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Abstract: With the rapid development of the capital market, financial fraud cases are becoming
increasingly common. The evolving fraud strategies pose significant threats to financial regulation,
market order, and the interests of ordinary investors. In order to combine the generalization per-
formance of different machine learning methods and improve the effectiveness of financial fraud
prediction, this paper proposes a novel financial fraud prediction framework based on stacking
ensemble learning. This framework, based on data from listed companies, comprehensively consid-
ers financial ratio indicators and non-financial indicators. It uses the stacking ensemble technique
to integrate numerous base models of machine learning algorithms for predicting financial fraud.
Furthermore, the proposed framework has high versatility and is suitable for various tasks related
to financial fraud prediction, addressing the problem of model selection difficulties in previous
research due to different scenarios and data. We also conducted case studies on specific companies
and industries, confirming the significant interpretability and practical applicability of the proposed
framework. The results show that the recall rate and Area Under Curve (AUC) of our framework
reached 0.8246 and 0.8146, respectively, surpassing mainstream machine learning models such as
XGBoost and LightGBM in existing studies. This research study is of great significance for predicting
the increasing number of financial fraud cases, providing a reliable tool for financial regulatory
institutions and investors.

Keywords: financial statement; fraud prediction; machine learning; stacking model

1. Introduction

With the development of modern enterprises, financial frauds are becoming increas-
ingly common around the world. According to the 2020 Global Occupational Fraud and
Abuse of Power Investigation Report by the Association of Certified Fraud Examiners
(ACEFE) [1], three dominant forms of fraud prevail: corruption, asset misappropriation,
and financial statement fraud. Financial statement fraud is typically the most detrimental
form of fraud, causing severe negative consequences for companies and stakeholders. As
a result, it has garnered significant attention and research. Financial statement fraud is
generally defined as the intentional misrepresentation of financial information in a manner
contrary to generally accepted accounting principles, leading to significant omissions or
false statements. Within the realm of financial statement fraud, various distinct types
emerge. According to the U.S. Securities and Exchange Commission (SEC) [2,3], improper
recognition of revenue and fabricated revenue are the most prevalent. Meanwhile, the dis-
closures of the China Securities Regulatory Commission (CSRC) reveal that false assets and
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fictitious profits account for 60% of fraud cases. Therefore, in order to maintain financial
market stability and strengthen regulation and compliance, it is necessary to find efficient
methods for identifying financial fraud. This has important reference value for regulators,
management, auditors, and investors.

In theoretical research on financial fraud, the fraud triangle theory proposed by
Cressey [4] and the fraud octagon theory proposed by Imoniana et al. [5] provide different
theoretical frameworks to explain and understand the mechanisms behind fraud behavior.
Cressey proposed the fraud triangle theory in 1953, which explains the occurrence of finan-
cial fraud through three key factors: pressure, opportunity, and rationalization. The theory
emphasizes that fraud is likely to occur at the intersection of these three factors. As finan-
cial fraud has become more complex and diversified, Imoniana et al. proposed the fraud
octagon theory in 2016, which extends and deepens Cressey’s triangle model. Their model
adds multiple dimensions, including pressure, opportunity, rationalization, arrogance,
greed, lawbreaker, sycophant, and internal controls. Unlike the traditional fraud triangle
theory, the fraud octagon theory attempts to incorporate more social, psychological, and
organizational factors, offering a more multi-dimensional framework for understanding
the occurrence of fraud.

Due to the diverse forms and covert methods of financial statement fraud, manual
detection by regulators is challenging [6]. Some investigations have revealed that audi-
tors can only unveil a small portion of such malfeasance [1,7]. The research team led by
Meredith et al. [8] emphasized the necessity of collaboration between decision support
systems and auditors. Thanks to the advancements in machine learning and artificial intel-
ligence models in pattern recognition, automated fraud detection in financial statements
has received increasing research attention [9-11]. Financial fraud detection refers to the
process of identifying and discovering financial fraud that has already occurred. Past
research has largely focused on financial fraud detection, which is a passive, retrospective
approach. However, if we could identify early warning signals and anomalous patterns
from a company’s historical data that may indicate a heightened risk of future fraud, it
could help concentrate limited auditing and compliance resources on the highest-risk areas,
thereby improving the efficiency and effectiveness of fraud prevention efforts. This paper
focuses on the task of financial fraud prediction, aiming to proactively forecast the potential
fraud risks that enterprises may face in the future.

Machine learning methods can rapidly analyze the features in financial data and pro-
vide accurate predictions. When combined with statistical methods, they can quantify the
effectiveness of financial features and provide recommendations for fraud prediction and fi-
nancial auditing. On the other hand, although artificial intelligence methods utilizing deep
learning also achieve good results and robustness, they often lack interpretability, making
it difficult to quantify the role of individual features in prediction. Grinsztajn et al. [12],
through their research, discovered that tree-based machine learning models can even out-
perform neural networks in processing tabular data. Therefore, machine learning methods
are capable of handling the complex associations and influences between financial and
non-financial data, and they can analyze the importance and statistical significance of spe-
cific features. This makes them well-suited for financial fraud prediction tasks. In the early
stages of machine learning, financial fraud detection mainly relied on some classic super-
vised learning methods, such as Logistic Regression (LR), Decision Trees, and C4.5 [13-15].
Ravisankar et al. [16] evaluated the performance of various machine learning methods in
detecting fraud by using data collected from 202 listed Chinese companies. These studies
provided in-depth analysis from various perspectives, including fraud proportion, the
impact of financial features, and comparisons of different models. As the field of machine
learning developed, ensemble learning methods gradually gained attention, playing an
important role in improving detection accuracy. For example, Hassanniakalager et al. [17]
proposed an ensemble learning method based on LogitBoost, which utilized financial data
extracted from the Compustat database, and achieved good results. Bao et al. [9] used the
RUSBoost method [18], which constructs sub-training sets through random under-sampling
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(RUS) and combines it with the Boost ensemble learning method, effectively improving
the model’s performance on imbalanced data, thereby enabling more accurate detection of
financial fraud.

Currently, research on financial fraud primarily focuses on how to detect abnormal-
ities in financial statements. In 1966, Beaver [19] first proposed the use of financial ratio
indicators to identify the risk status of publicly listed companies. Since then, financial
indicators have been widely considered as one of the factors for identifying corporate risk
and have become a major component in financial fraud detection. Current financial fraud
detection primarily relies on three data sources: basic financial data indicators, textual
information from financial statements (often used in conjunction with financial data), and
other company-specific characteristics (non-financial data). Financial data is the most direct
reflection of a company’s financial status, but companies may manipulate the data and
text in financial statements to conceal fraudulent activities. Therefore, combining non-
financial data (which is harder to manipulate) can further reveal the possibility of financial
fraud. However, previous studies rarely focus on all three data sources simultaneously,
typically concentrating on one or two sources. For example, some early studies [20-22]
were based on fraud determinations and corresponding financial information from the
Accounting and Auditing Enforcement Releases (AAERs) published by the U.S. Securities
and Exchange Commission (SEC), using neural networks (NNs) for classification and
detection. Cecchini et al. [23] studied 23 financial data indicators in the context of U.S.
companies’ financial data by using support vector machine (SVM) for fraud detection.
Hassanniakalager et al. [17] used financial data extracted from the Compustat database
and designed an ensemble learning method based on LR and LogitBoost, achieving good
results. Some studies have also used non-financial data to assist in fraud detection [24,25].
For instance, Kim et al. [26] analyzed the role of certain non-financial indicators in their
detection model, such as abnormal employee turnover, CEO compensation, and stock
returns, achieving significant complementary results. Hajek and Henriques [27] combined
financial data with linguistic attributes extracted from annual reports. Brown et al. [28]
introduced annotated thematic content and linguistic features from financial statements,
showing that both contribute to the identification of fraudulent activities.

Previous studies [3,9,10] have shown that machine learning-based methods can handle
the correlation between financial and non-financial data, and analyze their importance
and statistical characteristics. However, these studies often overlook the comprehensive
construction of various stages in machine learning, including feature analysis, model
selection, and parameter optimization. Therefore, they fail to establish a comprehensive
workflow for detecting and analyzing specific fraud cases. Research has shown that feature
selection plays an important role in the final result [27,29,30]. In addition, existing studies
usually rely on manual selection methods, and there are relatively few approaches that
combine model-based feature selection. Moreover, parameter optimization is also a crucial
process in model construction [31], but some studies have overlooked this step.

Some studies [32-34] compared different models and achieved more accurate classifica-
tion performance. However, they also pointed out the limitations of certain models, and the
performance of the same model can vary significantly based on different accounting stan-
dards, regions, and financial indicators. The most effective model in different scenarios may
differ, making it difficult to choose an appropriate model in practical applications [27,35].
By taking into account these existing challenges and aiming to enhance the practical value
of fraud prediction methods and provide forward-looking references for stakeholders such
as investors, this study establishes a general financial fraud prediction framework based
on stacking ensemble learning.

We present exemplar studies from 2010 to 2024 in Table 1.
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Table 1. Summary of prior research on fraud detection.

Authors Data Key Model Key Finding
. . . A specific kernel function, which enhances the detection
Cecchini etal. (2010) [23]  Financial data SVM capability of SVM, was developed for the financial domain.
Financial data/ A detailed analysis was conducted on the differences
Dechow et al. (2011) [13]  non-financial LR between fraudulent companies and non-fraudulent
indicators companies across various data types.

Logistic regression and SVM performed well. Only six
predictors examined are consistently selected and used by

Financial data/ different classification algorithms: auditor turnover, total

Perols et al. (2011) [14] poc?.-ﬁ?anaal LR/SVM discretionary accruals, Big 4 auditor, accounts receivable,
fndicators meeting or beating analyst forecasts, and unexpected
employee productivity.
Ravisankar et al. Financial data/ PPN outperformed all techniques without feature selection.
(2011) [16] financial ratio GP/PNN GP and PNN were superior to other techniques when
indicators feature selection and accuracy were roughly equivalent.

It combines financial numbers, linguistic behavior, and
non-verbal vocal cues. If each feature category provides
Conference call . . . . .
Throckmorton et al. audio files/financial  GLRT independent, complementary information about financial
(2015) [36] data fraud, then a combination of features from these categories
may improve detection performance beyond what can be
achieved by any single feature category alone.

They found that ensemble methods outperformed the
remaining methods in terms of true-positive rate

BNN (fraudulent firms correctly classified as fraudulent). In
contrast, Bayesian belief networks (BBNs) performed best
on non-fraudulent firms (true-negative rate).

Financial data/

Hajek et al. (2017) [27] annual report text

The experimental results showed that the SVM data

Financial data/ mining technique had the highest accuracy across all
Yao et al. (2019) [37] non-financial SVM conditions; after using stepwise regression, 13 significant
indicators variables were screened, and the classification accuracy of

almost all data mining techniques was improved.

The paper proposes an approach for detecting statement
fraud through the combination of information from
financial ratios and managerial comments within corporate
annual reports. The model captures both the content and
context of managerial comments, which serve as
supplementary predictors along with financial ratios in the
detection of fraudulent reporting.

Financial data/ Hierarchical

Craja etal. (2020) [30] annual report text attention network

The paper introduces a new performance evaluation metric
Bao et al. (2020) [9] Financial data RUSBoost commonly used in ranking problems that is more
appropriate for the fraud prediction task.

Financial data/ The article indicates that by using financial ratios and
Papik et al. (2021) [25] financial ratio DT/RF applying the random forest method, unintentional
indicators accounting errors can be detected with very high accuracy.

The model is superior to other models in predicting
fraudulent behavior beyond the current accounting period.
Hassanniakalager et al. Financial ratio It relies on fewer predictive variables compared with what

(2022) [17] indicators LogitBoost was used in previous ML research, thereby minimizing
concerns related to multicollinearity and potential
overfitting associated with machine learning methods.
A novel attention-based multimodal deep learning

Wang et al. (2023) [11] Financial data/ RCMA approach, called RCMA, was proposed. A new loss

annual report text function called Focal and Consistency Loss (FCL) was
designed.
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Table 1. Cont.

Authors Data Key Model Key Finding
Financial ratio A pre-fraud risk index was proposed. This study redefined
indicators/ fraud detection as an ongoing endeavor rather than a
. . LDA /Balanced : )
Duan et al. (2024) [38] non-financial retrospective event, thus enabling managers and
. Random Forest . . . .
indicators/ stakeholders to reconsider their operation decisions and

annual report text

reshape their entire operation processes accordingly.

Khaksari et al. (2024) [39]

Financial data/
financial ratio
indicators

Beneish model/
Spathis model

The coefficients of the Beneish and Spathis models were
adjusted by using logistic regression, and the predictive
performance of the adjusted model in detecting fraudulent
financial reporting was studied. The adjusted version of
the model demonstrated superior predictive performance.

Rahman et al. (2024) [40]

Financial ratio
indicators

fraud triangle
theory

The results show that leverage and liquidity ratios
positively affect fraud detection, whereas return on net
equity, audit size, and independent director percentage
negatively affect fraud detection.

Bhattacharya et al.

(2024) [41]

Financial data/
annual report text

BERT

Based on the BERT-Base model, two models were obtained
through fine-tuning training: BERTfirst and BERTlast.
BERTfirst was trained on the first 512 tokens of each
MD&A text sample, while BERTlast was trained on the last

512 tokens of each MD&A text sample. Both models
demonstrated good performance.

This study used data from listed companies in China from 2013 to 2021 as an example
and employs four violation indicators from the CSMAR database, including “fabricated
profits”, “misstated assets”, “false records (misleading statements)”, and “general account-
ing improprieties” as fraudulent samples for model training and prediction. In terms
of feature selection, considering the three major data sources, a preliminary selection of
425 financial indicators and 22 non-financial indicators (such as the shareholding ratio of
the largest shareholder) from all companies was made. Most mainstream machine learning
models proposed in previous research [9,35,42] were trained and compared, and the model
parameters were optimized based on cross-validation results. Subsequently, several of
the most effective machine learning models were integrated by using stacking ensemble
learning for further learning and prediction. The experimental results demonstrate that the
recall rate and AUC of this framework reached 0.8246 and 0.8146, respectively, surpassing
other existing machine learning models. The comprehensive results also indicate that this
framework enhances fraud prediction effectiveness through processes such as feature selec-
tion, parameter optimization, and model integration. Finally, the framework was applied to
various financial fraud-related tasks, demonstrating its good generality. Real case analyses
were conducted to further transform the machine learning models into practical solutions
with strong interpretability.

This study makes several key contributions as follows: (1) A comprehensive fraud
prediction framework based on stacking ensemble learning is proposed; it considers feature
analysis, parameter optimization, and model selection, providing a complete workflow for
fraud prediction in accounting. (2) The proposed framework exhibits high generality and
can be applied to various tasks related to financial fraud prediction. It outperforms single
machine learning models in different application environments, addressing the challenge
of model selection difficulty in previous research due to varying scenarios. (3) Unlike past
research on financial fraud detection, this study’s forward-looking prediction approach
aims to uncover early warning signals and anomalous patterns from a company’s historical
data that may indicate heightened future fraud risks. This approach can help regulatory
organizations concentrate their limited auditing and compliance resources on the highest-
risk areas, thereby improving the efficiency of fraud prevention efforts.
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The remaining sections of this paper are as follows: Section 2 systematically introduces
the machine learning framework based on the stacking ensemble model proposed in this
study. Section 3 presents the experimental results. Section 4 further investigates and
discusses the framework by incorporating real-world scenarios. Finally, Section 5 provides
a summary of the entire paper.

2. Materials and Methods

The basic structure of the proposed financial fraud prediction framework based on
stacking learning is illustrated in Figure 1. It mainly consists of modules such as data
collection and preprocessing, feature selection, model optimization and screening, model
stacking ensemble, and performance evaluation. Each module will be described in detail in
the following subsections. Considering the characteristics of the stacking ensemble model,
it is necessary to train and optimize each base learner before the ensemble. By combining
the predictions of multiple learners, the stacking ensemble model can capture more data
features and patterns, resulting in more accurate prediction results.

Financial Fraud Prediction Framework based on Stacking Ensemble Learning

| Data Collection |

v

| Data Preprocessing |

!

Stacking Ensemble Learning

Cross-validation for selecting base model combinations

base estimators final estimators

KNN

1
1
1
1
1
|
1
1
|
I LightGBM i
1
i
Feature » - ) Parameter
selection SYM Optimization :
1
1
1
1
|
I
I
1
1
1
1

]

I
I AdaBoost

JFRPYR PERPRRA | KRS S R Sy S

lOutput Results

Evaluation

Figure 1. Schematic diagram of the proposed financial fraud prediction framework.

2.1. Data Collection and Processing

This paper used fraud information disclosed by Chinese securities regulatory agencies.
Specifically, we obtained these data from the “Violation Information Summary Table”
section of the CSMAR database, which contains a series of information on the violations of
listed companies. The violation types of listed companies cover a wide range of aspects,
including insider trading, general accounting mishandling, appropriation of company
assets, material omissions, fraudulent listing, delayed disclosure, fictitious profits, false
records (misleading statements), misstatement of assets, and so on. We primarily focused on
financial fraud manifested through false statements regarding profits or assets, in addition
to potential accounting treatment issues. Such false statements of assets and profits can
be reflected in financial indicators, indicating that the enterprise has hidden operational
risks. Therefore, listed companies with the following four types of violations were selected
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as financial fraud companies: “fictitious profits”, “false presentation of assets”, “false
entries (misleading statements)”, and “general accounting mishandling”. Compared with
certain studies, our criteria can cover a wider range of fraud cases and effectively avoid the
inclusion of many non-fraud cases when the scope is too broad.

In terms of financial data acquisition, the financial data of listed companies are sourced
from the CSMAR database, which includes the annual reports of companies listed on the
Shenzhen Stock Exchange and the Shanghai Stock Exchange. This study focused only on
A-type annual reports. Data tables were obtained for 11 major categories of financial ratio
indicators, including ratio structure, risk level, per-share indicators, disclosed financial
indicators, solvency, operational capacity, cash flow analysis, development capacity, divi-
dend distribution, profitability, and relative value indicators. Due to the special nature of
financial businesses, the financial statements of financial sector companies need to consider
additional factors and requirements. Therefore, this study excluded financial sector compa-
nies from the dataset. Typically, listed companies are penalized for financial fraud with a
certain time lag, often occurring two years or even a decade after the actual occurrence of
fraudulent activities. Therefore, this study traced back to the year in which the penalized
companies actually engaged in financial fraud to determine whether the company had
committed fraud in that year. Our analysis primarily centered around the period from
2013 to 2021 to ensure that as many accurate fraud cases as possible were included in our
sample. The overall situation of financial fraud from 2013 to 2021 is shown in Table 2.

Table 2. Distribution of fraud cases.

Year Fraud Number Non-Fraud Number Total Number
2013 163 2152 2315
2014 151 2274 2425
2015 207 2317 2524
2016 226 2608 2834
2017 333 3057 3390
2018 440 3032 3472
2019 415 3247 3662
2020 393 3700 4093
2021 358 4181 4539
Total 2686 26,568 29,254

As shown in Table 2, there exists a notable disparity between the number of fraudulent
companies and non-fraudulent companies, with the former constituting approximately
9.1% of the total firms from 2013 to 2021. The serious sample imbalance tends to bias
the model to classify the whole sample into the non-fraud category. To solve the sample
imbalance problem, the random under-sampling method was used to balance the training
set, and the majority class samples were randomly deleted, so that the fraud samples
formed a definite proportion with non-fraud data. Then, we trained the model with the
balanced training set and made prediction and evaluations on the test set.

We classified the variables into two groups: financial indicators and non-financial
indicators. First, we used financial ratios from the financial statements as input variables
because they possess objectivity and are easily obtainable. Unlike the absolute value of
financial indicators, financial ratio indicators offer better comparability across enterprises
of varying sizes. So, a total of 425 financial ratio indicators from the CSMAR database were
selected as variables. Second, non-financial indicators provide a well-rounded reflection of
internal and external environments, corporate governance, and other pertinent information
about listed companies. Therefore, we also introduced 22 non-financial indicators (e.g.,
the readability score of the financial report, the proportion of shares held by the largest
shareholder, historical violation records, internal control index, etc.) as input. We list the
definition of non-financial indicators in Table 3.
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Table 3. Non-financial indicator definitions.

Index Variable Name Variable Definition

1 Readability Score (Average word count per clause + Proportion of adv. and conj. per
sentence in the annual report)/2

2 Tone Score (Positive words count—Negative words count)/(Positive words count +
Negative words count)

3 ARF Average ratio of sentiment-containing sub-text blocks to total sentiment
words.

4 Largest Holder Rate Proportion of shares held by the largest shareholder

5 Top Ten Holders Rate Proportion of shares held by the top ten shareholders

6 Ownership 1 for state-owned enterprises, else 0

7 Board Size Total number of board members

8 Proportion of Independent Directors Proportion of independent directors to directors

9 Duality 1 if chairman and CEO are the same person, else 0

10 Auditor 1 if the auditor is from a Big Four accounting firm, else 0

11 Audit Committee 1 if the company has an audit committee, else 0

12 Receipt of Violation Notice in Current Year 1 if the company has received a violation notice in the current year, else 0

13 Receipt of Violation Notice in Previous Year  Set to 1 if the company has received a violation notice in the previous
year, otherwise 0

14 Number of Regulatory Letters Received in  Quantity of regulatory functions received by the company in the current

Current Year year
15 Number of Regulatory Letters Received in  Quantity of regulatory functions received by the company in the previous
Previous Year year

16 Internal Control Index Internal control index published by Shenzhen Dibo Company

17 Strategic Hierarchy Index Strategic level index published by Shenzhen Dibo Company

18 Operational Hierarchy Index Operational level index published by Shenzhen Dibo Company

19 Report Reliability Index Report reliability index published by Shenzhen Dibo Company

20 Legal Compliance Index Legal compliance index published by Shenzhen Dibo Company

21 Asset Security Index Asset security index published by Shenzhen Dibo Company

22 Internal Control Disclosure Index Internal control disclosure index published by Shenzhen Dibo Company

To ensure data quality, we excluded variables with missing values exceeding 25% from
the initial set of 425 financial indicators, resulting in a refined collection of 407 indicators.
For the remaining missing values, we used the median imputation technique to fill them
in. Additionally, for all numerical data, apart from binary data with values of 0 and 1,
standardization was performed. Finally, based on the comprehensive list of violation
information, each sample was assigned a fraud class label. When the company is involved
in fraud in the next year, the sample is labeled with 1; otherwise, the sample is labeled
with 0.

2.2. Feature Selection

Feature selection plays a crucial role in machine learning, as it enhances model perfor-
mance, reduces dimensionality, accelerates training speed, and improves the interpretability
of data. This study compared three feature selection methods, namely, Spearman’s coeffi-
cient, mutual information, and analysis of variance. Spearman’s coefficient is employed to
measure the monotonic relationship between two variables, making it suitable for handling
nonlinear relationships. During feature selection, the Spearman’s coefficient is calculated
for each feature for the target variable. A higher coefficient indicates a strong association
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between the feature and the target variable, making it an important feature to consider.
Mutual information measures the correlation and dependency between two variables. For
each feature, the mutual information with the target variable is computed. Features with
high mutual information values indicate a strong correlation and information sharing
with the target variable, thus serving as important features. Analysis of variance is used
to compare the mean differences between different groups, particularly in the context
of feature selection for classification problems. It calculates the variance of each feature
among different categories or groups and determines the statistical significance through
the analysis of the variance. Features with higher variance and significant differences are
considered important features.

We compared the three feature selection methods and ranked the computed results,
and the top ten features are shown in Table 4. It is evident that among all the features,
“Earnings per Share”, “Earnings Surplus per Share”, and specific “index” features hold a
relatively substantial influence on fraud prediction.

Table 4. Sorted feature selection results.

Spearman’s Coefficient

Mutual Information

Analysis of Variance

Legal Compliance Index

Largest Holder Rate

Legal Compliance Index

Earnings per Share TTM2

Earnings Surplus per Share

Internal Control Index

Earnings per Share2

Earnings Surplus per Share2

Report Reliability Index

Earnings per Share

Capital Surplus per Share2

Asset Security Index

Earnings per Share TTM Capital Surplus per Share Operational Level Index
Earnings per Share2 Internal Control Index Strategic Level Index
Earnings per Share TTM2 Legal Compliance Index History
Earnings per Share TTM2
Earnings per Sharel Operational Level Index attributable to Parent
Company
Earnings per Share2
Earnings per Share TTM1 Report Reliability Index attributable to Parent
Company
Earnings per Share2
Earnings per Share4 attributable to Parent Earnings per Share2
Company

Moreover, we intended to analyze the feature importance in different machine learning
models for further model stacking ensemble. For each base estimator, we applied the three
mentioned feature selection methods individually to conduct feature screening. With each
method, we trained and tested the models by using the top 9.1% to 100% ranked features.
Through cross-validation, we determined the optimal method and its corresponding feature
selection ratio that yielded the highest AUC metric for the model. Table 5 shows the
specific results.

Table 5. Feature selection.

Method Feature Selection Ratio
SVM Analysis of variance 0.42
Random Forest Analysis of variance 0.46
KNN Analysis of variance 0.32
AdaBoost Analysis of variance 0.56
XGBoost Spearman’s Coefficient 0.96
LightGBM Spearman’s Coefficient 0.96

ExtraTrees Analysis of variance 0.44




Systems 2024, 12, 588

10 of 27

For each model, we compared the results of the three feature selection methods to
obtain the best choices. Then, based on these results, we further selected the base model for
the framework.

2.3. Model Construction

Existing financial and non-financial characteristics can reflect a company’s operating
conditions through numbers, which is the most intuitive factor for determining financial
fraud in companies. Machine learning methods are good at analyzing the data directly
and can give appropriate explanations based on the statistical relationships of the data.
Therefore, the fraud prediction framework in this paper adopts the supervised machine
learning algorithm.

In building the fraud prediction model, we used traditional machine learning methods,
i.e., logistic regression (LR), support vector machine (SVM), K-nearest neighbor (KNN),
random forest, AdaBoost, XGBoost, LightGBM, and Extratrees. Moreover, a more ad-
vanced machine learning model ensemble method, stacking, was also introduced into this
framework. The stacking model further improves model performance and generalization
ability by feeding prediction results from multiple base estimators as new features into
final estimators.

Logistic regression is the simplest and most popular method in previous studies [35,43,44].
It maps the input features to a fraud probability (between 0 and 1) by transforming a linear
combination W on input features X with the logistic function (Sigmoid) as

1

Py =11%) = ey

)
Here, y represents the target variable, which is the classification label. b is a constant that
represents the bias term, used to adjust the model’s output and improve prediction accuracy.
Support vector machine (SVM) is a one of the most widely used machine learning
algorithms for classification and regression in the financial field [30,33,45]. SVM intends to
find an optimal hyperplane (or hyperplane in higher dimensional space) denoted by

WIX +b=0 2)

which separates data points of different categories and maximizes the distance from the
hyperplane to the nearest data point. Here, b is also the bias term. Its role is to adjust the
position of the decision boundary, allowing the hyperplane to better separate data from
different classes.

The K-nearest neighbor (KNN) algorithm can also be used for classification [33,37,46].
It determines the voting of an unknown data point by measuring the distance based on the
features of the sample data point and assigns the point as the most common class among
its k-nearest neighbors.

To reduce the bias and variance in machine learning, boosting ensemble learning was
proposed in [47]. Subsequently, many improvement studies were conducted to further
improve the ensemble performance.

Adaboost [48] assigns weights to each training sample and iteratively trains multiple
weak classifiers, each of which is focused on the samples that were misclassified in the
previous round, and ultimately combines these weak classifiers into one strong classifier.
XGBoost [49] is an improved gradient-boosting tree algorithm that combines gradient
boosting and regularization techniques to improve the performance and generalization
ability of the model. Furthermore, LightGBM [50] aims to reduce memory consumption
and increase training speed for machine learning tasks with large-scale datasets and high-
dimensional features. These methods have been widely used as base and comparative
models in recent years due to their generalization ability [27,30,43].

Moreover, some methods based on decision trees also showed strong classification
capabilities. Random Forest, proposed by [51], consists of multiple decision trees, each of
which is randomly generated. Then, the predictions of the individual trees are integrated by
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voting (for fraud classification) to obtain a more robust and accurate model. This method
was the first to apply decision trees to ensemble learning and achieved comparable results
in previous studies [32,52]. ExtraTrees [53] employs more randomness in the construction
of each tree to make it more robust to noisy data, achieves faster training speeds, and
generally performs well in accuracy [34].

Overall, these algorithms exhibit different results in addressing various tasks. How-
ever, past research has often overlooked the potential of integrating them together. In the
face of complex machine learning problems, a single model may not be able to fully capture
the complexity and diversity of the data.

In recent years, ensemble methods have become an effective strategy for improving
model performance and prediction accuracy, particularly when tackling complex machine
learning problems. By combining the predictions of multiple base models, ensemble
learning often achieves more accurate and robust overall models. Among these methods,
stacking is a highly efficient and widely adopted technique. It integrates the predictions
of diverse base estimators (weak learners) and utilizes a final estimator to aggregate these
predictions, resulting in a more accurate final output.

Stacking is not only frequently employed as a blending technique by winning teams
in competitions but is also regarded as a viable artificial intelligence solution in practi-
cal industrial applications. As a powerful ensemble method, stacking combines strong
model performance, enhanced interpretability, and applicability to complex data. It is,
therefore, considered one of the most practical and innovative approaches in the field of
machine learning.

The primary objective of stacking is to feed the predictions of various base models
into a meta-model, effectively leveraging the strengths of each. Once the meta-model is
trained, it determines the optimal way to weight and combine these predictions into a
final output. By aggregating the outputs of diverse base models, such as decision trees,
support vector machines, and neural networks, stacking effectively captures the strengths
of each while overcoming the limitations of individual models. This process reduces bias,
enhances predictive capability, and improves the overall generalization ability of the model.
Moreover, stacking mitigates the risk of overfitting since each base model may perform
well in different aspects of the data, and the method leverages these strengths to enhance
the generalization performance of the ensemble. With its flexible architecture, stacking is
well suited for a wide range of machine learning tasks, including classification, regression,
and time-series analysis.

In our framework, we combined the aforementioned base algorithms to construct a
more powerful stacking model and compared it with these mainstream machine learning
algorithms to demonstrate the superiority of the ensemble model.

2.4. Performance Evaluation

To comprehensively evaluate the performance of the proposed framework, we selected
the following performance indicators: accuracy, recall, and AUC. This section introduces
the calculation methods of each indicator.

First, for binary classification problems, the test set samples can be divided into four
categories according to the combination of the true category and the predicted category:
true positive (True Positive), false positive (False Positive), true negative (True Negative),
and false negative (False Negative), denoted by TP, FP, TN, and FN, respectively; the
confusion matrix is obtained according to the classification category.

Furthermore, according to the confusion matrix, commonly used performance indi-
cators can be calculated: accuracy, recall, and AUC. Accuracy represents the proportion
of correctly classified samples in the total samples, recall represents the proportion of
true-positive samples in the actual true samples, and AUC is the area under the ROC curve.
The larger the value of the above indicators, the better the prediction effect. The relevant
calculation formulas are as follows:
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Accuracy = TP+ TN 3)
Y= TP+ FP+ TN+ FN
TP
Recall = m (4)

AUC (Area Under Curve) is a commonly used metric for evaluating the performance
of binary classification models, representing the area under the ROC (Receiver Operating
Characteristic) curve. The ROC curve depicts model performance with the false-positive
rate (FPR) on the x-axis and the true-positive rate (TPR) on the y-axis. The FPR represents
the proportion of negative samples incorrectly classified as positive, while the TPR repre-
sents the proportion of positive samples correctly classified. Essentially, AUC measures
the ranking ability of the classifier, with a value closer to 1 indicating better classification
performance. In simpler terms, AUC is the probability that when one sample is randomly
selected from the positive class (1) and another from the negative class (0), the classifier will
assign a higher score to the positive sample than the negative sample. The probability that
the positive sample is ranked higher than the negative sample equals AUC. AUC does not
require the setting of a threshold for predicted probabilities, making it an effective metric
for assessing classifier performance, even when the samples are imbalanced.

The advantage of AUC lies in its focus on the ranking of classification results rather
than specific probability values or threshold settings, which avoids the impact of threshold
variations on model evaluation. Additionally, AUC is insensitive to the class distribu-
tion, making it particularly suitable for scenarios with imbalanced sample distributions.
Therefore, in the context of financial fraud prediction, the importance of AUC is especially
significant, as it better reflects the performance differences between models.

On the other hand, in the task of financial fraud prediction, using recall as a model
evaluation metric, in addition to accuracy, has significant advantages. Missed detection
(failure to identify fraudulent cases) can lead to severe financial losses and legal conse-
quences. Recall measures the proportion of correctly identified fraudulent cases to all actual
fraudulent cases, which is crucial to ensuring the maximum detection of genuine fraud.
This helps regulatory authorities take effective actions to prevent potential losses. A high
recall rate means that the model can effectively capture more fraudulent cases, thereby re-
ducing the risk of missed detections. Especially when financial fraud events are rare, recall
provides a more accurate reflection of the model’s detection capability. Therefore, recall
not only enhances the model’s practicality and reliability but also serves as an important
metric for ensuring financial security and compliance.

Therefore, we first consider AUC and then simultaneously pay attention to accuracy
and the recall rate as reference indicators for model evaluation.

3. Results
3.1. Base Estimator Training and Parameter Optimization

When tuning the parameters of the base estimators, we took the higher AUC. The
Bayesian optimization method was used on the training set through cross-validation to
select the optimal parameters. Table 6 displays the parameter tuning results for seven
models (SVM, Random Forest, KNN, AdaBoost, XGBoost, LightGBM, and Extratrees)
following cross-validation on the 2013-2016 data.

3.2. Stacking Ensemble

We used seven pre-trained base estimators to construct the stacking ensemble model.
K-fold cross-validation was performed on each basic model, and the cross-validation
results were combined to form the input features of the logistic regression model (final
estimator). The training process of the stacking model is shown in Figure 2. Then, we
selected the combination of different base estimators to perform stacking model ensemble.
By comparing the AUC results of all model combinations, the Random Forest, AdaBoost,
XGBoost, LightGBM, and ExtraTrees models were finally selected as the base estimators,
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while the logistic regression model served as the final estimator. In addition, we performed
grid search tuning on the logistic regression model, resulting in an adjustment of the inverse
regularization strength to 30.

Table 6. Base learner parameters.

Method Parameters
SVM C:9.75, gamma: 0.001
Random Forest max_depth: 29; min_samples_leaf: 3; min_samples_split: 7; n_estimators: 607

KNN n_neighbors: 25

AdaBoost learning_rate: 0.12; n_estimators: 202,

XGBoost learning_rate: 0.01; max_depth: 30; n_estimators: 958; subsample: 0.6

LightGBM learning_rate: 0.02;"')1;11 lr)r;aa);; Slegat(l')18 ;’6,5 Eg::’ﬁlr;?:_);:e(;?, num_leaves: 251;

ExtraTrees max_depth: 28; min_samples_split: 2; n_estimators: 764

SVM (C controls the trade-off between model complexity and error; gamma defines the influence range of the
RBF kernel function in the support vector machine), Random Forest (max_depth: maximum depth of the decision
tree; min_samples_leaf: minimum number of samples required at a leaf node; min_samples_split: minimum
number of samples required to split an internal node; n_estimators: number of decision trees in the random
forest), KNN (n_neighbors: number of nearest neighbors used for prediction), AdaBoost (learning_rate: learning
rate; n_estimators: number of weak learners), XGBoost (learning_rate: learning rate; max_depth: maximum depth
of each tree; n_estimators: number of base learners; subsample: proportion of samples used for training each
tree), LightGBM (learning_rate: learning rate; max_depth: maximum depth of the tree; n_estimators: number
of weak learners; num_leaves: maximum number of leaf nodes per tree; subsample: proportion of samples
used for training each tree; subsample_freq: frequency of random sampling control), and Extratrees (max_depth:
maximum depth of the decision tree; min_samples_split: minimum number of samples required to split a node;
n_estimators: number of base learners).

train1 train1 train1 train1 predictions1
train2 train2 train2 train2 predictions2
model1
train3 train3 train3 train3 predictions3 .
train
traing traind traind traind predictions4
model1 model2 model3 labels
train1 train1 train1 train predictions1 \
train2 train2 train2 train2 predictions2
model2
train3 train3 train3 train3 predictions3 |
—
train4 traind traind traind predictions4
train train1 train1 train1 predictions1
train2 train2 train2 train2 predictions2
model3
train3 train3 train3 train3 predictions3
train4 traind traind traind predictions4

Figure 2. Using cross-validation in the training process of the stacking model.

3.3. Fraud Prediction Results and Comparison

We divided the training set and test set by year and optimized the parameters of these
methods on the balanced training set by using the Bayesian optimization algorithm to
obtain relatively optimal models. The relatively optimal stacking ensemble model was
obtained by fusing the six best-performing models, namely, Random Forest, AdaBoost,
XGBoost, ExtraTrees, LightGBM, and logistic regression. Additionally, we compared them
with eight other classification methods, including SVM, Random Forest, KNN, AdaBoost,
XGBoost, LightGBM, ExtraTrees, and MLP+Attention. We used data from 2013 to 2016
as the training set and data from 2017 to 2018 as the test set. Then, we used the test set
samples for prediction and analysis. The comparison of the prediction results is shown in
Table 7.
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Table 7. Comparison of model prediction performance.

Method Accuracy Recall AUC Accuracy+Recall
MLP+Attention 0.6902 0.6500 0.7201 1.3402
KNN 0.7417 0.6011 0.7452 1.3428
SVM 0.6887 0.7567 0.7792 1.4454
Random Forest 0.6944 0.7684 0.7852 1.4628
AdaBoost 0.7451 0.7076 0.7902 1.4527
ExtraTrees 0.7066 0.7871 0.7985 1.4937
LightGBM 0.7022 0.7637 0.7987 1.4660
XGBoost 0.7162 0.7520 0.8002 1.4682
Stacking 0.6817 0.8246 0.8146 1.5063

The bolded values represent the best performance for that metric in our experimental results.

AUC (Area Under Curve), as a comprehensive metric for evaluating model perfor-
mance, is not affected by the selection of specific thresholds. As shown in Table 7, the
stacking model achieved an AUC of 0.8146, outperforming other mainstream machine
learning models in the studies presented in the table. This indicates that the stacking
ensemble model exhibited superior overall performance. This finding is consistent with
previous research, which suggests that model ensembles can combine the strengths of
multiple models to achieve better results. The recall rate of the stacking model reached
82.46%, which is significantly higher than that of other models in the table, indicating
that the framework in this study performed exceptionally well in identifying potential
fraudulent companies. The high recall rate ensures that fraudulent companies are less likely
to go undetected, which holds substantial practical value in high-risk financial applications.
When considering both recall and precision, the stacking model achieved a combined
metric score of 1.5063, surpassing the best-performing model, Extratrees, with a score of
1.4937. The results from the research in the table show that the stacking model used in this
study not only outperformed other mainstream models in terms of overall performance
but also addressed the limitations of models with lower recall rates, making it better suited
to meet the practical needs of financial fraud prediction.

3.4. Ablation Experiments of Framework Stages

To demonstrate the performance of each stage of the prediction framework, we con-
ducted ablation experiments on feature selection, model selection, and hyperparameter
optimization, as shown in Table 8. When no specific stage was applied (-), the model
achieved an AUC of 0.8047. Introducing feature selection (FS) led to an increase in recall to
0.7953 and in AUC to 0.8102. We further applied model selection (MS) and used the better
base estimators to obtain the stacking model, which yielded improvements in the AUC
and recall metrics. After applying parameter optimization (PO), the overall process of the
framework (FS+MS+PO) led to the best recall of 0.8246 and AUC of 0.8146.

Table 8. Performance of each stage in framework.

Stage Accuracy Recall AUC Accuracy+Recall
- 0.7082 0.7707 0.8047 1.4790
FS 0.6909 0.7953 0.8102 1.4862
FS+MS 0.6827 0.8116 0.8110 1.4944
FS+MS+PO 0.6817 0.8246 0.8146 1.5063

These results highlight the positive impact of each stage on the model’s overall per-
formance. The progressive integration of feature selection, post-processing, and model
calibration not only improved AUC but also enhanced recall, showcasing the effectiveness
of the proposed prediction framework.
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4. Discussion
4.1. Predicting Fraud Companies on Different Stock Exchanges

The Shanghai Stock Exchange (SSE) and the Shenzhen Stock Exchange (SZSE) are the
two main stock exchanges in China. There are some differences between companies listed
on the SSE and the SZSE: for instance, the SSE predominantly lists large-cap stocks, with a
majority of state-owned enterprises, while the SZSE focuses on small- and mid-cap stocks,
with a majority of privately owned or joint venture companies. Additionally, companies
listed on the SZSE have higher price-to-earnings ratios and valuations, demonstrating some
growth advantages.

Therefore, we separated the companies listed on the Shanghai Stock Exchange and
the Shenzhen Stock Exchange and used the proposed framework to perform financial
fraud prediction analysis on the companies from each exchange separately. For the SSE
companies, we selected five base models, namely, KNN, AdaBoost, XGBoost, LightGBM,
and ExtraTrees, as the base estimators in our ensemble model. The hyperparameter for
the final estimator (logistic regression) was adjusted with a regularization strength of 0.2.
For the SZSE companies, we chose six base models, specifically SVM, Random Forest,
AdaBoost, XGBoost, LightGBM, and ExtraTrees, as the base estimators in our ensemble.
The hyperparameter for the final estimator (logistic regression model) was adjusted with a
regularization strength of 10.

As shown in Figures 3 and 4, the indicators of the stacking model used for fraud
prediction in this framework outperformed the other seven mainstream machine learn-
ing models. These results further demonstrate the excellent generalization ability of the
proposed framework on this task. Generally, the market pays more attention to the finan-
cial condition of high-growth companies to avoid risks, and the model exhibits stronger
prediction capabilities for companies listed on the SZSE, presenting more opportunities
for practical applications. In addition, compared with using prediction solely based on
companies from a specific stock exchange, incorporating all companies yielded better
results. Therefore, when the model framework conducts unified prediction, incorporating
more effective data can improve prediction performance and robustness.
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Figure 3. Fraud prediction with different models in stock exchange (SSE).
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Figure 4. Fraud prediction with different models in stock exchange (SZSE).

4.2. Predicting Frauds Occurring in the Future

In order to predict the potential fraud risk of companies earlier and take corresponding
preventive measures, further experiments were conducted in this study by using the
proposed framework to predict the likelihood of financial fraud occurring in companies in
the following two to three years. Specifically, the fraud occurrence in 2019 and 2020 was
predicted based on the data from 2017. Firstly, when predicting the likelihood of fraud
occurrence in the next two years, we selected KNN, AdaBoost, XGBoost, LightGBM, and
Extratrees as the base estimators in our ensemble model after filtering. The hyperparameters
of the final estimator (logistic regression) were tuned with a regularization strength of 1.7.
Additionally, when predicting the likelihood of financial fraud occurring within the next
three years, we ultimately chose SVM, Random Forest, XGBoost, and Extratrees as the
base estimators in our ensemble model. The regularization strength of the final estimator
(logistic regression) was set to 0.017.

The experimental results, as shown in Figures 5 and 6, demonstrate that the stacking
model, which combines the predictions of multiple models within the proposed frame-
work, outperformed the other seven machine learning models in terms of the AUC metric.
Furthermore, it achieved the highest sum of accuracy and recall values.

Overall, when comparing different prediction horizons, the performance of the model
tended to decrease as the prediction time span increased. As time went on, the effectiveness
of the model diminished. However, when used in the same scenario, the stacking model
still outperformed the other seven mainstream machine learning models, demonstrating
the good generalization ability of the proposed framework.
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Figure 5. Fraud prediction for future period (next 2 years).
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Figure 6. Fraud prediction for future period (next 3 years).
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4.3. Predicting Specific Fraudulent Behavior

In this study, financial fraud is defined as the violation involving one or more of
the following behaviors: “fictitious profits”, “misrepresentation of assets”, “false records
(misleading statements)”, and “general improper accounting treatment”. In financial fraud
analysis, predicting specific fraudulent behaviors helps gaining a deeper understanding
of the operational conditions and motives of fraudulent companies, enabling regulatory
agencies and investors to take more effective measures. Therefore, we conducted predictive
experiments on individual fraudulent behaviors related to financial fraud.

By using the proposed framework, we predicted the occurrence of fictitious profits,
misrepresentation of assets, false records (misleading statements), and general improper
accounting treatment separately. We used the stacking ensemble model which combines
the best-performing models, including Random Forest, AdaBoost, XGBoost, Extratrees,
LightGBM, and logistic regression.

As shown in Figures 7-10, when individually predicting these four specific fraudu-
lent behaviors related to financial fraud, the stacking model still demonstrated the best
performance, achieving the highest AUC and recall rates. This result further supports the
notion that the proposed framework has excellent generalization ability and outperforms
other mainstream machine learning models in the task of identifying specific fraudulent
behaviors. Among these four fraud types, the prediction performance was the highest on
misrepresentation of assets. This may be because the misrepresentation of assets fraudulent
behavior causes more noticeable anomalies in both financial and non-financial data, making
it easier for machine learning models to detect it.
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Figure 7. Prediction of specific fraudulent behavior (fabricated profits).
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Figure 9. Prediction of specific fraudulent behavior (false records (misleading statements)).
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Figure 10. Prediction of specific fraudulent behavior (improper general accounting practices).

4.4. Analysis of Features

To provide more direct information for financial fraud prediction, this framework also
analyzes the input features based on the base learners of the stacking model to identify
features that are highly correlated with fraudulent behavior. Specifically, we obtained the
feature importance rankings for each base learner after training. Among them, 6 features
simultaneously appeared in the top 50 features of feature importance rankings for all five
machine learning models. The specific meanings of these features are provided in Table 9.

Table 9. Shared important features of base estimators.

Features Definition

After-tax dividend per share divided/current period’s

Common Stock Earnings Yield A . .
closing price

Top Ten Holders Rate Proportion of shares held by the top ten shareholders
Ownership 1 for state-owned enterprises, else 0
. . Tangible Assets/Total Assets (Tangible Net Assets =
Tangible Asset Ratio Total Assets — Intangible Assets — Goodwill)
Retained Earnings to Total Assets (Retained Earnings + Undistributed Profits)/Total
Ratio Assets

Ending Value of Earnings per Share Reserve/Ending

Earnings per Share Reserve Value of Paid-in Capital

Furthermore, we randomly selected several specific fraud cases for analysis and the
further evaluation of the proposed framework. By using the stacking model, we predicted
the occurrence of financial fraud in 2018 based on the data from 2017. The model detected
fraudulent behavior for (i) Kangmei Pharmaceutical Co., Ltd. (600518), (ii) Chuying Agro-
Pastoral Group Co., Ltd. (002477), and (iii) DHC Software Co., Ltd. (002065). Kangmei
Pharmaceutical Co., Ltd. was accused of false entries, Chuying Agro-Pastoral Group Co.,
Ltd. was accused of fictitious profits, false presentation of assets, and false entries, and DHC
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Software Co., Ltd. was accused of general accounting mishandling. Among them, Kangmei
Pharmaceutical had a retained earnings-to-total assets ratio of 0.1416, which was relatively low.
Chuying Agro-Pastoral had a retained earnings-to-total assets ratio of 5.50% and a return on
equity of 0.45%, both relatively low. Its earnings per share reserve was only 6.37%, far below
the average level. The fraudulent behavior of these three companies are described below.

(i) Kangmei Pharmaceutical Co., Ltd., abbreviated as “Kangmei Pharmaceutical” (SSE:
600518), operates in the pharmaceutical manufacturing industry with industry code C27 and
is located in Puning, Guangdong Province, China, Guangdong Province. On the evening of
28 December 2018, Kangmei Pharmaceutical announced that the company had received an
“Investigation Notice” from the China Securities Regulatory Commission (CSRC). On 17
May 2019, the CSRC reported that Kangmei Pharmaceutical had engaged in financial report
falsification, involving suspected false statements and other illegal activities.

(ii) Chuying Agro-Pastoral Group Co., Ltd., was successfully listed on the Shenzhen
Stock Exchange on 15 September 2010 (stock code: 002477). It operates in the forestry industry
with industry code A03 and is located in Xinzheng, Henan Province, China. The violation
records in the CSMAR database indicate that in the 2018 fiscal year, Chuying Agro-Pastoral
inflated equity and debt investments, totaling CNY 6,975,744,631.86. Chuying Agro-Pastoral’s
financial data in the “2018 Annual Report” were found to contain false information.

(iii) DHC Software Co., Ltd. was founded in January 2001, with its headquarters located
in Beijing’s Zhongguancun. It went public on the Shenzhen Stock Exchange’s main board in
August 2006, with stock code 002065. The company operates in the software and information
technology services industry, with industry code 165. In 2018 and 2019, DHC Software
had several trade-related transactions, with recognized revenues that did not comply with
accounting standards. This resulted in DHC Software inflating operating income by CNY
65,226,300 and CNY 36,232,700 in its 2018 and 2019 annual financial reports, respectively,
accounting for 0.77% and 0.41% of the total operating income for each respective year.

We also conducted an additional analysis by using the ExtraTrees model, which
performed well within the framework, to plot partial dependence plots (PDPs) for the top
five features in terms of importance (Table 10). The PDPs show the impact of a specific
feature on the model’s predictions, helping us to understand the model’s response to
individual features, identify nonlinear behavior, and isolate the effects of other features.

Table 10. The five most important features of the ExtraTrees model.

Features Definition

Ownership 1 for state-owned enterprises, else 0

Report Reliability Index Report reliability index published by Shenzhen Dibo Company

Legal Compliance Index Legal compliance index published by Shenzhen Dibo Company

Largest Holder Rate Proportion of shares held by the largest shareholder
Common Stock Earnings After-tax dividend per share divided/current period’s closing
Yield A price

The results are shown in Figures 11-15. The partial dependence plots obtained from
the model analysis reveal a noticeable linear relationship with financial fraud for certain
features: (a) The probability of financial fraud is lower when the property rights are classified
as state-owned enterprises. State-owned enterprises are typically subject to stricter regulatory
and auditing systems. Government departments and relevant regulatory bodies conduct
more rigorous scrutiny and supervision of the financial reports and activities of state-owned
enterprises. This is likely to reduce the occurrence of fraudulent behavior. (b) A lower
reliability index in the reports is associated with a higher probability of financial fraud.
A lower reliability index may indicate a higher risk of false reporting and financial data
manipulation within the company;, reflecting a lack of transparency in its financial information.
Inaccurate, misleading, or intentionally fabricated financial information can be used to deceive
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investors, creditors, and other stakeholders. (c) A lower legal compliance index corresponds
to a higher probability of financial fraud. A lower legal compliance index may reflect a
lack of robust regulations and systems within a company. The absence of effective internal
controls, supervision, and compliance mechanisms may provide opportunities and room for
financial fraud to occur. (d) When the proportion of shares held by the largest shareholder
(the first major shareholder) is lower, the probability of financial fraud is higher. When the
largest shareholder’s control over the company is weakened, it creates greater opportunities
and motivations for other stakeholders, such as minority shareholders and management, to
engage in financial fraud. () As Common Stock Earnings Yield A decreases, the probability
of financial fraud increases. A decrease in Common Stock Earnings Yield A may indicate a
weaker economic condition for the company. In times of financial hardship, the company
is likely to face greater pressure and may be more inclined to engage in financial fraud as a
means to conceal losses and poor financial performance.
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Figure 11. The PDP for the top five features of the ExtraTrees model (ownership).
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Figure 12. The PDP for the top five features of the ExtraTrees model (report reliability index).
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Figure 13. The PDP for the top five features of the ExtraTrees model (legal compliance index).
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Figure 15. The PDP for the top five features of the ExtraTrees model (Common Stock Earnings
Yield A).

5. Conclusions

In this paper, we have proposed a financial fraud prediction framework based on
stacking ensemble learning, taking into account feature analysis, parameter optimization,
model selection, and stacking ensemble, and performance evaluation. Unlike previous
studies, we focus on financial fraud prediction tasks, aiming to analyze historical data and
identify potential risk factors to provide early warnings before issues arise. This approach
gives relevant departments more time and opportunities to monitor or take corrective actions,
thereby reducing potential financial losses and legal risks. By implementing the financial
fraud prediction framework proposed in this study, regulators can identify potential risk
points before problems occur, enabling timely intervention. For example, if the predictive
model detects anomalies indicating fraudulent risks in a company’s financial statements,
regulators can intervene early to conduct preliminary investigations, preventing further
escalation and greater losses. For auditors, adopting this predictive framework enhances the
accuracy and efficiency of audits. By leveraging the insights provided by the model, auditors
can focus their efforts on identified high-risk areas, making their work more targeted and
effective. Lastly, for investors, the proposed approach offers critical insights to help them
avoid high-risk investments and protect their interests. By identifying potential financial
fraud, investors can make more informed decisions. For instance, when evaluating a
company, if the predictive model flags its financial data as high-risk, investors might choose
to withhold investment in the company or demand greater transparency and explanations.

The objective of stacking lies in harnessing the collective power of multiple base
models by inputting their predictions into a meta-model. This framework addresses the
challenge of limited generalization ability in existing machine learning methods for financial
fraud prediction tasks. The framework involves effective analysis and cross-validation to
select financial and non-financial features. SVM, LightGBM, and other machine learning
models are used as base models for training and parameter optimization. Finally, the best-
performing base models and meta-model are selected for stacking ensemble. Experiments
conducted by using data from listed companies in China have demonstrated that the
financial fraud prediction framework based on stacking ensemble achieves a recall rate of
0.8246 and an AUC of 0.8146, surpassing the individual performance of mainstream machine
learning models like SVM, LightGBM, and ExtraTrees. The study demonstrates that the
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proposed framework performs exceptionally well in different types of companies, violation
timeframes, and fraudulent behaviors, consistently outperforming current mainstream
machine learning models. This showcases its strong generalization capability, which enables
the model to adapt to diverse financial contexts. In future research and practical applications,
the framework can be tailored to different fraud scenarios with only minor adjustments to the
base models. Furthermore, ablative experiments have shown that the complete framework
constructed through feature selection, parameter optimization, and model ensemble yields
better results. The results and contributions of this study provide important guidance for
regulators, managers, auditors, and investors in their decision-making processes, facilitating
effective risk management and ensuring the stability of financial markets.

However, this study also has certain limitations. For example, the coverage of the
dataset is limited, and there are many types of non-financial data that can still be explored
for valuable information. The stacking ensemble model we used is more complex compared
to general machine learning models, which makes conducting related research on large
datasets more computationally intensive. On the other hand, our framework has limited
overall interpretability. After utilizing our framework, to gain a clearer understanding of
the logic behind the predictions, further research on the base models in the framework
would be required, making the process more cumbersome.

There are several potential directions for further research. Firstly, it is worth con-
sidering the inclusion of additional types of data, such as social media sentiment data,
textual data from annual and quarterly reports, and audio data from company meetings.
By incorporating data from different dimensions, we can gain a more comprehensive
understanding of company operations and more accurately identify potential fraudulent
activities. Secondly, it is possible to further model the time-series relationship between the
financial and non-financial information of companies. By analyzing the dynamic changes
in financial data and other relevant factors, we can capture signs of fraudulent behavior
and identify potential fraud signals. Furthermore, exploring the impact of interconnections
between different companies on financial fraud behavior, such as relationships between
suppliers and customers, can contribute to the development of more comprehensive fraud
prediction models. Finally, with the advancement and application of Large Language
Models, their application to financial fraud prediction will be a key area of future research.
Large Language Models have the ability to handle and analyze data of different types and
scales, uncovering patterns and anomalies hidden within the data and providing valuable
assistance in analysis and decision making.
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