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Abstract. Financial statements are pivotal for forecasting the future 

performance of stocks. Harnessing the random forest machine learning model, 

this study aims to enhance the prediction of quarterly stock returns by focusing 

on twelve critical financial indicators. This paper utilized Principal Component 

Analysis (PCA) for dimensionality reduction and feature selection, aiming to 

optimize the model's predictive accuracy. The dataset encompassed quarterly 

financial statements and stock data for the 100 constituent stocks of the 

NASDAQ 100 index from 2010 to 2020. The PCA analysis revealed that 

reducing the input features to six dimensions significantly improved the model's 

predictive performance, as indicated by Mean Squared Error (MSE) and Mean 

Absolute Error (MAE). This finding suggests that an overabundance of 

components can introduce unnecessary complexity, potentially detracting from 

the model's predictive capabilities. The feature importance assessment, 

conducted using the random forest algorithm, identified Volatility, Revenue 

Growth Rate, and Return as the most influential predictors. Notably, the optimal 

predictive performance was achieved with the inclusion of seven and five top 

features, respectively, highlighting the non-linear relationship between the 

number of features and model performance. This comprehensive study 

underscores the utility of the random forest model in predicting stock returns 

and emphasizes the critical role of dimensionality reduction and feature 

selection refinement in enhancing predictive accuracy. 
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1 Introduction 

The return on stock, as a fundamental instrument within the financial market, serves
as a prominent indicator of the performance of a specific stock. It is a crucial factor
considered when selecting an asset, as it can significantly enhance overall returns.
Predicting stock returns remains challenging due to market volatility, yet researchers
have persistently sought to improve prediction accuracy through various models.
Financial statements of a corporation reveal the potential and capabilities of a
company, providing valuable assistance in predicting stock returns. Traditional
financial models often have low prediction efficiency and incorporate a certain degree
of subjectivity. In contrast, recently popular Machine Learning (ML) models possess
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strong feature extraction and prediction capabilities, offering potential assistance in
predicting stock returns through the analysis of company financial data.

In recent years, artificial intelligence has made remarkable strides, with a
proliferation of machine learning algorithms such as Random Forest, Decision Trees,
and Logistic Regression. These algorithms have found wide application in various
domains, particularly in finance [1]. The existing research in this field is extensive.
For instance, Zhu introduces a credit risk prevention and control method that
combines Gradient Boosting Decision Tree (GBDT) with logistic regression [2],
utilizing key features to bolster the security of online credit funds in Internet finance.
Experimental results indicate that this algorithm enhances the model's application
efficacy. Moreover, Lakshmi et al. and BinMakhashen et al. employ multiple machine
learning techniques for stock value prediction, aiming to achieve optimal accuracy
and outcomes [3, 4]. The former focuses on predicting stock prices to maximize
profits in a shorter timeframe while minimizing risk. The latter, using 26 years of
TASI index transaction data, suggests that simpler ML models are generally more
adept at mid-term index price forecasting compared to more complex ML models.
Furthermore, Zhang and Tang propose a stock selection strategy that harnesses
machine learning techniques [5], with stock fundamentals as input variables.
Empirical evidence reveals that the multifactor quantitative stock selection strategy
demonstrates robust performance in stock selection, with the support vector machine
algorithm notably exhibiting the highest yield. An intriguing observation is that as the
number of factors increases, an inverse relationship between the fitting degree and
yield emerges across various algorithms. However, how to process and adjust
machine learning features, as well as how to tune machine learning model parameters
to achieve optimal learning and prediction performance, remain open questions.

This research aims to optimize the performance of the Random Forest model in
predicting stock returns, primarily through two key dimensions: feature optimization
and parameter tuning. In terms of feature optimization, this paper plans to employ
Principal Component Analysis (PCA) dimensionality reduction. Subsequently, the
Random Forest model will be utilized for feature selection to identify the most
influential features. These selected features will then be input into various machine
learning models to investigate the impact of different top-n feature counts on the
prediction results. Regarding parameter tuning, this study will explore and experiment
with various parameters of the Random Forest model to achieve optimal performance.
Ultimately, through comprehensive optimization strategies and comparison with a
baseline model, the goal is to achieve improved stock return prediction results,
demonstrating the effectiveness of the proposed optimization approaches.

2 Method

2.1 Dataset Preparation

The dataset for this study was sourced from two primary locations: Choice Financial
Data Terminal, a subsidiary of Eastmoney, was used to obtain quarterly financial
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statements for companies, while Yahoo Finance was utilized to gather stock data for
calculating quarterly Returns and Volatility. Specifically, this research focused on the
100 constituent stocks of the NASDAQ 100 index, including companies from various
sectors such as Apple, Tesla, and Coca-Cola. The data was indexed by individual
companies and quarters, and it includes the next quarter's returns as the output for the
machine learning model, along with financial statements, quarterly returns, and
quarterly volatility as inputs. The time range for the data was selected from the
beginning of 2010 to the end of 2019, covering 40 quarters over this decade and
totaling 4,000 raw data points.

From the extensive array of financial statement indicators, ten were selected for
this study, including numerical values and rates of change. These were Net Profit,
Operating Income, ROE (Return on Equity), Total Liabilities, Total Assets, Operating
Profit, Revenue Growth Rate, Profit Growth Rate, Debt Ratio, and Operating Margin.
Additionally, quarterly returns and volatility were calculated based on the daily
opening and closing stock prices of the companies. The return was calculated using
the formula.

Subsequently, each feature of the data was normalized using the formula Z =
(X − μ) / σ , with the being employed for this purpose. The dataset was then split
into training and testing sets, with the testing set accounting for 20% of the data.
Following these preprocessing steps, the training and testing sets were obtained for
training the Random Forest model.
2.2 PCA

Principal Component Analysis (PCA) is a commonly used data dimension reduction
technique [6-8]. It transforms the original data into a set of linearly uncorrelated
representations through linear transformation, and retains as much information as
possible from the original data. In machine learning, PCA serves as a preprocessing
step to reduce the number of features, thereby improving algorithmic efficiency. This
study aims to use PCA for dimension reduction of financial statements and explore its
impact on the effectiveness of predicting stock returns using the Random Forest
model.

To quantitatively assess the efficacy of the PCA implementation and the
subsequent impact on machine learning performance, two well-established metrics
were employed: Mean Squared Error (MSE) and Mean Absolute Error (MAE). These
metrics serve as reliable indicators of the prediction accuracy of the models, with
MSE providing a measure of the average squared difference between the estimated
values and the actual value, and MAE offering a direct measure of the average
magnitude of the errors in a set of predictions, without considering their direction.

Given that the dataset in this study was comprised of 12 input features, the range of
the number of components for PCA was strategically set from 1 to 12. This inclusive
range allowed for a comprehensive evaluation of how varying levels of

QuarterlyReturn = CloseEndQuarter/OpenBeginQuarter − 1 (1)
QuarterlyVolatility = StandardDeviation ∗ NumofTradingDays (2)
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dimensionality reduction would influence the machine learning models' performance.
By examining the models' responses across this spectrum, the study aimed to identify
the optimal number of components that would strike a balance between minimizing
information loss and enhancing model efficiency.
2.3 Random Forest

Random Forest is an ensemble learning method that constructs multiple decision trees
and combines their results through voting or averaging to obtain prediction outcomes
[9, 10]. Two significant characteristics of Random Forest are its application in stock
price prediction and its ability to assess feature importance. Stock price prediction can
be achieved by inputting macroeconomic indicators as features to build a Random
Forest regression model, which forecasts future stock price movements, including
predicting stock returns. In terms of assessing feature importance, the Random Forest
model can rank the importance of the provided features.

The process of feature selection in this study is based on the Random Forest
algorithm's ability to assess the importance of each feature. This is achieved by
examining how much each feature contributes to the model's predictive accuracy
when used in the decision-making process of the trees within the forest. The
algorithm provides a measure of feature importance that is used to guide the selection
of the most impactful features for the model.

By prioritizing these features, the study hypothesizes that the Random Forest
model will exhibit improved prediction performance. This is because the model can
focus on the variables that are most likely to have a significant impact on the
outcome, leading to more accurate and efficient predictions. The study also
anticipates that this refined approach will reduce the complexity of the model, making
it easier to interpret and potentially decreasing the time required for training.

This feature selection strategy is crucial for enhancing the model's performance in
a variety of financial and operational forecasting scenarios. The study's findings are
expected to shed light on the effectiveness of using Random Forest for feature
selection and its subsequent impact on model accuracy and efficiency.

3 Results and Discussion

3.1 The Performance of Models

When applying PCA in the experiment shown in Table 1, Fig. 1 and Fig. 2, it was
observed that there was a significant improvement in the predictive performance of
the machine learning model, as measured by MSE and MAE, when the number of
components increased from 1 to 2. This enhancement suggests that the additional
components were instrumental in capturing more of the data's variability. As the
number of components further increased to 6, both MSE and MAE continued to
decrease, indicating that the model was becoming more adept at utilizing the
information within the data, thereby enhancing the accuracy of its predictions.
However, beyond 6 components, there was a fluctuation in the performance metrics,
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which may imply that an excess of components introduced unnecessary complexity
that slightly detracted from the model's predictive power. In summary, the Random
Forest model achieved the best predictive performance for stock quarterly returns
when PCA was used to reduce the input features to six dimensions. This outcome
highlights the importance of judiciously selecting the number of components in PCA
to optimize the predictive capabilities of the model.

Table 1. Training results for PCA.

n_components MSE MAE

1 0.0347 0.1396

2 0.0248 0.1178

3 0.0243 0.1179

4 0.0237 0.1167

5 0.0239 0.1162

6 0.0233 0.1149

7 0.0239 0.1162

8 0.0241 0.1168

9 0.0237 0.1161

10 0.0237 0.1163

11 0.0237 0.1154

12 0.0234 0.1153

Fig. 1. The influence of Number of Components related to PCA in MSE
(Photo/Picture credit: Original).
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Fig. 2. The influence of Number of Components related to PCA in MAE
(Photo/Picture credit: Original).

In the feature importance assessment using the Random Forest algorithm, the study
identified Volatility (the previous quarter's rate of fluctuation), Revenue Growth Rate,
and Return (the previous quarter's return rate) as the top three influential features
shown in Table 2 and Table 3. By sequentially training the Random Forest model
with the top n most important features and comparing the MSE and MAE values
across various n shown in Fig. 3 and Fig. 4, it was observed that there was a
significant and substantial decrease in both metrics during the initial phase when n
ranged from 1 to 3. This suggests that the most critical features have a substantial
impact on the model's predictive accuracy. As the value of n increased from 3 to 12,
the MSE and MAE exhibited an overall pattern of fluctuation, indicating that the
addition of more features does not necessarily lead to a consistent improvement in
performance. Interestingly, the optimal performance, in terms of the lowest MSE and
MAE, was achieved when n was 7 and 5, respectively. This finding underscores the
non-linear relationship between the number of features and model performance.

Table 2. Features importance.
Feature Importance
Volatility 0.147

Revenue Growth Rate 0.111
Return 0.108

Profit Growth Rate 0.095
Return on Equity 0.087

Debt Ratio 0.084
Operating Margin 0.074
Operating Profit 0.063
Operating Income 0.061

Net Profit 0.058
Total Assets 0.057

Total Liabilities 0.055
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Table 3. Training results for n_features.
n_Features MSE MAE

1 0.0352 0.1414
2 0.0268 0.1241
3 0.0233 0.1148
4 0.0234 0.1147
5 0.0229 0.1124
6 0.0233 0.1137
7 0.0228 0.1129
8 0.0232 0.1129
9 0.0234 0.1141
10 0.0231 0.1130
11 0.0234 0.1137
12 0.0230 0.1126

Fig. 3. The influence of n_Features related to PCA in MSE (Photo/Picture credit: Original).

fluence of n_Features related to PCA in MSE (Photo/Picture credit: Ori
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3.2 Discussion

PCA Dimensionality Reduction: The notable enhancement in predictive
performance upon reducing the dimensions to two via PCA underscores the critical
role of capturing initial data variability for model accuracy. The consistent decline in
MSE and MAE as the dimensionality increases up to six dimensions indicates the
model's improving capacity to extract and utilize pertinent information, likely due to
the capture of secondary data patterns that bolster predictive accuracy. However,
performance metrics' fluctuations beyond six dimensions suggest the potential
drawbacks of overfitting, where the model might capture noise along with the signal,
thereby impairing its ability to generalize to new data. The optimal performance at the
six-dimensional level indicates a balance point where the model retains sufficient
complexity to reflect data patterns without excessive complexity, thus preserving
strong generalization capabilities. This insight is vital for practitioners utilizing PCA
for feature reduction, offering guidance on the number of dimensions to consider for
balancing model intricacy and predictive proficiency.

Feature Importance: The oscillation in MSE and MAE as the number of features
varies from three to twelve implies an optimal feature count that maximizes the
model's predictive potential. The lowest MSE and MAE achieved with seven and five
features, respectively, suggesting that a moderate feature count is more beneficial than
an insufficient or excessive number. This highlights the necessity of a well-balanced
feature set that captures essential information without introducing excessive noise, a
key to preventing overfitting and ensuring model robustness in practical applications.

Relationship Between Key Features and Returns: Identifying Volatility, Revenue
Growth Rate, and Return as the most impactful features offer insights into the
decision-making factors for investors. Volatility signifies the interplay of risk and
potential returns, crucial for investors balancing risk and reward. The Revenue
Growth Rate reflects a company's financial vitality and profit-making potential, a
significant indicator of future performance and a rational predictor of stock returns.
The previous quarter's Return influences investor sentiment and expectations,
significantly affecting short-term stock prices.

4 Conclusion

This study offers a thorough examination of the use of the Random Forest model for
predicting stock returns on a quarterly basis, emphasizing the reduction of input
feature dimensions and the refinement of feature selection processes. With a
deliberate approach to parameter selection, the study has managed to boost the
model's predictive efficiency and uphold a high degree of accuracy in its forecasts.
The methodological approach included utilizing the PCA algorithm for
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dimensionality reduction to condense the data and extract pivotal information.
Subsequent training of the Random Forest model, coupled with feature selection
based on the model's own importance metrics, led to an iterative training phase
designed to refine the model's performance. The findings from the experiments
confirm that PCA's role in reducing data dimensions and the feature selection process,
guided by the model's feature importance rankings, both play significant roles in
enhancing the Random Forest model's predictive accuracy for stock return forecasting.
However, the research is confined by the limited selection of features. It would be
advantageous for subsequent studies to expand the feature set to include a more
extensive array of financial data to yield results with broader applicability.
Furthermore, while the Random Forest model has demonstrated satisfactory
predictive accuracy, there is potential for further improvement. The integration of a
more comprehensive set of company and market data is recommended to achieve
more precise forecasting of stock returns.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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