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Abstract. Profitability is a critical indicator highly valued by potential investors.
However, this indicator is often constrained by human bounded rationality and
management's manipulative incentives, which compromises the relevance and
reliability of financial reporting. This paper selects financial data of Chinese
listed companies from the CSMAR database covering the period from 2001 to
2022 as the sample and employs machine learning algorithms to predict their
future profitability. The empirical results indicate that machine learning can ef-
fectively improve the accuracy of financial forecasting. Specifically, by utilizing
the decision tree model, this study provides investors with theoretical support and
practical modeling tools for analyzing corporate profitability. Compared with tra-
ditional financial forecasting, machine learning algorithms can automatically
learn patterns from historical data and capture more complex influencing factors.
By analyzing massive multi-source data—including financial and non-financial
data, industry information, and real-time market changes—these algorithms fa-
cilitate a more comprehensive and dynamic prediction of future financial perfor-
mance.
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1 Introduction

Profitability prediction essentially falls within the scope of pattern recognition in com-
plex systems. Currently, forecasting methods commonly used in practice include the
weighted average method, moving weighted average method, and linear regression.
While these methods are logically simple, they often rely on strict linear assumptions
and struggle to capture the non-linear characteristics inherent in financial data. With
the rise of big data technology, machine learning methods are being increasingly ap-
plied to practical scenarios. Accordingly, this study selects the Decision Tree Model to
investigate the profitability prediction of Chinese listed companies.

The Decision Tree Model is capable of automatically learning complex non-linear
patterns from historical data. It imposes no strict assumptions on data distribution and
possesses strong interpretability, intuitively demonstrating the key decision paths that
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influence profitability. Given that this paper utilizes data from the CSMAR database
covering a long period from 2001 to 2022 with a substantial sample size, exhibiting
distinct big data attributes, the Decision Tree Model is particularly suitable for analys-
ing the profitability of listed companies characterized by such high dimensionality and
large scale. This paper applies this model to financial forecasting across all industries,
aiming to leverage its advantage in mining deep data patterns to provide a more trans-
parent analytical tool for investment decision-making in the big data environment.

1.1 Literature Review

Early research on corporate profitability prediction primarily focused on statistical anal-
ysis methods based on financial ratios. Classic Logit regression models laid the foun-
dation for financial forecasting. However, traditional methods are mostly based on lin-
ear relationship assumptions and impose strict requirements on statistical data distribu-
tion (such as normal distribution). Consequently, it is difficult for them to effectively
capture the non-linear characteristics and complex interactions prevalent in financial
data within the big data environment (Balcaen & Qoghe, 2006)!!1,

With the development of big data and artificial intelligence technologies, academia
has begun to widely adopt machine learning algorithms to overcome the limitations of
traditional statistical models. Extensive empirical research indicates that machine learn-
ing is significantly superior to traditional statistical methods in processing high-dimen-
sional data and non-linear patterns. For instance, Olson et al. (2012) compared the per-
formance of decision trees, artificial neural networks (ANN), and support vector ma-
chines (SVM) in financial prediction, and the results demonstrated that machine learn-
ing algorithms possess significant advantages in prediction accuracy!?..

Among numerous machine learning algorithms, the Decision Tree Model has gar-
nered significant attention due to its unique advantages. Although neural networks offer
high prediction accuracy, their "black-box" nature results in a lack of interpretability,
making it difficult for investors to understand the specific decision logic. In contrast,
the Decision Tree Model can not only handle non-linear relationships but also possesses
strong interpretability. When constructing business failure prediction models, Gepp et
al. (2010) pointed out that decision tree classifiers can intuitively demonstrate the crit-
ical paths affecting corporate survival while maintaining high prediction accuracy,
which has important guiding significance for investment decisions®l. Furthermore, re-
garding the characteristics of the Chinese capital market, some scholars have noted that
decision trees can effectively handle missing data and outliers, making them better
adapted to the data environment of emerging markets where information disclosure
may be imperfect (Li et al., 2016)[4. Therefore, in the era of big data, utilizing the De-
cision Tree Model to mine profitability patterns from the massive financial and non-
financial data of listed companies has become an important approach to enhancing the
relevance and reliability of predictions.

1.2 Contributions of this Paper

The main contributions of this paper lie in: on the one hand, exploring the construction
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of profitability prediction models in the context of big data, which not only enriches the
theoretical research in related fields but also provides a powerful tool for stakeholders
such as analysts, investors, shareholders, and creditors to accurately predict a compa-
ny's profitability, thereby promoting the high-quality development of the financing
market. On the other hand, introducing decision tree models from machine learning into
the profitability prediction of Chinese listed companies has effectively improved the
prediction accuracy while also expanding the application scenarios of machine learning
algorithms in the financial field.

2 Methodology

2.1 Overview of Decision Tree Models

A Decision Tree is a non-parametric supervised learning method based on tree struc-
tures, which can be used for both classification tasks and regression analysis. In this
study on the prediction of profitability of listed companies, Decision Tree Regression
is primarily adopted to predict continuous financial indicators (such as Return on As-
sets, ROA)P, Unlike traditional Linear Regression models that rely on linear assump-
tions between features, decision trees use a "Divide and Conquer" strategy to recur-
sively partition the feature space, thereby generating a series of "If-Then" decision
rules. This non-parametric characteristic gives it significant advantages in handling the
non-linear relationships, interactions, and high-dimensional complex data commonly
found in financial data. The construction process of a decision tree is essentially a re-
cursive partitioning process. The algorithm starts from the root node, selects the optimal
feature and split point, and partitions the dataset into two or more subsets, such that the
purity of the target variable in each subset is higher (for classification) or the variance
is smaller (for regression). This process is repeated until a predefined stopping condi-
tion is met (such as the tree reaching its maximum depth, or the number of samples in
a leaf node being below a threshold). Finally, each leaf node represents a prediction
value, where in regression tasks, this value is typically the mean of the target variable
of all training samples within the node.

2.2 Node Partition Criteria

The core of decision trees lies in how to choose the "optimal partition attribute." Dif-
ferent decision tree algorithms adopt different partition criteria, mainly including mean
squared error for regression and information gain rate and Gini coefficient for classifi-
cation.

Mean Squared Error (MSE). For regression tasks when constructing a regression tree
for profitability prediction, the commonly used partition criterion is minimizing mean
squared error. MSE measures the sum of squared deviations between data points and
their predicted values (usually the mean). The model attempts to find a split point that
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minimizes the sum of MSEs of the left and right subsets after partitioning, thereby mak-
ing the data within the subsets as concentrated as possible.

Gain Ratio (Information Gain Ratio). When dealing with discrete financial features,
the algorithm introduces Gain Ratio to select the splitting attribute. Traditional Infor-
mation Gain tends to choose attributes with more values, which may lead to overfitting.
To overcome this flaw, Gain Ratio corrects this by introducing "Intrinsic Value" (IV)
as a penalty term. The calculation formula is as follows:

Gain(D, a)

Gain_ratio(D, a) = V@
Among them, the intrinsic value IV(a) of attribute a is defined as:
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The formula indicates that the more possible values attribute a can take, the higher
the value of IV(a) is usually, thus penalizing information gain in the denominator.
When making specific selections, the algorithm typically employs heuristic strategies:
first identifying attributes with information gain above the average from the candidate
attributes, and then selecting the one with the highest gain rate as the splitting attribute.

Gini Coefficient. The CART (Classification and Regression Tree) algorithm uses the
Gini coefficient to measure the purity of a dataset when dealing with classification
problems. The Gini coefficient reflects the probability that two randomly selected sam-
ples from the dataset D have inconsistent class labels. The smaller Gini(D), the higher
the purity of the dataset. Its calculation formula is:
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When selecting attribute a for partitioning, choose the attribute that results in the
minimum Gini index after partitioning. The Gini index of attribute a is calculated as
follows:

SILM
Gin_index(D, a) = Z W Gini(D?)
v=1

2.3 Analysis of the Advantages and Disadvantages of the Model

Based on the above principles, the decision tree model exhibits the following char-
acteristics in financial data analysis:
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Main Advantages of the Decision tree Model.

Decision trees are non-parametric models, which do not need to assume that the data
obey normal or linear distributions, and can naturally simulate the nonlinear rela-
tionship between financial indicators.

Compared with the "black box" characteristics of neural networks, the tree structure
generated by decision trees is intuitive and clear, making it easy to show investors
the logical path of profit forecasting.

Equations should fit into a two-column print format and be single spaced.

It can effectively handle missing and outlier values, relying only on valid feature
data on that node when segmenting.

Main Limitations of the Decision tree Model.

3

If left unrestricted, decision trees tend to grow too lushly, capturing noise in the
training data rather than universal patterns. This is usually solved by "pre-pruning"
or "post-pruning" to control the depth of the tree.

Decision trees are more sensitive to small changes in data. A small amount of vari-
ation in the training set can lead to a completely different tree structure, which is
often improved by ensemble learning (such as random forests).

The decision tree adopts the Greedy Approach, selecting the local optimal solution
at each step, which cannot guarantee the global optimum.

Research Design

3.1  Sample Selection

This experimental data originates from the CSMAR database, using the financial da-
taset of Chinese listed companies from 2001 to 2022 as the research sample. The orig-
inal data includes a total of 70,845 valid records, covering 38 types of financial indica-
tors such as net profit margin on total assets, total asset turnover, and debt-to-asset ratio.
The distribution of variable data is shown in Table 1.

Table 1. Descriptive statistics of the sample

Variable Sanple Mea Standard De- Mini 25th Per- Media 75th Per- Max
Name Count n viation Value centile 1an centile Value
ReA“Sl;‘;tS"“ 70845 0.04983 0.044634 0084413 0.020955  0.04625 0073363  0.185831

Total As-
set 70845 0.577653 0.315163 -0.12829 0.348522 0.54624 0.750293 1.565852
Turnover

3.2 Predicted Variable

Corporate profitability refers to a company's ability to achieve profits within a certain
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period, which is an important reflection of its operational and management level. The
quality of profitability directly affects the survival and development of the enterprise.
Predicting a company's future profitability is of great significance, which is crucial for
stakeholders such as investors, management, suppliers, and customers. The study
adopts the return on assets (ROA) as the predicted variable. It is calculated as net profit
divided by average total assets, reflecting the efficiency of a company in using its assets
to generate profits. The higher this indicator, the stronger the profitability of the com-
pany's assets.

3.3 Predicted Variables

Based on existing research on corporate profitability and the availability of data, the
study selected 38 variables as input values (predicted variables) for the model, mainly
from four dimensions: profitability, solvency, operational efficiency, and growth po-
tential.

3.4  Code Implementation

This experiment uses Python code, and the core code of the experiment is shown in
Figure 1:

1 import pandas as pd
2 import numpy as np

3 from sklearn.tree import DecisionTreeRegressor

4 from sklearn.model_selection import train_test_split, GridSearchCV

5 from sklearn.metrics import r2_score, mean_absolute_error

6

7 # Core model training and evaluation

8 X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3,

9 random_state=42)

10 grid_search = GridSearchCV(DecisionTreeRegressor(random_state=42),

11 {'max_depth': [2,3,5,7], 'min_samples_leaf': [1,2,4]},
12 cv=5)

13 grid_search.fit(X_train, y_train)

14 print(f"Test R2: {r2_score(y_test, grid_search.predict(X_test)):.4f},

15 MAE: {mean_absolute_error(y_test, grid_search.predict(X_test)):.6f}")

Fig. 1. The core procedure of decision tree

3.5 Empirical Results

The training and parameter tuning process of the decision tree regression model for
predicting the profitability of listed companies is implemented based on grid search
(GridSearchCV), traversing 3 sets of max_depth, 2 sets of min_samples_split, and 2
sets of min_samples_leaf parameter combinations. This parameter combination effec-
tively avoids overfitting while ensuring the model's fitting effect, balancing the inter-
pretability and generalization ability of the model. The decision tree structure for pre-
dicting corporation ROA is shown in Figure 2.

In addition, the decision tree model also presents the top ten most important indica-
tors affecting profitability prediction, see Figure 3. These indicators provide a reference



142 Z. Wu and Y. Xiong

for profitability prediction and also serve as a basis for enterprises to improve their
operational conditions.

Figure 1: Corporate ROA Prediction Decision Tree Structure

Return on Total Assets

Return on Current Assets 0.0408

Retumn on Equity 4l 0.0125

Financial Expense Ratio -fi 0.0099

Return on Fixed Assets - 0.0087

Sustainable Growth Rate § 0.0059

Feature Name

Return on Assets_lag1 § 0.0055

Debt-to-Asset Ratio 4 0.0033

Tangible Debt-to-Asset Ratio 4 0.0020

Equity Multiplier 4 0.0011

00 02 04 06 08
Feature Importance

Fig. 3. Decision Tree Model Feature Importance Ranking (Top 10)

A decision tree regression model built using Python ecosystem libraries achieved
high-precision prediction of ROA on over 70,000 financial data points of listed com-
panies. The model's test set R? reached 0.8652, with stable error metrics across various
indicators, confirming the effectiveness and practicality of the decision tree algorithm
in financial indicator prediction scenarios. This provides reliable technical support for
financial risk assessment of listed companies. Specific data fitting results are referenced
in Figure 4.
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Fig. 4. Test Set ROA Actual vs Predicted Values Scatter Plot

4 Review of Corporate Financial Condition Forecasting

4.1 Traditional Corporate Financial Condition Forecasting Methods

Traditional corporate financial condition forecasting methods primarily rely on the
analysis of a company's historical financial data, using past financial trends to predict
future financial performance. These methods include financial ratio analysis, trend
analysis, regression analysis, etc. Financial ratio analysis calculates and compares fi-
nancial indicators such as profitability, solvency, and operational efficiency to help
businesses assess changes in their financial condition. Trend analysis observes the his-
torical changes in indicators like revenue, costs, and profits to predict future financial
trends. Regression analysis establishes models relating financial indicators to other in-
fluencing factors to forecast future financial outcomes.

Taking Vanke, a real estate company listed in China with the stock code 00002, as
an example, the company's ROA data over the past 10 years are shown in Table 2.

Table 2. Vanke Financial Information

YEAR 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

ROA 4.13% 3.82% 3.79% 4.25% 3.41% 3.19% 3.22% 3.19% 3.17% 1.96%
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This article will adopt the Moving Average, 5-Year Moving Average, and Linear
Regression Method, and the results of the profitability forecast are shown in Table 3.

Table 3. Traditional forecasting methods

Traditional Predic- Return on Assets Return on Assets Prediction Error
tive Methods (True) (Pred)

Simple Average 0.021371 0.0445 0.023129
Method

5-Year Moving Av- 0.021371 0.0301 0.008729

erage

Linear Regression 0.021371 0.0285 0.007129

Method

The characteristics of traditional financial forecasting methods are relatively simple
calculations, easy to understand and implement. They primarily rely on historical data
and experience assumptions, assuming that past trends will continue in the future.
Therefore, they are widely used in financial management, especially in relatively stable
market and economic environments. However, traditional methods are typically based
on linear relationships, making it difficult to capture complex nonlinear changes and
interactions among multiple factors. Their predictive accuracy depends on the stability
of the data and the continuity of past experience, and their effectiveness may be limited
when facing rapidly changing markets or extreme situations. Additionally, traditional
corporate financial condition forecasting methods rely less on external information,
usually only using internal financial data of the enterprise, ignoring the impact of in-
dustry changes, macroeconomic fluctuations, and market competition. The limitations
of these methods become more apparent in dynamic and uncertain business environ-
ments, where managers may be unable to respond promptly to sudden market changes
or financial crises. This makes traditional methods more suitable for enterprises or mar-
ket environments with stable historical data and controllable future changes.

4.2  Intelligent Enterprise Financial Condition Forecasting Methods

Methods for predicting the financial condition of digital-intelligent enterprises are mod-
ern financial forecasting tools based on digital and intelligent technologies. Through
means such as big data, artificial intelligence, machine learning, and automation tech-
nology, they help businesses predict their future financial performance more compre-
hensively and dynamically. These methods not only rely on traditional financial data
but also combine a large amount of external data, such as market trends, competitor
dynamics, and the macroeconomic environment, enabling them to capture more com-
plex influencing factors.

The greatest feature of digital-intelligent methods lies in their ability to process large
amounts of data. Unlike traditional methods, digital-intelligent methods can analyze
massive amounts of data from multiple sources, including financial data, non-financial
data, industry information, and real-time market changes. This makes the predictions
more comprehensive and able to identify hidden trends and anomalies,
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Taking Vanke Company as an example, the ROA predicted using the decision tree
model was 2.52%, with an error of 0.00384 compared to the actual ROA, as shown in
Table 4. This indicates that the use of intelligent technologies such as machine learning
offers higher accuracy and stronger foresight than traditional methods.

Table 4. Profitability Prediction Based on Decision Tree Model

Stock Code Reporting Stock abbre- Return on As-  Return on As-  Prediction Er-
Year viation sets (True) sets (Pred) ror
000002 2022 Van;;ﬂg"” 0.021371 0.024071 0.0027

Through machine learning and deep learning models, digital-intelligent financial
prediction systems can automatically learn patterns from historical data and adjust
when encountering new data. This dynamic adjustment capability makes predictions
more flexible, especially when facing uncertainty or market changes. Digital financial
prediction systems can update predictions in real-time, providing more timely decision
support. Additionally, digital financial prediction can achieve real-time data collection,
processing, and analysis through automated systems, allowing managers to obtain the
latest prediction results at any time without waiting for periodic financial reports or data
updates. This enables businesses to identify potential financial risks more quickly, op-
timize resource allocation, and enhance decision-making efficiency.

5 Conclusion

The study found that while machine learning and other algorithmic models have good
judgment in predicting future trends, their explanatory power for results is still lacking,
and they lack strong persuasiveness. Therefore, to enhance the persuasiveness of the
results, it is necessary to incorporate micro-level considerations of real-world business
scenarios. This means that when providing consulting and predictive services to busi-
nesses, it is essential to combine big data macro-level predictions with micro-level busi-
ness scenarios. Machine learning algorithm models can be used to enhance traditional
financial analysis. Traditional business and finance analysis data can reinforce the con-
clusions of machine learning algorithms, creating a complementary relationship be-
tween the two. Additionally, this study primarily uses decision tree models, which may
lead to overfitting of training data, resulting in poor generalization ability, reduced
model stability, and susceptibility to noise data. Future research will focus on adopting
more advanced algorithm models to further improve the accuracy and stability of pre-
dictive results.
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