Ontario Securities Commission

Artificial Intelligence and

Retail Investing: Use Cases and
Experimental Research

Behavioural Insights Research



TABLE OF CONTENTS

1 EXECULIVE SUMIMANY ....oiiiiiiiiiiiiiiii ettt ettt ettt e e s et e e e anb e e e e e nbeeeeeannes 2
P2 | 10T [ 8T 1] PSP PPRPPP PP 4
K U T 0= T PP PR 4
4  Experimental ReSEarch..........cooooiiiiiii 10
4.1 (=] gTeTe (o] (o e VPSP PP PP PTPPPPPI 10
4.2 RESUILS ...t e e e e e e 13
4.2.1 Primary Results: Deviation From Suggested Asset Allocation................cccocuueeee. 13
4.2.2 Secondary Results: Interaction Effects..........ccccoiiiiiiii, 17
4.2.3  EXPIOratory RESUILS .........ouiiiiiiiiiiiiieeee e 17

S 0o o To1 U] To ] o [PPSR 20
6 Appendix A: Investor Questionnaire SChema............ccccviiiiiiei i 23
7 Appendix B: Experimental Research SCreens ..........cccccveeiviiiiiiiieie e 24
8  AppendiX C: REfEIENCES .........uiiiiiiiee et e e e e e e e e e 27
9 Appendix D: AULNOIS ... ..o e 30



1 EXECUTIVE SUMMARY

The recent increase in the scale and applications of artificial intelligence (Al) presents a
range of new possibilities and potential risks to retail investors. As such, securities regulators
are striving to understand, prioritize, and address potential investor harms, while continuing
to foster innovation.

The research findings presented in this report were developed by the Ontario Securities
Commission (OSC) in collaboration with the Behavioural Insights Team (BIT) as part of the
OSC’s evidence-based approach to regulatory and educational initiatives. Our findings stem
from two research streams. We conducted a literature review and environmental scan of
investing platforms to understand the prominent use cases of Al systems that are retail
investor-facing. We then used the findings from this research to inform the design and
implementation of a behavioural science experiment to determine how the source of an
investment suggestion — Al, human, or a blend of the two — impacts the extent to which
investors follow that suggestion.

Based on the literature review and environmental scan conducted in our first research
stream, we identified three broad use cases of Al specific to retail investors:

e Decision Support: Al systems that provide recommendations or advice to guide
retail investor investment decisions.’

e Automation: Al systems that automate portfolio and/or fund (e.g., ETF) management
for retail investors.

e Scams and Fraud: Al systems that facilitate scams and fraud targeting retail
investors, as well as frauds capitalizing on the “buzz” of Al.

Within these use cases, we identified several key benefits and risks associated with the
adoption and usage of Al systems by retail investors, including the following.

Benefits:

e Reduced Cost: Al systems can reduce the cost of personalized advice and portfolio
management, thereby creating considerable value for retail investors.?

e Access to Advice: More sophisticated and properly regulated Al systems can
provide increased access to financial advice for retail investors, particularly those that
cannot access advice through traditional channels.

e Improved Decision Making: Al tools can be developed to guide investor decision-
making around key areas such as portfolio diversification and risk management, as
well as tools to assist investors in identifying financial scams.?

"In Canada, regulations forbid firms from using Al to provide advice or recommendations without human
oversight; this use case was observed in the other jurisdictions.

2 Banerjee, P. (2024, June 2). Al outperforms humans in financial analysis, but its true value lies in improving
investor behavior. The Globe and Mail. https://www.theglobeandmail.com/investing/personal -finance/household-
finances/article-ai-outperforms-humans-in-financial-analysis-but-its-true-value-lies-in/

3 Ibid.



e Enhanced Performance: Existing research has shown that Al systems can make
more accurate predictions of earnings changes and generate more profitable trading
strategies compared to human analysts.*

Risks:

e Bias: Al models are generally subject to the biases and assumptions of the humans
who develop them. As such, they may heighten unfair outcomes, even where this is
not the system’s intended function.

e Herding: The concentration of Al tools among a few providers may induce herding
behaviour, convergence of investment strategies, and chain reactions that exacerbate
volatility during market shocks.

e Data Quality: If an Al model is built on poor data quality, then the outputs, whether
advice, recommendations, or otherwise, will be of poor quality as well.

e Governance and Ethics: The ‘black box’ nature of Al systems and limitations around
data privacy and transparency create concerns around clear accountability in cases
where Al systems produce adverse outcomes for investors.

Our second research stream consisted of implementing an online, randomized controlled trial
(RCT). We tested how closely Canadians followed a suggestion for how to invest a
hypothetical $20,000 across three types of assets: equities, fixed income, and cash. We
varied who provided the investment suggestion: a human financial services provider, an Al
investment tool, or a human financial services provider using an Al tool (i.e., ‘blended’
approach). We also varied whether the suggested asset allocation was sound or unsound to
see whether Canadians could discern the quality of the suggestion depending on who was
delivering it. Table 1 outlines the different variations of investment suggestions we tested.

Table 1: Investment Suggestions

Human AP Blended
Sound Sound Human Sound Al Sound Blended
Unsound Unsound Human Unsound Al Unsound Blended

In this experiment, we found that people who received the investment suggestion from a
human using an Al tool (i.e., a “blended” advisor) followed the suggestion most
closely. Their investment allocation deviated 9% less than those who received the
suggestion from the human source, and 6% less than those who received the suggestion

4 Kim, A., Muhn, M., & Nikolaev, V. V. (2024). Financial statement analysis with large language models. Chicago
Booth Research Paper Forthcoming, Fama-Miller Working Paper. http://dx.doi.org/10.2139/ssrn.4835311

5 The regulatory landscape in Canada does not permit recommendations to be provided to investors without
human oversight, regardless of what technology is used. Our experiment is intended to provide an indication of
investor behaviour, when faced with investment suggestions from different sources, with this regulatory backdrop
in mind.



from an Al tool. However, these findings should be interpreted with caution. Although there
were mean differences in how the groups allocated their funds, these differences were not
large enough to meet our stringent statistical criteria (i.e., they were not statistically
significant). As a result, it is unclear whether these findings are indicative of a real effect, as
they may be due to chance. In other words, these findings may exist, but we cannot be
certain without further replications of the experiment.

With this in mind, the findings from our experiment present several key implications. Our data
contributes to an important gap in the research, as much of the existing work has compared
differences in trust in financial advice from Al tools or human providers only. Our experiment
goes beyond stated trust by focusing on behaviour (albeit in a simulated environment) in
response to investment suggestions from various sources. Furthermore, the addition of the
‘blended’ condition allowed us to develop an initial understanding of how investors respond
to suggestions from a potential future state of investment advice — a ‘blended’ source.
Finally, our data suggests that Canadians are trusting of investment suggestions generated
by Al systems, as we did not observe any material difference in adherence between our
human and Al conditions. This underlines the ongoing need to ensure that Al systems
providing investment advice and recommendations are based on unbiased, high-quality data,
and ultimately enhance the retail investor experience.

2 INTRODUCTION

There has been a significant increase in the scale and breadth of artificial intelligence (Al)
systems in recent years, including within the retail investing space. While these technologies
hold promise for retail investors, regulators internationally are alert to the risks they pose to
investor outcomes. In this context, the Ontario Securities Commission (OSC) collaborated
with the Behavioural Insights Team (BIT) to provide a research-based overview of:

e The current use cases of Al within the context of retail investing — and any associated
benefits and risks for retail investors.

e The effects of Al systems on investor attitudes, behaviours, and decision-making.

To address these areas, we implemented a mixed-methods research approach with two
research streams:

1. A literature review and environmental scan of investor-facing Al systems in Canada
and abroad to identify the current use cases of Al that are retail investor-facing.

2. A behavioural science experiment to determine how the source of an investment
suggestion — Al, human, or a blend of the two — impacts the extent to which
investors follow that suggestion.

Our report is structured as follows. We first present use cases of Al in retail investing that we
have identified. We then present the methodology and results of our behavioural science
experiment.

3 UsE CASES

An artificial intelligence (Al) system “...is a machine-based system that, for explicit or implicit
objectives, infers, from the input it receives, how to generate outputs such as predictions,
4



content, recommendations, or decisions that can influence physical or virtual environments.
Different Al systems vary in their levels of autonomy and adaptiveness after deployment.”
The massive growth of available data and computing power has provided ideal conditions to
foster advancements in the use of Al across various industries, especially within the financial
sector.’

Al systems have begun to proliferate in the securities industry with certain applications
targeted to retail investors. If responsibly implemented, these applications have the potential
to benefit retail investors. For example, they could reduce the cost of personalized advice
and portfolio management. However, the use of Al within the retail investing space also
brings new risks and uncertainties, including systemic implications:

e Explainability: Al models are often described as “black boxes” because the process
by which they reach decisions is unclear.?

e Data Quality: Al systems are only as good as the data upon which they are based. If
systems are based on corrupted, biased, incomplete, or otherwise poor data, investor
protection could be compromised.

e Bias: Al models are generally subject to the biases and assumptions of the humans
who developed them.® As such, they may accelerate or heighten unfair outcomes,
even where this is not the algorithm’s intended function.

e Herding: The concentration of Al tools among a few providers may induce herding
behaviour, convergence of investment strategies, and chain reactions that exacerbate
volatility during shocks."" In other words, if markets are driven by similar Al models,
volatility could increase dramatically to the point of financial system contagions.'?

e Market Competition: Large firms with big budgets and greater technological
capabilities are generally at a greater advantage than smaller firms in developing Al
tools — which could reduce the competitive landscape.

e Principal-Agent Risks: Al applications developed and used by firms to advise or
provide other support to retail investors could be developed to prioritize the interests
of the firm rather than their clients. This potential risk is exacerbated by the high

6 OECD. (2023). Updates to the OECD’s definition of an Al system explained. https://oecd.ai/en/wonk/ai-system-
definition-update

7 European Securities and Markets Authority. (2023). Artificial Intelligence in EU Securities Markets.
https://www.esma.europa.eu/sites/default/files/library/ESMA50-164-6247-Al_in_securities_markets.pdf

8wall, L. D. (2018). Some financial regulatory implications of artificial intelligence. Journal of Economics and
Business, 100, 55-63.

9Waschuk, G., & Hamilton, S. (2022). Al in the Canadian Financial Services Industry.
https://www.mccarthy.ca/en/insights/blogs/techlex/ai-canadian-financial-services-industry

10 European Securities and Markets Authority. (2023). Artificial Intelligence in EU Securities Markets.
https://www.esma.europa.eu/sites/default/files/library/ESMA50-164-6247-Al_in_securities_markets.pdf

" Ibid.

12 Financial Times. (2023). Gary Gensler urges regulators to tame Al risks to financial stability.
https://www.ft.com/content/8227636f-e819-443a-aeba-c8237f0ec1ac
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complexity and low explainability of Al tools. In the US, the SEC has recently
proposed rules to address this risk."

e Scalability: Due to the scalability of Al technologies and the potential for platforms
that leverage this technology to reach a broad audience at rapid speed, any harm
resulting from the use of this technology could affect investors on a broader scale
than previously possible.™

e Governance: The rapid development of Al systems may result in poorly defined
accountability within organizations. Organizations should have clear roles and
responsibilities and a well-defined risk appetite related to the development of Al
capabilities.

e Ethics: Like any technology, Al can be manipulated to cause harm. Organizations
should maintain transparency, both internally and externally, through disclosure on
how they ensure high ethical standards for the development and usage of their Al
systems.®

In this report, we outline three areas where Al is being used in certain jurisdictions within the
retail investing space, namely, Canada, the United States, the EU, and the UK: decision
support, automation, and scams and fraud."’

Decision Support

We classify decision support as Al applications that provide recommendations or advice to
guide investment decisions.'® This includes applications that provide advice directly to retail
investors and those that help individual registrants provide advice to their retail investor
clients." Decision support may relate to individual securities transactions or overall
investment strategy / portfolio management. Our behavioural science experiment (below)
explores this use case in the context of investment allocation decisions.

Platforms for self-directed retail investors have started offering “Al analysts” as an add-on
feature to support investor decision-making. For example, US platform Interactive Brokers

13 Proposed Rule, Conflicts of Interest Associated with the Use of Predictive Data Analytics by Broker-Dealers
and Investment Advisers, Exchange Act Release No. 97990, Advisers Act Release No. 6353, File No. S7-12-23
(July 26, 2023) (“Data Analytics Proposal”). https://www.sec.gov/files/rules/proposed/2023/34-97990.pdf

% Ibid.

15 Office of the Superintendent of Financial Institutions (2023). Financial Industry Forum on Artificial Intelligence:
A Canadian Perspective on Responsible Al. https://www.osfi-bsif.gc.ca/en/about-osfi/reports-
publications/financial-industry-forum-artificial-intelligence-canadian-perspective-responsible-ai

16 |bid.

7 We exclude use cases which do not have unique characteristics or implications specific to retail investing (e.g.,
chat bots).

'8 In Canada, regulations do not permit firms to provide advice or recommendations without human oversight; this
use case was observed in the other jurisdictions.

19 Individual registrants include financial advisors, investment advisors, and other individuals providing investment
advice without any Al assistance.



has partnered with Al analyst tool Toggle Al.?° Toggle Al is a fintech platform that leverages

Al to analyze large datasets to provide insight into more than 36,000 global assets for users.
These applications appear to be intended to provide self-directed investors with relevant
insights, information, and data to inform their investment decisions.

Standalone Al tools have also been developed to directly support investors. For example,
PortfolioPilot allows investors to enter the details of their financial status such as their debt,
real estate, and investment accounts to receive advice on whether their investments match
their financial goals and risk tolerance.?’ A new CHATGPT plug-in by the same company,
Global Predictions, allows investors to have conversations with an Al-powered chatbot that
can make similar suggestions, simply by reading a copy and paste of one’s investing
statements.? Tickeron, a US company, is another standalone website that provides investors
with “sophisticated Al-driven tools” for identifying patterns and trends in the stock market.
The company’s first product was a website called divscore.com, which featured Al tools to
help retail investors gauge how well their portfolio was diversified.?®

Automation

We define automation as Al applications that automate portfolio and/or fund (e.g., ETF)
management for retail investors. Unlike decision support, these Al applications require
minimal user input, making investment decisions for investors instead of providing advice
and letting the investor decide. There are three key types of Al applications that automate
decisions: robo-advisor platforms using Al, Al-driven funds (e.g., ETFs), and standalone Al
platforms offering portfolio management.

Robo-advisers have been using algorithms to automate investing for Canadian retail
investors since 2014. In Canada, securities regulators require human oversight over
investment decisions generated by algorithms.?* Other countries, including the United States,
the United Kingdom, and Australia, appear to permit similar robo-advising platforms to
manage client funds with little or no involvement from a human advisor.?® Within these other
markets, there is an emerging trend of robo-advisors using Al. For example, Wealthfront in

20 Erazo, F. (2022, May 24). Toggle Al Launches Reimbursement Initiative with Interactive Brokers. Finance
Magnates. https://www.financemagnates.com/forex/brokers/toggle-ai-launches-reimbursement-initiative-with-
interactive-brokers/

2 Farooqui, S. (2023, June 2). Al will change how you invest - and what you invest in. The Globe and Mail.
https://www.theglobeandmail.com/investing/personal-finance/household-finances/article-ai-driven-investing/

22 |bid.
23 Tickeron. (n.d.) Who Are We? https://tickeron.com/trading-investing-101/who-are-we/

24 CSA Staff Notice 31-342 - Guidance for Portfolio Managers Regarding Online Advice.
https://www.osc.cal/en/securities-law/instruments-rules-policies/3/31-342/csa-staff-notice-31-342-guidance-
portfolio-managers-regarding-online-advice

25 |pid.



the US is reportedly using Al to automatically rebalance portfolios and perform tax-loss
harvesting for users.?®%"?®

Al-powered exchange-traded funds (ETFs) use Al to identify patterns and trends in the
market to identify investment opportunities and manage risk. For example, the US-based
WIZ Bull-Rider Bear-Fighter Index was described as using Al to analyze market conditions
and automatically shift holdings from “momentum leaders” in bull markets to “defensive
holdings” during bear markets.? The fund has since been liquidated.*® Other fund examples
include Amplify Al Powered Equity ETF (AIEQ), VanEck Social Sentiment ETF (BUZZ),
WisdomTree International Al Enhanced Value Fund (AlVI), and Qraft Al-Enhanced U.S.
Large Cap Momentum ETF (AMOM).*'

Finally, some standalone Al platforms offer automated portfolio management. For example,
Q.ai was an SEC registered investment adviser firm called Quantalytics Investment Advisers
LLC, a platform that claimed to use Al and human insight to anticipate market movements
and automatically manage, rebalance, and trade different account holdings for self-directed
investors.®23%* The SEC terminated the company’s registration status, and the company
ceased its services in December 2023.

Scams and Fraud

Al systems can also be used to enhance scams and fraud targeting retail investors, as well
as generate scams capitalizing on the “buzz” of Al.

Al is “turbocharging” a wide range of existing fraud and scams. In the past two years, there
has been nearly a ten-fold increase in the amount of money lost to investment-related scams
reported to the Canadian Anti-Fraud Centre (an increase from $33 million in 2020 to $305

26 Koksal, . (2020, April 18). How Al Is Expanding The Applications of Robo Advisory. Forbes.
https://www.forbes.com/sites/ilkerkoksal/2020/04/18/how-ai-is-expanding-the-applications-of-robo-
advisory/?sh=5d757ef955c3

27 Hahm, M. (2016, March 31). Robo-advisor Wealthfront is now using Al to manage over $3 billion in assets.
Yahoo!finance. https://finance.yahoo.com/news/robo-advisor-wealthfront-artificial-intelligence-betterment-assets-
venmo-205354921.html

28 Davenport, T., & Bean, R. (2021, July 7). The Pursuit of Al-Driven Wealth Management. MIT Sloan
Management Review. https://sloanreview.mit.edu/article/the-pursuit-of-ai-driven-wealth-management/

2Pwiz. (2023, September 30). Merlyn.Al Bull-Rider Bear-Fighter ETF .https://alphaarchitect.com/wp-
content/uploads/compliance/etf/factsheets/WIZ_Factsheet.pdf

30 Merlyn Al Bull-Rider Bear-Fighter ETF. Bloomberg. https://www.bloomberg.com/quote/WIZ:US

31 Royal, James. (2024, May 6). 4 Al-powered ETFs: Pros and cons of Al stockpicking funds. Bankrate.
https://www.bankrate.com/investing/ai-powered-etfs-pros-cons/

32Q.Al (n.d.) Investment Kit. https://learn.tryg.ai/articles/investment-kit

33 Forbes Contributor. (2023, February 24). Artificial Intelligence Applications in Investing. Forbes.
https://www.forbes.com/sites/qai/2023/02/24/artificial-intelligence-applications-in-investing/

34 Investment Advisor Public Disclosure: QUANTALYTICS INVESTMENT ADVISORS, LLC. U.S. Securities and
Exchange Commission. https://adviserinfo.sec.gov/firm/summary/309249
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million in 2022).*° One factor contributing to this increase is that scammers are using Al to
produce fraudulent materials more quickly and increase the reach and effectiveness of
written scams. Large language models (LLMs) increase scam incidence in three ways. First,
they lower the barrier to entry by reducing the amount of time and effort required to conduct
the scam. Second, LLMs increase the sophistication of the generated materials as typical
errors such as poor grammar and typographical errors are much less frequent.® Finally,
through “hyper-personalization,” LLMs can improve the persuasiveness of communications.
For example, scammers may use Al to replicate email styles of known associates (e.g.,
family).®” Beyond applications in email or other written formats, Al has also been used to
generate “deepfakes” that deceive investors by impersonating key messengers. A deepfake
is a video or voice clip that digitally manipulates someone’s likeness.*® Deepfake scams have
replicated the faces of celebrities, loved ones in distress, government officials, or fictitious
CEOs to steal money or personal information from investors.>**° Deepfakes can also be
used to bypass voice biometric security systems needed to access investment accounts by
cloning investors’ voices.*' In the future, we may even see instances of deepfakes of
investors’ own faces to access investment accounts that use face biometrics.*>*3

While many fraudsters use Al to enhance scams, other fraudsters are simply capitalizing on
the hype of Al to falsely promise high investment returns. For example, YieldTrust.ai illegally
solicited investments on an application that claimed to use “quantum Al” to generate
unrealistically high profits. The platform claimed that new investors could expect to earn
returns of up to 2.2% per day.** These scams tend to advertise “quantum Al” and use social

35 Berkow, J. (2023, September 7). Securities regulators ramp up use of investor alerts to flag concerns. The
Globe and Mail. https://www.theglobeandmail.com/business/article-canadian-securities-regulators-investor-alerts/

36 Fowler, B. (2023, February 16). It's Scary Easy to Use ChatGPT to Write Phishing Emails. CNET.
https://www.cnet.com/tech/services-and-software/its-scary-easy-to-use-chatgpt-to-write-phishing-emails/

37 Wawanesa Insurance. (2023, July 6). New Scams with Al & Modern Technology. Wawanesa Insurance.
https://www.wawanesa.com/us/blog/new-scams-with-ai-modern-technology

38 Chang, E. (2023, March 24). Fraudster's New Trick Uses Al Voice Cloning to Scam People. The Street.
https://www.thestreet.com/technology/fraudsters-new-trick-uses-ai-voice-cloning-to-scam-people

39 Choudhary, A. (2023, June 23). Al: The Next Frontier for Fraudsters. ACFE Insights.
https://www.acfeinsights.com/acfe-insights/2023/6/23/ai-the-next-frontier-for-fraudstersnbsp

40 Department of Financial Protection & Innovation. (2023, May 24). Al Investment Scams are Here, and You're
the Target! Official website of the State of California. https://dfpi.ca.gov/2023/04/18/ai-investment-
scams/#:~:text=The%20DFPI%20has%Z20recently%20noticed,to%2Dbe%2Dtrue%20profits.

41 Telephone Services. TD. https://www.td.com/ca/products-services/investing/td-direct-investing/trading-
platforms/voice-print-system-privacy-policy.jsp

42 Global Times. (2023, June 26). China’s legislature to enhance law enforcement against ‘deepfake’ scam.
Global Times.
https://www.globaltimes.cn/page/202306/1293172.shtml?utm_source=newsletter&utm_medium=email&utm_cam
paign=B2B+Newsletter+-+July+2023+-+1

43 Kalaydin, P. & Kereibayev, O. (2023, August 4). Bypassing Facial Recognition - How to Detect Deepfakes and
Other Fraud. The Sumsuber. https://sumsub.com/blog/learn-how-fraudsters-can-bypass-your-facial-biometrics/

44Texas State Securities Board. (2023, April 4). State Regulators Stop Fraudulent Atrtificial Intelligence Investment
Scheme. Texas State Securities Board. https://www.ssb.texas.gov/news-publications/state-regulators-stop-
fraudulent-artificial-intelligence-investment-scheme



media and influencers to generate hype around their product. For example, the Canadian
Securities Administrators issued a 2022 alert for a company called ‘QuantumAl’, flagging that
it is not registered in Ontario to engage in the business of trading securities.*

4 EXPERIMENTAL RESEARCH

This section describes the methodology and findings of an experiment testing how the
source of investment suggestions — Al, human, or a blend of the two (‘blended’) — impacts
adherence to that suggestion. We also tested whether any differences in adherence depend
on the soundness of the suggestion. The experiment was conducted online with a panel of
Canadian adults in a simulated trading environment.

We conducted the experiment in two waves. As described further in the results section, in the
first wave of the experiment, the recommended cash allocation in the “unsound” condition
was objectively very high (20%) but it was also the level that participants naturally gravitated
toward, regardless of the suggestion they received. This meant that adherence overall was
higher in the “unsound” condition, which in turn limited our ability to assess the interaction
effects between soundness of the advice and source of that advice.

To address this issue, we collected a second wave of data approximately three months later.
In this second wave, we kept the suggested cash allocation consistent between the sound
and unsound conditions and varied the equity and fixed income suggestions to reflect the
soundness of the suggestion. We also collected data for a “control” group that did not receive
any suggestion. We did this to understand how participants would allocate their funds in the
absence of an investment suggestion, testing our hypothesis about the underlying preference
for a larger cash allocation.

4.1 METHODOLOGY

We conducted two waves of a randomized controlled trial (RCT) to examine how the source
and soundness of an asset allocation suggestion influenced the extent to which participants
adhere to the suggestion.

Randomized Controlled Trials (RCTs)

A randomized controlled trial (RCT) is an experimental approach designed to measure the
effectiveness of a particular intervention or set of interventions. The effect of a particular
intervention is measured by comparing the group of participants who receive the
intervention (treatment group) to the group that does not receive the intervention (control
group). An RCT can be run with multiple variations of the intervention (treatment groups),
all of which can be compared to the control group. RCTs are considered to be the gold
standard in experimentation primarily because they establish a causal link between the
interventions and the outcomes observed. RCTs also have the advantage of minimizing
bias by randomly assigning participants to different experiment groups so that any
differences between participants are distributed across conditions.

4% Canadian Securities Administrators. (2022, May 20). Quantum Al aka QuantumAl. Investor Alerts.
https://www.securities-administrators.ca/investor-alerts/quantum-ai-aka-quantumai/
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Our experiment consisted of a three (source type: human, Al, vs human with Al) by two
(soundness of advice: sound vs unsound) factorial design. The investment suggestion
pertained to how participants should allocate their fictitious funds ($20,000) to equities, fixed
income, and cash. In addition to adherence, we measured self-reported trust in the
suggestion and deviation from the suggestion by asset class (e.g., equities).

Participants in the experiment were told they would be investing $20,000 across equities,
fixed income, and cash, and were asked to do so as if it were their own money and situation.
Participants that were not in the control condition were introduced to WealthTogether, a
fictitious financial services firm, to help them decide how to allocate their funds. They were
then introduced to one of three WealthTogether financial services providers: (1) A person
named Alex; (2) a person named Alex that is using an Al tool to inform their suggestions; or
(3) an Al tool named Kai. Screenshots of the introduction for each provider are presented in
Appendix B.

Participants then completed a brief investor questionnaire that sought to broadly assess their
risk profile. The questionnaire was designed based on common industry practices and
consisted of three questions related to investment horizon, risk tolerance, and age. Based on
responses to the questionnaire, participants were grouped into one of three investor profiles
— conservative, balanced, or growth — using the schema in Appendix A. The purpose of the
questionnaire was to make the experience feel more realistic and personally relevant to
participants. We also wanted the investment suggestion to feel more relevant and legitimate
to ensure the findings generalize to the real world context outside of this experiment.

Based on the investor profile that participants were assigned to, they received a suggestion
(from the financial services provider) on how to allocate their funds across equities, fixed
income, and cash. The suggestion was either:

1. Sound: A suggestion that is in line with widely accepted financial principles for
allocating one’s investable assets based on the investor’s profile (e.g., allocating a
significant portion of one’s funds to fixed income for a low-risk investor); or

2. Unsound: A suggestion that clearly goes against widely accepted financial principles
for allocating one’s investable assets based on the investor’s profile (e.g., allocating a
significant portion of one’s funds to equities for a low-risk investor).

Table 2 outlines the specific asset allocation suggestions the participants received,
depending on their experimental condition:

Table 2: Asset Allocation Suggestions

Investor Profile Equities Fixed Income Cash

Growth 80% 15% 5%

Sound Suggestion Balanced 60% 35% 5%
Conservative 20% 75% 5%

Unsound Suggestion Growth 50% 30% 20%

11



Wave 1 Balanced 30% 50% 20%
Conservative 65% 15% 20%
Growth 15% 80% 5%
Unsound Suggestion
Balanced 20% 75% 5%
Wave 2
Conservative 75% 20% 5%
Growth
Unadvised Control Balanced No suggestion provided
Conservative

After participants received the suggestion, they allocated the full $20,000 across any
combination of equities, fixed income, and cash. They were not required to follow the
suggestion they were given, but rather, were given autonomy to decide how they allocate
their funds across the three assets.

After the allocation activity, participants answered questions related to their trust in the
investment suggestion they were provided, their experience using Al tools, and demographic
information. Table 3 summarizes the conditions that participants were assigned to.

Condition?®

Table 3: Experiment Conditions

Description

Treatment A:
Sound Human
Suggestion

Participants received a sound suggestion from a human financial
services provider.

Treatment B:

Participants received a sound suggestion from a human financial

Sound Blended services provider that used an Al tool to support their suggestion.
Suggestion

Treatment C: Participants received a sound suggestion from an Al tool.

Sound Al

Suggestion

46 Al financial services professionals were fictitious and from the same (fictitious) financial services provider,

WealthTogether.
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Treatment D: Participants received an unsound suggestion from a human

Unsound Human financial services provider.
Suggestion
Treatment E: Participants received an unsound suggestion from a human

Unsound Blended : financial services provider that used an Al tool to support their
Suggestion suggestion.

Treatment F: Participants received an unsound suggestion from an Al tool.
Unsound Al

Suggestion

Treatment G: Participants did not receive any suggestion for how to allocate their
Unadvised Control : funds.

(Wave 2)

In the first wave of our experiment, we collected data for all six treatments groups. In the
second wave, we collected new data for only the three unsound groups and a control group.
In our analysis, we compared the unsound treatment groups data from our second wave to
data from the sound treatment groups from the first wave. Only a few months had passed
between the two waves and there were no major events in capital markets (e.g., a market
crash) or investment advisory services (e.g., major scandals) during that period.

During the second wave of data collection, we also collected data for an additional
“‘unadvised” control group that completed the same asset allocation activity but were not
provided with any suggestion for how to allocate their funds. This group still completed the
investor questionnaire and were told what type of investor the questionnaire classified them
as (conservative, balanced, or growth).

The total sample across both waves of the experiment consisted of 7,771 Canadian
residents aged 18 years and older. The samples were similar across both waves of data
collection based on the proportion of participants who were current investors, their gender,
age, and completion of the experiment on a mobile device. Across both waves, 60% of the
sample consisted of current investors (40% non-investors). Our sample was well balanced
on gender (51% non-male) and age (median of 43 years).

4.2 RESULTS
4.2.1 Primary Results: Deviation From Suggested Asset Allocation

Our primary analysis focused on how closely participants adhered to the suggested
allocation of their funds across the three asset classes (equities, fixed income, cash). We
were primarily interested in how the source of the suggestion — human, Al, or a blend of the
two — influenced adherence to the suggestion. We analyzed adherence to the suggestion by
looking at the differences between the suggested allocation and the chosen allocation across
each of the three types of assets. Our main finding was that participants adhered most
closely to the suggestion provided by a blend of human and Al sources (“blended”)
although this finding needs to be interpreted with caution as described below. Our results
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indicate that Canadians may have an explicit or implicit view that the benefits of either human
or Al investment advice can be maximized by combining the two. We provide a discussion of
these results and other findings from the experiment below.

Source of Suggestion

As shown in Figure 1 below (Wave 2 data for unsound conditions), participants who received
a suggestion from the blended source deviated 8.9% less from the suggested allocation than
participants who received the suggestion from the human source.*’ This is equivalent to
participants in the blended source groups adhering to the suggested allocation by $404 more
than those in the human source groups (out of a total of $20,000). However, this result was
not statistically significant at our more conservative statistical threshold, and should be
interpreted with caution.*®

Statistical Significance

Statistical significance is a measure used to determine whether the results of an
experiment (such as differences between groups) are likely due to a real effect of an
intervention or simply due to chance. Typically, a result is considered statistically
significant if the probability (p-value) of observing such results when they do not actually
exist is below a predetermined threshold, often set at 0.05. In our experiment, we used a
more stringent p-value threshold of 0.0125, following commonly accepted statistical
practices to account for multiple comparisons that were conducted between groups.

Participants who received a suggestion from the Al source deviated slightly less (-3.5%) from
the suggested allocation than participants who received the suggestion from the human
source, and slightly more (+5.9%) than participants who received the suggestion from the
blended source. These differences were, however, not statistically significant. The absence
of a significant difference between these conditions may indicate that Canadian investors do
not have an obvious aversion to receiving advice from an Al system in comparison to a
human advisor.

The results are consistent with the Wave 1 data, in which participants who received a
suggestion from the blended source deviated 11.0% less from the suggested allocation than
participants who received the suggestion from the human source.

47 n the Figure, the y-axis or “deviation” is the measure of the sum of the squares of the differences between the
actual asset allocation (0%-100%) and the suggested asset allocation. It is not a meaningful value in its own right,
so what is important is the relative difference between the groups.

48 This result is trending towards but was not statistically significant (p=0.037) when using the multiple-
comparison adjusted p-value of 0.0125. We used this more conservative threshold for statistical significance
rather than the conventional p=0.05 to account for making four comparisons in our primary analysis.
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Figure 1: Deviation from suggested investment (n=4,834). Participants adhered most closely to
blended, but differences are not statistically significant.

This finding addresses an important gap in the existing evidence base. Previous research
has primarily compared differences in trust in financial advice from Al tools or human
advisors only. The addition of the blended advice arm allowed us to develop an
understanding of how investors perceive the quality and trustworthiness of advice
provided by a hybrid source (i.e., a human using an Al tool). Investors appear to prefer this
type of advice, as demonstrated by their increased adherence to the allocation suggestion
within these conditions. By examining hypothetical asset allocation rather than a self-
reported level of trust, we obtain a more accurate and behaviour-oriented measure of the
impact of Al, human, and blended sources of advice on investor behaviour.

While other literature suggests that investors are less trusting of advice provided by Al
compared to human advisors, we observed similar levels of adherence between these
sources. There are compelling and relevant explanations for this finding. First, the literature
suggests that people feel personally connected to Al that uses their data to provide
recommendations.*® Second, increased explanation of Al algorithms (e.g., what data is being
used in the algorithms) was found to increase adoption of Al tools.*® Both of these factors
were present in our experiment: participants were told they needed to fill out an investor
questionnaire for the tool to provide a more personalized investment suggestion, and they
were also told what data was used in the Al algorithm. Finally, and more broadly, sentiment

49 Huang, B., & Philp, M. (2021). When Al-based services fail: examining the effect of the self-Al connection on
willingness to share negative word-of-mouth after service failures. The Service Industries Journal, 41(13-14), 877-
899.

%0 pavid, D.B., Resheff, Y.S., & Tron, T. (2021). Explainable Al and Adoption of Financial Algorithmic Advisors:
An Experimental Study. Proceedings of the 2021 AAAI/ACM Conference on Al, Ethics, and Society.
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toward Al is positively correlated with familiarity,>' and the recent explosion in the popularity
and salience of LLMs may be shifting attitudes.

Soundness of Suggestion

Data from Wave 2 of our experiment showed that participants who received a “sound”
suggestion deviated 74% less from the suggested allocation than those who received an
“unsound” suggestion, a statistically significant difference. This result was consistent with our
hypothesis, given that sound suggestions followed widely accepted principles for investing.

Canadians have a strong preference to invest in cash

During the first wave of our experiment, participants who received the “unsound”
suggestion deviated 14.5% less from the suggested asset allocation than those who
received a “sound” suggestion. This result was surprising, and we explored the data
further. We developed a hypothesis that this surprising result was due to one specific
asset category—cash. During the first wave, across all conditions (both sound and
unsound), participants allocated approximately 20% of their funds to cash, on average.
This level of allocation happened to be exactly what was suggested in the unsound
conditions, whereas the sound conditions suggested 5%. We chose 5% for the sound
conditions to match industry norms, and 20% for unsound because it was far outside
those standards. We speculated that adherence was higher in the unsound conditions
purely because we picked an unsound cash allocation that aligned with pre-existing
participant preferences. This meant that we could not generate the hoped-for insight on
how the soundness of advice interacted with the effect of the source of the advice.

Our hypothesis was confirmed by the second wave data. The “unadvised” control group
allocated about 20% to cash, on average. When we updated the suggested cash
allocation for “unsound” groups to 5%, we identified the expected pattern — there was 74%
higher adherence in the sound conditions compared to the unsound ones, and we were
able to conduct the analysis as planned.

While we did not set out to study Canadians’ asset allocation tendencies, we think the
data we obtained is important. Simply put, under widely accepted standards for asset
allocation, the high preference for cash (around 20%) will reduce retail investors’ long-term
returns. This is especially important given that the cash allocations in this experiment were
presented as non-interest earning (e.g., chequing account). We believe this significant
preference for cash may be explained in part by the equity premium puzzle,5253 or other

51 Horowitz, M. C., & Kahn, L. (2021). What influences attitudes about artificial intelligence adoption: Evidence
from US local officials. Plos one, 16(10), e0257732.

52 Mehra, R., & Prescott, E. C. (1985). The equity premium: A puzzle. Journal of monetary Economics, 15(2),
145-161.

53 Well-known phenomenon describing underinvestment by retail investors in equities compared to fixed income
(Treasury Bills in particular). This underinvestment arises from biases in risk analysis and risk aversion that would
also explain underinvestment in equities and fixed income compared to cash.
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prominent investing biases, including extreme aversion bias54 and confirmation bias.55
Our data suggests critical policy and educational priorities. For example, educational
efforts might focus on appropriate levels of risk-taking, keeping in mind both excessive
risk-seeking and excessive risk-aversion.

4.2.2 Secondary Results: Interaction Effects

Next, we examined whether suggestion soundness and the source interact in some way to
affect adherence to a suggestion. As shown in Figure 2, we did not identify the presence of a
statistically significant interaction effect. These results suggest that adherence to investment
suggestions from the sources we tested (human, Al, and blended) does not depend on the
soundness of the suggestion, but rather, that the two relationships are independent.

Predictive Margins with 95% Cls

1000 1200
| |

Linear Prediction
800
I

600
|

400
|

T T
Sound Unsound
Soundness of the suggestion

—@®— Human —®— Blended
—&— Al

Figure 2: Interaction effects (n=4,834). No significant interaction between source and
soundness of suggestion to effect adherence.

4.2.3 Exploratory Results

In addition to deviation from the suggested asset allocation, we collected additional data to
better understand investor behaviour and sentiment with respect to Al.

Trust

We explored how participants’ trust in the investment suggestion they received may influence
their adherence to the suggestion. As shown in Figure 3 (Wave 2 data) trust in the suggested

54 We see evidence that participants in both the sound and unsound conditions moved toward a more even
allocation across the three asset categories.

%5 |t appears that participants were more likely to follow the suggestion that may have aligned with their own
beliefs about an appropriate cash allocation.
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allocation was moderately high across all participants, despite the substantial deviations from
the suggested allocations in the unsound conditions. We observed small differences in trust
in the suggestion across treatment groups.*® Interestingly, trust was lower among the
unsound blended and Al arms, but not unsound human arm, compared to the sound human
arm, despite participants deviating to a similar degree across all sources of the unsound
suggestions. These results suggest an imperfect relationship between trust in the suggestion

and adherence to the suggestion, showing the importance of behavioural data to understand
benefits and risks related to various sources of financial advice.®”

I
Human, Sound Al, Sound Blended, Unsound

Blended, Sound Human, Unsound Al, Unsound

Trust by experiment group

*k

n=4834
*p<0.01,*p<0.05+p<0.10

Figure 3: Trust in investment suggestion (n=4,834). Small differences in trust observed
between certain groups.

Asset Allocation by Soundness of Suggestion

We also explored how participants allocated their funds across each asset when provided
with a sound suggestion, an unsound suggestion, or no suggestion at all.

Table 4 below presents the percentage of funds allocated to equities, fixed income, and
cash, across the sound, unsound, and no suggestion groups from the second wave of the
experiment. Across all groups, participants allocated similar amounts to cash (approximately
19%), and differed their allocations to equities and fixed income. Across all groups, there
appears to be a degree of “extreme aversion” bias, with participants wanting to even out their
allocations across the asset classes available. In addition to a preference for cash and

% The largest difference, a 2.8% difference, was observed between the unsound Al group and the sound human
group and is statistically significant (p<0.05).

57 These results were consistent with the results from the first wave of data, where trust was similar across all

treatment groups, and different patterns were observed between the self-reported trust in the suggestion and
adherence to the suggestion.
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extreme aversion bias, this data indicates the influence of advice — even unsound advice — in
shifting allocation preferences.

Table 4: Asset Allocations

Investor Profile Equities Fixed Income Cash

Growth 63% 23% 14%

Sound Suggestion Balanced 47% 35% 19%
Conservative 28% 50% 23%

Growth 50% 37% 13%

Unsound Suggestion Balanced 35% 46% 18%
Conservative 45% 34% 21%

Growth 57% 27% 16%

No Suggestion Balanced 41% 37% 22%
Conservative 35% 39% 25%

Experience With Al Applications

A third of our total sample reported using an Al application (e.g., ChatGPT) in the last year.
Among that group, 29% had used the application to access financial or investment-related
information, advice, or recommendations. The vast majority of those participants reported
having acted on the information, advice, or recommendations they received from the Al tool
(Figure 4). Among the sample of participants who reported using Al tools to access financial
information, there appears to be substantial trust in the information provided. Over 90% of
participants who engaged with an Al tool reported that they used the outputs to make
financial decisions to at least a moderate extent.

These findings present a number of key implications. First, a significant portion of Canadians
(29%) are already using Al to access financial information, advice, and recommendations,
despite the fact that not all of these applications are registered with securities regulators.
This figure will likely rise moving forward as Al tools are increasingly scaled. Second, the
vast majority (90%) of those engaging with Al applications are using the information to inform
their financial decisions to at least a moderate extent. This reinforces the need for a
regulatory framework that ensures that the outputs of Al models are accurate and
appropriate for retail investors. It also indicates that Canadian investors are not merely
interested in Al-generated financial information, but in some cases, may be relying on that
information to inform investing decisions.
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To what extent did you use this information (from an Al tool) to
make financial decisions?

40%
31% 32%

30%

20%

Percentage

10%

0%

1-Not at all 2 3 4 5 - A great extent

Figure 4: Usage of Al for financial decisions (n=864). Majority of participants report having
acted on financial information provided by Al.

The results from our experiment should be interpreted in light of the fact that it took place in a
controlled, online environment. One particular limitation is that participants did not have a
relationship with the human or “blended” financial service providers, as they might in the real
world. In contrast, the Al condition was likely more representative of how an investor would
interact with an Al tool in a real-life setting. Overall, we hypothesize that in a real-world
setting, adherence to investment advice may be higher than what we observed in the human
and blended groups because of the trust and engagement produced by working with a
human advisor. Further research to investigate and validate this hypothesis would be
valuable.

5 CONCLUSION

The applications of artificial intelligence within the securities industry have grown rapidly, with
many targeted to retail investors. Al systems offer clear potential to both benefit and harm
retail investors. The potential harm to investors is made more pronounced by the scalability
of these applications (i.e., the potential to reach a broad audience at rapid speed). The goal
of this research was to support stakeholders in understanding and responding to the rapid
acceleration of the use of Al within the retail investing space.

The research was conducted in two phases. First, we conducted desk research. This phase
included a scan and synthesis of relevant behavioural science literature, examining investors’
attitudes, perceptions, and behaviours related to Al. We also conducted a review of investing
platforms and investor-facing Al tools to understand how Al is being used on investing
platforms. Our desk research revealed that the existing evidence base on how these tools
impact investors is limited, and may not be highly generalizable in the future, given how
recent the rapid evolution of Al has been.
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From our desk research phase, we identified three broad use cases of Al within the retail
investing space:

e Decision Support: Al systems that provide recommendations or advice to guide
retail investor investment decisions.

e Automation: Al systems that automate portfolio and/or fund (e.g., ETF) management
for retail investors.

e Scams and Fraud: Al systems that either facilitate or mitigate scams and fraud
targeting retail investors, as well as scams capitalizing on the “buzz” of Al.

In the second phase of this research, we built an online investment simulation to test
investors’ uptake of investment suggestions provided by a human, Al tool, or combination of
the two (i.e., a human using an Al support tool). The experiment generated several important
insights. We found that participants adhered to an investment suggestion most closely when
it was provided by a blend of human and Al sources. However, this difference did not meet
our more stringent statistical thresholds, and as such, we cannot be certain that it is not due
to chance. That said, this finding adds to existing research on Al and retail investing, as the
current literature does not examine “blended” advice. Importantly, we found no discernible
difference in adherence to investment suggestions provided by a human or Al tool, indicating
that Canadian investors may not have a clear aversion to receiving investment advice from
an Al system.

Our research also identified several risks associated with the use of Al within the retail
investing space that could lead Al tools to provide investors with advice that is not relevant,
appropriate, or accurate. Like human suggestions, Al and blended sources of suggestions
had a material impact on the asset allocation decisions of participants, even when that
advice was unsound. This underlines the ongoing need to understand the provision of
investment recommendations from Al systems, especially given the observed openness
among Canadians to Al-informed advice. In particular, there is a need to ensure that
algorithms are based on high quality data, that factors contributing to bias are proactively
addressed, and that these applications prioritize the best interests of investors rather than
the firms who develop them.

Regulators are already proposing approaches to address these risks. For example, in the
US, the SEC proposed a new rule that would require investment firms to eliminate or
neutralize the effect of any conflict of interest resulting from the use of predictive data
analytics and Al that places the interests of the firm ahead of the interests of investors.*®
More broadly, industry regulators and stakeholders should seek to leverage data collected by
investing platforms and investor-facing Al tools to investigate the extent to which these tools
are resulting in positive or negative outcomes for investors.

The results of our experiment suggest one other critical policy and education implication;
investors appear to have a strong bias to holding more cash in their investment portfolios
than most financial experts recommend. This finding suggests that excessive cash

%8 U.S. Securities and Exchange Commission. (2023). SEC Proposes New Requirements to Address Risks to
Investors From Conflicts of Interest Associated With the Use of Predictiv Data Analytics by Broker-Dealers and
Investment Advisers. Press Release. https://www.sec.gov/news/press-release/2023-140
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allocations should be a focus of educational efforts, with this focus potentially broadened to
appropriate risk-taking when investing.

This research also underscores several positive impacts that Al tools may have on investor
behaviours. For example, tools could be created to support financial inclusion through
increased access to more affordable investment advice. We also see a significant
opportunity for Al to be used by stakeholders to improve the detection of fraud and scams.

Al presents a range of potential benefits and risks for retail investors. As this technology
continues to advance in capabilities and applications, more research will be needed to
support capital markets stakeholders in better understanding the implications for retail
investors. This report provides important findings and insights for stakeholders in an
increasingly complex environment.
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6 APPENDIX A: INVESTOR QUESTIONNAIRE SCHEMA

Table 1: Questions, Responses, and Classifications

Question Classification: | Classification: | Classification:
Conservative Balanced Growth
Time Horizon | When do you <5 years 5-10 years >10 years
think you may
need to access
the money you
are investing?
Risk Which for these | | am I am willing to | am aggressive
Preference statements best | conservative; | accept a and typically
describes you try to minimize moderate level take on
attitudes risk altogether or | of risk and significant risk. |
towards risk am willing to tolerate can tolerate
when making accept a small moderate losses | large losses for
investment amount of risk to achieve the potential of
decisions: potentially achieving higher
higher returns. returns.
Age (open How old are 60+ years 40-59 years 18-39 years
response) you?
Table 2: Response Scoring Schema
Conservative Balanced Growth

Scoring
Schema

e 3xlow®

e 2xlow+1
medium

e 2xlow + 1x high
e 1Ixlow + 2x high

e 1xlow + 1x medium
+ 1x high

e 3x medium

e 2x medium + 1x high

e 1xlow + 2x medium °

1x medium + 2x
high

3x high

59 “Low”, “medium”, and “high” refer to the risk profile indicated by each of the three questions.
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7 APPENDIX B: EXPERIMENTAL RESEARCH SCREENS

WealthTogether

Human Conditions

Alex, Financial Services Provider

Thank you for choosing WealthTogether. I'm Alex,
and for the past decade, I've helped many clients
navigate the complexities of personal finance and
investing. | look forward to working with you!

| understand that you are looking to invest
$20,000-let's work together to achieve your
financial goals. First, I'd like to better understand
your financial situation. Then | will provide you
with a suggested strategy for reaching your goals.

Please fill out the investment questionnaire on
the next page.

300
~

WealthTogether

Al Conditions

Kai, Al Investment Tool

Thank you for choosing WealthTogether! I'm Kai,
WealthWorks’ artificial intelligence (Al) powered
investment tool. | use a proprietary dataset of
investment portfolios of thousands of clients and
synthesize published academic and finance
journals to help optimize clients’ asset allocation
strategies to help them reach their goals.

| understand that you are looking to invest $20,000.
First, I'd like to better understand your financial
situation. Then | will provide you with a suggested
strategy for reaching your goals.

Please fill out the investment questionnaire
on the next page.
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WealthTogether

Blended Conditions

Alex, Financial Services Provider

Thank you for choosing WealthTogether. I'm Alex,
and for the past decade, I've helped many clients
navigate the complexities of personal finance and
investing. | look forward to working with you! |
understand that you are looking to invest
$20,000-let's work together to achieve your financial
goals.

At WealthWorks, we use Kai, an artificial intelligence
(Al) powered investment tool to help our clients
achieve their financial goals. Kai uses a proprietary
dataset of investment portfolios of thousands of
clients and synthesizes published academic and
finance journals to help optimize asset allocation.! will
take Kai's analysis into account in addition to my own
expertise and experience.

First, I'd like to better understand your financial
situation. Then | will provide you with a suggested
strategy for reaching your goals. Please fill out the
investment questionnaire on the next page.



Investor Questionnaire

@ Investor Questionnaire

WealthTogether

Alex, Financial Services Provider

Completing this questionnaire will provide
' valuable information about your financial situation.

Thank you for taking the time to fill it out.

Imagine that this is your real money. When will you need to use this money (i.e., remove this money from your portfolio)?

Less than 5 years
5to 10 years

More than 10 years

Which of these statements best describes your attitude towards risk when making investment decisions:

| am conservative; | try to minimize risk altogether or am willing to accept a small amount of risk
1 am willing to accept a moderate level of risk and tolerate moderate losses to achieve potentially higher returns

1 am aggressive and typically take on significant risk. | can tolerate large losses for the potential of achieving higher returns

How old are you?
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Investment Allocation

Alex, Financial Services Professional

Thank you for completing the questionnaire!
Based on your responses, I've determined that
you are a balanced investor. | would suggest a
portfolio with these allocations:

B Fixed Income ] Cqsh
(e.g. Bonds, GIC) (e.g. Chequing

account)
35%

m Stocks

Please enter how much you would like to allocate to each asset. Make this allocation decision as if it were your own situation and
money.

You must allocate all $10,000. The % column will automatically update as you enter in the dollar amounts so you can see the breakdown
of your portfolio.

Asset % of allocation $ amount
Stocks 0%
Fixed income 0%
Cash 0%

Remaining: 10000

NOTE: This is the display for participants in the sound human condition. Participants in the other conditions (sound Al, sound
blended, unsound human, unsound Al, unsound blended) were shown a suggestion with the relevant soundness and source.
Participants in the unadvised control group (Wave 2) did not receive any suggestion.
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