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Finding the right investments is hard!

Goal: Guide investors to choose the best financial assets through multi-
Complexity Finance is complicated, turn natural language conversations

and many people don’t know enough

Investing successfully takes time and

Time _ effort to research and understand the market
Risk There ari.a r\:wde ';#,ge |°f mves’rmfn’r risks, I’'m unsure about Amazon... As an e-commerce platform, it seems sensitive
which are difficult to quantity to economic swings...
: The range of possible investment is huge
Choice geevl E

(thousands of possibilities) Investor

Amazon’s AWS segment drives significant revenue and growth, offering

: It is not clear who an investor cloud services less impacted by economic swings....
Advice :
should trust to get advice

Can we use Al/ML to help people to identify

vl e e How good are LLMs at providing investment quidance?

We answer this through a user study!

 User task: Identify suitable stocks with the help of the LLM advisor and * Problem: how can we evaluate how good LLM agents are?
rank them by likelihood to buy. * Solution: Users role-play as pre-defined investor archetypes, designed in
 LLM adyvisor task: Obtain user preferences (stage 1) and support decision- collaboration with financial experts.
making by providing information about stocks (stage 2). - Expert-curated Gold Standards:
( ) . - Investment preferences: evaluate preference elicitation (stage 1).
(1] 2] Participant training @ Stage 2: Advisory Discussion « Ground truth stock rankings: evaluate user decision quality (stage 2).
(2] M nvestor Profile Allocation {_} ia /— Narrative /" Preferences ST Stock ranking T
154 | H
9 4 Stage 1: Preference Elicitation D _g ﬁ Name Jason Matthews & i ii Stock Score i
o) Before we start investing, | o _‘CJ . ' ais 20 ! | Iﬂ Value stock :: The Coca-Cola i
tamp" need to get to know you £ 0 ?.%1 Descrinti : ! Company ¥
: . 25 = technology companies. prion i :: :
t%l What kind of Ic.clam?panles do g b How profitable has it been Jason is a cautious planner favouring | Regular :i 2  Walmart Inc. 2/3 |
ao L IVRII'CY & o in the last 3 years? & steady, reliable returns over higher : % Srdelerdls g JPMorgan :
| am interested in Qo o : . risk investments... He invests in l — 3 Chase 3( Co /3
technology companies & w | & t%l resilient, companies that can weather i ¥ :
ao» Rol of 67% and... economic downturns — especially I @ Defensive :: 4  Amazon Inc. 0/3 :
Great! Do you prefer to :\ stock :: !

receive reqular dividends?

_______________________________________

Explain Rol & \ those offering regular dividends Y
]
What do you mean by \ )
dividends? & ,

| Other information
e, Dividends are... \ — .
an Repeat for second LLM-advisor * Participants: 60 students from the UK and Japan.
N J variant (go to 2 )  Each participant uses two different LLM advisor variants.
= User profile summary \ [ Exit ] 3 investor narratives: growth oriented, conservative income, risk taking.
’ « 4 different stocks for each investor narrative (picked by experts).
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Results

Preference elicitation Personalized quidance Personality and trust
Stage 1 Stage 2, Experiment 1 Stage 2, Experiment 2
Can LLM advisors effectively obtain user Does personalization lead to better investment Does the personality of personalized advisors
preferences through conversation? decisions? I affect investor’s decision quality and perception? I

We compare the effectiveness of an LLM advisor Agent 1 Agent 2 Agent 1 Agent 2
against a human expert advisor Non-personalized Personalized Extroverted Conscientious

B Human Expert LLM Adyvisor

Personalized 0.310 Extroverted 0.122
Average _ 0.85 Non-personalized [ 0.110 Conscientious 0.260
0.7 I I [ I I
] O 0.2 0.4 -0 0.2 0.4
2 Growth | 078 Decision quality Decision quality
e Oriented 0.78
5 | How does effective preference elicitation affect o _ N
L Conservative  REE the effectiveness of personalization? I . Con§C|ent|ous advisor leads to better decision
I Income 0.82 quality. |
0 ] - * However, users preferred the extroverted advisor!
c Risk _ 0.89 Unsuccessful elicitation -0.228 * Intention to use: +11.88% more likely to use
2 Taking 053 ° S €Ul elicitation __ 0481 the extroverted advisor
‘ vecestul eficiiatio | | | | 'l * Overall satisfaction: +5.88% greater
0 025 05 075 : 04-02 O 02 04 06 satisfaction from the extroverted advisor
Elicitation accuracy Decision quality
LLMs are promising for obtaining investor’s Agent personalization improves decision- Users cannot distinguish between good and
preferences, but not yet robust across all making, but bad elicitation leads to harmful bad advice. Trust is driven by personality, not

user types. advice. accuracy.
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