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Abstract

Purpose: One of the issues that significantly impact how people invest is the behavioural characteristics of investors. Given
the importance of this issue, investors should be able to categorize investors into different classes and recommend invest-
ments appropriate to the personality type of the same class for each class. One of the solutions that can be used for this pur-
pose 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 similatity criterion so that the data in each cluster are most similar and the least comparable to
the data in other clusters.

Methodology: This study identifies a group of investors with similar ability and willingness to accept risk using K-means
clustering and Affinity propagation clustering. We also show how to allocate assets effectively using investor characteristics
and 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 finan-
cial, behavioural, and demographic characteristics, and according to the clustering results, we divide individuals into seven cat-
egories with low to high-risk acceptance.

Originality /Value: All calculations in this study were performed by Python 3.8. Investment managers and stock advisors can
use the results of this study.
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Figure 1- The overall investment recommendation process (Musto et al., 2015).
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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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Table 3- Classification of individuals based on subjective evaluation and clustering results.

Cluster Features Risk Capacity
Cluster 0 ;c;vr\g Age, 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 y;glﬁgslgge, very high income and net worth, high willingness to take risky, many kids, High

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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Figure 9- Proposed localization model for Iran.
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