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Abstract

Purpose: One of the issues that has a great impact on how people invest is the behavioral characteristics of investors. Given
the importance of this issue, investors should be able to categorize investors into different classes and for each class,
recommend investment appropriate to the personality type of the same class. One of the solutions that can be used for this
purpose is clustering. Clustering is one of the unsupervised learning methods and has a descriptive nature. In this method, the
data are allocated based on a similarity criterion so that the data in each cluster are most similar to each other and the least
similar to the data in other clustets.

Methodology: In this study, using K-means clustering and Affinity propagation clustering, we identify a group of investors
with similar ability and willingness to accept risk. We also show how to effectively allocate assets using investor characteristics
using clustering techniques.

Findings: Use silhouette coefficient to evaluate two clustering methods to select the best method for data clustering. The k-
means coefficient was equal to 0.17 and the Affinity propagation clustering was equal to 0.097. Therefore, we choose the k-
means method as the optimal clustering method. Using the K-means clustering method, we cluster investors based on financial,
behavioral and demographic characteristics, and according to the clustering results, we divide individuals into seven categories
with low to high risk acceptance.

Originality /Value: All calculations in this study were performed by Python 3.8. The results of this study can be used by
investment managers and stock advisors.
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Figure 1- The overall investment recommendation process (Musto et al., 2015).
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s (OB oo gs Alio ylgie

il dhedis uialdss e 2l Garat By, o allie
orile 6 S0l G SiSs g aSs (5,555 51 45 wled oo sletinn
P e G945 aas o L b 029 il yled se oolaul YV \Wemgndl) 5 st b bl
& Cod 5 3iZed gie adly 5l il Aluke ganasys sl abeds sutpaso
Gyl e o8lee o)l il (g5luatgy Jsone SlaSiSs

g oo s ) Seanyy oy
wazgl Jo Gl slas pu gaiadss lp by, Giegn ool 0

: : RIS S Sl sl gonaiy

< Ll o
I ORC e FE S FERRCUN PRV JEE SN [USUN P CIONS (Y)f Sty B
oo osliwl Sy Jlos b Jbo (5945 5 ol
oy Kasad s yile g kel liabl pas galine (g% ool 5o
boaS ams oo LS gy (nl 005 o0 Sl )0 Soin (ssleaine oA ) Sm oY) Gilwdigy o adys s
Olgiss sanadss bap,sfl 5l eslinal b JT ool Ll s (258 ro S5
Sy 9 00D Lo e Sy S S35 Lo 595 5 oy Lalol il
S8 o0 dmslie Bolas oSS il b gunadgs p» ow mls o silej slas o (somalgs
(Vo0 T SIS g 5l) h
ot sty $olwb g pg el )0 1) ubadss el @by Gl e ol el L
A2 oo Ui b pln pald (2bo) sl o9 Ssip Lasla

Sty Jo25 slre 0lyioa 15 O oS0l s 5 prlad ot omslons Y0485 Y 0 0V (gladlon 31 G 2 (60 ) Sy oo e 1kl
S 53

Sl o.\..fad.?b‘ Ls.\..m.:y LS‘J’ )\?:J)).a L;LA;}{J Y JJJP.- BE V.:AJJA JiALg\) LA;}J S 4.1>f BE)

AV 2V 0 g Sliwl) (gossalias (gl 3Lossg0 o S -V Jgur
Table 2- Properties required for clustering (Tastat et al.,2020).
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Figure 3- Thermal map of correlation between properties.
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Figure 4- Calculate the number of optimal clusters using the sum of the error squares.
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Figure 5- Calculate the number of optimal clusters using the profile criterion.
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Figure 7- Clustering based on financial characteristics and risk-related characteristics.
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Figure 8- Combining clustering results based on demographic, financial and behavioral characteristics.
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Table 3- Classification of individuals based on subjective evaluation and clustering results.

Cluster Features Risk Capacity
Cluster 0 rI;qcz)vr\:aAge, High Nelworth and Income, Less risky life category, willingness to spend High

High Age, low net worth and Income, highly risky life category, willing ness to spend

Cluster 1 : High
more, low education

Cluster 2 High Age, low net worth and Income, highly risky life category, willing ness to spend Medium
more, low education, own house

Cluster 3 Low Age, very low income and net worth, high willingness to take risky, many kids Low

Cluster 4 Medium Age, very high income and net worth, high willingness to take risky, many kids, High
own house

Cluster 5  Low Age, very low income and net worth, high willingness to take risky, no kids Medium

Cluster 6 Low Age, medium income and net worth, high willingness to take risky, many kids, own Low

house
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