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Abstract

This research studies to the stock selection with K-Mean Clustering for selected stocks that high
returns and low risk. Then to study the portfolio management with Particle Swarm Optimization (PSO).By
using close prices of stock in SET100 from 1 Jan. 2009 to 15 Nov. 2019.The selected stocks by K-Mean
clustering generates the Efficient Frontier given expected annual return 47.31 % ,risk 2.83 and Sharpe
ratio at 15.64 which compare well with Efficient Frontier of SET100 that given of expected annual return
47.74 % ,risk 2.77 and Sharpe ratio 16.13.By which K-Mean Clustering have consider only 23 stocks, it is
smaller size than SET100 that consider for 100 stocks. The portfolio management of the selected stocks
are studied to 2 cases as the unconstrained portfolio and the practical constrained portfolio. In the
practical constrained portfolio, we given lower boundary of portfolio selection to be equal to 10% and
having upper boundary 50%.The results show that the unconstrained portfolio with PSO has expected
return 43.58 % ,risk 2.82 and Sharpe ratio 14.41 whereas the constrained portfolio has 32.17% return, risk
2.44 and Sharpe ratio 11.94.But PSO still creates portfolio better than random portfolio which has 31.9 %
of expected return, risk 2.52 and Sharpe ratio 11.49.Since PSO is approximate algorithm so it cannot to
create the best solution but creates the good enough solution in a timely fashion and PSO has given

results better than the random portfolio.
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