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The article examines several approaches to finding anomalies in complicated datasets,
an essential task in domains including industrial monitoring, cybersecurity, banking,
and healthcare. The paper evaluates the theoretical underpinnings, benefits, and
drawbacks of anomaly detection strategies, classifying them into statistical approaches,
clustering techniques, deep learning models, and hybrid/ensemble methods.
Although they provide theoretically solid methods for identifying outliers, statistical
techniques such as Z-score analysis, Gaussian Mixture Models (GMM), and Kernel
Density Estimation (KDE) have trouble handling high-dimensional and non-linear
data. Whilst K-means, DBSCAN, and hierarchical clustering are popular clustering
approaches for unsupervised anomaly detection, their efficacy depends on noise
sensitivity and parameter choice.

Additionally, the study looks at deep learning and machine learning methods,
including autoencoders, Generative Adversarial Networks (GANs), Convolutional
Neural Networks (CNNs), and Long Short-Term Memory (LSTM) networks.
Particularly for time-series and picture data, these models have revolutionized
anomaly detection, yet their interpretability and computational efficiency present
difficulties.

Furthermore, hybrid and ensemble approaches combine many techniques to increase
accuracy and resilience. In challenging anomaly detection tasks, methods such as
stacking ensembles, boosting, and isolation forests show improved performance.
Interpretability and computational requirements are still major issues.

Many current research issues, such as explainability, model scalability, and
adaptability to changing contexts, are highlighted in the article. Future research
should concentrate on federated learning, explainable Al (XAl), and semi-supervised
learning to ensure more transparent and effective anomaly detection models. This
study lays the groundwork for future developments in the area.
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VY crarTi po3mISIAIOTECS KiJIbKa MiAXO/IB O MOIIYKY aHOMaiil y CKIagHuX
HaOopax JaHMX, IO € BaKJIMBUM 3aBJaHHAM Yy cdepax MTPOMUCIOBOTO
MOHITOPUHTY, KiOepOe3meku, OaHKIBCbKOI CHpaBU ( OXOPOHHU 3I0pPOB’S.

VY cTarTi OLIHIOIOTHCS TEOPETUUHI OCHOBH, TIEPEBAru Ta HEJONIKU CTPATErii
BUSBJICHHS aHOMallild, Ki1acu(ikoBaHO X HA CTAaTUCTHYHI MiAXOIU, METOAM
KJIacTepu3allii, MoJieni MuOoKoro HaB4aHHs Ta riopuIHi / aHcaMOIeB1 METOIH.

CTaTHCTUYHI METOIH, SIK-OT aHaji3 Z-IOKa3HUKa, MOZCIL

cymimi [ayca

(GMM) i oninka minsHOcTi sapa (KDE), matote mpobrmemu 3 0O6poOKoro

OaratoBUMIpHUX 1 HemiHiIHMX paHuX. Xoua K-cepenHi,

DBSCAN Ta

iepapxqua KHaCTepI/I?)aIliSI € MNOIYJIAPpHUMU METOAaMU KJ'IaCTCpI/IZ‘saHiI JJIA
HCKOHTPOJIIbOBAHOT'O BHUABJICHHSA aHOMaJ’Iiﬁ, e(l)eKTI/IBHiCTL 3aJIC)KUTH BiI[

YYTIUBOCTI JI0 IIyMy Ta MapaMeTpiB.

VY nocnipkeHH] po3MIsSAaI0TEC METOAM THMOOKOTO i MallMHHOTO HaBYaHHS,
30KpemMa aBTOKOJepH, reHepaTuBHi 3MmaraibHi (GAN), 3ropTKOBI HEHpOHHI
Mmepexi (CNN) i mepexi JOBrocTpokoBoi kopoTkodacHoi mam’siti (LSTM).

Jns gacoBuX psAAiB 1 rpadidHUX JaHUX MOJENi 3pOOHIIH
BUSIBJIEHHI aHOMAUTIi.
IOpunuuii i aHcaMmOneBUH MigXOAW TOEIHYIOTh Oarato

PEBOMIOLIIO Y

METOAIB JUISL

MIIBUINEHHS TOYHOCTI Ta CTIAKOCTI. Y CKIagHUX 3aBJAHHAX BHSIBICHHS
aHOMaJTiii TaKki METO/IH, SIK YTBOPEHHS aHCaMOJIiB, TOCUJICHHS 1 130111151 JTiCiB,
JEMOHCTPYIOTh TIOKpAIIeHy MPOAYKTHBHICTh. [HTeprmpeTallisi Ta BUMOTH [0

00YHCIICHD ycCe 1€ 3aJIMIIAa0ThCs TOJIOBHUMHA np06neMaM1/1.

Y crarTi BHCBITIEHO 0araro akTyaJbHUX JOCHIJHUIBKUX ITUTaHb,
SIK-OT IIOSICHIOBAHICTh, MAacIITa0OBaHICT, MOZCII I aJanToOBaHICTh [0
MIHJIMBUX KOHTEKCTiB. MalOyTHI OCIHIi/PKEHHS TIOBHHHI 30CEpEeIUTHCS Ha
(enepaTiBHOMY HaBUYaHHI, MOSCHIOBAHOMY INTY4YHOMY iHTenekTi (XAl) i
HaIBKOHTPOJILOBAHOMY HaBuaHHi. lle mocnmipkeHHsS 3akiajae OCHOBY IS

MaiiOyTHIX po3po0OK Y miii chepi.
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Problem statement and its connection to signif-
icant scientific and practical tasks. Anomaly detec-
tion is critical for ensuring system stability, reliability,
and security, especially in financial systems, indus-
trial loT, and healthcare applications. Outliers, which
can be considered indicative of any disturbances that
can include faults, cyber threats, or fraud, are very
harmful if not recognized early. For example, possible
anomalies detectable by such trained systems include
unusual vibrations or leaps in temperature in manu-
facturing, abnormal patterns of logins or transfers of
massive amounts of data, and fractures of chemical
formulas in the case of pharmaceuticals. They can
save a significant amount of resources for businesses,
save the privacy of users, prevent breaches with leaks
of sensitive data, and ensure the quality of products
by detecting compromised ones in case of identifying
issues in time.

Traditional methods, like rule-based systems and
statistical models, struggle with complex, dynamic,
and high-dimensional data; instead, they are suitable
for fast, shallow initial checks, but their abilities are
limited for in-depth analysis of complex data sets,
including time series. By bringing more sophisticated
methods that can identify intricate patterns and han-
dle massive amounts of data, machine learning has
greatly improved outlier detection. Nonetheless, there
are still certain issues with interpretability, scalabil-
ity, and environmental adaptation. They emphasize
the necessity of continual study and advancement to
improve anomaly detection methods.

Addressing these challenges is essential for
improving system resilience and preventing sub-
stantial disruptions. There is a critical practical and
scientific task with direct applications across various
industries in improving anomaly detection methods'
features such as accuracy, transparency, and adapt-
ability. Tackling difficulties is essential for research-
ers and practitioners, as it addresses critical needs in
today’s data-driven world.

Analysis of recent studies and publications.
Significant progress in the discipline has been fueled
by the growing complexity of contemporary datasets
and the urgent need for real-time anomaly identifica-
tion. Recent surveys, like Pang et al. (2021), highlight
the use of Al techniques in tackling contemporary
issues by classifying anomaly detection methods into
statistical, clustering-based, and machine-learning
approaches [1].

Statistical methods, including Gaussian Mixture
Models (GMM), are widely used for anomaly detec-
tion, but their effectiveness is limited in high-dimen-
sional or non-linear data scenarios. Wu et al. (2024)
introduced a Trend and Variance Adaptive Bayesian
Changepoint Analysis combined with Local Outlier
Scoring, effectively addressing real-world data com-
plexities [2].
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Clustering-based approaches, including densi-
ty-based spatial clustering of applications with noise
(DBSCAN) and k-means, remain widely applied in
anomaly detection. However, modern methods like
Density-Based Networks introduced by Zheng et al.
(2021) address the sensitivity to parameter selection
and scalability issues associated with traditional clus-
tering techniques [3].

Machine learning, particularly deep learning, has
revolutionized anomaly detection. Yang et al. (2022)
highlighted the advantages of transformer-based
architectures in anomaly detection by proposing a
Transformer-based GAN, demonstrating its effec-
tiveness in capturing complex time-series patterns.
[4]. Chabchoub et al. (2022) enhanced the Isolation
Forest algorithm with Majority Voting Isolation For-
est (MVIForest), improving detection accuracy and
reducing execution time [5].

Hybrid and ensemble approaches are increas-
ingly being adopted to leverage the strengths of mul-
tiple techniques. Explainable Al (XAI) has become
essential in critical domains, addressing the chal-
lenge of model interpretability. By integrating SHAP,
Noorchenarboo et al. (2025) research aims to improve
the interpretability of detection models, facilitating
better decision-making in smart grid operations [6].

Despite these advancements, challenges persist
in model adaptability, interpretability, and gener-
alization across domains, and research is actively
addressing these issues by developing interpretable
models, adaptive algorithms for streaming data, and
techniques for transfer learning. While significant
progress has been made, continuing innovation is
necessary to meet the demands of modern systems
and dynamic datasets.

Formulating the goals and objectives. The main
goal of this article is to provide a theoretical analysis
of algorithms and machine learning models for anom-
aly detection. Conceptual strengths, weaknesses, and
suitability for various applications should be consid-
ered. By examining the theoretical underpinnings of
these techniques, this study aims to bridge existing
gaps in understanding and offer insights into how
these models can be optimized for specific use cases.

This research emphasizes the importance of sys-
tematically analyzing and categorizing machine learn-
ing approaches. It investigates models’ assumptions,
limitations, and theoretical performance in handling
high-dimensional, noisy, and dynamic data environ-
ments. Particular attention is given to exploring how
hybrid and ensemble approaches might theoretically
combine the strengths of individual algorithms to
improve overall robustness and accuracy.

The article presents a comprehensive overview
of methods and algorithms commonly employed
for anomaly detection. These include statistical
approaches such as Z-score analysis, Gaussian Mix-
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ture Models, and Kernel Density Estimation; popular
clustering techniques like K-means, density-based
clustering, and self-organizing maps; and advanced
deep learning models, including autoencoders,
Long Short-Term Memory networks, and Genera-
tive Adversarial Networks. Additionally, it explores
hybrid and ensemble methods such as Isolation For-
ests, voting and stacking strategies, and boosting and
bagging ensembles, showcasing a broad spectrum of
solutions for detecting anomalies.

Within this research, the focus is extended to the
interpretability of compound machine learning mod-
els, more specifically, neural networks. The inves-
tigation tries to theoretically enhance model trans-
parency, enabling domain experts to understand the
anomaly detection process. The study also attempts
to elucidate how models may be integrated into
dynamic environments characterized by streaming
data or changing distributions. The main aim of the
present study is to further expand the practitioners’
knowledge of machine learning model architectures
applied for anomaly detection and contribute a the-
oretical foundation for further studies and applica-
tions. These findings can assist in effectively guiding
the composition of anomaly detection solutions that
are more robust in different areas while addressing
important issues, including interpretability, adaptabil-
ity, and scalability.

Main research findings. The study provides a
broad theoretical analysis of machine learning algo-
rithms for anomaly detection, categorizing them into
four groups: statistical approaches, clustering tech-
niques, deep learning models, and hybrid/ensemble
systems. Each category offers a distinct perspective
on anomaly detection, from probabilistic assumptions
to neural network power and diverse technique com-
binations.

Statistical methods are among the most founda-
tional techniques for anomaly detection. They offer
a mathematically grounded approach to identifying
deviations from expected patterns. Statistical meth-
ods are particularly effective when data adheres to
well-defined distributions or when the relationships
among variables are linear and straightforward.

The Z-score method measures the number of
standard deviations a data point deviates from the
mean of the dataset [7]. A straightforward way to
identify outliers can be provided by assigning a
numerical score to each data point; typically, those
exceeding a threshold (e.g., +3 standard deviations)
can be outliers. In financial auditing, Z-score anal-
ysis can highlight unusually high transactions that
deviate significantly from typical transaction values,
flagging potential cases of fraud or errors. It can also
be utilized in manufacturing. The Z-score method can
pinpoint defects or process anomalies, such as pro-
duction units with dimensions outside normal ranges.
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The Z-score method has drawbacks as it assumes
a normal distribution of data, a condition which, most
times, does not hold true with real-life data. When
analyzing skewed or non-Gaussian distributions, such
constrictions can be problematic. For instance, the
impact of extreme values on the mean and the standard
deviation affects the accuracy of the method. Modified
forms of the Z-score method that use more resilient
statistics, such as the median or the median absolute
deviation or MAD, can be utilized to manage it.

Gaussian Mixture Models extend the principles
of Z-score analysis by modeling data as a mixture
of multiple Gaussian distributions. This probabilis-
tic approach enables GMM to capture more complex
data structures, accommodating scenarios where the
dataset comprises subgroups with different means
and variances. For example, in customer segmenta-
tion, GMM can model the purchasing behaviors of
distinct groups (e.g., regular buyers and occasional
shoppers). Anomalies, in turn, are data points with
low likelihoods under the fitted mixture model. This
makes GMM effective in applications where data is
inherently multimodal, such as biological measure-
ments or user behavior analysis.

GMM faces challenges when applied to high-di-
mensional datasets. The number of parameters to
estimate increases exponentially with dimensionality,
leading to computational inefficiencies and potential
overfitting. Regularization techniques and dimen-
sionality reduction methods, like principal compo-
nent analysis (PCA), are often employed to mitigate
issues.

Statistical methods can be classified into two cate-
gories: parametric methods and non-parametric meth-
ods. For example, Z-score and GMM are considered
parametric methods because they are dependent on
strong assumptions about the distribution from which
data is drawn. Although these assumptions facilitate
the modeling problem and make these methods effi-
cient in computation, they narrow the usability to data
that fits the shape of those distribution curves.

Kernel density estimation (KDE) and histograms
are widely used non-parametric methods that operate
without assuming an underlying distribution [8]. For
example, KDE utilizes kernel functions to smooth
observed data points and estimate the probability den-
sity function. Its feature is that it offers flexibility for
datasets where distributions are complex or unknown.
This adaptability makes non-parametric methods par-
ticularly valuable in modern anomaly detection sce-
narios. However, there are challenges to deploying
such models in real-time applications because these
methods require substantial data to produce reliable
estimates and can be computationally demanding for
large-scale datasets.

Statistical methods are widely applied in domains
with a clear understanding of data distributions and
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interpretability. Examples include method utilization
in healthcare, which identifies abnormal vital signs or
lab test results based on established norms; environ-
mental monitoring, which detects unusual weather
patterns or pollution levels that deviate from histor-
ical averages.

The primary challenges of statistical approaches lie
in their reliance on assumptions about data distribu-
tion and sensitivity to noise and outliers. As real-world
datasets often show non-linear relationships, heavy
tails, or multimodality, pure statistical methods will
not be effective. In these cases, the necessity for using
hybrid approaches or statistical methods with machine
learning models arises for improved performance.

A promising area of exploration is a combina-
tion of statistical models with machine learning
techniques, such as embedding GMMs into deep
neural networks or integrating Z-score thresholds
with ensemble methods. It helps to make the statis-
tical approaches relevant in more advanced anomaly
detection applications.

Clustering techniques are of significant importance
in unsupervised methods of anomaly detection. These
techniques leverage intrinsic patterns in the data to
group points based on their similarities. In effect, they
are able to organize similar data points based on natu-
ral structures, such as by making a model without pro-
viding labels or categories. Such a setup is useful for
datasets where the pattern of anomalies is in stark con-
trast to the pattern of the regular points or where data is
not labeled. Clustering methods identify anomalies as
points that do not belong to any cluster or are located
far from cluster centroids or dense regions.

K-means is one of the simplest and most widely
used clustering algorithms. It partitions the dataset
into a pre-defined number of clusters (k) by itera-
tively minimizing the variance within each cluster.
In the context of anomaly detection, points that are
far from their nearest cluster centroid are flagged as
anomalies (Fig. 1).
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Fig. 1. K-means anomaly detection result
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For example, in network traffic analysis, k-means
can identify unusual data flow patterns, such as sig-
nificant, infrequent file transfers that deviate from
regular usage patterns. Another example is retail ana-
lytics, in which k-means can detect customers with
atypical purchasing behavior that may indicate fraud-
ulent transactions. It may look like k-means is simple
and efficient, but this method has notable limitations.
It assumes clusters are spherical and equally sized,
which may not hold for many real-world datasets.
Moreover, it is sensitive to the choice of k and initiali-
zation, which can lead to suboptimal clustering. Vari-
ants like k-means++ have been developed to improve
initialization to address these issues, while other clus-
tering techniques may be used for more complex data
structures.

The density-based clustering algorithm called
DBSCAN groups data points like the human eye. In
essence, the algorithm identifies dense regions of data
points as separated by sparser areas, and outliers, or
anomalies, are defined as low-density areas that are
not a part of any cluster. Clusters of different shapes
and sizes improve the application in geospatial
databases or industrial monitoring systems. Recent
research demonstrated its utility in environmental
applications, such as identifying anomalous weather
patterns [9]. Compared to k-means, DBSCAN excels
in detecting clusters of arbitrary shapes and automat-
ically determining the number of clusters, making it
adaptable for complex data distributions [10].

Hierarchical clustering builds a tree-like structure
(dendrogram) to represent nested groupings of data
points. There are two main approaches: agglomera-
tive clustering, which starts with each data point as
its cluster and merges them iteratively, and divisive
clustering, which begins with all data points in a sin-
gle cluster and splits them iteratively.

In anomaly detection, hierarchical clustering iden-
tifies outliers as points that either form clusters or
appear at distant branches of the dendrogram. The
method is particularly effective for visualizing clus-
ter relationships and detecting anomalies in small to
medium-sized datasets. The downside is the lack of
a definitive stopping criterion, which complicates
the process of determining the appropriate number
of clusters. The method of hierarchical clustering
assumes that each data point should be assigned to a
cluster, and in case of a high proportion of anomalies,
effectiveness declines.

Self-organizing maps (SOMs) are neural net-
work-based methods that project high-dimensional
data onto a low-dimensional grid while preserving
the topological structure of the data [11]. Points that
poorly fit the grid or significantly differ from their
neighbors are identified as anomalies. SOMs are
widely used for visualizing and analyzing complex
datasets, including genomic data and financial trans-
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actions. Recently, SOMs were integrated with deep
learning approaches, enhancing their scalability and
accuracy for detecting anomalies in large-scale and
intricate datasets.

Clustering methods face several challenges in
anomaly detection. As the number of dimensions
increases, distance becomes less meaningful, making
it harder to identify clusters or anomalies. Dimen-
sionality reduction techniques, such as PCA or
t-SNE, are often required to preprocess data. Meth-
ods like DBSCAN and k-means depend on parame-
ter choices (e.g., k, epsilon) that significantly impact
performance. Clustering methods can be sensitive to
noise in the dataset, mistaking noisy data points for
anomalies or distorting cluster formation.

Deep learning models represent a transformative
advancement in anomaly detection, offering unparal-
leled capabilities in handling complex, high-dimen-
sional, and unstructured data. These models leverage
the power of artificial neural networks to learn intri-
cate patterns and relationships within data, enabling
the identification of subtle anomalies that traditional
methods might overlook. The flexibility and scalabil-
ity of deep learning have positioned it as a key tool
for anomaly detection in diverse applications, from
image and video analysis to sequential data like time
series and text.

Autoencoders, a type of unsupervised neural net-
work, excel in encoding input data into a simplified
representation and subsequently reconstructing it. High
reconstruction error can be associated with anoma-
lous data instances outside the learned pattern. For
instance, autoencoders can help analysts study network
traffic by determining if there are some unusual data
exchanges that may be an indication that an intruder is
present. Autoencoders are suited to the task of work-
ing on higher-level representations of data types like
images, videos, or genomic datasets. Possessing such
enhanced features, the networks, in particular the var-
iational autoencoders VAEs who specialize in proba-
bilistic modeling, offer not only anomaly but detection
but also quantifying uncertainty [12].

LSTMSs, a form of recurrent neural network, are
adept at capturing long-term dependencies in sequen-
tial data, making them ideal for time-series analysis
to detect anomalies, such as abrupt or gradual devi-
ations in data patterns. In contexts like loT, LSTMs
can monitor sensor outputs to detect anomalies such
as unusual spikes in readings. In the financial sector,
these networks are invaluable for spotting atypical
trading patterns or fraudulent activities using histor-
ical data. However, LSTMs do demand significant
computational resources and are particularly sensi-
tive to the settings of their hyperparameters [13].

CNNgs, primarily utilized for spatial data interpre-
tation, have shown effectiveness in anomaly detection
within visual data by extracting and analyzing hierar-
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chical features. In healthcare, CNNs are instrumental
in identifying anomalies like tumors from MRI scans
or irregularities in X-ray images. In manufacturing,
they help in inspecting product images to detect flaws
such as scratches or misalignments. Extensions like
3D CNNs broaden their applicability to dynamic con-
texts like monitoring video feeds in surveillance or
traffic systems [14].

Generative Adversarial Networks (GANs) and
VAEs are generative models that have gained wide-
spread acceptance as tools for anomaly detection [15].
In a typical GAN, there exist two networks: the first
is referred to as the generative network, which gener-
ates the data, while the second is called the discrimi-
native network, which is used to classify the data into
either real or synthetic. This approach has been useful
in applications like computer security, where it can be
used to detect fraud or spot defects in products. VAEs
use deep learning neural networks and probabilistic
methods and are capable of making independence
and providing reconstruction alongside uncertainty
about the resulting reconstruction. They treat abnor-
mal signals as those that are highly unlikely to exist
within the distribution that is modeled.

GAN and VAE models are very effective in cap-
turing and modeling complex data but tend to be
unstable during training, requiring intricate designs
and careful parameter setting. As deep learning con-
tinues to mature, its application in anomaly detection
systems should also broaden, thus providing more
advanced solutions to complex detection problems.

To capitalize on the advantages of both approaches,
hybrid deep learning models combine deep learn-
ing architectures with conventional techniques. For
instance, when combined with statistical methods like
Z-score analysis, autoencoders can make anomaly
detection more effective by providing interpretable
scores and reconstruction errors. Similarly, temporal
patterns and density-based anomalies can be exam-
ined by combining LSTMs with clustering techniques
such as DBSCAN.

Hybrid approaches have proven effective in
domains where data complexity and variability
require multiple layers of analysis. For example, a
hybrid model might combine LSTM's temporal anal-
ysis with GANs in fraud detection to simulate stand-
ard transaction patterns [16].

One of the most significant advantages of deep
learning is that it excels at handling complex data-
sets, such as videos, images, and text, where tradi-
tional methods struggle. Also, neural networks can
be tailored to specific use cases, with architectures
and layers optimized for different data types and pat-
terns. Importantly, deep learning models automati-
cally learn relevant features, saving time and improv-
ing accuracy, unlike traditional methods that require
manual feature engineering.
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The feature of deep learning models is that they
require high computational power by themselves to
perform, which often includes not only CPUs but also
GPUs and memory. This combination makes it chal-
lenging to train and deploy them. Automatic feature
detection using deep learning models in a dataset can
also be ineffective because they are often criticized
as “black boxes”, making it difficult to explain why a
particular data point is classified as anomalous.

Future research in deep learning for anomaly
detection focuses on improving interpretability,
reducing data requirements through semi-supervised
or unsupervised learning, and enhancing the scala-
bility of models to handle massive datasets in real-
time. Advances in hybrid models and domain-specific
adaptations promise to expand the applicability and
effectiveness of deep learning in increasingly com-
plex and dynamic anomaly detection scenarios.

Hybrid and ensemble methods combine the
strengths of multiple machine-learning approaches to
achieve more robust and accurate anomaly detection.
These methods address the limitations of individual
techniques by integrating diverse algorithms or com-
bining different types of data representations, leading
to improved performance, generalization, and adapt-
ability across various domains.

Integration of clustering algorithms and neural
networks is a good practice. Clustering algorithms,
such as k-means or DBSCAN, can group data into
clusters to identify potential anomalies, while a neural
network, like an LSTM, analyzes sequential depend-
encies within the clusters. This approach is com-
monly used in time-series analysis, such as detecting
anomalies in [oT sensor data or energy consumption
patterns.

Hybrid models are often customized for specific
applications. For instance, in healthcare, clustering
methods might identify subgroups of patient records,
and a generative adversarial network (GAN) could
simulate normal patterns within these groups to high-
light unusual cases indicative of rare diseases [17].

Ensemble methods combine multiple models to
enhance accuracy, reduce overfitting, and increase
robustness. The two primary strategies in ensemble
learning are bagging and boosting, but their adapta-
tions for anomaly detection take on specialized forms:
isolation forests, voting and stacking, boosting-based
ensembles, and bagging ensembles for diversity.

Isolation Forests continue to be an effective ensem-
ble-based anomaly detection method, leveraging mul-
tiple decision trees to isolate data points swiftly. The
isolation forests method shines in high-dimensional
data contexts and maintains computational efficiency,
making it a top choice for real-time applications such
as fraud detection or intrusion monitoring [18].

Voting ensembles, which aggregate predictions
from a blend of statistical, clustering, and deep learn-
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ing models, are complemented by stacking ensembles.
These utilize a meta-model to optimize prediction com-
binations for enhanced anomaly detection accuracy.
For instance, stacking ensembles might integrate out-
puts from autoencoders, k-means, and Gaussian Mix-
ture Models (GMMs) to effectively pinpoint anomalies
in complex manufacturing processes [19].

Recent advancements in gradient boosting tech-
niques like XGBoost and LightGBM have spotlighted
their adaptability in anomaly detection, particularly
when dealing with imbalanced datasets where anom-
alies are infrequent. These methods excel by itera-
tively refining focus on hard-to-classify instances,
improving the identification of anomalies in contexts
such as product quality control [20].

Bagging methods remain robust, leveraging
multiple models, each trained on random data sub-
sets to increase noise and data variability tolerance.
Enhanced algorithms like Random Forests are exten-
sively applied in structured data anomaly detection
scenarios, including monitoring credit card transac-
tions or loan applications [21].

Hybrid and ensemble methods continue to evolve,
proving invaluable in overcoming individual method
limitations and achieving superior anomaly detection
accuracy. These methods aid in mitigating model
overfitting and reducing bias towards particular
algorithms or datasets. Ensemble methods like Iso-
lation Forests demonstrate impressive scalability
and effectiveness across diverse datasets and appli-
cation domains. Still, hybrid and ensemble methods
have challenges. Combining hybrid or ensemble sys-
tems can be computationally intensive and require
significant expertise. The combination of multiple
algorithms often results in harder to interpret sys-
tems, posing challenges in sensitive applications like
healthcare or finance. Hybrid systems require careful
tuning of parameters across different components to
achieve optimal performance.

Hybrid and ensemble methods are widely used in
cybersecurity, healthcare, manufacturing, and energy
sectors. In cybersecurity, advanced persistent threats
are detected by combining anomaly scores from clus-
tering, statistical analysis, and neural networks. Iden-
tifying rare diseases or adverse events in healthcare
can be performed by integrating patient clustering,
predictive models, and statistical anomaly scoring.
For manufacturing, monitoring industrial processes
can involve a combination of sensor data clustering
with neural network-based anomaly detection.

Enhancing automation, scalability, and interpret-
ability is key to the future of hybrid and ensemble
approaches in anomaly detection. To lessen the need
for human interaction, frameworks that automatically
choose and combine the best algorithms for a specific
dataset are being developed. The goal of explainable
Al (XAI) developments is to increase the interpreta-

ISSN 2786-6254



bility of ensemble and hybrid systems, guaranteeing
responsibility and confidence in crucial applications.

Furthermore, it is anticipated that combining
hybrid techniques with cutting-edge technologies
like edge computing and federated learning would
increase suitability in remote and resource-con-
strained settings. Hybrid and ensemble approaches
will continue to be essential in addressing dynamic
and increasingly complicated anomaly detection
problems by utilizing these developments.

Conclusions and prospects for further research.
The research was focused on theoretical approaches
to some of the machine learning methods that use
algorithms for the purpose of detecting anomalous
events. The interest in the research is in understand-
ing the basic ideas behind their design and construc-
tion, as well as their advantages and disadvantages.
The research includes a variety of clustering, statis-
tical, deep learning approaches, and hybrid/ensemble
methods, evaluating their effectiveness across various
domains and data types.

Statistical methods are used in the classification
of deviations. They apply probabilistic models and
outlier detection approaches to look for exceptional
instances in structured datasets. Clustering algorithms
provide insights into group-based anomaly detection.
They show effectiveness in unstructured or spatial
data scenarios, though they often demand meticu-
lous parameter tuning. Deep learning models, such as
autoencoders, LSTMs, and GANSs, show good results
in managing high-dimensional and complex datasets.
Yet, they face challenges such as high computational
demands and the necessity for large training datasets.
Hybrid and ensemble methods have the advantages
of multiple approaches to boost robustness and accu-
racy, mitigating the shortcomings of individual mod-
els and adapting effectively to dynamic and multifac-
eted anomaly detection tasks.
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The study highlights the critical importance of choos-
ing suitable models based on the specific properties of
the data and the demands of the application domain.
Statistical methods serve well for preliminary anomaly
detection and quick assessment. In contrast, cluster-
ing techniques and deep learning models better detect
less evident patterns. Hybrid and ensemble approaches
provide a versatile solution, delivering flexibility and
enhanced performance across various scenarios.

The article highlights the common issues that can
be faced in the process of anomaly detection. Some of
them include interpretability, scalability, and the ability
to apply tired models across various domains. The the-
oretical findings of the topic provide a strong basis for
addressing relevant problems in this area in the future,
contributing to the advancement of model develop-
ment, algorithm combination, and practical use.

Future research directions in anomaly detection
should focus on developing methods that minimize
computational demands, improve model interpret-
ability, and adapt to changing data patterns. In this
regard, there seems to be a good chance of pur-
suing semi-supervised and unsupervised learning
approaches along with hybrid models and ensem-
ble techniques to address the existing problems. In
addition, the incorporation of emerging technologies
such as federated learning and edge computing into
the systems of anomaly detection may broaden their
scope of application to distributed and resource-con-
strained environments.

This research contributes to the understanding
of anomaly detection and its ability to address sig-
nificant scientific and practical issues in the fields
of industrial systems, cybersecurity, healthcare, and
finance. As a vital tool for spotting uncommon and
important events in more complicated data environ-
ments, machine learning-driven anomaly detection
will continue to develop thanks to the insights gained.
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