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ABSTRACT. The improvements in machine learning algorithms have spurred
their application in various fields. In this paper, we consider the use of machine
learning in financial forecasting. Our review consists of two parts: data driven
approaches and model-based solutions. We discuss state-of-the-art literature
in this field and analyze future trends.

1. INTRODUCTION

The recent successes of machine learning applications in fields such as com-
puter vision, speech recognition, and recommender systems have galvanized in-
terest from researchers in other fields [1, 1, 18, 21]. There has been an enormous
effort across a range of scientific fields to apply machine learning method. In par-
ticular, machine learning has been applied in time series forecasting. There exist
different fields of time series forecasting such financial, meteorological, astronom-
ical, biological, and others. Financial forecasting is arguably the most popular
subfield of time series analysis. A great number of research exists on applying
machine learning to forecast the future price of an asset. In this paper, our goal
is to present the current trends in research related to the use of machine learning
for financial forecasting.

The application of machine learning to financial forecasting can be grouped
into two parts: data preprocessing and learning algorithms. The data prepro-
cessing addresses issues such identifying and selecting important feature in the
data, imbalanced and missing data. The learning algorithms are used to analyze
the data to build predictive models. There exists a plethora of machine learning
algorithms that can be used to build predictive models such neural networks,
support vector machines, random forests and other. Arguably the most popular
method is deep learning which is based on multilayer neural networks. Further-
more, there are different types of deep learning methods that allow to learn from
sequential data such as recurrent neural networks (RNNs) and long short-term
memory (LSTMs). A correct combination of data-based and algorithm-based ap-
proaches can determine the success of machine learning in financial forecasting.
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Our paper is structured as follows. In Section 2, we discuss the data driven
methods in financial forecasting such as feature selection, imbalanced data, and
missing values. In Section 3, we present an overview of machine learning algo-
rithms for constructing forecasting models. And Section 4 concludes with brief
summary remarks.

2. DATA DRIVEN METHODS

Data preprocessing is an important step in many machine learning pipelines.
In order to achieve the optimal results the data must be appropriately prepared

[10].

2.1. Feature selection. One of the common issues in machine learning applica-
tions including forecasting is high number of features. For instance, in predicting
the next day SP500 index one can consider the values of the 500 constituents.
Given that many share prices in SP500 are correlated, having all of them in the
input may lead to undesirable outcomes. Another issue with too many features in
the computational complexity. A high dimensional dataset takes a long time to
train. And finally, high dimensional data is prone for overfitting. To ameliorate
the issues related to high dimensional data the it is often advised to reduce the
number of features [23].

There exist a number of approaches to feature selection. The most popular fea-
ture selection method is called filtering where the features are ranked and selected
based on some metric. Information gain and chi squared are two of the commonly
used metric for feature evaluation. For continuous features, F-measure and corre-
lation can also be used. However, filter methods from a major drawback which is
feature interactions. Filter methods do not take into account interactions between
features. Feature interactions can have a drastic effect of feature importance. To
address the issue of feature interactions, a variance decomposition-based feature
selection method was recently proposed in [7, 15]. By decomposing the target
variable variance into its sources based on input variables in an orthogonal fash-
ion allows taking into account feature interactions. Another simple, yet powerful
feature selection method was introduced in [20]. The features who are closest
to the target variable with respect to the L2 norm are selected. The geometric
nature of the feature selection approach means that it can be applied in a variety
of situations.

2.2. Imbalanced data. Imbalanced data refers to skewed distribution of the
target variable. It occurs in a range of machine learning application including
medicine, intrusion detection, finance, and others. In financial forecasting, im-
balanced data occurs in the context of direction prediction. Financial assets that
are experiencing a period of growth or a period of decline will have a skewed dis-
tribution of the directional variable. For instance, the price of bitcoin has been
consistently increasing over the last 2 years. Hence if we consider forecasting
the directional change of bitcoin price there would be substantially more positive
changes than negative changes. Another case where imbalanced data occurs is
in forecasting significant changes in stock price. The price of the stock in most
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cases is relatively stable on a daily basis with significant fluctuations happening
in rare cases. Thus we obtain imbalanced distribution between significant and
nonsignificant price changes.

Imbalanced data has a negative impact on the performance of machine learning
models [19]. To combat imbalanced data there are number of approaches: cost-
sensitive approach, sampling methods, and one class learning. In cost-sensitive
approach the the weight the minority class points is made higher than the weight
on the majority class points. Consequently, the cost of misclassifying the minor-
ity point increases forcing the classifier to learn the minority patterns. Sampling
methods achieve a balanced dataset by either reducing the number of majority
point or increasing the number of minority points. In one-class learning the minor-
ity points are learned independently of the majority points. Sampling techniques
are the most popular approaches [3, 22].

In oversampling, the number of minority points is increased to balanced with
the majority points. One of the earliest attempts in this direction is the SMOTE
algorithm, where a new minority point is synthetically generated between neigh-
boring points [2]. There are also other methods that mimic the idea of SMOTE
including ADASYN and Borderline-SMOTE [6, 5]. More recently kernel density
estimation has also been used to approximate the underlying distribution of the
minority points and use it to generate [I1]. Gamma distribution has been used
to generate new minority points between the existing neighboring points [12].

3. DEEP LEARNING FOR FINANCIAL FORECASTING

Deep learning has been widely used in many applications including financial
forecasting. Since financial forecasting is based on time series data, special types
of neural networks such as RNNs and LSTMs have been used in such cases. RNNs
are designed specifically to handle sequential data. In RNNs, the predicted value
from the previous time step is used as an input for predicting the value in the
next time step. One of the issues with RNNs is the exploding gradient problem
where the value of the gradient during the backpropagation procedure become
extremely large. In order to address the exploding gradients issue the LSTM
model was proposed. LSTMs use special gates to control the flow of information
inside the network. LSTMs are currently the preferred type of neural network for
financial forecasting.

In [9], the authors investigated the use deep learning to forecast the SP500
index. The input for the forecasting model are the past index values and the
output is the next-day index value. A similar work was carried out in [11]. In
[10], the authors looked at forecasting the significant fluctuations in stock prices
using deep learning. In particular, LSTM was used to predict changes in stock
price above 1 standard deviation from the historical mean. This approach allows
to forecast the stock volatility.

One of the key question in financial forecasting is the choice between return
and price values. Although price and return are closely related, they represent
slightly different quantities. Thus, the choice between the share price and return
can potentially play an important role in the model performance. This issue was
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addressed in [3], where the authors analyzed the effects of price vs return on the
performance of deep learning models. The results showed that price is a better
predictor than return in deep learning model. However, the difference become
negligible when other technical inputs are used.

4. CONCLUSION

Machine learning has become a popular tool in financial forecasting. It has
been used in various subfields including stock price forecasting, index forecast-
ing, exchange rate forecasting, and many others. In this note, we reviewed the
current literature and issues surrounding the application of deep learning for fi-
nancial forecasting. Our review consisted of two parts: data-driven approaches
and model-based approaches. In data-drive approaches various preprocessing
strategies such as feature selection and imbalanced data have been discussed.
For model-based approaches, the use of deep learning algorithms such as LSTM
were discussed in the context of stock price prediction.
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