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Abstract

Purpose: Selection of the best stocks for the portfolio as well as allocating the optimal amount of capital per stock in
the portfolio are serious challenges in investing in the stock market. The use of machine learning capacities in the process
of optimal capital allocation among portfolio assets has received less attention and usually, the same weight is assigned
to portfolio stocks or traditional risk assessment methods are used to divide capital between portfolio stocks. The
common disadvantage of these methods is that they all use simple and inflexible mechanisms to estimate the performance
of a set. The purpose of this paper is to show for the first time, that machine learning can be used to create a more
effective mechanism for estimating performance, which leads to a more efficient allocation of capital to portfolio stocks.

Methodology: Our proposed framework, uses two predictive models based on machine learning. In the first step, stocks
historical information is used in a return forecasting model, then based on the predicted returns, the appropriate stocks
of the portfolio are selected. In the second step, a separate forecasting model predicts portfolio returns by taking into
account both the forecasted returns in the first model and the expected risk of the stocks. At the end based on the
predicted return of the numerous random portfolios, the appropriate weight for each asset is selected.

Findings: Comparing the returns of adjusted portfolios with this model and adjusted portfolios with other portfolio
optimization methods shows the superiority of the proposed model.

Originality/Value: In this papet, by using machine learning models, the process of selecting the approptiate stock of
the portfolio and allocating capital among the candidate stocks is done optimally.
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! Auto-Regressive Integrated 2 Convolutional Neural Network (CNN)
Moving Average (ARIMA)
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Algorithm 1- Algorithm of per-learner framework.

V-M

Input: The historical stock price
Output: The optimal weights of the candidate stocks (Woptimar)

5255 9 (6 S,

=

Select the top k stocks from Stock return prediction models as Candidate stocks

R« [y, .., I; #Ris the predicted return of the candidate stocks
«— [ &1, ..,&]; #€isthe mean of prediction errors
R « [r,...,7 ]; #R is the last day return of the candidate stocks
for i in Candidate stocks do:

for j in Candidate stocks do:

Cov; ; < Covariance(i,);

end for
end for
# Featureset contains portfolio features
10: Featureset «— Concatenate(ﬁ, €, R, FIatten(Cov));
# Predicted_Per is the predicted performance of the feasible portfolios
11: Predicted_Per « [ ];
12: fori =1 to num_of _feasible _weights do:
13:  Generate a random weight set as w,,;
14:  FeasiblePortfolio < Concatenate(Featureset , w,,),
15:  Predicted_Per[n] « PortfolioPer formacePrediction model(FeasiblePort folio);
16: end for
17: Weptima < argmax Predictedp,,)
18: return Wima
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Table 1- Comparison of portfolio return changes for changes in weighting method.

Portfolio Stock Names TXN CSCO NFLX AAPL VZ ACN WFC
Actual Return  0.024 0.017 0.011 -0.010 0.013 0.009 0.002 Portfolio return

Method Per_Learner 0.147 0484 0122 0.013 0.055 0.088 0.092 0.014
Eq-w 0143 0143 0.143 0143 0.143 0.143 0.143 0.009
MV 0.158 0.051 0.022 0.171 0.095 0.49 0.007 0.009
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Table 2- Comparison of per-learner portfolios returns for different stock return
prediction models.

Stock Weighting Model
Stock Selection Model Eq-w MVPE MVP  per-Learner

Per-learner CNN 4,018 9.441 -0.667 13.96
Per-learner LSTM 8.958 4.923 9.441 26.427
Per-learner RF  13.107 9.012 15.322 16.427
Per-learner DNN 4.093 6.066 10.404 23.536
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Table 3- Performance of per-learner and other portfolio formation methods.

Model AR% SD SR OR MDD%
Per-Learner-Istm 26.472 0.016 2.521 1.503 4,53
AABPC1 11357 0.029 0.756 1.588 1.86
AABPC2 17.362 0.031 1.064 4.195 0.571
ARMOPSO 19.028 0.012 2545 1.368 12.421
S&P500 3.744 0.009 0.657 1.437 12.031
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! Abnormal Return (AR) 4 Omega Rate (OR)
2 Standard Deviation (SD) > Maximum Damage (MDD)
3 Sharpe Ratio (SR)
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Table 1- The names of the stocks in the data set of this research.

AAPL NVDA BAC ABT PFE LLY DHR

MSFT \% INTC XOM KO TXN WFC
AMZN DIS NFLX T MRK QCOM UNP
GOOGL PG CMCSA WMT  PEP MDT C
GOOG UNH \/4 TMO CvX MCD MS
JPM HD ADBE CSCO NKE NEE HON
JNJ MA CRM AVGO ACN COST UPS




