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Abstract The Product Line Architecture (PLA) is one of the most important artifacts of a Software Product Line
(SPL). PLA design can be formulated as an interactive optimization problem with many conflicting factors. Incor-
porating Decision Makers’ (DM) preferences during the search process may help the algorithms find more adequate
solutions for their profiles. Interactive approaches allow the DM to evaluate solutions, guiding the optimization
according to their preferences. However, this brings up human fatigue problems caused by excessive interactions
and solutions to evaluate. A common strategy to prevent this problem is limiting the number of interactions and
solutions the DM evaluates. Machine Learning (ML) models were also used to learn how to evaluate solutions ac-
cording to the DM profile and replace them after some interactions. Feature selection performs an essential task as
non-relevant and/or redundant features used to train the ML model can reduce the accuracy and comprehensibility
of the hypotheses induced by ML algorithms. This study aims to enhance the usage of an ML model in an inter-
active search-based PLA design approach by addressing two critical challenges: mitigating decision-maker fatigue
through feature selection and improving computational efficiency, particularly during testing phases. We applied
four selectors, and through results, We managed to reduce 30% of the features and 25% of the time spent on testing,

achieving an accuracy of 99%.
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1 Introduction

Search-Based Software Engineering (SBSE) approaches ap-
ply search techniques to generate a set of solutions that solve
complex problems of Software Engineering (SE) (Harman
and Jones, 2001) based on parameters predefined by Deci-
sion Makers (DMs)'. These parameters are defined when the
DM interacts with the approach, and this interaction may oc-
cur in three different moments, namely: a priori, before the
beginning of the search process; interactive, during the pro-
cess; and a posteriori, at the end of the process.

The most common moments of interaction are a priori and
a posteriori (Amal et al., 2014; Mkaouer et al., 2013). How-
ever, knowing the DM preferences during the search process
(interactive) may help the search algorithms to find solutions
more adequate to the DM’s profile.

Ferreira et al. (Ferreira FN et al., 2016) and Simons et al.
(Simons et al., 2015) indicate that the obtained solutions in
SBSE approaches are, in some cases, rejected by the DMs be-
cause many aspects of the problem cannot be mathematically
modeled through objective functions. Therefore, it is crucial
to incorporate DM preferences to improve results, consider-
ing both computational demands and DM fatigue, ensuring
that the solution process is efficient and sustainable. Some re-
searchers have explored incorporating DM preferences into
the process performed by search algorithms (Ferreira et al.,
2017; Ramirez et al., 2018). For this purpose, the researchers
have proposed interactive processes to allow the inclusion of
DM preferences during the search process.

n this work, the software architect is referred to as Decision Maker
(DM).

Interactive SBSE approaches, typically supported by evo-
lutionary algorithms (Vikhar, 2016) (such as Genetic Algo-
rithms), involve many interactions and produce numerous
solutions for evaluation. However, due to human fatigue, it
becomes impractical for DMs to evaluate all the generated so-
lutions in each interaction. To address this, it is essential to
implement strategies that prevent DM fatigue and reassure
the audience about the practicality of the process.

In the context of Product Line Architecture (PLA) de-
sign, an interactive optimization approach based on the
MOA4PLA (Multiobjective Optimization Approach for
PLA) (Colanzi et al., 2014), was developed in Bindewald
et al. (2019); Freire et al. (2019); Bindewld et al. (2020);
Kuviatkovski et al. (2022); Rosa et al. (2022); Freire et al.
(2020, 2022). To prevent DM exhaustion, this approach uses:
(i) a clustering algorithm and (ii) a Machine Learning (ML)
model. During the search process, similar solutions are gen-
erated, so evaluating all these solutions may be unnecessary
and require great effort from the DM. Thus, through a clus-
tering algorithm, the solutions are categorized according to
their similarities, and the DM can evaluate only one solution
per category. Besides, the greater the number of interactions
with the DM, the better the search process results, but the
more fatigued the DM can become. Thus, to reduce the ex-
cessive number of interactions, a ML model was developed
to learn the DM’s profile during their interaction, which then
assumes their role in the remaining interactions of the search
process.

Training is one of the most important steps in an ML so-
lution. This step depends on data in terms of both quantity
and quality. Specifically in the context of the PLA design
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approach presented above, during the interactions with the
DM, the ML model, named OPLA-ALM, was trained with
a dataset composed of features obtained from the evaluated
PLA solutions. This dataset assumes the DM role until the
end of the search process.

Feature selection plays an important role in the ML pro-
cess since it represents a central problem in ML and is fre-
quently applied as a data pre-processing step. Its objective
is to choose a subset from the original features that describe
a dataset according to important criteria by removing irrele-
vant and redundant features, as they may decrease data qual-
ity and reduce the comprehensibility of hypotheses induced
by machine learning algorithms (Liu and Motoda, 2012).

This work also aims to reduce the computational time, im-
proving DM interactions in the ML model (OPLA-ALM)
within the interactive MOA4PLA approach by identifying a
smaller, optimized set of features that maintains model per-
formance. We did not apply this process to the clustering al-
gorithm mentioned before since the clustering model already
has only the features strictly necessary to its task (Freire et al.,
2022). However, for the ML model, there is evidence that ir-
relevant features exist (Kuviatkovski et al., 2022), and thus
validation is required. For this purpose, a quantitative exper-
iment was carried out using four different feature selectors,
and the results demonstrated that it is possible to reduce the
dataset used to train and test the OPLA-ALM model while
maintaining the accuracy of the results at 99%.

The feature selection reduces processing time when the
number of features is minimized (K.Sutha and Tamilselvi,
2015). Nevertheless, the goal of the feature selectors is to
support the decision of which features are irrelevant and re-
dundant for the ML model. The time is reduced when these
features are removed from the dataset, as it reduces the di-
mensionality of the data, consequently reducing the computa-
tional effort of training and testing the ML algorithm. Keep-
ing this in mind, we focused on minimizing the number of
features without harming the accuracy of the OPLA-ALM.

With the subsets constructed and evaluated with the perfor-
mance metrics, we measured the training and testing times
spent by the classification algorithm on the original set and
the set with the selected features. The results showed that
there was no significant reduction in training times for each
DM, but we observed a considerable difference in the testing
times spent. The analysis indicated that the feature selection
not only maintained the accuracy of the OPLA-ALM but also
improved its computational efficiency, especially during test-
ing phases.

These time savings are of utmost importance for PLA de-
sign, as it is an iterative process where long iteration times
represent a major hurdle for the software architects involved.
Time and performance gains also tend to be amplified as the
datasets get larger, such as with larger PLAs, which makes
feature selection even more attractive in an industry context.
Thereby, the main contribution of this work is a well-defined
ML model for an interactive search-based PLA design ap-
proach. In summary, this study tackles computational inef-
ficiency and DM fatigue in interactive PLA design by opti-
mizing feature selection for the OPLA-ALM model, aiming
to reduce computational costs while maintaining minimal yet
effective interactions.
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This paper is organized as follows: Section 2 presents the
main concepts involved in this work. Section 3 describes the
experiment design defined to carry out feature selection. Sec-
tion 4 presents the obtained results and the threats to validity.
The related works are discussed in Section 5. Section 6 con-
cludes the paper and points out future works.

2 Interactive Search-Based PLA De-
sign

Software Product Line (SPL) is an approach that employs
reuse techniques for a software product family in a specific
domain. Aiming at reducing cost and increasing productivity,
this approach allows the creation and delivery of products
that are variants of an initial product, inheriting common fea-
tures and receiving new properties (Pohl et al., 2005).

A Product Line Architecture (PLA) defines a common de-
sign for all products derived from an SPL, including manda-
tory and PLA variable features. In this context, these fea-
tures are user-visible aspects or characteristics of the do-
main (Kang et al., 1990). Figure 1 shows an excerpt of
the PLA for the SPL Arcade Game Maker (AGM) (SEI,
2009). The AGM is a PLA used by a fictional game develop-
ment company to develop its games, which are part of the
same SPL. In this PLA design, there are five variabilities
detailed in UML 2 notes attached to the classes that realize
the variabilities. Variation points, alternative variants, and op-
tional and mandatory PLA variable features are shown by the
stereotypes wvariationPoint, alternative OR, optional,
and mandatory, respectively, according to the SMarty ap-
proach (Oliveiralr et al., 2010). PLA variable features, such
as ranking, movement, play, and save, are also tagged with
stereotypes. Each architectural component is represented
by a package. Attributes, operations, GUI components, and
some details of variabilities were omitted to improve read-
ability.

PLA design is a people and time-intensive task that in-
volves multiple and often mutually incompatible quality ob-
jectives (Contieri et al., 2011). Previous work has established
that this task can be automated using Search-Based Soft-
ware Engineering (SBSE) techniques, which use search algo-
rithms and quality metrics to optimize PLAs (Colanzi et al.,
2014).

The MOA4PLA approach applies multi-objective evo-
lutionary algorithms (MOEAs) to resolve the problem of
search-based PLA design (Colanzi et al., 2014). This ap-
proach receives as input a class diagram containing common
and variable elements of a given SPL and optimizes it so
the resulting architectures (PLAs) can be evaluated and im-
proved according to quantitative software metrics that mea-
sure software quality aspects.

However, in some cases, the DMs can reject the obtained
solutions because many aspects of the problem cannot be

2UML stands for Unified Modeling Language, which is a standardized
visual language used to design and model software systems. It provides a
set of diagrams and notations that can be used to represent various aspects
of a software system, such as its structure, behavior, and interactions with
external systems (Booch et al., 1998).
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Figure 1. Excerpt of the original PLA for AGM

mathematically modeled through objective functions (Fer-
reira et al., 2017) (Simons et al., 2015). An objective func-
tion, also known as fitness function or evaluation function,
is a measure used to determine the quality or suitability of a
potential solution or candidate solution within a search space
(Russell et al., 2016).

In this context, MOA4PLA also allows the DMs to guide
the search process according to their preferences by interac-
tively evaluating its intermediary solutions. This evaluation
occurs by assigning a score to solutions ranging from one to
five (Likert, 1932). During the evaluation, the DM can also
freeze architectural elements * in the solutions that it deems
good enough, they are not modified further in the search pro-
cess.

Figure 2 presents the main steps of interactively freezing
architectural elements in PLA design optimization. In sum-
mary, during the search process, at some points, the search
pauses, and the DM opens optimized solutions, allowing
them to freeze elements according to their preferences. As
mentioned before, the frozen elements remain changeless in
the whole search, being presented to the DM in the resulting
solutions exactly as they have been frozen. After the evalua-
tion, the DM closes the solutions and the search proceeds.
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Designing PLA is complex, so evaluating too many
solutions can cause cognitive stress. Nevertheless, the
MOAA4PLA provides techniques for dealing with human fa-
tigue. This approach implements a machine learning (ML)
model based on DM choices (OPLA-ALM) (Bindewld et al.,
2020), which, after a configurable number of interactions, re-
places the DM by evaluating the following solutions based
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Figure 2. Architectural elements freezing

3 Architectural elements are components from the software architecture,
e.g., attributes, methods, classes, and interfaces. These elements are the
building blocks that make up the diagram’s structure, allowing objects to
be created from it.

on the DM’s preferences. Since this model aims to freeze ele-
ments and evaluate the PLA solutions, all the architectural el-
ements from the solutions that contain frozen elements, eval-
uated during the interactions with the DM, are used in its
training. The ML implementation currently uses thirteen dif-
ferent features, so the OPLA-ALM can learn which elements
to freeze according to DM preferences.

Unlike the PLA design feature, in machine learning, a
feature refers to a measurable property or characteristic of
the data used to make predictions or classifications (Bishop,
2006). Features can be thought of as the input variables or
independent variables in a machine learning model.

Some of the features used in this work are the objective
function (Verdecia et al., 2017) values obtained from the so-
lutions during the search process. The features that compose
the OPLA-ALM training and test dataset are presented be-
low.

* Feature modularization (FM) provides an indicator
for the PLA design based on the sum of the metrics for
feature-driven cohesion, feature scattering, and feature
interlacing over architectural elements.

* Class coupling (4CLASS) is calculated by the number
of architectural elements that depend on other classes of
the design, added to the number of elements on which
each class depends.

* Cohesion (COE) evaluates the PLA design in terms of
the internal relationships of the classes of the PLA de-
sign.

* Element identifier (Elementld) is the attribute that rep-
resents the unique name of the element.

* Element type (ElementType) indicates the type of the
element, which can be a class, interface, attribute, or
method.

* Number of classes (NumClasses) is the amount of
classes inside the element. Generally, it is different from
0 only for packages.

* Number of interfaces (Numlnterfaces) is the num-
ber of interfaces inside the element. Similarly to Num-
Classes, it differs from 0 only for packages.

* Number of attributes (NumAttributes) measures the
number of attributes of a class and is set only when the
element is a class.

* Number of methods (NumMethods) counts the num-
ber of methods in an element and is different from 0
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only in classes and interfaces.

* Feature modularization applied to element (FMAp-
pliedToElement) is the FM objective function value,
but calculated specifically to the architectural element.

* Class coupling applied to element (4CLASSApplied-
ToElement) is the ACLASS objective function value,
but specifically to the architectural element.

* Cohesion applied to element (COEAppliedToEle-
ment) is the COE objective function value, but for the
architectural element.

* Whether the architecture contains frozen elements
(HasFreezing) is also used because the training dataset
does not only contain frozen architectural elements
since the ML model needs to learn which elements
should not be frozen too.

3 Experiment Design

This section presents the description of the experiment de-
sign, in which we aim to reduce the number of features of
the OPLA-ALM, with the purpose of validating which fea-
tures improve the ML model, from the point of view of re-
searchers, in the context of interactive SBSE.

To achieve this goal, we execute a quantitative experiment
using feature selectors to answer the following research ques-
tion (RQ): Is it possible to reduce the number of features
used in OPLA-ALM without harming the performance
of the model?. From this question, the following hypotheses
were formulated:

* Hypotheses for RQg,01:

— HORg: It is not possible to reduce the number of
features used in OPLA-ALM without harming the
performance of the model

— Hlgg: Reducing the number of features used in
OPLA-ALM improves computational efficiency
and reduces decision-maker fatigue without com-
promising model performance

Subsections 3.1 and 3.2 provide a comprehensive
overview of the methodological foundations that support this
work. Considering the experiment proposed, Subsection 3.4
presents information about the dataset used, and Subsec-
tion 3.5 describes in detail the steps carried out to conduct
1t.

3.1 Feature Selection in Machine Learning

According to Mjolsness et al. (Mjolsness and Decoste, 2001),
machine learning is the study of algorithms capable of learn-
ing to improve the performance of a task based on their own
previous experience. From sample data, known as “training
data”. ML algorithms can build mathematical models that
can make predictions or decisions without being explicitly
programmed for these purposes. In evaluating OPLA-ALM,
the features used are the thirteen ones listed in Section 2.

A large number of features, however, does not necessarily
improve the efficiency of the training process nor the final re-
sulting algorithm, as features can be correlated and thus may
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add no new information to the training process, taking up
computation time, or they can actively hamper the learning
process, slowing down the learning rate substantially. There-
fore, reducing the number of features to the minimum is rea-
sonable while still ensuring satisfactory training results. The
process of reducing the number of features is called feature
selection.

3.2 Feature Selection with Weka

In this work, we used the Weka machine learning data mining
toolset (Witten and Frank, 2005) to select and test features for
the OPLA-ALM. Weka offers feature evaluators, or selectors,
which score features based on metrics calculated over their
corresponding dataset; we used these evaluators to score the
features described in Section 2 to assemble feature subsets
with the best-scored features. In this work, we used the most
used selectors, presented as follows:

* Correlation-based Selector with best-first search
(CFS-BestFirst) (Hall, 1998) is a selector which, given
a set of features, evaluates different possible subsets of
this set to find a subset whose features are highly corre-
lated with the class # and with low intercorrelation. It is
paired with the Best-First Search algorithm, which uses
greedy hillclimbing with backtracking facilities (Hall
and M., 2022) to find the preferred features subset. The
features in the subset resulting from CFS-BestFirst are
marked as selected; for our experiments, we attributed
the numerical value one to selected features and zero to
unmarked features (because a feature is either selected
or not selected with CFS-BestFirst, we also refer to it as
a binary selector in this paper).

* Correlation is a numerical selector that measures the
Pearson correlation coefficient (Hall, 1998) between a
feature and its class; returns a numerical value between
zero and one.

 Information gain (InfoGain) is a numerical selec-
tor that returns the information gain metric (Quinlan,
2014) for the feature about the class, defined by equa-
tion 1, where H (Class) is the entropy of the class and
H (Class|Feature) is the entropy of the class given the
feature’s value; returns a numerical value between zero
and one.

InfoGain(Class, Feature) = H(Class) — H (Class|Feature)
O]

* Gain ratio (GainRatio) is a numerical selector which
computes, through equation 2, the ratio between the in-
formation gain rate metric (defined above) concerning
the class (Quinlan, 2014). Where H (Feature) is the en-
tropy of the feature’s value, This selector returns a nu-
merical value between zero and one.

H(Class) — H(Class|Feature)

GainRatio(Class, Feature) = H (Feature)
u

2

4In machine learning, a class refers to a group or category that a data
point or example belongs to (Bishop, 2006). The classes are typically the
target or output variables the model aims to predict based on the input fea-
tures.
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Based on the values returned by these four selectors, we
also define a metric named AV for each feature, which is an
unweighted average of the averages of each selector’s score
for that feature across all DMs. This metric gives each fea-
ture a single score, which can be used to identify whether the
selectors tended to favor it or not. Equation 3 defines this met-
ric, where each of the overlined terms in the sum represents
the average score that the feature received by the selector
across all DMs.

_ CF S-BestFirst + Correlation + InfoGain + GainRatio

AV 1
3)
To measure the effectiveness of a feature subset, we sub-
mit it to Weka’s K* classification algorithm (Cleary and
Trigg, 1995) and measure its success using statistical met-
rics that measure the correctness of its answers. We chose
the K* classification algorithm because it obtained the best
performance in previous work (Kuviatkovski et al., 2022).
In binary classification, instances are usually divided into
four groups post-classification: true positives (TP), the in-
stances that were labeled as positive and are marked as posi-
tive by the classifier; true negatives (TN), the instances that
were labeled as negative and are marked as negative by the
classifier; false positives (FP), instances classified as positive
but which were supposed to be negative; and false negatives
(FN), instances which were classified as negative but whose
actual label is positive. When calculating performance statis-
tics, the groups are usually represented as the number of ele-
ments in each set, and in multi-class classification contexts,
these metrics are generally redefined in terms of being clas-
sified in the correct class or not. The metrics we used are the
following ones.

* Precision is the ratio of instances correctly classified as
positive (true positives, or T'P) and the total number of
instances marked as positive (true positives plus false
positives, or T'P 4+ F' P. Also called positive predictive
value (PPV), it is calculated as PPV = 77-E—. Val-
ues closer to 1 are better.

* Accuracy is the ratio of how many instances were cor-
rectly classified and all instances in a dataset (true pos-
itives, true negatives, false positives, and false nega-
tives, or TP + TN + FP + FN). It is calculated as
ACC = %. Values closer to 1 are bet-
ter.

* Recall is similar to Precision, in which it is the ratio
of instances correctly classified as positive (true posi-
tives) and the total number of instances labeled as posi-
tive (true positives plus false negatives, or TP + F'N),
in contrast with all instances labeled as positive. It is
also known as true positive rate (TPR) and is calculated
asTPR = TPT_‘_%. Values closer to 1 are better.

* F1 score is the harmonic mean of precision and recall.

It is calculated as F'1 = 2 -

2TP
2TP+FP+FN*

1 1 \—1 _
(PPV + TPR)
Values closer to 1 are better.

In this work, we evaluated the time performance of ML
models by using two metrics described below Bishop (2006).
These metrics help us analyze the models in both the training
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and testing phases. By analyzing these metrics, we can ensure
that the model performs well in terms of accuracy and oper-
ates within acceptable computational limits. This is crucial
for interactive scenarios where timely responses are needed.

* Elapsed time is the total time elapsed from beginning
to completing testing or training the model in seconds.
It includes the CPU time dedicated to the operation
and any waiting time or other resources that may be in-
volved.

+ User CPU time millis is the CPU time consumed ex-
clusively by the process being executed as training or
testing the model in milliseconds. It does not include
waiting time or time devoted to other processes running
on the system.

* Dataset Size is the number of lines in the CSV (comma-
separated values) file used for training the ML algo-
rithms. Each line contains information such as objective
function values of the parts of the solutions (architec-
tural elements) evaluated by the DM during optimiza-
tion. So, the file contains lines, and each line contains
numeric values separated by a comma. Each value rep-
resents a feature of the data.

3.3 Average Value Metric

To guide the feature selection process, the AV (Average
Value) metric was introduced to aggregate feature scores
from multiple selectors (Correlation, InfoGain, GainRatio,
and CFS-BestFirst). The AV metric is calculated as the un-
weighted average of the scores assigned to each feature
by the four selectors, providing a balanced view of feature
relevance. This metric was chosen because it captures the
strengths of each selector and mitigates their weaknesses.

To validate the effectiveness of the AV metric, we con-
ducted a statistical comparison between the AV scores and
the performance of the feature subsets they helped se-
lect. Specifically, we computed the correlation between AV
scores and key performance metrics of the ML model, in-
cluding accuracy, precision, recall, and F1-score. The results
showed a strong positive correlation (r > 0.7) between high
AV scores and high model performance, confirming that the
AV metric reliably identifies relevant features.

Empirical testing further validated the AV metric’s utility.
Feature subsets selected using the highest AV scores consis-
tently maintained model accuracy at 99%, while reducing
computational time by 25%. For example, subsets B, and
Ay, identified based on AV scores, demonstrated no loss in
performance compared to the original feature set, supporting
the metric’s practical value in maintaining model quality with
fewer features.

The AV metric balanced feature selection by leveraging
multiple evaluative perspectives. It enabled the identification
of irrelevant and redundant features that did not contribute
to model performance, guiding the selection of optimized
subsets that reduced computational effort. This balanced ap-
proach is precious in interactive PLA design, where compu-
tational efficiency and DM engagement are critical.

In summary, the AV metric is a practical tool for aggregat-
ing selector insights and a validated component of our feature
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selection strategy that directly supports the study’s objectives
of reducing computational time and mitigating DM fatigue.

3.4 Dataset

To conduct the experiment defined in this work, we used a
dataset resulting from experiments already conducted in (Ku-
viatkovski et al., 2022). This set contains data from eleven
DMs interacting with the MOA4PLA approach while search-
ing and using the AGM PLA (presented partially in Figure
1). This dataset is available in the complementary material
(Arasaki et al., 2023).

Although the AGM PLA was originally designed for ped-
agogical purposes, it provides a well-defined and represen-
tative structure for evaluating feature selection in SPLs. The
modular nature of AGM facilitates the testing of variability
and commonality management techniques. While AGM is a
controlled setting, future work will explore its application to
larger and more complex PLAs to confirm the scalability and
generalizability of the findings.

3.5 Experiment Steps

Figure 3 presents the steps defined to carry out the proposed
feature selection experiment.

Step 2 Step 3
0 b Step 4
Step 1 Sele;gun Sele;tlon;\ of | [\odification DG S.Fep 7
Scoring of and. SUDSEs | 1o o romising| Step 5 Analysis (i3 Step 8
initial evaluation Hadding best-+" ¢ |\ oo~ Performance |4 of best []2Nalysis of Solution
of initial ranking (addition, Evaluation the best analysis
dataset 8 ’ subsets
feature features, in removal subsets
subsets order ofifettes}

Weka

Figure 3. Experiment steps

We evaluated feature subsets from the thirteen original
OPLA-ALM features in this experiment using Weka’s fea-
ture selectors and its K* classification algorithm implemen-
tation. We also compared the results with the Multilayer Per-
ceptron (MLP) (Rumelhart et al., 1986) algorithm since it
was used in previous works with the same goal (Bindewald
et al., 2019) (Bindewld et al., 2020). We used the dataset de-
scribed in the last subsection and the DMs’ decisions for the
training process. Our evaluation process (Figure 3) was iter-
ative and procedural, with later steps depending on the out-
come of earlier steps. In general, our process can be summa-
rized in the following steps.

Step 1. We executed the four feature selectors described in
subsection 3.2 for all features on the dataset and plotted the
resulting values in two graphs, one for each selector type —
numerical and binary. We also calculated the AV metric for
all features according to the earlier formulae. Hereafter, we
scored and ranked the features according to this metric and
then separately analyzed the graphs to determine the promis-
ing features.

Step 2. Considering the results of Step One, we built sub-
sets of features by adding features with relevant results for
the selectors. The assembly of these subsets will be presented
in the next section. We selected and evaluated the features in
this subset using the Weka K* classification algorithm and
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measured the performance of the subsets using the statistical
metrics of accuracy, precision, recall, and the F1 score, all
relative to the baseline results obtained by the entire thirteen
feature set (also calculated in this step).

Besides, we tested the subset of features recommended by
CFS-BestFirst, as this algorithm already executes a search
over the feature space and returns the best subset, consider-
ing subsets containing features with high correlation with the
class and low intercorrelation. This subset was also evaluated
after implementing the K* classification algorithm to mea-
sure accuracy, precision, recall, and F1 score.

Step 3. We also tried to build subsets based on the sorting
induced by AV. We started with the feature with the greatest
AV and then incrementally added the remaining twelve fea-
tures in descending order of AV. Afterward, we conducted
one test for each addition. All built subsets were evaluated
with the K* classification algorithm.

Step 4. Considering these subsets, we determined which
of the two approaches had better results considering the per-
formance metrics mentioned above. We then modified the
best subset by adding each of the features not in the subset
to it one at a time; we also tried removing one of the features
included in the subset one at a time.

Step 5. We evaluated the subsets built in step three with the
K* classification algorithm. From the most promising sub-
set obtained from this evaluation, we tried modifying it by
adding one more feature from the features not included, as
done in step three and repeated the K* classification.

Step 6. We analyzed the resulting performance metrics and
determined the smallest feature subset with equal or better
performance than the original feature set.

Step 7. We checked the difference in the Elapsed time and
User CPU time millis time metrics of the best subsets com-
pared to the original feature set. Also, we checked the size of
the datasets used for training the models.

Step 8. We analyzed the solutions generated by the op-
timization process using the selected features. This was
needed to ensure that the selected features led to high-quality
solutions aligned with the DM’s preferences. By evaluating
the solutions, it was possible to verify if the reduced feature
set maintained or even enhanced the quality of the PLA de-
signs, confirming (or not) that irrelevant and redundant fea-
tures had been effectively removed.

3.6 Step 8 - Solutions Analysis Protocol

Figure 4 details the steps needed to analyze the solutions.
These steps are described below.

Firstly, as presented in Steps 1 and 2 of Figure 4, we ran
the optimization process with the selected features and all the
features to perform solutions analysis. The optimization was
performed interactively, as defined in (Freire et al., 2020).
So, we ran the optimization algorithm with the interaction en-
abled during the process. This makes the optimization algo-
rithm show the optimized solutions to the DM evaluation af-
ter evolving it during the optimization process. Our first con-
figuration made in the algorithm was the interval for show-
ing optimized solutions during the process. We defined that
they would be presented after every three generations of the
algorithm-optimizing solutions. This definition was based on
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1) Run Optimization with
Selected Features

2) Run Optimization with
all features

3) Collect objective
functions values from
solutions

4) Compare objective
function values using ED

J

5) Perform Kruskal-Wallis 6) Analyze and link
test to check statistical observations with features
difference used

Figure 4. Solution Analysis Steps

previous works such as (Bindewld et al., 2020), so the solu-
tions can be evolved before the DM analyzes them. In ad-
dition, the algorithm configurations were also based on this
work, such as 200 individuals and 3000 iterations for the op-
timization of the PLA.

As mentioned in Section 2, the DMs assign a score be-
tween 1 and 5 to the solutions in each evaluation. Score 1
indicates that the solution is the worst for the DM, and 5 in-
dicates that the solution is the best from their point of view.
This score impacts the evolution of solutions in the follow-
ing way: solutions with greater scores have more chance to
survive and be present in results; on the other hand, solutions
with lower scores have less chance to survive the optimiza-
tion process. In the solution analysis, we defined a pattern
of choosing solutions to evaluate and assigning the score.
We prioritize solutions with the best feature modularization,
which organizes the features to maximize their individual
contributions to the overall performance. So, in every interac-
tion, we chose four solutions with the best value for the FM
objective function and assigned a score of 4 for the solutions.
We did not assign the score 5 since, as presented by (Freire
etal., 2020), the algorithm makes the solution immutable dur-
ing the optimization. Our goal was to allow the algorithm to
improve the solution.

About the freezing strategy mentioned in Section 2, in
which we choose parts (architectural elements) from the op-
timized solutions and mark them as frozen to maintain im-
mutable during the optimization, we also defined a strategy
for choosing elements. Figure 5 shows the element class
named Velocity in the way we searched for freezing. In
the evaluated PLA alternatives, we froze this class with four
attributes and methods related to the PLA feature movement.
We choose to freeze classes like that since it has only one
feature, which has good feature modularization from the per-
spective of the FM objective function.

After the optimization process finished, the objective func-
tion values obtained from the optimized solutions were col-
lected (Step 3). We compared the values of these objective
functions to check if reducing the features impacted the qual-
ity of solutions (Step 4). The comparison was made using
the Euclidian Distance (ED) (Bishop, 2006) quality indica-
tor. In our analysis, we utilized the ED to compare the ob-
jective function values of different solutions. The ED mea-
sures the true straight-line distance between two points in Eu-
clidean space. In the context of our study, it is calculated as
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Velocity
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Figure 5. Example of class frozen Velocity

the square root of the sum of the squared differences between
corresponding objective function values of two solutions.
Mathematically, for two solutions A = (a1, as,...,a,) and
B = (b1,ba,...,b,), the Euclidean distance d(A, B) is de-
fined as:

“)

This indicator was employed to quantify the difference
between solutions in the multi-objective optimization space
(Step 5). By measuring the ED, we could objectively assess
how similar or different the solutions are based on their per-
formance across multiple objective functions. This approach
allowed us to compare and rank solutions, ensuring that our
selected features led to optimal solutions.

We used the non-parametric method Kruskal-Wallis
(Kruskal and Wallis, 1952) for testing whether samples orig-
inate from the same distribution. It compares two or more
independent samples of equal or different sample sizes. A
significant Kruskal-Wallis test indicates that at least one sam-
ple stochastically dominates one other sample. The test does
not identify where this stochastic dominance occurs or how
many groups of stochastic dominance are obtained, but it
checks if the results obtained by using fewer features were
better than those obtained by using all the features.

Finally, in Step 6, we opened each solution and analyzed
the organization of the elements, linking the observations we
made with the features used. The objective here was to un-
derstand the impact of the selected features in the resulting
solutions.

4 Results and Discussion

This section presents and discusses the results obtained in the
feature selection experiment carried out in this work. All the
data produced during the experiment, including the results of
the application of the feature selectors and the data resulting
from the tests in the subsets built, are available in the com-
plementary material (Arasaki et al., 2023).

4.1 Obtaining Initial Scores

Considering the purpose of Step 1 (see Section 3.5), we ini-
tially executed a trial with all features and all selectors with
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the K* classification algorithm to obtain a performance base-
line for comparison in further tests.

After that, for all DM profiles, we evaluated each feature
with each selector using Weka. These evaluations were per-
formed for the eleven different DM profiles (as defined in the
Dataset described in Section 3.4). We also calculated the av-
erages for each feature selector value across all DMs. From
this initial group of results, we observed that:

* HasFreezing was identified as irrelevant to the ML
model for all DMs, as shown in the last row in Table 1,
where the feature received a score of zero for all selec-
tors. Thus, we did not consider HasFreezing in further
tests as it had no impact on the ML model performance.

» The CFS-BestFirst selector consistently returned zero
for all DMs for features COE, Numlnterfaces, ACLAS-
SAppliedTE, COEAppliedTE and HasFreezing, indicat-
ing that these features may be excluded according to its
selection criteria, as shown in the first column of Ta-
ble 1, where these features received an average of zero
for CFS-BestFirst. These features were stored for use in
future tests.

» The Elementld feature was also consistently selected by
CFS-BestFirst through all DMs, which is to be expected
as it uniquely identifies the element in the architecture.
One of the trials described below, which removed Ele-
mentld from the feature set, had noticeably worse per-
formance than the baseline results.

Table 1 presents the initial averages for each (selector, fea-
ture) pair across all DMs; the first column indicates the eval-
uated feature’s name, and subsequent columns indicate the
averages for each selector.

Table 1. Feature selector results

Feature CFS-BestFirst Correlation GainRatio InfoGain
Elementld 1 0.097092  0.085219 0.226587
NumMethods 0.545454 0.070508  0.058436 0.111993
NumAttributes 0.454545 0.127445  0.066700 0.065458
FM 0.363636 0.046475 0.010260 0.011960
ACLASS 0.272727 0.052192  0.010455 0.012001
COE 0 0.050411  0.005681 0.004666
ElementType 0.0909090 0.153760  0.043705 0.050113
NumClasses 0.181818 0.071195  0.053878 0.027310
FMAppliedTE 0.727272 0.951155 0.068165 0.111882
COEAppliedTE 0 0.097227  0.045167 0.025768
ACLASSAppliedTE 0 0.074368  0.049038 0.032523
NumlInterfaces 0 0.085672  0.039382 0.020383
HasFreezing 0 0 0 0

4.2 Analysis of Scored Features

After computing all selector averages, we calculated the met-
ric AV for each feature. Then, the best and worst features
were ranked according to these scores, which guided the def-
inition of the next set of tests.

As an example, we observed that COE achieved the
following average scores by selector: 0 for CFS-BestFirst
(never being selected), 0.0504 for Correlation, 0.0057 for
GainRatio and 0.0047 for InfoGain. The average of those
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scores provides an AV of approximately 0.0152. Elementld
was the most relevant feature to the ML model, achieving an
AV of approximately 0.352.

Table 2. AV metric for all features in the dataset

Feature AV
Elementld 0.3522246818
FMAppliedTE  0.2506091136
NumMethods 0.19659825
NumAttributes  0.1785376136
FM 0.1080834773
ACLASS 0.08684429545
ElementType 0.08462220455
Feature AV
NumClasses 0.08355061364
COEAppliedTE 0.04204081818
ACLASSAppliedTE  0.03898245455
Numlnterfaces 0.03635972727
COE 0.01518990909
HasFreezing 0

Table 2 presents the features sorted according to their rel-
evance based on the AV values. Besides calculating AV, we
constructed graphs considering each (selector, feature) pair
to observe any special effects or trends. As we have two types
of selectors, numerical and binary, we separated each selec-
tor type into different graphs so we could analyze them sep-
arately. These graphs are shown in Figures 6 and 7.
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Figure 6. Numeric Selectors

The numerical selectors graph (Figure 6) shows that the
features Elementld (InfoGain Avg. = 0.2266), ElementType
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(Correlation Avg. = 0.1538), NumAttributes (Correlation
Avg. = 0.1275) and FMAppliedTE (InfoGain Avg. =0.1119
and Correlation Avg. = 0.0951) performed better in certain
selectors. This occurrence indicates a possible relevance of
these features and they were considered in the assembly of
the possible subsets with relevant features to the ML model.

When observing the binary selector CFS-BestFirst graph
(Figure 7), we noticed that the features Elementld (Average
=1.0000), FMAppliedTE (Average = 0.7273), NumMethods
(Average = 0.5455) and NumAttributes (Average = 0.4545)
performed better than other features. This occurrence also
indicates a possible relevance of these features and was sim-
ilarly considered in the assembly of the subsets.

4.3 Building Feature Subsets for Evaluation

This section has assembled some possible subsets with rele-
vant features to the ML model. All these subsets were tested
by running the K* classification algorithm, and the perfor-
mance of each subset was measured using the metrics Preci-
sion, Accuracy, Recall, and F1-Score.

Based on the results presented in the previous sections, we
built an initial subset with the most relevant features named
A. This subset was composed of the following features: Ele-
mentType, as it was well-positioned in the numerical feature
selectors; NumMethods and Elementld, as both ranked were
well in binary feature selector; and lastly FMAppliedTE and
NumAttributes, which were highlighted in both analyses.

Considering the original subset, all features except those
presented in A were sorted by their AV score, as: FM
(0.1081), ACLASS (0.0868), NumClasses (0.0835), COEAp-
pliedTE (0.0420), ACLASSAppliedTE (0.0390), Numlinter-
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faces (0.0364) and COE (0.0152).

Then, an ensemble of subsets was incrementally prepared,
using these features, thereby: A} = AU{FM}, Ay = A; U
{ACLASS}, and so forth, until subset A; = Ag U {COE}
(which includes all features except HasFreezing). These sub-
sets and their respective values for Precision, Accuracy, Re-
call, and F1-Score are presented in Table 3.

Table 3. AV-based subset percentage results
Subset Accuracy(%) Precision(%) Recall(%) F1-Score(%)

A -2,760 -1.872 -1.295 -1.606
Ay -1.197 -0.810 -0.541 -0.677
Ao -0.289 -0.36 -0.063 -0.150
A3 -0.289 -0.236 -0.063 -0.150
Ay -0.289 -0.236 -0.063 -0.150
As -0.290 -0.236 -0.063 -0.150
Asg -0.288 -0.235 -0.063 -0.149
Az 0 0 0 0

Analyzing the performance of the subsets built (Table 3),
A7 attained the best performance presenting metrics of Preci-
sion, Accuracy, Recall, and F1-Score similar to the original
subset. However, as the subset A7 is composed of all fea-
tures, except HasFreezing, which was classified as irrelevant
in all feature selector algorithms, we decided to try another
approach aiming to reduce the number of features without
harming the model classification performance.

Figure 8 presents the approach to exploring the intercor-
relation factor between the features considered in the CFS-
BestFirst selector. It is worth mentioning that from this point
on, we used the CFS-BestFirst results as the basis for fur-
ther analysis since this selector presented the most relevant
features to the OPLA-ALM. Table 1 shows that the other
selectors highlighted the same features as relevant to the
ML model. Nevertheless, they considered other features im-
portant to the model, and there was a divergence between
which features should be selected. Thus, they did not ascer-
tain which features are the most important to OPLA-ALM as
CFS-BestFirst did.

K* classifier

Stage 2 Weka
Assemble subset
by adding a single ")
feature in subset B
Stage 1 \ oS
iyl oiags 4 Anal sisg of best
subset with CFS ————  Performance Y
features Evaluation subsets
(Subset B) / performances
Stage 3
Assemble subset
by removinga -

single feature from
subset B

Figure 8. Assembly of subsets by CFS-Best First Selector

Considering the stages presented in Figure 8, the pro-
cess which guided the construction of the subsets evalu-
ated was: in Stage 1 we created the subset B containing
features that received a score different from zero from the
CFS-BestFirst selector, {Elementld, NumMethods, NumAt-
tributes, FM, ACLASS, ElementType, NumClasses, FMAp-
pliedTE} (Table 1). In Stage 2, we prepared more subsets
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by adding to B the non-selected features one by one. Stage
3 was similar to Stage 2, but instead of adding features, we re-
moved features one by one. In Stage 4, we computed the Ac-
curacy, Precision, Recall, and F1-Score of the subsets built-
in Stages 2 and 3. Finally, in Stage 5, we analyzed the perfor-
mance of all subsets resulting from Stage 4, aiming to define
the best subset for the OPLA-ALM model.

The subsets tested in Stage 2 (see Figure 8) were B, =
B U {COEAppliedTE}, By = B U {ACLASSAppliedTE},
and so forth, up to By = BU{COE}. The results from these
subsets are displayed in Table 4. This table presents the as-
sembled subsets and their respective performance for each
metric collected from the OPLA-ALM.

Table 4. Subset percentage results from CFS-BestFirst analysis,
adding features

Subset Accuracy(%) Precision(%) Recall(%) F1-Score(%)

B -0.289 -0.236 -0.063 -0.150

B -0.289 -0.236 -0.063 -0.150
By -0.289 -0.236 -0.063 -0.150
B. -0.281 -0.222 -0.068 -0.145
By 0 0 0 0

By using the subset B and its combinations with features
not selected previously by CFS-BestFirst, we observed small
differences in Accuracy (-0.289%), Precision (-0.236%), Re-
call (-0.063%) and F-Score (-0.150%) when comparing with
the subset that contains all the features. The results were sim-
ilar to the test executed with all features except COE. We
also observed that B, (the subset containing all selected fea-
tures plus COE) was that which presented the best overall
result among all conducted tests, with values of Accuracy,
Precision, and Recall metrics similar to the test using all the
features.

In Stage 3 (Figure 8), we carried out trials containing all
features selected by CFS-BestFirst but excluding one of them
per assembled subset. These tests did not obtain better re-
sults than those described above, but we noticed that remov-
ing Elementld reduced the performance of all metrics since
it is the most relevant feature in OPLA-ALM. The Elemen-
tld feature uniquely identifies the element in the architecture,
and removing it results in a great loss of information for the
OPLA-ALM.

The subsets we prepared by removing attributes from
B were C, = B — {Elementild}, C, = B —
{FMAppliedToElement}, C. = B — {NumMethods}, and
so forth, up until subset C},. The results from these tests are
presented in Table 5.

Table 5. Subset percentage results from CFS-BestFirst analysis, re-
moving features

Subset Acc(%) Prec(%) Rec(%) F1(%)
Ca -2.818 -2.667 -0.714  -1.704
Cy -0.289 -0.236 -0.063  -0.150
Ce -0.289 -0.236 -0.063  -0.150
Cyq -0.290 -0.237 -0.063  -0.150
Ce -1.311 -1.141 -0.359  -0.754
Cy -1.197 -0.810 -0.541  -0.677
Cy -0.289 -0.236 -0.063  -0.150
Ch -0.289 -0.236 -0.063  -0.150
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After many assembled subsets with the most varied com-
binations of features, we found that the configuration com-
prising the features selected by CFS-BestFirst (Table 1) plus
COE (subset B,;) was the one which best performed so far.
We obtained results that were roughly equal in performance
to the subset that contains all the features.

Since we aimed to minimize the number of features with-
out harming the performance of OPLA-ALM, we concluded
that it is not worth considering the other subsets, as they
have more features that worsened the overall execution time
in comparison with this subset, {Elementld, NumMethods,
NumAttributes, FM, ACLASS, ElementType, NumClasses,
FMAppliedTE, COE}.

4.4 Time Analysis

This section presents a performance analysis based on the
time spent training and testing the model using the features
from the original set and the best subsets (subsets By and B..).
This analysis focuses on verifying the impact of removing the
four features on the time necessary for training and testing
the model. The time values presented in this section were
measured by the Elapsed Time and User CPU time millis
metrics, abbreviated to ETT and UTMT, respectively.

Firstly, we calculated and collected ETT and UTMT met-
rics values on subsets using Weka tool. We measured the
training and testing times spent on the original set, the sub-
set By (the best found), and the subset B, (second best subset
evaluated). From this point, we will refer to the model trained
using the original set as Model A. Similarly, the models us-
ing By and B, subsets will be referred to as Model B and C,
respectively.

As presented in Figure 9, there is no significant difference
in the time for training the models A, B, and C. We observed
that the times spent on training them were similar because we
used the same dataset but with a different number of features.
Another observation is that the longest time spent training
the model, even when using all the features (Model A), is
31 milliseconds. Thus, despite removing four features, ETT
and UTMT metrics cannot show much difference between
the models due to the low time spent training (even when
using Model A, which contains all the features).

The graph in Figure 10 presents the measured time values.
As mentioned in Section 3.4, eleven datasets were used in
experiments. Axis-X summarizes the metrics calculated for
each dataset obtained from experiments for each DM, and
Axis-Y presents the time values. We tagged the datasets with
the DM identifications. So, Dataset DMO1 contains the data
from DM 01, Dataset DMO02 from DM 02, and so on.

According to testing times presented in Figure 10, all the
models (A, B, and C), when using datasets DM04 and DMOS,
show a huge difference compared to the other datasets. The
models using dataset DM04 have the best testing times, con-
sidering the values of 0.02 and 22.81 in ETT and UTMT,
respectively. The models using dataset DMOS presented the
worst testing time, with 1.18 and 1,035.47 in time ETT and
UTMT, respectively. This gap is due to the size of the two
datasets, as the dataset DMOS is the largest file and is approx-
imately seven times larger than the dataset DM04. As men-
tioned in Section 3, the dataset size is the number of lines in
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Figure 10. Testing Times

the file used for training the models. Each line contains fea-
tures such as Elementld and ElementType from parts of the
optimized solutions evaluated by DMW during the optimiza-
tion process. Although the dataset size is seven times larger,
the testing times are not seven times longer. So, we can con-
clude that the growth in testing times in relation to the size
of datasets is not linear.

To complement the analysis, we built Table 6 that com-
pares Model A’s (with all features) and Model B’s testing
time (with only the best features). In this table, we present
the percentage of reduction of testing time of Model B in re-
lation to Model A. Figure 11 presents another view of the
values.

Table 6. Time Reduction in Percentage for Model B

Dataset Testing
ETT(%) UTMT (%)
DMO01 3333 21.71
DMO02 28.57 21.52
DMO03 23.07 24.59
DMo04 0 28.75
DMO05 27.27 23.48
DMO06 25 27.31
DMO7 26.66 22.09
DMO08 26.27 26.87
DM09 27.77 29.04
DM10 30 26.63
DM11 33.33 30.37
Average  25.57 25.67

Observing this table, it is important to highlight that the
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Figure 11. Time Reduction Model B

models using dataset DM04 do not show a reduction in test-
ing time when considering only the ETT metric. Also, ETT
obtained an absolutely zero difference between Model B’s
and Model A’s testing time metrics. This occurrence is not a
significant indication, as the dataset size is so small that the
testing time cannot be reduced.

Unlike the absolute time graphs in Figure 10, the reduc-
tion graph of Model B’s in relation to Model A’s, presented
in Figure 11, shows close values between the models using
the different datasets, except for DM04, which presents zero
difference for the ETT metric. This event indicates that mod-
els B and C (with fewer features) needed less time for testing.

It is noted that the greatest difference does not occur in
dataset DMOS as expected since it was the one that spent
the most time testing. Dataset DMO0S presents approximately
26% reduction, but the greatest difference between Model
B and Model A, in terms of ETT, is approximately 33%
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occurred in dataset DMO1 and dataset DM11. Considering
the column with the UTMT metric values in Table 6, we
obtain the largest reduction value in any dataset that is not
dataset DMOS, which again presents approximately 26% re-
duction. The largest reduction occurs in dataset DM 11, which
achieves a 30%

Table 6 also shows that, despite reaching peaks of up to
33% reduction, the average reduction when considering the
eleven datasets that use the features of Model B is 25% for
ETT and UTMT. This value supports the validity of the fea-
ture removal process carried out that originated the subset
By, as when we eliminated 30% of the features, we noticed
that datasets presented close reductions, resulting in an aver-
age reduction of 25% in time metrics.

Similarly, as was done for Model B, Table 7 presents the
percentage of reduction of testing time of Model C in relation
to Model A, and the graph presented in Figure 12 presents the
values from another view.

Table 7. Time Reduction in Percentage for Model C
Dataset Testing

ETT(%) UTMT(%)

DMO1 333 27.22
DMO02 28.57 31.28
DMO03 30.76 28.28
DMo04 0 32.88
DMO5 27.27 26.11
DMO06 25 25.7
DMO7 33.33 29.3
DMO08 28.81 27.11
DMO09 27.77 28.66
DM10 30 30.47
DM11 33.33 33.33
Average 27.1 29.11
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Figure 12. Time Reduction Model C

In this table, we first observed the zero value for ETT
in dataset DM04. This happened because the time needed
for testing was very short. Once again, dataset DMO08 did
not present the highest reduction value as expected, return-
ing approximately 28% reduction when considering the ETT
metric. The largest reduction presented by Model C in ETT
is 33%, occurring in datasets DM01, DMO0S, and DM12.
When just observing at the UTMT, something similar hap-
pens. DMOS presents a testing time reduction of 27%, but the
largest testing time reduction appears in the dataset DM04
and dataset DM 11 with approximately 33%.
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The table also shows that, despite reaching peaks of up to
33% reduction, the average reduction when considering the
eleven datasets that use Model C is 27% for ETT and 29%
for UTMT. These values support the validity of the feature
removal process that originated the subset B., as when we
eliminated 30% of the features, we noticed that datasets pre-
sented close reductions resulting in an average decrease of
27% and 29% in time metrics.

To validate the process used in feature selections, perfor-
mance tests and measurements of the time spent with the Mul-
tilayer Perceptron classifier with 500 epochs were carried out.
This classifier was chosen because it had already been used
in Bindewald et al. (2019) and Bindewld et al. (2020). From
this moment on, we will use the acronym MLP to refer to the
Multilayer Perceptron classifier.

Before analyzing the times performed with the MLP, the
performance metrics of the Bd and Bc subsets > performed
with the MLP were extracted and compared with the metrics
of the original feature set also performed with the MLP. All
metrics from both models performed with each subset, Bd
and Bce, showed no worsening in performance concerning the
original set.

Again, we calculated and collected ETT and UTMT metric
values into subsets using the Weka tool. We measured the
training and testing times spent on the original set, the By
subset (the best found), and the B, subset (the second best-
evaluated subset) with the MLP classifier. From then on, we
will refer to the model trained using the original set as Model
M1. Likewise, models using subsets B, and B, will be called
Model M2 and M3, respectively.

The graph in Figure 13 presents the measured time values
for training times in the same way as the models using K*.

As presented in Figure 14, there is no significant differ-
ence in the time for testing the models M1, M2, and M3. An-
other observation is that the longest time spent testing the
model, even when using all the features (Model M1), is 0.47
milliseconds. Thus, despite removing four features, ETT and
UTMT metrics cannot show much difference between the
models due to the low time spent testing (even when using
Model A, which contains all the features).

To complement the analysis, we built Table 8 that com-
pares Model M 1’s (with all features) and Model M2’s testing
time (with only the best features). In this table, we present
the percentage of reduction of testing time of Model M2 in
relation to Model M1.

Observing this table, it is important to highlight that all
models present a reduction in training time for both the ETT
and UTMT metrics. The average reduction for ETT was ap-
proximately 53% and for UTMT it was 51%. These values
presented reinforce the feature reduction method proposed
and applied in Model M2.

Similarly, as was done for Model M2, Table 9 presents
the percentage of reduction of testing time of Model M3 in
relation to Model M1.

In this table, we first observe that again all models show
a reduction in training time for the ETT and UTMT metrics.
The average reduction for ETT was approximately 52% and
for UTMT it was 50%. These values presented also reinforce

>Bd and B subsets were the best ones obtained in previous tests.
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Figure 14. Testing Times with MLP

Table 8. Time Reduction in Percentage for Model M2 with MLP

Dataset Training
ETT(%) UTMT(%)
DMO01 51.55 46.78
DMO02 56.30 53.80
DMO03 56.14 54.95
DM04 54.35 53.87
DMO05 55.88 54.29
DMO06 55.56 53.74
DMO7 56.91 54.58
DMO08 58.31 54.58
DM09 39.80 40.11
DM10 40.28 40.36
DM11 40.00 39.77
Average  53.67 51.20

the features reduction method presented in this work applied
to Model M3.

4.5 Solutions Analysis

To measure the quality of the solutions obtained at the end
of the optimization process, we used a set of objective func-
tions, namely PLA Feature Modularization (FM), Class Cou-
pling (ACLASS), and Cohesion (COE). Previous works have
demonstrated the importance of these metrics for maintain-
ing a high-quality PLA design.

We compared the quality of the solutions generated using
the model with all features versus the model using only the
selected features (30% fewer features). The comparison was
made based on the ED between the objective function values
of the solutions. The ED measures how different two solu-

Table 9. Time Reduction in Percentage for Model M3 with MLP

Dataset Training
ETT(%) UTMT(%)
DMO01 51.55 47.20
DMO02 56.30 53.59
DMO03 47.37 46.45
DMo04 52.17 50.64
DMO05 54.90 53.55
DMO06 55.56 53.55
DMO7 57.72 54.34
DMO08 58.31 54.55
DM09 39.80 40.27
DM10 40.28 40.32
DM11 40.00 40.09
Average  52.78 50.29

tions are in the multi-objective optimization space.

To perform this comparison, we collected the objective
function values and calculated the ED of the solutions to the
ideal solution. The ideal solution represents a hypothetical
point in the multi-objective optimization space where all ob-
jective function values are optimal. This means that the ideal
solution achieves the best possible value for each objective.
Calculating the ED to the ideal solution allows us to quan-
tify how close each solution is to the optimal performance
across all objectives, providing a clear metric to assess the
effectiveness of the feature selection.

Table 10 presents the best (minimal), median, and aver-
age ED for the solutions obtained using all features and the
selected features. The results obtained from the feature selec-
tion process are not just theoretical improvements; they have
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practical implications for the PLA design, particularly when
applied to a PLA like the AGM.

Table 10. ED for resulting solutions

Selected Features All Features
Min 709 667
Median 726 720
Average 724 709

The results show that the solutions generated with the se-
lected features were slightly less optimal than those gener-
ated with all features. However, according to the Kruskal-
Wallis test, there was no statistical difference (p — value >
0.05) between the two sets of solutions.

To complement the metric comparison, we analyzed the or-
ganization of the architectural elements in the PLA solutions.
One notable observation was that the number of solutions
generated at the end of the optimization was affected by the
reduction of features. On average, the optimization algorithm
with fewer features generated 40% more solutions. This in-
crease in the number of solutions suggests that the algorithm
explored a broader solution space with fewer features.

This percentage was calculated by the equation1 - (3 /
5). To obtain these values, the average of the number of so-
lutions generated in the executions was calculated. The aver-
age of solutions generated by the algorithm using all features
was three solutions. On the other hand, the algorithm using
fewer features obtained five solutions on average: two more
solutions.

We also examined specific elements in the PLA alterna-
tives. For instance, in all the solutions obtained, the element
Velocity remained consistent with four attributes and four
methods related to the movement feature, regardless of the
feature set used. This consistency indicates that the reduced
feature set did not compromise the essential characteristics
of the solutions.

As mentioned in (Bishop, 2006), overfitting is problem-
atic when using ML algorithms because it leads to models
that perform well on training data but poorly on unseen data.
Overfitting occurs when a model learns the noise and details
in the training data to the extent that it negatively impacts
the model’s performance on new data. Figure 15 presents an-
other observation we made, which gives some insights into
the features’ impact on the overfitting of the model.

The first part of this figure shows the pattern of the Ani-
mationLoop elements generated when using all the features.
The second part shows the elements obtained using only the
selected features. As can be observed, using all the features
overfitted the model in separate PLA features since the An-
imationLoop elements have only one method related to the
pause of the animation. In the second example, the elements
involve the pause and the play animation. As can be observed,
using all the features overfitted the model in separate PLA
features since the AnimationLoop elements have only one
method related to the pause of the animation. In the second
example, the elements involve the pause and the play anima-
tion.

These findings indicate that feature selection effectively
reduces the number of features without negatively impacting
the quality of the solutions. The selected features prevented
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overfitting and maintained a high level of solution quality.
In future work, we intend to conduct experiments with more
DMs on a larger scale and with different PLA designs to val-
idate these results’ generalizations and check the solutions’
diversity.

4.6 Summary of Findings

While carrying out the experiment described in this sec-
tion, we identified some promising feature subsets that were
smaller than the thirteen features originally used for OPLA-
ALM.

Considering the evaluated features, Elementld, FMAp-
pliedTE, NumAttributes, NumMethods and ElementType are
the most relevant features because they have the best over-
all scores according to the feature selectors. In contrast, Has-
Freezing, FM, NumlInterfaces, ACLASS, COEAppliedTE and
COE were considered irrelevant according to the feature se-
lectors, although it is worth noting that COE presented the
best result in this study when used in conjunction with other
features selected by CFS-BestFirst (Table 1).

In this context, and based on the tests performed in this
work, our findings indicate that the feature set B, presented
the best performance. This set is composed of the follow-
ing features: FM, ACLASS, Elementld, ElementType, Num-
Classes, NumAttributes, NumMethods, FMAppliedTE and
COE; reducing the number of features in the original set,
from thirteen to nine features (a 30% reduction).

We carried out tests to measure and compare the time spent
training and testing the model on the subsets B; and B,
(the best subsets) in relation to the original set. Although the
B, subset is the best in accuracy, the B, subset presented a
slightly faster average performance. Even slower than sub-
set B., subset B, showed an average time reduction of 25%
of the time needed to test the model, indicating that the re-
moval of features really had a positive impact on model per-
formance.

It is also worth mentioning that while we could extract use-
ful information and data from all selectors, the CFS-BestFirst
selector should be highlighted as it guides the feature selec-
tion process toward the best results.

Table 11 summarizes the final performance results for all
tested feature subsets compared to the original that used all
attributes. The first column lists the different subsets tested.
The subsequent columns provide the percentage changes
in Accuracy (Acc), Precision (Prec), Recall (Rec), and F1-
Score (F1) relative to the initial trial. Negative values indi-
cate a decrease in performance, while 0 means no change.

The most notable insights from this table are the results for
subsets By and A;. Subset B, shows no change (0%) across
all performance metrics, indicating that it maintains the same
high performance as the original feature set while reducing
the number of features by 30%. This confirms the efficiency
of the feature selection process in maintaining model qual-
ity with fewer features. On the other hand, subset A7 also
maintains 0% change in all metrics, suggesting it is another
strong candidate for an optimized feature set. In contrast, sub-
sets such as A and C; show significant adverse changes in
all metrics, indicating that these feature sets decrease model
performance. Highlighting these results helps to emphasize
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Figure 15. Example of AnimationLoop by using all features vs selected features

the effectiveness of the selected feature subsets and supports
the rationale for their use in optimizing the mode.

Table 11. All subset percentage results

Subset Acc(%) Prec(%) Rec(%) F1(%)
A -2.760 -1.872 -1.295  -1.606
Ay -1.197 -0.810 -0.541  -0.677
Ao -0.289 -0.36 -0.063  -0.150
As -0.289 -0.236 -0.063  -0.150
Ay -0.289 -0.236 -0.063  -0.150
As -0.290 -0.236 -0.063  -0.150
Ag -0.288 -0.235 -0.063  -0.149
A7 0 0 0 0
B -0.289 -0.236 -0.063  -0.150
Bq -0.289 -0.236 -0.063  -0.150
By -0.289 -0.236 -0.063  -0.150
B -0.281 -0.222 -0.068  -0.145
By 0 0 0 0
Ca -2.818 -2.667 -0.714  -1.704
Chy -0.289 -0.236 -0.063  -0.150
Ce -0.289 -0.236 -0.063  -0.150
Cy -0.290 -0.237 -0.063  -0.150
Ce -1.311 -1.141 -0.359  -0.754
Cy -1.197 -0.810 -0.541  -0.677
Cy -0.289 -0.236 -0.063  -0.150
Ch -0.289 -0.236 -0.063  -0.150

Although this study focused on K* classification due to its
demonstrated high performance in prior work, we acknowl-
edge the need for broader validation. Future studies will com-
pare our approach with other ML models, including Decision
Trees, SVMs, and Neural Networks. Such comparisons will
help validate the robustness of our approach and potentially
identify scenarios where alternative models may outperform
or complement K*.

Reducing DM fatigue is critical for maintaining engage-
ment and efficiency in the iterative PLA design process.
Our approach automates interactions and limits the number

of evaluations required, significantly lowering the cognitive
load on DMs. This improvement is expected to enhance us-
ability and support better decision-making by preventing the
adverse effects of fatigue. Future work will include qualita-
tive assessments from DMs to further understand the impact
of our approach on user experience.

The observed 25% reduction in computational time di-
rectly enhances the practicality of our approach in real-world
applications. This time savings is significant in industry set-
tings where software architects often work under tight dead-
lines. Our approach supports faster decision-making pro-
cesses by reducing the time needed for model training and
evaluation. It improves the overall efficiency of PLA design,
making it a valuable tool for software development teams.

The computational gains from feature selection are partic-
ularly relevant as datasets grow in size and complexity. By re-
ducing the number of features, we observed a consistent 25%
reduction in testing time while maintaining 99% accuracy,
ensuring the model’s efficiency and scalability for larger SPL
scenarios. Furthermore, fewer features streamline the testing
phase, which is critical in interactive PLA design processes
where rapid interactions are required. Reducing the feature
set simplifies the decision-making process for DMs by fo-
cusing on the most impactful variables. Additionally, feature
selection ensures scalability as the size of SPLs and datasets
grows in industrial applications.

Feature selection not only improves computational ef-
ficiency but also reduces the cognitive load on decision-
makers by minimizing the complexity of their evaluations.
By focusing on the most relevant features, the OPLA-ALM
reduces the model effort required to assess solutions during
the search process.

4.7 Answering RQ

By using the feature selectors, we obtained a subset of nine
features (By: FM, ACLASS, Elementld, ElementType, Num-
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Classes, NumAttributes, NumMethods, FMAppliedTE and
COE), that is 30% smaller than the initial subset, which orig-
inally contained thirteen features. Additionally, the resulting
ML model presented an accuracy of 99%, similar to previous
works. Analyzing the time performance, the selected subset
showed an average reduction of 25% in testing time, reduc-
ing the computational effort. The solution analysis confirmed
that the quality of the generated solutions was maintained,
with no significant differences in the objective function val-
ues compared to using all features. Thus, the answer is posi-
tive, and H1 g was accepted.

4.8 Threats to validity

This section presents the threats to validity related to this
work and how they were mitigated.

Internal Validity. We consider that there is space for fur-
ther improvement in this work, as we only evaluated a few
of all possible feature subsets in this study. We tested sev-
enteen possible configurations out of a total of 213 = 8192
subsets®, considering that the entire feature set had thirteen
elements in it. However, we also consider that our results al-
ready represent a substantial improvement over the current
feature set, in terms of both a lower quantity of features and
slightly better performance.

The second threat is the diversity of data for training the
OPLA-ALM. We mitigated this threat by using a dataset used
in several works (Kuviatkovski et al., 2022) (Freire et al.,
2019) (Freire et al., 2020) (Freire et al., 2022), which in-
cludes data obtained from DMs with different profiles.

External Validity. The sample size can be a threat to ex-
ternal validity because we used only the AGM PLA in the
experiment. Thus, it is not possible to generalize the exper-
iment results for other PLAs. However, the sample allowed
the generation of assumptions and conclusions valid to PLAs
of other sizes and domains.

The AGM PLA dataset was chosen for its complexity and
representativeness and serves as a benchmark for evaluating
feature selection in PLAs. Future work will involve applying
our approach to different datasets and domains to assess its
generalization.

Construct Validity. The definition of the parameter val-
ues adopted in the experiment can be considered a threat to
validity. This threat was controlled using values adopted in
related works (Bindewald et al., 2019; Bindewld et al., 2020;
Kuviatkovski et al., 2022), which included the calibration
of the ML algorithm for the same context addressed in this
work.

Conclusion Validity. We minimize the main threats to the
conclusion validity identified during the experiment using
feature selectors and metrics commonly used for the valida-
tion of the results.

5The number of possible subsets was derived from the formula for the
total number of subsets from a given set. If a set S has k values in it, then
there exist 2% subsets of S. In combinatorial terms, it can be seen as a prod-
uct of k different choices with two possibilities each — whether each ele-
ment is included in the subset or not.
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5 Related works

This section presents the works we used to guide us in the
feature selection process. Sunita and Aurora (Sunita Beni-
wal and Arora, 2012) present many ways of classifying and
selecting features widely used in data mining. We highlight
the fact that the work was not an experimental study, so it
did not present ways of evaluating the performance of ML
models with selected features.

Sutha and Tamilselvi (K.Sutha and Tamilselvi, 2015) list
the advantages and disadvantages of approximately 12 fea-
ture selection algorithms with an emphasis on efficiency.
Since there are many feature selectors available, this study
was important to support us in choosing which selectors to
use.

Similarly, Ramaswami and Bhaskaran (M. Ramaswami
and Bhaskaran, 2009) compare the performance of six fea-
ture selection algorithms to find the best method. They
pointed out that the performance of each algorithm can
be measured using different classification models. The re-
sults claim a reduction in computational cost and construc-
tion cost in the training and classification stages of the ML
model when using the minimum number of features obtained
through the feature selectors.

A feature selection process using four feature selectors is
presented in (Gnanambal S et al., 2018). This feature selec-
tion is based on assembling subsets, one for each selector,
where each subset is composed of the features best ranked
by one of the feature selectors. In contrast, the subset assem-
bly presented in the work considers the performance of the
features in the four selectors in aggregate.

6 Conclusion

Feature selection is essential in ML since it can improve the
model’s performance obtained through the training process,
reducing training time and computational cost. Also, the fea-
ture selection can prevent overfitting and identify smaller
sets of features that are the most influential variables, making
it easier to interpret and explain the model’s decision-making
process.

This work aimed to select features for an ML model used
in interactive PLA design. This model, named OPLA-ALM,
prevents the human fatigue problems caused by excessive
interactions with the DM during the search process. In sum-
mary, OPLA-ALM learns how DMs evaluate PLAs during
interaction in the search process. After achieving the required
expertise in evaluating PLAs according to DMs’ preferences,
it replaces them in this task.

A quantitative experiment was performed using four dif-
ferent feature selectors. The results were promising since we
could reduce from thirteen to nine (-30%) features for train-
ing and testing the OPLA-ALM model. This reduction also
resulted in an average reduction of 25% in testing times per-
formed to validate the model. Furthermore, the accuracy of
the OPLA-ALM remained at 99%, indicating a well-defined
ML model.

While modest, the 25% reduction in testing time achieved
in this study has significant implications for interactive PLA



Feature selection in an interactive search-based PLA design approach

design processes, where time savings accumulate across mul-
tiple evaluations. Additionally, as feature selection reduces
data dimensionality, it lays a foundation for applying the
OPLA-ALM model to larger, more complex datasets in in-
dustrial settings, ensuring scalability and broader applicabil-
ity.

For future work, we intend to extend the application of
feature selection to other ML models available in the SBSE
context, broadening the scope of the analysis. The subsets
of features presented in this work were manually assembled
and evaluated. Moving forward, we plan to automate the sub-
set generation process and their evaluation using feature se-
lectors and ML metrics to streamline and enhance the repro-
ducibility of the methodology.

Although the AGM PLA was originally designed for ped-
agogical purposes, it offers a well-defined and representative
structure for evaluating feature selection in SPLs. Its modu-
lar nature facilitates testing variability and commonality man-
agement techniques. However, to confirm the scalability and
generalizability of our findings, future studies will apply our
feature selection approach to larger and more complex PLAs.
This exploration will ensure that the observed gains in com-
putational efficiency and the reduced feature sets’ utility ex-
tend to more diverse and industrially relevant scenarios.
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