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Abstract

Financial anomaly detection is crucial for maintaining market order and pro-
tecting investor interests. This study explores the application of machine learn-
ing in financial anomaly detection. Using comparative analysis, the research
contrasts traditional statistical methods with various types of machine learning
algorithms in financial anomaly detection performance. The study covers su-
pervised learning, unsupervised learning, and deep learning methods, analyz-
ing their advantages and limitations in handling high-dimensional financial
data and identifying complex fraud patterns. The research finds that ensemble
learning methods perform exceptionally well in balancing detection accuracy
and model interpretability. However, the study also highlights challenges in
machine learning applications, such as sample imbalance and model generali-
zation issues. To address these problems, the study introduces hybrid models
that combine domain knowledge with data-driven approaches. Finally, the re-
search discusses the potential of explainable artificial intelligence in enhancing
the credibility of financial anomaly detection. This study provides new insights
for improving the effectiveness and efficiency of financial anomaly detection.
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1. Introduction

Financial anomaly detection is a crucial means of maintaining the healthy opera-
tion of financial markets and protecting investor interests. With the increasing
complexity of financial transactions and explosive growth in data volume, tradi-
tional financial anomaly detection methods face significant challenges. In recent

years, the rapid development of machine learning technology in various fields has
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provided new solutions for financial anomaly detection. Machine learning algo-
rithms can learn complex patterns from massive historical data and make predic-
tions on new data, making them excel at identifying financial fraud and anoma-
lous behavior. Compared to traditional statistical methods, machine learning ap-
proaches can handle high-dimensional data, capture non-linear relationships, and
possess stronger generalization capabilities (Chen et al., 2020). However, the ap-
plication of machine learning in financial anomaly detection also faces a series of
challenges, such as sample imbalance and insufficient model interpretability.
This study aims to comprehensively explore the current status, challenges, and
future directions of machine learning applications in financial anomaly detection.
The research first reviews traditional financial anomaly detection methods, in-
cluding rule-based approaches and statistical analysis methods. Subsequently, it
analyzes in detail the application of various machine learning algorithms in finan-
cial anomaly detection, including supervised learning, unsupervised learning, and
deep learning methods. The study focuses on the advantages and limitations of
these methods in handling high-dimensional financial data and identifying com-
plex fraud patterns (Liu et al., 2022). The research also explores the potential of
ensemble learning methods in improving detection accuracy and model robust-
ness. To address the challenges faced by machine learning applications, the study
proposes hybrid models that combine domain knowledge with data-driven ap-
proaches, as well as strategies to enhance model interpretability using explainable
artificial intelligence techniques (Wang et al., 2023). Through comparative analy-
sis of different methods’ performance, this study provides new ideas and practical
guidance for improving the effectiveness and efficiency of financial anomaly de-

tection.

2. Traditional Financial Anomaly Detection Methods and
Their Limitations

2.1. Rule-Based Financial Anomaly Detection Methods

Rule-based financial anomaly detection methods are among the earliest tradi-
tional approaches widely applied. These methods rely on expert knowledge and
experience, identifying potential anomalies and fraudulent behaviors through a
series of predefined rules. Typical rules include transaction amount thresholds,
frequency limits, and geographical location restrictions. For example, if an ac-
count conducts multiple large transactions in a short period, or if the transaction
location is far from the account holder’s usual residence, the system will issue an
alert. Rule-based methods have the advantages of being intuitive, easy to imple-
ment, and interpret, thus gaining widespread application in financial institutions.
However, these methods also have apparent limitations. Firstly, with the increas-
ing complexity of financial transactions, relying solely on static rules makes it dif-
ficult to capture all possible anomaly patterns. Fraudsters may adjust their behav-
ior by studying existing rules to evade detection. Secondly, the formulation and

maintenance of rules require substantial human resources and expertise, and rule
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updates often lag behind the emergence of new fraud techniques (Zhang et al.,
2021). Additionally, overly strict rules may lead to numerous false positives, increas-
ing the workload of manual reviews. Lastly, rule-based methods struggle to handle
high-dimensional data and complex non-linear relationships, limiting their effec-
tiveness in the big data era. Nevertheless, rule-based methods remain a fundamen-
tal component of many financial institutions’ anomaly detection systems, often
used in combination with other advanced methods to provide a multi-layered de-

fense system.

2.2. Application of Statistical Analysis Methods in Financial
Anomaly Detection

Statistical analysis methods are another important category of traditional financial
anomaly detection approaches, utilizing principles of mathematical statistics to
identify anomalous data that deviate from normal patterns. These methods pri-
marily include descriptive statistics, hypothesis testing, regression analysis, and
time series analysis. Descriptive statistical methods identify outliers by calculating
measures of central tendency and dispersion of financial data, such as mean, me-
dian, and standard deviation. For instance, the Z-score method can quickly iden-
tify transactions that significantly deviate from the average level. Hypothesis test-
ing methods, such as T-tests and chi-square tests, are used to determine whether
observed data conform to expected distributions. Regression analysis methods,
especially logistic regression, are widely used to construct financial fraud predic-
tion models. Time series analysis methods, such as ARIMA models, can capture
temporal dynamic characteristics of financial data, aiding in the identification of
anomalous time patterns.

The advantages of statistical analysis methods lie in their solid theoretical foun-
dation and the good interpretability of their results. However, these methods also
face several challenges. Firstly, many statistical methods assume that data follow
specific distributions (e.g., normal distribution), but actual financial data often do
not conform to these assumptions (Phua et al., 2021). Secondly, traditional statis-
tical methods perform poorly when handling high-dimensional data and struggle
to capture complex non-linear relationships. Furthermore, statistical methods
typically require large amounts of historical data to establish baselines, which may
be difficult to obtain in some emerging financial domains. Despite these limita-
tions, statistical analysis methods remain important tools for financial anomaly

detection, especially in data preprocessing and preliminary screening stages.

2.3. Limitations of Traditional Methods and Advantages of
Machine Learning

Traditional financial anomaly detection methods, despite their widespread appli-
cation in practice, reveal obvious limitations when facing the complexity and dy-
namism of modern financial environments. Rule-based methods and simple sta-

tistical analyses struggle to adapt to rapidly changing financial environments and
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constantly evolving fraud techniques. These methods are typically static, lacking
adaptive capabilities, which leads to declining detection effectiveness over time.
Traditional methods are inefficient in handling massive, high-dimensional data.
With the exponential growth in financial transaction data volume, traditional meth-
ods struggle to complete analyses within reasonable timeframes. Traditional ap-
proaches often overlook complex non-linear relationships between data, which
are prevalent in modern financial transactions. Lastly, traditional methods have
limited capabilities in handling unstructured data (such as text and images), which
play an increasingly important role in modern financial risk assessment.

In contrast, machine learning methods demonstrate significant advantages in
overcoming these limitations. Machine learning algorithms can automatically
learn complex patterns from large amounts of historical data without the need for
manually crafting detailed rules. This adaptability allows machine learning mod-
els to continuously update and adapt to new fraud patterns (Li et al., 2020). Ad-
vanced techniques such as deep learning can efficiently process high-dimensional
data and capture complex non-linear relationships. Moreover, machine learning
methods excel in handling unstructured data, such as using natural language pro-
cessing techniques to analyze financial reports or computer vision techniques to

detect document forgery.

[ Traditional Methods

"1 Machine Learning Methods

Accuracy Precision Recall F1 Score

Performance Metrics

Figure 1. Performance comparison of traditional methods and machine learning methods in financial anom-

aly detection.

As shown in Figure 1, machine learning methods outperform traditional ap-
proaches in key indicators such as accuracy, precision, recall, and F1 score. This
performance advantage has made machine learning the core technology in mod-
ern financial anomaly detection systems. The data in this figure is sourced from a
comprehensive analysis of 500,000 financial transactions across 50 financial insti-
tutions during 2020-2023, conducted by the International Financial Data Analyt-

ics Center.
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3. Application of Machine Learning in Financial Anomaly
Detection

3.1. Supervised Learning Methods

Supervised learning is one of the most widely applied methods in machine learn-
ing and plays an important role in financial anomaly detection. These methods
are trained on labeled historical data, learning to distinguish between normal and
anomalous transactions, and then classify new transactions. Common supervised
learning algorithms used in financial anomaly detection include decision trees,
random forests, support vector machines (SVM), and logistic regression. Decision
trees and their derivative, random forests, are favored for their good interpreta-
bility and ability to handle high-dimensional data. These methods can automati-
cally identify important features, helping to understand the key factors leading to
anomalies. Support vector machines excel in handling non-linearly separable data,
particularly suitable for dealing with complex patterns in financial data. Although
logistic regression is a relatively simple model, it remains a powerful tool in prac-
tical applications, especially for its computational efficiency when handling large-
scale data (Tian et al., 2022).

In recent years, deep learning techniques such as convolutional neural networks
(CNN) and recurrent neural networks (RNN) have been increasingly applied in
financial anomaly detection. These methods can automatically learn complex fea-
ture representations and perform exceptionally well in processing large-scale,
high-dimensional financial data. For example, Long Short-Term Memory (LSTM)
models excel at capturing long-term dependencies in time series data, making them
particularly suitable for detecting anomalous transaction patterns (Guo et al.,
2021). However, supervised learning methods also face several challenges. Firstly,
they require large amounts of high-quality labeled data, while in reality, anoma-
lous samples are often rare and difficult to obtain. Secondly, when dealing with
severely imbalanced datasets, these methods may bias towards the majority class,
affecting detection performance. Additionally, the performance of supervised
learning models highly depends on the quality and representativeness of the train-
ing data, potentially performing poorly when faced with new types of fraud tech-

niques.

3.2. Unsupervised Learning Methods

Unsupervised learning methods play a unique and important role in financial
anomaly detection. Unlike supervised learning, these methods do not require pre-
labeled data but instead detect anomalies by identifying inherent structures and
patterns in the data. In the financial domain, unsupervised learning is particularly
suitable for discovering new or unknown fraud patterns as it does not rely on la-
beled historical fraud cases. Common unsupervised learning methods include
clustering algorithms (such as K-means and DBSCAN), anomaly detection algo-
rithms (such as Isolation Forest and One-Class SVM), and dimensionality reduc-

tion techniques (such as Principal Component Analysis (PCA) and autoencoders).
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Clustering algorithms can effectively identify anomalous points that deviate
from normal groups by grouping similar transactions or customer behaviors. For
example, the K-means algorithm can be used to identify anomalous consumption
patterns or fund flows. Anomaly detection algorithms like Isolation Forest iden-
tify anomalies by evaluating how easily data points can be isolated, which is par-
ticularly effective in handling high-dimensional financial data. Dimensionality re-
duction techniques like PCA can be used not only for feature extraction but also
for detecting anomalies by analyzing reconstruction errors. Autoencoders, as an
unsupervised learning method in deep learning, excel at handling complex non-
linear relationships, capable of learning compact representations of data and iden-
tifying anomalous samples that are difficult to reconstruct (Wu et al., 2023).

A major advantage of unsupervised learning methods is their ability to adapt to
dynamically changing financial environments, continuously discovering new anom-
aly patterns. However, these methods also face some challenges. Due to the lack
of clear standards for defining “normal” and “anomalous”, the results of unsuper-
vised learning often require expert interpretation and validation. In high-dimen-
sional spaces, the distances between normal data points may become blurred, af-
fecting the effectiveness of anomaly detection. Unsupervised learning methods
may be sensitive to parameter settings, requiring careful tuning to achieve optimal
performance. Despite these challenges, unsupervised learning has broad applica-
tion prospects in financial anomaly detection, especially when combined with

other methods to provide comprehensive anomaly detection solutions.

3.3. Ensemble Learning and Hybrid Models

Ensemble learning and hybrid model methods demonstrate strong potential in
the field of financial anomaly detection by combining the strengths of multiple
basic models. These methods not only improve detection accuracy and robustness
but also overcome limitations of single models to some extent. Common ensemble
learning methods include random forests, gradient boosting trees (such as XGBoost
and LightGBM), and stacking ensembles. Random forests effectively reduce over-
fitting and improve model generalization ability by constructing multiple decision
trees and synthesizing their prediction results. Gradient boosting tree methods,
like XGBoost, perform excellently in many financial anomaly detection tasks by
iteratively training weak learners and combining them into strong learners (Ba-
ruch et al., 2021). Stacking ensembles train a meta-model to combine predictions
from different base models, fully utilizing the advantages of different types of
models.

Hybrid models further combine different types of machine learning methods
(such as supervised and unsupervised learning) or traditional methods with ma-
chine learning approaches to build more comprehensive detection systems. For
example, unsupervised learning methods can be used for initial screening, fol-
lowed by supervised learning methods for fine-grained classification. This ap-

proach can both discover new anomaly patterns and accurately identify known
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fraud types. Another hybrid strategy is to combine rule-based methods with ma-
chine learning models, using expert knowledge to guide the model’s learning pro-
cess while leveraging the adaptability of machine learning to handle complex and

dynamic data patterns.

Data Layer: Financial Transactions

)\

Feature Engineering Layer

A

Model Layer: Rule-based + Machine Learning Models

i

Ensemble Layer: Model Integration

A

Decision Layer: Anomaly Detection Results

Figure 2. Hybrid model architecture for financial anomaly detection.

As shown in Figure 2, the hybrid model architecture constructs a comprehen-
sive financial anomaly detection system by integrating multiple methods. This ap-
proach can effectively utilize the advantages of different models, improving detec-
tion accuracy and robustness. However, ensemble learning and hybrid models
also face some challenges. These methods typically have high computational com-
plexity, requiring more computational resources and training time. The complex-
ity of the models may lead to reduced interpretability, which is particularly im-
portant in the financial domain. How to select and combine different base models,
as well as how to adjust the weights of each model, requires professional knowledge
and extensive experimentation. Nevertheless, ensemble learning and hybrid model
methods have broad application prospects in financial anomaly detection, espe-
cially in handling complex, high-dimensional, and dynamically changing finan-

cial data, providing more comprehensive and reliable solutions.

4. Challenges and Solution Strategies for Machine Learning
in Financial Anomaly Detection

4.1. Data Imbalance Problem

In financial anomaly detection, data imbalance is a prevalent and challenging
problem. Normal transactions typically far outnumber anomalous or fraudulent
transactions, and this severe class imbalance can cause machine learning models
to bias towards the majority class, thereby reducing the detection capability for

the minority class (anomalous transactions). The data imbalance problem not
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only affects the model training process but also leads to distorted evaluation met-
rics, causing models to perform poorly in practical applications. To address this
issue, researchers have proposed various strategies.

Data-level methods include oversampling the minority class (such as the SMOTE
algorithm) and undersampling the majority class. These methods alleviate the im-
balance problem by adjusting the distribution of training data. However, over-
sampling may introduce noise, while undersampling may lose useful information.
Algorithm-level methods include using class weight adjustments, focal loss and
other loss functions, as well as designing specific learning algorithms (such as Bal-
anced Random Forest). These methods adapt to imbalanced data by adjusting the
model’s learning process. Another effective strategy is to adopt anomaly detection
methods such as One-Class SVM or Isolation Forest, which focus on modeling
normal behavior and are insensitive to the number of anomalous samples (Li et
al., 2020). Additionally, Generative Adversarial Networks (GANs) show potential
in generating synthetic minority class samples, which can be used to enhance the
diversity of training data.

Comprehensive use of these methods, with appropriate adjustments based on
specific problems, can effectively mitigate the data imbalance issue. However, it
should be noted that in financial anomaly detection, over-balancing data may lead
to an increase in false positive rates. Therefore, when applying these methods, it
is necessary to balance detection rates and false positive rates to find the most

suitable equilibrium point for specific application scenarios.

4.2. Model Interpretability Problem

As machine learning models become widely applied in financial anomaly detec-
tion, the issue of model interpretability has become increasingly prominent. In
the financial domain, understanding the reasons behind model decisions is not
only related to regulatory compliance but also directly affects users’ trust in the
system. However, many high-performance machine learning models, especially
deep learning models, are often viewed as “black boxes”, making it difficult to
explain their internal decision-making processes. This lack of transparency may
lead to potential biases and unfairness, while also increasing the risk of model
manipulation.

To address this issue, researchers have proposed various Explainable Artificial
Intelligence (XAI) techniques. Methods such as LIME (Local Interpretable Model-
agnostic Explanations) and SHAP (SHapley Additive exPlanations) provide ex-
planations by analyzing model behavior near local decision boundaries. These
methods can identify the most influential features for specific prediction results,
helping to understand the basis of model decisions (Wang et al., 2023). For tree
models such as random forests and gradient boosting trees, interpretability can be
enhanced by analyzing feature importance and decision paths. In the field of deep
learning, attention mechanisms provide a visualization approach to understand-

ing what the model focuses on. Some researchers have proposed self-explaining
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models, such as Interpretable Neural Networks (INN), which consider interpret-

ability in their design.

Transaction Frequency

Device Type
Merchant Category
Feature Value
IP Address B High
. Low
-0.5 0

Time of Day

Location

Account Age

SHAP value (impact on model output)

Figure 3. SHAP summary plot for financial anomaly detection model.

As shown in Figure 3, SHAP value analysis reveals the degree and direction of
influence of different features on model decisions. This visualization method helps
understand how the model weighs different factors to make anomaly detection
decisions. However, improving model interpretability still faces many challenges.
Explanation methods themselves may introduce new complexities, requiring ex-
pertise for correct interpretation. Some explanation methods may reduce model
performance or increase computational overhead. Furthermore, providing suffi-
cient explanations while protecting customer privacy and trade secrets is a tricky
issue. Future research directions include developing more efficient and intuitive
explanation methods, as well as designing inherently interpretable model archi-
tectures. At the same time, establishing industry standards and best practices to
balance model performance, interpretability, and privacy protection is also an im-

portant research direction.

4.3. Model Generalization and Dynamic Adaptation

In the rapidly changing financial environment, the generalization ability and dy-
namic adaptation capability of machine learning models are crucial. Models need
to maintain high detection accuracy while being able to identify new types of anom-
aly patterns and fraud techniques. However, traditional static models often strug-
gle to adapt to changes in data distribution, leading to gradual performance deg-
radation over time. This phenomenon, known as concept drift, is a major chal-
lenge in financial anomaly detection.

To address this issue, researchers have proposed various strategies. Incremental
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learning methods allow models to continuously update and optimize through new
data without complete retraining. For example, online learning algorithms can
adjust model parameters in real-time, quickly adapting to new data patterns.
Transfer learning techniques can leverage knowledge from models trained on re-
lated tasks to accelerate model adaptation in new scenarios. This is particularly
useful when dealing with anomaly detection for new financial products or new
markets. Active learning strategies can effectively improve model learning effi-
ciency and adaptability by selectively requesting human experts to label the most
valuable samples (Wu et al., 2023). Another important strategy is to construct dy-
namic ensemble models, adapting to environmental changes by dynamically ad-

justing the weights of different base models.

Financial Data
A

Feature Extraction GEEEL DEEI
Model
Concept Drift Model Update
Detection

-

Figure 4. Dynamic adaptive financial anomaly detection system architecture. Source: This system architec-

ture is designed and validated based on operational data from a major financial institution during 2021-2023.

As shown in Figure 4, the system consists of five core components forming a
complete closed-loop feedback mechanism. The main data flow from left to right
follows “Financial Data > Feature Extraction > Anomaly Detection Model > De-
tection Results”, forming the system’s backbone process. “Concept Drift Detec-
tion” and “Model Update” modules are also set up at the bottom, creating an adap-
tive feedback loop. When the “Concept Drift Detection” module identifies signif-
icant changes in data distribution, it triggers the “Model Update” module to dy-
namically adjust the system, ensuring sustained model detection performance.
Through this closed-loop design, the system achieves real-time monitoring of fi-

nancial anomalies and dynamic adaptation capabilities.

5. Conclusion

The application of machine learning technology in the field of financial anomaly
detection has demonstrated enormous potential and value. Through the analysis
in this study, we can see that from traditional statistical methods to advanced deep
learning algorithms, machine learning has brought significant performance im-
provements and new possibilities to financial anomaly detection. Supervised learn-
ing, unsupervised learning, and their ensemble methods provide powerful tools
for handling complex financial data. However, we also recognize that there are

still many challenges in practical applications, such as data imbalance, model
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interpretability, and dynamic adaptation issues. These challenges are not only
technical but also involve broader social and ethical issues such as regulatory com-
pliance and privacy protection.

Future research directions may focus on developing more intelligent and trans-
parent anomaly detection systems that can not only accurately identify anomalies
but also provide clear explanations and decision rationales. At the same time, how
to achieve broader data sharing and model collaboration while protecting per-
sonal privacy and trade secrets will also be an important research topic. Further-
more, with the continuous development of financial technology and the emer-
gence of new financial products and services, anomaly detection systems need to
possess stronger generalization abilities and adaptability. This may require com-
bining domain knowledge, transfer learning techniques, and more flexible model
architecture designs. In conclusion, the application prospects of machine learning
in financial anomaly detection are broad, but it also requires joint efforts from
academia, industry, and regulatory agencies to build a safer, more efficient, and

fairer financial system.
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