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Abstract—In this paper we investigate the superior machine
learning method for the prediction of the American stock return
base on its past data. The algorithmic trading space is rich with
new strategies. Companies have spent billions in infrastructures,
research, and development to be able to jump ahead of the
competition and beat the market. Still, it is well acknowledged
that the buy and hold strategy is able to outperform many of
the algorithmic strategies, especially in the long-run. However,
finding value in stocks is an art that very few mastered, can a
computer do that? We developed a method called FAMA 70 and
found the surprising high performance of non-linear models.

Index Terms—Market Forecasting, Feature Selection, Feature
Investigation

I. INTRODUCTION

The stock market is a complex and chaotic dynamic system
with both the characteristics of randomness and systematic
component. And since the market is not a perfect ideal envi-
ronment only made of rational people, the noises that cannot
be explained by traditional economic theories which have the
assumption that people are all rational should be addressed.
Meanwhile, there are many different kinds of factor could be
used to forecast the stoke value. The field of financial forecast
has been working on developing methods that could efficiently
catch the hidden relationship of those factors. Varies Artificial
Neutral Networks(ANN) have been developed in order to
achieve better results. To analyze the data across a relatively
long period of time, Real-time recurrent learning[2] was the
most simple method, however, its constant back-propaganda
action makes it extremely insufficient to deal with long term
market with many factors. Thus, Long Short-Term Memory[1]
has been introduced as a common method, which utilizes its
special gate mechanism, and removes the unnecessary gradient
to produce a highly efficient but also low error rate result.
Also, the Support Vector Machine[3] is a classic classification
method able to produce a robust result by learning to split the
high-dimensional feature space as far as possible. The active
need from the quantitative analysis field is an example of the
importance of the study in ML financial forecast and the need
to develop methods with higher performance.

II. LITERATURE

The Capital Asset Pricing Model[4] is one of the funda-
mental theories in the modern economy to predict the capital
market, and it suggests using only one factor, the systematic
risk β, to predict the stock return with the regression method.
Fama-French Three-Factor Model[5] is an expansion on the
CAPM, while noticing the deficiency of only using β as a
factor, the Fama-French Three-factor model added two extra

factors,(i)market capitalization and (ii)book-to-market ratio,
to make the model more well rounded. Later, the Fama-
French Five-factor Model[6] has been developed in addition
to the original three-factor model by adding the two factors:
(i) profitability and (ii) investment, to fill the drawbacks of
the original method. In general, CAPM, Fama-French Three-
Factor Model, and Fama-French Five-Factor Model are all
linear regression methods with different number of factors.

A. Lasso, Ridge, and Elastic Net

While considering machine learning methods, linear models
are commonly used, aside from the simple linear regression,
regularized regression is a more advanced method with higher
performance and fewer weak points. The Lasso[7] is a classic
L1-regularized linear model with an effective effect on dealing
with data with multicollinearity. Such as:
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For a data set with M instances and p features, the Lasso
adds a penalty for weight with large magnitude compare to
the Ordinary Least-Square(OLS) cost function. Because the
penalty is base on the magnitude of the weight coefficient,
thus, it could reduce some coefficients to zero and produces
a sparse model, so it helps feature selection encountering a
huge number of features. The Ridge[8] is an L2-regularized
linear regression, similar to the Lasso, it also added a penalty
to the OLS cost function as such:
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The Ridge adds the square of the weight coefficient as the
penalty, compare to OLS and the lasso, it has a high effi-
ciency at reducing over-fitting, however, it does not reduce the
coefficients to zero. While each Lasso and Ridge has its own
advantages, the Elastic Net[9] combines the two and formed
as such:
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With both the L1 and L2 regularization embedded into the
cost function, the elastic net has both features from the two
methods.



B. Decision Trees and Random Forest

For nonlinear models, the decision trees are the fundamental
elements. It is a tree structure split by information entropy
and a simple fundamental model could be easily interpreted.
The random forest[10], as its name suggests, creates many
trees with each one learns from a piece of the sample that
is randomly selected through the bootstrapping method. And
averaging each tree’s prediction in the end. Such a bagging
method could have a better result against the noise compare
to one single decision tree.

III. CONTRIBUTIONS

The FAMA 3/5 models have their own limitations, and we
optimized them in mainly two ways. On the one hand, we
added more factors to tune the model; on the other hand,
instead of using only linear regression like what the FAMA 3/5
models did, we use both linear & non-linear machine learning
methods. The model that we developed using 70 factors and
much more sophisticated machine learning methods is named
FAMA 70 factor model.

IV. STRUCTURE

In section V we describe the strategy we use to clean the raw
data and the methodology to choose the super-parameters for
the models. In addition to that, we also show our approach
to test the models we got. In section VI we present the
computational result. Specifically, in section VI.A, we present
the comparison of the four linear models. In section VI.B, we
have our two nonlinear model results compared. In section
VII, we discuss the results among all the models and show
an unusual finding. We also did a feature investigation on the
linear and nonlinear models to explain the possible reasons for
our finding.

V. METHODOLOGY

We use various fine-tuning methods to find the most
optimized parameter for each model. An advanced testing
method is applied in order to value the performance. The
dataset we are using is created by Carbone[11] who publicly
released this dataset on Kaggle. The code and the dataset could
be addressed at https://github.com/Deemocean/FAMA-70. The
computation is powered by a single RTX 3090 with various
run times when training different models.

A. Data Processing

For the purpose of reducing outliers, we investigated shares
with unusual gains, as we set the threshold to a 500% increase,
we plot those ”top-gain” stocks individually. And we found
some stocks have a flat increase curve which is natural for
the market, and that indicates the high possibility of these
stocks being outliers due to mistyping in the process of data
collecting. We also realized the existence of 0-value and
missing value in the data. For entries of data with more than
5% Nan or 0-value, we drop it, otherwise, we fill in with the
average value.

B. Testing Methodology

To avoid over-fitting, we used the cross-validation method.
Specifically, we split the data into five folds of training&testing
sets(with a ratio of 8 to 2) Because the samples are not
balanced in terms of the state of increase, we made each fold
has the same percentage as the initial data. For the fine-tuning
of the λ weight coefficient for the L1 and L2 regularization
and other parameters, we did grid search cross-validations to
find the most optimized values.

VI. COMPUTATIONAL RESULTS

In this section we first present results on Linear Models,
followed by the performance of the nonlinear models. And
we also did a feature investigation on the models as well.

A. Linear Model Results

Fig. 1. Cost Comparison of Linear Models

Figure 1 presents the results on linear models including sim-
ple linear regression with OLS, the Ridge, the Lasso, and the
Elastic Net, with a score of 1117.037, 1067.968,1039.405, and
1048.039, respectively. We noticed that the Lasso regression
has the lowest cost result as representing the best-performed
model among all the Fama-70-factor linear models.

B. Non Linear Model Results

As shown in Figure 2, Among the two nonlinear models
Random Forest behaves the best with the lowest cost score of
913.519 compare to Decision Tree’s 1008.848.

VII. DISCUSSION

As shown in Figure 3, among all the models, decision
trees and random forest having the lowest cost score which
indicates the nonlinear models generally outperform the linear
models including OLS, Ridge, Lasso, and Elastic Net. And we
also noticed the surprising high performance of the decision
trees. Consider decision trees has a relatively simple structure
compare to Ridge, Lasso, and Elastic Net. In theory, those
more complex regression methods should have a better result.
As the simple nonlinear based regression method results better



Fig. 2. Cost Comparison of Non-Linear Models

Fig. 3. Cost Comparison of All Models

Fig. 4. Feature importance of the Lasso Model

Fig. 5. Feature importance of the Random Forest Model

than complex linear based regression methods, it indicates
the existence of feature interactions and the nonlinear char-
acteristics in the data. Figure 4 and Figure 5 give the top
20 important features selected by the Lasso Model(The best
behaved linear model) and the Random Forest Model(The best
behaved nonlinear model). Even though the data itself is linear,
but the two models have very different feature selection results,
which further proves the non-linearity existence in the stock
market indicates. While current models are generally being
linear, it is vital to capture all the richness of financial data
by using nonlinear models.

VIII. CONCLUSION

The stock market has its patterns while having noises and
randomness. There are many linear forecast models are being
used to predict the market, but most of them are based on
linear models. However, as the result we got from our experi-
ment, the nonlinear method outperformed those linear models,
which suggests the nonlinearities in the market. Meanwhile,
nonlinear models are often criticized for the reason of being
hard to interpret compare to linear models, however, using the
feature importance plots, we can identify the critical features
as obvious as investigating linear models. Thus, there is a
considerable richness for developing nonlinear methods for
ML trading strategies.
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