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Abstract—Architectural Erosion (AER) is a phenomenon that
occurs when the implemented architecture of a software project
diverges from its intended design. This can impact the quality
and performance of an application. In Android applications, the
effects may be amplified due to limited resources such as memory,
storage, and processing power. Previous efforts have been done
to tackle AER for different platforms, mainly using static
code analysis and Al-based approaches using Word-embeddings.
Nevertheless, no previous study has focused on Android Apps.
The goal of this research is to evaluate the applicability of the
proposed approaches based on word-embeddings to identify new
potential keywords in GitHub commits of Android projects, using
the existing list of keywords and word similarity metrics.

Index Terms—Word Embedding, AI, Android, GitHub, Com-
mits, Software, Similarity, NLP

[. INTRODUCTION

Architectural erosion is a phenomenon generated by the
deviation between an implemented architecture and its design.
This could affect the flow of a software application and its
performance. In Android applications, those symptoms could
affect the application’s performance on a larger scale. These
symptoms can affect the memory usage, processing metrics,
and storage usage of Android devices. Furthermore, it could
directly affect the user experience, a very important metric
for Android application survivability. To avoid those issues,
there are different detection methodologies: (i) using static
analysis and (ii) AI models powered by NLP fundamentals.
On one hand, static analysis methodologies search for code
patterns using code representations to identify AER issue. On
the other hand, Al-powered methodologies uses pre-trained
Word Embedding models to detect keywords in developers’
commits, leading to the identification of different architectural
smells in source code implementations. The aforementioned
methodologies has been used mainly for backend and frontend
project analysis [11], [14]. Based on the existing shortfalls of
static analysis, in this research we evaluate the applicability
of using Word-embedding models to find similar keywords
related to AER issues within GitHub commits for Android
applications written in Kotlin [1]-[5].

II. RELATED WORK

Architectural erosion detection has been investigated pre-
viously, this has led to a continuous proposal of method-
ologies to identify the architectural smells that are inherited
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from evolving architectures. The most well-known detection
methodologies are based on static analysis of source code and
NLP and IA techniques.

A. Static Code Analysis methodology

This methodology relies on the static analysis of source
code and the identification of architectural smells based on
expert evaluations across various development stacks and code
. Through these expert assessments, a set of architectural
smells has been identified. These smells are detected using
plugins and libraries developed for specific Integrated Devel-
opment Environments (IDEs). The tools are applied to identify
issues related to connectivity, security, and availability in both
backend and frontend development projects. [11]-[13].

B. Al Models methodology

This methodology leverages the capabilities of Artificial
Intelligence (AI) and Natural Language Processing (NLP)
to detect Architectural Erosion and Regression (AER) issues
using textual artifacts from source code versioning platforms.
The process produces a dataset suitable for training Al models
aimed at automated AER issue detection and code generation.
By analyzing developer messages that describe implemen-
tations, it is possible to apply NLP techniques to extract
semantically rich terms that may indicate poor architectural
practices at specific points in a project’s development.

Keyword Extraction Using NLP. Previous research has
applied this methodology to identify words with high semantic
value in developer messages associated with architectural
smells or poor design decisions. Using a pre-trained static
word embedding model—trained on over two million Stack
Overflow posts—researchers generated a list of relevant key-
words from commit messages on platforms such as OpenStack
and the Qt Community. The process began with mining com-
mits from projects written in different programming languages
(e.g., Python, C++), followed by a manual labeling phase
conducted by four independent researchers. The resulting
dataset included 50 keywords frequently found in messages
that potentially signal bad architectural practices or AER
issues [14].

AI Model Development. Building on this approach, various
Al models have been trained using datasets extracted from



versioning platforms like GitHub and OpenStack. These mod-
els utilize AER-related metrics—such as coupling and compo-
nent dependency levels—to analyze source code. Techniques
such as Decision Trees, Logistic Regression, and perceptron-
based models have achieved high accuracy in detecting AER
issues [14], [15]. More recent work has focused on training
transformer-based models with large datasets of source code to
improve performance in detecting code smells and generating
code. Models such as BERT, CodeBERT, CodeT5, and GPT-
based architectures have shown improved effectiveness in
these tasks [16]-[20].

III. USING NLP FOR AER ISSUES IN ANDROID

We adapted the Al-based methodology for detecting AER
issues with a focus on Android applications. Using the pre-
viously defined list of keywords, we apply word similarity
metrics and NLP techniques to process commit messages from
50 open-source Android applications written in Kotlin. These
commits were extracted from GitHub. We then establish a data
processing pipeline that incorporates both static and dynamic
word embedding models to analyze the textual content of the
commits. The goal is to identify terms semantically similar to
the original keywords and propose new candidate keywords
that may indicate AER issues in specific source code imple-
mentations.

A. Processing flow of Android applications

1) Android applications selection: A total of 50 Android
applications were selected using different search and repos-
itory mining platforms. The first platform used was GHS
(GitHub Search Engine for Repository Analysis and Tag-
ging) [21]. We applied customized filters related to the number
of commits (more than 1k, 10K and 50K) and the main
programming language as kotlin. The second platform was
F-Droid [22], an open-source catalog that provides metadata,
including GitHub repository links, licenses, and project details.
Different applications were selected randomly from FDroid,
taking into account the similarity on features of the applica-
tions found in GHS.

2) Data Extraction: In order to extract the information
of the app we used the PyDiriller library [23]. This library
uses web scraping techniques in GitHub repositories. In this
step, we built a dataset with different extracted attributes (See
Table I). Based on that format, we extracted more than 470K
commits for data analysis for AER issues detection.

TABLE 1
DATA EXTRACTED FROM GITHUB REPOSITORIES OF ANDROID
APPLICATIONS SET

Column Description
1D assigned ID for code analysis
Name Repo Repository Name
Url Repo GitHub repository Url

Commits Hash
Commit Message
Code Changes

Specific commit hash
Message of specific commit
Source code implementation
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3) Data Analysis with Word Embedding models: Using
a large dataset of GitHub commits from various Android
projects, we implemented both static and dynamic word em-
bedding models to obtain numerical representations of each
word in the vocabulary. After preprocessing the commits, we
applied several static embedding models to identify words
semantically similar to the predefined keywords. As a com-
plementary approach, we generated lists of the most similar
words for each keyword. In addition, we employed the pre-
trained CodeReviewer model to discover new keywords related
to AER smells within the commit dataset.

Static Word Embedding models: We implemented differ-
ent pre-trained Word Embedding models and compared them
between similarity metrics respect with the original defined
keywords. The used static models were the SO model [14]
, the mentioned model trained with millions of Stack Over-
flow posts. The other tested models are Word2Vec [25] and
Glove [24] models. After that, we will compare the numerical
representations given by each model for similarity words
measurement. Finally, we added the most similar keywords
based on the similarity of those words.

Dynamic Word Embedding models: We selected a pre-
trained Al model based on transformer architecture like Code
Reviewer [17]. Al models based on transformer architecture
has an integrated Word Embedding model component with
a positional encoding. The main difference with the use of
static Word Embedding models is the dynamic context that
handles this kind of Word Embedding models. With a training
process oriented to AER issues detection, we extracted the
Word Embedding component of Code Reviewer model and
used the word similarity metrics for finding new keywords
related to AER issues in the extracted GitHub commits dataset.
We trained the CodeReviewer model to evaluate the words
similarity with a set of commits of Android projects.

4) Testing and evaluation criteria: We realized a compari-
son between the three mentioned word embedding models. We
used the cosine similarity average and selected the 10 most
similar words to all the set of keywords. Cosine similarity
average could be useful in specific contexts. For the trained
Al model, we used as additional testing criteria the tagging
process of a commits subset. The tagging was implemented
using an Al agent of the gpt-40 model of openAl [26].
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Fig. 1. Workflow for finding new AER keywords in Android projects
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IV. DETECTION METHODOLOGY IMPLEMENTATION
A. Static Word Embedding models

With the selected repositories of Android applications, we
tagged the extracted commits with an integer value. If the
commit contained one or more keywords of the selected set,
the commit would be tagged with 1. Otherwise, the commit
would be tagged as 0. We implemented NLP techniques in the
corpus of the commits dataset. We used stop word removal,
lemmatization, stemming, and tokenization of every word. We
loaded the static word embedding models and extracted the
value of every token of the processed corpus. With those
values, we used the cosine similarity average to identify the
most similar words compared to the word embedding value
of each keyword in the selected set. We extracted the top 10
words founded in every word embedding model and compared
the value of every word. The results are shown in Table II.
The extracted keywords from the SO model were the keywords
with the highest cosine similarity. The other word embedding
models provided words that were not related in the technical
context of software development. Effectiveness of static word
embedding models depends on the training context. With
the top 10 similar words, we added the words that were
not included in the keywords set previously. We extracted
a representative sample of 350 commits. We used manual
tagging with two judges to evaluate the detection accuracy of
the new set of keywords. We compared the tagged commits
against the commits that contain one or more keywords in
the representative sample. After that, we obtained an accuracy
of 70% of AER issues detection in the repositories of the
Android projects. The use of the SO word embedding model
is considered as useful to find new keywords in the Android
context.

B. Code Reviewer Training

We loaded the standard CodeReviewer model, which is
based on the RoBERTa architecture and encoder. This model
was trained on multiple tasks involving both data generation
and classification. For our experiments, training was performed
on an NVIDIA virtual machine with 16 GB of RAM.

From the original dataset of extracted commits, we selected
approximately 280K commits, constrained by infrastructure
memory limitations. Each commit was labeled as positive
if its message contained a predefined keyword, and negative
otherwise. The model was trained for three epochs, with 15%
of the data reserved for validation.

Using this setup, the CodeReviewer model was trained to
classify code as an AER (Automated Error Recognition) issue.
The target labels were determined according to the initial
keyword list. After three epochs, the model achieved high
accuracy on the test set, with results summarized in Table
III.

With the trained CodeReviewer model, we extracted its
dynamic word embedding model and used the average of the
cosine similarity of each word in its tokenizer compared with
the value of every keyword. The founded keywords are shown
in Table IV.
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We observed that the cosine similarity values of each
keyword are higher compared to the values of the keywords
obtained with static word embedding models.

C. Testing CodeReviewer

We implemented an Al agent to evaluate a sample of code
fragments previously tagged by CodeReviewer. Specifically,
we used the GPT-40 model [26] to simulate automated tagging
of architectural erosion (AER) issues. The integration was
carried out using the OpenAl and Azure OpenAl libraries [27].

A custom prompt was designed to guide the Al agent,
including detailed instructions and examples of architectural
erosion in code snippets. The prompt defined specific archi-
tectural violations related to various software quality attributes
and highlighted poor implementation patterns typically found
in Android projects written in Kotlin. These patterns included
class coupling and improper dependency management, both
considered indicative of AER issues. We randomly selected
200 commits for evaluation, constrained by cost limits that
restricted the data volume. Commits were chosen based on
their length in lines of code. For each commit, we compared
the Al-generated labels with those produced by CodeReviewer.
The Al agent achieved an accuracy of 55%, which represents
a promising initial result for this type of learning task. Further
improvements could be achieved by increasing the dataset size
and refining both the CodeReviewer annotations and the use of
smaller, specialized AI models. Here the implemented prompt.

You are an expert in software architecture for Android applications written
in the Kotlin programming language. You will receive a code fragment
extracted from a GitHub commit in an Android app repository. This code
fragment contains only the lines that were changed during the commit: Lines
starting with '+’ represent added code. Lines starting with ’-’ represent
removed code. Your task is to analyze only the lines that were added or
removed, and determine whether the changes introduce or contribute to archi-
tectural erosion. Architectural erosion refers to the progressive degradation of
a system’s design and structure due to poor development practices. It can be
caused by: Violations of SOLID principles, High coupling between modules or
components, Dispersion of business logic, Repetitive or duplicated changes
across multiple architectural layers, Leaking logic between layers (e.g., Ul
handling persistence directly), Adding code without tests or separation of
concerns, Implementation of blocking functions in asynchronous contexts,
Poor or missing exception handling, Improper exception handling within
ViewModel classes. Return only a number: - 1 if the added or removed code

could introduce architectural erosion

V. CONCLUSIONS

Both static and dynamic word embedding models can be
useful for identifying potential keywords in GitHub commits
from Android projects. Static word embedding models rely
on the training context, and when trained within a software
development domain, they can yield more accurate results
by uncovering new keywords related to quality attributes
in Android applications. To measure similarity, the cosine
similarity metric proves effective, as its averaged values can
highlight semantically related words within a given context.
On the other hand, dynamic word embedding models, often
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