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Software cost estimation is among the most important parts of software project. The
increasing complexity of projects introduces a lot of problems for reaching accurate
estimations. This thesis aims to explore the applicability of machine learning based methods
in software cost estimation, and asses their utility against traditional methods.

The research focuses on reviewing and comparing different cost estimation methods from
the existing literature, trying to find alternatives to traditional methods by analysing the
performance and utility of different models.

The results suggest that ML-based cost estimation methods, particularly artificial neural
networks and different ensemble models generally outperform traditional methods. The
choice and applicability of method however depends on characteristics of a project and the
quality of the training data. The study highlights the importance of dataset- and feature
selection as well as utilizing domain-specific data to improve the accuracy of the model.

The thesis also discusses further directions for software cost estimation, highlighting the
growing interest around ensemble models and utilizing tools such as large language models
to improve the prediction accuracy.
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Ohjelmistoprojektin  kustannusarviointi on yksi projektin tirkeimpid vaiheita. Yha
monimutkaisemmat projektit tuovat mukanaan haasteita tarkkojen kustannusarvioiden
saavuttamiseksi. Tdmid kandidaatintutkielma pyrkii selvittimddn koneoppimiseen
perustuvien menetelmien soveltuvuutta ohjelmistoprojektien kustannusarvioinnissa seké
arvioimaan niiden hyodyllisyyttd perinteisiin menetelmiin verrattuna.

Tutkielma  keskittyy olemassa  olevan  kirjallisuuden  kautta  erilaisten
kustannusarviointimenetelmien tarkasteluun ja vertailuun, ja pyrkii 10ytdmééin vaihtoehtoja
perinteisille menetelmille analysoimalla erilaisten tekodlyyn pohjautuvien mallien
suorituskykyd ja hyodyllisyytta.

Tulokset osoittavat, ettd koneoppimiseen perustuvat kustannusarviointimenetelmait,
erityisesti neuroverkot ja erilaiset yhdistelmidmenetelmét, usein péihittdvit perinteiset
menetelmét. Menetelmén valinta ja soveltuvuus riippuvat kuitenkin projektin
ominaisuuksista ja harjoitusdatan laadusta. Tutkimus korostaa datan ja ominaisuuksien
valinnan tdrkeytti seki alakohtaisen datan hyddyntdmistd mallin tarkkuuden parantamiseksi.

Opinnidytetydssd kisitellddn myds ohjelmistoprojektien kustannusarvioinnin tulevaisuuden
nidkymid, erityisesti kasvavaa kiinnostusta yhdistelmédmenetelmié kohtaan seki kielimallien
hyodyntdmistd kustannusarvion tarkkuuden parantamiseksi.
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1 Introduction

An accurate cost estimation plays a significant role in software projects as it serves as a
foundation in project planning and risk management. A good estimation provides a roadmap
for managers, helping them to allocate resources, set budgets and manage timelines. An
accurate estimation also helps the stakeholders to make informed decisions and identify

possible challenges before they occur. (Rashid et al., 2023)

Cost estimation doesn’t only help in planning, but it also serves a purpose in mitigating risks.
Inaccurate estimations can lead to monetary losses, poor resource allocation and project
failure (Rashid et al., 2023). The Standish Group’s Chaos Report (The Standish Group,
2015) shows that significant part of especially larger scale software projects fails to meet

their budgetary expectations and to stay on schedule.

The ever-increasing complexity and scale of software projects sets a need for more accurate
cost estimates. New cost estimation methods are emerging to supplement and replace
traditional ones (Chirra and Reza, 2019). In the era of artificial intelligence, increasing
amounts of Al-based methods are being used, and there is already evidence of them being
beneficial in cost estimation. Research has shown that in many instances Al-based methods
outperform traditional methods in terms of accuracy and adaptability. (Chirra and Reza,
2019; Kocaguneli et al., 2010; Rashid et al., 2023). Still challenges such as interpretability,
lack of consistency and high computational requirements remain. (Chirra and Reza, 2019;

Rashid et al., 2023)

While there are numerous studies on different Al-based methods, the variability of methods,
performance metrics, and training processes makes conclusions about individual studies
impractical. For this reason, synthesizing literature and comparing existing research provides

more structured understanding of different methods.

This thesis aims to explore the comparative effectiveness of Al-based cost estimation
methods against traditional methods. The primary research question is: How do Al-based
cost estimation methods compare to traditional methods? To comprehensively answer the

question, this thesis will address the following sub questions:



Sub Question 1: What are the most used Al based cost estimation methods and how well
do they compare against traditional ones?

Sub Question 2: What are the key limitations and benefits with Al based methods compared
to traditional methods?

This thesis is organized into following sections to explore the topic of software cost
estimation. It begins with definition of the topic and explanation of its significance in the
project success. Next a description of the research method is presented followed by
examination of some of the different methods used in software cost estimation. After this
results and findings of past research is presented, followed by discussion of the results and
possible future implications. Finally the key findings and insights are summarized in the

conclusion chapter.



2 Understanding Software Cost Estimation

Software cost estimation is a key part of project planning and management. It involves
predicting and estimating the financial and resource requirements needed to get a software
project from start to finish. Well-implemented cost estimation gives an idea of the possible
risks and challenges involved in the project and it serves as a foundation for planning,
budgeting and decision-making through the project lifecycle (Rashid et al., 2023). Ian
Sommerville (Sommerville, 2016) defines three main parameters for estimating software

Ccosts:

e Effort costs, that includes the cost of software engineers and managers.
e Hardware and software costs, that include software support and hardware
maintenance.

e Costs related to training and travel.

For the majority of the projects effort cost is the biggest factor to the final cost. It is calculated
by estimating the in person-months required to complete the whole project. Contingency is
added to this estimate to cover the uncertainties, as at this stage the information is limited

and the requirements are not precisely defined. (Sommerville, 2016)

Unless there is a need for licensing middleware and platform software, the hardware and
software costs are usually relatively small (Sommerville, 2016). However the increased
utilization and adoption of cloud service providers such as Amazon Web Services and
Microsoft Azure has been increasing the software costs, making it a bigger part of the overall
expenses. A 2024 report (Speed, 2024) noted that the price for a three-node cluster with
200GB or storage and 5STB of data transfers on Azure has increased in price by 14.09% in
the last two years (Speed, 2024). Utilization of cloud computing has also enabled
development of more resource-intensive systems such as machine learning models which

require substantial computing power further increasing the hardware and software costs.

If development happens on multiple sites and there is need for travel, additional costs will

occur due to transportation, accommodation and communication. Furthermore, travel can
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also lead to increased effort costs as traveling will often lead to increased working hours

(Sommerville, 2016).

If project uses new technologies and requires resources for training the team to work with
these technologies, costs related to this should also be considered when estimating the total

cost (Sommerville, 2016).

As the project planning moves further and requirements are specified more accurately, the
cost estimation can be honed to meet the new specifications. This is especially important
when working with agile methodologies as the requirements and project scope is not usually
so precisely defined. The utilization of agile methodologies has been on the rise after the

Agile manifesto was introduced in 2001 (Vucéekovi¢ and Avlijas, 2020).

The costs for smaller projects are often easier to estimate, due to the limited amount of
variables. When the project size increases and more variables and possible development
cycles are introduced, the total cost of the project becomes harder to estimate. At the same
time the importance of accurate estimation becomes increasingly important, as a throw of
just few percentages becomes monetarily more significant (Bardsiri and Mohsen, 2014).
Standish Group International “Chaos Report” (The Standish Group, 2015) shows that during
2011-2015 only around 29% of projects were successful on being on time and on budget. It
also shows that where 61% of small-scale projects were successful only 6% of very high

value projects succeeded in doing the same (Table 1).
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Table 1. Project Succes by Project Size in 2011-2015 (The Standish Group, 2015)

Successful

Grand 6%

Large 11%
Medium  12%
Moderate 24%

Small b1%

Challenged

51%

59%

62%

64%

32%

Failed

Bardsiri and Mohsen (Bardsiri and Mohsen, 2014) suggests that especially in larger scale

projects it is crucial to set upper and lower bounds for the estimation and as the project moves

further in the planning and development cycles and more details and requirements are

introduced, the upper and lower bounds are moved closer together resulting in more narrow

margin in the estimate.

In summary, software cost estimation is a crucial part of project planning and management.

It aims to calculate the costs of the project by taking into account scope of the project,

experience of the team, variability in the requirements, and the technologies used. (Rashid

et al., 2023) When done well it can help to avoid going over budget, schedule delays and

project failure.
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3 Research Method

The objective of this thesis was to map out the current state of research in Al assisted
software cost estimation, identifying recent trends and potential gaps. A semi-systematic
literature review was selected for its flexibility allowing comprehensive review of diverse
research approaches. According to Snyder (Snyder, 2019), semi-systematic review is useful
when the topic has been explored in different ways across various fields. In the case of
software cost estimation it’s important to take this into account as software projects are
conducted in all fields of trade and the project requirements of different fields might not
always align very well. Snyder also mentions that semi-systematic review is useful when
complete systematic review isn’t possible due to the sheer diversity of research approaches.

(Snyder, 2019)

Instead of covering every single study of the topic a semi-systematic review summarizes
developments and aims to find the general trends within a field. Semi-systematic review
doesn’t just focus on quantitatively measuring effects but aims to understand patterns of
broader scale by analysing meta-narratives. The semi-systematic review still remains
systematic in the sense that its process is transparent and there is a developed research

strategy that’s being followed throughout the process. (Snyder, 2019)

3.1 Search and selection strategy

In order to find relevant literature for the thesis, comprehensive searches in academic
databases were made including IEEE Xplore and Google Scholar. IEEE Xplore was
selected for its focus on computer science and engineering and Google Scholar provides a

broad range of papers across various journals.

The main search terms included:

e “Al software cost estimation”
e “Al-assisted cost estimation®
e “Software cost estimation with AI”

e “Effort estimation models AI”
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There were no strict years set for the inclusion of literature but the relevance of the research
and discussed models was individually evaluated as Al has made huge leaps of progress in
the recent years and conclusions of older studies can not necessarily be kept relevant, the
older studies can however give an important perspective on the historical overview of the
topic. Studies and papers written in languages other than English, and ones that did not

include empirical results or clear methodologies were excluded from the review.

The selection process involved an initial title and abstract screening to exclude the studies
that were clearly irrelevant to the research questions. Articles that passed this stage were

reviewed in full text to assess their quality and relevance to the research questions.
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4 Results

In this chapter existing literature on Al-assisted software cost estimation is reviewed
focusing on the aspects of the research questions. The aim is to examine the most used
methods and how well they perform, as well as to find out the main benefits and limitations
of leveraging Al in software cost estimation. By synthesizing previous studies, this thesis
aims to give comprehensive understanding of current state of research, and possible gaps in

the literature.

4.1 Approaches to software cost estimation

A wide range of software projects with different requirements, technologies, and sizes, with
teams of different expertise and experience has driven the development of number of
different cost estimation models. Despite there being a number of different tools and models
to estimate the resource requirements, the uniqueness of each project makes accurate

estimates still remain a challenge. (Fernandez-Diego et al., 2020)

In existing literature, few main ways of dividing these models into categories have been
used. Some papers divide them simply into algorithmic and non-algorithmic models
(Fernandez-Diego et al., 2020; Malgonde and Chari, 2019). Whereas other further classify
them into expert based, analogy based and regression-based methods (Britto et al., 2014;
Chirra and Reza, 2019). In this thesis division of algorithmic models, non-algorithmic

models and learning oriented models is used as displayed in figure 1.
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Figure 1. Software Effort Estimation Techniques

Algorithmic models are the most popular methods in the literature around software cost
estimation, they often aim to estimate the application size for example in lines of code and
set it into to a formula with other cost drivers to estimate the required effort. Non-algorithmic
models leverage experience of developing or managing projects of similar characteristics in
the past. The accuracy of these estimations is often directly dependent on the competence of
the involved personnel. Learning-oriented methods utilise one or more machine learning
models to calculate the estimation based on the previous data used in the training process of
the model (Mendes, 2014). There are number of different methods in each one of these

categories and some of the more used ones are discussed in more detail.

4.1.1 Algorithmic models

Algorithmic models sometimes also called parametric models consists of formulas that take
various cost drivers and aim to calculate the effort estimation for the project based on these
cost drivers (Ionescu, 2017). Most common cost drivers are often related to team’s
experience in the programming language or the project type, and the scale of the project for
example the number and complexity of the functions required or the estimated number of

lines of code (Mendes, 2014). Examples of algorithmic models are: COCOMO
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(Constructive Cost Model), COCOMO II, FPA (function point analysis) and Putnam model
(Britto et al., 2014; Chirra and Reza, 2019).

COCOMO (Constructive Cost Model) is one of the first models introduced in literature
(Mendes, 2014). It uses mathematical formulas to calculate an estimate for both cost- and
schedule estimation, making it a great tool for project managers, as it helps to answer the
two main questions in software effort estimation (Chirra and Reza, 2019). The model was
constructed by looking at previous data from projects and building a formula to best fit the
observations. Depending on the version of COCOMO used, it often seems to link the size of
the project with the factors related to the developing team. The most used version is
COCOMO 1II, which added perspectives on for example rapid development, modern
programming languages and reuse of code. In COCOMO II there are in total 17 cost drivers
that consider factors and requirements about the team, product and processes as well as
organizational differences (Sommerville, 2016). Main disadvantage in COCOMO is
hardcoded constants and lack of adaptability, which limits the accuracy of the model across
various types of projects (Ionescu, 2017). Another disadvantage is that COCOMO and
COCOMO 1I lack the characteristics required to estimate GSD projects (Khan et al., 2021).

FPA (Function Point Analysis) is a way to estimate costs by analysing the functional
requirements of the project (Chirra and Reza, 2019). Fernandez-Diego et al. (Fernandez-
Diego et al., 2020) found that function points is the second most used size metric after story
points used in software cost estimation. In FPA you aim to define the functionality of the
software and assign weights on these based on the complexity of the functions. In addition
to these weights are given to 14 different general system characteristics such as security
features, data communication needs and performance requirements. FPA is not dependant
on programming language, but it lacks the aspects of analysing the effort in fulfilling the

non-functional requirements. (Chirra and Reza, 2019)
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4.1.2 Non-algorithmic models

Non-algorithmic models include models where no mathematical formulas are used for
concluding an estimation but human intelligence, experience and skills of personnel is often
utilised in estimating the effort and costs to produce a software (Rashid et al., 2023).
Examples of non-algorithmic models are expert judgment and planning poker (Chirra and
Reza, 2019; Fernandez-Diego et al., 2020). Expert based methods are the most used methods
in agile development. Ferndndez-Diego et al. Found in their 2020 literature review that
around 41% of studies related to cost estimation in agile development, used expert estimation

methods to calculate resource requirements (Fernandez-Diego et al., 2020).

Expert judgment is a way for an expert to calculate the estimated costs and schedules by
leveraging experience from past projects. Typically you would document the software
components to be developed and then estimate these individually to come to a conclusion
for the whole project (Sommerville, 2016). This technique relies heavily on the experience
and domain experience of an individual and varying types of projects can make it difficult
for one person to give an accurate estimation for all of them. As software projects are rarely
alike and they can often introduce new technologies, where past experience doesn’t help you
to give an estimation (Sommerville, 2016). Expert judgment is also prone for human errors

and biases as emotions can affect the estimation process (Chirra and Reza, 2019).

Planning poker is an expert based estimation method commonly used in agile development.
The process involves a group of people that are forced to have a consensus in their estimates.
It is often implemented with a deck of cards that have numbers on them and each estimator
picks a card with a number describing the effort for the task under discussion in for example
in hours. The discussion continues between rounds until each estimator agrees to a number.
Planning poker helps to alleviate the disadvantages of single expert doing the work by
involving multiple perspectives and limiting biases, but it involves a lot of people and can

take a long time. (Ionescu, 2017)

4.1.3 Learning oriented models

Learning-oriented models include methods that utilize computation in conjunction with one

or more machine learning models to aid in increasing the precision of cost- and effort
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estimation (Rashid et al., 2023). According to a study by Rashid et al. (Rashid et al., 2023)
utilization of ML methods has increased during the 2000s, and the increased amount of
studying has led to greater results in comparison with Non-ML models. The performance of
the learning-oriented models is highly dependent on the quality and amount of training data.
The models have to be trained with large enough datasets of proper quality and tweaked
during the training process to limit overfitting, improve generalization and enable accurate
predictions across different types of software projects (Maher and Alneamy, 2022). There
are a number of methods in this category such as artificial neural networks (ANN), decision
trees, support vector regression (SVR), Bayesian network and genetic algorithms (Chirra
and Reza, 2019; Fernandez-Diego et al., 2020). Each of these methods has their strengths

and weaknesses and the performance varies greatly between use cases.

Artificial neural network (ANN) is inspired by human neurons and their connections in the
brain. ANNs consist of network of computational units called neurons that have inputs and
outputs that can then be connected to the inputs of following units (Figure 2). They can learn
for example from datasets of previous projects and tweak the weights in the processing units
to fit the data. Then the initial input is processed through layers of neurons with different
weights leading to an output at the end of the network (Rijwani and Jain, 2016). In the
literature on cost estimation ANN is by far the most used ML technique (Ali and Gravino,
2019). ANNSs are often excellent in capturing non-linear and multi-variable relationships,
making it a great fit for software cost estimation where there are large number of non-linear
cost drivers (Hamza et al., 2013). The main drawbacks in ANN often relates to the training
process. They require a large amount of data to generalise well and avoid overfitting and the
training needs a lot of computing power (Chirra and Reza, 2019). There are multiple types
of ANNSs used in software cost estimation such as Feed-forward neural network, recurrent
neural network, radial basis function network and neuro-fuzzy networks, and the survey by
Hamza et al. (Hamza et al., 2013) found that selecting the correct one is important to get
accurate estimation. They found that feed-forward neural network works the best with data

filtering implemented and radial basis function networks works the best with noisy data.
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Figure 2. Artificial neural network architecture (Bre et al., 2018)

Decision trees are supervised models that use a tree-like structures to make predictions based
on splitting rules applied to the features in the training data. It aims to estimate the different
features in a way that allows it to structure the tree so that it manages to give the prediction
with smallest possible error (Chirra and Reza, 2019). Decision trees can be split into
classification trees and regression trees (Automatic design of decision-tree induction
algorithms, 2015). In the use case of software cost estimation, it is often regression tree that’s
used. Decision trees are fairly simple to implement, and it’s faster compared to ANNs and
requires less computing power to build and train. It’s still however prone to overfitting
(Chirra and Reza, 2019). The overfitting problem can be solved by using ensemble model
such as random forest that build a set of decision trees and generate the final prediction based

on the results of the set of trees (Maher and Alneamy, 2022)

Support Vector Regression (SVR) is a variant of Support Vector Machine (SVM) that tries
to find a hyperplane that separates the data points in the best way possible. The SVR and
SVM are similar techniques but SVR handles regression problems and tries to predict values
for datapoints, whereas SVM handles classification problems and tries to fit the hyperplane
to separate the data points to different classes (Rahman et al., 2023). SVR is a kernel method,

meaning that it can enable learning algorithms to work with multi-dimensional feature space
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where relationships between the features are not linearly separable (Bardsiri and Mohsen,
2014). According to Oliveira (Oliveira, 2006) kernel methods have outperformed more
simple techniques such as classification and regression in various problems. SVR strength
is the fact that due to the kernel flexibility it’s able to handle non-linear relationships well,
however like other learning algorithms by enabling flexibility the risk of overfitting
increases (McKearnan et al., 2023). SVR also uses only a subset of data to train the model
which may lead some important information left out from the models construction, leading

to a decrease in accuracy (Yan et al., 2018).

Bayesian Networks are probabilistic graphical models. Bayesian networks use Bayesian
inference to compute and calculate probabilities and dependencies of different outcomes
based on different variables and their states. In use case of software cost estimation it consists
of nodes that represent the different variables or cost drivers, and edges the represent the
dependencies between these variables (Chirra and Reza, 2019). Bayesian networks are great
at handling uncertainty as it uses probabilistic approach. It’s also transparent in how it works,
and it can dynamically update the prediction as new data becomes available. However to
effectively calculate the probabilities and dependencies it requires large amount of high

quality data (Stamelos et al., 2003).

Ensemble Techniques are techniques that consist of multiple ML techniques in a single
model. Ensemble techniques can be divided into homogeneous and heterogeneous methods.
Homogeneous methods combine the results of single-type learners whereas heterogeneous
methods use at least two diverse base learners to come to a prediction (Maher and Alneamy,
2022). The main logic behind using ensemble methods is to balance the strengths and
weaknesses of different methods, leading to a model where each method can aid in
cancelling the errors made by the other models. By using for example a random forest we
can limit the overfitting problem and increase generalization compared to an individual

decision tree (Mahmood et al., 2022).



Algorithmic Methods
COCOMO

Function Point Analysis (FPA)

Non-algorithmic methods
Expert Judgment

Planning Poker

Learning oriented models
ANN

Decision Trees

Bayesian Networks

Support Vector Regression

Ensemble Technique

Pros

- Scalable

- Widely used and accepted
- Language-independent

- Focuses on functional
requirements

- Good for large projects

- Fast and flexible

- No data required

- Leverages professional
experience

- Collaborative and engages the
team

- Suitable for agile projects

- Encourages shared
understanding

- Handles complex non-linear
relationships

- Improves as more data is
provided

- Highly adaptable

- Simple to understand and
visualize

- Handles numerical and
categorical data

- Models non-linear relationships
- Models uncertainty and
probabilistic reasoning

- Flexible and updates with new
data

- Effective with high dimensional
data

- Works well for non-linear data
- Robust to overfitting

- Improved accuracy over single
models

- Less prone to overfitting

- Versatile and applicable to
various domains
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Table 2. Pros and cons of estimation methods.

Cons

- Requires historical data

- Overly simplified assumptions
- Subjective counting process

- Time-consuming

- Limited to functional aspects

- Lacks focus on non-functional
requirements

- Highly subjective

- Inconsistent results

- Can be inaccurate without sufficient
expertise

- Time-consuming process

- Inconsistent estimates depending on
team dynamics

- Requires large data sets

- Computationally expensive and
complex

- “Black-box” model, hard to interpret

- Prone to overfitting

- Computationally intensive
- Needs large amount of data to be
accurate

- Requires complex tuning
- Difficult to interpret

- Computationally expensive

- Less interpretable

- Complex to train and maintain
multiple models

The choice of cost estimation method ultimately depends on factors such as available data

and the nature of the project. Certain unique projects might require experienced professionals

to make the estimation instead of leveraging Al Therefore, it’s important to have a thorough

understanding of different methods and their strengths and weaknesses (Table 2) to know

which methods to apply in different projects and situations.
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4.2 Comparative Analysis of Methods / Performance of AI models

The vast number of different methods can make choosing the right model a troubling task.
Each method brings its strengths and limitations to the table but in the end, the practical
value of the model ultimately depends on the ability to make accurate estimations in a real-
world projects. In this section an overview of the state of research about the topic is
presented. By analyzing different methods, their performance, strengths and weaknesses
and practical use cases, this section aims to synthesize and highlight the key findings in the

literature around software cost estimation.

4.2.1 Performance Metrics

In the literature several different performance metrics to judge the accuracy of a model are
used. Most used metrics include MMRE (Mean Magnitude of Relative Error) and MAE
(Mean Absolute Error). Other metrics such as MSE (Mean Squared Error), RAE (Relative
Absolute Error) and RSE (Relative Squared Error) are also used in the literature. These
metrics aim to estimate the error margin between predictions and actual values but they differ
slightly in how they handle and emphasize different types of errors in predictions (Rashid
et al., 2023). For example MSE squares each error leading to a more penalizing results for
a model with larger deviations compared to MAE. Another performance metrics used in
multiple studies is pred(25) which measures what percentage of predictions was at most 25%
off from the actual values (Kocaguneli et al., 2010). While these metrics are commonly used
to measure performance of ML models, some studies (Fernandez-Diego et al., 2020) also
use metrics like MMRE and pred(25) to measure the accuracy of expert estimations. Most
studies combine multiple of these metrics to gain more extensive understanding about the

performance of different models.

4.2.2 Performance of ML models

In the literature around software cost estimation Al-based methods demonstrated improved
accuracy compared to traditional methods in most of the studies (Table 3). In comprehensive

analysis of machine learning methods Ali and Gravino (Ali and Gravino, 2019) found out
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that the best performing ML methods were ANN, SVM and Decision Trees. However results
varied between different studies and concluding any of the methods as being the best could
not be done. Another similar comprehensive analysis (Rashid et al., 2023) found that the
best performing ML models are regression, ANN and fuzzy logic, once again sometimes

outperforming each other across studies.

While SLRs offer a valuable insight into the overall picture, individual studies provide more
context specific and detailed comparison and help to understand how differences in project

size, training process and the dataset used affect the model performance.

Study by Rahman et al. (Rahman et al., 2023) supports the results from Ali and Gravinos
study. Rahman et al. built SVR, K-nearest neighbor and decision tree models to compare
their accuracy in effort estimation and they found that decision tree was the best performing
model in three different performance metrics (MSE, MAE, R”2). With SVR being the

second, outperforming K-nearest neighbour in two of the three performance metrics.

In a study conducted by Kocaguneli et al. (Kocaguneli et al., 2010) various Al techniques
and seven different datasets were used to build learning based cost estimation model for a
bank. The study demonstrated that the dataset used in the training process of the model
affected significantly on the performance. The MMRE of SVR model varied between 36%
and 479% between different datasets. After the initial results, expectation maximization
algorithm was used to create clusters that include only the best fitting projects and cost
drivers. This improved the performance of the model to a MMRE of 20-41%. Making the
SVR with clustering improve the pred(25) value from 25% to 68% (Kocaguneli et al., 2010).

Many studies also highlight the potential of utilizing ensemble model approaches to further
improve prediction accuracy. For example Maher and Alneamy (Maher and Alneamy, 2022)
built an ensemble model that used six different base learners: K-nearest neighbor, SVR,
23ayesian regression, linear regression, random forest and multilayer perceptron. They then
used random forest as a meta learner to make a prediction out of the outputs of the base
learners. They found that while the MMRE with individual learners varied between 0.04 and
1.65 and pred(25) was between 19% and 95%. The stacked ensemble model produced
MMRE of 0.03 and pred(25) of 98%, leading to significant improvement compared to
individual models. (Maher and Alneamy, 2022)
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4.2.3 Comparison Between ML and Non-ML Methods

An analysis of how these ML methods compare to non-ML methods shows that in the study
by Ali and Gravino (Ali and Gravino, 2019), ANN, SVM, genetic programming and
Bayesian networks all outperformed COCOMO at least in one study, whereas none of the
studies showed COCOMO outperforming any of the ML methods (Ali and Gravino, 2019).
The study by Rashid et al. (Rashid et al., 2023) had similar results showing that regression,
ANN, fuzzy logic and multiple other ML methods outperformed COCOMO 11, whereas
COCOMO 1T only outperformed COCOMO.

Review by Fernandez-Diego et al. (Fernandez-Diego et al., 2020) compared the estimation
methods in agile environments and found that expert estimation methods were by far the
most used methods in agile and they outperformed machine learning based methods in
multiple studies. The mean MMRE for planning poker across these studies was 0.41 and
0.22 for expert judgment, whereas for ANN it was 0.23 and for other machine learning
models 0.58. The median MMRE for expert judgment was 0.22 and for ANN 0.12. In the
studies that measured performance with pred(x) machine learning models outperformed the
expert-based methods. The MMRE range between studies was significantly higher in ML
based methods than for expert-based methods. For planning poker the range was 0.07-1.07,
for expert judgment 0.12-0.33 and for ANN 0.03-1.58 and other ML models 0.06-2.04.
(Fernandez-Diego et al., 2020)



Table 3. Key results of studies.
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Models
Study / SLR Evaluated MMRE Range pred(25) Notes
- Comprehensive SLR across 52 studies.
Rashid et al. (2023) 18+ models N/A N/A - Regression, ANN and Fuzzy Logic
best performing
Kocaguneli et al. SVR 020 -0. 41 66_72% Only SVR tested; clustering improved
(2010) performance
Decision Tree - Decision tree outperformed others
Rahman et al. (2023) SVR. KNN ’ N/A N/A across three metrics.
’ - Decision Tree MSE 20.54 MAE 1.649
. - Compared estimations from
NLP->ANN, Model: 0.408 = NLP->ANN model to human
Tonescu & V.-S. 1.31 . .
human N/A estimations on two different datasets.
(2017) . Human: 0.422 — . .
evaluation 0.554 - Human estimation more accurate on
’ average.
SVM:
SVM: 0.473 — 33- 0.08 — - Comprehensive SLR across 75 studies.
. . 9 different ML 39 80.5% - ANN and SVM best performing
Ali & Gravino (2019) models ANN: 0.1 — ANN: 0.1 - ML techniques mainly outperformed
109.96* - Non-ML
94.449*
Solo
. median - Comprehensive SLR across 35 studies.
Multiple Sol dian 0.28 54 - Use of ensemble methods generall
Mahmood et al. different solo 0'0 median ©.26- ) . & y
0.29 72.09% improve accuracy
(2021) and ensemble . A . .
odels tested Ensemble median Ensemble - Rad}al Basis Function best solo
0.14-0.16* median technique
70-
72.85%
Planning poker: Planning
Expert based 0.07-1.07 poker: {):SI;I; ::ghf)(g:?;red expert- vs data
Fernandez-Diego et methods, Expert judgment: 33-83% acile environment
al. (2020) Data based 0.12-0.33 ML: & )
- ANN outperformed expert-based
methods ML: 0.06-2.04 38.1- methods. Expert judgment second
ANN: 0.03-1.58*  100* - Expert judsg
- Models were measured on five different
performance measures on two
different datasets. (no MMRE or
Al Asheeri & 13 different ML N/A N/A pred(25))*
Hammad (2019) models - Random Forest performed best on
the first dataset
- Additive regression and Kstar scored
best results with second dataset
- Custom ensemble model used results of
five different base learners
Maher & Alneamy Custom 0.14 90% (KNN, SVR, Random Forest, Bayesian
(2022) Ensemble model . . .
regressor, linear regression) with
Random Forest as a meta-learner
- MRE with COCOMO 3.75-77.48 with
Rijwani & Jain ANN, N/A N/A average of 41.64
(2016) COCOMO 11 - MRE with ANN 0.4-81.5 with average

of 14-48
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- ANN significantly outperformed
cocomoI

- Built an ensemble model by combining
Use Case Point, Expert Judgment

. Custom and ANN.
Alietal. (2023) Ensemble model N/A N/A - Proposed ensemble model provided
better performance than single
models.

*: Results for other models or iterations can be found in the respective study.

4.2.4 Summary of Findings

The results indicate that Al models, especially ANN, SVM and ensemble methods generally
outperform traditional methods and many of the other machine learning based methods in
terms of accuracy when measured in metrics like MMRE and pred(25). There is still
significant variation between studies due to factors such as dataset selection. Expert based
estimation methods still remain effective in agile environments leading to more accurate

estimations than most ML based methods.
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5 Discussion

Software cost estimation is a complex part of project planning and management and it’s
influenced by many factors such as the choice of model, training dataset and feature

selection.

5.1 Data and Model Selection

In evaluating different methods for software cost estimation, comparing results from past
studies gives a great insight into the performance of each method. However, it’s important
to note that no single method is superior to one another in every use case. Applicability and
performance of different methods rely heavily on the quality and the amount of training data
and the characteristics of the project (Rashid et al., 2023). As the results show, the literature
doesn’t have a consensus of the best model as different studies have gotten different results

and the reasons for this are multifaceted.

The biggest factor in the performance of a single model is the quality and amount of training
data (Rashid et al., 2023). In the literature there are some commonly used datasets with
varying numbers of cost drivers and included projects. The most common ones are ISBSG,
COCOMOII, Nasa93, Kitchenham datasets(Rashid et al., 2023). Some of the datasets are
publicly available and some of them require a license to use. Study by Maher and Alneamy
(Maher and Alneamy, 2022) even recommended not using publicly available datasets as they

are often outdated and not maintained. Whereas dataset such as ISBSG is.

As shown by Kocaguneli et al. (Kocaguneli et al., 2010) the choice of dataset can
significantly affect the performance of the model. The seven different datasets produced
different results in MMRE varying between 36% and 479%. This highlights the significance
the dataset decision and feature selection has for models performance and highlights the fact

that a certain model might have highly different results between individual studies.

Another important point to notice is that while most of the studies use widely used and
available datasets some of the studies (Ionescu, 2017; Kocaguneli et al., 2010) use also

private company specific datasets that are not publicly available for inspection. Utilization
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of own domain specific datasets can lead to improved performance of the models as the
characteristics of the projects being estimated aligns better with the models’ training data.
While comparing the results of these studies is possible, drawing conclusions about accuracy
of certain method may not be valid in direct comparisons with other studies. As the study by
Kocaguneli (Kocaguneli et al., 2010) shows in the 36-479% MMRE range the banks own
dataset reached MMRE of 41%.

Even if the dataset had perfect characteristics for certain use case, the model- and feature
selection remains crucial for achieving accurate estimation. For example, certain methods
like decision trees are prone to overfitting with smaller datasets making it crucial to consider
the available dataset when choosing a model. On top of this a proper feature selection can
have an impact on the result as including irrelevant features can generate noise into the

model. (Poole and Mackworth, 2023)

For feature selection Kocaguneli et al. (Kocaguneli et al., 2010) used a wrapper algorithms
that considers all combinations of features and selects the one leading to lowest error rate.
This kind of feature selection strategy can be effective to improve the accuracy of the model,

by focusing on the most relevant features, while eliminating the irrelevant ones.

On top of selecting the appropriate features also different models use different types of
tuning that can affect the accuracy of the model. This is important in both ML and non-ML
methods. For example with COCOMO adjusting the weights of different cost drivers can
lead to significant changes in accuracy, and with ANN tuning the bias and learning rates can

lead to different results. (Rashid et al., 2023)

5.2 Challenges in Method Comparison

As all these factors vary between different studies it’s impossible to make any definitive
conclusions based on individual studies. Many of them don’t include direct comparisons
between ML methods and traditional methods and results to compare them might be
scattered around a number of studies. Similar problem can be found from studies that
compare different ML methods with each other. Study by Rahman et al. (Rahman et al.,
2023) compared SVR, KNN and decision tree with each other but didn’t include comparison



29

against ANN which seems to be the best performing ML model in numerous studies.

Therefore, it’s important to focus on key trends across studies when making any conclusions.

Reviews done during the last decade gives a great insight. They show that across studies
machine learning based methods tend to outperform traditional cost estimation methods (Ali

and Gravino, 2019; Mahmood et al., 2022; Rashid et al., 2023).

It's worth noting that while the results might lean towards machine learning based methods
in these studies, in practice the results may differ. As popularity of agile methodologies has
been in rise since 2001 it’s important to also compare the performance of these methods in
agile environments, and take this into account when choosing a method. As the results by
Fernandez-Diego et al. (Fernandez-Diego et al., 2020) show that in agile environments
expert-based methods are still worthwhile options, and might end up outperforming the

estimations given by Al methods.

5.3 Future Trends

The trend in the literature has moved towards suggesting different ensemble models as they
have shown increase in predictive accuracy compared to standalone methods. Ensemble
models combine strengths of different methods while aiming to minimize the limitations of
each other (Mahmood et al., 2022). Example of this is the study by Maher and Alneamy
(Maher and Alneamy, 2022) as well as study by Ali et al. (Ali et al., 2023) where three
different stand alone estimation methods were used in conjunction. They chose UCP (use
case points), expert judgment and ANN, as they noted that UCP is good for predicting size
and complexity whereas ANN is proven to be accurate in predicting the effort from size and
complexity. Expert judgment can provide context-specific knowledge to the estimation. The
ensemble model built from these showed improved accuracy compared to standalone

models. (Ali et al., 2023)

It’s important to notice that whereas most machine learning based methods rely on the
datasets and features included within them, expert-based methods can also utilize qualitative
data such as functional requirements and user stories, which are big part of agile
development planning. With recent advancements in natural language processing (NLP) and

emerging of large language models (LLM), there has been studies with ML based methods
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that include NLP to analyze unstructured data such as requirements descriptions, or other
textual description of the work. A study by Carpenter et al. (Carpenter et al., 2024) trained
GPT3.5 model with three different software project datasets to give estimation on natural
language description of a project. They compared their model to outputs given by KNN-
regression-, linear regression- and SVM models and the LLLM based method outperformed
the other methods on two datasets and was the second best after KNN regression on the third
dataset (Carpenter et al., 2024). Such advancements in NLP technologies and LLMs signify
transformation in how machine learning approaches could be used in the future to better
utilize qualitative and quantitative data to give better estimations and make the estimation
process more user friendly for humans, as they can utilize available unstructured data such

as requirements descriptions, user stories and even stakeholder interviews.

Tools powered by LLLMs such as Chat GPT, Open Al Codex and GitHub Copilot have
already demonstrated the ability to streamline coding task and increase developer output by
automating tasks such as debugging and generating code from natural language description.
Models trained with older datasets might lose their predictive accuracy as the dataset-based
assumptions become less relevant. For example, models that calculate the effort based by
the number of lines of code can become obsolete as these metrics shift by AI adoption.
Similar effect might happen with some methods that measure time required to develop a
project, as with LLMs and other Al tools similar tasks can be done significantly faster than

in the past projects.
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6 Conclusions

This thesis explored the utility of machine learning assisted software cost estimation
methods, comparing the effectiveness and accuracy of them against more traditional
methods. The aim was to analyse the advantages and limitations of different estimation

methods and help make decisions, based on the relevant literature around the topic.

The thesis was motivated by the growing adoption of Al in software development processes
and the increasing complexity of projects that introduce difficulties to use traditional

methods to accurately estimate the costs.

The main research question examined how ML-based cost estimation methods compare to
traditional ones. The study found that ML-based cost estimation methods, particularly
artificial neural networks, and different ensemble models generally outperformed traditional

methods as well as other standalone ML models.

Regarding the first sub-question, the most used ML-based cost estimation methods are
artificial neural networks, ensemble models and regression-based models, as they have
demonstrated their effectiveness in capturing complex non-linear relationships and

providing cost estimations with improved accuracy.

Regarding the second sub-question, the results showed significant variability between
individual studies highlighting the importance of high-quality datasets, proper training
process, and the possible need to customize the model in order to achieve accurate
estimations with ML-based methods. The different ML models can also be hard and resource
intensive to build, train and interpret. They do however offer reduced bias, ability to process
complex non-linear relationships and large datasets as well as a way to identify patterns

between projects leading to potential for increased accuracy.

These results suggest that ML-based methods have the potential to improve the cost-
effectiveness of software projects as well as prevent project failures. There is still need to do
further research on different ensemble methods and utilization of other tools provided by Al
such as LLM’s to make the cost estimation even more precise and effortless. It’s also
important to test these methods in agile environments as iterative development has become

the dominant approach in the real world software development.
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