39 0.11
Warm Glow Altruism 1.03 2.13 1.37 0.00 0.06 0.01
Risk Averse 0.47 0.48 0.46 1.00 0.32 0.28
# Financial Literacy 8.77 6.54 7.38 0.00 0.00 0.00
Perceived Financial Literacy 8.07 5.10 6.45 0.00 0.00 0.00
Precision Financial Literacy 0.44 0.30 0.36 0.00 0.00 0.00
Bachelor 0.40 0.23 0.31 0.00 0.18 0.08
Master 0.19 0.02 0.13 0.00 0.23 0.00
Other Education 0.41 0.75 0.55 0.00 0.03 0.00
Sample Mainz 0.27 0.65 0.46 0.00 0.00 0.00
Return 1 Month -0.05 -0.05 -0.05 0.19 0.05 0.27
Return 3 Months -0.02 -0.02 -0.12 0.20 0.00 0.00
Return 1 Year 0.08 0.06 -0.08 0.01 0.00 0.00
Return 3 Years 0.81 0.69 0.68 0.00 0.01 0.34
Dividend 1.23 1.28 1.14 0.08 0.03 0.00
Equity 18610173882.78 18088541679.41 24273430446.02 0.23 0.00 0.00
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Table 40 (continued):

Cluster Cluster Cluster p-value p-value p-value
0 1 2 (0 vs 1) (0 vs 2) (1 vs 2)

# Employees 61561.89 65398.27 97659.85 0.14 0.00 0.00
Revenue 20527537397.55 21930096924.85 34119136721.98 0.17 0.00 0.00
Price Earnings Ratio 16.33 16.79 12.30 0.15 0.00 0.00
Volatility 0.22 0.22 0.27 0.07 0.00 0.00
Share Price 38.99 36.87 32.14 0.01 0.00 0.00
Debt Equity Ratio 2.22 2.55 3.30 0.00 0.00 0.00
ESG Score 22.88 24.02 18.75 0.03 0.00 0.00

Number of Observations 196 355 89

Notes: This table presents mean values for the resulting clusters of the K-Means Clustering with k=3 for all variables
used as inputs for PCA. P-values are the results of a Mann-Whitney-U-Tests which assesses differences between the
clusters.115



Table 41: Performance metrics for different model specifications

Panel A: Random Forest using different features

Metric Personal Trading Desk All
Characteristics Characteristics Characteristics

0 Accuracy 0.55 0.83 0.90
1 Precision 0.69 0.88 0.91
2 Recall 0.47 0.84 0.93
3 F1 Score 0.56 0.86 0.92
4 ROC AUC 0.59 0.90 0.96

Panel B: XGBoost using different features

Metric Personal Trading Desk All
Characteristics Characteristics Characteristics

0 Accuracy 0.62 0.88 0.92
1 Precision 0.68 0.86 0.95
2 Recall 0.72 0.95 0.91
3 F1 Score 0.70 0.90 0.93
4 ROC AUC 0.58 0.92 0.97

Panel C: K-Nearest-Neighbor using different features

Metric Personal Trading Desk All
Characteristics Characteristics Characteristics

0 Accuracy 0.61 0.72 0.83
1 Precision 0.65 0.98 0.89
2 Recall 0.78 0.56 0.83
3 F1 Score 0.71 0.71 0.86
4 ROC AUC 0.55 0.85 0.91

Panel D: Logistic Regression using different features

Metric Personal Trading Desk All
Characteristics Characteristics Characteristics

0 Accuracy 0.65 0.80 0.90
1 Precision 0.64 0.83 0.94
2 Recall 0.96 0.85 0.89
3 F1 Score 0.77 0.84 0.91
4 ROC AUC 0.53 0.86 0.95

Notes: This table displays the performance metrics for different machine learning models based on three different sets of
features: (i) personal characteristics alone, (ii) personal characteristics combined with portfolio characteristics visible on
the trading desk, and (iii) all available personal and portfolio characteristics. Panel A shows the result of the Random
Forest model, Panel B of the XGBoost model, Panel C of the K-Nearest-Neighbor model, and Panel D of the Logistic
Regression model.
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Figure 17: Fact sheet of stock 100
Notes: This Figure displays a typical fact sheet of a stock in the stock market game of the experiment. By clicking on
the stock’s name in the trading desk, subjects obtained this kind of information. It provides information about a stock
from 2019, including the dividend, PE-ratio, Volatility, Share Price and Past Performance. Additionally, it contains
information from 2020, namely the Equity value, number of Employees, Revenue, Debt Ratio, and some more details
about the ESG Risk Score.
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Figure 18: Characteristics of the three personas derived from Clustering with k = 3
Notes: This figure displays the personas derived from the clustering analysis with k = 3 (refer to Table 40). The persona
on the left depicts Persona C, a young male sustainable investor from Frankfurt. The persona in the middle describes
persona D, a young male conventional investor also from Frankfurt. Lastly, the persona on the right demonstrates
persona A, a young sustainable investor affiliated with Mainz.
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Figure 19: Correlation portfolio characteristics (original stock universe)
Notes: This Figure displays the Spearman rank correlation of the portfolio characteristics among the 20 stocks from
the original stock universe. It highlights a strong negative correlation between volatility (revenue) and ESG Scores,
alongside a strong positive correlation between Return 3 Months and ESG Scores.

119



Figure 20: Mean SHAP Plot (Random Forest model using personal characteristics)
Notes: This figure illustrates the SHAP feature importance of the Random Forest Model using personal characteristics
by averaging the absolute Shapley values per feature across the dataset. Other Education, Age, Perceived Financial
Literacy, Agrees with Organization, Income, and Bachelor emerge as the most significant features.
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Figure 21: SHAP Beeswarm Plot (Random Forest model using personal and most salient
portfolio characteristics)
Notes: Figure 21 shows that the four portfolio characteristics are the most influential in explaining the predictions,
with Share Price being the most impactful. There exists a negative correlation between being a sustainable investor
and both Share Price and Revenue, and a positive correlation between being a sustainable investor and both Return 1
Year and Price Earnings Ratio.
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Chapter 5

5 What Motivates Wealthy Private Investors to Hold

Sustainable Investments?

Fabian Braunab Andrej Gillac Florian Hettad

August 2024

Abstract

What influences sustainable investment behavior of wealthy private in-
vestors? We combine data from an incentivized online experiment with the
Investor Suitability Assessment of a German private bank to study the role of
altruistic preferences and risk and return expectations in sustainable invest-
ment decisions. Our primary findings are threefold: (i) We detect a significant
correlation between altruistic preferences and sustainable investments, predom-
inantly driven by impact altruism. (ii) Investors are willing to spend on average
5.6% of their budget on ESG Score information that facilitates sustainable in-
vestment decisions. (iii) Exposure to information indicating overperformance
(underperformance) of sustainable stocks leads to an increase (decrease) in
ESG Scores relative to the baseline portfolio allocations of 22.8% (12.2%). Our
results have implications for policymakers aiming to attract private funds to fi-
nance the green transition of the economy, for regulators defining guidelines for
sustainable investments, and for financial institutions providing such products.

Keywords: ESG, Sustainable Finance, Wealthy Private Investors, Stock Market
Game, Experiment
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5.1 Introduction

Financing the green transition to achieve net zero emissions by 2050 requires an estimated 7

trillion USD annually from both private and public capital. However, current investments fall

short, with less than 2 trillion USD being invested annually (Cartry et al., 2023). According

to the Global Wealth Report by Credit Suisse (2023), individuals with net wealth between

100,000 USD and 1 million USD own net assets totaling 178.9 trillion USD, representing 39.4% of

privately owned financial wealth.71 Given their substantial financial resources, these individuals

are a crucial target group for funding the green transition. Yet, most existing research in

sustainable finance focuses on demographics with lower wealth levels. These studies demonstrate

a strong preference for sustainable investments among investors (Barreda-Tarrazona et al., 2011;

Hartzmark and Sussman, 2019; Bauer et al., 2021), driven by key factors such as altruistic

preferences (Riedl and Smeets, 2017; Bauer et al., 2021; Heeb et al., 2023) and risk and return

expectations (Døskeland and Pedersen, 2016; Braun et al., 2024b). This paper seeks to extend

these findings by showing distinctive characteristics of experienced wealthy private investors

interested in sustainable investments.

We collaborate with a German private bank that serves wealthy private investors, enabling

us to conduct an online experiment with their clientele. We introduce an online stock market

game designed to elicit revealed preferences for socially responsible investments (SRI). In this

game, participants allocate money across real stocks, whose names are masked to prevent the use

of external information. Our experimental setup introduces a controlled information treatment

about the performance of sustainable stocks and observes investors’ reactions within the game.

To ensure incentive compatibility, we pay out one of the constructed portfolios to the investors

after the experiment and make actual stock market investments based on the choices made during

the game. Additionally, the study incorporates incentive-compatible measures of individual

altruism (Andreoni, 1989, 1990), survey measures of financial literacy (Hastings et al., 2013;

Lusardi and Mitchell, 2008), risk preferences (Falk et al., 2018), expectations about the risks

and returns of SRI (Riedl and Smeets, 2017), ESG knowledge, and demographic data. Finally,

the experimental data is combined with administrative data from the bank’s Investor Suitability

Assessment72 which includes information on income, wealth, risk preferences, experience with

various financial products, and the age and education of the participants.

The primary findings of this study can be summarized in three key areas: (i) We establish a

preference for sustainable investments among wealthy private investors and detect a significant

correlation between altruistic preferences and sustainable investments. For investors lacking

prior ESG knowledge, this correlation is predominantly driven by impact altruism, whereas for

7113% of the global population possesses wealth exceeding 100,000 USD. This affluent demographic controls
over 387 trillion USD, which represents 85% of privately owned financial wealth (Credit Suisse, 2023).

72MiFID II requires institutions that provide financial advice or portfolio management to do an Investor Suit-
ability Assessment, where investors’ experience, financial situation, and investment objectives are elicited (ESMA,
2022).
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those with ESG knowledge, both impact and warm glow-driven altruistic preferences play a

role. (ii) Our results show that investors are willing to spend, on average, 5.6% of their budget

to obtain ESG Score information, underscoring a significant willingness to pay for information

that facilitates sustainable investment decisions. (iii) We observe that investment behavior is

highly responsive to information about the risk-adjusted performance of sustainable investments.

Exposure to information indicating overperformance (underperformance) of sustainable stocks

leads to an increase (decrease) in ESG Scores relative to baseline portfolio allocations of 22.8%

(12.2%). Collectively, these findings corroborate those reported by Braun et al. (2024b) for a

sample of younger demographics, demonstrating consistency across diverse investor profiles.

Overall, our study extends the findings of the sustainable finance literature to a distinct

demographic: wealthy private investors with extensive investment experience. Instead of relying

solely on survey evidence or hypothetical scenarios (e.g., Paetzold and Busch (2014); Gutsche

and Ziegler (2019)), we integrate data from the bank’s Investor Suitability Assessment, which

includes information on income, wealth, risk preferences, experience with financial products, age,

and education. This data shows strong consistency with investors’ self-reported information.

Additionally, we elicit revealed sustainability preferences in an incentivized stock market game,

enabling us to address concerns about experimenter demand effects (Haaland et al., 2023) and

hypothetical bias (List and Shogren, 1998; List, 2001; Harrison, 2006).

Our findings corroborate in an experimental setting that wealthy private investors overall

value sustainability (Barreda-Tarrazona et al., 2011; Paetzold and Busch, 2014; Hartzmark and

Sussman, 2019; Bauer et al., 2021; Braun et al., 2024b). Key studies underscore the significance

of altruistic preferences in driving sustainable investment decisions (Riedl and Smeets, 2017;

Bauer et al., 2021; Heeb et al., 2023; Gutsche et al., 2023). For example, the seminal work by

Riedl and Smeets (2017) integrates administrative, survey, and experimental data from Dutch

investors, demonstrating that social preferences, rather than financial gains, predominantly mo-

tivate sustainable investment choices. In addition, the literature debates whether sustainable

investments are motivated by warm glow or impact altruism73 (Riedl and Smeets, 2017; Heeb

et al., 2023; Gutsche et al., 2023). This distinction is essential for establishing regulatory frame-

works that support true sustainable investments and for developing investment strategies that

align with investor motivations. Heeb et al. (2023) argue that although investors show a substan-

tial willingness to pay for sustainable investments, their payments do not scale with the potential

impact, suggesting that warm glow rather than impact altruism drives their investment choices.

Prior research that experimentally elicits altruistic preferences concentrates on either impact or

73According to Andreoni (1989, 1990), the difference between these concepts is that warm glow altruism repre-
sents a selfish motivation for altruistic behavior, where individuals do good deeds to feel good about themselves.
Conversely, impact altruism involves altruistic behavior without expecting any personal reward, motivated solely
by the benefits to others. See Andreoni (1989, 1990) for a discussion on the different underlying motivations
behind charitable giving. He introduces the concepts of pure altruism and warm glow, which we refer to as
impact altruism and warm glow altruism.
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warm glow altruism and therefore neglects the interaction of these variables. Alongside Braun

et al. (2024b), to our knowledge this is the first study to examine the simultaneous correlation

of warm glow and impact altruism on sustainable investments. Our research extends the litera-

ture by establishing a significant correlation between experimentally elicited measures of impact

altruism and sustainable investments controlling for warm glow altruism among wealthy private

investors.

In addition, we contribute to the literature on the effects of risk and return expectations

on sustainable investments (Døskeland and Pedersen, 2016; Riedl and Smeets, 2017; Hartzmark

and Sussman, 2019; Dong et al., 2022; Gutsche et al., 2023; Giglio et al., 2023; Braun et al.,

2024b).74 Giglio et al. (2023) survey Vanguard clients and observe that, although investors

generally expect sustainable investments to underperform the market, only those anticipating

higher returns hold significant ESG assets. Conversely, Riedl and Smeets (2017) incorporate

risk and return expectations alongside social preferences in their regression framework and con-

clude that non-pecuniary motives drive sustainable investments. Our study is distinguished by

the exogenous variation in risk and return expectations among participants and the subsequent

observation of their behavior in an incentivized stock market game. This approach avoids re-

liance on potentially overly optimistic survey items on risk and return expectations (Dong et al.,

2022) or outcome variables subject to hypothetical bias (List and Shogren, 1998; List, 2001;

Harrison, 2006; Harrison et al., 2008). Most similar to our methodology is Døskeland and Ped-

ersen (2016), who, in a natural field experiment within an online banking context, demonstrate

that financial considerations significantly motivate investors to select sustainable stocks. Unlike

their study, which employs positive wealth framing, we also investigate the effects of negative

performance information on sustainable assets and demonstrate that this reduces sustainable

investment behaviors. More broadly, we contribute to debates on whether individuals driven by

social reasons might decrease their intrinsic motivation to invest sustainably if their actions are

perceived as financially attractive (Frey and Oberholzer-Gee, 1997; Mellström and Johannesson,

2008; Gneezy et al., 2011; Brodback et al., 2019). Our findings elucidate that the investment

behavior of wealthy private investors significantly responds to changes in both, increases and

decreases in risk and return expectations concerning sustainable investments. This is consistent

with an explanation that increases (decreases) in financial utility outweigh decreases (increases)

in social utility.

Last, we add to the literature on investors’ willingness to pay to invest sustainably (Gutsche

and Ziegler, 2019; Heeb et al., 2023; Baker et al., 2022; Laudi et al., 2023; Engler et al., 2023).

74Results on the performance of sustainable stocks are mixed. While some studies argue that investors might
expect higher returns for non-sustainable assets due to theoretical and empirical evidence (Hong and Kacperczyk,
2009; Chava, 2014; Pedersen et al., 2021; Bolton and Kacperczyk, 2021,?; Pastor et al., 2021; Avramov et al.,
2022; Bolton and Kacperczyk, 2024), others suggest that the performance of sustainable firms is not worse, or
even better in the long run (Kempf and Osthoff, 2007; Eccles et al., 2014; Dimson et al., 2015; Friede et al., 2015;
Avramov et al., 2022; Berg et al., 2022).
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Baker et al. (2022) show that on average investors are willing to pay 20 basis points higher fees

for ESG-oriented index funds as compared to otherwise identical funds without an ESG mandate.

According to Laudi et al. (2023) financial advisor use this higher willingness to pay and especially

charge higher fees for financially illiterate individuals. This premium is not justified by the effort,

skill, or costs involved. We add to that discussion by showing that investors are willing to pay

for ESG Scores and that financially illiterate investors are willing to pay significantly more for

ESG Scores than financially literate investors. Laudi et al. (2023) discuss that this form of price

discrimination could be problematic by potentially harming consumer welfare and diminishing

the long-term appeal of sustainable investments. We differ from the existing literature in a way,

that we directly measure investors’ willingness to pay for ESG Scores, thus giving implications

to policymakers not only to analyze higher fees for sustainable products but also keep track of

the pricing of those information sources helping to make sustainable investment decisions.

The remainder of the paper is structured as follows: In section 5.2 we provide details on the

experimental design, the data collection, and key variables. Section 5.3 gives information on

the institutional background of the partnering institution, the administrative data obtained by

the partnering bank and an overview on sample characteristics. Section 5.4 presents the main

results. Section 5.5 discusses the results and concludes.

5.2 Experimental Design, Data Collection, and Key Variables

In this paper, we integrate revealed preferences elicited through incentive-compatible experi-

ments with survey measures, demographics, and administrative data from our partnering bank.

Our experimental design mirrors Braun et al. (2024b), which focus on a student sample with

less experienced investors. Utilizing the same method for eliciting sustainability preferences as

this prior study allows us to compare our results and assess the generalizability of the findings

across different investor profiles.75

Measurement of Revealed Sustainability Preferences: In order to elicit investors’ revealed

sustainability preferences, we utilize an incentivized stock market game, allowing for precise

control over the information available to participants and emphasizing actual decision-making.

This approach not only minimizes hypothetical bias (List and Shogren, 1998; List, 2001; Harrison,

2006; Harrison et al., 2008) but also reduces the potential for experimenter demand effects

(Haaland et al., 2023), as participants make real financial choices with tangible outcomes. Each

participant is equipped with a trading account to buy up to five stocks from a pool of 20,

providing a representative cross-section of the market.76 In the experiment, we use real share

75See our pre-analysis plan (AEARCTR-0009341) for the exact wording of the experimental instructions. We
mainly follow stages 1 to 3 of Braun et al. (2024b) with the minor difference that, to prevent dropouts, we had
to shorten the duration of the experiment and therefore did not incentivize the elicitation of the willingness to
pay in Stage 2.

76The selection involved 100 listed companies from Yahoo Finance, filtered by several criteria: 1) Actual
companies, excluding funds; 2) Fiscal year ending in December; 3) Classification into ESG Risk Score ranges of

126



prices and attributes but anonymize the names and substitute prices with an experimental

currency (points). Any market gains or losses translate directly to the experimental currency,

thus mirroring real-world stock behavior within our controlled environment. Figure 22 provides

a screenshot of the trading interface used in the game. When participants hover their cursor over

one of the key figures, a tooltip offers a brief explanation of the indicator. Additionally, clicking

on the stock name opens a detailed fact sheet presenting ten key figures for that stock, enhancing

transparency and aiding decision-making (see Figure 23 in the appendix for an example).

Revenue

Figure 22: Trading desk
Notes: This figure presents the (translated) trading desk interface used by participants during the stock market game.
Each participant is endowed with 50,000 points and can allocate this endowment among five different stocks selected
from an assortment of 20. Initially, participants view key figures for each stock such as Share Price, Past Performance,
Price Earnings Ratio, revenue, and ESG Risk Score. By clicking on the stock’s name, participants receive additional
information, as illustrated in Figure 23, and have the option to purchase the stock.

Participants are provided with publicly available information on past performance, dividends,

price-to-earnings ratios, volatility, and the stock price as of January 2019. Furthermore, they are

presented with data from 2020 concerning equity value, number of employees, revenue, debt ratio,

and ESG Risk Score. Control questions are introduced to ensure participants can differentiate

between the data from 2019 and 2020. Each participant commences the trading process with a

trading account containing 50,000 points, which may be utilized to purchase up to five different

stocks at January 2019 prices from a pool of 20 stocks. This is accomplished by clicking the ”Buy”

button positioned above and below the fact sheet.77 The experiment is conducted in two rounds.

Initially, we elicit baseline demand for sustainable investments. After an information treatment

regarding the risk-adjusted performance of sustainable stocks, participants enter the game a

second time. This approach yields three distinct measures of sustainability for each portfolio

allocation: The first, ESG Score, is the average ESG Score of the selected five stocks.78 Higher

0-10, 10-20, 20-30, 30-40, 40+; 4) Market cap categorizations as small/mid-cap, large-cap, or mega-cap. The
selection of the final 20 companies was random from each bin and ensured proportional representation from each
ESG category and market cap level. Due to a lack of sustainable firms in the largest market cap bin, firms from
the next smaller bin were used.

77Participants are required to select exactly five stocks, but the same stock can be selected multiple times.
78In the experiment, participants view the unprocessed ESG Risk Scores from Sustainalytics, where a higher
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ESG Scores imply greater sustainability. As this indicator provides the richest information on

sustainability, it is preferred throughout the paper. The second measure, # Sustainable, counts

the number of sustainable stocks in a portfolio.79 The third measure, # Sustainable d., is an

indicator variable set to one if the portfolio includes more than two sustainable stocks.80

Measurement of Preferences, Expectations, and Demographics: The experimental lit-

erature identifies several factors correlated with socially responsible investments, including al-

truism, risk aversion, risk and return expectations, financial literacy, gender, age, income, and

wealth (Riedl and Smeets, 2017; Gutsche and Ziegler, 2019; Bauer et al., 2021; Haber et al.,

2022; Gutsche et al., 2023; Montagnoli and Taylor, 2024). To elicit incentive-compatible mea-

sures of altruism, we utilize two dictator games paired with a charity where participants allocate

ten Euros between themselves and a selected charity (Crumpler and Grossman, 2008; Tonin

and Vlassopoulos, 2010). The experimental design incorporates two types of dictator games: a

standard dictator game and a ”money-burning” dictator game. Unlike the standard game, in

the ”money-burning” game, the charity receives ten Euros regardless of the participant’s dona-

tion. This setup facilitates the measurement of three distinct aspects of altruism: (i) altruism,

reflecting a combination of warm glow and impact altruistic motivations, measured by the do-

nation amount in the standard game; (ii) warm glow altruism, derived from the donation in the

”money-burning” game, signifying the satisfaction from the act of giving—hence, giving by oth-

ers does not act as a perfect substitute (Andreoni, 1989, 1990); (iii) impact altruism, calculated

as the difference between donations in the two games, indicating the utility derived from the

benefit of the recipient of the donation, with impact altruists considering the giving of others

as a perfect substitute (Andreoni, 1989, 1990). Moreover, we elicit risk preferences (Falk et al.,

2018), risk and return expectations (Riedl and Smeets, 2017), financial literacy (Hastings et al.,

2013; Lusardi and Mitchell, 2008), ESG knowledge, the future importance of ESG and a set of

demographics to get a profound understanding of investors knowledge and beliefs. Table 47 in

the appendix provides a detailed definition of each of the variables.

Measurement of Willingness to Pay (WTP) for ESG Score information: The WTP

for ESG Scores holds significant interest for both financial institutions, which aim to develop

new products, and regulators, who seek to understand individual preferences for sustainability

information for regulatory purposes. To measure investors’ WTP for ESG Score information,

participants are presented with a hypothetical scenario where, unlike in the previously explained

stock market game, the ESG Score information is not provided for free. They are asked to

express their WTP using a slider ranging from 0 to 10,000 points.

score indicates a lower level of sustainability. For the sake of clarity, the ESG Risk Scores are transformed into
ESG Scores using the following formula: ESG Score = (2*mean(ESG Risk Score) - ESG Risk Score).

79Sustainable stocks are defined by an ESG Risk Score of less than 20 (color-coded in grey and yellow).
80A random selection would typically yield two sustainable stocks.
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Reaction to Performance Information of Sustainable Stocks: There is an ongoing aca-

demic debate about whether incorporating ESG criteria into investment processes increases or

decreases risk-adjusted returns (see Hong and Kacperczyk (2009); Eccles et al. (2014); Friede

et al. (2015); Pedersen et al. (2021); Bolton and Kacperczyk (2021); Pastor et al. (2021); Briere

and Ramelli (2021); Avramov et al. (2022); Bolton and Kacperczyk (2023); Latino (2023); Bolton

and Kacperczyk (2024) among others). To investigate investors’ causal reactions to changes in

return expectations, we exogenously vary the information provided about the risk-adjusted per-

formance of firms with high (low) sustainability ratings. Specifically, we randomly assign 50%

of participants to receive a management summary titled “Why investing in stocks with low ESG

Risk Scores makes sense from a performance perspective and from a scientific point of view”,

while the other half receive a summary titled “Why investing in stocks with low ESG Risk Scores

does not make sense from a performance perspective and from a scientific point of view”. After

reviewing these summaries, participants engage in the stock market game described previously

for a second time.

Data Collection, Payment of Participants, and Incentive Compatibility: Data collec-

tion was conducted using an oTree-programmed online experiment (Chen et al., 2016), targeting

wealthy private investors from a German private bank between May 10th and September 20th,

2022. We contacted 2,000 clients via the bank’s online banking system, achieving a response rate

of 2.23%, which aligns with similar studies (Giglio et al., 2021; Famulok et al., 2023). The final

sample consists of 74 participants.81 The stock market game is incentivized; each participant

receives a payout based on the value of one of the two portfolios as of January 2020, using an

exchange rate of 1 point = 0.0003 Euros. Participants are also informed that the randomly se-

lected portfolio will be purchased on the real stock market, with 20% of its actual value invested

using private funds. This ensures that investment decisions during the experiment have direct

financial consequences, thereby imposing moral responsibility on the participants. Each portfolio

is maintained for 12 months. Additionally, one decision from either the standard dictator game

or the ”money-burning” dictator game is paid out to participants (and the corresponding char-

ities). All payments to participants and charities were made after the experiment’s conclusion.

The median time spent in the experiment was 37 minutes, and average earnings were 22 Euros

per participant, equivalent to an hourly wage of 36 Euros.

5.3 Institutional Background and Sample Characteristics

The market for sustainable investments is full of conflicting information (Braun et al., 2024b).

The European Union identified these information frictions as challenging for investors want-

81We initially pre-registered 140 participants. To boost participation, we sent a reminder, resulting in an
additional 16 participants that day; however, subsequent participation declined. Due to restrictions from our
partnering bank, further reminders were not permissible. The experiment was terminated on September 20th
after more than 60 days without any new participant activity.
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ing to buy sustainable investments and introduced four key legislative initiatives to increase

transparency and facilitate the effective transmission of sustainability preferences.

Key Sustainability Regulations: In the past, there existed only a limited common under-

standing of the reporting of sustainability information for firms, making it challenging to compare

the available information between companies. The Corporate Sustainability Reporting Direc-

tive (CSRD) (Commission, 2022b) addresses this issue for large European companies as well as

non-European companies that generate over 150 million Euros in the EU market. Starting with

the fiscal year 2024, companies must publish regular reports on the environmental and social

impact of their activities (Commission, 2024).82

ESG ratings are often used to identify the sustainability of firms. However, different ESG

rating agencies not only use different inputs but also differ in their methodologies, resulting

in highly heterogeneous sustainability ratings for the exact same firms across different rating

agencies (Dimson et al., 2020; Billio et al., 2021; Avramov et al., 2022; Berg et al., 2022). The EU

Taxonomy (Commission, 2020b) addresses the issue that identifying sustainable companies can

be quite challenging and intends to establish a common understanding of sustainable economic

activities. The regulation entered into force on July 12, 2020, and classifies economic activities

as sustainable that contribute to at least one of the European Union’s climate and environmental

objectives.83 At the same time, these activities must maintain minimum social safeguards and

cannot harm any other environmental objective. Financial companies can use these definitions

to define sustainable products.

The Sustainable Finance Disclosure Regulation (SFDR) (Commission, 2019b) complements

the CSRD and the EU Taxonomy by creating a detailed reporting framework for financial prod-

ucts and entities and came into effect on March 10, 2021. The regulation defines an investment

as sustainable if (i) it contributes to an environmental (E) or social (S) objective, (ii) does not

significantly harm any other environmental or social objective, and (iii) the invested company

follows good governance practices (G). Furthermore, it defines the principal adverse impacts

(PAI) of economic activities, a list of 47 indicators that measure sustainability risks that can be

used to define the sustainability of an investment.84 Although the SFDR requirements are linked

to the EU Taxonomy by including the specified sustainable activities, currently there exists a

lack of consistency between the two regulations (Cordes et al., 2024).

82The CSRD will also apply to listed SMEs for fiscal years starting 2026 (Commission, 2024). In addition,
the IFRS foundation developed International Sustainability Standards, which intend to define global minimum
standards in sustainability disclosure (IFRS, 2024) and apply from the fiscal year 2024 onwards but are not
mandatory.

83(i) climate change mitigation; (ii) climate change adaptation; (iii) water protection; (iv) contribution to a
circular economy; (v) pollution prevention; (vi) protection of biodiversity and ecosystems (Commission, 2021b).

84The SFDR contains 14 mandatory and 33 voluntary PAIs. The 14 mandatory PAIs include greenhouse gas
emissions, carbon footprint, and carbon intensity among others.
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The amendment of the Markets in Financial Instruments Directive II (MiFID II) (Commis-

sion, 2021a) is designed to ensure the suitability of a financial product for an investor and to

prevent the dissemination of misleading information regarding sustainable investment products

(ESMA, 2023). Therefore, investor protection mandates that institutions providing financial

advice or portfolio management must conduct an Investor Suitability Assessment before recom-

mending or selling investment products (ESMA, 2022). This requires the elicitation of clients’

knowledge and experience, financial situation, and investment objectives. Such information is

typically gathered using (digital) questionnaires completed by the clients or collected during

discussions with them (ESMA, 2023). The final guidelines on the MIFID II suitability require-

ments came into force in October 2023 and additionally aim to incorporate clients’ sustainability

preferences (ESMA, 2023). Specifically, this entails inquiring of clients whether they desire to

include financial products that: (i) allocate a specified minimum percentage to green investments

as defined by the EU Taxonomy Regulation; (ii) dedicate a minimum percentage to sustainable

investments according to the SFDR; or (iii) consider the PAIs of an investment. Additionally,

clients specify the minimum proportion of sustainable products in their overall investment. The

objective of this process is to provide clients with comprehensive control over their sustainability

preferences, offering a spectrum of potential sustainability definitions.

Administrative Data: To comply with MiFID II, the investment advisors of our partnering

bank elicit the personal and financial situation of their clients by discussing a series of questions

on monthly net income, existing wealth, risk tolerance, financial experience (knowledge), invest-

ment objective, and ESG preference, and then completing (updating) a predefined questionnaire.

To enrich our analysis, we integrate the bank’s data of this Investor Suitability Assessment with

our experimental and survey data. The administrative data encompasses information on in-

vestors’ risk attitudes and experiences. The variable risk preferences (financial instrument)

captures investors’ responses to the question ”What level of risk are you prepared to take as

part of your investment strategy for individual securities investments?”, rated on a scale from

one to five. Investors also answer the question ”What experience and knowledge do you have

in various categories of securities?”, which assesses their familiarity with different investment

products and provides insights into the average number and amount of their annual trades. The

experience categories are ranked according to the increasing risk level of the underlying assets.

Here, experience riskiest asset class is an indicator variable set to one for investors experienced

in the riskiest asset classes (options, cum certificates, knock-out certificates, or hedge funds), and

zero otherwise. Additionally, the bank supplies key demographic details such as age, education,

income, expenses, and wealth of the participants in the experiment. As the regulation on the

elicitation of sustainability preferences came into effect in October 2023 (ESMA, 2023), the bank

has not updated that information on all their clients and therefore could not provide us with

data on this item.85 Table 47 (appendix) provides exact definitions for each variable.

85The bank collects this information if the investment advisor has contact with the client. As there are no

131



Data quality and consistency: The following analyses are exploratory. As a consistency

check, we compare the investors’ self-reported age in the experiment with the administrative data

obtained from the bank. All participants accurately disclosed their age, which instills confidence

in the veracity of responses to our survey questions. Additionally, we explore the correlation

between the global preference survey risk item (risk preferences) and the risk and experience

measures of the bank´s Investor Suitability Assessment (risk preferences (financial instruments)

and experience riskiest asset class) using an ordinary least squares (OLS) specification (see Table

48 in the appendix). In Column (1) of the Table, we demonstrate that a one standard deviation

increase in the maximum willingness to take risks for a single financial asset is associated with

a 0.39 standard deviation increase in the global preference survey risk measure (p < 0.01).

Moreover, individuals with knowledge and experience in options, cum certificates, knock-out

certificates, or hedge funds exhibit a 0.73 standard deviation higher willingness to take risks (p <

0.01). Specification (3) confirms these findings and indicates that the two risk and experience

measures elicited by administrative data of the bank are complements rather than substitutes,

as evidenced by the increase in the adjusted R2 value.

Unfortunately, institutional reasons prevented the bank from providing us with true sustain-

ability portfolio holdings for each investor. Consequently, we use the two portfolio allocations

in the stock market game as a revealed sustainability measure. Table 49 (appendix) presents

OLS specifications demonstrating significant correlations between the mean ESG Score from the

first and second portfolio allocations and various stated sustainability measures. Specification

(1) shows a statistically significant correlation between the indicator variable plan SRI and the

ESG Score in the baseline portfolio allocation (p = 0.06), while possess SRI shows a positive

but not statistically significant correlation (p = 0.24). Individuals planning to invest sustainably

within the next three years have portfolios with ESG Scores that are 19% higher compared

to those who are either uninterested in or unsure about their current ownership of sustainable

investments. Specification (2) combines individuals who plan to invest and those who already

possess sustainable investments, showing a positive but marginally non-significant coefficient

(p = 0.11). Specification (3) indicates that the stated importance of ESG for future investments

outside the experiment is positively correlated with post-treatment ESG Scores. A one standard

deviation increase in ESG importance is associated with a 13% increase in ESG Score compared

to the average post-treatment score. These findings suggest a strong correlation between our

survey-based risk measures and the bank’s risk metrics, as well as between our revealed pref-

erence measure from the stock market game and both actual (planned) sustainability holdings

and the future importance of ESG. This consistency adds further confidence in the reliability of

our measures.

regular intervals for client-advisor contact, it can take some time until this information is available for all clients.
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Table 42: Summary statistics of the main variables

Mean SD Min Max N

ESG Score (prior) 21.53 5.62 15.99 34.30 74
ESG Score (post) 20.45 8.09 4.11 31.00 74
WTP 2,822.97 3,032.94 0.00 10,000.00 74
bank contact ESG 0.12 0.33 0.00 1.00 74
ESG importance 4.31 1.67 1.00 7.00 74
possess SRI 0.47 0.50 0.00 1.00 74
plan SRI 0.15 0.36 0.00 1.00 74
altruism 6.73 2.96 0.00 10.00 74
impact altruism 1.55 3.44 -5.00 10.00 74
warm glow altruism 5.19 3.50 0.00 10.00 74
lower SRI returns 3.30 1.88 0.00 7.00 74
lower SRI risk 3.74 2.09 0.00 7.00 74
ESG knowledge 0.74 0.44 0.00 1.00 74
risk preferences 6.23 2.10 2.00 10.00 74
risk preferences (financial instruments) 3.97 0.60 2.00 5.00 73
experience (financial products) 4.23 0.42 4.00 5.00 74
financial literacy 4.28 0.69 3.00 5.00 74
female 0.19 0.39 0.00 1.00 74
age 4.43 1.69 1.00 7.00 74
income 2.26 0.76 1.00 4.00 74
regular expenses 2.14 1.06 0.00 4.00 74
cash & stocks 3.20 0.91 1.00 4.00 74
other assets 2.58 1.16 1.00 5.00 74
wealth 2.58 0.70 1.00 3.00 74
ESG importance 4.31 1.67 1.00 7.00 74

Notes: Table 42 presents summary statistics for the investor sample. We winsorize ESG Score (prior), ESG Score
(post), and financial literacy on the 5% and the 95% level to reduce the impact of outliers. The bank had no risk
preferences (financial instruments) data for one individual. For definitions of the variables, please consider Table 47.

Sample Characteristics: Our sample consists of experienced wealthy private investors. Each

participant has interacted with at least one of the following investment types: bonds, funds,

stocks, or private equity, with 23% additionally experienced in hedge funds, options, cum certifi-

cates, or knock-out certificates. Approximately 43% of the sample holds cash and stocks valued

between 75,000 and 500,000 Euros, while another 43% holds assets exceeding 500,000 Euros, in

contrast with the average German holding 88,600 Euros in cash and stocks (BVR, 2023). Fur-

thermore, 47% of our participants have other assets like real estate valued between 100,000 Euros

and 1,000,000 Euros, and 19% possess other assets valued over 1 million Euros, compared to the

German average of 147,600 Euros (BIB, 2023; DESTATIS, 2023b). Taken together, more than

70% of the participants possess a net wealth of over 600,000 Euros. Besides being wealthy, these

investors also show a high financial literacy, correctly answering 85% of our survey questions on

average.86 The demographic composition of our sample includes 19% females, with an average

age of around 60 years. Median net incomes range from 2,000 to 5,000 Euros, compared to an

86Bucher-Koenen et al. (2017) show that in a representative survey of German households, 56% answered the
first three of our financial literacy questions correctly, compared to 95% in our sample.
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average income of 2,244 Euros in Germany in 2022 (DESTATIS, 2024), while average monthly

regular expenses of our study subjects are between 1,000 and 2,000 Euros. Notably, 74% of

participants were already familiar with ESG concepts before our study compared to 25% in the

German population (IFNP, 2021). Last, participants generally perceive sustainable assets as

slightly underperforming but displaying marginally lower risk compared to conventional assets.

For a comprehensive overview of the data, please refer to Table 42.

5.4 Results

This paper has three main objectives: (i) to study correlations between altruistic preferences and

sustainable investments; (ii) to measure the willingness to pay for sustainability information; (iii)

to analyze how changes in return expectations affect revealed sustainability preferences. Unless

stated otherwise, all analyses were pre-registered prior to data collection at the American Eco-

nomic Association’s registry for randomized controlled trials, AEARCTR-0009341.87 It should

be noted that within our framework, higher ESG Scores signify greater sustainability.

5.4.1 Altruistic Preferences and SRI

The literature establishes that investors value sustainable investments, as evidenced by Barreda-

Tarrazona et al. (2011); Hartzmark and Sussman (2019); Pástor et al. (2020) among others. Our

experimental findings with high-net-worth individuals align with these studies. Specifically, the

average ESG Score from the baseline investment decision is 22.63, significantly exceeding the

expected score of 18.33 for a randomly selected portfolio (p < 0.01), affirming findings from Braun

et al. (2024b). In their study, financially inexperienced individuals in their 20s achieved a similar

mean ESG Score of 22.68 in a comparable stock market game with exactly the same universe

of stocks. Furthermore, the mean number of sustainable stocks held is 2.8, substantially higher

than expected for a random selection (p < 0.01). Additionally, 62% of participants disclosed

that they currently own or plan to acquire sustainable investments within the next three years.

This raises a pertinent question: what drives sustainable investment behaviors among wealthy

private investors?

Key studies identify altruistic preferences as pivotal for sustainable investment decisions

(Riedl and Smeets, 2017; Bauer et al., 2021; Gutsche et al., 2023). Table 43 presents OLS

regression results with ESG Score as the dependent variable for a sample of wealthy private

investors, indicating a positive correlation between altruistic preferences and sustainable invest-

ments controlling for risk and return expectations of ESG investments, risk preferences, income,

87Despite pre-registering our analysis to include true sustainability portfolio holdings from our partnering bank,
institutional constraints unfortunately prevented the bank from providing us with this data. We use individuals
mean ESG Scores as the preferred specification as they are the richest regarding the degree of sustainability of
an investor. In the appendix, you find all the results for alternative specifications of sustainability.

134



wealth, gender, age, and financial literacy.88 Column (1) displays a statistically marginally non-

significant positive correlation between altruism and ESG Score in the baseline decision of the

stock market experiment (p = 0.11). The literature debates whether sustainable investments

are primarily motivated by warm glow or impact altruism (Riedl and Smeets, 2017; Heeb et al.,

2023; Gutsche et al., 2023). Understanding this distinction is crucial for developing investment

strategies that align with investor motivations and for establishing regulatory frameworks that

support genuine sustainability outcomes. If impact altruism predominates, providers of sus-

tainable investment products should emphasize the tangible impacts of their products, such as

contributions to sustainable development goals, emission reductions, or improved labor condi-

tions. Consequently, there is no need for regulators to intervene as investors will identify truly

sustainable investments, and greenwashing products will be discovered and removed from the

market.89 Conversely, if warm glow altruism is the main driver, issuers might focus on creating

investment products that are labeled and perceived as sustainable, potentially providing more

emotional satisfaction than actual impact (Gutsche et al., 2023). Given the political efforts to

use sustainable investments to finance the green transition of the economy (Commission, 2019a),

regulators should prevent greenwashing by providing clear guidelines and labels that define what

sustainable investments should entail. If ambiguity is removed, warm glow altruists can no longer

rationalize questionable investments as sustainable and therefore might buy genuinely sustain-

able investments. Braun et al. (2024b) demonstrate that warm glow altruists are more likely to

invest sustainably than non-altruists. However, in ambiguous information settings, they selec-

tively acquire information telling them not to invest sustainably if they have an incentive to do

so. As a consequence, they reduce their sustainable investments.

To differentiate these motives, we simultaneously include warm glow altruism and impact

altruism in specification (2), which shows a positive correlation between impact altruism and

ESG Scores (p = 0.05), with no significant correlation for warm glow altruism (p = 0.32). A one

standard deviation rise in impact altruism increases the ESG Score by 7.5% compared to the

average ESG Score. Controlling for ESG knowledge of the participants in specification (3), the

correlation with altruism slightly decreases in significance (p = 0.15). Disentangling the effects of

altruistic preferences, specification (4) confirms a significant correlation between impact altruism

and ESG Scores (p = 0.07). Heterogeneity analysis reveals that the observed correlations are

predominantly driven by investors knowledgeable about ESG.90 Specification (5) confirms the

correlation between altruism and ESG Score (p = 0.03).

88Table 50 (appendix) presents the outcomes for alternative specifications of the dependent variable. Although
the results are not statistically significant, they are qualitatively consistent for the intensive margin, which
assesses the degree of sustainability in investments. Conversely, we observe no effects on the extensive margin,
which measures the probability of being a sustainable investor.

89Products might be removed due to reputational concerns of the issuer or because the demand for these
products drops, leading to insufficient profits.

90Having ESG knowledge is strongly correlated with possessing or planning to possess sustainable investments
(unreported tests), indicating that these individuals are predominantly experienced with ESG and/or possess a
positive attitude towards ESG investments.
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Table 43: Relation between sustainability and altruistic preferences

(1) (2) (3) (4) (5) (6)
ESG ESG ESG ESG ESG ESG
Score Score Score Score Score Score

altruism 1.078 0.981 1.654∗∗

(0.656) (0.664) (0.718)

lower SRI returns -0.0187 0.0325 0.220 0.266 -0.643 -0.622
(0.692) (0.706) (0.710) (0.719) (0.790) (0.825)

lower SRI risk 0.286 0.0826 0.299 0.100 0.164 0.0968
(0.751) (0.804) (0.746) (0.801) (0.815) (0.872)

risk preferences -0.948 -0.898 -1.091 -1.040 -1.574∗∗ -1.532∗∗

(0.711) (0.705) (0.711) (0.702) (0.723) (0.709)

income 0.945 0.878 0.836 0.774 0.107 0.0857
(0.995) (1.016) (0.994) (1.012) (1.072) (1.091)

wealth -0.625 -0.554 -0.539 -0.471 0.140 0.142
(0.755) (0.757) (0.751) (0.751) (0.931) (0.942)

female 1.322 1.135 1.131 0.951 -0.695 -0.738
(1.673) (1.713) (1.774) (1.809) (1.754) (1.801)

financial literacy 0.998 0.822 0.910 0.740 1.361∗ 1.259
(0.693) (0.767) (0.722) (0.777) (0.764) (0.928)

age -0.228 -0.0730 -0.216 -0.0652 -0.0814 -0.0158
(0.624) (0.636) (0.599) (0.606) (0.791) (0.815)

warm glow first -2.139 -2.264 -1.954 -2.079 -2.532 -2.556
(1.362) (1.394) (1.402) (1.438) (1.574) (1.636)

impact altruism 1.610∗ 1.486∗ 2.046∗∗

(0.817) (0.806) (0.906)

warm glow altruism 0.924 0.815 1.860∗

(0.915) (0.936) (1.067)

ESG knowledge 2.296 2.262
(1.570) (1.547)

Constant 21.87∗∗∗ 21.96∗∗∗ 20.14∗∗∗ 20.26∗∗∗ 23.07∗∗∗ 23.12∗∗∗

(2.111) (2.110) (2.516) (2.506) (2.377) (2.391)

N 74 74 74 74 55 55
adj. R squared 0.00766 0.00605 0.0256 0.0232 0.0760 0.0588
ESG knowledge - - - - yes yes

Notes: Table 43 demonstrates that altruistic preferences significantly correlate with ESG Scores across various OLS
specifications. Specifications (1)-(4) analyze the full sample, while specifications (5) and (6) focus on individuals with pre-
existing ESG knowledge, underscoring that the observed effects are primarily driven by those knowledgeable about ESG.
The dependent variable in all specifications is the mean ESG Score from the baseline stock market game. Independent
variables include three measures of altruistic preferences: (i) altruism, quantified by the donation amount in the dictator
game; (ii) warm glow altruism, represented by donations in the ”money-burning” dictator game; (iii) impact altruism,
calculated as the difference between donations in the standard and ”money-burning” dictator games. Control variables
encompass lower expected returns on SRI, based on investors’ responses to the statement ”I expect shares with a high
ESG score to underperform conventional shares”, scored from zero to seven; lower perceived SRI risk, responses to
”I expect shares with a high ESG score to have lower price fluctuations than conventional shares”; risk preferences,
indicating willingness to take risks on a scale of 0-10; income, personal net income per month; wealth, a categorical
variable for the sum of an investors wealth; female, a binary indicator for gender; financial literacy, the count of
correctly answered financial literacy quiz questions (0-5); age, the categorized age of an investor; and ESG knowledge, a
binary indicator of whether an individual was familiar with ESG concepts prior to the experiment. The Warm glow first
variable is binary, indicating whether the impure altruism task was conducted before the warm glow task. All non-binary
variables are z-scored. Statistical significance levels are denoted by *, **, and *** for the 10, 5, and 1 percent levels,
respectively.
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Specification (6) displays a strong correlation of impact altruism with the sustainability indi-

cator (p = 0.03), while also showing a statistically significant correlation of warm glow altruism

with ESG Score (p = 0.09). These results emphasize that impact altruism is fundamental to

sustainable investment preferences, and warm glow altruism plays a significant role predomi-

nantly among those familiar with ESG for wealthy private investors. The non significant results

for altruism in specifications (1) and (3) are most likely due to the small sample size of 74 in-

dividuals. These findings are largely consistent with Braun et al. (2024b), who demonstrate a

strong positive correlation between all three types of altruism and ESG Scores among young,

inexperienced participants.

5.4.2 WTP for ESG Score information

After demonstrating that investors utilize ESG Scores, we next examine their willingness to pay

for ESG Score information. In a hypothetical scenario, we observe a positive WTP for ESG

Score information, averaging 2,822 points, which represents 5.6% of their available budget and

is significantly greater than zero (p < 0.01). This finding aligns with Braun et al. (2024b), who,

through an incentivized elicitation method, find that young participants are willing to allocate

approximately 6.75% of their endowment to acquire sustainability information for trading in an

incentivized stock market game. More broadly, this result corresponds with Baker et al. (2022),

who document that index fund clients are prepared to pay, on average, 20 basis points higher

fees for funds with an ESG mandate compared to identical funds without such a mandate, a

noteworthy premium given the average expense ratio of these funds is 61 basis points.

Next, we examine what drives the WTP for ESG Score information. Guenster et al. (2022)

show that the WTP for sustainable investments increase in an individual’s level of altruism,

as measured by a psychometric questionnaire. Heeb et al. (2023) argue that while investors

demonstrate a significant willingness to pay for sustainable investments, their payments do not

increase with greater impact, suggesting that warm glow rather than impact altruism motivates

this willingness. Table 44 presents OLS regression results with WTP as the dependent vari-

able, various measures of altruistic preferences as independent variables, and a set of controls.

Specification (1) shows a positive, though not statistically significant, coefficient for altruism

(p = 0.32). Specification (2) differentiates between various forms of altruistic preferences, re-

vealing non-significant coefficients for both impact altruism (p = 0.71) and warm glow altruism

(p = 0.15). Interestingly, there appears to be a negative correlation between WTP and financial

literacy ; across all specifications, a one standard deviation increase in financial literacy corre-

lates with a reduction in WTP for ESG Risk information by 725 to 827 points, which is sizable

given the mean WTP is around 2,800 points. This finding is exploratory but complements the

results presented by Laudi et al. (2023), who illustrate that financial advisors often charge a

premium for sustainable investments that is not justified by the effort, skill, or costs involved.
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Table 44: Relation between the WTP, altruistic preferences, and financial literacy

(1) (2)
WTP WTP

altruism 304.2
(342.8)

lower SRI returns 147.2 114.0
(400.8) (407.7)

lower SRI risk -534.4 -411.8
(338.5) (365.2)

risk preferences 468.5 443.5
(359.3) (345.6)

income -132.8 -103.1
(500.5) (514.5)

wealth 870.0∗∗ 823.5∗

(434.2) (453.3)

female -350.3 -235.5
(908.0) (912.3)

financial literacy -827.8∗∗∗ -725.1∗∗

(308.6) (329.1)

age 103.0 9.323
(366.4) (370.4)

warm glow first 1789.3∗∗∗ 1873.7∗∗∗

(660.1) (675.5)

ESG knowledge -900.0 -890.0
(720.8) (730.6)

impact altruism 154.0
(428.0)

warm glow altruism 599.8
(483.0)

Constant 1699.1∗ 1647.9∗

(902.5) (901.2)

N 74 74
adj. R squared 0.145 0.147
controls yes yes

Notes: Table 44 presents evidence that altruistic preferences are not significantly related to the WTP for ESG Score
information across various OLS specifications, while we find a significant negative correlation with financial literacy.
The dependent variable across all specifications is the WTP for ESG Score information in a hypothetical scenario. We
consider three measures of altruism as independent variables: (i) altruism, measured as the donation amount to charity
in the dictator game; (ii) warm glow altruism, the donation amount in the ”money-burning” dictator game; (iii) impact
altruism, calculated as the difference between donations in the standard and ”money-burning” dictator games. Controls
include lower expected returns on SRI, the investor’s response on a scale from zero to seven to the statement, ”I expect
shares with a high ESG score to underperform conventional shares”; lower perceived SRI risk, the response to ”I
expect shares with a high ESG score to have lower price fluctuations than conventional shares”; risk preferences, an
indicator of willingness to take risks on a scale from 0 to 10; income, reported personal net income per month; female,
a dummy variable for gender; financial literacy, the number of correctly answered questions in a financial literacy quiz
(0-5); and age. Warm glow first is a dummy variable indicating if the impure altruism task preceded the warm glow
task. ESG knowledge represents an indicator variable that is one if an individual knows about the concept of ESG
before the experiment and zero otherwise. All non-indicator variables are z-scored. Significance levels are indicated by
*, **, and *** at the 10, 5, and 1 percent levels, respectively.
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Notably, this premium is more pronounced for sustainable investors who possess low financial

literacy. Consequently, individuals who are financially less literate not only exhibit a higher

willingness to pay but also face higher charges. Laudi et al. (2023) discuss that this form of price

discrimination could be problematic by potentially harming consumer welfare and diminishing

the long-term appeal of sustainable investments.

In summary, we observe a negative relationship between WTP and financial literacy and a

non-significant relationship with altruistic preferences. This outcome diverges from the findings

in Braun et al. (2024b), who observe a significant relationship with altruistic preferences and

no relationship with financial literacy among young participants. Several factors may explain

this discrepancy: First, warm glow altruism is at the margin of being significant at the 10%

level, potentially due to a power issue given the small sample size of 74 investors. Second,

due to time constraints, we use a hypothetical elicitation of the WTP in our sample, unlike

in the student sample where the WTP had real consequences in a subsequent stock market

game. Non-incentivized measures, although generally reliable, can sometimes overstate the true

WTP and exhibit higher variance (List and Shogren, 1998). Lastly, the differing sample composi-

tions—financially literate, experienced investors versus inexperienced young participants—might

also contribute to the divergent results.

5.4.3 Return Expectations and Sustainable Investments

Standard economic theory posits that individuals respond to financial incentives (Markowitz,

1952); however, if investors are primarily motivated by social reasons to invest sustainably,

financial incentives might not only fail to increase sustainable investments but could also neg-

atively impact their intrinsic motivation to invest sustainably (Frey and Oberholzer-Gee, 1997;

Mellström and Johannesson, 2008; Gneezy et al., 2011). This may be particularly relevant given

the demonstrated correlation between altruistic preferences and socially responsible investments.

Døskeland and Pedersen (2016) apply the Levitt and List (2007) model, which assumes addi-

tively separable utility from financial and social benefits, on sustainable investments. Extending

this model to include the potential negative externalities of positive financial incentives on the

social utility derived from sustainable investments reveals four potential scenarios in response to

risk-adjusted performance information about sustainable stocks.

When investors receive information indicating overperformance of sustainable stocks, they

may (i) increase sustainable investments because the financial incentives align with their social

goals, thus enjoying benefits from both financial and social aspects of their investments. Con-

versely, (ii) increased financial returns might undermine the intrinsic motivation for pro-social

behavior, such as investing sustainably, potentially leading to unchanged or even reduced levels

of sustainable investments as financial gains are offset by diminished social benefits. This aligns
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with Mellström and Johannesson (2008) findings on blood donation and Brodback et al. (2019)

who argue that altruists’ motivation to invest sustainably decreases when they expect higher

returns from such investments. On the other hand, exposure to underperformance information

about sustainable stocks (iii) leads to a reduction in sustainable investments if financial dis-

advantages significantly overshadow social benefits. Alternatively, (iv) such information might

leave investment levels unchanged or even increase them if the perceived social benefits outweigh

the financial drawbacks because the social value of such investments increases with the financial

disutility.

To examine the causal impact of return expectations on sustainable investment behavior,

we vary risk-adjusted return expectations by providing participants with exogenously assigned

information about the overperformance or underperformance of sustainable investments. Table

51 in the appendix confirms successful randomization between treatments, showing no pre-

treatment differences in ESG Scores or in variables correlated in Table 43 with sustainable

investments such as altruistic preferences, financial literacy, and risk preferences. Minor pre-

treatment discrepancies were observed in female and ESG knowledge. To address these and show

the impact of within-subject reactions to overperformance and underperformance information,

we apply an individual fixed effects regression model as the preferred specification:

ESGit = α+ β1 · overperformanceit + β2 · underperformanceit + γi + ϵit (6)

where ESGit is the mean ESG Score for individual i at time t, overperformance and underper-

formance are indicator variables for treatment assignment, γi represents individual fixed effects,

and ϵit is the error term.

Table 45 presents the regression results. Column (1) shows that exposure to ESG overperfor-

mance (underperformance) information significantly increases (decreases) ESG Scores relative

to the baseline portfolio allocation (p < 0.01), with changes of 22.8% (12.2%) respectively.

This aligns with Braun et al. (2024b), who report increases (decreases) of 33.6% (14.2%) in

a similar setting with a younger, less experienced demographic. Column (2) focuses on in-

vestors without prior ESG knowledge, showing a significant increase in ESG Scores following

overperformance information (p = 0.026), but no significant change with underperformance in-

formation (p = 0.36).91 This disparity is attributed to the lower baseline ESG Scores in this

group.92 These findings suggest that while overperformance information can enhance perceived

risk-adjusted returns and thus encourage sustainable investments, underperformance informa-

tion does not significantly deter investors. Specification (3) examines the effects on investors

91The heterogeneity analysis in specifications (2) and (3) is exploratory and illustrates how prior ESG knowledge
influences individuals’ responses to new information.

92T-tests confirm that baseline ESG Scores are significantly lower for investors without ESG knowledge com-
pared to those with knowledge (p < 0.01) in combination with the small sample size. Correspondingly, pre-
treatment return expectations for sustainable investments are significantly higher for individuals with ESG
knowledge (p = 0.01), whereas there are no significant differences in pre-treatment risk expectations (p = 0.60).
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with ESG knowledge, noting significant movements in ESG Scores for both overperformance

(p < 0.01) and underperformance (p = 0.07) treatments.

Table 45: Relation between risk adjusted overperformance (underperformance) information
and sustainable investing

(1) (2) (3)
ESG ESG ESG
Score Score Score

overperformance 4.658∗∗∗ 6.555∗∗ 4.291∗∗∗

(1.286) (2.707) (1.448)

underperformance -2.499∗∗ -2.101 -2.714∗

(1.215) (2.253) (1.468)

Constant 20.45∗∗∗ 18.36∗∗∗ 21.17∗∗∗

(0.442) (0.881) (0.519)

N 148 38 110
fixed effects yes yes yes
ESG knowledge - no yes

Notes: Table 45 explores the impact of receiving risk-adjusted overperformance or underperformance information on
sustainable investing using individual fixed effects regression. The dependent variable, ESG Score, is the mean ESG score
of individual i at time t ∈ {1, 2} (baseline and post-treatment portfolio allocations). Overperformance is an indicator
variable set to one if individual i received the overperformance information at any time t, and zero otherwise. Similarly,
Underperformance indicates whether individual i received underperformance information at any time t. Specifications
(2) and (3) are exploratory; Specification (2) includes only investors with prior ESG knowledge, while Specification (3)
is restricted to those familiar with the concept of ESG prior to the experiment. Significance levels are indicated by *,
**, and *** for the 10, 5, and 1 percent levels, respectively.

Robustness analyses confirm that the effect of risk-adjusted performance information on

investment behavior is largely consistent across various model specifications and dependent vari-

ables. Table 52 (appendix) provides empirical evidence that overperformance information exerts

a persistent influence on investment choices. In contrast, the effects of underperformance infor-

mation remain non-significant, which may be attributed to the limited statistical power of the

study or the notion that a change in the extensive margin requires a stronger adjustment of

the risk-adjusted return expectations. Table 53 in the appendix (not pre-registered) presents an

OLS model with post-treatment ESG Scores (ESG importance) as the dependent variable, using

an indicator for overperformance treatment participation. Specification (1) shows that investors

receiving overperformance information hold portfolios with ESG Scores that are 42% higher

than those receiving underperformance information (p < 0.01). This effect persists in Specifica-

tion (2), which controls for the individual’s ESG Score in the investment decision prior to the

treatment. Specification (3) provides evidence that the treatment also influences future planned

sustainable investments, showing a 0.44 standard deviation increase in the stated importance

of ESG for future investment decisions (p = 0.06), an effect that is robust after controlling for

baseline sustainability allocation.
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These findings suggest that overall changes in the perceived performance of sustainable stocks

can significantly alter both current and planned sustainable investment behaviors among wealthy

private investors. Specifically, investors tend to increase their sustainable investments when fi-

nancial incentives align with their social goals, thereby enjoying benefits from both the financial

and social aspects of their investments. This finding is in line with Braun et al. (2024b). The

evidence regarding the impact of underperformance information is somewhat ambiguous and

warrants further investigation. Our preferred specification indicates a significant decrease in

sustainable investments, consistent with the hypothesis that the financial disadvantages of in-

vesting sustainably may overshadow the associated social benefits. This effect is driven by

individuals with ESG knowledge. Contrarily, our robustness analyses, employing various depen-

dent variables, do not show significant reactions to underperformance information, likely due to

the limited statistical power of this experiment. In contrast, Braun et al. (2024b) document a

significant negative reaction to underperformance information across all specifications in their

experiment involving over 600 young individuals. Nonetheless, we cannot dismiss the possibility

that a change in the extensive margin to invest sustainably requires a more pronounced adjust-

ment of risk-adjusted return expectations, aligning with the perspective that the social benefits

of purchasing sustainable stocks might outweigh the financial disutility.

Table 46: The impact of the overperformance treatment (post-treatment ESG scores) on the
demand for bank contact in relation to ESG

(1) (2) (3)
bank contact bank contact bank contact

ESG ESG ESG

overperformance 0.0270
(0.0770)

ESG Score (post) 0.0639∗ 0.0637∗

(0.0323) (0.0343)

ESG Score (prior) 0.000951
(0.0437)

Constant 0.108∗∗ 0.122∗∗∗ 0.122∗∗∗

(0.0518) (0.0378) (0.0381)

N 74 74 74
adj. R squared -0.0122 0.0244 0.0107

Notes: Table 46 presents an OLS regression analysis showing a positive correlation between the desire to be contacted by
the bank for further ESG information and post-treatment ESG Scores. We find no statistically significant relationship
with the risk-adjusted return information treatment. The dependent variable, bank contact ESG, is an indicator set to
one if the investor expresses a desire in the closing survey to receive more ESG-related information from the bank, and
zero otherwise. Overperformance is an indicator variable, set to one for individuals in the overperformance treatment
and zero for those in the underperformance treatment. ESG Score (post) and ESG Score (prior) represent the average
ESG Scores of portfolio allocations after and before the treatment, respectively. Significance levels are indicated by *,
**, and *** for the 10, 5, and 1 percent levels, respectively.

In the final stage of our analysis, we investigate whether performance information affects

individuals’ desire to be contacted by the bank for more ESG details. The rationale behind this
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is that if investors are more likely to invest sustainably in the stock market game, they might

also be more likely to ask to be contacted by the bank to get more information on ESG and in-

crease real-world sustainable investments. Table 46 presents the outcomes of an OLS regression,

with bank contact ESG as the dependent variable and overperformance and post-treatment ESG

Scores as key variables of interest. Column (1) indicates a positive but non-significant effect of

overperformance on the inclination to be contacted by the bank (p = 0.73). Column (2), exam-

ining the direct impact of post-treatment ESG Scores, identifies a significant positive correlation

(p = 0.05). Specifically, a one standard deviation increase in post-treatment ESG Scores elevates

the probability of individuals wanting bank contact by 6.4 percentage points, noteworthy given

the baseline demand for contact is 12 percentage points.93 Column (3) reiterates these find-

ings, adjusting for baseline ESG Scores to mitigate baseline sustainability preference disparities

(p = 0.07). Overall, although the direct effect of overperformance information on requests for

ESG-related contact is not significant, we observe a robust correlation between enhanced post-

treatment ESG preferences and the increased desire for more information. This pattern suggests

that changes in return expectations potentially influence not only sustainable investment behav-

ior within the stock market game but also might extend to real-world sustainable investment

decisions. Future research should further investigate this relationship in studies with greater

statistical power, specifically focusing on measuring shifts in return expectations to clarify the

underlying mechanisms.

5.5 Discussion and Conclusion

In this paper, we explore the influence of altruistic preferences and information on the perfor-

mance of sustainable investments on the investment behavior of wealthy private investors. In

collaboration with a German private bank, we conduct an online experiment involving an in-

centivized stock market game to elicit revealed preferences for socially responsible investments.

Additionally, we measure various incentivized altruistic preferences and collect a comprehen-

sive set of beliefs and demographic data, which we combine with administrative data from the

bank’s Investor Suitability Assessment. Our experimental design includes a controlled informa-

tion treatment on the performance of sustainable stocks, allowing us to observe the investors’

reactions within the stock market game. Furthermore, we assess investors’ WTP for sustainabil-

ity information, providing insights into the economic valuation of ESG data by affluent investors.

The aim of this paper is to extend common findings in the sustainable finance literature to

a sample of wealthy private investors. Our findings align closely with those reported by Braun

et al. (2024b) for a younger and financially inexperienced demographic, suggesting consistency

93Specifications (2) and (3) were not pre-registered. Despite this, they provide valuable insights, demonstrating
a positive correlation between sustainable investment behavior observed in the stock market game and behaviors
aligned with the intention to invest sustainably outside of the experimental setting. These findings highlight the
consistency of investment preferences across different contexts, underscoring the relevance of the experimental
results to real-world investor behavior.
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across different investor profiles. Our main results are threefold. First, we show a marked

preference for sustainable investments and establish a significant correlation between altruistic

preferences and such investments. For investors lacking prior ESG knowledge, this correlation

is primarily driven by impact altruism. Conversely, for those with ESG knowledge, both im-

pact altruism and warm glow altruism influence their decisions. This extends existing literature

that emphasizes the role of warm glow altruism (Gutsche and Ziegler, 2019; Heeb et al., 2023;

Gutsche et al., 2023; Kleffel and Muck, 2023) by demonstrating the significance of impact al-

truism among wealthy private investors. This is encouraging for environmental sustainability,

indicating that financial institutions should ensure their products genuinely generate impact.

However, a significant portion of investors appear to be motivated by warm glow altruism, pos-

sibly preferring products that are labeled as sustainable but may lack substantive impact. This

observation suggests that, to ensure sustainable investments truly contribute to environmental

goals, regulators might need clear guidelines defining what constitutes impact investments. The

Sustainable Finance Disclosure Directive (Commission, 2019b) aims to aid European investors

in making informed decisions by setting disclosure requirements for ESG metrics for firms and

financial products. Nevertheless, it remains challenging for investors to identify genuine impact

investments.94 Braun et al. (2024a) highlight difficulties investors face under current regula-

tions in identifying true impact investments, as there is a tendency to rationalize metrics that

align with financial gains as impactful. Future research should delve deeper into the effects of

different forms of altruism on impact investments and explore the effectiveness of marketing

campaigns that emphasize the emotional versus real-world impact of sustainable investments,

assessing which resonates more with various types of investors.

Second, our findings reveal that investors, on average, allocate 5.6% of their budget to acquire

ESG Score information for their potential investments, which is in line with Braun et al. (2024b).

Additionally, we observe that financially illiterate investors are willing to pay significantly more

than financially literate investors. Laudi et al. (2023) demonstrate that financial advisors of-

ten charge higher fees to financially illiterate individuals seeking sustainable investments. Such

pricing strategies could potentially reduce consumer welfare and diminish the long-term attrac-

tiveness of sustainable investments for these groups. Consequently, policymakers might consider

monitoring fees for information sources that assist investors in making sustainable investment

decisions to prevent disadvantageous price discrimination.

Third, we observe that participants’ investment behavior is highly responsive to information

about the risk-adjusted performance of sustainable investments, demonstrating a sensitivity to

financial motives. Exposure to information suggesting overperformance (underperformance) of

sustainable stocks results in an increase (decrease) in ESG Scores relative to the same investors’

baseline portfolio allocations of 22.8% (12.2%). These findings align with Døskeland and Ped-

94See Kölbel et al. (2020) for an overview on what impact investments entail.
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ersen (2016); Giglio et al. (2023); Braun et al. (2024b), which indicate that risk and return

expectations are crucial determinants of sustainable investments. Therefore, implementing tax

discounts on returns from sustainable investments or subsidies on the costs associated with

these investments could be effective strategies for policymakers to foster sustainable investment

activity. Future research might explore whether such responsiveness also applies to impact in-

vestments. Moreover, further studies should delve deeper into the effects of negative incentives,

enhancing our understanding of how financial outcomes influence sustainable investments.

More broadly, this study utilizes revealed sustainability preferences from a stock market

game. Despite implementing several measures to minimize experimenter demand effects and

hypothetical bias (List and Shogren, 1998; List, 2001; Harrison, 2006; Harrison and Rutström,

2008; Haaland et al., 2023), it cannot be entirely ruled out that investors might behave differently

when they do not feel observed (Roethlisberger and Dickson, 2003), with higher stakes (Kirchler

et al., 2018), in their usual broker setting, or during consultations with their financial advisors.

Future research could benefit from a richer sample size, allowing for a more detailed exploration

of these dynamics. Taken together, this study shows several factors influencing wealthy investors’

sustainable investment decisions. By matching experimental data from an obfuscated study with

brokerage data or sustainability preferences from the Investor Suitability Assessment, subsequent

studies could yield further insights into investor behaviors.
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5.6 Appendix

Table 47: Variable definitions

Variable Measure

ESG Score The average ESG Score of an investor’s baseline and post-
treatment portfolio choice.

# sustainable Denotes the number of sustainable stocks of an investor
in the baseline and post-treatment portfolio choice.

# sustainable d. Dummy variable equal to one if the participant invests
in more than two sustainable stocks in a given portfolio
allocation.

WTP The amount of points an investor is willing to spend to
obtain the ESG scores in a hypothetical scenario.

bank contact ESG Indicator set to one if the investor expresses a desire in the
closing survey to receive more ESG-related information
from the bank, and zero otherwise.

ESG importance Measures investor’s agreement with the statement ”The
sustainability of my future investments is very important
to me.” on a seven-point Likert scale.

overperformance Dummy for participation in the overperformance treat-
ment, 1 if received, 0 otherwise.

underperformance Dummy for participation in the underperformance treat-
ment, 1 if received, 0 otherwise.

altruism The amount of the donation to the charity in the standard
dictator game (between 0 and 10 Euros).

impact altruism The difference in the amount of the donation to the
charity in the standard dictator game and the ”money-
burning” dictator game.

warm glow altruism The amount of the donation to the charity in the ”money-
burning” dictator game (between 0 and 10 Euros).

warm glow first Dummy variable equal to one if the investor participated
in the impure altruism dictator game task before the
warm glow dictator game task.

lower SRI returns The investor´s response to the statement ”I expect shares
with a high ESG score to underperform conventional
shares.” on a scale from 0 (does not apply at all) to 7
(applies completely).

lower SRI risk The investor´s response to the statement ”I expect shares
with a high ESG score to have lower price fluctuations
than conventional shares.” on a scale from 0 to 7.

ESG knowledge Dummy variable equal to one if the investor knows the
concept of ESG before the study.

possess SRI Indicator, 1 if owning sustainable investments prior to the
experiment, 0 otherwise.

plan SRI Indicator, 1 if planning to make sustainable investments
within the next three years, 0 otherwise.

possess or plan SRI Indicator, 1 if currently owns or plans to invest in sus-
tainable investments within three years, 0 otherwise.
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Table 47 (continued):

Variable Measure

risk preferences Indicates investors’ risk attitude as measured in the ques-
tion ”Please tell me, in general, how willing or unwilling
you are to take risks, using a scale from 0 to 10,”.

risk preferences (financial
instruments)

Indicates investors’ answer to the question ”What level of
risk are you prepared to take as part of your investment
strategy for individual securities investments?”, rated on
a scale from one to five.

experience (financial prod-
ucts)

Indicates investors’ experience and knowledge in various
categories of securities, rated from one to five.

riskiest asset class Indicator variable set to one for investors experienced in
the riskiest asset classes (e.g., options, cum certificates,
hedge funds).

financial literacy Number of correctly answered questions from the finan-
cial literacy quiz (0-5).

female Dummy variable, 1 if the investor is female, 0 otherwise.
age Categorical variable representing investor’s age group:

(1) 21-30, (2) 31-40, (3) 41-50, (4) 51-60, (5) 61-70, (6)
71-80, (7) 81+ years.

income Monthly net income categories: (1) < 2,000 Euros, (2)
2,001 - 5,000 Euros, (3) > 5,001 Euros.

regular expenses Monthly expenses categories: (0) None, (1) < 1,000 Eu-
ros, (2) 1,001 - 2,000 Euros, (3) 2,001 - 5,000 Euros, (4)
> 5,000 Euros.

cash & stocks Cash and stock holdings categories: (1) < 25,000 Euros,
(2) 25,001 - 75,000 Euros, (3) 75,001 - 500,000 Euros, (4)
> 500,000 Euros.

other assets Other assets like real estate: (1) None, (2) < 100,000
Euros, (3) 100,001 - 1,000,000 Euros, (4) 1,000,001 -
5,000,000 Euros, (5) > 5,000,000 Euros.

wealth Total wealth categories: (1) < 175,000 Euros, (2) 175,001
- 600,000 Euros, (3) > 600,000 Euros.

Notes: Table 47 defines all relevant variables of the wealthy private investor sample.
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Table 48: Relation between risk preferences, willingness to take losses with financial products,
and experience with financial products

(1) (2) (3)
risk risk risk

preferences preferences preferences

risk preferences (financial instruments) 0.391∗∗∗ 0.335∗∗∗

(0.110) (0.111)

experience riskiest asset class 0.732∗∗∗ 0.546∗∗

(0.265) (0.267)

Constant -0.00503 -3.095∗∗∗ -2.308∗∗

(0.109) (1.125) (1.130)

N 73 74 73
adj. R squared 0.139 0.0835 0.176

Notes: Table 48 demonstrates a significant correlation between the bank’s risk attitude (experience) measures and the
global preference survey risk measure (Falk et al., 2018). The dependent variable, risk preferences, is derived from
investors’ responses to the question, ”Please tell me, in general, how willing or unwilling you are to take risks, using
a scale from 0 to 10,” where higher values indicate greater willingness to take risks (Falk et al., 2018). The variable
of interest, risk preferences (financial instruments), reflects investors’ stated risk tolerance for individual securities
investments, rated on a scale from one to five. riskiest asset class is an indicator variable valued at one for investors
experienced with the highest-risk asset classes (options, cum certificates, knock-out certificates, or hedge funds) and
zero otherwise. Both, risk preferences and risk preferences (financial instruments) are z-scored. Whenever indicated,
*, **, and *** denote significance at the 10, 5, and 1 percent level, respectively.
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Table 49: Relation between reporting to (plan to) possess sustainable investments and revealed
sustainability preferences

(1) (2) (3)
ESG ESG ESG
Score Score Score
(prior) (prior) (post)

possess SRI 1.670
(1.421)

plan SRI 3.799∗

(1.992)

possess or plan SRI 2.179
(1.351)

ESG importance 2.701∗∗∗

(0.939)

Constant 20.18∗∗∗ 20.18∗∗∗ 20.45∗∗∗

(1.094) (1.087) (0.893)

N 74 74 74
adj. R squared 0.0255 0.0224 0.0991

Notes: Table 49 presents evidence of a correlation between revealed sustainability preferences in the stock market game
and both existing and planned sustainable investments in real portfolio holdings, as well as the stated importance of
ESG for future investments. Specifications (1) and (2) use the dependent variable ESG Score (prior), which is the mean
ESG Score of the five stocks selected during the baseline portfolio allocation. The dependent variable in Specification
(3), ESG Score (post), represents the mean ESG Score from the post-treatment portfolio allocation. The variables of
interest include: possess SRI, an indicator variable that is one if an investor reports owning sustainable investments
prior to the experiment and zero otherwise; plan SRI, which is one if an investor does not currently possess sustainable
investments but plans to make such investments within the next three years; possess or plan SRI, an indicator variable
that is one if an investor either currently owns or plans to invest in sustainable investments within the next three
years. ESG importance measures agreement with the statement ”The sustainability of my future investments is very
important to me.” on a seven-point Likert scale. Significance levels *, **, and *** denote significance at the 10%, 5%,
and 1% levels, respectively.
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Table 50: Relation between beeing a sustainable investor and altruistic preferences

(1) (2) (3) (4)
# # # #

sustainable sustainable sustainable d. sustainable d.

altruism 0.165 -0.0350
(0.154) (0.0680)

lower SRI returns 0.0435 0.0545 -0.00770 0.000332
(0.164) (0.165) (0.0683) (0.0694)

lower SRI risk 0.0594 0.0136 0.0442 0.0139
(0.158) (0.163) (0.0605) (0.0627)

risk preferences -0.240 -0.229 -0.0517 -0.0452
(0.172) (0.169) (0.0626) (0.0630)

income 0.147 0.133 0.118 0.110
(0.268) (0.271) (0.109) (0.109)

wealth -0.0312 -0.0152 -0.0453 -0.0340
(0.185) (0.187) (0.0799) (0.0795)

female 0.231 0.189 0.172 0.143
(0.412) (0.423) (0.158) (0.160)

financial literacy 0.232 0.193 0.0458 0.0203
(0.174) (0.181) (0.0650) (0.0688)

age -0.0808 -0.0463 -0.0155 0.00768
(0.144) (0.152) (0.0642) (0.0687)

warm glow first -0.351 -0.380 -0.0899 -0.110
(0.313) (0.315) (0.123) (0.123)

ESG knowledge 0.662∗ 0.655∗ 0.261∗ 0.258∗

(0.345) (0.341) (0.137) (0.136)

impact altruism 0.273 0.00943
(0.190) (0.0828)

warm glow altruism 0.116 -0.0996
(0.212) (0.0897)

Constant 2.247∗∗∗ 2.274∗∗∗ 0.242 0.255
(0.599) (0.596) (0.199) (0.196)

N 74 74 74 74
adj. R squared 0.0199 0.0178 -0.0277 -0.00820

Notes: Table 50 illustrates that altruistic preferences are not significantly associated with # sustainable or # sustainable
d. across various OLS specifications. The dependent variable in specifications (1)-(2), # sustainable, represents the count
of sustainable stocks chosen during the baseline stock market game. In specifications (3)-(4), the dependent variable is
# sustainable d., a binary indicator set to one if an investor selects more than two sustainable stocks in the baseline
portfolio allocation, and zero otherwise. Independent variables include three measures of altruistic preferences: (i)
altruism, quantified by the donation amount in the dictator game; (ii) warm glow altruism, represented by donations in
the ”money-burning” dictator game; (iii) impact altruism, calculated as the difference between donations in the standard
and ”money-burning” dictator games. Control variables encompass lower expected returns on SRI, based on investors’
responses to the statement ”I expect shares with a high ESG score to underperform conventional shares”, scored from
zero to seven; lower perceived SRI risk, responses to ”I expect shares with a high ESG score to have lower price
fluctuations than conventional shares”; risk preferences, indicating willingness to take risks on a scale of 0-10; income,
personal net income per month; female, a binary indicator for gender; financial literacy, the count of correctly answered
financial literacy quiz questions (0-5); age, the categorized age of an investor; and ESG knowledge, a binary indicator of
whether an individual was familiar with ESG concepts prior to the experiment. The Warm glow first variable is binary,
indicating whether the impure altruism task was conducted before the warm glow task. All non-binary variables are
z-scored. Statistical significance levels are denoted by *, **, and *** for the 10, 5, and 1 percent levels, respectively.
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Table 51: No significant differences in personal characteristics between overperformance and
underperformance treatment

Overp- Under- Diff. Std. Obs.
performance performance Error

ESG Score (prior) 21.48 21.58 0.10 1.32 74
WTP 2548.65 3097.30 548.65 707.07 74
altruism 6.92 6.54 -0.38 0.69 74
impact altruism 1.89 1.22 -0.68 0.80 74
warm glow altruism 5.03 5.35 0.32 0.82 74
lower SRI returns 3.14 3.46 0.32 0.44 74
lower SRI risk 3.76 3.73 -0.03 0.49 74
ESG knowledge 0.84 0.65 -0.19∗ 0.10 74
risk preferences 6.57 5.89 -0.68 0.48 74
risk preferences (financial instruments) 4.06 3.89 -0.16 0.14 73
experience (financial products) 4.22 4.24 0.03 0.10 74
financial literacy 4.35 4.22 -0.14 0.16 74
female 0.27 0.11 -0.16∗ 0.09 74
age 4.54 4.32 -0.22 0.39 74
income 2.38 2.14 -0.24 0.18 74
regular expenses 2.32 1.95 -0.38 0.25 74
cash & stocks 3.27 3.14 -0.14 0.21 74
other assets 2.59 2.57 -0.03 0.27 74
wealth 2.62 2.54 -0.08 0.16 74

Notes: Table 51 presents summary statistics for the investor sample separately for investors receiving the overper-
formance treatment and investors receiving the underperformance treatment. Most importantly, the results show no
differences in ESG Scores in the baseline decision. Furthermore, the distribution of all other variables is what would be
expected. If anything, we see marginal significant differences for female and ESG knowledge.
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Table 52: Relation between risk adjusted overperformance (underperformance) information
and sustainable investing

(1) (2)
# #

sustainable sustainable d.

overperformance 1.187∗∗∗ 0.329∗∗∗

(0.213) (0.0780)

underperformance 0.00244 0.0498
(0.219) (0.0889)

Constant 2.770∗∗∗ 0.527∗∗∗

(0.150) (0.0588)

N 148 148
fixed effects yes yes

Notes: Table 45 explores the impact of receiving risk-adjusted overperformance or underperformance information on
sustainable investing using individual fixed effects regression. The dependent variable in Specification (1), # sustainable,
denotes the number of sustainable stocks of individual i at time t ∈ {1, 2} (baseline and post-treatment portfolio
allocations). The dependent variable in Specification (2), # sustainable d., is one if investor i at time t ∈ {1, 2} (baseline
and post-treatment portfolio allocations) selects more than two sustainable stocks. Overperformance is an indicator
variable set to one if individual i received the overperformance information at any time t, and zero otherwise. Similarly,
Underperformance indicates whether individual i received underperformance information at any time t. Significance
levels are indicated by *, **, and *** for the 10, 5, and 1 percent levels, respectively.
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Table 53: Effect of performance information on (future) sustainable investments

(1) (2) (3) (4)
ESG ESG ESG ESG
Score Score importance importance
(post) (post)

overperformance 7.058∗∗∗ 7.100∗∗∗ 0.437∗ 0.441∗

(1.701) (1.614) (0.228) (0.223)

ESG Score (prior) 0.432∗∗∗ 0.0410∗∗

(0.147) (0.0203)

Constant 16.92∗∗∗ 7.610∗∗ -0.218 -1.102∗∗

(1.270) (3.329) (0.162) (0.447)

N 74 74 74 74
adj. R squared 0.182 0.263 0.0351 0.0761

Notes: Table 53 illustrates the significant impact of performance information on investors’ (future) sustainable invest-
ment decisions. The dependent variable, ESG Score (post), represents the mean ESG Score of investors’ portfolios after
receiving treatment information. Additionally, ESG importance measures investors’ agreement with the statement ”The
sustainability of my future investments is very important to me”. The primary variable of interest, overperformance,
is an indicator variable set to one if an investor receives the overperformance treatment, and zero if the underperformance
treatment is received. Both ESG importance and ESG Score (prior) are z-scored. Significance levels are denoted by *,
**, and *** at the 10, 5, and 1 percent levels, respectively.
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Figure 23: Fact sheet of stock 100
Notes: This figure illustrates a translated version of a typical fact sheet from the stock market game used in the
experiment. Participants could view this fact sheet by clicking on a stock’s name within the trading interface. The
fact sheet includes data from 2019, such as dividend yield, price-to-earnings (PE) ratio, volatility, share price, and past
performance. Additionally, it features 2020 information like equity value, number of employees, turnover, and debt ratio.
It also provides details about the ESG Risk Score, enhancing participants’ ability to make informed investment decisions
based on both financial metrics and sustainability factors.
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Chapter 6

6 Conclusion

This dissertation builds on the rapidly growing literature on sustainable finance and links it

to insights from experimental and behavioral economics. In four essays, my co-authors and

I explore different aspects of the overarching question of what drives sustainable investment

decisions. We analyze investors’ reactions to (ambiguous) information, examine the consequences

of (motivated) beliefs on investment decisions as well as perceptions of an appropriate definition

of sustainable investments, and study the relationship between preferences, demographics, and

sustainable investments. To this end, we conduct three incentivized online experiments with

various demographic groups.

The first essay analyzes the role of preferences, incentives, and information for sustainable

investment decisions. In doing so, the essay contributes to the overall question by identifying

various factors that promote or hinder sustainable investments. The essay has two main findings:

First, moral and financial considerations play a role in sustainable investment decisions. Investors

respond to information about the moral implications of sustainable investments as well as to

(perceived) financial incentives. In addition, altruistic individuals are more likely to invest

sustainably. Second, the results show that investors opportunistically acquire information about

the moral implications of sustainable investments. People choose to read the information that is

most consistent with their financial incentives. Since investors subsequently use this information

to make investment decisions, biased information acquisition prevents the efficient transmission

of existing sustainability preferences.

The second essay relates to the overall question by showing what shapes investors’ perceptions

of what an appropriate definition of sustainable investments should entail. The paper offers

three different definitions of sustainability and provides pro and con arguments for each. The

results present causal evidence that investors’ perceptions of the most appropriate sustainability

definition are influenced by motivated beliefs. These motivated beliefs are shaped by investors’

return expectations as well as their knowledge about the sustainability characteristics of their

portfolio holdings within the experiment. By using open-ended responses, the study shows that

participants use and interpret the same arguments differently to justify their prior decisions.

The third essay contributes to the overall question by using Machine Learning techniques

to identify the defining characteristics of the next generation of retail investors and to exam-
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ine the predictive power of behavioral, demographic, and portfolio characteristics in predicting

sustainable investor types. Using K-Means clustering, data-driven personas for sustainable and

non-sustainable investors are developed. Subsequent analysis employing Random Forest, XG-

Boost, K-Nearest Neighbor, and Logistic Regression reveals that while personal characteristics

such as financial literacy, education, and income modestly predict sustainable investing, the

inclusion of portfolio characteristics significantly improves model performance.

The final essay connects to the question of what drives sustainable investing by analyzing

the characteristics of wealthy individuals with a propensity for sustainable investing. Investors

with a net worth between 100,000 USD and 1,000,000 USD are of particular interest as they

account for almost 40% of private financial assets (Credit Suisse 2023). However, most existing

studies focus on demographic groups with lower wealth levels. The results show that wealthy

individuals are willing to pay for information that helps them make sustainable investment

decisions. Moreover, altruistic preferences are correlated with sustainable investment decisions.

Finally, the findings demonstrate that wealthy private investors are responsive to information

about the risk-adjusted performance of sustainable investments.

In summary, the results shed light on various factors that influence sustainable investment

decisions. As shown in Chapters 2 and 3, motivated beliefs can prevent investors from investing

sustainably. Since motivated beliefs operate in an environment of ambiguous information, clear

rules and guidelines are required. To date, there is no universal definition of sustainable invest-

ments, and the broad European approach is to complicated for investors, as shown in Chapter 3.

Moreover, Chapters 2 and 5 provide evidence that while investors care about the moral impli-

cations of their investments, a significant proportion of these investors are warm glow altruists

who are susceptible to greenwashing. Therefore, transparent data, consistent ESG ratings, and

clear information about the moral consequences of SRI are key to enabling optimal capital allo-

cation and preventing strategic self-deception. Future regulations should simplify the definition

of sustainability for investment purposes to enable the effective transmission of sustainability

preferences. Policymakers seeking to attract private capital to finance the green transition can

use the findings to improve regulations, researchers can incorporate motivated beliefs into their

economic models, and financial institutions may highlight the moral implications of sustainable

investments to attract investors who want to finance the green transition. Furthermore, this

dissertation shows that financial considerations play a role in sustainable investment decisions.

Chapters 2, 3 and 5 illustrate that investors respond significantly to (perceived) financial in-

centives. Policymakers could therefore use tax rebates on returns or subsidies on the costs of
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sustainable investments to attract more private capital to finance the greening of the economy.

In addition, researchers can be assured that the basic economic principles of Markowitz (1952)

also apply in the context of sustainable investments. Finally, researchers, regulators, and fi-

nancial institutions can use the results of this dissertation to understand who the sustainable

investors are. Chapters 1, 3, and 5 identify factors that influence sustainable investing for dif-

ferent demographic groups. In addition, Chapter 4 constructs data-driven investor personas

and uses Machine Learning models to predict sustainable investor types. These findings can be

used by financial institutions to develop new products that help finance the green transition.

Moreover, regulators and researchers can use the findings to integrate sustainable investors into

their regulatory frameworks and economic models, thereby improving their understanding of

how investors interact in financial markets.
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Dimson, E., Karakaş, O. and Li, X. (2015). Active Ownership. Review of Financial Studies,
28 (12), 3225–3268.

—, Marsh, P. and Staunton, M. (2020). Divergent ESG Ratings. The Journal of Portfolio
Management, 47 (1), 75–87.

Ding, C. and He, X. (2004). K-means clustering via principal component analysis. In Proceed-
ings of the twenty-first international conference on Machine learning, ICML ’04, New York,
NY, USA: Association for Computing Machinery, pp. 1–29.

Dong, B., Jiao, P. and Bauer, R. (2022). Is it really not about the money? Individual
Investors’ Beliefs, Ambiguity Perceptions, and Norm-following Propensities in ESG Investing.

Dou, W. W., Taylor, L. A., Wang, W. and Wang, W. (2021). Dissecting bankruptcy
frictions. Journal of Financial Economics, 142 (3), 975–1000.

Dumrose, M., Rink, S. and Eckert, J. (2022). Disaggregating confusion? The EU Taxonomy
and its relation to ESG rating. Finance Research Letters, 48, 1–8.

Dzyabura, D., El Kihal, S., Hauser, J. R. and Ibragimov, M. (2023). Leveraging the
Power of Images in Managing Product Return Rates. Marketing Science, 42 (6), 1125–1142.

Døskeland, T. and Pedersen, L. J. T. (2016). Investing with Brain or Heart? A Field
Experiment on Responsible Investment. Management Science, 62 (6), 1632–1644.

— and — (2021). Does Wealth Matter for Responsible Investment? Experimental Evidence on
the Weighing of Financial and Moral Arguments. Business & Society, 60 (3), 650–683.

D’Amato, V., D’Ecclesia, R. and Levantesi, S. (2022). ESG score prediction through
random forest algorithm. Computational Management Science, 19 (2), 347–373.

Eccles, R. G., Ioannou, I. and Serafeim, G. (2014). The Impact of Corporate Sustainability
on Organizational Processes and Performance. Management Science, 60 (11), 2835–2857.

Ellul, A., Pagano, M. and Scognamiglio, A. (2020). Career Risk and Market Discipline in
Asset Management. The Review of Financial Studies, 33 (2), 783–828.

Engler, D., Gutsche, G. and Smeets, P. (2023). Why Do Investors Pay Higher Fees for
Sustainable Investments? An Experiment in Five European Countries.

Epley, N. and Gilovich, T. (2016). The Mechanics of Motivated Reasoning. Journal of Eco-
nomic Perspectives, 30 (3), 133–140.

ESMA (2022). ESMA publishes final guidelines on MiFID II suitability requirements.

— (2023). Guidelines on certain aspects of the MiFID II suitability requirements. Tech. rep.

Eyting, M. (2022). Why do we Discriminate? The Role of Motivated Reasoning.

Falk, A., Becker, A., Dohmen, T., Enke, B., Huffman, D. and Sunde, U. (2018). Global
Evidence on Economic Preferences*. The Quarterly Journal of Economics, 133 (4), 1645–1692.

— and Zimmermann, F. (2013). A Taste for Consistency and Survey Response Behavior.
CESifo Economic Studies, 59 (1), 181–193.

162



Famulok, J., Kormanyos, E. and Worring, D. (2023). Do Investors Use Sustainable Assets
as Carbon Offsets?
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