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Abstract—Estimating software effort is a critical task that
project managers and software engineers handle during the
software development process. The only available measures in
the early stages are those of the software system. As a result,
estimating costs is a task that falls under the software venture
management planning stage. In this paper, software effort
estimation models are constructed from software features using
a variety of machine learning algorithms. Using real software
efforts, machine learning algorithms such as Artificial Neural
Networks (ANN), Support Vector Machines (SVM), K-star, and
Linear Regression are assessed on a publicly available dataset.
The outcomes demonstrated that a machine learning approach
can be relied upon to forecast a software system’s future effort.

Keywords—software development, cost estimation, effort
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I. INTRODUCTION

Due to the fast evolution of software in our current era, the
software development process has become a fundamental activity of
modern society. However, software effort estimation is an integral
part of the software development life cycle. Software development
task is to provide the product within the budget and time. Thus,
initial software effort estimation is an important part of the planning
phase of any software development project.

Software effort estimation involves estimating the effort required to
develop a software system. It is measured in terms of working hours
or hours required to develop the software. The estimation of
software effort can be viewed as a wide area of various software
activities, which involve estimating software testing, maintenance,
requirements engineering, and so on.

Various software development life cycle models involve a different
amount of effort in each phase to develop the software. Software
effort estimation is also viewed as one of the most significant
challenges involved in software engineering, which many software
developers and managers are suffering from, thus affecting the cost
of the project. Thus, efficiency is measured by the management,
which uses effort estimation to assess projects and manage the
development process more clearly [1].

Thus, a lot of researchers proposed several models to estimate
the effort. Several studies have been carried out for the estimation
of software effort in the early stages to make its importance clear to
them [2][3]. Software organizations must be aware of how they can
develop their projects and the effort required to develop them.

In this paper, four different algorithms of machine learning will

be implemented to determine the software effort using the features
of the project. In general, the major objective of the study is to assess
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software effort estimation models that can be developed using the
machine learning approach.

The rest of this paper is organized as follows: the next section
identifies the software effort estimation models through the
literature. Section 3 discusses the proposed prediction models, and
the used dataset. Experimental results are described in Section 4.
Finally, the conclusion of this paper is introduced in Section 5.

1. RELATED WORK

Reliable and precise estimation of software effort is one of the
key factors for software development success, which is required at
all stages of the software development cycle. It is one of the
important factors for judging the feasibility of software
development. A number of methods have been proposed to
accurately estimate software effort estimation. A number of research
works have been proposed in the area of software estimation
method. For example, Dorado [4] has used the genetic software
method to investigate the cost estimation function. The result was
compared with the earlier results with respect to the datasets.
Burgess and Lesley proposed genetic programming to improve the
results of software effort estimation with respect to the earlier
methods, and results were compared with the earlier methods using
standard known data [5]. Lesley and Shepperd proposed the method
of genetic software for improving the accuracy of software
estimation based on general datasets [6,7].

Some other machine learning algorithms have been used to
estimate the efforts of software development. For example, a study
regarding the investigation of the comparative analysis of various
machine learning methods and their application to software
development process effort estimation has been proposed in [8].
Albert proposed a neural network for calculating the difference of
the efforts of software projects based on function points, regression,
and case-based reasoning. Some other research studies [10], [11],
[12] have been done regarding the application of neural network
methods, where it has been indicated that this method was less
mature compared with other methods, and eventually, he concluded
that no method was the best at all times. Our work is different from
those of other authors, where it has been indicated that the estimation
of efforts of software development is performed at the early stage of
software development, which is concerned with the features of the
project.

I1l. METHODS AND DATASET

The paper introduces various software effort estimation models
using four machine learning methods. The models were evaluated
and compared using a data set that is available to the public. The
following sections will discuss various machine learning algorithms
and the data used in the paper. In recent years, machine learning and



artificial intelligence have become essential terms used to describe
the latest development and progress in the field of computer science
and technology. To study and explore these concepts.

A. Dataset

It has not been an easy task to collect public software effort data
due to the absence of software cost data. This is because most of
the effort data is held as private data as indicated by the software
companies' aspect. In this paper, we have relied on a public
software effort dataset labeled "Usp05-tf," which is available
online via the promise repository, which is the "repository for
empirical software engineering data"
(http://tunedit.org/repo/PROMISE/EffortPrediction). This dataset
offers details on software projects completed by 76 university
students. There are 14 features in each software project. Table 1
offers an overview of the features.

TABLEL PROJECT FEATURES IN THE USP0O5-TF DATASET
Project L -
Features Description Value
. 1to 5, where 5
IntComplx The complexlr_\. of 1h_e internal indicate the highest
project calculations =
complexity
DataFile The number of accessed files Positive integer
DataOut The numbe.r of output data Positive integer
items =
DataEn The number of entry data items Positive integer
UFP Unadjusted Function Point Positive integer
Count
The used programmung C++, Java, HTML,
Lang 1
anguage etc.

Tools The used platforms and tools VI D:tlfhl Junit,
ToolExpr The expenence level of the Range of number of
ootLxpr developer feam months, e.g. [3.7]

The applications experience 1105, where 5
AppExpr ap level P indicate the highest
Ve experience
Range of min-max
TeamSize The size of the developer team i number of
developers, e g [3
6]
) SQLServer. Oracle
DBMS The used database system MySQL. etc.
Method The used implementation 00, JAD, SD, etc.
methodology
j / /!
AppType The used system architecture B/S.C ‘i.tfeme(ed.
The actual effort (1n hours)
) expended on implementation o
Effort tasks by all participating Positive float
developers

Four machine learning algorithms will be used in this paper to build
four prediction models. These algorithms are:

1) Artificial Neural Network (ANN)

One of the most popular learning-oriented methods is the ANN.
Multilayer perception is one of the most popular supervised model
functions and can also be considered as a multilayers network of
neurons connected in a feed-forward manner. In the first layer, the
neurons act as input points and correspond to the input variables.
The remaining layers are responsible for processing and delivering
the information. Thus, a neural network can be described as a
complex computation function that transmits the information
through the network to the output layer to enlarge the solution. [13]

2) Support Vector Machines (SVM)

SVM is dependent on the definition of a decision plan, which
defines the decision margins. A decision plane is applied to
distinguish between a set of entities with different classes. SVM is
a supervised classifier model that applies the definition of the

classification task through the construction of a hyper-plane in
multidimensional space. SVM can be applied as a predictive
machine learning model for various datasets. [14]

3) K-Star

The K-star algorithm employs similarity measurements to classify
the data based on the classes’ likelihood. The algorithm serves as

an instance classifier, using an entropy-based distance function to
measure the distance between instances. [15]

4) Linear Regression

This Algorithm is used to express the data and find the correlation
between the dependent variable and one or more independent
variables. independent nominal, comma or level variables.

In order to compare these four prediction models, the The
performance of the predictor is usually assessed according to Mean
Absolute Error. MAE is calculated as:

MAE =Z|Ei— Ei|/n
i=1

where n is the number of test projects, Ei is the actual effort and ‘Ei
is the estimated effort. MAE is regarded as a good option for
estimating symmetric unbiased under or overestimates [16] [17].
Greater (better) performance can be attained with smaller MAE.
IV. EXPERIMENTAL RESULTS This evaluation procedure is
designed using Weka to form a powerful tool. (https://www.cs
framework of machine learning algorithms developed in Java. The
method of evaluation is fixed to be performed by 10-fold cross-
validation. The cross-fold validation method can estimate the effect
of the dataset on the prediction of software effort. The 10- The fold
cross-validation method provides ten different randomizations of
the dataset. The cross-validation method has been used effectively
with machine learning algorithms for various datasets.
[18][19][20].

IV. EXPERIMENTAL RESULTS

Through the Weka tool, the evaluation process is
carried out.
(https://www.cs.waikato.ac.nz/ml/weka/) Weka is
a Java-based machine learning framework
implemented as a collection of machine learning
algorithms. Here, the evaluation procedure has
been set to perform 10-fold cross-validation.
Cross-fold validation helps to assess the effect of
the dataset in the prediction of software effort. In
the cross-fold validation, there are ten different
randomizations in the cross-validation technique.
Cross-validation has been successfully
implemented with machine learning techniques for
different datasets. [18][19][20]

As shown in Table 2, SVM gets the best prediction
accuracy when it has the minimum MAE value,
which is around 2.6. In addition, it can be noted that
the linear regression model gets the maximum
MAE value, while all other algorithms have similar
MAE value, less than 3. Hence, we consider the



result of linear regression to be odd. The reasons
for such results are that the values of effort cannot

be expressed in a linear.
TABLEII MAE VALUES FOR THE FOUR PREDICTION MODELS
Prediction Model | MAE Value
ANN 2.7826
SVM 2.5958
K-star 2.8312
Regression 5.9965

The second experiment is designed with the aim of
assessing the capacity of the applied machine
learning algorithms to learn from the historical
data. During this experiment, unlike in the first one,
the proposed 10-fold cross-validation technique is
not applied. The data are divided into two, one for
training and the other for testing purposes. This
process of evolution is repeated using 90%, 50%,
and 10% of the dataset as the training sets. The
remaining part of the dataset represents the testing
sets used in the three evaluation processes. Figure
1 below represents the results obtained.
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Fig|1. MAE values for the four prediction models in the three evaluations.

As seen in Figure 1, the linear regression algorithm,
also, fails to learn properly. All other algorithms
learned perfectly with an increased training set.

V. CONCLUSION

In this research, four different machine learning
techniques are used to build software effort
estimation models. The machine learning
techniques used are Artificial Neural Networks
(ANN), Support Vector Machines (SVM), k-star,
and linear regression. This estimation is required to
forecast the actual effort using software features
during the early stages. To work and test the

effectiveness of the prediction models, a public
dataset is taken into consideration. From the
findings, the machine learning technique is
effective in forecasting software effort with a lower
MAE value. The lowest value of MAE with the
machine learning technique is 2.6 for the SVM
technique. In the future study, the effectiveness of
various machine learning techniques and the use of
various datasets are taken into consideration.
Filters can also be used on the software features
dataset to obtain better results.
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