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Abstract: Estimating software costs is a vital step in guaranteeing the successful completion of a software project.
Given the significant impact of Functional Size (FS) measurement on obtaining accurate estimates for enhancement
and development projects efforts, this study aims to investigate the use of FS as the key independent variable for
predicting software project development costs. This is accomplished by utilizing ensemble models. The dataset
used in this study came from the International Software Benchmarking Standards Group (ISBSG) repository. This
research compares various single Machine Learning (ML) models and ensemble models learning using Grid Search
(GS) tuning techniques to demonstrate the efficacy of our approach. Using the FS of a new development request, the
following observations were made: (i) The suggested Stacking Software Development Cost Estimation (StackSDCE)
model outperformed the three distinct ML algorithms applied independently. (ii) The application of GS for fine-tuning
and configuring the individual ML methods led to improved precision of the StackSDCE outcomes. (iii) StackSDCE-

based GS tuning resulted in more precise estimations.

Keywords: software development cost estimation; functional size; machine learning techniques; grid search tuning
technique; stacking ensemble model

1. Introduction

This paper expands upon the conclusions derived from a previous research study [1], which focused on enhancing
data quality to achieve heightened accuracy in regression test effort estimation. The previous work gave fundamental
insights into the significance of numerous parameters influencing test effort estimation, with a particular emphasis
on the crucial function of Functional Size (FS). The findings highlighted FS as a critical driver for improving the
accuracy of test effort estimating models. Building on this foundation, the current study aims to expand the use of
FS as a key factor, moving from its effect on accuracy test effort estimation to its use as an independent variable for
development cost estimation. Using the FS, our objective is to elevate the precision of Software Development Cost
Estimation (SDCE) models, thereby facilitating more effective project planning and resource allocation in software
development endeavors.

Software cost estimation is defined as a critical step of project management, having profound implications for
project success [2]. The accuracy of these estimations has a significant impact on project execution, allowing
project managers to predict the resources needed to complete activities within certain schedules and
specifications [2]. However, the field of software project estimation is challenging, with overestimation and
underestimation being primary concerns.  Overestimation poses the risk of financial loss and resource
underutilization, while underestimation may precipitate project delays, non-compliance with specifications, or even
project failure [2]. According to the CHAOS Report 2015, a statistics 56% of projects exceeded their allocated
budgets, 60% missed their specified deadlines, and 44% failed to meet their predefined objectives [2]. To address
these issues, improving data quality as the initial step in the estimation process is beneficial.

Cost prediction holds paramount importance for every business as it serves as a precursor for establishing

budgetary figures and allocating resources throughout the project life cycle [3, 4]. Acquiring input data for the cost
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estimation process can be challenging, particularly when the scope of work is uncertain, potentially resulting in
imprecise and rough estimates. The greater the clarity regarding the project scope, the higher the likelihood of
producing more accurate estimates, as it allows for a more detailed definition of project specifications.

In recent years, the ensemble learning method has been one of the widely adopted methods in improving the
accuracy of software cost/effort estimation [5]. The ensemble learning method combines multiple diverse base models
to create the most suitable prediction model [5].

This study investigates the process of estimating the costs involved in software development and evaluates the
effectiveness of different models in producing accurate estimations. Specifically, three diverse machine learning (ML)
techniques - Neural Networks (NN), Support Vector Regression (SVR), and Decision Tree (DT)—were employed to
build StackSDCE models. These methods were chosen for their proven accuracy in predicting the cost/effort required
in the Software Development Life Cycle (SDLC) [6, 7, 8, 9, 10, 11].

The models were trained and tested using a dataset from the International Software Benchmarking Standards
Group (ISBSG) repository, which encompassed a wide range of functional sizes measured in function points.
Functional size measurement is crucial as it significantly influences cost/effort prediction in software projects [9].
Additionally, existing research suggests that the size of functional change requests, particularly enhancements,
should serve as the primary independent variable in StackSDCE models [9].

The objectives of this study are as follows:

* Examine the impact of functional size on SDCE.
e Apply the Grid Search (GS) Tuning techniques for tuning the hyperparameters of the three selected ML
techniques.

* Implement an ensemble model for constructing a cost development estimation model.

These objectives underscore the comprehensive approach adopted in this study, which aims to explore the
relationship between functional size and SDCE while employing advanced tuning techniques and ensemble
modeling to enhance the accuracy of cost estimation.

The remainder of the paper is organized as follows: Section 2 discusses the context and related work. Section 3
describes our proposed research process methodology. Section 4 presents and examines the findings of the
experiments. Section 5 discusses the concerns about the validity of this study. Section 6 discusses the conclusion
and next work.

2. Background and Literature Review

This section gives an overview of the Stacking Ensemble Model (SEM) and three chosen machine learning
techniques: NN, SVR, and DT, focusing on their application in software development cost/effort estimation.

2.1 Ensemble Learning

In ensemble learning, multiple base models are combined to create a single best-fit prediction model [12]. This
approach has been employed successfully in various supervised and unsupervised learning tasks, including
classification, distance learning, and regression. The three common types of ensemble learning methods are
stacking, boosting, and bagging. For the present study, a stacking-based ensemble learning model was selected for
the following reasons [2, 13, 14]:

¢ A stacking-based ensemble learning model often involves the consideration of various weak learners and
combines at least two different individual methods [12]. These methods are then learned in parallel and
combined by training a meta-learner to deliver predictions based on the multiple predictions of the weak
learners. In contrast, bagging and boosting utilize similar weak learners and combine similar individual
methods [12].

» The stacking model is also referred to a meta-ensemble model [12]. In a meta-ensemble model, a meta-model,
such as an ending estimator, is employed to learn how to combine the base models. In contrast, boosting and
bagging utilize deterministic algorithms to combine weak learners. In a meta-learner, predictions serve as
features, and targets serve as ground truths in the data, enabling the model to learn the optimal way to combine
input predictions for more accurate output predictions [12].

* In a stacking-based ensemble learning model, unlike boosting, each lower-level model is trained in parallel.
The dataset used to train the subsequent model consists of the predictions made by the lower-level models.
This creates a stack where the top layer of the model is more finely tuned than its lower layers. Consequently,
the top-layer model exhibits high predictive precision and is constructed based on the predictions of the



lower-level models. The stack continues to grow until the best prediction with the least amount of errors is
obtained. Therefore, meta-prediction models rely on the predictions of multiple weak or lower model layers
to construct a model with fewer biases [15].

Ensemble learning models have recently attracted attention in the software engineering industry [15, 16].
According to [12], ensemble learning models outperform single-model counterparts. Sakhrawi et al. [16, 17]
concluded that the SEM shows promise in improving the accuracy of single models used for estimating effort in
both conventional and scrum software development. The use of ensemble learning models has increased in both
conventional and agile contexts [18]. Several studies have employed the SEM to estimate effort during the
development and maintenance phases exclusively [16, 17]. This study is unique in its use to enhance the accuracy of
cost prediction during the software development phase while using FS as the primary independent variable.

2.2 Neural Network

NN stand out as a prevalent choice in software cost/effort estimation (SEE) due to their widespread adoption and
effectiveness [19]. They offer a versatile approach that has shown considerable enhancements in accuracy compared
to traditional methods [19].

In this investigation, we employed a fully connected multi-layer neural network, commonly referred to a Multilayer
Perceptron (MLP). The architecture of the MLP comprises several layers of interconnected neurons, encompassing
an input layer, one or more hidden layers, and an output layer. Each neuron in the network receives input signals,
undergoes transformation through an activation function, and transmits the result to neurons in the subsequent layer.
Through an iterative process called backpropagation, the network adjusts the connection weights between neurons
during training to minimize the error between predicted and actual outputs.

2.3 Support Vector Regression

Support Vector Regression (SVR) is an extension of support vector machines, where the decision function
provides a numerical estimate for the dependent variable. It is a promising algorithm as it can overcome local
minima and possesses generalization abilities and sparse representation [20]. According to Vapnik [20], the SVR
algorithm is related to three concepts: (a) solutions obtained from an ideal hyperplane, (b) the complexity of dot

products for non-linear solution surfaces, and (c) soft margins achieved through a set of slack variables [20].

2.4 Decision trees

A Decision Tree (DT) is a binary tree that represents a set of predictor variables used to predict the dependent
variable. A DT consists of nodes, with the topmost node serving as the root and representing all rows in a dataset.
Each node is split into two child nodes using a splitting variable [21]. The main advantage of a DT model is that
it provides non-technical individuals with a comprehensive overview of an issue [22]. Additionally, it is a highly
effective ML method for generating multiple potential outcomes before selecting the best model [23]. The accuracy
of a DT depends on its complexity, which is determined by the depth of the tree, the number of nodes, leaves, and

attributes, all of which are influenced by the stopping criteria and pruning technique employed [21].

3. Research Methodology

Figure 1 depicts the methodology of this research study. This section provides a detailed description of the dataset

collection, the StackSDCE model, and the assessment metrics.

II. Constructing the Stacking ensemble model for
Software development Cost estimation
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Figure 1. Research methodology.



3.1 Collecting Data

The ISBSG dataset contains comprehensive information on completed software projects, including practices,
tools, and methodologies, as well as process and product data. This dataset serves multiple purposes such as
benchmarking, monitoring, quality control, and performance management throughout the software development
process. It is the largest accessible dataset for cost/effort-estimating research and has been extensively used in
various publications. Given our focus on software development cost, we specifically chose data categorized under
“new development” in the “development type” and using the “COSMIC FSM” method in the “count approach”.
Moreover, we exclusively consider data that are selected in our previous work [1]. Table 1 displays the data fields,
the corresponding values selected for this study, the values that were discarded, and the number of projects. After

the preprocessing phase, we opted for a total of seven attributes.

Table 1. First selection of data concerning software projects from the ISBSG dataset

ISBSG Data Field Selected Values Discarded Values Projects
Count Approach COSMIC IFPUG, NESMA, FISMA, etc. 449
development Type New development Enhancement and Redev 374

The ISBSG projects underwent a thorough quality assurance process and preprocessing steps to refine the dataset
for use in our cost estimation model. This involved several actions to ensure data integrity and homogeneity:
* a) We excluded attributes measured after project completion, as they were not relevant to our cost estimation
model.
¢ b) Null records were identified for each attribute, and those with more than 40% null values were excluded.
* ¢) We considered the quality rating provided by ISBSG reviewers and excluded project information rated
higher than grade ‘B’, prioritizing higher-quality data.
¢ d) Records containing null values in numerical attributes were removed to maintain data consistency.
After preprocessing, the filtered ISBSG dataset comprised 374 projects and 82 attributes. The selected attributes,
along with their abbreviations and descriptions, are summarized in Table 2.

Table 2. ISBSG Variables.

ID CODE Attribute Name Description

0 FCE Full Cycle Work Effort Total effort (in hours) recorded against the project.

1-4 CA Count Approach Description of the technique used to size the project.

5 AFP Adjusted Function Points Adjusted function point count adjusted by the Value Adjustment Factor.
6 PET Project Elapsed Time Total elapsed time for the project (in calendar months).

7 1Y Implementation Year Actual year of implementation.

8-11 DTY Development Type Type of development: new development, enhancement, or re-development.
12-23 oT Organisation Type Type of organisation that submitted the project.

24-38 DT Development Technique Techniques used during development.

39-41 FS Functional Sizing Technique Technology to support the functional sizing process.

42-46 DP Development Platform Primary development platform.

47-52 LT Language Type Language type used for the project (e.g., 3GL, 4GL).

53-63 PPL Primary Programming Language Primary programming language used (e.g., Java, C++).

64-72 DBS Database System Primary technology database used.

73-79 RM Recording Method Method used to obtain effort data.

80 RL Resource Level People whose time is included in the work effort data reported.

81 MTS Maximum Team Size Maximum number of people that worked on the project.

82 ATS Average Team Size Average number of people that worked on the project.

3.2 Correlation Inference for Software Development Cost Estimation

Gonzdlez-Ladrén-de-Guevara et al. [24] analyzed SDCE using the ISBSG dataset. They conducted a review of
various studies based on the ISBSG dataset from 2000 to 2013, aiming to identify the ISBSG variables commonly
utilized in estimations and to assess the impact of these variables on the development of cost estimation models. The
researchers identified both dependent and independent variables from a total of 71 ISBSG variables. Among these,
20 variables were frequently employed as independent variables in most studies. Their findings provide valuable
insights for other researchers in the selection of appropriate variables for cost estimation models.

In this section, we use the ISBSG dataset to select the 17 attributes (numerical features) with 16 being independent

variables and one serving as the dependent variable (Development Cost).



The Pearson correlation coefficient heat map is employed to analyze feature subsets (refer to Figure 2). The

primary reason for selecting the Pearson correlation coefficient is its ability to assess all possible combinations of the

specified features.

Correlation Heatmap

Functional Size with COSMIC

Effort

Development Time -

-04
Adjusted Function Points

-02

Maximum Team Size -

- 0.0

Average Team Size

Language Type

Development Cost

Effort

Average Team Size
Language Type
Development Cost

Development Time
Maximum Team Size

Adjusted Function Points

)
=
]
[}
(v}
=
k=
=
o
s}
0
©
c
2
b=
(5]
c
=]
[

Figure 2. Pearson correlation heat map.

The provided correlation heatmap shows the correlation coefficients between the development cost and other

variables in the dataset. Here’s a brief analysis of the results:

Functional Size with COSMIC: This variable has the highest correlation with the development cost among
all the variables, with a correlation coefficient of 0.78. This indicates a strong positive correlation, suggesting

that as the functional size with COSMIC increases, the development cost tends to increase as well.

Effort: The effort also shows a strong positive correlation with the development cost, with a correlation
coefficient of 0.78. This is expected, as higher effort is typically associated with higher costs in software
development projects.

Development Time: The correlation coefficient between development time and development cost is 0.65,
indicating a moderate positive correlation. This suggests that longer development times tend to result in
higher costs.

Adjusted Function Points: This variable has a correlation coefficient of 0.53 with the development cost,
indicating a moderate positive correlation. Adjusted function points are another measure of project size, and
their correlation with development cost reinforces the relationship between project size and cost.

Maximum Team Size and Average Team Size: Both variables show a moderate positive correlation with the
development cost, with correlation coefficients of 0.72 and 0.57 respectively. This suggests that larger team
sizes are associated with higher development costs.

Language Type: The correlation coefficient between language type and development cost is 0.61, indicating
a moderate positive correlation. Different programming languages may require different levels of expertise
and resources, which can impact development costs. Overall, the heatmap provides valuable insights into the
relationships between various project attributes and the development cost. It highlights the importance of
considering factors such as project size, effort, development time, team size, and the choice of programming
language when estimating development costs.



3.3 Constructing the StackSDCE Model

The SEM-building method is based on the idea that properly aggregating weak models can improve overall
performance and accuracy. In our work, we examined two key factors to determine their effectiveness for
developing SEMs. These parameters were defined in sci-kit-learn as follows (see Table 3):
StackingRegressor(estimators, final_estimator=None).

Table 3. Parameters of the SEM.

Parameters Description
Estimators Base estimators that will be stacked together
Final_estimator An estimator used to combine the base estimators

The “final estimator” parameter played a crucial role in determining the meta-model of our study. It was imperative
to identify which models would function as the “estimators” and which would be designated as the “final estimator”
before merging the predictions of the estimators into the selected final estimator to generate estimates.

Given the challenge of selecting an appropriate ML method with the requisite precision for constructing an
estimation model, we opted to utilize NN, SVR, and DT to construct the StackSDCE model. These ML methods
were chosen due to their widespread usage in software cost/effort estimation [19] and their varying levels of
precision across different datasets.

3.3.1 Select estimators and final estimator
Construct models individually

This section discusses the hyperparameter values of the selected ML methods after employing GS tuning
techniques. GS [13, 25] was utilized to fine-tune the three chosen ML methods and enhance their predictive
accuracy by identifying the optimal configuration of hyperparameters through an exhaustive search. A 10-fold
cross-validation method was employed to determine the best configuration in terms of Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE) using the error function. Table 4 lists the best configuration for each
method that yields minimal MAE and RMSE.

Table 4. Parameters of the GS.

ML Technique Parameters

Neural Network “activation”: “sigmoid”,
“batch-size”: 32,
“epochs”: 20,
“Initializer”: “normal”,
“loss™: “mae”,

99, 6

“optimizer”: “rmsprop”

Support vector regression “C”: 1, “gamma”: 0.01, “kernel”: “linear”

Decision trees “max-depth™: 7,
“max-features”: “log2”,
“max-leaf-nodes”: 10,
“min-samples-leaf”: 10,
“min-weight-fraction-leaf”: 0.01,
“splitter”: “best”

Results

Three evaluation criteria (RMSE, R?, and MAE) were utilized to assess the overall performance of the selected
prediction models. The MAE represents the average of the absolute differences between the actual and predicted
cost [26]. It is calculated as follows:

N
MAE = Z i = yil
i=1



where y is the prediction, X is the true value, and N is the total number of projects.

The RMSE is the standard deviation or predicted errors of the residuals. It is calculated as follows:

SN i - 9i)?

RMSE(y. ) = S

where y is the prediction, y is the true value, and N is the total number of projects.
The coeflicient of determination (R2) regression score (sklearn.metrics.r2_score.html), evaluates how much the
variance in the model, which is dependent on the independent variables (y), has been sufficiently explained. It is

calculated as follows:
X0 -9)?
(yi —y)?

Table 5 presents the results of the assessment criteria. The highest R? score observed was 1.0. Figure 3 displays

RZ=1

the accuracy results of the estimators’ predictions. The DT exhibited the highest precision. Therefore, following the
concept of the SEM, the most accurate StackSDCE prediction could be achieved by combining the weak estimators,
SVR and NN, and utilizing the DT as the final estimator.

Table 5. Prediction analysis using the R? score.

Method/Parameters R? Score
Neural Network 0.4
Support Vector Regression 0.3
Decision Tree Regression 0.57

Figure 3 illustrates the (R? score of the selected ML “estimators”. As observed, the DT model outperformed the
NN model and the SVR model.
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Figure 3. R? score.

As depicted in Table 6, error metrics provide valuable insights into the performance of the DT model. After
tuning with GS, the DT model achieved an MAE of 0.0712 and an RMSE of 0.1062. Notably, the optimal MAE and



RMSE scores are both “0”. These metrics offer detailed information regarding the accuracy and precision of the DT
model’s predictions, indicating its effectiveness in estimating software development costs.

Figure 4 presents a comprehensive overview of the error results obtained from the estimators’ predictions. The
visualization provides detailed insights into the performance of each model. Notably, the DT model stands out for
its superior precision compared to other estimators. This observation underscores the significance of employing a
SEM approach, wherein the strengths of individual models are leveraged to enhance overall prediction accuracy. By
combining the weaker estimators, such as SVR and NN, with the robust performance of the DT model as the “final
estimator”, the StackSDCE model can achieve heightened accuracy and reliability in SDCE.
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Figure 4. Prediction Errors for different methods.

Table 6. Prediction evaluation using MAE and RMSE.

Method/Parameters MAE RMSE
NN 0.3548 0.2092
SVR 0.1012 0.1081
DT 0.0712 0.1062

3.3.2 Development and analysis of the StackSDCE model

Based on the insights derived from the detailed examination illustrated in Figure 4, the DT model emerged as the
optimal choice for the final estimator. Following a rigorous tuning process facilitated by GS, the parameters of the

SEM were meticulously refined, as outlined in Table 7.



Table 7. Parameters of the SEM with GS.

The Parameters

estimators=[(Neural Network, SVR)],

final estimator= Decision Tree Regression()
DT “max-depth”: 4,

“max-features”: “log2”,

“max-leaf-nodes”: 10,
“min-samples-leaf”: 10,
“min-weight-fraction-leaf””: 0.01,

“splitter”: “best”

Name of ML Techniques
Stacking model

Table 8 and Figure 5 provide detailed insights into the updated R2 score for all three individual ML methods
and compare them to the SEM. The results indicate that the new StackSDCE model, configured with GS
parameters, exhibited enhanced performance compared to the initial StackSDCE model constructed without GS
tuning. This suggests that the application of GS tuning effectively optimized the model’s parameters, resulting in

improved accuracy and predictive capability in SDCE.
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Table 8. Prediction evaluation using the R2 score.

Method/Parameters R? Score
Neural Network 0.54
Support Vector Regression 0.61
Decision Tree Regression 0.72
Stacking Regressor 0.89

Figure 6 provides a visual representation of the ML “estimators” alongside the average of their predictions. Upon
observation, it is clear that the StackSDCE model exhibits superior performance compared to the individual NN, SVR,
and DT models. This suggests that the ensemble approach effectively leverages the strengths of multiple models to

enhance overall prediction accuracy in SDCE.



R2 Score for Different Regression Methods
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4. Discussion and Comparaison

This study delved into three key challenges aimed at enhancing the accuracy of the SDCE model. Initially, the
ISBSG dataset served as the foundation for training and testing three distinct ML techniques: NN, SVR, and DT, with
the functional change request size serving as the primary independent variable.

A Pearson correlation analysis is conducted to discern the relationships among the various features pertinent to
cost development estimation. Subsequently, GS tuning was employed to meticulously optimize the hyperparameters
of the selected ML techniques. Finally, an SEM was constructed by combining the diverse ML methods, thereby
harnessing their collective strengths for improved predictive performance. Therefore, the functional size of a
development request, as determined by the Functional Size Measurement (FSM) of the International Function Point
Users Group (IFPUG), holds significance as it enhances the precision of the SDCE model. Sakhrawi et al. [1]
reported that, unlike in the field of software enhancement effort estimation, such as total effort estimation, the
Functional Size Measurement (FSM) of the Common Software Measurement International Consortium (COSMIC)
performs better than the FSM of IFPUG.

As illustrated in Figure 1, the construction of the StackSDCE model entails two main stages: (i) selection of
the estimators and the final estimator, and (ii) building the StackSDCE model. During the construction of the first
StackSDCE model, a series of tests were conducted using the three chosen ML methods by iteratively adjusting their
parameter values. These tests revealed that the DT model produced the most precise outcomes, hence it was utilized as
the final estimator. In the construction of the second StackSDCE model, GS was employed to fine-tune the parameters
of the chosen ML methods. Once again, the DT model was selected as the final estimator.

The findings of the constructed models are summarized as follows:

¢ The StackSDCE model, comprising the NN, SVR, and DT models, produced more accurate results than the
three models individually. Employing GS to fine-tune and identify optimal hyperparameters significantly
improves the precision of the StackSDCE model.

* Using FS as a primary independent variable demonstrated superior performance, indicating that utilizing GS
tuning to configure the ML models yields favorable outcomes.

Test results reveal the following insights:

* The Decision Tree (DT) model demonstrates the highest precision, boasting a smaller Mean Absolute Error
(MAE) of 0.07 and a higher R-squared (R2) score of 0.7 in comparison to the SVR and NN models.

* Employing GS to fine-tune and configure the selected ML methods significantly enhances the precision of
the StackSDCE model, resulting in an impressive R-squared (R?) score of 0.8. This performance surpasses

the precision achieved through manual configuration of the chosen ML methods.
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These detailed findings underscore the effectiveness of utilizing an SEM approach, highlighting the importance

of model selection and parameter tuning in optimizing SDCE accuracy.

5. Threats to Validity

While this study employed various evaluation methods for experimental comparison, its scope remains limited,

posing threats to both internal and external validity.

Internal Validity:

Internal validity is primarily concerned with the evaluation method used to assess the proposed Software
Development Cost Estimation (SDCE) model. Limitations in this regard include the size of the dataset, where a
larger number of instances could enhance validity. Additionally, the number and nature of attributes utilized to
construct the StackSDCE model may impact internal validity. Employing feature selection methods could mitigate
this limitation [16, 27].

External Validity:

External validity relates to the generalizability of the study’s results. One threat arises from the exclusive use of
numerical data, potentially limiting the findings. Incorporating both numerical and categorical data types could offer
a more comprehensive understanding of the model’s performance. Another threat pertains to the dataset choice, as
only the ISBSG dataset was utilized. To bolster external validity, future research should explore alternative datasets.
Additionally, the reliance on a single tuning method, GS, poses a threat to external validity. Incorporating other tuning
methods, such as Genetic Algorithms (GAs), could enhance the generalizability of the study’s findings.

6. Conclusions

Accurate software development cost estimates are crucial for effective project management, as they reduce
uncertainty and contribute to project success. In contrast, inaccurate estimates can lead to customer dissatisfaction
and project failure.

The empirical findings of this study are summarized as follows:

* The SEM enhances the accuracy of SDCE.

* GS tuning proves to be an effective technique for improving the accuracy of both individual models and
stacked models. It facilitates the rapid and accurate selection of optimal parameter values.
Several key factors influence the accuracy of SDCE:
* Selection of a new dataset: Recognizing the impact of technology used in software development,
maintenance, and testing on the required cost/effort.
* Choice of independent variable: Functional size emerges as a critical factor in improving the accuracy of
SDCE-based ensemble learning, as demonstrated by multiple studies, including this one.
* Configuration of ML method parameters: GS tuning proves to be an efficient method for quickly and
effectively configuring model parameters.
This study aims to further enhance the accuracy of SDCE by employing more effective ML methods in the future.
Additionally, it strives to develop a decision-making tool that automates the process of SDCE.
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