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Personalized Stock Recommendation

Different objectives and

Profiles in investments ‘/I ‘/\j‘ ‘ﬁ

|/

Objective Financial
Wealth
Accumulation Market ( \
O Personalized Stock
Risk-tolerance m > = Recommendation
High \ )
Investor B
Investment . i
E;‘(F)’e”e”ce - Online Trading
e Platform
Investor A .




Motivations

4 )

Investor analyzes multiple
data (numerical, text, etc.)
with preferences (strategy)
over different types of data

t-2

B B

Financial Report

e [

Numerical Data
(Price, Technical Indicators)

@

Investor Profile:

Risk-tolerance,
Age, Income

Properties of financial stock
change dynamically
Investors’ profile greatly
influences financial behavior

~N

—l

Business Activity
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Price ($)

=

N

o
1

Financial Recommendation ( FinRec)

Financial Time Series
T

220

200

180

=

o

o
1

Training data

> Overview of FinRecprocess
O Financial asset types (individual

— Stock Price stock, mutual fund, bonds,..)
Training period . R
Test period o Data splt: training /test

m Traming: from 15 Jan 2018 to
30th June 2022 30t June
m Test: from 15t Jul2022 to 313t

Dec 2023
o Tramn model and evaluate

> Methods
o  Collaborative filtering approach

[McCreadie et al., 2022;
Takayanagi et al.,2023]
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Dataset: Transaction Data

Interaction#t Unique Assets#t Investor# H H
v Sia6H s — > Transactlon data from 969 active
Processed 91,317 1627 956 investors from our platform
Dataset Statistics Active investors: Those who
conducted more than 50
g - transaf:tlons Wlthm a year
o . . — . O  Sampling period: Jul2020 to Sep
2 2022
Data Type * Original Data = Processed Data . Data Type * Original Data ® Processed Data

> Data processing
O  Focus on transactions involving
individual stocks
O Included only “buy” transactions

M Il |
10c 20 a0c aox

# stocks per investor #transactions per investor

w0
:
| | I 1
o om0 ome o
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Dataset: Context Data

> Stock Data
Technical Indicators
B Bollinger band, MACD, RSI, etc.
O  Fundamental Factors
B Earning per share, book value per
share, etc.
O Business Activities
B Stock embedding
(SETN)[Takayanagi et al., 2022]
B Graph Convolutional Network
B RoBERTa

count

D Investor Profile

Age

Annual income
Investment experience
Risk tolerance

OO0O0O0

B Male
M Female
B Others

o 20 40 60 a0

Age Distribution Gender Proportion

14




PSRIC model

Personalized Stock Recommendations with Investors’Attention and
Contextual Information

A

P - TR RS R R e e e e S S EEEE—_—_—— _————— . - TR Em G e e e s EEE_—_—_———- -
’ Context \\ ’ - — ~ .
embedding matrix i l
/ 2 9 Attention Layer Y / Stock side embedding Layer Investor side embedding 1
8 ——f-""""’*'\ I 4 T 5
. = . | "8 T e %
Technical Indicators _,, I II1rmi EEEEEE
-
Financial - T n ////’Y\-. ///'\
Time Series I . 1 " : ’t/ : :
nvestor 1 oc nvestor nvestor
D T Context Stock I ID Profile

! t

S -B 8

Financial
Statements

Il
X

Transaction I Stock Transaction Investor

*— Data 1 Context Data Profile
Business Company N
Overview Network /" A /’

. A Y

~ Investor Modelin - ~ -

N ———— g - - e ———— Context Module - - - - - -

M odule




PSRIC model: Investor Modeling Module

LTI Context N :

K embedding matrx | Atenton Layer | Y, Investor Modeling Module
2ug . .
| ‘/ . =N ' > Captures the financial
| Technical Indicators | .. .
! I 1 | decision-making process
. . I .
: Time Series Investor | Of mvestors
I N ID I . .
I i I > Utilizes a self-attention
1 .

: — mechanism to model
1 Financial I . .
: Statements : attention towards various
N %gf francaction | stock contexts
| X Data I
I Business Company I
Y Qverview Network /'

N . e Investor Modeling _’

Module
16




PSRIC model: Context Module

-—mmEmEEmEEsET T ‘ __________ ~
/” NeuMF h
eu \
/ Stock side embedding Layer Investor side embedding Y COnteXt MOdUIe
' s /%EEESE/I : > Captures stock dynamics
| LI T TT1 . .
: /\ | and investors’ profile
I /‘\ : D In d
| Stock Investor Investor I COTPOYateS S1d¢€
Context Stock ID ID Profile ; ;
I | information through stock
I . .
: ! T I : and investor side
| ‘ flj @ —0— I embedding
T = =
, = 25
I Stock Transaction Investor :
I Context Data Profile |
i
\ /
\ ,/
~
N —— Context Module - — — — — - 17




Experimental Settings

> Evaluation approaches
O Leave-one-out approach

> Evaluation metrics

o HR@K
o nDCG@K

> Baselines

O

O O O O O O O

Pop Model

BPR [Rendle et al,. 2009]
itemKNN [Aiolli 2013 ]
NeuMF [He et al,. 2017]
NGCF [Wang et al,. 2019]
LightGCN [He et al,. 2020]
MultiVAE [Liang et al,. 2018]
RecVAE [Shenbimn et al,. 2020]

18



Result & Discussion

H@5 H@10 H@50 N@5 N@10 N@50
Pop 0.1726  0.2696  0.8089  0.0949 0.1258  0.2360
BPR 0.3821 0.5362 0.8906  0.2702 0.3199  0.3991
itemKNN 0.1726  0.2696  0.8089  0.0949 0.1258  0.2360
NeuMF 0.4222 0.5855 0.9168 0.2951 0.3476  0.4224
MultiVAE ~ 0.4191  0.5686  0.9045 0.2924 0.3401  0.4149
NGCF 0.4160 0.5824 09153  0.2887 0.3428 0.4172
LightGCN  0.4191 0.5794 0.9214 0.2934 0.3458  0.4236
RecVAE 0.4083  0.5639 0.8937 0.2834 0.3338 0.4073
PSRIC 0.4807 0.6441 09106 0.3772 0.4292 0.4874
Performance comparison

Model H@5 H@10 N@5 N@10

PSRIC 0.4807 0.6441 0.3772 0.4292

- Investor Modeling -2% -9% -7%  -10%

- Context -2% -7% -4% -7%

Ablation Study

> Performance observations
PSRIC outperforms all baseline models
across most evaluation metrics
O  Especially, PSRIC performs better in
shorter recommendation lists

> Ablation studies
O  Both modules contribute to the overall
performance, with investor modeling
module being most effective
O  Eliminating each module leads to a more
decrease in nDCG performance

19



Conclusion and Future Work

> Conclusion

O we proposed a novel stock recommendation model

O We validated the effectiveness of the model through
experiments

> Future Work
O We aim to proceed with application development
and commence operation as a service
B Need for online experiments to confirm the
effectiveness
B Investigate a model that aligns investors’
interests with portfolio profitability

20



Harnessing Behavioral Traits to
Enhance Financial Stock
Recommender Systems: Tackling
the User Cold Start Problem

IEEE International Conference of Big Data, Sorrento 2023
21
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Challenges to Investment

> Ease of investment

/I O Growing number of online trading platform
\/\'\l o Lower commission fee

21|

Financial > Limited public participation in investments
O Market o Despite ease of access, a small percentage of
— the financial assets is invested
m > o In Japan, over 50% of household financial
Investor B assets are held in cash ™
> Barriers to investing in financial assets

v

. Online o The complexi-ty of financial market
- Trading o Time constraints

Investor A Platform o  The difficulty in quantifying risks

*I Flow of funds statistics (https:// www.boj.or.jp/ en/statistics/sj/ index.htm), Bank of Japan 23




Financial recommendation ( FinRec)

é > Itis difficult for an average individual to become a savvy
tml investor on their own due to the challenges
o _ > They need afinancial advisor to analyze their position and
Robo advisor recommend assets to invest in personalized to them

o Manage imvestment risk to the customer by identifying
profitable assets that meet their risk profile

But consulting expert financial advisors can be costly

“z @ => Financial recommender system FinRec) can fill this gap
Investor

24




Price ($)

=

N

o
1

Financial Recommendation ( FinRec)

Financial Time Series
T

220

200

180

=

o

o
1

Training data

> Overview of FinRecprocess
O Financial asset types (individual

— Stock Price stock, mutual fund, bonds,..)
Training period . R
Test period o Data splt: training /test

m Traming: from 15 Jan 2018 to
30th June 2022 30t June
m Test: from 15t Jul2022 to 313t

Dec 2023
o Tramn model and evaluate

> Methods
o  Collaborative filtering approach

[McCreadie et al., 2022;
Takayanagi et al.,2023]
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The challenge of collaborative filtering: Cold Start

Stock A Stock B Stock C > Cold start problem
o O Recommendation performance

it deteriorates for new users with
scarce item interactions
Similarity [Zhang2019; Gope 2017; Briand
2021]

Collaborative filtering > FinRec also suffers from user cold start
problem as it often employs
Stock A Stock B Stock C collaborative filtering approach
i 222 ] > The user cold start problem is especially
No interaction severe in FinRec
o Novice investors typically lack
x Similarity..? x experience and sound investment
strategy

Cold start problem

26



Tackling Cold Start Problem: General Domain

Age,
Gender

x Similarity

Age,
Gender

General domain

>

>

>

Existing research to tackle the cold start
problem employs meta-data, often times
demographic data [Yanxiang 2013; Lika 2014 ]

Ongoing efforts to find user traits that
correlate with user preferences

Personality in music recommendation

[Ferwerda et al., 2017]

=> Personality-aware recommendations
[Dhelim 2020,2022; Lex 2022]

27



Tackling Cold Start Problem: FinRec

> Few research tackles the cold start problem in FinRec while many research points out the
significance of the problem [McCreadie et al., 2022; Takayanagiet al.,2023]

> In financial scenarios,behavioral finance studies the relationship of investors’traits and
investment behavior [Barber & Odean 2013]

> Key factors include
o Gender [Barber & Odean 2001]
o Personality [Jiang et al., 2023; Tauniet al., 2015]
o  Cognitive ability [Grinbalt et al.,, 2011]
o Investment objectives [Shefrin & Statman 2011

The wealth of knowledge in behavioral finance provides a unique opportunity
to leverage behavioral traits for the cold start problem in FinRec !

28



Key ideas

> Can we utilize the insights from behavioral finance to tackle
the cold start problems in FinRec?

Behavioral Cold Start
finance Prqblem In
FinRec

29



Our approach

> To tackle the research questions
O Collection of a comprehensive dataset
encompassing investors’actual transaction and
Investors’traits
o Introduction of a model to tackle the cold start
problem in FinRec

30



Data Collection Process

Financial S
Trading P urvey
Platform rocess —_—
® v=
2 & Ha
v = !
Investor
Transaction Demographic Big Five Investment-related
Data Data Personality investors’ traits

31



Data Collection Process

-

\_

Collect transaction
data and
demographic data

Platform

-

Investor

Financial
Trading

Survey
Process

“—
:_
v — ]

|

!

! !

Transaction
Data

Demographic
Data

Big Five Investment-related
Personality investors’ traits
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Data Collection P

(

\_

Collect transaction
data and
demographic data

Platform

-

Investor

Financial
Trading

Sample investors
from the financial
trading platform

~

J

Survey

Process

“—
:_
v — ]

|

!

!

!

Transaction

Data

Demographic
Data

Big Five
Personality

Investment-related
investors’ traits
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Data Collection P

(

\_

Collect transaction ‘ &
—>
data and - '
demographic data Investor

Platform

Financial
Trading

Sample investors
from the financial
trading platform

~

J
Survey Conduct
Process questionnaire

“—
:_
v — ]

survey for the
sampled investors

~

|

!

!

!

Transaction
Data

Demographic
Data

Big Five
Personality

Investment-related
investors’ traits
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TABLE I

D a ta Ove rV i eW THE STATISTICS OF OUR TRANSACTION DATASET.
Interaction#  Unique Assets# Investor#  Average Age Sampling Period
32,678 2,962 964 47 Jul 2020 to Jul 2023
Financial trading platform Questionnaire survey
Transaction history Big five personality traits™
[Gosling et al., 2003, Oshio et al., 2013]

Demographic Investment-related Behavioral Traits ™
(age, gender, income financial Cognitive ability [Frederick, 2005]
asset amount, investment Subjective financial literacy [Collins 2012]
experience) Objective financial literacy [Lusardi & Mitchell 2008]

Investment purpose
Risk preference
Time discounting

*1 Ten item personality inventory (TIPI) 35
*2 Japan Household Panel Survey (JHPS)



IRAD: Investor Risk-tolerance Aware DropoutNet

Model component

> Base component: Utilizing DropoutNet (Volkovs et

al, 2017)

> Multitask learning: Incorporates a loss function for

risk tolerance

predicted risk tolerance

O W

relevance score

Algorithm 1 Learning Algorithm

Input: R,U,V,®V &V
Initialize: user model fy, item model fi, risk tolerance
model f,
repeat > DNN optimization
Sample mini-batch B = {(u1,v1), ..., (uk, vg)}
for each (u,v) € B do
if dropout is applied then

Uy, ®Y] — [0, 0] > User dropout
else
Uy, 7] — [Uu, ®Y] > Leave as is
end if
end for

Update fy, fu, f- using B based on combined loss £
from Equation 11
until convergence
Output: fv, fu, fr




Base component ( Volkovs et al., 2017)

[ Rarldo.m!i/ fet told ] > Input: latent representations Uy, (user)and V,
zero to imitate co - %] U Vi
item) ', and meta data @, (user)and @, (item
start scenario (tem)’™, u (user) v(item)
T~ > Model: deep neural networks fou, fou, fy, and
Lser u e ] I fv for processing user and item inputs
oY fo - > Training: the model is trained to generate
e W : . —~
I relevance score reconstructions. want to minimize U, -V, - U, VI
item v v . .
o o ; 7 > The input are randomly set to zero, using Dropout
= ® [Srivastava et al., 2014]
=> enables the model to learn from content-only
scenarios and both content and preference
scenarios.
" In our experiment, we utilize weighted matrix factorization 37



Evaluation method

> Evaluation metrics
O Precision@K
O Recall@K
O Hit Ratio
O NDCG (Normalized
discounted cumulative gain)

> Cold start settings
O Evaluation of recommendation
relevance against actual stock
preferences of new users in
their first 30 days

> Baseline models

©)
©)
©)

Popularity 1

Popularity 7

UBCF (User based collaborative
filtering) [Dhelim 2020,2022]
DropoutNet [Volkovs et al., 2017]

38



Result

0.2

0.1

0.05

0.6

0.4

0.2

Precision

Hit Ratio

K

0.1

0.05

Recall
—e— Popularity 1
—e— Popularity 7
—— UBCF
—e— DropoutNet
—&— [RAD

2 4 6 8
K
NDCG

IRAD consistently
outperforms the baseline
models for the majority of K
values across multiple
evaluation metrics

Particularly, displaying higher
precision
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Result: Ablation studies

TABLE II
EXPERIMENTAL RESULTS AND ABLATION STUDIES.
P@5 R@5 HR@5 NDCG@5

Pupularity 1 0.058 0.048  0.220 0.236
Popularity 7 0.136  0.116  0.480 0.263
UBCEF [32], [33] 0.122  0.097 0420 0.254
0432

IRAD 0203 0.106  0.601 0.466
-RTL -0.051  -0.034  -0.118 -0.034
-RTL-IBT -0.053 -0.031 -0.101 -0.036

J

Impact of risk tolerance loss
(RTL)
O RTL significantly contributes
to the IRAD’s performance

Effect of removing investment-
related behavioral traits (IBT)
o  Negligible performance loss
observed upon removal of
IBT



Interpretations with investors’ traits
 Financial asset amount -

Conscientiousness

[ Anncelincome | > We can also utilize the obtained
investors’ traits for interpretating
the model output

Risk aversion
Time discounting
Cognitive ability

Openness

> The fig presents a SHAP [Lundberg
and Lee 2017] score derived from

Neuroticism
Extraversion

Agreeableness

Investment policy Personality Traits 1 OOO SampleS
Sign effect : } . . . .
Investment experience —— > The result indicates the financial

Education Fund

| Demographios At
asset amount, conscientiousness,

and annual income contribute the
most to the results.

Overconfidence
Housing purchase
Hyperbolic discounting
Financial literacy

Retirement fund

0.00 0.05 0.10 015 0.20
mean(|SHAP value|) (average impact on model output magnitude) 4 1



Conclusions & Future work

Conclusion

> This study presents a novel framework that addresses the user cold start problem in
financial recommendations by incorporating insights from behavioral finance

> We conduct survey study from investors in online financial trading platform to build
dataset

> We propose IRAD, a model for tackling cold start problem in FinRec, outperforming
baseline models

> We observe that the obtained investment-related traits influence the recommendation
performance marginally

Future work

>  We plan to extend our research by exploring more effective methods for utilizing investor
behavioral traits

>  We plant to enhance recommendation interpretability by utilizing investor traits
42
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