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ABSTRACT

Software cost estimation is a crucial aspect of software project management, significantly impacting productivity
and planning. This research investigates the impact of various feature selection techniques on software cost
estimation accuracy using the CoCoMo NASA dataset, which comprises data from 93 unique software projects
with 24 attributes. By applying multiple machine learning algorithms alongside three feature selection methods,
this study aims to reduce data redundancy and enhance model accuracy. Our findings reveal that the principal
component analysis (PCA)-based feature selection technique achieved the highest performance, underscoring the
importance of optimal feature selection in improving software cost estimation accuracy. It is demonstrated that
our proposed method outperforms the existing method while achieving the highest precision, accuracy, and recall
rates.
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1 Introduction

Software development is a complex and multifaceted task that involves various aspects that can
affect productivity significantly. Among the stages of software development, estimating and managing
software costs presents the most formidable challenge. This is because the right estimates lead to the
right development [1]. The fields of budgeting, risk analysis, project planning and control, software
enhancement, and investment analysis provide valuable support to project managers when making
decisions that are significantly influenced by software cost and estimation [2]. Overestimating can
result in resource wastage, while underestimating can result in understaffing, overspending, and
late project completion. According to a recent survey, it is estimated that the net worth of the
software industry by the end of the year 2023 will reach 659 billion dollars [3]. However, as can
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be seen from Fig. 1, there are 54% of companies involved in the survey identify that “adapting
to changing client requirements” is the biggest challenge among others, which drastically impacts
their costing and estimation process [4]. The accuracy of predicting development costs significantly
dictates the efficiency of software project management. The machine learning models for software
effort estimation were developed under the premise that project development effort is influenced by
factors like project size (measured in source lines of code), development environment, personnel,
technology, and team experience. These elements, identified as cost drivers, have a pivotal role in
defining the development effort. Consequently, endeavours to predict the development efforts have
been concentrated on creating functions that encompass these cost drivers [5].

Figure 1: The major challenges encountered in industrial software development [4]

Accurate effort estimation in software development projects holds paramount significance for
the successful delivery of the overall solution. Surprisingly, despite its criticality, studies indicate
that substantial advancements in enhancing performance estimation techniques have not been widely
reported, presenting a major challenge within the software industry [6]. There have been numer-
ous software cost-estimating techniques proposed over the past few decades as shown in Fig. 2.
Essentially, these methods are divided into three major groups [7]: (1) Expert judgment: This approach
hinges on human judgment, and estimates are formulated following meticulous analysis of past
software development projects or datasets. (2) Model-Based: In this category, the estimation is
based on a mathematical model. Statistical equations are applied to several software project features
to generate the estimation. The well-known ones include the Function Point Analysis Model and
CoCoMo. (3)Machine learning (ML) techniques: Include at least one modeling technique, which
estimates the cost by taking into account several project features while making no or very few data-
related assumptions. It offers an improved approximation ability to resolve challenging issues.
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Figure 2: Different methodologies for estimating software costs

Currently, machine learning (ML) techniques are more frequently used compared with the other
two aforementioned methods. Artificial Neural Networks (ANN), Case-Based Reasoning (CBR),
classification, and regression trees are some of the methods that have been used in recent years.
It is necessary to enhance the output of ML models to attain higher software cost estimation
(SCE) accuracy. The machine learning-based implementation is flexible to improve the accuracy
using different models with variations of parameters. Essentially, the data undergoes preparation
involving wrangling and feature engineering before being fed into machine learning algorithms, which
significantly contribute to the development of the model. Feature selection, typically employed to
choose informative features, is a widely used technique for enhancing the performance of machine
learning models. In this research, we aim to utilize the CoCoMo dataset. This dataset operates under
the assumption that software development effort correlates with factors including the number of lines
of code, project complexity, team size, and development environment.

CoCoMo is composed of three different models: Basic, Intermediate, and Advanced. The Basic
model is suitable for small, simple projects, while the Intermediate and Advanced models are designed
for larger, more complex projects. CoCoMo has garnered widespread adoption across both industry
and academia, undergoing continual enhancements and updates throughout the years. As a result, it
has evolved into one of the most universally embraced models for estimating software costs.
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The CoCoMo estimates software efforts by considering code size measured by thousands of lines
of code. Eq. (1) is used to calculate the effort basic model of CoCoMo [8].

Effort = a ∗ (
Sizeb

)
(1)

where size is in thousand lines of codes (KLOC), while a and b are constants that can take on different
values by the three modes of organic, semi-detached, and embedded projects.

Commonly, the Intermediate Model uses Eq. (1) to determine the effort. Essentially, it takes the
project characteristics that are represented by the fifteen drivers as shown in Table 1. These driver
values are equivalent to a series of numerical numbers called multipliers. Therefore, the intermediate
model uses the Eq. (2) to calculate efforts.

Table 1: Effort multipliers

V. Low Low Nominal High V. High E. High

RELY 0.75 0.88 1.00 1.15 1.4
DATA 0.94 1.00 1.08 1.16 −1.23
CPLX 0.70 0.85 1.00 1.15 1.3 1.65
TIME 1.00 1.10 1.3 1.66 −1.3 1.66
STOR 1.00 1.06 1.21 1.56 −1.21 1.56
VIRT 0.87 1.00 1.15 1.30 −1.49
TRUN 0.87 1.00 1.07 1.15 −1.32
ACAP 1.46 1.19 1.00 0.86 0.71
AEXP 1.29 1.13 1.00 0.91 0.82
PCAP 1.42 1.17 1.00 0.86 0.70
VEXP 1.21 1.10 1.00 0.9 1.34
LEXP 1.14 1.07 1.00 0.95 1.20
MODP 1.24 1.10 1.00 0.91 0.82
TOOL 1.24 1.10 1.00 0.91 0.83
SCED 1.23 1.08 1.00 1.04 1.10
Note: RELY (Required Software Reliability), DATA (Database Size), CPLX (Product Complexity), TIME (Execution
Time Constraints), STOR (Main Storage Constraints), VIRT (Virtual Machine Volatility), TURN (Computer Turnaround
Time), ACAP (Analyst Capability), PCAP (Programmer Capability), AEXP (Application Experience), VEXP (Virtual
Machine Experience), LEXP (Language Experience), MODP (Modularity), TOOL (Tool Experience and Availability),
SCED (Schedule Constraint).

Effort = a ∗ (
Sizeb

)
xi=1Π

15EMi (2)

where i = 1 to 15 is the outcome of their multiplication, and EMi stands for the 15 efforts multiplier.
It is necessary to specify the size in KLOC. While a and b are constants Values vary across three
different project types: organic, semi-detached, and embedded. It is widely recognized that the
quality of input features plays a substantial role in shaping the outcome of multi-label learning
challenges. Feature selection involves the systematic extraction of a subset from an initial pool of
features, guided by specific selection criteria. This process serves to isolate pertinent features within
a dataset, effectively filtering out extraneous ones. Beyond this filtration, feature selection plays a
crucial role in streamlining data processing by curbing the dimensions under consideration. The
elimination of redundant and immaterial features contributes to a more focused and efficient analysis
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[9]. Machine learning techniques like gradient boosting, random forest, and support vector machines
(SVM) are employed for tasks like regression and classification. These techniques come with a set of
hyperparameters that need to be configured before the algorithms are executed. Unlike the primary
model parameters that are learned during the training process, these secondary tuning parameters
require deliberate optimization to attain the best possible performance [10].

The impact of parameter configurations on the precision of trained Machine Learning algorithms’
value estimations is widely recognized. Consequently, the selection of optimal learning parameter
values becomes imperative in the pursuit of crafting a precise model. However, the quest for these
optimal values is intricate, and the literature has proposed several methodologies to assist in this
endeavour. Notably, techniques such as grid search (GS), particle swarm optimization (PSO), and
genetic algorithm (GA) have emerged as strategies to navigate this challenging terrain [11].

In the scope of our research, the CoCoMo NASA benchmark dataset has served as the foundation
for our investigation. We have meticulously employed four distinct feature selection methodologies,
namely Principal Component Analysis (PCA), Sequential Forward Feature Selection, and Mutual
Information, to discern optimal feature subsets. This meticulous process is instrumental in enhancing
the efficacy of subsequent machine learning models. Moreover, our study delves into a comprehensive
comparative analysis of diverse machine learning algorithms. Specifically, we have evaluated the
performance of renowned models including Random Forest, Decision Tree, Support Vector Classifier
(SVC), Logistic Regression, and Gradient Boosting. Through this rigorous examination, we aim
to discern the strengths and weaknesses of each model concerning the CoCoMo dataset, thereby
offering valuable insights into their applicability and effectiveness within the context of software cost
estimation. Random forest with Mutual information selection achieved the best performance.

The rest of the paper is structured as follows: A synopsis of the related work on this topic is given
in Section 2. The research methodology is described in Section 3, along with an overview of machine
learning techniques, feature selection techniques, and the dataset used in the study. The experiment
findings and analysis are presented in Section 4. Conclusion and further work in Section 5.

2 Literature Review

Many studies have focused on the efficiency of feature selection strategies when using data
mining, statistical, and machine learning algorithms for software cost estimation. In machine learning
applications, feature extraction and selection represent two fundamental stages. During feature extrac-
tion, certain attributes from the given data, which are meant to be informative, are extracted. While
engaging in machine learning, not all of the derived features prove to be constructive in the learning
process. Consequently, feature selection methods play a crucial role in numerous domains including
gene selection, drug design, disease classification, image processing, text mining, handwriting recog-
nition, spoken word recognition, social networks, and several others. Their importance cannot be
overstated [10].

Rahmaninia et al. [12] introduced two innovative feature-based Online Stream Feature (OSF)
methods designed to attain exceptional classification accuracy while maintaining reasonable pro-
cessing time. The assumption is that the features emerge incrementally over time, while the number
of instances remains fixed. In the first method, a prominent subset of features is selected, aiming
for minimal size. Meanwhile, the second method focuses on choosing a set of prominent features
with a constant size of k. These methods incorporate the concept of mutual information to assess
the relevance and redundancy of features, without relying on any learning model. As a result, the
proposed methods fall under the category of filter-based feature selection techniques. For the first
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time, Huang et al. [7] concluded that a data preprocessing (DP) strategy, such as scaling and feature
selection, may considerably affect how well an ML method performs. The efficiency of combining
DP approaches is not examined, and they only analyzed a small number of DP strategies. In a recent
study, Cabral Jose et al. [13] concluded that the study supports the previous review’s conclusion that
machine learning is still the most commonly used method for building software effort estimation (SEE)
models. The study also suggests that ensemble techniques outperform individual models in terms of
performance, which is consistent with previous research. In a recent study [14], authors proposed
that genetic algorithms can help improve the accuracy and efficiency of the estimation process. The
genetic algorithm is used to optimize the weights of the input variables used in the estimation process,
to improve the accuracy of the estimates. It is suggested in a study [15] that a dual approach to
improving software effort estimation. First, they proposed a recursive feature selection approach to
determine the most important features. Second, utilizing the best characteristics found by the first
suggested technique, an ensemble learning model is created by mixing seven distinct machine learning
algorithms. The study’s findings show that both outperform conventional methods for estimating
software effort. Overall, the outcomes produced by the suggested procedures are excellent. In research
[16], authors utilized 14 algorithms that were evaluated on a variety of performance metrics, including
mean absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), and
coefficient of determination (R2). The results of the study showed that the top-performing algorithms
were Random Forest Regression, Gradient Boosting Regression, and Extreme Gradient Boosting
Regression. These algorithms outperformed the other algorithms in terms of all performance metrics
evaluated in the study. Ucar [17] developed a feature selection method in research titled “Classification
Performance-Based Feature Selection Algorithm for Machine Learning: P-Score”. The proposed
method tested the effectiveness of features chosen through the P-Score and then assessed the P-Score’s
performance by comparing it to 13 other feature selection algorithms from existing literature. Based
on their study’s results, the P-Score algorithm is considered a viable technique for machine learning
applications. Chandrashekat et al. [18] suggested selecting relevant features from a large set of available
features is an important step in machine learning. The choice of a feature selection method depends
on the specific problem and the characteristics of the dataset. A comprehensive understanding of
the different feature selection methods can aid in selecting the appropriate method for a particular
problem.

In the study [7], authors conducted an empirical evaluation of the effectiveness of data prepro-
cessing techniques on ML methods in the context of software cost estimation and concluded that
data preprocessing techniques have a significant impact on the final prediction and help in reducing
prediction errors. Some researchers [8] employed feature selection strategies in several datasets to
increase model performance, decrease data redundancy, and improve model accuracy. They used
13 machine learning algorithms, compared the outcomes using five distinct assessment criteria, and
came to the conclusion that feature selection strategies invariably improve prediction model accuracy.
A study [11] focused on enhancing software development effort estimation through the application
of support vector regression and feature selection techniques. This study delves into the realm of
refining software project planning by leveraging advanced regression methods and intelligent feature
selection. By incorporating these techniques, the authors aim to contribute to more accurate and
efficient estimation models, which have the potential to optimize resource allocation and project
management in software development. Kocaguneli et al. [19] described the software effort estimation
data by computing the Euclidean distance between instances and features of the data set, then pruning
similar features and outliers, and finally evaluating the reduced data by contrasting predictions from
a simple learner using the reduced data and a state-of-the-art learner classification and regression tree
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(CART) using all the Performances were assessed using mean and median values for mean relative
error (MRE), mean absolute residual (MAR), prediction error (PRED), mean bias relative error
(MBRE), mean inverse bias relative error (MIBRE), and mean magnitude of error rate (MMER) [20].
The results demonstrate that the trimmed data outperforms the whole set of data.

The Analogy-X solution, developed by BaniMustafa [21], is based on Mantel’s correlation
randomization test. They made use of the relationship between the distance matrix of the project’s
characteristics and the distance matrix of the data set’s known effort values. They used different
datasets to showcase the method, which uses Mantel’s correlation to determine whether an analogy
is appropriate, a step-by-step process for feature selection, and a statistic for sensitivity analysis to
find outlier data points. They conclude that Analogy-X provides a reliable statistical foundation
for analogy, does away with heuristic search, and significantly enhances algorithmic performance.
Boehm [22] provided a method for data mining historical data in his paper. Machine learning
algorithms (Naive Bayes, Logistic Regression, and Random Forest) were applied to a CoCoMo NASA
preprocessed dataset. The models were tested using five-fold cross-validation, and the results were
assessed using Classification, Accuracy, Precision, Recall, and area under the curve (AUC) before
being compared to CoCoMo. He concluded that data mining is appropriate for evaluating software
expenses and that the ML method outperforms CoCoMo.

CoCoMo is a widely used dataset for software cost and line of code estimation, forming the basis
for numerous research studies [1,9]. Researchers commonly adopt this standard and popular dataset
for their experimental work on cost estimation. Despite its widespread use, three primary gaps remain
in cost estimation research: data preprocessing, feature selection, and ensemble methods, as addressed
by various studies. Our research specifically focuses on the feature selection gap within the CoCoMo
dataset for cost estimation. We applied Wrapper, Filter, and PCA-based feature selection techniques,
with Principal Component Analysis (PCA) proposed as an automated method that demonstrated
superior performance. The results of our proposed model were compared with previous work, where
features were manually selected and followed by an ensemble method for cost estimation [15].

3 Methodology and Associated Tools

In the realm of multi-label learning challenges, the quality of input features holds immense
significance. Feature selection, a systematic process involving the extraction of a subset from a larger
feature pool, plays a pivotal role in enhancing the effectiveness of machine learning algorithms. This
proposed paper explores the intricacies of feature selection and its impact on various machine-learning
techniques commonly employed for classification tasks on the CoCoMo dataset (as shown in Fig. 3).
By elucidating the importance of configuring hyperparameters and selecting optimal features, this
research aims to provide insights into improving the performance of machine learning models in multi-
label learning scenarios. The target variable has been transformed from a regression problem into a
classification problem with three equally sized classes, using the approach proposed in [21].
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Figure 3: The proposed model of SCE using various feature selection and ML techniques

3.1 Dataset

The dataset employed in this study referred to as the CoCoMo NASA 2 dataset [22] serves as
a cornerstone of our research. This dataset encompasses a comprehensive collection of data from
93 distinct software projects. Within this dataset, a total of 24 attributes are meticulously recorded,
providing detailed insights into various facets of software development. Among these attributes, 15
are designated as standard CoCoMo discrete attributes, each ranging from very low to extra high.
These attributes offer valuable information regarding the complexity, scale, and other pertinent factors
associated with the software projects under examination.

Additionally, the dataset includes seven supplementary attributes that offer further granularity
regarding the nature and characteristics of the projects. These supplementary attributes delve into
aspects such as project scope, requirements, and environmental factors, enriching the dataset with
additional contextual information.

Furthermore, specific attributes are dedicated to essential metrics within the software development
process. For instance, one attribute captures the line of code measure, providing insights into the
codebase’s size and complexity. Another attribute is devoted to the goal field, quantifying the actual
effort expended in person-months, thereby offering a tangible measure of the resources invested in
each project.
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The proposed experiment employs a 3-fold cross-validation method for data splitting to enhance
generalization and minimize the risk of overfitting.

3.2 Feature Selection Techniques

Feature selection involves the meticulous process of identifying and selecting a subset of pertinent
features from a larger pool of available features [23]. The primary objective of feature selection
techniques is to reduce the dimensionality of the input space, thereby enhancing the accuracy,
efficiency, and interpretability of machine learning models. This is achieved by eliminating irrele-
vant or redundant features that do not significantly contribute to model performance. Researchers
commonly employ three broad categories of feature selection techniques: wrapper-based method,
filter-based methods, and Embedded approach [24]. Wrapper and filter-based methods are two
prominent approaches in feature selection. Wrap-per methods evaluate subsets of features using a
predictive model, assessing their performance based on a predefined criterion. These methods involve
exhaustive search or heuristic techniques to identify the most informative feature subsets. In contrast,
filter-based methods assess feature relevance independently of the learning algorithm. They rely on
statistical measures or domain knowledge to rank features and select the most relevant ones for the
task at hand. Each method offers distinct advantages and is suited to different scenarios, providing
flexibility and effectiveness in feature selection processes. Apart from the earlier discussed methods,
Principal Component Analysis (PCA) is also a widely used technique in research for dimensionality
reduction and data visualization. By transforming high-dimensional data into a lower-dimensional
space while retaining the most important information, PCA facilitates analysis and interpretation [25].
It identifies orthogonal axes, known as principal components that capture the maximum variance
in the data. This enables researchers to explore patterns, trends, and relationships within complex
datasets more efficiently [19]. The selection of an appropriate feature selection technique depends on
the characteristics of the dataset and the objectives of the machine learning task at hand. Within
the context of our research, we’ve proposed employing all three methods to investigate the optimal
combination of dataset attributes.

The Sequential Forward Feature Selection (SFFS), operating as part of a wrapper-based
approach, and the Mutual Information Feature Selection (MIFS) filter-based method, have been
utilized to examine the influence of feature selection on the CoCoMo dataset. The objective is to
identify the most effective model for effort estimation. In this connection, 15 features were selected
using both methods. The research also involves utilizing the domain transformation technique PCA
for feature selection, aiming to choose informative features while reducing dimensionality.

3.2.1 Mutual Information

Mutual information (MI) is a statistical method utilized to gauge the degree of information shared
between two random variables, as expressed by the provided Eq. (3). Consider two random variables
X and Y , denoted by I (X;Y ), is defined mathematically as:

I (X ; Y) =
∑

x∈X

∑
y∈Y

p (x, y) log
p (x, y)

p (x) p (y)
(3)

where (p (x, y)) is the joint probability distribution function of X and Y . (p (x)) and (p (y)) are the
marginal probability distribution functions of X and Y , respectively.

Mutual information measures the amount of information shared between X and Y . It quan-
tifies the reduction in uncertainty about one variable given the knowledge of another variable. If
I(X ;Y ) = 0, it implies that X and Y are independent. Higher values of mutual information indicate
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stronger dependencies between the variables. In the context of the feature selection, the mutual
information is now computed for each pair of features in the feature pool (FP). At first, the high-
information gain feature moves from the FP set to the selected features SF set. Subsequently, the
mutual information between each feature of FP and SF is computed, prioritizing those with the lowest
mutual information metrics. Subsequent rounds follow a similar pattern, with the mean value being
factored in for SF [24]. The algorithm employed in the proposed model for selecting informative
features from a pool of features is depicted in Algorithm 1. In this study, a set of 14 distinct features
were selected using the aforementioned algorithm.

Algorithm 1: Forward feature selection
1: Input:
2: A dataset with n instances and m features, denoted by X and y.
3: A performance metric, denoted by Perf Metric, that evaluates the model’s performance.
4: Output:
5: A subset of features that maximizes the performance metric, denoted by F .
6: Initialize an empty set of features F .
7: for i = 1 to m do
8: Initialize a temporary set of features Fi with only the i-th feature.
9: Train a model using the features in Fi and evaluate its performance using the performance

metric.
10: If the performance metric improves by adding the i-th feature to F , then add the i-th

feature to F .
11: return F .

3.2.2 Sequential Forwarded Feature Selection

A widely recognized wrapper-based technique known as Sequential Forward Feature Selection is
employed to select a subset of features from a larger set of attributes. This method, dependent on the
classifier, constructs an informative feature pool through forward selection or backward elimination.
Essentially, it iteratively adds or removes features one at a time based on a performance metric. In our
research, we have adopted the Forward Feature Selection approach to select a subset of features from
the extensive feature set. The algorithm proposed for feature selection is outlined in Algorithm 2. In
this research, a group of 10 pertinent features was chosen to utilize the same algorithm.

Algorithm 2: Mutual information-based feature selection
1: Input: V ∈ RM × (p × N),M′

2: Output: FS ∈ RM′ × (p × N)
3: Initialize SF = φ, FP = V
4: Compute information gain value of features in FP
5: Move the maximum information

gain to SF
6: FP = V\SF
7: Compute the MI criterion for M − 1 feature in FP
8: Move M′ − 1 features with minimum MI values to SF = 0
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3.2.3 Principal Component Analysis (PCA)

Principal Component Analysis is a popular dimensionality reduction technique used to transform
high-dimensional data into lower-dimensional in Eigen-space while preserving most of the variation
in the data. PCA achieves this by identifying the directions of maximum variance in the original data
and projecting the data onto a new coordinate system defined by these directions, known as principal
components. In this study, we’ve proposed employing PCA for reducing dimensionality in addition to
the two methods mentioned earlier. The first principal component captures the direction of maximum
variance in the data, and each subsequent principal component captures the remaining variance, in
decreasing order of importance. In this study, we selected a collection of 13 relevant features using the
PCA described in Algorithm 3.

Algorithm 3: PCA-based feature selection [26]
1: Input: Consider p × m dimensional feature vectors of the training set AεRp×m

2: Output: Eigenvalues λ and eigenvectors ω.

3: Calculate the mean of the input data A: A = 1
m

∑m

i=1 Ai where AεRp×m

4: Re-center the data to move the mean to the origin: B = Ai − A , where i = 1, 2, ..., m, and
BεRp×m

5: Calculate the covariance of the mean-centered matrix B: V = 1
m

∑m

i=1 BiBT
i , where V = R

P×P

6: Calculate the eigenvalues and eigenvectors Vω = λω, where ω is the desired eigenvectors of
V , and λ is the eigenvalues.

PCA in software cost estimation involves an inherent trade-off between model performance and
interpretability. On one hand, PCA can significantly enhance predictive accuracy by reducing the
dimensionality of the data and mitigating issues such as multicollinearity, which can lead to more
robust models. On the other hand, the transformation of original features into principal components
can obscure their direct relationship to real-world factors like team size, project complexity, or
development time. This lack of transparency makes it challenging to extract actionable insights
or justify cost estimates based on tangible project attributes. As a result, while PCA improves
technical performance, it may limit the practical usefulness of the model in decision-making, where
interpretability is essential for explaining and understanding the drivers of software costs. This trade-
off must be carefully considered when selecting feature reduction methods for software cost estimation,
especially in contexts where clarity and explanation are as important as predictive accuracy.

3.2.4 Hyperparameter, Fine Tuning

Hyperparameter optimization, often referred to as fine-tuning, is the process of determining
the optimal set of hyperparameters for a machine learning model. These hyperparameters are
predetermined parameters that dictate the architecture and learning behavior of the model. The
selection of optimized hyperparameters associated with the machine learning algorithm is the same
domain problem of feature selection. Usually, the wrapper-based method is used to select the optimized
hyperparameters. This endeavor seeks to enhance the performance and effectiveness of the models
by fine-tuning the parameters governing feature selection. Through meticulous experimentation and
analysis, the aim is to uncover the ideal configuration that maximizes the predictive capabilities of
the models in estimating costs accurately. By focusing on hyperparameter optimization specifically
tailored to feature selection, this research endeavors to contribute to the advancement of cost estima-
tion techniques in machine learning applications. This research focuses on optimizing hyperparameters
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related to feature selection, aiming to discover the most pertinent attributes for cost estimation models.
Hyperparameters that are used in this study for machine learning algorithms are shown in Table 2.

Table 2: Machine learning parameters values

Classifiers Parameter values

Random forest n_estimators = 100, criterion = ‘gini’, max_depth = None,
min_samples_split = 2, min_samples_leaf = 1, max_features =
‘sqrt’, max_leaf_nodes = None

Decision tree criterion = gini, splitter = ‘best’, max_depth = 9, min_samples_split
= 2, min_samples_leaf =1, max_features = None

SVC kernel = linear, degree = 3, gamma = ‘scale’, shrinking = True,
probability = False, tol = 0.001 random_state = 109

Logistic regression tol = 0.0001, C = 1.0, fit_intercept = True, max_iter = 100,
random_state = 9

Gradient boosting loss = ‘log_loss’, n_estimators = 20, learning_rate = 1,
max_features = 2, max_depth = 2, random_state = 0, subsample =
1.0, criterion = ‘friedman_mse’, min_samples_split = 2,
min_samples_leaf = 1

3.3 Machine Learning Algorithm and Model for Estimating Software Development Effort

Machine learning has made significant contributions to both research and real-world applications,
with its adaptations permeating various domains and industries. Researchers leverage machine
learning techniques to uncover patterns, trends, and correlations that may otherwise remain hidden,
facilitating groundbreaking discoveries and advancements across scientific disciplines.

Before applying various machine learning (ML) algorithms, the target class was segmented into
three distinct classes, as suggested in [22]. In a study, a solution for software development effort
estimation (SEE) involves integrating the Gray Wolf Optimizer (GWO) with a Fully Connected Neural
Network (FCNN), forming the GWO-FC approach [27].

With this method, GWO optimizes the FCNN’s parameters, such as weights and biases, to improve
estimation accuracy by selecting the most effective parameter values to address SEE challenges. The
software cost estimation dataset underwent rigorous evaluation using a diverse array of machine
learning algorithms, including logistic regression, decision trees, random forest, support vector
machines (SVM), and gradient boosting methods. This multifaceted approach ensures a thorough
analysis, leveraging the unique strengths and capabilities of each algorithm to provide a comprehensive
assessment of the dataset’s predictive performance. Many machine learning algorithms employed in
this context are binary classifiers, which cannot directly manage multi-class datasets. To address this,
the one-vs.-all (OvR) technique was employed. In the OvR method, individual binary classifiers are
trained for each class. These classifiers categorize instances as belonging to their respective class or
not. Subsequently, the class with the highest confidence score across all classifiers is predicted as the
final class label.

The reason behind the use of the different machine learning algorithms that belong to different
families. Logistic regression is a linear model that models the relationship between an independent
variable and the probability of the binary outcome using the logistic function. Support vector machine
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is a discriminative model that finds the optimal hyperplane to separate the classes in feature space.
Random forest is an ensemble model consisting of multiple independent decision trees. Gradient
boosting is also an ensemble model that builds an additive model in a forward stage-wise manner.
A brief introduction to the machine learning algorithm to refer to [28].

4 Experiment, Results and Discussion

As discussed earlier, it has been identified from the literature that accurate software cost estimation
having a lower error rate is crucial, as it directly impacts financial and time predictions, similarly,
there is a need to develop and test new models, particularly those that incorporate machine learning
techniques, to improve prediction accuracy and efficiency across projects of varying sizes [29]. To
evaluate the effectiveness of the proposed concept, five experiments including two based-line and
three proposed were conducted using a state-of-the-art dataset CoCoMo NASA 2 [22]. This dataset
includes an extensive compilation of data from 93 unique software projects. It contains 24 meticulously
recorded attributes that offer detailed insights into various aspects of software development. Among
the various experiments, the proposed model of PCA outperformed compared with the state-of-the-
art ensemble method [15], filter and wrapper-based feature selection method, and based-line methods.
The high identification accuracy received is 93.00% along with 92.00% F1-score utilizing 13 PCA
components and this accuracy is at the apex when compared with any methods proposed till now.

Our analysis revealed that PCA significantly outperformed both SFS and Mutual Information
Selection. The key reason for PCA’s success lies in its ability to transform the original features into a
set of orthogonal components, which effectively reduces multicollinearity—a common issue in high-
dimensional datasets. By retaining the principal components with the highest variance, PCA ensures
that the most informative features are selected. On the other hand, SFS, being a greedy algorithm, adds
features incrementally without revisiting previous selections, often leading to suboptimal results and
computational inefficiencies. Mutual Information, while capable of capturing non-linear relationships,
struggled to fully account for feature dependencies in our dataset, resulting in less effective feature
subsets. This highlights the robustness of PCA in scenarios involving large, complex datasets.

4.1 Experiment-1: Baseline Experiments

Two experiments were conducted as baseline studies, implementing five different machine learning
algorithms belonging to three different families linear, tree-based, and hyperplane-based models.
These algorithms were implemented with both standard and fine-tuned parameters. Performance
was evaluated using standard metrics such as accuracy, precision, recall, and F1-score, allowing for
comparisons both within individual methods (local comparisons) and across different methods (global
comparisons). Table 3 depicts the detailed results of the baseline standard parameters experiment.
Through this approach, a high accuracy of 86.00% was obtained using a decision tree and random
forest algorithm utilizing the standard parameters. A precision is 88.00% along with 86.00% recall
was obtained.

Table 3: Baseline results without feature selection approach

ML algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)

Random forest 86.00 88.00 86.00 85.00
Decision tree 86.00 88.00 86.00 85.00

(Continued)
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Table 3 (continued)

ML algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)

SVM 82.00 85.00 82.00 79.00
Logistic regression 75.00 71.00 75.00 71.00
Gradient boosting 82.00 82.00 82.00 81.00
Ensemble [15] 81.25 – – –

The fine-tuning technique is of utmost importance as it has the potential to significantly improve
the performance of the models. By carefully adjusting the hyperparameters, models can be optimized
to accurately analyze and interpret the dataset, leading to more precise and reliable predictions.
The process of hyper-parameter tuning allows the unlocking of the full potential of the machine
learning models, ultimately leading to enhanced performance and better overall results. To elevate
the attainment of heightened prediction accuracy, we utilized the randomized search technique as
our optimization method, seamlessly integrated with a comprehensive cross-validation procedure.
This strategic combination was harnessed to empower the model with the capability to substantially
enhance its predictive prowess, yielding more precise and dependable outcomes. By referring to
Table 4, it can be visually analyzed the outcomes that have arisen as a consequence of engaging in
hyper-parameter tuning for both gradient boosting and logistic regression algorithms. Fine-tuning
hyperparameters has significantly enhanced the performance metrics of these algorithms. Gradient
boosting achieved an accuracy of 89.00% and a precision of 91.00%, which are improvements of 3.00%
in accuracy and 5.00% in precision compared to the standard parameter method. Similarly, the logistic
regression has improved the results by 7.00% in accuracy and 15.00% in precision. Table 2 shows the
parameter values of high-performance classifiers.

Table 4: Results of various machine learning classifiers with hyperparameters

ML algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)

Random forest 86.00 88.00 86.00 85.00
Decision tree 79.00 83.00 79.00 77.00
SVM 82.00 82.00 82.00 82.00
Logistic regression 82.00 82.00 82.00 82.00
Gradient boosting 89.00 91.00 89.00 89.00
Ensemble [15] 81.25 – – –

The receiver operating characteristic (ROC) curve for hyperparameter tuning in Gradient Boost-
ing is displayed in Fig. 4, highlighting the performance across different classes. The micro-average
AUC of 0.95 and macro-average AUC of 0.94 indicate strong overall classification performance. The
individual ROC curves for different classes show AUC values of 0.95 for High, 0.99 for Low, and 0.88
for Medium, demonstrating excellent model discrimination, especially for the Low category. These
results underscore the effectiveness of hyper-parameter tuning in enhancing model accuracy and class
differentiation.
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Figure 4: Multiclass ROC curve for gradient boosting with hyperparameters

4.2 Experiment-2: Feature Selection Based Performance

A set of informative features needs to be selected, posing a challenge. In this study, we proposed
using two different methods: Sequential Forward Feature Selection (SFFS) and Mutual Information,
under wrapper-based and filter-based methods, respectively. Detailed discussions on these methods
can be found in Sections 3.2.1 and 3.2.2. Currently, feature selection is not focused on saving
computational power but rather on improving results by removing unnecessary features.

4.2.1 Sequential Forward Feature Selection (SFFS) and Performance

A dataset of CoCoMo has 24 features, a detail of these features is available at [22]. A cumulative 10
informative features have been selected using the proposed method SFFS, shown in Table 5. A random
forest classifier was used to select the feature from a pool of features, a detail of the SFFS working
algorithm is presented in Algorithm 1.

Table 5: Selected features by SFFS

S. No. Features Full name

1 equivphyskloc Equivalent physical source lines of code
2 projectName1 Project name
3 CAT Category
4 Forg Foreign
5 Center Center
6 Cplx Project complexity
7 Virt Virtual machine volatility

(Continued)
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Table 5 (continued)

S. No. Features Full name

8 Acap Analyst capability
9 Vexp Virtual machine experience
10 Lexp Language experience

Five machine learning algorithms Random Forest, Decision Tree, SVM, Logistic Regression, and
Gradient Boosting have been used for predicting the project cost. The performance of each result with
comparing the [15], and based-line performance. The accuracy results of all algorithms are the same
but it is superior to 4.75% compared with the ensemble method [15]. The precision of the Decision
Tree and Random Forest is 89.00% which is higher than any other method of this experiment. Detailed
results are shown in Table 6. The accuracy of SFFS-selected features has not improved compared with
the baseline and hyperparameter experiment results. A detailed ROC curve is depicted in Fig. 5.

Table 6: Results with sequential forwarded feature selection (SFFS)

ML algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)

Random forest 86.00 89.00 86.00 84.00
Decision tree 86.00 89.00 86.00 84.00
SVM 86.00 86.00 86.00 86.00
Logistic regression 86.00 86.00 86.00 86.00
Gradient boosting 86.00 88.00 86.00 84.00
Ensemble [15] 81.25 – – –

Figure 5: Multiclass ROC curve for SFFS with support vector classification
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4.2.2 Mutual Information (MI) and Performance

In this experiment, a strategic approach is employed to increase the performance that involved
leveraging mutual information to identify the most valuable characteristics from the initial feature
set. These selected features were then incorporated as inputs to the machine learning algorithm, to
optimize the overall outcome. By meticulously assessing the relationship between features and their
relevance to the problem at hand, we were able to curate a more refined set of inputs that would greatly
contribute to improved results.

Among the 24 features in the CoCoMo dataset, 14 were selected using the MI approach, proving
the outstanding results. The list of the 14 informative selected features is shown in Table 7. The
selection process has already been discussed in Algorithm 2. This meticulous feature selection process
plays a pivotal role in fine-tuning our model and maximizing its performance, leading to enhanced
outcomes and ultimately achieving our objectives. The MI-based performance, as illustrated in Table 8,
shows that Random Forest and Decision Tree achieved a precision of 91.00%, outperforming SSF and
baseline methods by 2.00% and 3.00%, respectively. Both Random Forest and Decision Tree achieved
an accuracy and recall of 89%, which is 3.00% higher than the results reported by SSF and 7.60%
higher than those of the Ensemble Learning method [15]. The ROC curve of the multiclass model
MI-based feature selection is presented in Fig. 6. The ROC curve for the multiclass MI method using
Random Forest shows strong performance, with a micro-average AUC of 94.00% and a macro-average
AUC of 91.00%, indicating robust overall discriminative capabilities. The ‘High’ class has an AUC of
92.00%, while the ‘Medium’ class achieves near-perfect classification with an AUC of 99.00%. The
‘Low’ class, however, has a lower AUC of 83.00%, suggesting room for improvement. All class-specific
and aggregate ROC curves significantly exceed the chance level, underscoring the model’s effectiveness.
Overall, these results validate the use of MI-based feature extraction and Random Forest for multiclass
classification.

Table 7: Selected features by mutual information

S. No. Features Full name

1 equivphyskloc Equivalent physical source lines of code
2 Forg Foreign
3 Rely Required software reliability
4 Data Data size
5 Cplx Project complexity
6 Time Execution time constraint
7 Stor Main storage constraint
8 Virt Virtual machine volatility
9 Turn Turnaround time
10 Aexp Analyst capability
11 Pcap Programmer capability
12 Lexp Language experience
13 Tool Use of software tools
14 Mode Development mode
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Table 8: Results with feature selection by mutual information

ML algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)

Random forest 89.00 91.00 89.00 88.00
Decision tree 89.00 91.00 89.00 88.00
SVM 75.00 83.00 79.00 73.00
Logistic regression 79.00 78.00 79.00 76.00
Gradient boosting 82.00 83.00 82.00 82.00
Ensemble [15] 81.25 – – –

Figure 6: Multiclass ROC curves for feature selection by mutual information with random forest

4.3 Principal Component Analysis (PCA) and Performance

In Experiment 3, the idea of Principal Component Analysis (PCA) was proposed as a technique
for obtaining a set of linearly uncorrelated features from the dataset. This method was employed to
improve the efficiency of our machine learning systems. We used the extracted features as inputs for our
models rather than the original features. This strategy has the potential to increase our model’s overall
accuracy while simultaneously reducing the number of features the algorithms need. Our models can
produce more informed and precise predictions using PCA to efficiently capture the dataset’s most
important patterns and variances. Our workflow’s incorporation of PCA is a potent tool for optimizing
our machine.

The 13 components were selected using PCA yielded exceptional results. A precision of 94.00%
was achieved again by both Random Forest and Decision Tree, which is 3.00% higher than MI. The
proposed method reported the highest accuracy and recall of 93.00%, significantly outperforming MI
and the Ensemble Learning method [15] by 4.00% and 11.60%, respectively. All results are presented in
Table 9. The provided ROC visualization shown in Fig. 7, for Multiclass PCA using a Random Forest
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classifier, demonstrates the performance across multiple classes: High, Low, and Medium. The micro-
average ROC curve, with an AUC of 96.00%, indicates a high overall performance across all classes.
The macro-average ROC curve, with an AUC of 93.00%, also reflects strong performance, considering
the different classes equally. Individual ROC curves for each class show the following: High class: AUC
of 91.00%, Low class: AUC of 100.00%, indicating perfect classification for this class, and Medium
class: AUC of 87.00%. The ROC curve for chance level (AUC = 0.5) is included as a baseline. The
curves indicate that the model performs significantly better than random guessing, particularly for the
Low and High classes. The results highlight the efficacy of using PCA with a random forest classifier
for multiclass classification tasks.

Table 9: Results: PCA with machine learning algorithms (number of components = 13)

ML algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)

Random forest 93.00 94.00 93.00 92.00
Decision tree 93.00 94.00 93.00 92.00
SVM 82.00 85.00 82.00 79.00
Logistic regression 79.00 83.00 79.00 73.00
Gradient boosting 89.00 90.00 89.00 89.00
Ensemble [15] 81.25 – – –

Figure 7: Multiclass ROC curves for PCA with random forest

5 Conclusion

In conclusion, this research has explored the application of machine learning techniques to
enhance software cost estimation using the CoCoMo NASA dataset. Through meticulous feature
selection processes, including Principal Component Analysis (PCA), Sequential Forward Feature
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Selection, and Mutual Information, we identified optimal feature subsets that significantly improved
the accuracy and efficiency of machine learning models. Among the evaluated models, Random Forest
combined with Principal Component Analysis based selection demonstrated superior performance,
achieving the highest, precision, accuracy, and recall rates, while outperforming the previous methods.
The findings of our study show that PCA is the most effective feature selection method due to its ability
to reduce dimensionality while maintaining significant variance. Its performance in high-dimensional
datasets, coupled with its robustness against multicollinearity, makes it a strong candidate for future
applications. In contrast, methods like SFS and Mutual Information Selection were less efficient due
to computational complexity and difficulty in handling feature dependencies.

Future work could explore the possibilities for integrating additional datasets and refining feature
selection techniques to enhance model robustness and adaptability. Additionally, the exploration
of other machine learning models and ensemble approaches may offer further improvements in
estimation accuracy and efficiency.
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