INTRODUCTION METHODS

Background Training Structure
e US stock market has evolved a sophisticated information e Qur training approach for stock data uses a rolling structure: 10 for training, 5 for validation, and 1 for testing (figure 1).
system, enhancing market transparency and efficiency. e For the models that include hyperparameters (eg. regularization parameter), we tuned them using grid search on validation data.
e (Quantitative trading strategies are widely used by market
participants to manage large volumes of information. Models
e Specifically, machine learning (ML) have been a key 1. Elastic Net: a model combines Ridge regression’s parameter shrinkage with Lasso regression's feature selection, effectively limiting the model's degree of freedom. The
component of those quantitative strategies. objective function is: RSS + A * [(1 — «) *||8]], + a = ||8]|,]
e With ML models, market participants can make better 2. Random Forest Regressor: an ensemble learning method that builds multiple decision trees with L2 regularization. We also set limitations on maximum depth of trees, number
predictions of future stock prices and evaluate of trees, etc., to avoid overfitting.
corresponding risks of their portfolios. 3. Neural Networks: a deep learning model that aims to capture the deep, latent, and hierarchical representation of input features. We implemented three-layers and five-layers
e Therefore, our group implemented different ML models networks (we adapted NN35 to include the residual link and dropout technique), and their model architectures are shown respectively 1n figure 2 and figure 3.
to predict the the monthly excessive returns of these 4. Logistic Regression: the model applies multinomial classification with Ll regularlzatlon combining log-likelihood maximization with feature selection to efficiently handle
traded stocks, which helped optimize our portfolio multi-class problems and maintain a sparse solution. Expression: min- ZZ yir log (pix)] + AZ Bilw s,
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Our data of anaIYSiS 1S the Center for Research in Security ® Long_only Strategy: purchasing E E”
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| | | e With our predictions on excess returns, we used the two asset allocation strategies as described above.
Valuation | Performance Risk Analysis | Other e In 2008, the drops in long-short portfolio values were less pronounced than the drops in long-only.
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