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Abstract. This study investigates the relationship between trivial and non-trivial
refactorings and proposes a metric to evaluate refactoring triviality. We analy-
zed 1.9M refactorings from 1,291 open-source projects with 45 code metrics
using supervised learning. We evaluate 5 classification models and 7 regres-
sion models under various configurations. Based on these results, we propose
a metric based on complexity, speed and risk, with insights from 15 developers
on 58 selected features. The results show that separating the refactorings by
triviality improves the predictions and that the use of all features outperforms
the prioritization of the developer. Ensemble models outperformed linear ones,
and expert perceptions aligned with model results. These findings support re-
factoring decisions and highlight future research opportunities.

1. Introduction

Software maintenance is one of the most expensive activities in software engineering
effort [Zarnekow and Brenner 2005]. According to [Bertrand 1994], maintenance repre-
sents a total cost of 70% of a system. The main factor for this high cost is poor software
quality [Dehaghani and Hajrahimi 2013]. During software maintenance, it is possible that
developers introduce code with poor structural quality in an unintentional or intentional
way [Ouni et al. 2015]. One solution that can solve this problem is applying transforma-
tions to the source code, a very common type of transformation that meets this objective
is software refactoring [Silva et al. 2016].

[Opdyke 1992] introduced the term refactoring, but this term only became po-
pular with the book by [Fowler 2018]. Refactoring is defined as a transformation that
changes the internal structure of the source code without changing the external beha-
vior [Fowler 2018]. Maintaining external behavior means that after applying the refacto-
ring activity, the software should produce the same output as before.

Some benefits of using software refactoring techniques are: (i) improved overall
software quality; (ii) lower maintenance costs; and (iii) increased developer producti-
vity [Fowler 2018, Moser et al. 2007]. In this way, the benefits extend to internal quality
attributes such as coupling, cohesion and external software quality attributes. They can
significantly improve the reusability and readability of systems [Mens and Tourwé 2004,
Bavota et al. 2015, Malhotra and Chug 2016].

Researchers have investigated different perspectives for the use of refac-
toring [Mens and Tourwé 2004, Azeem et al. 2019, de Paulo Sobrinho et al. 2018,
Bibiano et al. 2023], such as: (i) solutions that recommend refactorings to
developers [Bavota et al. 2015, Tsantalis et al. 2018, Almogahed et al. 2023,



Bibiano et al. 2024, Nikolaidis et al. 2024]; (ii) machine learning-based refactoring
detection [Aniche et al. 2020, AlOmar et al. 2021, Nyamawe 2022, Tan et al. 2024]; (iii)
developer motivation to refactor code [Silva et al. 2016, Palomba et al. 2017], and (iv)
obstacles to refactoring [Kim et al. 2014, Sharma et al. 2015, Liu et al. 2024]. However,
even though refactoring has been investigated as a provider of benefits for software
quality, whether by improving internal or external attributes, some studies indicate that in
some cases, refactorings can negatively affect software maintenance.

[Azeem et al. 2019] and [Baqais and Alshayeb 2020] emphasize the need for
further studies on how ML can identify refactoring opportunities, as well as the deve-
lopment of automated solutions involving refactoring. [Kaur and Singh 2019] highlights
that many commonly practiced refactorings in the industry are still unexplored. More-
over, the lack of a clear assessment of the triviality of refactorings creates challenges
in selecting the ideal technique and ensuring that the system’s behavior is not affec-
ted [Akhtar et al. 2022]. In addition,developers tend to prefer manual, ttime-consumingnd
risky refactorings, avoiding automated tools to minimize the risk of introducing new
bugs [Abid et al. 2022, Silva et al. 2016]. Consequently, our motivation is based on the
identified needs, proposing a solution based on ML that can be automated and provides
developers with reliable information to decide whether to apply automated refactoring.

In this work, the main objective is to identify the relationship between trivial
and non-trivial refactorings and propose a metric that evaluates the triviality of im-
plementing a refactoring. We also propose a metric that evaluates the triviality of imple-
menting refactoring operations, considering simplicity, speed and risk. The main research
questions are presented below:

RQ;: How effective are trivial refactorings in predicting non-trivial refactorings?
RQ.: How can an effective refactoring triviality index be developed using an ML
approach from a developer’s perspective?

To answer these questions, we conducted two separate studies. The methodo-
logy adopted involved the collaboration of developers and refactoring experts. Un-
til the completion of this work, two articles on the subject were published. The first
study [Pinheiro et al. 2022] was awarded the best paper at SBCARS’22. The second
[Pinheiro et al. 2024] was published in JSERD in 2024. The most recent article, detai-
led in Study 2, is in the submission phase for the Journal of Systems and Software.

2. Related Work

[Agnihotri and Chug 2020] conducted a literature review to investigate studies based on
applying refactoring operations to remove code smells and their effect on software qua-
lity. The authors selected 68 studies that were published between 2001 and 2019. Based
on the results, the authors pointed out the need for researchers to conduct studies propo-
sing automatic tools for detecting and applying refactorings to improve software quality.
Similarly, [Naik et al. 2023] conducted a detailed review on the use of deep learning (DL)
techniques in code refactoring, analyzing 17 studies published between 2016 and 2022.
The objective was to discover which DL techniques are applied in refactoring, evaluate
the performance of these approaches, and identify the limitations and challenges faced in
the area.



[Aniche et al. 2020] conducted a large-scale empirical study on 11,149 projects
to verify the effectiveness of machine learning algorithms in predicting refactoring re-
commendations. The authors found that supervised algorithms are effective in predicting
refactorings, and the results indicate that the resulting models achieved accuracy above
90%. Similarly, [Nyamawe 2022] used machine learning with commit history to predict
refactorings. The authors implemented a binary classifier to predict the need for refac-
torings and a multi-label classifier to recommend refactoring. The results suggest that
leveraging commit messages significantly improved the accuracy of refactoring recom-
mendations.

[Ferreira et al. 2023] proposed a definition to order dependencies between refac-
torings and developed an algorithm to detect these relationships, using a vast dataset with
1,457,873 refactorings recommended in 9,595 open source projects. The authors classi-
fied refactorings into trivial and non-trivial graphs, representing collections of operations
with their respective application dependencies

Based on the results found in the literature review on refactoring, it is possible
to identify some deficiencies and needs for this area, such as: (i) conducting studies that
develop new automated solutions involving refactoring activities; (ii) conducting more
studies with refactoring activities commonly used in the industry; and (iii) conducting
studies addressing machine learning as a solution to code design problems. Therefore,
and knowing the importance of filling these gaps, this work proposes to explore a semi-
automated solution to classify the refactorings most used by developers, covering those
involved in the industry and based on models trained by supervised learning algorithms.

Overall, the papers make significant contributions to understanding the refactoring
activity and its impact on software quality, in addition to emphasizing the development of
automated solutions to detect and apply these operations. One of the approaches that has
received considerable attention from researchers is the use of machine learning to support
refactoring. In view of this, this paper proposes a solution for refactoring activity based
on machine learning to identify the triviality of refactorings. This approach also inclu-
des validation by experts and developers in the area of software engineering, allowing a
combination of automatic predictions and specialized human knowledge.

3. Methodology

This work aims to identify the relationship between trivial and non-trivial refactorings and
propose a metric that evaluates the triviality of implementing a refactoring. To this end,
we conducted two secondary studies with the purpose of answering the proposed research
questions. The following are the sub-questions formulated for each study, as well as the
methodology used in their conduct:

3.1. Study 1: On the effectiveness of trivial refactorings in predicting non-trivial
refactorings

The study aims to investigate how trivial refactorings affect the prediction of non-trivial
refactorings. In this step, we combined different types of refactorings in different contexts
to investigate the influence caused by supervised learning algorithms on the classification
problem. We describe our research questions (RQs) as follows:



* RQ;: What is the performance of ML algorithms to predict trivial and non-trivial
refactorings?

* RQy: How effective is the inclusion of trivial refactorings to predict non-trivial
refactorings?

* RQj3: How effective are data balancing techniques in the prediction of trivial and
non-trivial refactorings?

* RQy: Can the best models be carried over to different contexts?

To answer our research questions, we designed and followed a structured metho-
dology composed of five sequential steps.

Step 1: Selection and analysis of open source systems. The first step consis-
ted of selecting a set of open-source software systems. For this, we have built three sets
of data. For the first dataset, we selected 884 engineering software projects from dif-
ferent authors. The second dataset (D2) is composed of 207 projects from the Apache
ecosystem. Finally, the third dataset (D3) is composed of 200 projects from the Eclipse
ecosystem.

Step 2: Detect refactoring opportunities and features mining. In this step,
we have extracted the data about refactorings and code metrics (used as features) for all
selected projects. To this end, we have performed three key activities: (1) extracting
code refactorings; (2) tracking the modified files before and after refactorings, and (3)
extracting code metrics to be used as features. We detailed each step as follows.

Step 3: Context Selection. In this step, with the datasets defined (D1, D2 and
D3), we separate and combine each dataset by type of refactoring (trivial and non-trivial)
and state of refactoring (before and after the activity occurred). Each separation and
combination in this study we call context. Furthermore, we subdivide each context into
two classes depending on the type and state of the refactoring. In this study, we call one
class 0 and the other 1.

Step 4: Training and testing the models; In this step, we used the datasets
constructed by the combinations C1, C2 and C3 created in the previous step to predict
refactorings. All contexts have been tested, with some changes to the processing pipeline.
Thus, the data from each dataset was split into two datasets: 80% for the training set (used
to train the model) and 20% for the test set (used to validate and test the model). The
trained models formed binary classifiers based on supervised ML algorithms: Random
Forest, Decision Tree, Logistic Regression, Naive Bayes, and Neural Network.

Step 5: Evaluation Results. We describe each step as follows. Finally, we
calculate accuracy, precision, recall, F1 score, and area under the curve metrics to evaluate
trained models and compare the results by context. We decided to use the mean as we
needed a value to represent the data.

This five-step methodology provided a systematic and reproducible framework for
how trivial refactorings affect the prediction of non-trivial refactorings across different
software ecosystems.



3.2. Study 2: Towards an effective refactoring triviality index: a machine learning
approach from a developer’s perspective

The second study aim to: analyze and propose an index that evaluates the triviality of
refactoring; with the purpose of identify the degree of difficulty of its implementation;
in relation to the aspects of complexity, speed, and risk; from the point of view of
software developers; in the context of refactoring operations. We detail each RQs as
follows:

* RQ:: Which code metrics are considered most relevant by developers to deter-
mine the triviality of a refactoring operation?

* RQy: How do different ML techniques behave in predicting the code refactorings
triviality index?

* RQs: What is the impact of prioritizing features ranked by developers on the
effectiveness of triviality index prediction models?

* RQy: To what extent is the proposed triviality index aligned with the developers’
perception regarding the triviality of applying refactorings?

To answer our research questions, we designed and followed a structured metho-
dology composed of five sequential steps.

Step 1: Selection and analysis of open-source systems. The first step of this
study consisted of the selection and analysis of open-source systems. We selected datasets
that met the following criteria: (1) systems implemented in Java and open source since they
are supported by the tool adopted for the extraction of refactorings; (ii) systems that Git
must version, necessary for the feature extraction tool; and, (iii) have a significant volume
of refactoring operations to facilitate the training of ML algorithms.

Step 2: Detecting refactoring opportunities and mining features. In this step,
we extracted data on refactorings and code metrics (used in this study as features) for
all selected projects. To do so, we performed three main activities: (1) extracting code
refactorings; (2) tracking modified files before and after refactoring; and (3) extracting
code metrics to be used as features.

Step 3: Developers’ perception of the most relevant metrics. In conducting
this study, we sought to understand which metrics developers consider most relevant in
code refactoring activities.

Step 4: Applying supervised learning to predict refactoring triviality. Next,
to better explain the machine learning process, we present the activities of data prepro-
cessing, feature engineering, data normalization, data balancing, model training and eva-
luation. We must highlight that we added the refactoring operations that each commit
received in the dataset.

Step 5: Evaluation of agreement between experts and predictive models. In
this step, we calculated the MSE, RMSE, MAE, MAPE and adjusted R? metrics to evalu-
ate the trained models [Kuhn and Johnson 2013, James et al. 2023], comparing the results
between algorithms and databases, both with and without prioritization of features by de-
velopers. In addition, we sought to identify the agreement of the solution with developers
in the code refactoring activity.



These five steps allowed us to achieve our goal of proposing and evaluating a
refactoring triviality index from a developer’s perspective. By combining feature mi-
ning, developer insights, and machine learning techniques, we were able to analyze the
relevance of code metrics, evaluate predictive performance, and examine the alignment
between model outputs and experts.

4. Results of Study 1: On the effectiveness of trivial refactorings in predicting
non-trivial refactorings

In this section, we describe our results. We present an overview of calculating metrics for
the contexts mentioned in Table 1. The choice of AUC and F1-score metrics is supported
by the need to comprehensively assess the performance of machine learning models in
classification tasks.

We combined several datasets and evaluated the performance of the ML algorithm
in predicting trivial refactorings (present in all contexts). Table 1 presents the performance
of each ML algorithm by ML metric and context specified in this study. In summary, our
findings indicate that the Random Forest and Decision Tree algorithms are the most
effective. However, regarding the AUC metric, the Neural Network created the best
classifier. Furthermore, using a balancing technique, either through undersampling or
oversampling of the data, did not significantly improve the results.

Tabela 1. Results of the different ML models after trained and tested

None Under Over

Alg M Co Cl1 Cc2 C3 M Co Cl1 Cc2 C3 M Cco Cl1 Cc2 C3

acc 052 052 058 088 acc 052 084 058 086 acc 053 085 0.58 0.88
pre 053 053 059 [090 pre 053 086 060 087 pre 053 086 0.60 0.89
Decision rec 0.51 048 058 1093 | rec 045 083 050 0.85 rec 044 0.83 0.50 0.87
fi 052 051 058 (091 f1 048 084 054 08 f1 048 0.84 055 0.88
auc 052 052 058 085 auc 052 084 058 0.86 auc 053 0.85 0.58 0.88
acc 050 052 051 081 ace 050 061 050 060 acc 050 0.61 0.50 0.61
pre 050 060 051 081 pre 050 059 050 058 pre 050 059 050 0.59
Logistic rec [0.93 1 0.82 7092 097  rec 049 071 036 071 rec 048 067 044 0.74
fi 065 069 065 08 f1 049 065 042 064 f1 049 063 047 0.65
auc 0.50 0.61 050 054 auc 050 0.61 050 060 auc 0.50 0.61 0.50 0.61
acc 049 049 049 068 acc 050 052 050 052 ace 049 052 050 0.52
pre 050 050 052 070 pre 050 051 050 051 pre 049 051 050 0.51
Navie rec 0.07 0.12 006 095 rec 0.06 [ 093 0.08 [0.92 rec 0.06 [0.93 0.08 | 0.92
f1 012 020 0.11 080 f1 011 066 0.14 065 f1 011 066 0.14 0.66
auc 049 050 050 051 auwe 050 052 050 052 aue 049 052 050 052
acc 050 076 050 082 acec 050 0.76 051 075 ace 049 076 052 0.82
pre 050 074 074 081 pre 050 074 052 073 pre 049 073 078 0.80
Neural rec [ 097 082 050 [ 095 rec [ 097 078 028 0.80 rec 095 0.82 0.06 0.81
fl. 066 078 060 087 f1 066 076 036 076 f1 065 078 0.11 0.82
auc 050 0.85 051 086 auc 050 0.85 051 084 auc 051 0.86 0.51 091
acc 053 084 058 088 acc 053 084 058 085 acec 053 084 058 0.88
pre 054 086 059 089 pre 054 086 060 086 pre 054 086 059 0.89
Random rec 055 084 061 [ 094 rec 050 082 052 084 rec 049 083 055 0.86
fi 054 085 060 (091 f1 052 084 056 085 f1 051 084 057 0.87
auc 053 0.84 058 084 auc 053 0.84 058 085 auc 053 0.84 058 0.88

In addition, we performed several combinations of trivial and non-trivial refac-
torings, in which each combination corresponds to a context in our study. In total, four
different contexts were created. Additionally, two balancing techniques were applied to
each of them. The first context (CO0) is the unique context in which trivial refactorings
are not present in any of the classes. We compared the results obtained in other contexts



with CO to evaluate the effectiveness of including trivial refactorings. By looking at Ta-
ble 1, we can see that the values obtained in C0 are recurrently smaller than C1, C2, and
C3 even in the set of unbalanced data. To compare the performance of the classification
models, we used the values of the metrics F1-Score and AUC.

Our findings indicate that trivial refactoring operations can impact the result of
predicting new refactorings, which can be positive or negative. In the first case, an in-
crease in accuracy was observed when partially combining the trivial refactorings in the
C1 and C3 contexts, compared to the context without trivial refactorings (C0). In the
second case, when combining all trivial and non-trivial refactorings and separating them
into before and after refactoring, some cases did not show significant values and even
worsened the indices. Therefore, trivial refactorings can improve the models’ prediction
by choosing the appropriate configuration.

Furthermore, to improve the performance between the models and reduce the ou-
tliers between classes, we have evaluated the Effectiveness of two well-known data balan-
cing techniques: Random Under Sampler and Oversampling with SMOTE. In summary,
the data balancing techniques’ results varied in the different models, both by context and
algorithm. In some cases, a complete rejection of the technique was observed since the
use of the technique did not result in improvements or at least maintained the original
results. All outliers are presented with a gray highlight in Table 2.

Tabela 2. Performance of algorithms in the contexts with balancing techniques

CO Cl C2 C3
Alg under over under over under over under over
0.00 0.01 0.32 0.33 0.00 -0.02 -0.02 0.00
0.00 0.00 0.33 0.33 0.01 -0.03 -0.03 -0.01
decision -0.06 -0.07 0.35 0.35 -0.08 -0.08 -0.08 -0.06
-0.04 -0.04 0.33 0.33 -0.04 -0.03 -0.05 -0.03
0.00 0.01 0.32 0.33 0.00 0.00 0.01 0.03
0.00 0.00 0.09 0.09 -0.01 -0.01 -0.21 -0.20
0.00 0.00 -0.01 -0.01 -0.01 -0.01 -0.23 -0.22
logistic -0.44 -0.45 -0.11 -0.15  [EOBENE048 -0.26 -0.23
-0.16 -0.16 -0.04 -0.06 -0.23 -0.18 -0.18 -0.17
0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.07
0.01 0.00 0.03 0.03 0.01 0.01 -0.16 -0.16
0.00 -0.01 0.01 0.01 -0.02 -0.02 -0.19 -0.19
navie -0.01 -0.01 OB IoRI. 0.02 0.02 -0.03 -0.03
-0.01 -0.01 0.46 0.46 0.03 0.03 -0.15 -0.14
0.01 0.00 0.02 0.02 0.00 0.00 0.01 0.01
0.00 -0.01 0.00 0.00 0.01 0.02 -0.07 0.00
0.00 -0.01 0.00 -0.01 -0.22 0.04 -0.08 -0.01
neural 0.00 -0.02 -0.04 0.00 -0.22 -0.44 -0.15 -0.14
0.00 -0.01 -0.02 0.00 -0.24 -0.49 -0.11 -0.05
0.00 0.01 0.00 0.01 0.00 0.00 -0.02 0.05
0.00 0.00 0.00 0.00 0.00 0.00 -0.03 0.00
0.00 0.00 0.00 0.00 0.01 0.00 -0.03 0.00
random -0.05 -0.06 -0.02 -0.01 -0.09 -0.06 -0.10 -0.08
-0.02 -0.03 -0.01 -0.01 -0.04 -0.03 -0.06 -0.04
0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.04

We evaluated the best models obtained in C3 context with the base dataset with
respect to datasets with different named data domains (D2 and D3). These other datasets
were configured in the same C3 context, trained, and evaluated. Next, we evaluate the
performance of the model in terms of predicting refactorings, we also compared it with
the models trained using the base dataset. In general, the generalization of the models
trained with the base dataset was positive. Although refactoring data was extracted from



multiple projects, the models were able to identify refactorings based on code attributes
and metrics, regardless of the data domain. Results can be seen in the Table 3.

Tabela 3. Performance of generalization in the best context

None Under Over
Alg D1.D2 D1.D3 D1.D2 D1.D3 D1.D2 D1.D3

-0.03 -0.03 -0.04 -0.06 -0.02 -0.03

-0.03 -0.02 -0.04 -0.06 -0.02 -0.03

decision -0.01 -0.01 -0.03 -0.06 -0.02 -0.03
-0.02 -0.02 -0.03 -0.06 -0.02 -0.03

-0.03 -0.05 -0.04 -0.06 -0.02 -0.03

0.00 0.00 0.00 -0.01 -0.01 0.00

0.00 0.00 0.00 0.01 -0.02 -0.01

logistic 0.01 0.00 -0.01 -0.05 0.00 0.02
0.01 0.00 -0.01 -0.02 0.03 0.00

0.00 0.00 0.00 -0.01 -0.01 0.00

0.01 0.00 0.00 0.00 0.00 0.00

0.00 -0.01 0.00 0.00 0.00 0.00

navie 0.00 0.00 0.00 0.00 -0.01 -0.01
0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.00

-0.26 -0.15 -0.28 -0.33 -0.31

-0.22 -0.10 -0.28 -0.31 -0.31

neural -0.08 -0.06 -0.18 036 -0.31
-0.17 -0.08 -0.27 -0.23 -0.33 -0.31

- o 03 040 036 04 040

-0.03 -0.03 0.07 -0.05 -0.02 -0.02

-0.03 -0.03 -0.04 -0.06 -0.02 -0.03

random -0.01 0.00 -0.02 -0.04 -0.02 -0.02
-0.02 -0.02 -0.03 -0.05 -0.02 -0.03

-0.02 -0.05 -0.03 -0.05 -0.02 -0.02

Main Findings

¢ ML with tree-based models such as Random Forest, Decision Tree, and Neu-
ral network performed very well when trained with code metrics to detect
refactoring opportunities.

» Separating trivial and non-trivial refactorings into different classes still results
in a more efficient model, even on different datasets.

» Using balancing techniques that increase or decrease samples may not be the
best strategy to improve models trained by datasets composed of code metrics
and configured according to our study.

* We understand that a possible explanation for the performance improvements
when “trivial refactorings”are included is that the ML models have increased
knowledge of what is not non-trivial refactoring, thus improving their predic-
tion.

5. Results of Study 2

We considered the developers’ opinions on code metrics. We also evaluated the key results
by analyzing the average ratings for each metric, as well as the significant differences
between the two groups of developers. Table 4 presents an overview of the evaluations
of different code metrics conducted by both internal and external developers, with scores
ranging from 1 to 5 on the Likert scale [Likert 1932] of perceived importance.



Tabela 4. Developer perspectives on the importance of code metrics

METRICS Internal Dev  External Dev. = AVERAGE
Issues of Security 4.00 4.80 4.40
CBO 4.00 4.60 4.30
Issues of Error Proneness 4.00 4.00 4.00
Quantity of Fields 4.00 4.00 4.00
LCOM 3.60 4.30 3.95
Max Nested Blocks 3.80 4.10 3.95
Issues of Design 3.20 4.40 3.80
Quantity of Loops 3.00 4.60 3.80
Issues of Performance 3.20 4.30 3.75
Usage of Each Field 3.40 4.10 3.75
Usage of Each Variable 3.40 4.10 3.75
Issues of Best Pratices 3.20 4.20 3.70
Quantity of Comparisons 3.20 4.20 3.70
Issues of Multithreading 3.20 4.10 3.65
FAN-IN 3.00 4.20 3.60
TCC 3.40 3.80 3.60
NOC 3.20 3.90 3.55
Number of Visible Method 3.40 3.70 3.55
FAN-OUT 3.00 4.00 3.50
DIT 2.80 420 3.50
WMC 3.40 3.60 3.50
LCC 3.00 4.00 3.50
FOC7 3.60 3.40 3.50
Quantity of Try/Catches 3.00 4.00 3.50
Number of Method 3.00 3.80 3.40
FOC14 3.40 3.20 3.30
Quantity of Variables 3.00 3.60 3.30
Quantity Method Invocations 2.40 4.10 3.25
FOC21 3.20 3.20 3.20
Quantity of Anonymous Classes 2.60 3.70 3.15
LOCC 2.80 3.40 3.10
FOC28 3.00 3.10 3.05
Lambda Expressions 2.40 3.60 3.00
Quantity of Returns 2.20 3.60 2.90
Quantity of Parenthesized Expressions 2.20 3.60 2.90
Path of Class 2.40 3.40 2.90
RFC 2.40 3.30 2.85
Inner Classes 1.80 3.80 2.80
Number of Log Statements 2.00 3.50 2.75
String Literals 2.00 3.40 2.70
File Type 2.20 3.10 2.65
Quantity of Modifiers 2.20 3.10 2.65
Quantity of Math Operations 1.80 3.50 2.65
Number of Unique Words 2.00 3.10 2.55
Quantity of Number 1.80 3.20 2.50
NOSI 1.60 3.00 2.30

In summary, our findings indicate that external developers tend to place higher
value on code metrics related to structural complexity, best practices, performance, and
security. They generally provided more positive ratings across most metrics, which may
reflect a heightened level of caution or a more critical perspective on code quality. In con-
trast, internal developers appeared more conservative in their evaluations, possibly due
to their familiarity with the code assessed in the study. These differences suggest that
perceptions of the need for refactoring can vary significantly based on a developer’s expe-
rience and context. Additionally, developers emphasize the importance of agile practices,
an adaptable and continuous approach to refactoring, and the interdependence between
testing, code complexity, and risk management. In addition, we analyzed all datasets
and assessed the performance of various ML algorithms in predicting the triviality index.
Table 5 provides important insights into the average performance of different ML algo-



rithms across different metrics and configurations used in this study. The values in the
table are highlighted on a grayscale, where the intensity of the color increases as values
approach the highest and lowest extremes. The average analysis of performance metrics
offers an overview of the strengths and limitations of each model, highlighting those that
are effective for predicting the triviality index of code refactorings in the context of our
study.

Tabela 5. Table of machine learning model results

APACHE ECLIPSE RANDOM

Model Metric DEV ALL DEV ALL DEV ALL AVG
mse 0.0033 0.0023 0.0032 0.0020 = 0.0032 0.0019 0.0027
rmse  0.0577 0.0475 | 0.0566 0.0451 0.0564 0.0436 0.0512
mae 0.0297 0.0187 0.0255 0.0182 = 0.0273 0.0209 0.0234

LincarRegression \ ne 54001 33257 44645 34268 43312 37205 41115
2 08369 0881 08528 0.8999 0.8792 09202 0.8792
2a 08359 08810 08547 08918 0.8596 0.8745 0.8663
mse  0.0033 0.0023 00032 0.0020  0.0032 0.0019 0.0027
rmse  0.0577 0.0475 00566 0.0451 0.0565 0.0434 0.0511
Ridge mae  0.0296 0.0187 00254 00181 0.0265 0.0203 0.0231
mape 53791 33214 44495 34193 41952 3.5737 4.0564
2 08373 08861 08529 0.8999 08785 09207 0.8792
2a 08360 0.8810 0.8547 08917 08592 0.8741 0.8661
mse 0.0037 0.0033
rmse 0.0611 0.0571
ElasticNet mae
mape
2
r2a
mse 0.0025 0.0012
rmse 0.0502 0.0350
DecisionTree mae 00167 00140 0.0179 0.0129
mape  2.7332 24028 2.8854 @ 2.1549
2 08768 09050 0.8670 0.9082
22 0.8825 09057 0.8716 0.9098
mse  0.0022 | 0.0015 0.0024 0.0017
rmse  0.0467 0.0393 0.0494 0.0411
RandomFores M2 00170 10,0124 00183 00135
mape 27654 2.0721 3.0298 22836
2 08934 09219 0.8873 09168
2a 08983 09222 0.8896 09190
mse  0.0021 0.0016 0.0024 0.0017
rmse  0.0462 0.0394 0.0490 0.0409
GradientBoosting ™ 00180 100130 00191 00144
mape  3.0005 22104 3.1916 2.4536
2 08955 09216 0.8893 09177
2a 08988 09221 0.8902 09183
mse  0.0022  0.0015 0.0024 0.0017
rmse  0.0464 0.0390 0.0490 0.0411
mae 00188 0.0135 00199 0.0145
XGBoost

mape  3.1591 23081 3.1945 2.4680
r2 0.8946  0.9231 0.8901 0.9169
r2a 0.8984 0.9236 0.8950 0.9172

In summary, our results indicate that these models achieved the lowest mean squa-
red error (MSE) values, averaging around 0.0016 for Random Forest, Gradient Boosting,
and XGBoost, compared to 0.0019 for Decision Tree, indicating high prediction accuracy.
The root mean squared error (RMSE) was similarly low, with average values of 0.0384
for Gradient Boosting and 0.0386 for Random Forest and XGBoost. Moreover, the mean
absolute errors (MAE) were lower for these models, approximately 0.0125 for Random
Forest and 0.0132 for Gradient Boosting. Regarding the mean absolute percentage error
(MAPE), these models recorded average values of 2.0474% for the Random Forest and



2.0841% for the Decision Tree, underscoring their superior performance with minimal
percentage deviation.

The results indicate that tree-based and ensemble models, particularly Random
Forest, Gradient Boosting, and XGBoost, are the most effective for predicting the tri-
viality index of code refactorings in the context of our study. These models not only
achieved the lowest error metrics but also exhibited strong explanatory power, effecti-
vely capturing data variability. In contrast, Elastic Net was less effective, suggesting that
it may not be the optimal choice for the data types and issues addressed in this study.
Furthermore, we compared the performance of ML models configured with features prio-
ritized by developers (DEV) against those using all collected features (ALL). We assessed
how these approaches influence the prediction of the triviality index for code refactorings.
The analysis of the data reveals that the difference between using all features (ALL) and
only the prioritized features (DEV) provides insights into the effectiveness of feature pri-
oritization. Overall, the results show that using all features (ALL) often resulted in better
model performance, as evidenced by reduced error metrics such as MSE, RMSE, MAE,
and MAPE, as well as an increase in the R? and adjusted R? coefficients.

Finally, we collected feedback from developers with experience in refactoring by
asking questions that covered various areas: developers’ profiles (such as age, gender,
country, and education level), their experiences with software refactoring, and their eva-
luations of complexity, speed, and risk in various refactoring scenarios. We rely on the
Likert scale to measure the perceived difficulty of performing operations based on these
aspects, ranging from very difficult (1) to very easy (5).

The results indicate that 43.7% of developers who participated in the survey have
over 7 years of experience in software development, indicating a high level of seniority.
Many hold positions as backend or full-stack developers, equivalent to 56.2%. Additi-
onally, a significant portion of the participants(93.7%) have experience in the software
development process related to refactoring and have worked directly with it. This is sup-
ported by responses indicating that many developers regularly engage in refactoring as a
common practice in their work. Regarding age distribution, more than 62% of the develo-
pers are between 25 and 34 years old, followed by a smaller group of younger developers
aged 18 to 24. This indicates that the sample primarily consists of professionals in an
intermediate stage of their careers.

These findings suggest that continuous refactoring practice may not be critically
important for perceptions of complexity and speed, but it does have a subtle impact on the
perception of risk. Additionally, there is alignment between the perceptions of the expert
developer groups and the predictive models presented in this study. This indicates that
the triviality index is effectively aligned with developers’ perceptions, positioning it as a
reliable proposal for implementation in automated refactoring solutions for developers.

Main Findings

* The most important aspects, based on our analysis of developers’ opinions and
the distribution of metrics, were risk and complexity, followed by speed. This
suggests that simpler and faster refactorings with lower risk are more likely to
be implemented;




* Our machine learning models configured with all available features performed
significantly better than those using only the features prioritized by develo-
pers;

e Unlike linear models, ensemble models such as Random Forest and Gradi-
ent Boosting demonstrated higher performance and efficiency, regardless of
whether they used all features or just those prioritized by developers. These
models were less impacted by feature selection, maintaining stable and effec-
tive performance even with a reduced set of variables; and

* The proposed triviality index metric proved to be effective and aligns well
with developers’ perceptions, making it a reliable solution for implementation
in automated refactoring tools.

6. Discussion

The main objective of this work was to identify the relationship between trivial and non-
trivial refactorings, in addition to proposing a metric that evaluates the triviality of re-
factoring implementation. To this end, a study was initially conducted to investigate the
impact of trivial refactorings on the prediction of non-trivial refactorings. Next, a study
was conducted that proposes an index that evaluates refactoring triviality to identify the
degree of difficulty of its implementation concerning the aspects of complexity, speed and
risk from the point of view of software developers.

The results revealed that algorithms such as Random Forest, Decision Tree, and
Neural Network performed better when trained with code metrics to identify refactoring
opportunities. In addition, we realize that separating trivial and non-trivial refactorings
into different classes results in more efficient models, even when applied to different da-
tasets. One of the main contributions of this work is the proposal of a metric called the
Triviality Index. We designed this index to evaluate the triviality of implementing refac-
torings, which can assess the degree of difficulty of implementation based on complexity,
speed, and risk.

The practical implications of our study are significant for software engineering.
Using predictive models that are both highly effective and aligned with developers’ per-
ceptions makes refactoring decisions more reliable and accurate. Furthermore, this study
is useful for software engineering tool developers who can use these models to improve
refactoring suggestions. It also allows researchers to optimize code refactoring by incre-
asing the efficiency of the technique through the methodology used.

7. Conclusion and Future Work

In this work, we presented two empirical studies. The first investigated how trivial re-
factorings can affect the prediction of non-trivial refactorings, considering code attributes
and metrics. The second study proposed a metric based on ML through the regression
problem to evaluate the triviality of implementing a refactoring based on the aspects of
complexity, speed and risk. The study investigated how the prioritization of the features
considered most important by developers affects the effectiveness of ML models in pre-
dicting the triviality index. In addition, we verified the alignment of perceptions between
groups of developers with experience in refactoring and predictive models.



We identify the relationship between trivial and non-trivial refactorings and pro-
pose a metric that evaluates the triviality of refactoring implementation. The triviality
index is an important metric for developers, as it can influence the decision of whether
or not to implement a refactoring. In particular, we conduct empirical studies to explore
the triviality of refactoring implementation. In fact, there is a growing need for reliable
automated tools that can help developers evaluate the implementation of refactoring.

For future research, we recommend: (i) to develop an automated tool that cal-
culates this metric during software development; (ii) investigation of triviality aspects in
different software companies and domains; (ii1) exploring differentiated weights in the tri-
viality index; and (iv) integrating with Large Language Models for Enhanced Refactoring
Prediction can improve the accuracy and interpretability of refactoring triviality indices.
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