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Abstract

This article addresses the significance of Gang of Four (GoF) design patterns as formal architectural solutions in object-
oriented programming and emphasizes the importance of their automated detection in modern software systems. This
study examines the challenges of identifying architectural solutions in extensive software systems and the constraints of
conventional analytical approaches. The scientific novelty of the suggested method is in the utilization of contemporary
transformer-based language models trained on source code integrated with conventional machine learning techniques
for identifying structural patterns. The proposed approach employs the DeepSeek-Coder-V2 framework to generate
multidimensional vector representations (embeddings) of code segments. We employ Principal Component Analysis
to reduce dimensionality. The resultant embeddings serve as features for training and testing various classifiers,
encompassing both linear and nonlinear models. The objective is to autonomously identify design trends. We developed
a bespoke annotated dataset of 23 GoF patterns and additional architectural patterns derived from actual open-source
projects. Experiments demonstrate that transformer-based code embeddings significantly outperform conventional feature
extraction techniques, achieving a macro-averaged F1-score of up to 0.82. The test demonstrates that the embeddings
accurately represent both the syntactic and semantic characteristics of the source code. The proposed strategy is more
versatile and capable of managing a broader array of scenarios compared to manual or heuristic-based solutions.
It functions effectively for pattern recognition tasks and can be utilized to analyze extensive codebases. Potential
applications encompass rectifying, sustaining, and enhancing the quality and comprehension of software architecture.
This approach establishes a unified framework for subsequent research and advancement in software engineering.
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AHHOTaNMA

BBenenue. OnpeneneHa 3HaUUMOCTh HmarTepHOB mpoektupoBaHus Gang of Four (GoF), sBusromuxcs
(hopMann30BaHHBIMU APXUTEKTYPHBIMH PEHICHUSMH B 00bEKTHO-OPHEHTHPOBAHHOM ITporpaMmupoBann. O60cHOBaHa
aKTyaJIbHOCTh aBTOMAaTH3UPOBAHHOTO OOHAPYKEHHS JAHHBIX IIATTEPHOB B ICXOTHOM KOJIE COBPEMEHHBIX IIPOTPAMMHBIX
NpoayKToB. PaccMoTpeHsI poOIEMBl BEISIBICHUSI apXUTEKTYPHBIX IIA0JOHOB B MPOrPAMMHOM 00ECHEUeHUH U
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J. Asaad, E.Yu. Avksentieva

OrpaHMYEHHs] TPAAUIHOHHBIX aHATMTHYECKUX MOIX010B. HayuHass HOBU3HA MpeaaraeMoro MeTo/ja 3aKirodaeTcs B
HCIIOJIb30BaHUH COBPEMEHHBIX SI3BIKOBBIX MOZIENEeH Ha OCHOBE TpaHC(HOpMepoB, 00y4EHHBIX Ha HCXOJHOM IIPOrPaMMHOM
KOJIe B COYETAHUH C TPAAULMOHHBIMH METOJAMH MAIIMHHOTO OOy4YEHUs JUISl BBISBICHHUS CTPYKTYPHBIX MAaTTEPHOB.
Meron. IIpemnoxeno ucnonn3osats GpperiMmBopk DeepSeek-Coder-V2 mist reHepaniin MHOTOMEPHBIX BEKTOPHBIX
npecTaBieHnii (3MOSIMHIOB) CErMEHTOB KOJId, U JUIS YMEHBIICHNS UX Pa3MEPHOCTH MPUMEHUTh aHAIIN3 TIIABHBIX
KOMIOHEHT. [ToJy4eHHbIe BEKTOPHBIC IPEACTABICHUS HCIIOIb3YIOTCS B Ka4eCTBE MPU3HAKOB ISl 00ydeHHs U
TECTUPOBAHUS KIACCH(PHUKATOPOB, BKIIOYAIONINX JIMHEHHbIE U HEJTMHEHHBIE MOJEIH C IEJIbI0 aBTOMAaTHIECKOTO
pacro3HaBaHUs MAaTTEPHOB NpoekTupoBaHus. OcHoBHBIE pe3yabTaThl. Co3naH U pa3MedeH HAOOp JaHHEBIX,
BKuTIouaronuit 23 madnona GoF 1 HECKOIBKO JIOMOIHNTENBHBIX apXUTEKTYPHBIX [1a0JI0HOB, COOPaHHBIH M3 PEAIbHBIX
MPOEKTOB C OTKPBITHIM HCXOIHBIM KOJOM. DKCIIEPUMEHTHI TTOKa3aJid, 4T0 TpaHc(hopMepHble MPeACTaBICHHs KojIa
3HAYUTENBHO MPEBOCXOAAT AJIbTEPHATUBHBIE METO/IbI M3BJICUCHHS IPU3HAKOB, JI0CTUrAst MAKPO-yCPEAHEHHOTO 3HAYCHUS
F1-mepst 0,82. [IpoBeneHHas oleHKa MOATBEPKAACT, UTO SMOCATUHTH YCIEIIHO OTPAXKAIOT CHHTAKCHYECKUE U
CeMaHTHYeCKnue 0COOeHHOCTH Kozia. O0cyxKIeHne. B oTiyne OT MCIOIb3yeMbIX aHATUTHYECKUX U IBPUCTHYCCKHX
METOJIOB, MPEAJIOKECHHBIH MeTO]] Oosiee MacmTabupyeM U aganTHPYyeM K Pa3IHIHBIM KOHTEKCTaM. DKCIIEPUMEHTHI
MIPOJICMOHCTPHPOBAJIN €r0 BBICOKYIO d((EKTUBHOCTH Ha 3aja4e paclio3HaBaHHS IAOJIOHOB U MPUMEHUMOCTH IS
aHann3a OOJIBIINX KOJIOBBIX 0a3 C IebI0 pe(aKkTOPHHTa M COIPOBOXKACHHUS TPOrPAMMHOTO 00SCIICUeHUSL.

KanroueBnbie ci10Ba

BEKTOPHBIE TIpezcTaBieHus kona, DeepSeek, oOHapyskeHue 11a0JI0HOB MPOEKTHPOBaHUs, OaH/a YEThIPEX, MAIIHHOE
oOyuenue, Java, n3BiedyeHUe IPU3HAKOB, IPOrPAMMHasl HHKESHEPHUs]
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Introduction

Design pattern detection has become one of the most
notable and practical applications of machine learning
in software engineering [1]. Since at least 2001 [2],
researchers have shown growing interest in automatically
identifying design patterns in source code, and this
interest continues today. This ongoing focus underscores
design pattern recognition as a dynamic research domain,
motivated by both theoretical significance and practical
necessity. Nonetheless, continuous contributions to this
domain are driven by factors beyond academic trends.
Identifying design patterns is crucial for comprehending
and sustaining software systems. It assists developers in
recognizing reusable solutions within code, which can
function as structural maps or guidance during activities
like as extension, refactoring, or debugging, particularly
in inadequately documented or outdated systems [3].
By identifying design patterns, developers may uphold
compliance with object-oriented design principles
and prevent the introduction of structural defects [4].
Furthermore, feature extraction, which underpins design
pattern recognition, is an essential element in a wider
array of code analysis applications. It facilitates activities
including bug discovery, vulnerability research, and
automated code production [5]. Consequently, augmenting
the quality and efficacy of feature extraction methods
directly improves several aspects of intelligent software
analysis [6]. Manual feature extraction necessitates
extensive domain expertise and a profound comprehension
of object-oriented design principles. The method is both
time-intensive and requires considerable effort and financial
investment [7]. Moreover, it is frequently susceptible to
errors and challenging to scale, particularly in extensive or
inadequately documented codebases [8]. The incorporation
of machine learning into software engineering, especially
in feature extraction, produces significant advantages [9].
Machine learning techniques automate feature extraction,

so reducing manual intervention, lowering costs, and
improving the efficiency and consistency of design pattern
discovery across large codebases.

This automation not only expedites the analysis but also
improves the reliability of pattern recognition in complex
software systems. Design patterns in software engineering,
commonly referred to as Gang of Four (GoF) patterns,
are standardized [10] solutions to recurring problems
in software design. They are crucial for facilitating
communication among developers by providing a shared
language and framework [8]. “GoF” denotes “Gang of
Four” referring to the four authors — Erich Gamma,
Richard Helm, Ralph Johnson, and John Vlissides — who
authored the seminal book “Design Patterns: Elements of
Reusable Object-Oriented Software” in 1994 [11]. The
original GoF library has 23 design patterns categorized into
three primary groups: behavioral, structural, and creational.
Despite the emergence of new design patterns throughout
time, the GoF patterns remain very significant and continue
to be extensively utilized and examined in contemporary
software development.

Research Subject

In the context of automated design pattern detection,
feature extraction plays a central role. It refers to the
process of transforming raw data into a collection of
quantifiable attributes, or “features” that may serve as input
for machine learning models [12]. In essence, it involves
identifying and isolating the most significant elements
within a dataset that assists a model in discerning patterns,
making decisions, or performing classification or predictive
tasks [7]. This stage is crucial as most algorithms cannot
directly utilize raw data (such as text, photos, or source
code) due to its complexity or lack of organization [13].
In image processing, features may include edges, textures,
or color histograms [14]. In text analysis, characteristics
may include word frequencies, n-grams, or embeddings.
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In source code analysis, characteristics may encompass the
quantity of classes, the sequence of method invocations, or
the structural links among objects [15]. Effective feature
extraction enhances model performance and reduces
operational costs by focusing just on the most significant
aspects of the data.

It is crucial for machine learning models to process
and understand code because code is a rich, structured
form of data that encapsulates logic, design intent, and
behavior. In software engineering tasks — such as design
pattern detection, code summarization, bug prediction,
or automated code generation — understanding code
semantics and structure enables models to learn meaningful
patterns and make intelligent decisions [16]. If processing
and feature extraction are inadequately executed, the
model may fail to identify the genuine relationships among
program components, resulting in suboptimal performance
and unreliable predictions. Machine learning systems
may bridge the divide between raw syntax and advanced
design knowledge by extracting valuable aspects from
code, either manually or via learnt representations. This
enhances their accuracy, scalability, and applicability for
practical software analysis tasks. The evolution of machine
learning techniques for code analysis, particularly in
relation to design patterns, has been significant [17]. Over
the past decade, the application of machine learning for
code analysis has undergone significant transformation.
This is due to the increasing prevalence of large-scale
code repositories and the emergence of novel methods for
program representation. Machine learning models capable
of discerning intricate patterns directly from source code
are gradually supplanting or augmenting conventional
rule-based or manually crafted approaches, which
frequently required domain expertise and were susceptible
to syntactical alterations. This alteration is particularly
significant in the context of identifying design patterns
[16]. Initial models predominantly relied on static analysis
tools and established heuristics, but contemporary models
include graph-based representations, Abstract Syntax
Trees (ASTs), and Code Embeddings to more effectively
encapsulate structural and semantic information. Deep
learning, particularly transformer-based models trained
on source code, has enabled more precise identification
of design patterns applicable to extensive codebases,
even in instances with inadequate documentation or
diverse architectures. This modification facilitates the
automation of software analysis tasks and introduces
new opportunities for intelligent development tools that
assist with maintenance, refactoring, and comprehension.
Recent advancements in identifying design patterns have
increasingly depended on automated feature extraction and
machine learning to address issues of scalability, accuracy,
and generalizability. One of the early contributions in this
domain is the work of Thaller et al. [9] who introduced the
Feature Maps approach. This method encodes software
systems as normalized feature-role maps that link design
pattern roles to software entities using interpretable
numerical features. The generated maps serve as inputs
to classifiers, such as random forests or convolutional
neural networks, enabling the detection of design patterns
in a manner that remains comprehensible to developers.

Zanoni et al. [15] proposed Metrics and Architecture
Reconstruction PLug-in for Eclipse and Design Pattern
Detection (MARPLE-DPD) which integrates structural
features derived from static analysis with machine learning
classifiers. Their method enhances generalization across
systems by enabling the detection of variable-class and
incomplete pattern instances, showing practical viability
on real-world software projects. In parallel, Nazar et al.
[18] presented Feature-Based Design Pattern Detection
(DPDF), a feature-based method that utilizes Word2Vec
to embed semantic information from Java code tokens.
These embeddings are used to construct geometric
representations of classes which are then classified to
identify design patterns. DPDF demonstrated high precision
and recall, especially for behavioral and creational patterns.
Collectively, these studies illustrate a shift towards using
more sophisticated representations and learning paradigms,
with a strong emphasis on feature engineering and model
interpretability in advancing automated design pattern
detection.

This study presents a dual scientific innovation. Initially,
we develop and publicly disseminate a comprehensive,
annotated dataset “GoF-DS” that encompasses all 23
original GoF design patterns, in addition to supplementary
non-GoF architectural patterns, sourced from actual open-
source Java projects. This dataset facilitates empirical
assessment on a more extensive and representative array of
patterns than most previous studies. Secondly, we present
a hybrid approach that amalgamates DeepSeek-Coder-V2,
an advanced transformer-based language model trained
on code, with traditional machine learning classifiers.
Dense semantic embeddings are produced from raw Java
source files and enhanced via dimensionality reduction
methods like Principal Component Analysis (PCA). These
embeddings are subsequently employed to train a range
of classifiers, facilitating automated, scalable, and precise
pattern recognition.

Our method presents multiple advantages over current
techniques: it obviates manual feature engineering,
generalizes across varied codebases, and proficiently
captures both syntactic and semantic attributes of source
code. This methodology offers a cohesive and adaptable
framework for practical applications in software
maintenance, refactoring, reverse engineering, and
architectural evaluation.

Methodology

This study proposes a method that integrates
transformer-based code embeddings with classical
machine learning algorithms for software design pattern
detection. We utilized DeepSeek-Coder-V2, a large-scale
language model pretrained on source code, to extract
semantic vector representations from Java source files.
Code snippets were passed directly into the model using
multiple embedding dimensions — 64, 128, 256, 300,
350, and 512 — to examine the effect of embedding size
on model performance. No preprocessing or tokenization
was performed; rather, the unaltered source code was
utilized to preserve its original structure and grammar.
Subsequently, we employed the embeddings to train several
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machine learning classifiers, including Support Vector
Machines (SVC and Linear SVC), Gaussian Naive Bayes,
Logistic Regression, Ridge Classifier, Stochastic Gradient
Descent (SGD), and a Multi-Layer Perceptron (MLP)
for a maximum of 1,000 iterations. We employed macro-
averaged accuracy, precision, and Fl-score to evaluate
the performance of the models. This ensured equitable
comparison across various design pattern categories.

The GoF design pattern dataset was compiled from
GitHub and contains annotated Java code samples for
23 distinct GoF patterns. We utilized the GitHub API
to develop an automated workflow that incorporates
additional non-GoF patterns into this dataset. This pipeline
contains Java code that aligns with architectural patterns,
such as Event Sourcing, Command Query Responsibility
Segregation, Microservices, Domain-Driven Design, and
Service Locator. We used the phrase ‘design pattern’ in
combination with pattern-specific terms to perform the
searches, yielding results exclusively including Java code.
We conducted numerous scans of repositories to obtain Java
assets. Subsequently, we assessed their pattern significance
by keyword comparison and AST analysis. Validated files
were then organized into directories according to their
patterns. A limit of 150 files per pattern was established
to maintain class balance and prevent redundancy.
Repositories that have already undergone scanning were
prohibited from being rescanned. This method yielded a
curated and validated dataset of both GoF and non-GoF
patterns, enabling a comprehensive comparison of detection
approaches. The resulting dataset, named GoF-DS,
comprises 3,418 Java source files totaling approximately
81,296 Lines Of Code. Using the deepseek-coder-v2:latest
model (8.9 GB), six distinct embedding sets were generated
with dimensions of 64, 128, 256, 300, 350, and 512.

Embedding-Based Feature Extraction and
Dimensionality Optimization: This research employed
DeepSeek-Coder-V2, a transformer model designed for
code comprehension, to extract features. It processes
unrefined Java source code, encompassing comments
and formatting, without any preparation or tokenization,
hence preserving the syntactic and semantic structure.
The approach generates dense vector embeddings that
encapsulate both semantic significance and structural
characteristics. This facilitates the identification of logical
processes and design pattern attributes more effectively
than conventional handmade or token-based features. We
examined embedding dimensions of 64, 128, 256, 300,
350, and 512 to evaluate their impact on the equilibrium
between representational capability and computational
expense. The 512-dimensional embeddings had the greatest
Mutual Information scores, reaching around 0.141 and
maintaining elevated levels across features. This indicates
they possess superior discernment for categorization tasks.
Conversely, lower-dimensional embeddings declined more
significantly. By the 20th feature, the 64-dimensional
dataset had decreased to 0.074. PCA was employed on the
embeddings to enhance computational efficiency while
preserving significant variation. Ultimately, 425 principal
components were selected for further tests since they
preserved 99 % of the data variation while reducing
complexity and minimizing the risk of overfitting.

The extracted embeddings were used to train a broad
selection of classical machine learning models to perform
multi-class classification of design patterns. This included
both linear and non-linear classifiers. Among the neural
approaches, an MLP was employed to model non-linear
relationships in the data. We considered linear models
such as Logistic Regression (including its class-weight-
balanced variant) and the Ridge Classifier due to its user-
friendliness, speed, and capacity for data regularization.
We also examined discriminative modeling with Linear
Discriminant Analysis (LDA) and several SVM techniques.
These encompassed Linear SVC, SGD, conventional SVM,
its balanced variant, and Nu-Support Vector Classification
(NuSVC), which provides an alternative method of
regularization. These are effective for handling high-
dimensional and sparse datasets. We employed a Random
Forest classifier as a robust ensemble model because of
its capacity to manage non-linear interactions and reduce
variation through averaging. We employed the scikit-learn
toolkit to construct all models, training each individually
on each embedding dimension to ensure uniform conditions
and reproducibility of outcomes. We employed stratified
cross-validation to ensure that the assessment was
equitable and dependable. This maintained consistent class
distributions across all fields. The evaluation parameters
employed encompassed accuracy, F1-score, and macro-
averaged precision. We selected these measures to
compensate for the impact of class imbalance, as macro-
averaging assigns equal weight to each class, regardless of
its frequency. This strategy ensured equitable evaluation
of all 24 classes.

Results and Discussion

The assessment of diverse machine learning models,
as illustrated in Table 1, uncovered significant insights on
the attributes of the gathered dataset. The MLP and Neural
Network models exhibited superior performance across all
criteria, achieving an accuracy of 0.79 and an F1-score of
0.78, respectively. This indicates the presence of intricate,
non-linear correlations within the data that deep learning
methodologies can adeptly discern.

Linear models, such as Logistic Regression, LDA
(both default and shrinkage-based variants), and Linear
SVC, also demonstrated strong and consistent results
(accuracy range 0.74-0.77), suggesting that the dataset
exhibits partially linear separability. Furthermore,
the relatively poor performance of the Random Forest
classifier (accuracy 0.49) and the improvement observed
when using balanced variants of certain models (e.g.,
Logistic Regression Balanced and SVM Balanced) imply
a class imbalance within the dataset. Overall, the results
indicate that the dataset is of high quality, containing
meaningful and learnable patterns, yet also presenting
a degree of imbalance that benefits from algorithmic
adjustments.

Table 2 presents the Fl-score performance of four
different design pattern detection methods — Deepseek
(DS-Approach), Feature Map, DPDF, and MARPLE-
DPD — evaluated across a variety of GoF and non-GoF
design patterns.

Hay4HO-TexXHU4eCcKnii BECTHUK MHDOPMALIMOHHbLIX TEXHONOM M, MEXaHUKK 1 onTukun, 2026, Tom 26, N2 2
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2026, vol. 26, no 2

327


http://E.Yu

Automatic detection of software design patterns using a language model on transformer architecture

Table 1. Accuracy, precision, recall, and F1-score of various models

Machine Learning Model Accuracy Precision Recall F1-score
MLP 0.79 0.79 0.79 0.79
Neural Network 0.78 0.78 0.78 0.78
LDA (default, solver="svd’) 0.76 0.77 0.75 0.75
Logistic Regression 0.76 0.75 0.75 0.75
Logistic Regression Balanced 0.76 0.76 0.75 0.75
Linear SVC 0.77 0.77 0.77 0.77
Ridge Classifier 0.75 0.75 0.74 0.74
SGD Classifier 0.75 0.75 0.74 0.74
LDA (Isqr, shrinkage=0.2) 0.74 0.74 0.73 0.73
NuSVC 0.65 0.67 0.64 0.65
SVM 0.63 0.64 0.62 0.62
SVM Balanced 0.64 0.65 0.63 0.63
Random Forest 0.49 0.51 0.48 0.48

The findings indicate that DS-Approachl, grounded
on the Deepseek architecture, consistently excels across
most patterns, with Observer (0.85), Adapter (0.83),
and Visitor (0.83) achieving the greatest F1-scores. The
DPDF technique demonstrates superior performance in

several instances, particularly for Abstract Factory (0.93),
Visitor (0.94), and Memento (0.87). This indicates a
strong proficiency in identifying certain patterns in the
construction of objects and human behavior. MARPLE-
DPD performs effectively in specific scenarios, such as

Table 2. Performance evaluation of design pattern detection methods

Design Pattern DS-Approachl DS-Approach2 Feature Map [9] DPDF [18] MARPLE-DPD [15]
Singleton 0.79 0.86 0.66 0.74 0.72
Observer 0.85 0.85 0.49 0.85 0.51
Builder 0.67 0.79 0.61 0.83 0.55
Abstract Factory 0.83 0.84 0.52 0.93 0.76
Factory Method 0.72 0.78 0.55 0.78 0.81
Adapter 0.83 0.86 0.33 0.69 0.82
Decorator 0.77 0.78 0.23 0.78 0.59
Visitor 0.83 0.84 0.65 0.94 0.63
Bridge 0.82 0.87 — — —
Chain of Responsibility 0.83 0.71 — — —
Command 0.80 0.83 — — —
Composite 0.71 0.84 — — —
Facade 0.77 0.79 — 0.71 —
Flyweight 0.61 0.81 — — —
Interpreter 0.93 0.81 — — —
Iterator 0.88 0.91 — — —
Mediator 0.72 0.76 — — —
Memento 0.68 0.74 — 0.87 —
Prototype 0.74 0.83 — 0.82 —
Proxy 0.70 0.74 — 0.62 —
State 0.82 0.77 — — —
Strategy 0.89 0.77 — — —
Template Method 0.87 0.89 — — —
Non-GoF 0.91 0.95 — — —

328 Hay4HO-TexHMU4YeCcknii BECTHUK MHDOPMALMOHHbLIX TEXHONOM I, MEXaHUKKN 1 onTukn, 2026, Tom 26, N2 2
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2026, vol. 26, no 2



J. Asaad, E.Yu. Avksentieva

Factory Method (0.81) and Adapter (0.82), but is less
effective overall. Conversely, the Feature Map methodology
typically yields inferior outcomes, particularly for structural
patterns such as Adapter (0.33) and Decorator (0.23). This
indicates difficulty in effectively capturing structural
aspects. Results for DS-Approachl are available just for
certain patterns, including Bridge, Command, and Strategy.
This method is also quite effective in these instances.

The findings indicate that the Deepseek-based
methodology and DPDF are effective across various design
patterns. The detection approach significantly influences the
efficacy of classification performance. This enhancement
indicates that incorporating explicit category information
into the feature set aids the model in distinguishing
various design patterns more effectively. Incorporating
the pattern category as an additional input enhances the
MLP classifier by providing semantic information that
likely aligns with the structure acquired by the DeepSeek
embeddings. The steady improvement of all assessment
metrics — F1-score, accuracy, and recall — demonstrates
that the model enhances its ability to detect both positive
and negative instances effectively. The results indicate
that design pattern categorization serves as a beneficial
inductive bias in the learning process, particularly within
transformer-based feature extraction frameworks. A column
for the pattern category was introduced to evaluate if
DeepSeck accurately identifies design pattern categories.
This approach employs an MLP classifier referred to as DS-
Approach2. We observed an enhancement of around 3 %
across all performance indicators. The F1-score, accuracy,
and recall all attained 82 %.

While a 3 % improvement may appear modest, it is
consistent across all key evaluation metrics — F1-score,
accuracy, and recall — indicating a meaningful gain in
model reliability. In classification tasks involving fine-
grained distinctions such as design pattern detection, even
marginal improvements can reflect a better generalization
of the model to unseen data. This result supports the
hypothesis that integrating design pattern category
information provides a helpful structural bias, enhancing
the discriminative capacity of the classifier.
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the automated detection of GoF design patterns in Java
source code through the integration of transformer-based
embeddings and classical machine learning models. By
leveraging DeepSeek-Coder-V2 to generate rich, high-
dimensional representations of raw source code, the
proposed method captures both syntactic and semantic
features, without relying on manual preprocessing or
handcrafted features. The introduction of the GoF-DS
dataset, encompassing a diverse and balanced collection of
design pattern instances, further strengthens the empirical
foundation of the study. Experimental results demonstrate
that the proposed embedding-based method achieves
superior classification performance compared to traditional
feature-based approaches, with the Multi-Layer Perceptron
and Neural Network models attaining F1-scores of 0.79 and
0.78, respectively. These findings underscore the suitability
of transformer-derived embeddings for complex software
analysis tasks and highlight the potential of integrating
modern representation learning techniques into software
engineering pipelines. Moreover, the investigation
into embedding dimensionality and the application of
dimensionality reduction techniques, such as Principal
Component Analysis, offer insights into the trade-offs
between computational efficiency and model accuracy.
The performance of both linear and non-linear classifiers
validates the quality and learnability of the dataset, while
observed class imbalances suggest the need for additional
data curation or algorithmic adjustments in future work.
In summary, this work contributes a validated dataset,
a scalable detection pipeline, and empirical evidence
supporting the use of transformer-based embeddings for
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a foundation for future advancements in intelligent software
maintenance, documentation, and reverse engineering,
reinforcing the role of machine learning in modern software
engineering practices.

Data and Code Availability

The GoF-DS dataset and all scripts for embedding
extraction, model training, and evaluation are publicly
available! for reproducibility.

I Available at: https://github.com/Jameleh/GoF-DS-
Transformer-ML (accessed: 14.02.2026).
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