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ABSTRACT

As user needs change frequently over time, software systems must evolve; therefore, increased software
complexity inevitably violates software engineering principles. The violations of these principles are called anti-
patterns, which differ from bugs and faults, and can occur at various levels of abstraction; finally, they reduce
software quality. Anti-patterns can occur in various software, including web applications, and their prediction
can effectively help prevent their occurrence. The anti-patterns prediction process at different levels of
abstraction utilizes software features, whose threshold values impact the accuracy of this process. This study
presents an improved component-level feature, called weighted content similarity, to more accurately detect
component dependencies by minimizing the influence of common words that are often used in comments but
are worthless in identifying the relationship between components. Therefore, the comment words are weighted
using TF-IDF values. F-Measure values are calculated to show the greater impact of our proposed weighted
feature compared to structural, topological, and content similarity features on detecting dependencies between
components of an open-source system. The prediction of component anti-patterns, such as cyclic and hub-like
dependencies, will be possible with the help of dependency detection. The average F-Measure of topological
features in OpenJPA 2.0.0 software is 0.73, content similarity features is 0.76, and weighted content similarity
features is 0.88. Therefore, the F-Measure of our weighted content similarity feature is 0.12 higher than the
unweighted content similarity feature and is 0.15 higher than the topological feature. So, it is more effective
than these two features in predicting dependencies between components using machine learning algorithms.

Keywords— Architectural Anti-Patterns, Dependency-Based Smells, Effective Features in Dependencies.

the impact of architectural anti-patterns on system
performance [6]. Anti-patterns in web applications
are also inevitable because they consist of connected

1. Introduction
Software systems increasingly encounter various

anti-patterns throughout their lifecycle. They are
conditions that contradict established software
engineering principles, thereby complicating system
maintenance and reducing the overall quality of the
software [1]. Anti-patterns may occur in various
systems, including distributed systems, which have
been investigated in some studies [2]. They can be at
different abstraction levels: statement, class, and
component [3,4]. This study focuses on component-
level or architectural-level anti-patterns, which often
stem from how systems are decomposed into
components, the configuration of these components,
and the nature of their interrelationships [5]. They
negatively impact essential system attributes, such as
correctness, performance, reliability, and
maintainability. Prior research has sought to assess
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components. Anti-pattern detection plays a crucial
role in improving software quality, and it can rely on
deep learning (DL) technigues, whose effectiveness
is highly dependent on the quality of the training data.
However, little attention has been paid to analyzing
the data preparation process, but some research
analyzes the data preparation techniques used in anti-
pattern detection methods based on DL [7]. Several
anti-pattern detection tools have been proposed that
are based on metrics (features) and have been
compared to the gold standard in some studies [8].
Furthermore, our previous work contributed to this
field by evaluating various metric-based automatic
detection methods [9]. In this research, the values of
specific features in the architecture are calculated,
and their impact on the dependencies between
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software components is analyzed. Furthermore, a
weighted content similarity feature is proposed that
weights some bag-of-words by using their TF-IDF
values [10,11]. This analysis facilitates the prediction
of potential architectural anti-patterns, such as cyclic
dependencies or hub-like components, in future
system versions.

To assess the influence of component-level
feature values on component dependencies, we use
the Apache OpenJPA project. This project was
developed by an open-source community with an
extensive pool of contributors, thereby reducing
concerns related to individual programming
preferences and the potential for coding errors.
Therefore, we are sure that our findings are both valid
and dependable. In the first step, software
relationships between components are identified.
Software dependencies can be identified at different
levels of abstraction through tools such as LattixDSM
[12], Sonargraph [13], and JDeps [14], among others.
These tools can extract dependencies between
components and methods (at two different levels of
abstraction) from the source code. For this analysis,
relationships were identified using the JDeps tool
[14]. In the second step, the values of the selected
features—structure, topology, content similarity, and
weighted content similarity—have been computed
for all system components. Ultimately, the study
explores the impact of these feature values on the
presence or absence of inter-component
relationships.

Some studies utilized software features to predict
component dependencies [15, 16] and employed
precision and recall metrics [17, 18]. Neither of these
criteria alone is suitable for evaluation because the
precision criterion excludes the component
dependencies within the sample space that cannot be
identified by component-level features (false
negatives). On the other hand, the recall metric
doesn't consider dependencies that are erroneously
identified as existing based on the values of
component-level features when they do not (false
positives) [17,18]. Consequently, both metrics
exhibit errors in evaluating component dependencies
detection methods. Therefore, combining these two
metrics through the F-Measure provides software
developers with a more precise evaluation of
component-level features. Also, no previous research
has independently assessed the impact of component-
level feature values in the presence or absence of
component relationships. These studies typically
examine the precision and recall metrics for
predicting component relationships based on a
combination of features, without separately analyzing
the significance of each feature. Consequently, the
findings presented in this study can be used to
identify the importance of each feature in the context
of component dependency detection. Additionally,
the F-Measure of the new proposed feature (weighted
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content similarity), which eliminates the negative
impact of non-important replicated words in the
comments bag-of-words, is calculated and compared
to other features.

The structure of the paper is as follows: Section 2
describes a formal problem definition, Section 3
reviews relevant works. Section 4 outlines the
software features used to predict component
dependencies and our proposed feature. Section 5
examines why OpenJPA software is considered in
this study and explores the methods for identifying
the relationships between its components. Section 6
provides an overview of the feature values;
afterwards, their evaluation is in Section 7. Finally,
Section 8 discusses the research, and Section 9
concludes the paper.

2. Problem Definition

If software developers lack insight into the system
design, they may change the source code in an
undesirable way. This negatively affects the quality
of the software structure [1]. On the other hand,
understanding the complexity of the relationships
between different source code components in a
software system is important [15].

Predicting undesirable dependencies between
components based on software features and their
elimination is a way to deal with structural
complexity. The appropriate selection of component-
level features and the impact of their values on the
decision regarding the existence or absence of a
dependency are crucial for accurate dependency
predictions. Some component-level features can be
defined in such a way that the lower their values, the
more likely there is a dependency between
components, and some other features can be defined
in such a way that the higher their values, the more
likely there is a dependency. On the other hand, the
efficiency of the dependency prediction method can
be increased by weighting each criterion based on its
impact on the dependency between two components.
This formal definition is shown by Equation(1).

DF (c;,¢j) = min(Wy * FLy, W, % FLy, ..., Wy, * FLy,)
and max(W; * FH;,W, x FH, , ..., Wy, * FHp,) (1)

DF is a decision function that predicts whether a
pair of components, Cij and Cj, is dependent or not.
This function must be calculated for all pairs of
components in the software. The Wi determines for
each feature based on its effect on dependency. The
features whose lower values for a pair increase the
probability of their dependence are denoted by FL,
which can be n in number. Similarly, the features
whose higher values for a pair of components
increase the probability of their dependence are
denoted by FH, which can be m in number.



3. Related Works

The impact of architectural anti-patterns on
software maintainability, such as modularity and
testability, has been analyzed using empirical
evidence by Jolak et al. The effects of seven anti-
patterns on modularity and testability in many open-
source software projects have been examined
separately [50]. Architectural anti-patterns occurring
in software components can be detected using two
categories of approaches: automated and non-
automated [3]. Nowadays, everyone tends to do
everything without human intervention and
independently of their skill level. Therefore, the focus
of anti-pattern detection methods is on automated
techniques; this section will focus exclusively on
these. The automatic detection of architectural anti-
patterns is typically categorized into two broad
approaches: 1) clustering-based techniques, and 2)
non-clustering-based methods [3], as illustrated in
Figure 1. Clustering-based detection methods address
the balance between cohesion and coupling criteria,
identifying components that exhibit anti-patterns
[19]. Adding or removing classes or methods from
the clusters can generate the desired software
architecture  [20, 21]. When software re-
modularization entities are represented as classes,
these methods operate at the component level. Some
studies have employed search-based approaches for
re-modularization techniques [22]. A multi-objective
search-based fitting function is proposed to formulate
the remodulation as an optimization problem. The
results show that the proposed method significantly
improves the remodulation compared to other
methods in terms of Modularization quality (MQ)
[43] and Non-Extreme Distribution (NED) [44]
metrics, especially for smaller software [42].

Non-clustering-based methods are categorized
into two types: 1) detecting by code smell
agglomeration rules, and 2) detecting by graph and
design structure matrix rules. In Detection by code
smell agglomeration rules, source code smells can
serve as indicators of architectural anti-patterns,
prompting some detection methods to identify
architectural issues by ranking groups of related code
smells [23]. Code smell agglomeration refers to
clusters of related code smells (e.g., smells within the
same inheritance hierarchy), likely to signify
underlying architectural problems. Detection by
graph and design structure matrix rules approaches
explore the relationships between components at a
higher level of abstraction, utilizing data derived
from issue-tracking systems that software
development projects use to manage bugs and
modifications, as well as commercial reverse
engineering tools [24]. This data is used to generate a
design structure matrix (DSM), where both the rows
and columns correspond to the names of the project's
source files. Each cell within the DSM represents a
dependency between the file in the row and the file in
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Automatic component-level anti-pattern
detection methods

Based on Clustering Algorithms by
re-modularization rules

Anti-pattern

correction by
appropriate
sequence of

refactoring

Non-Based on Clustering Algorithms

Detecting by code smell
agglomeration rules

Detecting by graph and design
structure matrix rules

Figure 1. Various component-level anti-pattern detection
approaches [3]

the column. Furthermore, the historical changes made
to the project’s files are also analyzed, and based on
this information, a distinct "Historical DSM" is
constructed.

The Design Rule Hierarchy (DRH) algorithm [25]
organizes Dependency Structure Matrix (DSM) files
into two categories: 1) structural dependencies, and
2) historical dependencies, while also reordering the
rows and columns. By analyzing the clustered DSMs,
various anti-patterns such as unstable interfaces,
modularity violations, improper inheritance, cross-
module cycles, and cross-package cycles can be
identified [26]. Certain anti-pattern detection
techniques develop a novel history coupling
probability (HCP) matrix that quantifies the
likelihood of a file being modified when another file
changes, and utilize this matrix to detect anti-patterns
[27,28]. The relationships between components can
be represented as a graph, upon which graph analysis
algorithms are applied to identify dependency-based
anti-patterns [29, 30].

A catalog of micro frontend (MFE) [45] (an
architectural style inspired by microservices
architecture to decompose a monolithic application
into smaller parts that can be developed, deployed,
and updated independently, and are more flexible and
maintainable) anti-patterns is presented [46]. To
verify whether the identified problems in MFE
architectures are prevalent and whether the proposed
solutions effectively address them, a survey was
conducted among 20 industry experts.

Additionally, some methods employ social
network analysis (SNA) graphs [31, 15] to predict
potential links. Through this approach, dependency-
based architectural smells, such as cyclic
dependencies, hub-like nodes, and nodes with
unstable dependencies, can be forecasted. These anti-
patterns are discussed in further detail in the
subsequent section. Some studies focus on software
features to predict these anti-patterns [15], yet none
of the existing literature has evaluated the F-Measure
criterion for the considered features.



Dependency-based anti-patterns occur when one
or more components violate design principles and
create undesirable dependencies [32]. Two such
examples are Cyclic Dependency (CD) [33] and Hub-
Like Dependency (HLD) [34], which can manifest at
the class or component level [35]. This study
investigates the effectiveness of various criteria in
identifying relationships between components, laying
the groundwork for predicting these anti-patterns at
the component level. A cyclic dependency occurs
when a closed loop of dependencies is formed
between components, meaning changes to one
element in the cycle are likely to impact others. This
high degree of interconnectivity between components
violates the principle of modularity. An example of a
cyclic dependency involving four components is
depicted in Figure 2, where the dependencies
between classes are represented by arrows, with the
cycle highlighted by red arrows.

The Hub-Like Dependency (HLD) anti-pattern
arises when a component, which has input and output
dependencies with many others, has excessive
responsibility [34]. An example of a Hub-like
dependency is also shown in Fig. 2, where
Component 1 has numerous input and output
relationships  with other component classes,
represented by green arrows. Some studies [47] have
tried to help programmers develop their high-quality
code. For this purpose, they have presented a pipeline
based on the ArchUnit [48] and SonarQube [49]
tools, respectively, to find architectural anti-patterns
and code smells.

4. Component-Level Software Features

The hemophilia principle, which is used as an
important principle to detect dependencies in social
networks [36], has also been used to identify
dependencies between components in a software
system. According to this principle, highly similar
individuals have a higher connection rate. In other
words, more similar components have a higher
chance of forming dependencies with each other. The
similarity of components can be calculated based on
their common neighbors or their content similarity.
This section briefly describes three effective features
for identifying potential connections between
components in subsequent software versions, which
have been investigated in previous studies [15].
Every feature that is more accurate in detecting
component dependencies is more efficient in
predicting them in future software versions.
Therefore, we introduce a more precise feature,
namely, weighted content similarity, which is
explained in Subsection 4.4.

4.1. Structural Feature

The number of component classes is effective in
component relationships.
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Figure 2. Example of the Cyclic Dependency among four
components and Hub-like Dependence [32,33]

4.2. Topological Feature

This feature is calculated from the dependency
graph links. The similarity between two nodes can be
assessed by the number of common neighbors (the
number of common adjacent nodes). In other words,
the more neighboring components a pair of
components shares, the more similar they are.

4.3. Content Similarity Feature

The source codes of components are checked
using this criterion. Converting texts into bags of
words [37] in the natural language processing
routines used to calculate similarity. Software
programs were converted into three sets (bags-of-
words) [38] to check the similarity components.
These collections are represented by class attribute
names (fields), method names, or comments. The
similarity evaluation criterion for the two texts is the
cosine similarity. The words are first converted into
vectors using the Word2vec algorithm, and then,
based on Equation(2), this similarity is calculated.

AB
[AlL11BI] @)

Cosine Similarity(A,B) =

A and B are two components that aim to check
their similarity. The similarity score for each
representation of a bag of words is calculated using
this formula. All the words in all the classes of a
component, and the nested sub-components in it, are
considered in its bag of words. Cosine similarity is
calculated separately based on the bag-of-words of
feature name, method name, and comment.

4.4. Weighted Content Similarity Feature (Our
Proposed Feature)

In the calculation of the content similarity feature
to represent bag-of-words, the weights of all word
vectors are equal [38]. But we know the contribution
of each word in these bags is different. Our general
framework for the proposed feature calculation is
shown in Figure 3. So, we use a word-weighting
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Figure 3. General framework to calculate our proposed feature

element to assign weight to each word based on its
situation.

A. Bags of Words for
Component

The first step to calculate the weighted content
similarity feature is the creation of three bags-of-
words for each component in the considered
software. A set of all components in the considered
software indicated with C that contains n components
{c1, C2, ..., en}. Each component is shown with ¢ in
this set, where the i value is 1 to n. These bags contain
class attribute names (fields), method names, or
comments. That must be created for each component
denoted by c; in Equation(3). In this equation, three
created bag words are indicated based on their index,
ie.,j.

each Software

b bag words of all atributes'names
of classes in c;

' bi bag words of all methods'names
bjl = inall ¢; classes (3)
bi bag words of all comments in all

¢; methods and classes

B. Word Weighting

The second step in our method is weighting each
word based on its situation. Programmers usually pay
more attention to naming variables and functions than
comments, because they are shorter. Comments are
longer and usually in sentence form. Therefore, some
common words between them, although frequent, are
also worthless for finding connections between
components. As a result, we have minimized their
importance in our method by giving them the
appropriate weight. This process is indicated by
Equation (4).
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1 if j=1 all wordsinc;
if j=2 all words inc;

TF—IDF if j=3 all wordsinc;

(4)

Therefore, if the bags of words are related to
attributes’ names of classes in ci (indicated with b1i)
or methods’ names for classes in ci (indicated with
b2i), we assign 1 for weighting each word. But if the
bag of words is related to all comments in all methods
and classes in the component indicated by ci (shown
with b3i), our method weights words from their TF-
IDF values [10,11]. Term Frequency (TF) measures
the number of times a term occurs in a component's
comments. Since the total length of comments in a
component can be short to long, each term may be
repeated more in a component with more comments
than in a component with fewer comments [11].
Therefore, to solve this problem, term frequency is
calculated based on Equation (5). In this formula, ¢
represents all comments in all classes of one
component.

Number of term t that occurs in ¢

®)

Inverse Document Frequency (IDF) reduces the
weight of common words across multiple documents
while increasing the weight of rare words. If a term
appears in fewer documents, it is more likely to be
meaningful and specific [11]. The formula for
calculating IDF is shown in Equation (6).

TF(t,c) =

Total number of terms inc

Total number of considered components
Number of components containing termt

(6)

IDF(t,C) = log

TF-IDF is calculated by multiplying Equation (5)
and Equation (6) as shown in Equation (7).

TF — IDF(t,c,C) = TF(t,c) * IDF (t,C) (7)

To increase the impact of important words in
comments, should be assigned different coefficients
and multiplied by their word vector. The word
embedding matrix created based on comments in all
classes present in a component is shown as: W = {7,
w2z, ..., wa}, Where w; € W is the i-th line of the
embedding matrix W created based on word2vec, and
n is the number of words in the comments bag-of-
words. We weighted this matrix based on the TF-IDF
value of each word, so {#1, £, ..., £z} are coefficients.
Finally, the weighted vector of bag-of-words is
represented as U={fiws, fzwz, ..., fawa}. Figure 4
shows the process of calculating our proposed
feature.
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Figure 4. Calculation of Weighted Content Similarity Feature

C. Cosine Similarity Calculation

To calculate it, the words are first converted into
vectors by the Word2vec algorithm, and then, based
on Subsection B, their weights are determined.
Finally, based on (2) as mentioned in Section 4.3, the
cosine similarity between each pair of components is
calculated for all pairs of components in the open-
source software.

5. Why OpenJPA Software

The OpenJPA has been selected in this study
among all available open-source software on the
Apache Software Foundation site [39]. The Apache
Foundation proposed high-quality Java code
programs, and most of the proposed architectural
anti-pattern detection methods, including the paper
by Diaz-Pace et al. [15] and the research by Duque-
Min et al. [40], have been used to analyze the
performance of their proposed method. On the other
hand, OpenJPA has been used in previous studies of
anti-pattern detection methods. Another reason is the
moderate size of this software (appropriate for
research work). The final reason is that different
software versions are available on the site.

In this study, the component-level feature values
of the OpenJPA software are calculated, and the
presence or absence of component dependencies
between every component is analyzed using the
JDeps tool [14]. This tool, provided by Oracle
Corporation (an American computer technology
company that designs and manufactures computer
hardware and database development tools), was
added to JDK version 8 and later to allow developers
to identify relationships between different software
components. This static analysis tool is command-
based and displays dependencies in text format in a
console environment. It can display package-level or
class-level dependencies by examining Java class
files and JAR files.

The results obtained in our presented research,
which analyzes the Apache OpenJPA project, are
valid and generalizable to other software because this
software was not designed by a programming team
with a limited number of programmers, but was built
by the open-source community for the open-source
community. Therefore, concerns about programmer
taste and the possibility of programming bugs are
minimized. The second reason is the acceptable
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quality of this software because many versions have
been provided that have been reviewed and bugs
fixed by the open-source community. Additionally, it
is produced by the Apache Software Foundation
(ASF, a non-profit corporation) [39], a company with
a good reputation in programming. Therefore, this
software certainly adheres well to the principles of
software engineering.

6. Effect of Software Features on Component
Dependencies

The considered software feature values are
calculated for OpenJPA 2.0.0, and their charts for this
version are shown. Our study aims to introduce a
more effective feature at the component level in
detecting component dependencies. To prove that our
proposed feature is more effective. First, we
separately calculate the value of structure, topology,
and content similarity features at the component
level. Then the existence or non-existence of
dependencies between two components is analyzed,
and the results are presented in subsections 6.1, 6.2,
and 6.3 by diagrams. Furthermore, the value of our
proposed feature is calculated and presented in
Subsection 6.4. Examining these charts helps
researchers to easily compare these features, as their
effects have not been comprehensively investigated
in previous works. Various software tools, such as
JDeps [14] and Python methods [41], were used to
analyze the OpenJPA 2.0.0 software for the validity
and reliability of the results. In this study, to minimize
concerns about researcher skills and human errors,
the JDeps tool was applied to identify dependencies
between different software components in text
format. Additionally, a library function in the Python
programming language [41] was used to calculate the
similarity of each component with others in the
considered open-source project.

6.1. Effect of Structural Feature

The following calculates the structural feature
values and their effect on the connection between
components. Therefore, the number of classes in each
program component is calculated. Also, the number
of connected components for each component in the
software is counted using the JDeps tool [14]. These
values are shown in Figure 5. As can be seen, a
component with more classes has more connections.
When the number of classes in the component
decreases, the probability of connections with other
components will decrease.

6.2. Effects of Topological Feature

To calculate the topological feature values, the
results of the JDeps tool reveal all component
neighbors for each component in the software,
separately. Therefore, the relationship between the
common neighbors of the components and the direct
relationship between them is shown in Figure 6. The
number of common neighbors that each software
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Figure 5. The number of connections between components and
the class number of each component

component has with other components is shown in
separate rows with different colors (specified in the
color chart guide used to display the number of
neighbors of each component). The name of each
component whose relationship  with  other
components in the software is being examined is
displayed as the row name on the left. A green star
next to some row is placed, which indicates the direct
relationship between the component whose name is
written on the left and the component shown in a row
in a specific color. The rows without a star next to
them indicate that there is no direct relationship
between the two components. According to the
values shown in the diagram, the probability of a
direct connection between two components will
increase as the number of common neighbors
increases. Therefore, increasing the common
neighbors between two components has also
increased the possibility of creating a relationship
between them in later software versions.

6.3. Content similarity Feature Values

To analyze the effect of the content similarity
feature on the relationship between components, the
cosine similarity values of our dataset are calculated
for each component with the others, separately, as
shown in Figure 7. The average cosine similarity is
used based on a set of words, including method
names, property names in classes, and comments in
packages. The cosine similarity value is calculated
using methods in Python [41], a powerful
programming language; therefore, their results are
reliable for analyzing the content similarity feature.
The name of each software component is listed on the
left side of the graph, and its similarity to each of the
other components is shown in different rows with
different colors, as displayed with the values
specified in the columns. The green star next to the
row is the cosine similarity value, indicating a
relationship between those two components.
Columns without a green star next to them indicate
the absence of a relationship between those two
components. The probability of a relationship
between two things increases as the similarity
between them increases.
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Figure 6. The number of common neighbors components and
the component dependencies

Figure 7. Content similarity values of components and the
component dependencies

6.4. Weighted Content Similarity Feature Values

The weighted content similarity feature is the
final calculated feature, and its effect on
communication between components is analyzed.
Figure 8 shows the cosine similarity of each
component pair in our dataset separately. Also, the
dependence between these values and the existence
of a relationship between components is shown. This
feature is calculated based on the average cosine
similarity of bag-of-words, including method names,
property names in classes, and weighted terms of



comments in software packages. The graph shows
that the probability of a relationship between
components with higher weighted content similarity
feature values increases.

7. Evaluation

Three evaluation metrics commonly used in
various studies to analyze the performance of anti-
pattern detection methods are Recall, Precision, and
F-Measure [17, 18 ]. However, previous research has
only calculated and compared the Precision and
Recall values to investigate the impact of component-
level features on detecting dependencies between
components. The formulas for calculating these two
metrics do not consider all the information in the
confusion matrix [17]; therefore, they can lead to
errors in evaluating the performance of a method.

The Precision metric ignores dependencies
between software components in the sample space
that component-level features may fail to identify
(false negatives) [17,18]. Similarly, the Recall metric
does not consider incorrectly detected dependencies
when they do not exist (false positives) [17,18]. This
study uses the F-Measure criterion to eliminate these
errors and improve the evaluation. To calculate the F-
Measure criterion to evaluate the influence of
different features on the dependencies of the
components, the "precision™ and "recall" criteria [17]
formulated in Equation (8) must first be calculated.

TP
TP+FN

. . TP
precision = ——,Recall =
TP+FP

®)

Figure 8. Weighted content similarity feature values of
components and the component dependencies
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In the precision and recall formulas shown in (8),
the number of connected components detected by the
JDeps tool [14] and the value of the features
presented by TP (true positive). Additionally, the
number of connected components that are not
detected by JDeps but are incorrectly identified as
connected components using feature values is
represented by FP (false positive). Finally, the
number of connected components specified by JDeps
(actually exists), but they haven’t been identified by
feature values denoted by FN (false negatives).

To demonstrate that our proposed feature has
higher accuracy, we compare the confusion matrix of
the content similarity feature with the weighted
content similarity on each component separately. To
calculate the TP, FP, and FN values, firstly, the
similarity feature values for a component with other
components are calculated, and then the presence or
absence of dependence between them is checked
according to their thresholds. Finally, according to
the results of the JDeps tool, TP, FP, and FN are
calculated, as shown in Figure 9. As can be argued
from the previous definitions, if the TP value of a
feature is high, it will be desirable, while high values
of FP and FN will be undesirable.

In Figure 9, W-TP, W-FP, and W-FN represent
the true positive, false positive, and false negative
values of the weighted content similarity feature (the
proposed new feature) for each component,
respectively. On the other hand, TP, FP, and FN
represent the values of the content similarity feature
for each component, respectively. These values have
been used to calculate the precision and recall criteria.
F-Measure values provide a more accurate view by
combining these two criteria to evaluate the features
as calculated based on Equation (9).

2*precisionxRecall
F — Measure = ——— ©)
precision+Recall

In this study, these features are analyzed by
considering their thresholds. The threshold values for
topology, content similarity, and weighted content

Figure 9. Comparing the confusion matrix values of the content
similarity feature with the weighted content similarity



similarity features are set to 4, 0.1, and 0.1,
respectively. The F-Measure values of topology and
content similarity features in different software
components are compared with the weighted content
similarity feature in Figure 10 to understand the
higher accuracy of our proposed feature. The average
F-Measure for these features is calculated across
different components; the average F-Measure values
for topology, content similarity, and weighted content
similarity features are 0,73, 0.76, and 0.88,
respectively. According to the calculated average F-
Measure values, it can be seen that the weighted
content similarity feature has 0.15 higher accuracy
than the topological feature and 0.12 higher accuracy
than the unweighted content similarity feature in
identifying the dependence between components.
Therefore, the weighted content similarity feature has
better accuracy in identifying component
dependencies.

8. Discussion

Four features, namely structure, topology, content
similarity, and weighted content similarity, have been
investigated for different components of the open-
source software, and their values have been
calculated. The extent of the impact of each feature
on the relationships between components has been
examined and determined separately. By analyzing
these values based on the presence or absence of
relationships between components in this software
version, it can be concluded that the impact of the
topology, content similarity, and weighted content
similarity features increases on the dependencies
between components, respectively. In other words,
the topological feature has the lowest F-Measure
value, and the weighted content similarity feature has
the highest F-Measure value. This increase in the
content similarity feature impact is certainly due to
the use of TF-IDF for weighting comment words in
our proposed method. With this method, the weight
of common words between components, which,
despite their high repetition, are worthless for finding
connections between them, is minimized.
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Figure 10. F-Measure of topological, content similarity, and
weighted content similarity features
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The results obtained from our research can be
generalized to similar software systems because the
selection of features is based on software engineering
principles and the hemophilia principle, which is an
important principle used in identifying dependencies
in social networks. On the other hand, OpenJPA
software was not designed by a programming team,
but by the open-source community for the open-
source community. Furthermore, the OpenJPA
software is of acceptable quality due to its various
versions, bugs fixed by the open-source community,
and support by the Apache Software Foundation
(ASF, a non-profit corporation) [39]. Therefore, by
appropriately weighting each of the component-level
features, the prediction of dependencies between
components using machine learning methods in
future software versions will be done accurately.
Ultimately, better prediction of cyclic and hub-like
dependency anti-patterns will be possible.

9. Conclusion

The present study introduces a new feature at the
component level that affects component
dependencies. The accuracy of this feature in
detecting dependencies was compared with the
topology and content similarity features presented in
previous studies. To present a valid comparison,
since precision and recall measures can lead to errors
in evaluating the performance of a method, the F-
Measure values for each feature have been calculated.
Therefore, researchers in this field can have an error-
free comparison of various components in the
considered software.

These F-Measure values indicate that the
weighted content similarity feature can be more
effective than other features for detecting component
dependencies. Future research can identify and
introduce other effective features in component
dependencies detection. Additionally, they can
present new methods for predicting cyclic and hub-
like dependency anti-patterns with high accuracy that
use our proposed feature and other features
simultaneously. By introducing various prediction
methods based on feature values in recent years and
applying them in different research fields, it is hoped
that favorable results will also be achieved in the field
of software anti-pattern prediction.
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