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zastosowań metod optymalizacji wielokryterialnej oraz uczenia maszynowego w planowaniu projektów 

informatycznych. Wykazano przy tym istotne luki badawcze w zakresie metod planowania nadgodzin o 

charakterze interaktywnym oraz metod uwzględniających preferencje. Aby je wypełnić, opracowano 

model predykcyjny wykorzystujący regresję lasu losowego optymalizowaną przy użyciu zachłannego 

algorytmu przeszukiwania siatki (greedy halving grid search).  Model predykcyjny wytrenowano na 

nowo stworzonym zbiorze danych zawierającym plany nadgodzin, oznaczone przez ekspertów, 

pochodzące z sześciu rzeczywistych projektów informatycznych. Model ten wykazał wyższą 

skuteczność we wszystkich analizowanych metrykach i utrzymywał wysoką dokładność predykcji przy 

różnych poziomach złożoności projektów. Algorytm ML-iMOSFLA został empirycznie porównany z 

klasycznym algorytmem MOSFLA oraz wariantem tego algorytmu wymagającym udziału człowieka 

(Human-in-the-Loop). Wyniki pokazały, że algorytm ML-iMOSFLA przewyższa metody bazowe 

zarówno pod względem wartości uzyskiwanych przez obiektywne wskaźniki jakości, jak i subiektywnej 

zgodności z preferencjami kierowników projektów, jednocześnie istotnie ograniczając konieczność 

ciągłej interakcji człowieka. Uzyskane rezultaty potwierdzają zasadność integracji uczenia 

maszynowego z interaktywnymi środowiskami optymalizacji dla celów planowania nadgodzin w 

projektach informatycznych. Integracja ta daje możliwość skalowalnego, efektywnego i zgodnego z 

potrzebami człowieka podejścia do planowania projektów. 

Summary of doctoral dissertation in English: 

The persistent challenge of project overruns in software development has underscored the need for 

more adaptive and human-centric planning methodologies. This thesis addresses the limitations of 

conventional search-based software overtime planning (SOP) approaches, which often neglect the 

subjective preferences of project managers, by proposing a novel machine learning–based interactive 

multi-objective optimization framework. The thesis introduces ML-iMOSFLA, an interactive multi-

objective shuffled frog-leaping algorithm that integrates a random forest regression model trained on 

expert-annotated overtime plans to guide the optimization process toward solutions that are not only 

objectively optimal but also preferred. A comprehensive systematic mapping study was conducted to 

assess the current landscape of multi-objective optimization and machine learning applications in 

software project planning, revealing significant gaps in interactive and preference-aware software 

overtime planning methods. To address these gaps, the thesis develops a predictive model using a 

greedy halving grid search–optimized random forest regression, trained on a novel dataset of annotated 

overtime plans derived from six real-world software projects. The model demonstrated superior 

performance across multiple regression metrics and maintained high predictive accuracy across varying 

project complexities. The ML-iMOSFLA algorithm was empirically evaluated against traditional 

MOSFLA and a Human-in-the-Loop variant. Results showed that ML-iMOSFLA consistently 

outperformed baseline methods in both objective quality indicators and subjective alignment with PM 

preferences, while significantly reducing the need for continuous human interaction. These findings 

affirm the viability of integrating ML into interactive optimization frameworks for SOP, offering a scalable, 

efficient, and human-aligned approach to software project planning. 

 
*delete where appropriate 
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EXTENDED ABSTRACT IN ENGLISH 

 
This doctoral thesis presents a novel framework for software overtime planning (SOP) that integrates 

machine learning (ML) with interactive multi-objective optimization to address persistent challenges in 

software project management, particularly the misalignment between algorithmically optimal solutions 

and project managers’ (PMs) subjective preferences. The research is motivated by the limitations of 

existing search-based SOP methods, which often produce technically sound solutions but lack practical 

usability due to their disregard for human-centric decision-making. 

This study conducted a systematic mapping of 71 high-quality studies across software effort estimation 

(SEE), software project scheduling (SPS), and SOP. This mapping revealed that while multi-objective 

optimization (MOO) and ML have been extensively applied in SEE and SPS, SOP remains 

underexplored, especially in interactive contexts. Notably, only four studies addressed SOP using MOO, 

and none incorporated ML or preference-aware optimization, highlighting a significant research gap. 

To address the gap, the thesis introduces ML-iMOSFLA—a Machine Learning–based Interactive Multi-

Objective Shuffled Frog Leaping Algorithm. This algorithm integrates a Random Forest Regression 

(RFR) model trained on a novel dataset of 1,622 annotated overtime plans derived from six real-world 

software projects (ACAD, WEBMET, PSOA, WEBAMHS, PARM, OPMET). The dataset was 

constructed through expert annotation by 20 PMs, with outlier removal performed using a clustering-

based approach. The RFR model was optimized using a novel greedy halving grid search (gHGS) 

method, which significantly enhanced its predictive performance and computational efficiency. 

Compared to other ML regression models, including linear, kernel-based, neural network, and gradient 

boosting regressors, RFR achieved the best average performance in terms of mean absolute error, 

mean square error, root mean square error, mean magnitude of relative error, and R-squared metrics 

across the six datasets. This formed the basis for its selection in building the interactive model.  

Moreover, the RFR-gHGS model achieved substantial improvements over the baseline RFR model and 

RFR optimized with the benchmark hyperparameter optimization methods, including grid search (GS), 

random search (RS), Bayesian optimization (BO), and the original HGS. The model also maintained 

stable predictive accuracy across increasing project complexity with Adjusted-R2 values ranging 

narrowly from 0.87 to 0.91, underscoring its better scalability compared to the ordinary RFR model 

(Adjusted-R2 values ranges from 0.57  to 0.86). 

The ML-iMOSFLA algorithm was evaluated through three levels of experimentation. In standalone 

validation, it produced solutions with low error rates and high alignment with PM preferences, with 

45.71% to 64.06% of PMs ranking its top solution as their first choice. Compared to the baseline 

MOSFLA, ML-iMOSFLA outperformed in contribution, inverted generational distance, and hypervolume 

indicators, and produced superior results in interactive performance metrics, including Multi-objective 

Similarity Degree (MoSD), Similarity Factor (MoSF), and Price of Preference (MoPP). When 

benchmarked against a Human-in-the-Loop variant (HIL-iMOSFLA), ML-iMOSFLA matched or 
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exceeded performance at higher iteration levels (150–200), while eliminating the need for continuous 

human interaction. 

Key findings from the study include the following: 

1. The baseline RFR model demonstrated strong predictive performance but showed sensitivity 

to project complexity, which was effectively mitigated through gHGS optimization. 

2. The RFR-gHGS model consistently outperformed other ML models and hyperparameter tuning 

methods in both accuracy and computational efficiency. 

3. ML-iMOSFLA produced more preferred solutions than traditional MOSFLA and achieved parity 

with HIL-iMOSFLA at higher iterations, validating its ability to replace continuous human 

feedback.  

4. The framework proved scalable and adaptable across diverse project environments, 

maintaining high solution quality and preference alignment. 

In conclusion, this thesis advances the field of Search-Based Software Project Management (SBSPM) 

by demonstrating the feasibility and effectiveness of ML-driven interactive optimization for SOP. The 

proposed framework offers an efficient and project manager-aligned solution to one of the most pressing 

challenges in software project management—delivering projects on time, within budget, and with high 

quality. Future work may explore its extension to Agile environments, dynamic learning models, and 

broader applications in resource-constrained project planning. 
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CHAPTER 1  INTRODUCTION  

Software engineering employs systematic methods for developing software. According to IEEE 

standard [1], it is “the application of a systematic, disciplined, and quantifiable approach to software 

development, operation, and maintenance.” The process includes converting user needs into software 

requirements, translating those requirements into design, implementing the design through coding, 

testing the code, deploying the software, and maintaining the product throughout its lifecycle. The 

objective is to develop software that is rapidly built, cost-efficient, easily testable, dependable, scalable, 

and maintainable [2].  Therefore, software development projects require effective management and 

planning to improve the outcome of software processes. Inappropriate planning and/or poor 

management can cause unnecessary delays and increased overhead costs, resulting in durations and 

budgets that are often unacceptable, which can in turn lead to critical business failures.   

Software Project Management (SPM) involves several activities critical to a software project’s 

success. Such activities include, among others, cost/effort estimation, project planning, resource 

allocation, quality management, and risk management [2,3]. To improve software production processes, 

these activities often occur in approximately all software lifecycle stages [4]. Nevertheless, several 

studies have reported a strong link between the success of software projects and management activities 

conducted at the planning stage [5–7]. This is because significant decisions that affect the subsequent 

stages are made at that stage. Therefore, developing effective project planning methods is essential to 

delivering successful software projects. Software Project Planning (SPP) is a field in SPM that seeks to 

design methods for executing and controlling the progress of software development processes to 

guarantee timely delivery and reduced cost while maintaining the required quality [5,8,9]. It involves a 

number of interdependent tasks (major tasks depicted in Figure 1.1) that must be completed to produce 

a schedule plan and roadmap for executing the software project [4,10]. The size estimation is pivotal in 

assessing other activities, such as cost (effort) estimation and development time estimation. Resource 

allocation requires that cost and time estimation be completed, which, along with development time, is 

necessary to build a schedule for software projects. 

The complexity of software projects underscores the importance of using computer-aided tools 

or methods for effective planning, as research shows that 60-80% of software development projects are 

completed late [11,12]. As an optimization problem, SPP has garnered significant interest from Search-

Based Software Engineering (SBSE) researchers over the past decades, particularly through the 

application of metaheuristic optimization algorithms to develop project planning tools and methods [13–

17]. However, when these tools prove inadequate or the project experiences unforeseen ‘mission creep’ 

as a result of time constraints and/or late requirement changes, Project Managers (PM) frequently 

depend on overtime allocation [2]. According to a recent report by Statista [18], more than 50% of 

developers experience unplanned accumulated overtime up to two days a month, as depicted in Figure 

1.2. Moreover, excessive overtime has been consistently reported to result in heightened stress levels 

among developers [19–22] and in the production of low-quality software [23–27]. Due to this, studies in 
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search-based SPP consider integrating overtime allocation into the project schedule to mitigate 

potential uncertainties or risks of failure during the software development process.  

 

 

Figure 1.1.  Major tasks in SPP and their relationships [28] 

 

 
Figure 1.2.  Frequency of developers working overtime as of 2020. Source:  [18] 

In SPM, several Overtime Management Strategies (OMS) are deployed to mitigate project 

overrun risks. Ferrucci et al. [21] reported three industry-based OMS widely used by PMs: MARgarine 

(MAR), Critical Path Management (CPM), and Second Half (SH) strategies. MAR evenly distributes 

overtime hours across all activities in the project schedule. It adopts a structured approach, which is 

planned a priori and based on a balanced workload. However,  it is not effective when the deadline is 

critical. In CPM,  overtime hours are assigned only to the activities covered by the schedule's critical 

path. It employs a more focused approach, prioritizing critical path tasks. It is applicable only when 

critical tasks are clearly defined in the project schedule. SH uses a more dynamic and reactive approach 
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by loading overtime hours only onto the activities in the latter half of the schedule. Considering research 

in Software Overtime Planning (SOP), recent studies have approached it as a multi-objective 

optimization problem that incorporates the side effects of overtime as objectives [21,22,29,30]. The 

studies deployed search-based multi-objective meta-heuristic algorithms to find optimal overtime plans 

and compare their results with industry-based OMS strategies. The insights derived from the equally 

good solutions (overtime plans) produced by these algorithms provide PMs with more flexibility in 

managing overtime in software projects than conventional practices [22,29].  

While the planning of overtime is contingent upon the project management methodology adopted 

in software development, Agile methodologies have emerged as the predominant approach within the 

field, as evident in the literature [31–33]. Nonetheless, the scalability of Agile practices for large-scale 

software development teams remains a significant challenge, primarily due to certain demotivating 

factors identified in prior studies [34,35]. This obstacle has recently influenced the adoption of Agile 

strategies in the planning of extensive software development projects. The traditional approach remains 

in use in numerous countries and organizations, particularly in Asia and Africa. In light of these 

observations and the difficulties encountered in accessing datasets related to Agile-based software 

projects, this study concentrates on planning overtime within the framework of the classical 

development methodology. 

1.1 Research Problem 

State-of-the-art SOP methods incorporate overtime allocation directly into the project schedule, 

balancing optimal overtime, makespan, costs, and risk of overruns. They often use multi-objective 

search-based optimization techniques, such as NSGA II [36,37], memetic MOSFLA [30], and Adaptive 

NSGA II [38]. These algorithms provide suitable solutions for PMs to aid their decisions in overtime 

planning without considering their subjective preferences. Additionally, they generate many equally 

optimal solutions, which may necessitate further decision-making analysis, such as Multi-Criteria 

Decision Making (MCDM). Existing research has demonstrated that relying solely on explicit solutions 

provided by automated tools for software engineering problems is not a practical approach [2,38,39]. 

PMs usually prefer to follow their own judgments about the appropriate solutions because managing 

software projects involves implicit, subjective decisions that automated tools cannot fully handle. This 

has limited their application in software project management environments. Therefore, there is a need 

for interactive overtime planning approaches that can bridge the gap between algorithm effectiveness 

and real-world application. 

   There are studies in the literature on interactive multi-objective optimization techniques that 

combine search-based optimization with real-time DM feedback in software engineering problems such 

as requirement engineering, design, testing, refactoring, and maintenance [39–44]. These studies 

modeled the interactions between search algorithms and DMs as either direct or semi-indirect. In direct 

interaction, the human-in-the-loop (HIL) method is used, and the DM provides feedback at each 

optimization step to guide the algorithm toward preferred regions or solutions. In semi-indirect 
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interaction, the DM provides initial solutions, and the search algorithm finds the optimal solutions closest 

to those specified by the DM. These interactions could lead to severe and overwhelming fatigue due to 

a prolonged physical involvement of the DM  in guiding the search for an optimal solution. Additionally, 

accurate modeling of DM preferences, particularly the subjective ones,  remains a persistent problem 

in interactive multi-objective optimization. There is a need for an interactive approach capable of 

modeling the subjective preferences of DM without prolonged physical involvement, thereby ensuring 

indirect interaction.  

In this thesis, a framework is designed to fill the identified gaps by incorporating a machine 

learning model trained on DM’s preferences into the optimization steps of a search-based multi-

objective evolutionary algorithm. Machine learning has been recognized as an effective approach to 

enhance SBSE across different applications [45–47].   Furthermore, to the best of my knowledge, no 

research has been conducted on the development of interactive search-based optimization methods 

within SPP, particularly in the context of overtime planning. Therefore, this study proposes an interactive 

multi-objective optimization framework applied to software overtime planning, integrating a memetic 

search-based optimization algorithm and a Machine learning predictive model to produce solutions that 

simultaneously optimize explicit objectives, satisfy constraints, and satisfy the PM's preferences. 

1.2 Motivation and Justification of the Research Problem 

State-of-the-art approaches in SOP have largely relied on multi-objective evolutionary 

optimization approaches [21,22], [29], and multi-objective memetic optimization algorithms [30] to 

achieve an optimal allocation of overtime that yields a more balanced project schedule compared to 

existing OMS.  However, despite the technical advancements these methods offer, their adoption in 

real-world software project environments is limited due to usability issues and a lack of integration with 

the subjective judgment of PMs. 

Recent successes in interactive optimization problems within software engineering have 

demonstrated that the synergetic combination of machine learning models with multi-objective 

optimization algorithms can significantly enhance solution quality and relevance [39,40,44,48]. This 

work will extend the state-of-the-art in overtime planning by incorporating PM subjective judgment into 

the optimization process of search-based meta-heuristic algorithms using machine learning models. 

Motivated by these outcomes, this research proposes an extension to the current state-of-the-art by 

developing an interactive machine learning–based framework that not only optimizes overtime 

allocation but also incorporates PMs’ subjective judgments directly into the optimization process. This 

integration is expected to bridge the gap between algorithmic efficiency and practical usability, as it 

allows PMs to adjust and guide the search process according to context-specific criteria, ultimately 

resulting in solutions that are both optimal and practically acceptable. 

By explicitly embedding PM insights into the multi-objective optimization loop, the proposed 

framework aims to produce overtime allocation plans that better reflect real-world software projects' 

complexities and dynamic priorities. This interactive approach not only promises to enhance the overall 
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decision-making process but also to facilitate broader adoption in practice, where human judgment and 

contextual expertise remain indispensable. 

1.3 Research Objectives 

This thesis aims to develop a machine learning-based interactive multi-objective algorithm (ML-

IMA) for optimal overtime planning in software development projects. 

The specific objectives for achieving the aim are to: 

1. Conduct an extensive systematic literature review on the application and integration of 

multi-objective optimization algorithms and machine learning in SPP 

2. Design a machine learning-based  interactive multi-objective optimization framework for 

incorporating DM’s subjective preferences 

3. Develop a machine learning predictive model for estimating the PM’s subjective evaluation 

of overtime allocations 

4. Develop an interactive Multi-Objective Shuffled Frog-Leaping Algorithm (iMOSFLA) that 

integrates the developed machine learning model built in (3) for optimizing SOP 

5. Empirically evaluate the developed interactive multi-objective optimization algorithm on 

different software development projects 

1.4 Research Questions 

Reflecting on the research objectives and focusing on how a machine learning model can 

effectively substitute for continuous human-in-the-loop feedback in overtime planning for software 

projects, the following research questions are posed: 

RQ1.  How effectively can a machine learning predictive model capture and replicate project 

managers’ subjective preferences in overtime planning? 

This question examines the model’s ability to learn from historical decisions and reflect the 

nuanced judgment of PMs. 

RQ2. To what extent can the integration of a machine learning model into an interactive multi-

objective memetic optimization algorithm replace continuous human-in-the-loop interaction? 

This question examines whether the machine learning model can autonomously guide the 

optimization process without requiring ongoing manual intervention. 

RQ3. How do overtime planning solutions generated by the machine learning-based interactive 

optimization approach compare with those developed through traditional human-in-the-loop 

methods in terms of project overtime,  cost, and quality metric? 

This question aims to evaluate the technical performance and practical outcomes of the 

proposed approach against conventional practices. 
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RQ4. How scalable and adaptable is the proposed machine learning–driven optimization framework 

when applied to diverse software development project environments? 

This question examines the framework's ability to accommodate varying project complexities 

and requirements. 

1.5 Organization of the Thesis 

The remaining part of the thesis is organized as follows:  

Chapter two focuses on a review of the state-of-the-art in software overtime planning. It discusses 

important terminologies in software project management and reports the systematic mapping study 

carried out on the application of machine learning and multi-objective optimization in software project 

planning. The chapter concludes by analyzing closely related work in comparison with the proposed 

approach in this thesis.  

Chapter three presents the methodology followed in the realization of the research objectives. 

Firstly, it describes the proposed machine learning-based interactive multi-objective optimization 

framework and discusses how the framework is adapted to SOP. It also presents the procedure of a 

specific interactive algorithm: ML-iMOSFLA, designed for optimal and preference-respecting overtime 

planning in software projects. The chapter also describes the software data used for evaluation and 

concludes with the definition of performance metrics used. 

Chapter four focuses on the empirical evaluation of the ML component of the proposed algorithm. 

It discusses the steps followed to produce training datasets for building ML models for overtime 

estimation. Furthermore, it presents the results of various ML models on the produced dataset, the 

designed greedy halving grid search hyperparameter optimization method, and its performance 

comparison against the benchmarked hyperparameter tuning methods. The chapter concludes with the 

findings drawn from the evaluation results. 

Chapter 5 reports the results of the performance evaluation of the proposed ML-iMOSFLA. It 

discusses the implementation details of the algorithm, the setting of its parameters, the stand alone 

evaluation of the algorithm. It also compares the performance of the algorithm with traditional MOSFLA 

and the human-in-the-loop interactive version of MOSFLA. The chapter ends with the findings extracted 

from the results. 

Chapter 6 concludes the thesis by presenting answers to the research questions posed, the 

summary of key findings, the significance and implication of the findings from the study as well as its 

limitation. The chapter ends with the overall conclusions of the study and the future works. 
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CHAPTER 2  LITERATURE REVIEW 

Software development is a complex task requiring systematic engineering methodologies to 

build reliable, scalable, and maintainable systems. According to the most recent CHAOS report [49],  

only one out of three software projects (based on the analysis of 50,000 projects globally) is completed 

successfully, and 47% of the projects are delivered with some challenges. This means that most 

software projects are still challenged with late delivery, are over budget, and deliver fewer-than-

expected required features and functionalities, even with the availability of advanced tools and 

methodologies. This may be because, over time, project and environment complexity have increased, 

and delivery time has been reduced. Consequently, software projects require proper and efficient 

management approaches to guarantee success. Software Project Management (SPM) encompasses 

several critical activities essential to a software project’s success. Such activities include, among others, 

cost/effort estimation, project planning, resource allocation, quality management, and risk management 

[2,3]. To optimize software production processes, these activities often occur in nearly all stages of the 

software lifecycle [4]. Nevertheless, several studies have reported a strong link between the success of 

software projects and management activities conducted during the planning stage [5–7], as significant 

decisions that affect subsequent stages are made at this stage. Therefore, developing effective project 

planning methods is essential to delivering successful software projects. 

SPP and its various activities have been thoroughly studied by software engineering 

researchers [2,50]. Two major computational intelligence approaches, search-based optimization 

algorithms and machine learning, have gained increased application for decades in SPP [4–8,51–53].  

A search-based optimization algorithm views SPP as an optimization problem and applies meta-

heuristic algorithms guided by a fitness function to search for near-optimal solutions. In contrast, ML 

views it as an estimation or classification problem and fits machine learning models with historical 

software data to predict software planning metrics. 

SBSE [54] – a research field that approaches software engineering problems as a search 

optimization problem and aims at finding optimal solutions that satisfy some quality conditions –  has 

attracted a variety of applications in software project management [2,5,55]. Researchers in SBSE have 

introduced different formulations of the problem and applied different variants of meta-heuristic 

optimization algorithms [56–61].  An extensive survey on these formulations (single and multi-objective) 

and algorithms was carried out by Ferrucci et al. [2] in 2014, making the Search-Based Software Project 

Management field more prominent.  Their work described how SBSE had been used to address 

optimization problems that Project Managers (PMs) deal with, including those related to SPP. Other 

review/mapping studies identified in this domain focused on one specific task of SPP, such as software 

project scheduling [5,8,62] and for effort, defect, and change proneness prediction [63].   In contrast to 

the existing review studies, and because SPP problems are often characterized by many and usually 

conflicting objectives (such as delivery time and cost), PMs often seek multi-objective solutions to SPP 

to capture the realistic environment in the industry [21]. 
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2.1 Software Project Scheduling (SPS) 

SPS focuses on the optimal allocation of software project tasks to time slots and the optimal 

assignment of developers to tasks. The goal is to build a schedule for executing the software project in 

a way that guarantees minimum cost in terms of developer salaries and minimum duration in terms of 

completion time. The fusion of task ordering and human resource allocation leads to a complex 

combinatorial optimization problem regarded as NP-hard [3,4,64–66]. Most studies refer to the problem 

as a Software Project Scheduling Problem(SPSP).  Solving the problem manually has been fraught with 

error, time consumption, and fatigue [66], and finding an exact solution has proved nearly impossible 

[3,53,67,68]. Therefore, search-based software engineering approaches using meta-heuristic 

optimization algorithms have been deployed to find near-optimal solutions to the problem [2]. Applying 

meta-heuristic optimization algorithms to software task scheduling and human resource allocation forms 

the basis for the search-based software project management scheme presented in Figure 2.1, as 

proposed by Harman, Mansouri, and Zhang [54] in 2012. 

 

Figure 2.1. Generic search-based software project management scheme for solving task scheduling and staff 

allocation problems (Source: [54]) 

Moreover, early studies in this domain formulated the problem as a single objective by 

aggregating the cost and time objectives using weighing functions. They were based on simulation due 

to insufficient SPP real-world datasets [66,69]. In this work, however, studies that have focused on 

investigating the multi-objective formulation of the problem and applying Multi-Objective Optimization 

(MOO) algorithms to tackle the SPS problem are of interest. 
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2.1.1 Software Overtime Planning (SOP) 

Planning a software project is a complex and highly dynamic task characterized by uncertainties 

and the risk of overrun in duration and cost.  Although PMs are provided with automated project planning 

tools, software development teams still suffer from unplanned overtime as the only option to mitigate 

the overrun risk when the project encounters “mission creep” or an excessive change in requirements 

[2]. However, empirical studies show that disproportionate overtime negatively impacts developers 

[19,20,24] and software quality [21,23]. These findings have directed researchers’ attention to more 

proactive overtime planning on project schedules. Three distinctive approaches to incorporating 

overtime into software project schedules have been considered in the literature. 

The first and earliest approach modeled overtime as a soft constraint for the SPSP solution 

[70,71]. The idea is to achieve zero overtime (if possible) in the project plan. Penalties are applied to 

solutions that do not satisfy the overtime constraint, and the fittest solutions are the ones with minimum 

overtime. Some studies in this category, such as  [72], set a restrictive maximum allowed overtime for 

tasks in the schedule, and any solutions where tasks’ overtime is greater than the threshold are 

considered unworkable. The second approach sets overtime as one of the objectives to be minimized 

in the project schedule [65,73]. This approach allows the optimization algorithm to search for project 

schedule solutions with moderate overtime as a separate objective alongside project duration and cost.  

The idea is to find the optimal schedule with minimal overtime rather than aim for zero overtime, which 

is realistically not feasible. The third and the most state-of-the-art approach models overtime as a 

complete multi-objective optimization problem considering its effects on project duration, cost, overrun 

risk, and quality [21,22,30]. This approach separates overtime planning from the schedule as it is 

modeled as another optimization layer over the project schedule. In this study, we are interested in the 

studies that applied MOO and/or ML for overtime planning based on the third approach. Since the 

optimization-based formulation of overtime planning was introduced in 2013 by Ferrucci et al. [21], 

subsequent studies have applied MOO to SOP, with diverse objectives such as minimizing total 

overtime hours spent by developers, project duration, cost, and risk of overrun, as well as maximizing 

the quality of products.  

Although this thesis focuses on developing a machine learning-based interactive multi-objective 

optimization approach for tackling SOP, it is crucial to understand the current state of research regarding 

the application of these two methods in the broader field of SPP. Therefore, a systematic mapping study 

is carried out to investigate the application of machine learning and multi-objective optimization 

algorithms in SPP. 

2.2 Systematic Mapping Study on Application of MOO and ML in Software Project Planning 

Optimization is a mathematical problem that involves finding the best solution among all 

feasible solutions. It is composed of the objective, decision variables, and constraints. The objective is 

the function to be minimized or maximized, and it is defined over the decision variables. The constraints 
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are limitations or restrictions on the solution, also defined as functions over the decision variables. The 

constraints may consist of equality and equality functions. Mathematically, it is defined as: 

    𝑓(𝑥) 𝑥 є𝑅𝑛
𝑚𝑖𝑛  

        𝑠. 𝑡.  𝑔(𝑥) ≤ 0 

    ℎ(𝑥) ≤ 0 

    𝑥𝐿 ≤ 𝑥 ≤  𝑥𝑈        (2.1) 

Typical examples of optimization problems are: minimizing cost while keeping efficiency in a 

manufacturing process, minimizing the duration of a software project schedule, and maximizing 

customer satisfaction in a software release. Optimization problems are typically solved using linear 

programming methods, such as the simplex method or dynamic programming approaches. A graphical 

solution to a hypothetical optimization problem is presented in Figure 2.12. These conventional methods 

aim to find the exact optimal solution within the solution space, which might be time-consuming when 

dealing with complex optimization problems.   

 

Figure 2.2.  Solving Optimization Problem 

To address complex optimization problems, search-based metaheuristic algorithms are often 

employed to find a suboptimal solution within a reasonable timeframe. Evolutionary and swarm 

intelligence algorithms are the most popular metaheuristics used for solving complex optimization 

problems. They mimic the natural biological evolution and the social behavior of species to tackle global 

optimization problems. Examples include genetic algorithms, memetic algorithms, particle swarm 

optimization, and Ant colony optimization algorithms. These algorithms have been successfully applied 

to various classical and engineering problems, yielding optimal performance [74]. Real-life optimization 

problems typically involve multiple and often conflicting objectives, which can only be effectively 

addressed using multi-objective optimization approaches.  
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Multi-objective optimization (MOO) is the process of optimizing systematically and 

simultaneously a collection of objective functions. It involves the concurrent optimization of several 

objective functions in the presence of some degree of conflict among them (one objective cannot be 

improved without worsening at least another objective).    MOO problems exist in diverse fields such as 

engineering, economics, and logistics, where optimal decisions require balancing trade-offs among 

conflicting objectives. For instance, designing a new system might involve minimizing costs while 

maximizing safety, or selecting a portfolio could aim to maximize expected returns while minimizing risk. 

MOO is also referred to as vector optimization, multi-objective programming, multi-criteria optimization, 

multi-attribute optimization, or Pareto optimization. 

Typically, there is no single solution that optimizes all objectives simultaneously but a set 

(possibly infinite) of Pareto optimal solutions. Since no single solution is optimal in this setting, the goal 

is to identify a set of alternative solutions that offer different trade-offs among the objectives. Without 

additional preference information, all Pareto optimal solutions are considered equally good. A multi-

objective optimization problem can be formulated mathematically as described by [75]. Find the vector 

𝑥→∗ = [ 𝑥1  
∗ , 𝑥2  

∗ …… . 𝑥𝑛  
∗ ]𝑇 which will satisfy the m inequality constraints: 𝑔𝑖 (𝑥

→) ≥ 0   𝑖 = 1,2, ……𝑚  and 

p equality constraints:  ℎ𝑖 (𝑥
→) = 0   𝑖 = 1,2, ……𝑝 and optimize the objective function:  

𝑓→(𝑥→) =  [ 𝑓1(𝑥
→), 𝑓2(𝑥

→) …… . 𝑓𝑘(𝑥
→)] 𝑇            (2.2) 

Where 𝑥→ = [ 𝑥1  , 𝑥2  …… . 𝑥𝑛  ]
𝑇  is the vector of decision variables 

To identify these solutions, Pareto optimization– a  method based on a dominance relation – is  

employed in [76]. The Pareto dominance specifies that a single solution dominates another if the former 

is better than the latter in at least one of the objectives and not worse in any of the other objectives. In 

addition, a set of Pareto optimal solutions called the Pareto front comprises those not dominated by any 

other solution in the space [77]. 

Pareto optimality: A point  𝑥→∗ ∈ 𝑋 is said to be pareto optimal if for every 𝑥→ ∈ 𝑋  and  𝐼 = { 1, 2, …… . 𝐾 } 

  ∀𝑖∈𝐼 ( 𝑓𝑖 (𝑥
→) =  𝑓𝑖 (𝑥

→∗)),   ꓱ 𝑖 ∈ 𝐼: 𝑓𝑖 (𝑥
→) < 𝑓𝑖 (𝑥

→∗)            (2.3) 

Pareto Dominance: A vector  𝑢→ = ( u1 ……..uk) is said to dominate   𝑣→ = ( v1 ……..vk)  if and only if : 

 ∀𝑖∈{ 1,….,k},   𝑢𝑖  ≤   𝑣𝑖  ˄  ꓱ𝑖 Є  { 1, … . , 𝑘}:  𝑢𝑖  <   𝑣𝑖                                    (2.4) 

A detailed explanation of MOO can be found in [15,77]. Population-based metaheuristic 

algorithms such as multi-objective evolutionary genetic algorithms [70,78–81], swarm intelligence 

optimization algorithms [15,82,83], and multi-objective memetic algorithms [84–86] are prominent 

methods for solving MOO and have been used widely in SPP [5,55,84,87].  

Therefore, identifying the research landscape in applying search-based MOO algorithms to 

SPP is indispensable for updating the body of knowledge in this field. For instance, understanding these 

advances of MOO in SPP may be beneficial to project managers in making more informed decisions in 

resource allocation, scheduling, and overall project planning, leading to better outcomes. Project 
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managers can adopt strategies that minimize bottlenecks, shorten project timelines, and enhance 

overall project efficiency. For researchers, staying informed about the often applied optimization 

algorithms in SPP ensures that software project planning aligns with industry expectations. This 

alignment is crucial for maintaining competitiveness and delivering projects that meet or exceed industry 

standards. 

On the other hand, Data-driven Software Engineering (DSE) – a subfield of software 

engineering that utilizes software data generated by software houses or projects to build ML models for 

estimating software metrics and predicting software characteristics – has also gained many applications 

in SPM [88]. Research in this area focuses on replacing human expert judgment [89], which is prone to 

errors, with more accurate ML models [90,91]. ML is a branch of AI that builds algorithms that 

automatically learn from experience. The goal is to train a system by presenting examples of desired 

input-output behaviour rather than manually programming it and anticipating desired responses from all 

possible inputs. ML employs statistical-computational techniques to extract patterns from large volumes 

of data and uses this to predict the behaviour of systems. Detailed information on ML and its various 

applications can be found in [92].   A secondary study conducted by Mahd et al. [50] revealed that the 

majority of ML studies in software project management focus on SPP activities, which calls for an 

extensive survey on the role of ML in planning successful software projects. To this end, an exploratory 

literature search was conducted to identify recent reviews and mapping studies that focus on ML 

applications to the various tasks of SPP.  Several review/mapping studies found on ML for SPP [6,93–

96] focused solely on effort/cost estimation, even though there is evidence of its application in other 

activities of SPP [47,97–99]. There is a scarcity of secondary studies examining the application of ML 

algorithms to various SPP tasks. 

Moreover, recent developments in software engineering research have shown the synergistic 

interplay between search-based MOO and ML as a promising strategy for finding robust and more 

accurate solutions to software engineering problems [45,48,100]. The studies recommended a 

systematic combination of the two computational intelligence methods to enhance efficiency and 

improve accuracy. Investigating how this strategy has been explored in SPP is still an open issue. 

Therefore, addressing it will provide researchers in this domain with state-of-the-art approaches to 

tackling SPP problems in its various dimensions. 

To address these gaps identified in the existing body of knowledge in SPP, an extensive 

systematic mapping study on the application and interaction of search-based MOO and ML algorithms 

in SPP is conducted. The mapping is based on 71 quality studies identified using a robust systematic 

mapping methodology in software engineering. It covers studies published over the last ten years and 

is addressed to new and emerging researchers in software project management, serving as a 

benchmark study for understanding the structure and trends of research in the domain. It will also be 

helpful to industry practitioners in identifying new methods applicable to their environment. 

The major contributions of the systematic mapping are summarized as follows: 
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1. Identification of actively researched domains in SPP  and classification of MOO and ML 

algorithms used in the various domains of SPP  

2. Investigation on the interaction strategies between MOO and ML used in SPP domains 

3. Investigation on the software project development/management methodologies mainly 

considered in SPP studies 

4. Highlights of open research issues in SPP and propositions on the future direction 

2.2.1 Review Methodology 

The adopted systematic mapping methodology follows the latest guidelines for conducting 

systematic mapping studies in software engineering, as outlined by Petersen, Vakkalanka, and 

Kuzniarz [101]. These guidelines were created by consolidating knowledge from other established 

systematic mapping and literature review protocols [102–104]. This systematic mapping aims to explore 

existing research on the use of MOO and ML in SPP, with the goal of addressing the following questions: 

1. Which SPP activities have been most frequently addressed using ML and MOO 

techniques? 

2. What types and classifications of ML and MOO algorithms have been applied to these SPP 

activities, and how are they distributed across different planning tasks? 

3. To what extent have studies explored the synergistic integration of ML and MOO in SPP, 

and what interaction strategies have been employed? 

4. What software development or project management methodologies are most commonly 

considered in studies applying ML and MOO to SPP? 

Following the guidelines in [101], the systematic mapping process is organized as described in the 

following sub-sections. 

2.2.1.1 Study Identification 

The study identification approach employed in this study combines database search and 

snowballing to ensure adequate coverage of the research domain. It defines precise inclusion and 

exclusion criteria, along with quality assessment procedures, to identify high-quality studies. As 

presented in Figure 2.3, the method considers articles extracted from various selected literature 

databases and other sources, such as citation and bibliography searches, to identify articles most 

relevant to the research questions.  

Articles were searched across various databases, and the retrieved records were aggregated. 

The aggregated records were then filtered for duplicates since the searches were conducted 

independently. After the database search, the following procedures were carried out to identify the most 

relevant articles that address the established research questions: 

1. Screening of record for eligibility: The identified articles from databases were screened by 

examining the title and abstract based on some criteria. Ineligible articles were removed 

before proceeding to the next step. 
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2. Retrieval of Eligible articles: Articles found eligible from step 1 were downloaded for 

thorough examination. Articles that were inaccessible or could not be retrieved were 

removed from the records of eligible articles. 

3. Assessment for Relevance: In this step, eligible articles were further assessed by 

thoroughly examining the full text for relevance. Relevance was measured by defining 

inclusion and exclusion criteria. Relevant articles based on inclusion criteria were retained, 

while irrelevant articles based on exclusion criteria were removed from the pool. 

4. Assessment for Quality: The remaining articles in the pool after step 3 were further 

assessed based on the quality of their methodology and results. Although quality in this 

context has no agreed-upon definition, Kitchenham and Charters [105] contend that quality 

can be estimated as the extent of bias minimization and the degree of maximization of 

internal and external validity in the study. A quality instrument based on this opinion was 

used to assess the quality of the studies. Articles that did not pass the quality test were 

removed. 

5. Identification of additional studies from other sources: In this step, additional articles were 

identified by applying snowballing to the articles that qualify for review based on step 4. 

Snowballing iteratively searches for other relevant articles that cite the current article 

(forward snowballing) and relevant articles within the reference list or bibliography 

(backward snowballing). This extends the coverage of the systematic mapping and 

captures articles that the database search might have omitted. New studies identified are 

added to the existing pool of qualified articles after thorough assessment (i.e., eligibility, 

relevance, and quality). 

6. Data extraction: In this step, an instrument is designed to extract usable data from the 

articles for classification. The instrument is carefully designed to answer all the research 

questions defined in the study. 

7. Classification: At the final stage, the information extracted from the previous step was used 

to classify the primary studies based on the defined research questions.  
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Figure 2.3. The study identification procedure for the mapping 

2.2.1.2 Search Strategy 

To conduct an exhaustive search for primary studies, several literature databases are often 

considered as recorded in several systematic review and mapping studies in software engineering 

[4,47,62,101,106]. This study selected seven popular databases as sources for the literature search, 

as presented in Table 2.1. The hybrid search strategy proposed by Mourão et al. [107] for systematic 

reviews and mappings in software engineering was adopted for searching the databases. Their 

approach recommends combining database search and parallel snowballing for literature searches, as 

it has proven superior to other strategies in terms of precision and recall. Specifically, the approach 

applied backward and forward snowballing concurrently to articles identified from the database search 
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to recover other potential articles that the original search might have missed.   To avoid snowballing 

from irrelevant articles and reduce the complexity of the literature search, parallel snowballing was 

conducted after the quality assessment of identified articles from the databases. 

Table 2.1. List of Literature Databases Used 

Database/Source URL 

ACM Digital Library https://dl.acm.org/ 
 

IEEE Xplore http://ieeexplore.ieee.org 
 

Science Direct https://www.sciencedirect.com/ 
 

Scopus https://www.scopus.com/ 
 

SpringerLink https://link.springer.com/ 
 

Tailors & Francis https://www.tandfonline.com/ 
 

Web of Science https://www.webofscience.com/wos/woscc/basic-
search 
 

 

Regarding the search formulation, Kitchenham and Charters [104] suggested using PICO 

(Population, Intervention, Comparison, and Outcomes) from research questions to identify keywords 

and formulate search strings. However, Petersen, Vakkalanka and Kuzniarz`s guideline [101] reflected 

that the P and I components of the PICO are most relevant when formulating search strings for 

systematic mapping studies.  In software engineering, population may refer to an application domain or 

software engineering role; in this case, it is ”software project planning”. Intervention in software 

engineering may refer to a software technology, tool, or methodology. In this study’s context, it refers 

to “Multi-objective Optimization” and “machine learning” methods utilized.  Moreover, to incorporate 

synonyms and other related terms of the identified keywords, a search string was formulated based on 

the recommendation of Brereton et al. [108] by integrating logical search operators into the query. The 

search string is given as:  

(((“search-based” OR “evolutionary” OR “metaheuristic" OR "genetic" OR "swarm intelligence” OR 

“memetic”) AND “multi-objective”) OR (“machine learning” OR “Data mining” OR “Predictive learning”) 

) AND (“algorithm” OR “approach” OR “model” OR “technique” ) AND ("software project planning" OR 

"software project management"). 

2.2.1.3  Filtering Eligible Articles 

At this stage, the articles retrieved from the database search were filtered to identify eligible 

articles worthy of full-text analysis. This initial filtering step ensures the removal of unrelated studies 

and redundant articles. The filtering process is based on three steps: 

https://dl.acm.org/
http://ieeexplore.ieee.org/
https://www.sciencedirect.com/
https://www.scopus.com/
https://link.springer.com/
https://www.tandfonline.com/
https://www.webofscience.com/wos/woscc/basic-search
https://www.webofscience.com/wos/woscc/basic-search
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1. Duplicate articles removal: Due to the use of multiple source databases, there is a high likelihood 

of having duplicates in the initial list of articles. Thus, before analyzing the retrieved articles, 

duplicates were removed. 

2. Filtering based on Title: After removing the duplicates, the remaining articles were analyzed 

based on their titles. Articles that do not contain any of the keywords in the search sentences 

were filtered out and discarded. These articles are unrelated to the study or originate from a 

different domain. The metadata of the remaining articles were loaded into the Mendeley 

reference management system for further analysis. 

3. Filtering based on Abstract: The articles were further analyzed on Mendeley based on their 

abstract, and those that presented no application of MOO or ML algorithms were removed. Also, 

articles that focused on project management other than software were removed 

2.2.1.4 Inclusion and Exclusion Criteria for Selecting Relevant Articles 

After filtering, the potential articles were downloaded and thoroughly examined based on the 

full text for inclusion and exclusion. The inclusion and exclusion criteria utilized for selecting relevant 

articles are presented below. 

Inclusion criteria (IC) cover all articles that: 

IC1:  applied search-based MOO or ML algorithms to any activities of software project 

planning/management  

IC2:  employed both search-based MOO and ML algorithms in any activities of software project 

planning/management  

IC3: are research / technical papers 

IC4:  were published in the English language 

IC5:  were published between 2012 and 2022 inclusive. The systematic mapping was carried out in 

2023. 

Exclusion criteria (EC) eliminate articles that: 

EC1:  applied search-based MOO and ML algorithms to software engineering problems outside SPP  

EC2:  employed other techniques/algorithms apart from search-based MOO and ML algorithms for 

the activities of SPP 

EC3:  carried out comparative analyses of already used search-based MOO and ML algorithms in  

SPP  

EC4:  carried out replication studies on previously published works in  search-based MOO and ML 

algorithms for SPP 

EC5:  focus on education in or teaching of SPM/SPP  

EC6:  had an extended version in the pool (preference is given to the most recent version of the 

articles) 

EC7:  were published in languages other than English   

EC8: could not be accessed or downloaded. 
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2.2.1.5 Quality Assessment 

To select only high-quality studies with evidence of usefulness in the SPP domains from the 

relevant articles, a quality assessment procedure was designed, adopting three key points as outlined 

in [109]: relevance to the goal of this systematic mapping, credibility of the results, and quality of the 

dissemination medium. Based on these points, the following quality criteria (QC) along with a scoring 

system adapted from [110,111] were established: 

QC1:  Does the paper propose a novel and specific MOO/ML algorithm/model/approach to a software 

project planning problem? (Yes +1 / No +0).  

QC2:  Does the paper validate the approach it proposed?  

The possible options are: empirical validation by case study, survey, or experiment (+1)/ No 

validation (+0).   

QC3:  Does the paper compare its results with the existing state-of-the-art approaches/models in the 

literature? (yes +1 / No +0).  

QC4:  Does the paper present a threat to the validity plan or limitations?  

Options are: It provides internal and external validity, and limitations/biases (+1) / partially (e.g., 

provides just limitations or biases) (+0.5) / No type of validity plan (+0). 

QC5:  Was the paper published in a highly-ranked journal or conference? 

The Scimago Journal Rank  (SJR2022) [112] was used for journal ranking as it is based on 

journals indexed in Scopus, the largest journal indexing database. For conference papers, the 

CORE ranking [113] was employed. The available options are: Q1 or A* (+2) / Q2 or A (+1.5) / 

Q3 or B (+1) / Q4 or C (+0.5) / Unranked (+0) 

The cumulative quality score of each article was computed using QC1 to QC5, and articles with 

a minimum score of 3.5 over a 6.0 total score were selected as part of the final studies to be considered 

for the systematic mapping in this work. 

2.2.1.6 Data Extraction and Classification 

The final set of articles contained useful data for answering the research question. The data 

were extracted using the template presented in Table 2.2. It details the extracted data, their expected 

values, and the research questions they address. 

The extracted data were then organized in a tabular form, ordered by the project planning 

activity covered, to analyze the algorithms' taxonomy, frequency of use, and the project management 

approaches employed. Studies in each of the major categories identified were counted and extracted 

into separate tables. The generated tables were further analyzed to answer the research questions and 

identify trends or limitations. The results from the analysis of the extracted data were used to classify 

domains, algorithms, interaction strategies, and project management methodologies. Elsevier’s 
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Mendeley bibliometric management system was used to manage the large volumes of returned papers 

and remove duplicates. A spreadsheet application was used to extract data and analyze results. Bar 

charts and pie plots were utilized as the visualization tools to present the classifications. 

Table 2.2. Data Extracted from the Final studies 

Data extracted Value Research question 
addressed 

Title Text - 
Author(s) Text - 
Year of publication Integer (2012 – 2022) - 
Software project planning activity covered Text RQ1 
Software project 
management/development methodology 
explored 

Traditional/Agile/Hybrid RQ4 

Does the study apply MOO? Binary (0/1) RQ2, RQ3 
Does the study apply ML? Binary (0/1) RQ2, RQ3 
The main research issue or objective Text RQ1, RQ2, RQ3 
Algorithm/Method applied Text RQ2 
Sources of dataset used Simulated/Private/Public 

[with list of datasets] 
RQ2, RQ3, RQ4 

Performance evaluation method(s) used Text RQ2, RQ3 
Summary of results/finding Text RQ2, RQ3 
Quality score Real number (0.0 - 6.0) - 

2.2.2 Study Identification Results 

After applying the study identification procedure, 71 high-quality articles were identified (see 

Appendix A for the list of included articles), which were deemed highly relevant to the mapping and 

helpful in answering the research questions. Table 2.3 presents the results of the number of articles 

obtained after each step of the study identification process. 

Table 2.3. Result of the Literature Search 

Sources Study identification step Articles 
identified 

Articles 
removed 

Articles 
retained 

Literature 
Databases 

Total Records from database search (T) 3,335   

Duplicate records  -865  

Records screened for eligibility (E) 2,470   

Records not eligible (nE)  -2,142  

Records sought for Retrieval (S) 328   

Records not retrieved (nS)  -11  

Articles assessed for Relevance (R) 317   

Articles removed based on Exclusion Criteria 
(eX) 

 -216  

Articles assessed for Quality (Q) 101   

Articles not quality (nQ)  -43  

Primary studies found (P)   58 

Other 
sources 

Articles identified by parallel snowballing of  
primary studies (SN) 

35   

Articles excluded (Sne)  -16  

Articles assessed for Quality (SQ) 19   

Articles not quality (Snq)  -6  

additional article found (NS)   13 

 Final articles included in the mapping (F)   71 
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From the initial 3,335 records returned by the database search, 865 duplicates were found and 

removed. The remaining 2,470 were screened for eligibility based on title and abstract, and 2,142 

records were found to be ineligible and were deleted from the collection, leaving 328 articles for 

consideration. Out of these articles, 317 articles were retrieved for complete text analysis. Applying the 

inclusion and exclusion criteria, 216 articles irrelevant to the mapping's goals were excluded. Of the 

remaining 101 articles, 58 were found to pass the quality criteria and included as primary studies for 

the mapping. Exploring other sources, 35 additional studies were identified through snowballing of the 

primary studies previously identified. Out of these, 16 were excluded due to the inclusion and exclusion 

criteria, and six were excluded due to their low quality. The remaining 13 were added to the primary 

studies, resulting in 71 final articles used in this systematic mapping study. The list of the final articles 

included in the mapping study is presented in Table 2.4. 

Table 2.4. List of articles included in the mapping 

S/N Article Year of publication   Quality Score  

1.  [114] 2014 3.5  
2.  [115] 2012 4.5  
3.  [70] 2013 3.5  
4.  [73] 2014 4.5  

5.  [116] 2021 4.0  
6.  [117] 2019 3.5  
7.  [118] 2021 4.0  
8.  [119] 2021 4.0  
9.  [64] 2018 5.0  
10.  [120] 2021 5.0  
11.  [121] 2021 5.0  
12.  [29] 2017 6.0  
13.  [122] 2017 3.5  
14.  [123] 2018 6.0  
15.  [124] 2019 5.0  
16.  [125] 2022 4.0  
17.  [126] 2020 4.0  
18.  [127] 2015 4.5  
19.  [128] 2019 4.5  
20.  [129] 2021 3.5  
21.  [130] 2021 6.0  
22.  [131] 2012 3.5  
23.  [132] 2016 5.0  
24.  [133] 2020 5.0  
25.  [134] 2016 3.5  
26.  [135] 2020 4.0  
27.  [65] 2016 5.5  
28.  [136] 2016 4.5  
29.  [137] 2021 4.5  
30.  [138] 2017 5.0  
31.  [71] 2015 4.0  
32.  [139] 2021 3.5  
33.  [140] 2021 5.0  
34.  [141] 2021 3.5  
35.  [142] 2012 3.5  
36.  [143] 2021 6.0  
37.  [144] 2016 3.5  
38.  [145] 2018 3.5  
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39.  [146] 2012 5.0  
40.  [147] 2021 4.0  
41.  [72] 2022 5.0  
42.  [148] 2020 3.5  
43.  [149] 2015 6.0  
44.  [150] 2016 5.0  
45.  [151] 2013 5.0  
46.  [22] 2016 4.5  
47.  [30] 2019 4.0  
48.  [87] 2022 5.0  
49.  [152] 2016 6.0  
50.  [153] 2013 5.0  
51.  [154] 2015 5.5  
52.  [21] 2013 5.5  
53.  [155] 2012 6.0  
54.  [82] 2018 3.5  
55.  [156] 2021 4.0  
56.  [157] 2021 3.5  
57.  [158] 2012 3.5  
58.  [159] 2017 5.0  
59.  [160] 2022 6.0  
60.  [161] 2012 3.5  
61.  [162] 2019 5.0  
62.  [163] 2013 5.0  
63.  [164] 2013 5.0  
64.  [165] 2015 4.5  
65.  [166] 2019 6.0  
66.  [167] 2020 4.0  
67.  [168] 2018 5.5  
68.  [7] 2021 5.0  
69.  [169] 2020 4.0  
70.  [170] 2021 3.5  
71.  [171] 2017 4.5  

 

2.2.3 Results on Classification and Analysis of Studies 

Based on the data extraction method discussed earlier (Section 2.2.1.6), the classification and 

analysis of the studies included in the mapping are conducted in relation to the research questions. The 

results are organized to capture the SPP domains or activities addressed by the identified MOO and 

ML studies, the specific algorithms employed, the interaction between the two methods, and the 

software project management methodologies considered. 

2.2.3.1 Which SPP activities have been most frequently addressed using ML and MOO techniques?   

To identify project planning activities covered in the primary studies, the major SPP activities 

tackled with MOO or ML were extracted from the final articles. Three software project planning activities 

were identified as having attracted the attention of MOO and ML researchers in the last decade. These 

activities include software effort estimation, software project scheduling and software overtime planning. 

The distribution of studies based on these SPP activities is presented in Figure 2.4. 

SEE involves estimating the size of the software to be built and determining the human effort 

required to develop the software fully [142]. SEE is typically carried out at the initial stage of software 
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development, and an incorrect estimation can lead to significant time and cost constraints in subsequent 

phases, which may eventually result in project failure [82,120,172,173]. Furthermore, a precise and 

dependable estimate can significantly assist PMs in the effective scheduling of software development 

tasks, robust allocation of tasks to developers, and, more importantly, efficient execution of software 

projects on time and within budget [174].  Focusing on recent developments in SEE using ML and MOO 

methods, this study has identified 53 high-quality studies that proposed and critically evaluated new 

learning algorithms, achieving significant results against benchmarks.  Analysis revealed that most 

studies (44) employed machine learning. While only six studies employed MOO, the remaining three 

used both ML and MOO. Figure 2.5 illustrates the proportion of studies that applied ML, MOO, and both 

to SEE over the last decade. 

 

 

Figure 2.4.  Distribution of articles based on SPP activities 

Regarding SPS, a total of 14 high-quality studies were identified; nine of them utilized MOO, 

while the remaining five employed ML algorithms. All identified studies applied MOO or ML individually, 

and none combined the two methods in a model or framework. The proportion of the studies that applied 

ML and MOO to SPS in the last decade is presented in Figure 2.6. 
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Figure 2.5.  Proportion of studies in SEE based on methods applied 

 

 

Figure 2.6.  Proportion of studies in SPS based on method applied 

Concerning SOP, a multi-objective optimization-based formulation was introduced in 2013 by 

Ferrucci et al. [21]. This study identified four articles that applied MOO to develop optimal overtime 

plans in software development projects, with diverse objectives including minimizing total overtime 

hours, project duration, cost, and risk of overrun, as well as maximizing product quality. No work was 

found that applies ML to software overtime planning. This may be due to the limited publicly available 

datasets for building overtime estimation models and the difficulty of obtaining software project datasets 

from industries, as they are classified as confidential, which in turn affects the ability to carry out rigorous 

research in this area. 
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2.2.3.2 What types and classifications of ML and MOO algorithms have been applied to these SPP 

activities, and how are they distributed across different planning tasks? 

To answer this question, the classification of algorithms applied under the MOO and ML 

methods vis-à-vis SPP activities covered is constructed. The results are presented according to the 

method employed.  

MOO algorithms in SPP activities 

In SEE, MOO algorithms have been sparingly applied, despite achieving convincing results with 

these algorithms [120,152,163,175]. Nine studies employing ten different MOO algorithms were 

identified, considering those that applied MOO alone or in combination with other methods. The 

mapping of primary studies in SEE to MOO algorithms, along with their classification, is presented in 

Table 2.5.  Figure 2.7 also shows the frequency of application of the algorithms. Based on the 

classification, three classes of MOO algorithms were identified for SEE. 

1. Multi-Objective Evolutionary Algorithms (MOEA): MOO algorithms that simulate the natural 

evolution of offspring from parents. 

2. Multi-Objective Swarm Intelligence Algorithms (MOSIA): MOO algorithms that mimic the 

intelligent social behaviors of  groups of organisms or entities. 

3. Multi-objective Bio-Inspired Optimization Algorithms (MBIOA): MOO algorithms inspired by an 

individual organism's naturally intelligent behavior in solving problems in its environment. 

 

Table 2.5. Mapping of studies in SEE to  MOO algorithms  

Classification Algorithm Studies 

MOEA  MODE [120] 
NSGA-II [152] 
HaD-MOEA [163] 
MOEA-D [120] 
NSGA-III [120] 

 MOSIA  MOPSO [82], [114], [176], [120] 
 MOWOA [120] 
 FOA [126] 

 MBIOA SBO [159] 
FPA [117] 

 

MOEAs have been explored to tackle the problem of effort/cost estimation in software project 

management. The study in [152] employed MOAEs to search for the optimal and most accurate 

estimates of a specific ML model. In contrast, other studies, such as [120,163], used MOAEs to find the 

optimal estimation models.   Sarro, Petrozziello,  and Harman [152] introduced and evaluated a bi-

objective SEE approach, Confidence Guided Effort Estimator (CoGEE), which incorporates confidence 

intervals and the sum of absolute errors to guide NSGA-II  algorithm to optimal effort estimates. Minku 

and Yao [163] proposed HaD-MOEA as an improved version of NSGA-II to search for the optimal MLP 

models using three different performance measures - MMRE, LSD, and Pred(25) - simultaneously and 

explicitly as objectives. The algorithm produced a Pareto ensemble of MLP models with optimal 
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estimation performance. A multi-objective version of DE called HFMODE was designed by Shailendra 

et al. [120] and used for the automatic prediction of software cost/effort models. The algorithm 

incorporates a homeostasis factor-based mutation operator to address the problem of diversity loss and 

low convergence rates inherent in existing multi-objective optimization (MOO) methods. The proposed 

algorithm achieved more accurate estimation values than other implemented MOEAs, such as MOEA-

D and NSGA-III 

   

A        B 

Figure 2.7.  (A) MOO algorithms used in SEE studies (B) usage by classification 

MOSIA is another class of MOO that has recorded several applications in SEE. Studies in this 

category employed MOSIA individually or in combination with another approach to optimize software 

development efforts. MOPSO was used in [114] individually for case-based effort estimation. 

Specifically, the study aimed at optimizing feature set, case weights, and the number of nearest 

analogies in a single model. The approach proved superior to other existing CBR approaches. Likewise, 

in [120], it was employed to find the optimal estimation models on two-objective and three-objective 

software cost estimation formulations. MOPSO has also been used for hyperparameter optimization of 

ML-based effort estimation models. The study in [82] used MOPSO  to optimize  COCOMO II model 

parameters for development effort and time, along with fuzzy logic for calibration. Similarly, it was used 

in [176] to optimize the hyperparameter selection procedure of SMO-based SVR, modeled for imputing 

missing data in fuzzy analogy-based SEE. In another study, Resmi and Vijayalaksmi [126], employed 

FOA to optimize the parameters of a clustering-based fuzzy analogy estimation model, producing a 

better estimation accuracy than the fuzzy analogy approach without optimization. Nonetheless, a study 

[120] applied MOWOA—a member of MOSIAs—to produce optimal effort estimation models solely. 

There have also been applications of MBIOA in software development effort/cost estimation, 

mainly to support other parametric and ML-based estimation models. Ullah et al. [117] applied bi-

objectives FPA to optimize the COCOMO-II   cost estimation model’s parameters based on MMRE and 
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MD. Additionally, Moosavi and Bardsiri [159] optimized the parameters and structure of an ANFIS 

framework using the SBO algorithm to achieve more accurate estimation of software development 

effort. Existing evidence shows that MOO algorithms have been significantly effective in producing 

better development effort estimates than their ML counterparts [27, 36, 38]. Additionally, MOO 

algorithms have been beneficial in enhancing the estimation accuracy of other parametric and machine 

learning models when used to optimize hyperparameters [82,117,126,159,168]. This evidence 

demonstrates the robustness of MOO algorithms in addressing complex problems and their guided 

approach to finding optimal solutions.  

In SPS, optimization algorithms are ideally employed due to the nature of the activity, which 

requires optimal allocation of tasks to time slots and human resources to tasks. Nine quality studies 

applying MOO were identified in this category, and they have applied 16 different algorithms. Table 2.6 

presents the mapping of primary studies on SPS to MOO algorithms and their classification, and Figure 

2.8 presents the statistics on their frequency of application.  

Table 2.6. Mapping of SPS studies based on MOO algorithms applied 

classification Algorithm Studies 

MOEA MoCell [150] 
NSGA-II [70], [150], [73], [71], 

[87] 
PEAs [150] 
SPEA2 [150] 
MOGA [73], [72] 
CCMOGA [133] 
ɛ-domination-based MOEA (dɛ-
MOEA) 

[65], [64] 

COEA [65] 
MOEA-D [71], [64] 
Two-Archive2 Algorithm [87] 
BCE [87] 
NSGA-III [64], [87] 

Memetic Multi-Objective 
Optimization Algorithm 
(MMOOA) 

MOTAMA [64] 

 MOSIA  OMOPSO [87] 
 SMPSO [87] 
 MOACO [71] 

 

SPS has also been addressed using MOEA/D, which approaches multi-objective optimization 

by decomposing the multi-objective problem into several single-objective subproblems using an 

aggregation function and then optimizing them in parallel using a collaborative method.  In [71], Xiao et 

al. introduced MOEA/D-ACO to SPS as a Multi-Objective Ant Colony Optimization (MOACO). The 

proposed algorithm was implemented to optimize duration, cost, and developers’ overwork. Compared 

to NSGA-II, MOEA/D did not perform better in most complex instances but produced reasonable results 

in a shorter time. Therefore, the authors recommended improved tuning of the proposed algorithm. With 

regards to the Cooperative Coevolution (CC) based MOO strategy, Shen et al. [133] proposed a variant 

of CCMOGA with an improved computational resource allocation (CCMOGA-ICRA) to solve a modeled 
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mathematical formulation of the large-scale multi-objective SPSP (LSMOSPSP), which takes into 

account several tasks and employee properties by optimizing four objectives of cost, duration, 

employees’ satisfaction and robustness in the presence of three practical constraints. The proposed 

CCMOGA-ICRA showed improved convergence results compared to other evolutionary algorithms and 

exhibited good scalability in large-scale SPS. 

  

A       B 

Figure 2.8. (A) MOO algorithms used in SEE studies (B) usage by classification 

Applying memetic MOO in a dynamic SPS environment, Shen et al. [64] proposed a novel 

formulation for dynamic SPSP that relates the rate of increase in skill competency to human factors 

(such as motivation and learning ability) and skill level difficulty. The model defined employee 

satisfaction as an additional objective to project cost, duration, stability, and robustness, considering 

various constraints during rescheduling. A Q-learning-based multi-objective two-archive memetic 

algorithm (MOTAMAQ) was designed to solve the formulated MODSPSP through proactive 

rescheduling.   Experimental results on benchmark dynamic project scheduling datasets and three real-

world datasets demonstrated the superiority of MOTAMAQ over NSGA-II, MOEA/D-DE, and dε-MOEA. 

In SOP, only a few studies have employed MOO algorithms. This is primarily due to its status 

as an emerging field in SPP, with the first known attempt to tackle it dating back to 2013. Four quality 

studies were identified that used two different MOO algorithms for SOP. Table 2.7 presents the 

mapping of studies to the MOO algorithms applied, their classification, and frequency of use.  

Table 2.7. Mapping of  SOP studies based on MOO algorithms applied 

Classification Algorithm Studies Freq. 

MOEA NSGA-II [21], [22], [29] 3 
MMOOA MOSFLA [30] 1 
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MOEAs are the most widely applied MOO method in SOP, with three out of the four studies 

identified using it. Ferruci et al. [21] were the first to formulate SOP as a MOO problem and study the 

effects of overtime allocations on the project schedule to minimize the project duration and the risk of 

overrun. The authors applied  NSGA-IIv, a variant of NSGA-II, to find the optimal overtime allocations, 

and it performed significantly better than conventional industry-based overtime planning methods. To 

improve performance, Sarro et al. [29] introduced an adaptive method for selecting meta-heuristic 

operators in NSGA-II, using the same problem formulation as in [21]. A variant of NSGA-II 

(Adaptivevsc), which efficiently combines the crossover operator used in [21] with adaptive genetic 

operators proposed by Nebro et al. [177], was introduced. The proposed adaptive method outperformed 

the standard NSGA-II by a margin of 93%. In another study, De Barros and De Araujo [22] extended 

the formulation of [21] by incorporating the already established effect of overtime on software quality 

into the formulation. To study overtime dynamics, the authors simulated the defects introduced by 

developers spending overtime as they affect project cost and duration within the optimization steps of 

NSGA-II. The objective was to minimize the project duration, cost, and overtime hours. Empirical results 

showed the effectiveness of using the formulation with NSGA-II, which outperformed existing overtime 

planning strategies in the industry. 

MMOOA has also been used once in SOP with the application of MOSFLA [30]. Using the same 

experimental setting and datasets as in [22], the authors evaluated the performance of the proposed 

memetic algorithm, and the experimental results indicated its superiority over the mainly applied NSGA-

II in this field. 

ML algorithms in SPP activities 

Regarding SEE, ML algorithms have been widely applied over the last decade, with significant 

advancements and improvements in results. After quality assessment, 47 studies employing up to 30 

ML algorithms to advance effort estimation were identified. 44 of them applied only ML algorithms 

(individually or hybridized with other ML methods), while the remaining three combined ML with MOO. 

A mapping of the identified studies to the ML  algorithm implemented and their classification is presented 

in Table 2.8.  As shown in Figure 2.9 and 2.10, voting, ANN, and bagging are the most frequently used 

ML algorithms for SEE, while ensemble, neural-based, and hybrid methods are the most commonly 

used ML methods. 

Table 2.8. Mapping of SEE studies based on ML algorithms and their classification 

Classification Algorithms Studies 

Tree-based Regression Tree (RT) [171] 
LMT [134] 
REPTree [131] 
Decision Tree [134] 

Distance-based KNN [135] 

Probability-
based 

BBN [153] 
Kernel density function [151] 

Regression 
function-based 

Linear Regression [156], [127] 
Logistic Regression [156] 
Ridge regression [156] 
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SVR [126], [137] 

Fuzzy-based Fuzzy Logic regression [162] 

Neural-based ANN [158], [142], [122], [116], 
[119] 

FLANN [165] 
ELM [143] 
LSTM [160] 
FFDNN [121] 

Homogenous 
Ensemble 

Bagging    [134], [164], [139], [136] 
Boosting [166], [138], [118] 

Heterogenous 
Ensemble 

Voting [167], [157], [155], [148], 
[123], [124] 

Stacking [147], [141] 
Dynamic voting [145], [140] 

Hybrid Model Linear regression with non-parametric SVM, 
ANN ABE models 

[149] 

hybrid Modified GA  with  MRL perceptron [146] 
Canonical Correlation Analysis with Restricted 
Boltzmann Machines (MCR)  

[144] 

SVR-Reptree [132] 
K-means Clustering with  ML algorithms ( 
CHAID, C-R Tree, and Generalized Linear 
Regression) 

[128] 

Fuzzy-logic enhanced Decision Tree [115] 
Neuro-Fuzzy Network [161], [125] 

Automated 
Machine 
Learning 
(AutoML) 

AutoSklearn [129] 

 

 

 

Figure 2.9. ML algorithms used in SEE studies 
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Figure 2.10.  ML methods by classification in SEE 

The earliest studies in machine learning (ML) for software effort estimation (SEE) utilized 

regression function models to automatically estimate software effort, thereby enhancing the expert 

judgment used in software development houses and industries. Notable regression-based models 

identified within the scope of this mapping study include multiple linear regression used for estimating 

the effort of individual tasks in software projects [127], and SVR used for estimating software 

construction phase effort [137]. These studies confirmed that software development efforts can be 

precisely estimated if the effort is broken into phases of development. Additionally, linear, ridge, and 

logistic regression models were employed in [156] to estimate the efforts of agile software projects. With 

the distance-based model, Karna et al. [135] employed KNN to predict the effort of sprints in the later 

phase of an agile project based on models built iteratively from the sprints of the initial phase. 

Probability-based models have been sparingly employed for SEE;  Fuentetaja et al. [153] applied multi-

step BBN to address the uncertainty aspects of software development through semi-automatically 

generated estimation models, while Kocaguneli et al. [151] implemented a kernel density function as a 

non-uniform weighting strategy for analogy-based software effort estimation. Tree-based ML models 

are primarily employed in cross-company and agile SEE studies. Those studies include RT for Dynamic 

Cross-company Learning (DCL) [171], REPtree for online learning in cross-company effort estimation 

[131], and LMT and J48b decision trees to enhance the human estimate from planning poker in agile 

effort estimation [134]. Neural-based models are the most frequently used ML algorithm for SEE; their 

applications are in three forms: simple ANN, enhanced variants of ANN, and deep learning models.  

A simple ANN based on the Post-Architecture Level of the COCOMO II model was developed 

in [158]  to improve the accuracy of estimating software development efforts. Similarly,  an MLP-based 

architecture of ANN was implemented in [142] for estimating software development efforts using use 

case points. Regarding agile software projects, ANN with text vectorization techniques was employed 

in [122] for predicting software effort based on text analysis of user stories, while in [119] an MLP-based 

ANN was used to predict sprint effort based on extracted project and human-related features. Other 

enhanced variants of ANN identified include FLAAN, used in [165]  for estimating software development 

effort with active learning; ELM, a feed-forward ANN employed in [143] to model software development 
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effort estimation; and Orthogonal Array Tuning Method (OATM)-optimized ANN introduced in [116] to 

improve the learning speed and estimation accuracy of an SEE model. The results of these studies 

demonstrated the superiority of the enhanced variants over the simple ANN and other ML models for 

SEE. Focusing on deep neural architectures, [121] proposed using FFDNN  integrated with the binary 

search algorithm for optimal hyperparameter configuration in SEE, and LSTM was used by Favero et 

al. [160] on pre-trained word embedding models to estimate software effort based solely on 

requirements texts. 

Apart from individual ML models, ensemble and hybrid ML models have also been widely 

employed in SEE. In the ensemble method, homogenous and heterogenous models have been 

implemented in SEE studies identified. With the homogenous ensemble approach, bagging and 

boosting are the most prominent in SEE. For instance,  bagged ensemble of ANN models was used in 

[164]  on collected effort estimation datasets; the Synthetic Bootstrap ensemble of Relevance Vector 

Machines (SynB-RVM), which simultaneously provides both point prediction and prediction interval 

estimation with confidence levels, was implemented in [166] implemented and evaluated on publicly 

available SEE datasets;  a tree-based bagging ensemble of DTs method was employed in [139] in 

combination with feature extraction and recursive feature elimination to build a robust SEE model; RF 

bagging ensemble was also used in [136]  to investigate the early-stage UCP-based effort estimation. 

Empirical analyses from these studies revealed the superiority of the ensemble models over the 

individual ML models. Concerning boosting ensemble models for SEE, [118] applied a gradient-

boosting model for estimating large-scale software development. The method outperformed other 

ensemble learning and regression models when applied to Cocommo81 and China datasets. [138] 

implemented and evaluated the Stochastic Gradient Boosting (SGB) ensemble method to estimate the 

development effort of agile software based on story points. An empirical assessment of 21 agile 

software projects indicated that the SGB technique outperformed other already-used ensemble 

methods, such as RF and ML techniques, such as DT. Three heterogeneous ensemble methods were 

employed: Voting, Dynamic voting, and Stacking. These heterogeneous ensemble methods have been 

applied in  both traditional software development [123,140,141,147,148,155,157] and Agile 

methodologies  [124,167], covering function point, use case point, analogy, and story point-based  SEE 

methods.  

Regarding the traditional method, Kocaguneli et al. [155] investigated the performance of 

ensemble methods built from multiple most stable solo ML-based effort estimation models across 

different performance metrics to predict the software development effort accurately. Following this, 

numerous studies have explored heterogeneous voting and stacking ensembles to build more robust 

and stable models for SEE. In [157], the Generalized Linear Model (GLM) and MLP are combined using 

the average voting method to build an ensemble SEE model. Average voting was also used in [123] to 

build a SEE model, producing a more accurate estimate. In [148] ensemble of three different effort 

estimation approaches: Use Case Point, Expert judgment, and analogy-based CBR was implemented 

to support software development firms. The parallel approaches' estimates were aggregated using the 

combination rules: mean, median, and inverse rank weighted mean. An enhanced version of voting 
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method, dynamic voting, was introduced to SEE in [145] and  [140]  by building a heterogenous 

ensemble of dynamically selected best individual estimators based on mean and median aggregation. 

Some other studies employed the stacking method, combining multiple base estimators and use a 

metamodel for final prediction. In [147], a stacking regression ensemble model composed of LR, MLP, 

Random Forest Regressor, and  AdaBoost Regressor as base learners and SVR as meta-learner was 

employed for estimating software development effort. In [141],  a stacking ensemble model comprising 

SVM, DT, ANN, elastic net regression (EN),  LASSO regression, ridge regression, and deep net (DN)  

as base models and Random forest as metamodel was implemented. The results of these ensemble 

models proved more effective than those of other ensemble approaches, such as average voting, 

weighted averaging voting, bagging, and boosting models. 

Considering Agile software development effort, a voting ensemble of SVR, Gradient Boosting 

Regression, RF regression, and MLP were used in [167] to estimate effort in Scrum projects based on 

story points. This approach aggregates efforts of sprints within phases and efforts of phases within the 

project to arrive at the final estimation. Similarly,  the study in [124] predicted the effort of agile sprints 

based on temporal data from previous sprints using an ensemble of seven individual ML algorithms. 

Individual predictions were aggregated based on their weights, and the ensemble model made the final 

prediction. 

Hybrid ML systematically integrates two or more individual ML models to build a more effective 

model. Although they may be complex, their robustness and effectiveness in producing more accurate 

software effort estimates have been consistently reported.  The study in [161] presented SEffEst, a 

hybrid framework combining fuzzy logic and ANN models for estimating software effort. Fuzzy logic was 

employed to fuzzify uncertain features, and different ANN architectures were tested for the model 

building. A similar hybrid architecture was employed in  [125] but with an optimized neuro-fuzzy network. 

In another study [115], fuzzy logic and DT were hybridized to handle the unexplainability and uncertainty 

that often characterize machine learning estimation models; a fuzzy inference system was incorporated 

to enhance the classification accuracy of DT. These fuzzy-based hybrid frameworks achieved a 

significant performance improvement compared to other existing works, yielding accurate estimations 

in most cases.  In a unique approach, Mittas et al. [149] proposed a semi-parametric method that 

hybridized a parametric method, Least Squares (LS) linear regression, with the non-parametric 

methods, Estimation by Analogy (EbA), Locally Weighed Regression (LOESS), ANN, and SVM to build 

a more robust software cost estimation models. The approach shows improvement in the performance 

of both parametric and non-parametric counterparts as it produces better results. 

Hybrid ML models have also shown significant performance in cross-company estimation. In 

[144] Canonical Correlation Analysis  (CCA) and Restricted Boltzmann Machines (MCR)  were 

hybridized based on with transfer learning for heterogeneous cross-company effort estimation. They 

proposed a unified metric representation to transform heterogeneous SEE data into homogenous data. 

Addressing the comprehensibility issue in the complex black box SVR model and performance issues 

in the simple white box REPTree model simultaneously,  [132] proposed an active learning rule 
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extraction-based model ALPA-R. The model extracted rules from well-performing Support Vector 

Regression (SVRs) to build trees that mimic the black-box model as closely as possible using REPTree. 

The model outperformed the original Reptree in terms of reliability and surpassed SVR in accuracy. In 

[128], an unsupervised clustering method was hybridized with supervised classification models for 

analogy-based SEE. The study employed the K-means algorithm to cluster past projects into groups. 

Then, machine learning models: generalized linear regression (GenLin), chi-squared automatic 

interaction detection classification (CHAID), and classification and regression tree (CART) models were 

trained using clusters closest to the new project to be estimated. The findings proved that the proposed 

approach is suitable for application in software development effort estimation in a real-life environment. 

More recently, AutoML—which automatically searches for the best-performing ML model to deploy for 

the task at hand by optimizing and tuning various ML algorithms—has been introduced to SEE. The 

study in [129] applied Auto-Sklearn to software effort estimation and compared its performance with 

control models: Linear multiple regression, random forest, and elastic Net. A logarithm transformation 

was applied to categorical variables before Auto-Sklearn was used, and the search time of the model 

was also adjusted to measure its influence. Results from empirical experiments emphasized the 

superiority of auto-sklearn with a logarithm transformation over other models, and it also exhibited the 

best search time, ranging from 20 to 30 minutes for SEE. This work has opened research exploration 

into the area of auto-ML for SEE. 

Regarding the application of ML algorithms in SPS, this mapping study found only five research 

articles that applied eight different ML algorithms specifically for team recommendation and software 

project duration prediction. Table 2.9 presents the mapping of the studies to the machine learning 

algorithms used in software project scheduling over the last decade, along with their classification.   

Figure 2.11 illustrates the usage statistics by individual ML algorithms and by classification. 

Table 2.9. ML algorithms used in SPS 

Classification Algorithms Studies 

Tree-based RF [130] 
DT [130], [169] 

Distance-based  KNN [130] 
Probability-based NB [130] 
Regression function-
based  

Logistic Regression [130], [170] 

Neural-based  ANN [130], [154] 
RBFNN [154] 
LSTM-based RNN [7] 
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A                                                 B 

Figure 2.11.  (A) ML algorithms used in SPS studies (B) usage by classification 

Tree-based, regression-based, and neural-based ML algorithms were used more frequently in 

software project scheduling than distance-based and probability-based models, which were primarily 

employed as baseline methods for comparison in studies. Moreover, ML methods were applied mainly 

in team recommendation and project duration prediction as subtasks of software project scheduling, 

except for the work in [174], which predicted the success or failure of a software engineering project 

based on team distribution, considering both local and global teamwork. The DT model was trained with 

a team distribution dataset to predict failure in the process and the final product at specific intervals. 

Evaluation results revealed that globally distributed projects produce fewer failures than locally 

distributed ones from a process perspective. 

For team recommendation, [130] proposed an intelligent software team configuration 

recommendation system called RECAST to satisfy the role requirements, teamwork compatibility, and 

technical skills. Taking a task description and a task assignee as inputs, RECAST employed the Max-

Logit algorithm to rank software teams based on the team fitness scores computed by the RF model. A 

similar approach was used in [170], where a modified Max-Logit algorithm based on logistic regression 

was employed to predict the top K best teams for specific tasks in software development. The proposed 

method extended the model in [97] by incorporating win experience, role experience, win rate, and team 

closeness as features to recommend and use team strength as the weighing function. Considering agile 

software project scheduling and resource allocation, [7] introduced TaskAllocator, which employs deep 

learning to predict the optimal team role for incoming tasks based on knowledge from historical projects 

in a distributed agile software development scenario.  LSTM, a variant of RNN with pretraining on 

embedding, was trained on tokens extracted from textual task descriptions to predict the task's 

appropriate role. Evaluation of case study projects from Taigo.io indicated the superiority of the 

approach over other existing deep learning architectures and ML models for accurate task allocation in 

agile software project planning. In the context of duration prediction, [154] investigated the performance 

of MLP and RBF neural networks in comparison to the baseline MLR approach for estimating the 

duration of new software projects. In their work, functional size and maximum team size were used as 
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the features to predict the duration. With superior performance, their work underscores the effectiveness 

of neural network models in predicting software development project duration. 

Regarding the application of ML algorithms in SOP, this mapping study found that no work has 

been published in the last decade on the topic. It is, therefore, essential for future studies to explore this 

direction, given the potential of ML methods in modeling experts’ preferences and patterns for the 

effective planning of software overtime.  

2.2.3.3 To what extent have studies explored the synergistic integration of ML and MOO in SPP, and 

what interaction strategies have been employed? 

An intrinsic synergistic relationship between ML and search-based metaheuristic optimization 

algorithms has been established and well-studied within the software engineering and data mining 

communities [45,46]. It is observed that ML can help optimization algorithms identify suitable regions in 

the solution space, enabling them to find the best solutions more efficiently. Additionally, metaheuristic 

algorithms could aid in finding superior parameter settings and the most discriminating subset of 

features for an ML model. Researchers have explored this synergistic relationship to solve various 

software engineering problems, such as software defect prediction [100,178] and requirement 

engineering [48], by drawing insights from ML-based software analytics — often referred to as Mining 

Software Repositories (MSR) — and SBSE. This has led to a subfield of SBSE called Data-driven 

Search-Based Software Engineering (DSBSE) [45]. This study extends the exploration to SPP by 

investigating the synergistic interaction between ML and search-based MOO in the SPP activities 

already identified.  Based on findings from existing studies, two interaction strategies between ML and 

MOO are determined as follows: 

1. MOO-based ML: MOO is utilized within the learning framework of an ML model to enhance 

its capabilities; the goal is to classify, predict, or estimate. 

2. ML-based MOO: Machine learning (ML) is incorporated into the optimization framework of a 

multi-objective optimization (MOO) algorithm to accelerate its search; the goal is to optimize 

processes. 

To address the question on synergistic interaction, studies that employed MOO and ML within a single 

framework or architecture were extracted from all identified articles and classified according to the 

interaction strategy.  

First, the proportion of all identified studies that interactively combined MOO and ML for the 

SPP activities was found to be only four studies (5.63%). This suggests that this interactive strategy 

has not received sufficient attention from researchers in SPP despite its envisaged superior 

performance. It was observed that the studies applying this strategy originated from the SEE domain, 

where most studies are ML-based. In the other domains of SPS and SOP, where most of the studies 

are MOO-based, no study employed the interactive strategy. These findings confirm the existence of 

open research issues in the domains of SPP. Table 2.10 presents the identified studies that applied the 
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interaction strategies between MOO and ML in SEE. It details the interaction mode, the combined MOO 

and ML algorithms, and the problem addressed. 

MOO-based ML approaches have been introduced in software engineering to address the 

reported scalability drawback of the Bayesian optimization method commonly used by the ML 

community for parameter tuning [46]. Bayesian optimization relies heavily on Gaussian Process Models 

(GPM), which do not scale well beyond a dozen variables, as reported in [45]. As a result, researchers 

in software engineering often substitute the Bayesian optimization method with metaheuristic MOO 

algorithms that can scale effectively for many variable combinations. In SEE, this work found two studies 

that implemented this approach. The study in [168] employed MOPSO to optimize the hyperparameters 

of SVR, while the study in [126] utilized the Firefly optimization algorithm for optimal tuning of the fuzzy 

analogy model. These studies reported improved performance compared to other parameter-tuning 

methods commonly used in the ML community.  Apart from parameter tuning, MOO has also been 

employed for optimal feature selection in ML models for SEE. The study in [159] utilized SBO to identify 

the optimal feature subset for an ANFIS model for effort estimation. The study's results indicated the 

superiority of the SBO compared to other feature selection models. These convincing results, which 

demonstrate the effectiveness of using MOO to complement ML and optimize its performance, confirm 

the synergistic interaction between MOO and ML.  

Table 2.10. Studies on the interaction between MOO and ML in SEE 

Studies MOO Algorithm ML 
Algorithm 

Interaction Mode  Problem addressed 

[163]  HaD-MOEA MLP ML-based MOO Finding optimal MLP models for 
software effort estimation 

[168]  MOPSO SVR MOO-based ML Finding the optimal 
hyperparameter setting of SVR 
for building an imputation model 
in SEE 

[159]  Satin Bowerbird 
Optimization 
(SBO) 

ANFIS MOO-based ML Finding the optimal structure 
and feature of an ANFIS 
framework for software effort 
estimation 

[126]  
 

Firefly 
Optimization 
Algorithm 

Fuzzy 
analogy 

MOO-based ML Finding optimal parameters for a 
clustering-based fuzzy analogy 
model for SEE 

 

On the other hand, ML-based MOO has not been actively studied in SEE. This study found only 

one article [163] that employed this strategy. In the article, the authors approach SEE as a multi-

objective optimization problem, incorporating an ML model within the MOO framework. Instead of using 

the mathematical formulation for modeling effort estimation as usually done by other MOO studies in 

SEE [82,114,120,152], the authors used MLP to build estimation models and applied HaD-MOEA to 

search for optimal models that minimize MMRE, LSD, and maximize Pred(25) as objectives. Their 

model generated a Pareto ensemble of MLP models, exhibiting optimal performance in estimation. Their 

strategy of replacing the mathematical model with an MLP for multi-objective effort estimation yielded 
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a more practical approach to addressing the SEE problem, offering greater flexibility for project 

managers. 

The two-way synergistic interactions between MOO and ML have been explored only in SEE.  

Most studies used MOO within the ML framework to optimally select features and tune 

hyperparameters—only one study employed ML within the MOO framework. This study found no 

studies on SPS and SOP that implement the synergistic interaction between MOO and ML. 

2.2.3.4 What software development or project management methodologies are most commonly 

considered in studies applying ML and MOO to SPP? 

Depending on project size, team size, criticality, and complexity, software project management 

can be approached using Traditional, Agile, and Hybrid methodologies.  The traditional method follows 

the generic waterfall life cycle, where project tasks are carried out in succession until the product is 

completed and delivered. The agile approach focuses on customer satisfaction and rapid development, 

where workable versions of the product are delivered in intervals, known as sprints. The hybrid 

approach combines the two former approaches to handle complexity while achieving speed 

simultaneously. To answer this question, the software project management methodologies considered 

in the identified articles were extracted, and the proportion of studies focusing on traditional, Agile, and 

hybrid approaches was computed. Nine articles (12.68%) out of 71 were found to have applied MOO 

and/or ML to SPP problems in an agile environment. Only one article (1.41%) considered the hybrid 

project management methodology, and the remaining 61 (85.91%) were based on traditional software 

project management methodologies. Figure 2.12 presents a detailed analysis of these results. 

It is evident from the results that the majority of MOO and ML studies in software project 

planning are still based on traditional approaches to software project development or management. A 

small percentage considered the agile approach, despite having some evidence of its efficiency and 

acceptability in the software development industry. The limited research in agile software project 

planning using MOO and ML may be due to the lack of publicly available datasets and project instances 

for testing intelligent learning algorithms. Moreover, the sheer idea of agile SPP makes it harder to plan 

and optimize as it accentuates short-term tasks, frequent updates of plans, and adapting to the current 

situation. Considering analysis based on the identified software project planning activities, SEE has 

attracted more studies on Agile approaches (eight articles). SPS only attracted one study on agile and 

one on a hybrid approach. No agile or hybrid approach was found in SOP.  

Further analysis of studies that applied ML and MOO algorithms in Agile software project 

planning was also conducted. As presented in Table 2.11, it was observed that most works on Agile 

software project planning employed ML, primarily in SEE; only one study applied ML in agile-based 

SPS for task allocation. Studies in agile-based SEE, as identified in this work, have explored individual 

ML algorithms [135,156], homogeneous ensembles [134,138], heterogeneous ensembles [124,167],  

and neural-based ML algorithms [119,122]. The studies were primarily based on private datasets 

collected from software houses, as in [119,122,124,134,135,138,156]; only one study [167] utilized 
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project datasets from a public repository.  Moreover, the contributions of the studies can be categorized 

into three: those that predicted the effort of sprints [119,124,135,167], those that predicted the effort of 

the entire agile project based on story points [138,156], and those that supported human experts in the 

estimation of story points [122,134]. 

 

 

Figure 2.12.  The proportion of identified articles based on software project management methodologies 

 

Table 2.11. ML studies in agile-based software project planning 

Studies Algorithm SPP 
activity  

Main Contribution Data Source 

[135] KNN SEE predict the effort of sprints in 
the later phase of an agile 
project  based on models built 
from previous  sprints to 
improve on expert estimation 
of agile project 

Private telco project 
data 

[167] Heterogenous 
ensemble of SVR, 
GBR, RFR and MLP 

SEE estimate effort in scrum 
projects using story points by 
aggregating efforts of sprints 
within phases 

Open source project 
scrum dataset 
(Apache, JBoss, 
JIRA, MongoDB) 

[124] Heterogenous 
ensemble of seven 
ML algorithms 

SEE predict the effort of agile 
sprints based on  temporal 
data of previous sprints 

Private dataset from 
the IT department of 
a University 

[138] Stochastic gradient 
boosting 

SEE Estimate the development 
effort of an agile software 
project based on story points. 

Private agile 
software project  
dataset from a 
software house 

[156] Linear, Ridge, and 
Logistic regression 

SEE estimate the effort of agile 
software projects from a story 
point 

private datasets on 
agile development 
projects from 6 
software houses 
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[122] ANN with word 
embedding 

SEE Extract keywords from the 
agile story card with word 
embeddings to build a feature 
set for training an ANN model 
in agile effort estimation. 

Private local  dataset 
from a software 
company 

[119] MLP SEE predict effort of sprint in agile 
software project based on 
project and human-related 
features 

Simulated dataset 
and private dataset 
from a company 

[134] DT, RF, and LMT SEE enhance the human estimate 
from planning poker of agile 
effort estimation through 
auto-estimation with ML 
algorithms 

Data from 110 teams 
using IBM Rational 
Team Concert 

[7] LSTM SPS predict the perfect team role 
for incoming tasks based on 
knowledge from historical 
projects in a distributed agile 
software development 
scenario using a deep 
learning  

10 case study 
projects from 
Taiga.io  

 

The study in [7] (the only research on agile-based SPS identified in this work) employed an 

advanced ML algorithm based on LSTM  to allocate tasks to a team of developers using selected case 

study projects from a public repository of agile project management tool: Taiga.io. The work introduced 

a deep learning approach to task allocation in a distributed agile environment. 

A study [72] was identified applying MOO to SPS in a hybrid software project management 

environment combining traditional and agile methodologies. The study employed a mixed-integer multi-

objective genetic algorithm that considers the pairwise synergies among developers and handles the 

flexibility of the software project structure to adapt agile project features. However, the project dataset 

was based on the simulated project networks generated from the multi-skill resource-constrained 

project scheduling problem generator created by Myszkowski et al. [179]. 

In summary, the findings from this study revealed a limited body of research in agile-based 

software project planning. The few studies identified focused mainly on SEE and sparingly on SPS. In 

addition, ML algorithms dominate MOO when considering applications in agile-based SEE, while both 

were used equally in SPS. No record of Agile-based approaches was found in SOP. The limited 

research in this domain may be due to the scarcity of publicly available project data on agile-based 

software development, as well as the difficulty of obtaining private datasets from software companies, 

which is often hindered by confidentiality and bureaucratic constraints.  

2.2.4 Existing Gap and Open Research Issues 

Significant advancements have been achieved in the application of MOO and ML to SPP over 

the past decade. Nonetheless, several unexplored and unresolved research issues remain that are 

essential for progressing the current state-of-the-art in SPP. The identified open issues are outlined as 

follows. 
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(i) Search-based multi-objective effort estimation: search-based SEE has been extensively 

researched over the past decade. Nonetheless, most existing methods primarily generate point 

estimates and focus on a single objective. Among the limited number of multi-objective studies 

identified, many have concentrated on enhancing point estimate accuracy by exploring trade-

offs among various performance metrics as objectives. There is a need for research that 

incorporates both point and interval estimates to achieve more robust and reliable estimation. 

Future investigations should also aim to extend current bi-objective frameworks into many-

objective formulations, thus enabling the application of more sophisticated search-based multi-

objective optimization algorithms within SEE. 

(ii) ML-based software project scheduling: SPS has primarily been addressed through search-

based optimization techniques, including MOO; however, few studies have utilized ML 

methods. Most existing ML research in SPS centers on team recommendations. Accurately 

predicting the duration of individual tasks in software project schedules remains difficult, mainly 

due to the lack of available datasets. The only study on duration prediction applies its model to 

entire software projects. Future research could focus on creating valuable datasets using 

software project management tools and repositories. Additionally, applying advanced machine 

learning models to these datasets for task duration prediction could lead to more accurate and 

informed project schedules. 

(iii) ML-based software overtime estimation: In recent times, there has been limited focus on 

overtime planning in software development projects among SPP researchers. The few existing 

studies approached it as a search-based multi-objective optimization problem, which faces 

challenges related to complexity and industry acceptance. However, with appropriate data such 

as project and developer details, ML models can be created to predict the overtime required in 

software projects by learning from project managers' expertise. Collecting and generating such 

datasets remains a significant challenge in SOP, and further research in this area is highly 

valuable. Additionally, industry practitioners are likely to adopt and trust ML-based overtime 

estimates because these models will incorporate project managers' subjective preferences.. 

(iv) ML-driven MOO for SPP:  This study found that MOO is dominant in SPS and SOP, while ML 

leads in SEE. Combining these two computational intelligence methods offers promising 

potential but has received limited research attention. Although some studies have integrated 

MOO within ML models for SEE, ML-driven MOO approaches are rarely used in SPP. Research 

in other software engineering fields, such as requirement prioritization, design, and defect 

prediction, shows that ML can effectively improve MOO algorithms by helping to identify optimal 

regions in the search space and validating solutions. Future research should explore this 

synergy in SPP. For example, ML can be integrated into search-based SPS frameworks for 

task allocation and duration estimation, enabling MOO to plan schedules more effectively. This 

improves search efficiency and prevents the generation of infeasible solutions. Similarly, in 

SOP, ML can incorporate the experience of project managers to predict the acceptability of 
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overtime plans generated by MOO, ensuring solutions are both optimal and practical for PMs. 

A comparable approach can be applied in SEE by developing a search-based effort estimation 

method that uses ML-built models instead of traditional mathematical formulations, aiming for 

more accurate and effective estimates. 

(v) Agile-based SPP: The agile approach has become the standard in the software industry. SEE 

has been approached with several agile methods that are useful in practice. However, a gap 

remains between research on software project planning (especially in SPS and SOP) and 

current industry practices. To bridge this divide, researchers need to develop scheduling and 

overtime planning methods suited for an agile environment. Additionally,  existing research on 

agile-based methods for SPP relied on private datasets, as seen in agile SEE studies. This is 

a challenge for SPS and SOP, since software companies are often reluctant to share planning 

data for empirical model testing. It would be valuable for the research community if new efforts 

focused on collecting data necessary to develop and validate Agile-based planning models.. 

2.3 Interactive Multi-Objective Optimization Techniques in Software Engineering 

In some fields of engineering, adhering to regular Pareto dominance in multi-objective 

optimization has the drawback of producing several undesired solutions from the DM’s perspective and 

may result in a lengthy optimization process [180]. This has led to the introduction of preference-based 

multi-objective optimization techniques, which incorporate DM preferences into the optimization 

process to guide the search. The primary goal is to ensure the search algorithm prioritizes solutions 

most relevant to the DM. This is achieved through several methods, including weight vectors, reference 

points, regions of interest, and tradeoffs. The preferences can be incorporated in three ways:  before 

the optimization process begins (a priori), after the main optimization process (a posteriori), and during 

the optimization process (interactive). In situations where the DM can be engaged to provide their 

subjective evaluations, the interactive approach is most recommended [181] because it allows DM to 

adapt their preferences to newly obtained solutions and their coordinates in the objective space. 

Interactive multi-objective optimization integrates real-time DM feedback into the optimization 

steps of metaheuristic algorithms to guide the search toward preferred solutions. It is implemented using 

two approaches: goal programming and Human-In-the-Loop (HIL). In goal programming, the 

optimization algorithm attempts to minimize the deviation of the search from the DM-defined reference 

points adaptively. Specifically, the DM dynamically updates reference points, and the algorithm finds 

solutions closest to them. An illustration of this approach as presented in [182] is depicted in Figure 

2.13. The questions of why a reference point has been mapped to a specific solution and how the 

reference point could be changed to achieve a desired result are highlighted. In the HIL approach, DM 

provides feedback in the form of evaluation of solutions iteratively at each optimization step until desired 

solutions are found. It follows the simple procedure described as follow: 

1. Algorithm generates initial Pareto front. 

2. DM provides feedback (e.g. subjective evaluation). 
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3. Algorithm refines solutions based on feedback. 

4. Repeat until DM is satisfied. 

 

 

Figure 2.13.  Reference point-based interactive multi-objective optimization (source: [182]) 

 

 HIL is highly popular in interactive multi-objective optimization for two reasons. First, it can find 

solutions that best meet the DM’s subjective needs [183].  Second, it results in a reduction of up to 50% 

in optimization iterations [184], leading to faster convergence. HIL is commonly used in SBSE studies 

to integrate developers' subjective preferences into the optimization procedure of search-based multi-

objective evolutionary algorithms. This is because software engineering problems often involve human-

centric processes that objective optimization alone may not be able to handle. Since this thesis is based 

on an interactive multi-objective optimization approach, it is imperative to review studies in software 

engineering that have implemented the strategy. Several interactive search-based optimization 

algorithms have been developed and applied across various subfields of software engineering. The 

interaction mode in these studies can be categorized into two: direct and semi-indirect interaction. 

 In direct interaction, the DM is physically involved in the optimization process to provide 

subjective evaluation. [185] introduced a novel interactive ant colony optimization framework by 

embedding user preferences directly into the optimization process for the Next Release Problem. By 

directly translating qualitative user input into quantifiable preference metrics, the approach ensures that 

the resulting software release plans more accurately reflect the end users' priorities. In their 

experimental evaluation, the authors applied their enhanced algorithm to a set of benchmark instances 

that simulated realistic software release planning scenarios. The experiments demonstrated that this 

interactive approach produced release plans with significantly better alignment to stakeholder 
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expectations. [44] proposed an interactive software release planning method that uses a Preferences 

Base provided by the PM during the search process of an IGA. This approach incorporates the PM's 

preferences as penalties for candidate solutions, depending on the importance of each preference that 

was not satisfied.  Regarding software design optimization, [40] explored interactive Ant Colony 

Optimization (iACO) for the software design process, where both objective and subjective factors 

influence the search. The user participates by providing a numeric evaluation (from 1 to 100) for feasible 

solutions, represented as UML diagrams. Similarly, [43] suggested involving developers in software re-

modularization tasks using IGA. This algorithm employs a fitness function that combines modularization 

quality with a human-assessed factor, determining whether two components should reside in the same 

module, thereby acting as a constraint to penalize solutions. The findings demonstrate the approach’s 

effectiveness in improving cohesion. 

The direct interaction approach has also been applied in software testing and maintenance. 

[186] introduced a Differential Evolution algorithm for testing embedded software, utilizing a technique 

that largely automates test data generation while allowing domain experts to contribute their knowledge 

and experience. To direct the search, the domain expert specifies the relative importance of the quality 

objectives. In terms of software maintenance, [187] proposed an IGA method to identify suitable 

refactoring suggestions based on a set of examples. The fitness function combines the objective value 

of refactoring solutions during the IGA process with the developer’s ratings. Results indicated that this 

method is consistently accurate. 

In the semi-indirect approach, DM partially interacts with the optimization algorithms in some 

initial iteration steps, after which a machine learning model is trained on the interaction pattern to replace 

the DM in subsequent iterations. [39] proposed an architecture for incorporating human experience and 

preferences in the search process of an Interactive Genetic Algorithm (IGA) for requirements 

engineering. The architecture utilizes a machine learning model to replace PM’s interactions with the 

search process when it becomes overwhelming. Similarly, [188] proposed neural network-based fitness 

evaluation within the IGA framework to model the subjective fitness function in search-based software 

refactoring.  The software engineers manually evaluate the suggested refactoring solutions by GA for 

a few iterations. Then, an ANN uses the evaluation examples provided by the engineers to assess the 

refactoring solutions for the remaining iterations. Their case study demonstrates that the adaptive 

fitness function leads to improved refactoring outcomes, achieving a better balance between conflicting 

objectives such as code quality and maintainability while also enhancing the efficiency of the search 

procedure. 

2.4 Analysis of Related Works 

The analysis of the limitations of existing studies on software overtime planning and interactive 

optimization for software engineering problems, in comparison with the proposed study, is presented in 

Table 2.12. 
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The table presents a comparative analysis of existing studies, highlighting their use of overtime 

planning, multi-objective formulation, and interactive approaches, as well as the specific modes of 

interaction and incorporation of machine learning. Several studies (e.g., [37], [36], [30]) focus on 

overtime planning and multi-objective formulations without deploying interactive approaches or machine 

learning, while others (e.g., [40], [186], [43]) integrate direct or semi-indirect interactive modes. Notably, 

the study in [38] distinguishes itself by incorporating all three features, including a partial interactive 

approach, and [39] employs a semi-indirect mode with machine learning integration. In contrast, the 

proposed method advances the current research landscape by combining overtime planning, multi-

objective formulation, a fully interactive approach via an indirect mode, and machine learning, thereby 

suggesting a more holistic and enriched framework. 

Table 2.12. Gab Analysis of the Existing Studies 

Studies Overtime 
planning 

Multi-objective 
formulation 

Interactive 
approach 

Interaction 
Mode 

Machine Learning 
based 

[37] * *  None  

[40]  * * Direct  

[44]   * Direct  

[36] * *  None  

[186]  * * Direct  

[38] * * * Partial  

[48]   * Semi-indirect * 

[30] * *  None  

[185]   * Direct  

[188]  * * Semi-indirect * 

[43]  * * Direct  

Proposed * * * Indirect * 
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CHAPTER 3  METHODOLOGY 

 In this chapter, a novel interactive multi-objective optimization framework is designed, and the 

methodology for implementing it to solve the software overtime planning problem is presented. The 

methodology describes the materials (software project datasets), methods (problem formulation, 

algorithms, and models), and metrics (performance measures) to be used in assessing the proposed 

framework. 

3.1 Machine Learning-Based Interactive Multi-objective Optimization Framework  

The machine learning-based interactive memetic multi-objective optimization framework 

proposed in this study, as illustrated in Figure 3.1, comprises three main steps: Problem 

Modelling/Formulation, development of the machine learning-based interactive memetic algorithm, and 

Evaluation. The interactive algorithm based on machine learning consists of three interconnected 

components: the memetic multi-objective search optimization algorithm, the interaction module, and the 

machine learning model. 

 

Figure 3.1. ML-based interactive multi-objective optimization framework 

At first, an interactive multi-objective optimization problem is formulated for a software 

engineering application and modelled to facilitate interaction with a machine learning model. Using the 

formulation, instances of initial optimal solutions are generated based on real-world software project 

datasets collected. The solutions are then presented to DMs for annotation, which in turn is used to 

build the ML model that can learn the subjective preferences of the DMs. A memetic multi-objective 

optimization algorithm is developed to find an optimal solution to the problem explicitly. Then, the ML 

model, built a priori, is integrated with the algorithm via an interaction module to guide the search 

algorithm interactively to the preferred region of interest or solutions. In the last phase, the solutions 
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produced by the proposed algorithm are evaluated based on multi-objective solution quality metrics and 

interactive solution measures.  

3.1.1 Machine Learning (ML) model 

 In the proposed framework, the ML model is developed separately before initiating the search-

based optimization process. Creating an effective and precise predictive model requires training data, 

which is often limited, particularly in software project management. A machine learning model suited for 

working with a moderately small dataset would be more appropriate here. Initially, a large set of 

solutions will be generated based on problem modeling and empirical data. Subsequently, software 

engineering experts will evaluate these solutions subjectively, based on their experience with similar 

issues, assigning a numeric score (ranging from 1 to 100) to indicate the solution's applicability, as 

referenced in [40]. This annotated data will then be used to train a predictive model to assess the 

solutions produced by the optimization algorithm.  

Given the significant efforts required from the PMs, which may result in a limited annotated 

dataset and anticipated high dimensionality contingent upon the complexity of the software projects, an 

optimized tree-based learning model is recommended due to its documented performance in mitigating 

bias and overfitting. Furthermore, the inherently numeric attributes and the continuous nature of the 

predicted value, coupled with a relatively small sample size, suggest that a regression-based approach 

is more appropriate for the machine learning model.  Consequently, an appropriate method is to 

implement an ensemble-based regression tree model—a meta-estimator that can fit several regression 

trees on various sub-samples of the dataset, using averaging to improve predictive accuracy and control 

over-fitting—for estimating DM satisfaction with the multi-objective solution produced by the search-

based multi-objective optimization algorithm.  

3.1.2 Interactive memetic multi-objective optimization algorithm 

 Considering the multi-objective nature and inherent complexity of most problems in software 

engineering, a memetic approach is proposed for the framework. This approach integrates a population-

based global technique with localized search performed by each individual within the population to direct 

the search toward a global optimum [85,189]. Memetic algorithms are renowned for their efficient 

exploration of the solution space and their robust exploitation of promising regions within it [3]. They 

have been consistently reported to outperform genetic algorithms in terms of both speed and solution 

quality [30,80,85,86].  Memetic algorithms integrate local evolution with global optimization strategies 

adopted from the genetic algorithm. This characteristic nature of memetic algorithms makes it possible 

to implement an interactive algorithm with them in two ways: during local evolution steps and at the 

global optimization stage. The two methods can be implemented in the proposed framework, each with 

its advantages and drawbacks.   

 [85,189]. Memetic algorithms are renowned for their efficient exploration of the solution space and their 

robust exploitation of promising regions within it [3].  
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For instance, the ML model could be integrated during the local search to identify and accept 

only solutions that satisfy the DM's preferences in the neighborhood of the individual solutions. In this 

way, the preference of the DM is better exploited but at the expense of numerous interaction instances 

which may lead to slow convergence of the interactive algorithm. Also, it might significantly increase 

the complexity of the algorithm and complicate its implementation.  On the other hand, the ML model 

can be integrated during global evolution to find the best solutions that satisfy DM’s preferences at each 

global iteration, leading to a faster approach with reduced interaction instances. However, this method 

may miss some optimal and preferred solutions, as the DM's preferences are activated after the optimal 

solutions at each step are identified, thereby missing a better trade-off between objectively good 

solutions and those preferred by the DM. The choice of method to use depends on the application areas 

and the goal of the interactive approach. 

3.1.3 Interaction Module 

 The interaction module functions as a communication link between the ML model and the 

memetic algorithm. This study extends the interaction model from [39] for the Next Release Problem 

(NRP) by eliminating the PM's direct role during optimization, replacing him entirely with a trained 

predictive machine learning model. Specifically, the module receives an individual solution from the 

memetic algorithm and sends it to the pretrained ML model for subjective assessment. The resulting 

evaluation score is then integrated into the solution's fitness score to help select the best solutions. As 

a result, the interaction module connects the memetic multi-objective optimization algorithm, the 

predictive model, and the fitness function, which uses a preference-based dominance relation to 

determine the superiority of candidate solutions. 

In this thesis, the proposed framework is implemented for interactive software overtime 

planning based on real-life software projects. The problem modeling, interactive memetic algorithm 

design, and performance evaluation of this implementation are presented in the following sections. 

 3.2 Interactive Overtime Planning Problem Formulation 

A software project schedule is typically depicted using a Direct Acyclic Graph (DAG), which 

comprises a set of nodes, denoted as 𝑊𝑃 = {𝑤𝑝1 , 𝑤𝑝2, … . . 𝑤𝑝𝑛} representing the collection of work 

packages, along with a set of edges, denoted as 𝐷𝑃 = { (𝑤𝑝𝑖 , 𝑤𝑝𝑗 ) ∶ 𝑖, 𝑗 ≤ 𝑛} indicating dependencies. 

Each work package is characterized by the effort required (measured in function points), estimated 

duration, and associated costs (for example, in USD). The development of an effective software project 

schedule has been extensively studied within the scholarly literature [3,10,14,53,70,71,76,78]. This 

study does not focus on constructing such schedules but instead analyzes the impact of overtime 

allocations on an existing schedule. For this purpose, the Critical Path (CP) method, a widely adopted 

planning technique for decades, is employed. An overtime plan for the schedule can be represented by 

a linear, finite set of N (the total number of work packages) integer values within the interval [0, 4], each 

indicating the daily overtime hours allocated to a specific work package. An example of an overtime 

plan for a project comprising ten packages is provided below. 
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0 2 1 4 0 2 3 4 2 3 

                0          1          2           3           4           5           6           7           8          9 

In the example, the second work package is allocated 2 hours of overtime daily. The aim is to create 

an optimal overtime plan that aligns with the set objectives. The interactive overtime planning problem 

addressed here is formulated as a multi-objective optimization with four distinct goals. Since the 

formulation is interactive, the first three goals—total overtime, cost, and code quality—are assessed 

based on explicit characteristics of project schedules. The fourth goal, the project manager's (PM’s) 

satisfaction, is predicted using a pre-trained machine learning model. Notably, this is the first instance 

where code quality is included as an objective, integrating machine learning into the formulation. The 

key objectives targeted in this overtime planning model are listed below. 

1. Total overtime: refers to the sum of overtime hours across all work packages required to complete 

the project, as determined by the optimization algorithm. A well-optimized solution should have 

reduced overall overtime hours. Its calculation is described by Equation 3.1.  

Minimize: 

              𝑂𝐻 =∑𝑂𝑤𝑝𝑖

𝑛

𝑖=1

∙ 𝐷𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛(𝑤𝑝𝑖)                                                                                                (3.1) 

Where 𝑂𝑤𝑝𝑖  represents the amount of overtime spent on ith work package and 𝐷𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛(𝑤𝑝𝑖) is its 

duration. 

2. Cost: is the total amount of money spent to complete the project. The cost of each work package is 

calculated using the function points-based approach, which aligns with industry practice. Using the 

productivity value of 27.8 FP/developer-month, as estimated by [190] for software projects and 

previously used in existing studies on software overtime planning [22], 5.76 developer-hour is 

required to complete one function point. To calculate the final cost, the average hourly rate of 

developers needs to be determined. The average hourly rate for software developers varies 

significantly based on factors such as location, expertise, and project complexity. Based on recent 

data and global standards, a balanced rate that reflects both quality and cost-effectiveness would be 

around $75 per hour [191,192]. So the cost of each WP is computed as: 

                                𝐶𝑤𝑝 =  75 × 5.76 × 𝐹𝑃𝑤𝑝                                                                                   (3.2) 

The impact of overtime hours on project cost is modeled according to Brazilian cost law [22]. If a 

regular working hour costs X, then the first two overtime hours cost 120% of X, and the subsequent 

two hours cost 150% of X. The candidate solution aims to minimize this cost, which is calculated as 

specified in Equation 3.3. 

Minimize: 
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                     𝐶𝑜𝑠𝑡 =  ∑ {
𝐶𝑤𝑝𝑖 + 

6𝐶𝑤𝑝𝑖

5
 ,                    𝑖𝑓  𝑂𝑤𝑝𝑖  ≤  2

𝐶𝑤𝑝𝑖 +
3𝐶𝑤𝑝𝑖

2
 ,                     𝑖𝑓  𝑂𝑤𝑝𝑖  >  2 

𝑛
𝑖=1                                               (3.3) 

Where 𝐶𝑤𝑝𝑖 is the regular cost of the work packages. 

3. Quality of code: The quality of the software code is measured by the error rate caused by overtime, 

as modeled in [36]. The model predicts a 20% increase in errors for developers working 2 hours of 

overtime daily and a 50% increase for those working 4 extra hours per day. The lower the error rate, 

the higher the code quality. Therefore, the error rate should be as low as possible in the ideal solution. 

Minimize: 

                  𝐸𝑟𝑟𝑜𝑟𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒 = ∑{
 
𝐸𝑤𝑝𝑖
5
  ,                𝑖𝑓  𝑂𝑤𝑝𝑖  ≤  2

𝐸𝑤𝑝𝑖
2
   ,                  𝑖𝑓  𝑂𝑤𝑝𝑖  >  2

 

𝑛

𝑖=1

                                                (3.4) 

4. PM’s satisfaction: The PM's subjective evaluation of a solution is treated as a separate objective to 

be maximized. PM satisfaction is estimated using a trained machine learning model that relies on 

solutions annotated by the PM. 

Constraint:  

The above-listed objectives are constrained by the maximum allowed daily overtime constraint: 

              0 ≤  𝑂𝑤𝑝𝑖 ≤ 𝑚𝑎𝑥𝑜𝑣𝑒𝑟𝑡𝑖𝑚𝑒                                                                                                     (3.5) 

 3.3 ML-based Interactive Memetic Algorithm for Overtime Planning 

 To solve the interactive software overtime planning problem modelled in section 3.2, an ML-

based interactive MOSFLA algorithm (ML-iMOSFLA) is designed. MOSFLA is chosen as the 

optimization algorithm for the framework because it has been shown in a previous study [30] to 

outperform NSGA-II, which is mainly used in the existing studies on software overtime planning [36–

38].  The interactive algorithm integrates a pretrained RFR model to capture the subjective PM 

evaluation of solutions during global evolution and for ranking non-dominated solutions. Additionally, 

an interactive multi-objective fitness function is employed to assess the fitness of each solution.  Figure 

3.2 depicts the flowchart for the proposed ML-iMOSFLA. 
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Figure 3.2. Flow chart of the ML-iMOSFLA algorithm 

 The MOSFLA, designed explicitly for software overtime planning by [30], is adopted in this 

study.  It extended the original SFLA [193] (a simple framework given in Figure 3.3) by incorporating an 

archiving strategy with the self-adaptive niche method proposed in [194] to maintain the non-dominated 

solutions. It also includes an improved population sorting method and a memetic evolution process to 

adapt to MOO problems. Due to the group evolution mechanism employed by MOSFLA, solutions can 

evolve in different directions, which informs its selection in this study.  
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Figure 3.3. Framework of SFLA algorithm 

To adapt MOSFLA to interactive overtime planning, the algorithm is updated as follows. 

i. Archiving Strategy 

In many efficient MOO algorithms, the archiving strategy plays a key role in maintaining multiple 

non-dominated solutions, while the niche technique effectively preserves the diversity among these 

solutions. In a niche-based archiving approach, the niche radius is utilized to compute the sharing 

fitness of non-dominated solutions.  The sharing fitness is calculated as defined in equations 3.6 and 

3.7.  

              𝑆𝐹(𝑖) =  
1

∑ 𝑠ℎ(𝑑𝑖𝑗)
𝑞
𝑗=1  

                                                                                                                (3.6) 

                𝑠ℎ(𝑑𝑖𝑗) =  {
1 − (

 𝑑𝑖𝑗

𝜎𝑠ℎ𝑎𝑟𝑒 
)
𝛼

              𝑑𝑖𝑗 < 𝜎𝑠ℎ𝑎𝑟𝑒

  0                                     𝑑𝑖𝑗 > 𝜎𝑠ℎ𝑎𝑟𝑒  
                                                                (3.7)  

 

Where 𝑆𝐹(𝑖) is the sharing fitness of i th non-dominated solution, 𝑞 is the number of solutions in 

the archive set, 𝑠ℎ(𝑑𝑖𝑗) is the sharing function of i th and j th non-dominated solutions, 𝑑𝑖𝑗 is Euclidean 

distance of objective space between i th and j th non-dominated solutions, α𝛼 is constant coefficient; and  

𝜎𝑠ℎ𝑎𝑟𝑒   is the niche radius.  

𝜎𝑠ℎ𝑎𝑟𝑒 directly affects  𝑆𝐹(𝑖) and an unfit 𝜎𝑠ℎ𝑎𝑟𝑒 can lead to uneven distribution of the non-

dominated solutions. Because specifying 𝜎𝑠ℎ𝑎𝑟𝑒 beforehand is challenging and it depends on the size 

and distribution of the archive set,  a self-adaptive method for calculating 𝜎𝑠ℎ𝑎𝑟𝑒  is adopted. This method 

dynamically calculates and adjusts 𝜎𝑠ℎ𝑎𝑟𝑒 during each iteration, as described in [194]. The formulas for 

this calculation are shown in equations 3.8 and 3.9. 
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 𝜎𝑠ℎ𝑎𝑟𝑒    =             {
𝐶                     𝑖𝑓  𝑞 <  2

 ∑  
𝑑𝑖
𝑞⁄

𝑞

𝑖=1 
         𝑖𝑓  𝑞 ≥ 2 

                                                                                     (3.8)  

  

𝑑𝑖  = min( ‖𝐹𝑖(𝑥)  − 𝐹𝑗(𝑥)‖) 𝑓𝑜𝑟   𝑖 , 𝑗 =  1,2, …… . . , 𝑞 ∶   𝑗 ≠  𝑖,                                           (3.9) 

   

q is the number of solutions in the archive set, 𝑑𝑖 is the minimum Euclidean distance of objective 

space between i th non-dominated solutions and others, and C is a positive constant usually set to 1. 

The  niche radius is calculated as the mean of all non-dominated solutions' 𝑑𝑖 values in the archive.. 

ii. Population Creation and Sorting Strategy 

MOSFLA is a stochastic algorithm where the initial frog population is randomly generated. The 

acceptance or rejection of solutions depends on maximum overtime constraints. To sort the population, 

various methods have been used, such as Pareto dominance, crowding distance of solutions, a 

combination of crowding distance within non-dominated solutions, and the Hamming distance between 

dominated and non-dominated solutions [80,189]. In this study, sorting is based on both the rank 

determined by Pareto fronts and the crowding distance of individual frogs. The ranking process is as 

follows: 

1. Non-dominated solutions in the initial population are assigned to the first rank (rank 0) 

and removed. 

2. From the remaining solutions, non-dominated solutions are identified and assigned to 

the next rank (rank 1). 

3. This process continues until no solutions remain. 

Following ranking, crowding distance (Cd) is calculated for all solutions within the same rank using 

equation 3.10. 

          𝐶𝑑 =    ∑ |𝑃[𝑖 +  1] ·  𝑓𝑘 −  𝑃[𝑖–  1] ·  𝑓𝑘|
𝑟

𝑘=1
                                                                   (3.10) 

 𝑃[𝑖 +  1] ·  𝑓𝑘, 𝑃[𝑖–  1] ·  𝑓𝑘 are the kth objective function values of two adjacent frogs, and r is the 

number of objectives. The final multi-objective fitness function is calculated using equation 3.11 as 

proposed in [195]. 

               𝑀𝑂𝐹𝑖𝑡 =  
1

2𝑟𝑎𝑛𝑘 +
1

1 + 𝐶𝑑

                                                                                                  (3.11) 

iii. Memplex formation 

The sorted frogs are stored in an array X = {P(i), f(i), i = 1, . . . ,n}, in the order of their fitness 

values. The array is then partitioned into m memeplexes Y1,Y2, . . . ,Ym, each containing n frogs based 

on equation 3.12: 
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                𝑌𝑘  =  [ 𝑃(𝑖)𝑘 | 𝑃(𝑖)𝑘  =  𝑃[ 𝑘 +  𝑚(𝑖 −  1) ] ], 𝑖 =  1, . . 𝑛  𝑘 =  1, . . 𝑚                  (3.12) 

 

iv. Memetic evolution within Memeplex 

Within each memeplex, the frogs undergo local memetic evolution. To do this, local best frog 

in each memeplex (𝑥𝑏) and global best frog (𝑥𝑔) are used systematically to improve the worst frog (𝑥𝑤) 

within each memeplex.  The following steps are taken to achieve the local evolution. 

Step 1: 𝑥𝑏 and 𝑥𝑤  are set as 𝑌𝑘[1] and  𝑌𝑘[n]  of kth memeplex, respectively. For the frogs to evolve 

toward Pareto optimal, 𝑥𝑔 is randomly selected from the archive set. 

Step 2: improve worst frog  𝑥𝑤  with local best frog 𝑥𝑏 using equation 3.13. 

                            𝑑 =  2 ∗  𝑟𝑎𝑛𝑑 ∗  (𝑥𝑏  − 𝑥𝑤),    𝑛𝑒𝑤𝑥𝑤  =  𝑜𝑙𝑑𝑥𝑤 +  𝑑                                                  (3.13) 

Recompute the objective function values and compare 𝑛𝑒𝑤𝑥𝑤   and 𝑜𝑙𝑑𝑥𝑤  using the Pareto dominance 

relation. If 𝑛𝑒𝑤𝑥𝑤  dominates 𝑜𝑙𝑑𝑥𝑤  , then replace 𝑌𝑘[n] with 𝑛𝑒𝑤𝑥𝑤  and go to Step 5. Otherwise, go to 

step 3. 

Step 3: improve worst frog  𝑥𝑤  with the global best frog 𝑥𝑔 using equation 3.14 

                           𝑑 =  2 ∗  𝑟𝑎𝑛𝑑 ∗  (𝑥𝑔  − 𝑥𝑤),    𝑛𝑒𝑤𝑥𝑤  =  𝑜𝑙𝑑𝑥𝑤 +  𝑑                                                      (3.14) 

Recompute the objective function values and compare 𝑛𝑒𝑤𝑥𝑤   and 𝑜𝑙𝑑𝑥𝑤  using the Pareto dominance 

relation. If 𝑛𝑒𝑤𝑥𝑤  dominates 𝑜𝑙𝑑𝑥𝑤  , then replace 𝑌𝑘[n] with 𝑛𝑒𝑤𝑥𝑤  and go to Step 5. Otherwise 

proceed to step 4. 

Step 4: a new frog is generated to replace 𝑥𝑤  by randomly using two methods:  

1. Randomly generate a new frog in the neighborhood of 𝑥𝑔 

2. Locally mutate 𝑥𝑔 to generate a new frog. This is done by randomly selecting two 

segments of the same length in 𝑥𝑔 and then copying the front segment to the last 

segment or vice versa 

Step 5: Update the memeplex after the improvement on 𝑥𝑤 and sort 𝑌𝑘 in decreasing order of fitness 

value. 

Step 6: Repeat Steps 1 to 5 for several iterations in each memeplex. 

v. Shuffling and preference integration 

After several memetic evolution iterations, the Memeplexes are shuffled for global optimization, 

and the generated frogs are sorted in descending order of their MOfit value. To adapt the algorithm to 

the proposed interactive optimization framework, the PM’s preferences are evaluated on the Non-

dominated frogs produced at each global optimization iteration step using a pretrained RFR model. The 

RFR model estimates PM’s satisfaction with the overtime plans presented by the non-dominated 
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solutions; only solutions with an estimated score greater than a specified threshold (85 is proposed in 

this study) are added to the archive using the defined archiving strategy. The memetic evolution and 

global optimization steps continue for a specified number of iterations to ensure convergence.  

vi. Ranking of final solutions 

 The interactive MOSFLA generates several preferred solutions (although they may be very 

limited in number) for PM. The algorithm is designed to prioritize overtime planning solutions using a 

ranking approach. The ranking is achieved using the score predicted by the RFR model for each 

solution. With this approach, the most probable preferred solution, based on the ML model prediction, 

is recommended for the PM.  

3.3.1 Random Forest Regression 

Random Forest Regression (RFR) is a supervised learning algorithm that employs an ensemble 

learning method to construct a regression model [196,197]. The ensemble learning method combines 

predictions from multiple models to produce a more accurate prediction than an individual model [198–

200]. RFR works by building several Decision Trees (DTs) during training and produces the output as 

the average prediction of all the DTs, as depicted in Figure 3.4.  It combines the concepts of random 

subspaces and bagging to build a decision forest algorithm trained on multiple decision trees, each 

driven by slightly different subsets of data. A simple procedure, as described in Algorithm 1, is used by 

RFR to build a stable ensemble model. 

 

Figure 3.4. Structure of Random Forest Regression [201] 

RFR is chosen for the study due to its ability to effectively handle non-linear relationships in 

data and its robustness against overfitting, achieved through averaging across multiple trees. Moreover, 

RFR has been successfully applied to solve estimation problems in software engineering tasks such as 

effort estimation [136,138,141]. In this study, RFR is employed to develop an estimation model for 
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learning the subject preferences of PMs, which is trained on evaluation scores provided by project 

management experts for overtime plans generated by a multi-objective optimization model. 

Algorithm 1: Random Forest Regression  

Input: Training data 𝐷,  Number of Trees 𝑁 − 𝑡𝑟𝑒𝑒𝑠  
1:    Initialize the number of trees in the forest, denoted as N-trees 
2:    For each tree in N-trees: 
3:         Randomly sample a subset of the data (with replacement) to create a bootstrap 

sample 
4:        Build a decision tree using the bootstrap sample  
5:        Repeat the process until the tree is fully grown (or reaches a specified depth)  
6:    End for 
7:    For a new datapoint: 
8:           Estimate the output value from all the N-trees 
9:           Return the mean of the outputs across all N-trees as the final output 
Output: Average estimation 

3.4 Software Project Data Used 

Six real-world software project data collected by [22] were obtained from 

https://github.com/luizaraujojr/GECCO2016  are used to evaluate the effectiveness and efficiency of 

the proposed ML-iMOSLA algorithm for optimal overtime planning. The software projects are described 

below. 

1. ACAD: manages university academic administration through a portal system, 

encompassing registration, student management, classes, and teachers' records.  

2. WEBMET: stores meteorological information in a database. 

3. PSOA: manages users’ authorization and authentication for enterprise systems  

4. WEBAMHS: controls air traffic routing system for airlines. 

5. PARM: is a configuration management application. It manages configuration settings for 

multiple systems, enabling the rapid configuration of user profiles and sharing 

configurations across different software. 

6. OPMET: handles the storage, management, and accurate delivery of meteorological 

information 

Each project’s data (specified in XML) defines the project's activities, their transaction functions, 

the data functions associated with the activities, and dependencies between activities. Additionally, 

related activities in the projects are organized into groups of Work Packages (WP) that form the 

schedule. Table 3.1 presents the quantitative description of the software projects. 

Table 3.1. Description of Software Projects used 

Project ACT TF DF DEP FP 

ACAD 40 39 7 39 185 
WEBMET 44 48 7 33 225 
PSOA 72 65 9 84 290 
WEBAMHS 60 67 8 45 381 
PARM 108 98 21 91 451 
OPMET 84 129 22 63 635 
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ACT  is the number of activities in a project, TF is the number of transaction functions, DF is the number 

of data functions, DEP is the number of activity dependencies, and FP is the number of function points 

denoting the size of the project. 

3.5 Performance Evaluation Metrics 

The performance evaluation metrics used in this study are categorized into three groups based 

on the components of the proposed framework: regression-based metrics for the ML model, quality 

indicator metrics for the multi-objective optimization algorithm, and interactive algorithm metrics for 

evaluating the effectiveness of the proposed interaction method. The performance of the ML model is 

evaluated using widely used regression-based performance metrics, as defined in Equations 3.15 to 

3.21.  

Mean Absolute Error (MAE) measures the average magnitude of the errors in a set of predictions, 

without considering their direction, ensuring equal contributions from all errors. Its value is the average 

of the absolute errors between the actual and the predicted PM’s scores. 

 

             MAE =
1

n
∑|yi -ŷi|

n

i=1

                                                                                                                  (3.15) 

Where: 
𝒏  = number of observations 
𝒚𝒊 = the actual PM`s score 

𝒚̂𝒊 = the predicted PM`s score 
 
Mean Squared Error (MSE) measures the average of the squares of the errors—the average squared 

difference between the actual and predicted PM's score. Unlike MAE, it heavily penalizes large errors 

and is highly sensitive to outliers, making it useful to find out whether the models minimize large errors. 

               MSE =
1

n
∑(yi – ŷi)

2

n

i=1

                                                                                                           (3.16) 

Root Mean Squared Error (RMSE) [118] is the standard deviation of the residuals. Residuals are the 

distances between data points and the regression line, representing the prediction error. It measures 

the dispersion of these residuals. Like MSE, RMSE is also based on a squared error to remove the bias 

towards the large errors. However, it is more helpful in understanding the average magnitude of 

prediction errors in the same units as the original data by computing the root of the square errors, giving 

a more intuitive grasp of the model's performance. 

              𝑅𝑀𝑆𝐸 = √
𝟏

𝒏
∑(𝒚𝒊  −  𝒚̂𝒊)

𝟐

𝒏

𝒊=𝟏

                                                                                                 (3.17) 

 Mean Squared Logarithm Error (MSLE) [202] computes the average squared logarithmic difference 

between the predicted and actual PM scores. It gives more attention to the relative difference between 

the predicted and actual scores than the absolute difference. Furthermore, unlike MSE and RMSE, it is 

generally more stable with large error values since the log function reduces the impact of large 
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differences. 

            MSLE =
1

n
∑(log(1 + yi )- log(1 + ŷi ))

2
                           

n

i=1

                                            (3.18) 

Mean Magnitude of Relative Error (MMRE) [203] measures the average relative error between the 

predicted and actual PM’s score. Like MSLE, it provides a relative error measure, making it suitable for 

comparing models across different datasets with varying scales. It is widely used to evaluate the 

accuracy of estimation models in software engineering tasks such as effort estimation 

[125,158,163,165]. A lower MMRE value means a better estimation performance, indicating that the 

predictions more accurately reflect the actual scores on average. 

 

               MMRE =
1

n
∑|

yi – ŷi
yi

|

n

i=1

                                                                                                         (3.19) 

R2 measures the percentage of variance in the PM’s scores that can be explained collectively by the 

predictors (overtime allocations). It measures the strength of the relationship between the regression 

model and the dependent variable. R2 is scale-independent because it is a relative measure of fit. It 

indicates how well the model explains the variability of the response data regardless of the scale of the 

data. Its computation is based on the sum of the squares of residuals and the total sum of squares, and 

its value ranges from 0 to 1. 

 

              R2  =   1-  (
∑ (yi –  ŷi)

2n
i=1

∑ (yi –  y̅)
2n

i=1

)                                                                                                  (3.20) 

 
𝒚̅ = the mean of the actual PM`s scores 

Adjusted-R2 [204] modifies the R2 value based on the number of predictors present in the model. It 

gives a more accurate estimation of the goodness of fit, especially when comparing models across 

datasets with diverse features. To tackle the limitation of R2 in terms of sensitivity to the dataset, 

adjusted-R2 takes into account the number of predictors in the model. It is computed as: 

                  R2𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 =   1 − (
(1 − R2)(𝑛 − 1)

𝑛 − 𝑝 − 1
)                                                                         (3.21) 

𝒑 is the number of predictors. It penalizes the addition of irrelevant predictors by decreasing the R2 

value if the new predictors do not lead to any significant performance improvement. Additionally, it 

measures how well the model generalizes to new, unseen data while adjusting for the number of 

predictors. 

Concerning the multi-objective optimization performance evaluation, Contribution ( 𝐼𝐶), Inverted 

Generational Distance (IiGD), and Hyper-Volume (IHV) are utilized. They have been used in previous 

studies on SOP [30,36–38]. They are defined in equations 3.22 to 3.25 

IC: This is a convergence measure that computes the proportion of solutions from a reference front RF 

produced by an algorithm. It is the ratio of the solutions in RF produced by algorithm A [26]. 
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                𝐼𝐶    =       

|𝐶|
2
   +    |𝑊𝐴|    +    |𝑁𝐴|

|𝑅𝐹|
                                                                                    (3.22) 

C  is the Pareto set common to both A and RF, 𝑊𝐴 is the solution set in A, which dominates other 

solutions in RF. 𝑁𝐴 is the set of solutions in A having no dominant relation with solutions in RF. A good 

Pareto front should have a high IC  value and contribute significantly to the reference front. 

IiGD: measures the average distance from a set of true Pareto-optimal solutions (reference front (RF)) 

to the obtained solution set S from an algorithm [30]. It evaluates both the convergence and diversity of 

the solutions as it estimates how well the obtained solutions represent the entire Pareto front. The 

distance from RF to S in an N-objective space is computed as the average N-dimensional Euclidean 

distance between each point in RS and its closest point in S.  

                  𝐼𝑖𝐺𝐷 =
1

|𝑅𝐹|
∑  min

 𝑥∈𝑆
(𝑑𝑦𝑥 )

𝑦 ∈𝑅𝐹

                                                                                            (3.23) 

𝑑𝑦𝑥  is the distance between a reference solution y in RF  and a  solution  x in S,  in the N-dimensional 

objective space as defined in equation 3.24: 

                   𝑑𝑦𝑥 =  √(𝑓1 (𝑦) − 𝑓1 (𝑥))
2 +⋯+ (𝑓𝑁(𝑦) − 𝑓𝑁(𝑥))

2                                             (3.24) 

Where 𝑓𝑖  (x) is the ith objective function value of a solution x. This metric indicates how well the obtained 

front covers the true Pareto front. A good algorithm should produce as many solutions closer to the 

reference front as possible and thus should have low 𝐼𝑖𝐺𝐷. 

IHV:  This measure calculates the volume of the objective space dominated by the generated Pareto 

front from an algorithm with regard to a reference front [39]. It replaces the known bias of  𝐼𝐶 towards 

the number of non-dominated solutions produced with the quality of non-dominated solutions generated 

by an algorithm making it a Pareto strict metric. IHV reflects both the convergence and the diversity of a 

solution set. 

             𝐼𝐻𝑉 = 𝑉𝑜𝑙𝑢𝑚𝑒 ( ⋃  {𝑥 ∈ ℝ 𝑚 | 𝑟𝑖  ≤ 𝑥𝑖  ≤ 𝑠𝑖  ∀ 𝑖 = 1,… ,𝑚  

𝑆

𝑠=1

)                              (3.25) 

where S is the set of non-dominated solutions from the front to be evaluated, 𝑟 = (𝑟1  , 𝑟2  , … , 𝑟𝑚 ) is the 

reference point, 𝑚  is the number of objectives and set{𝑥} is the hypercube area dominated by solution 

s with respect to a reference point r dominated by all solutions in RF. Thus, the function computes the 

occupied volume in the search space by the union of all the hypercubes. Thus, the higher the value of 

this metric, the closer the S is to the RF, and the better the algorithm under consideration. 

Furthermore, the standard interactive metrics, Similarity Degree (𝑆𝐷), Similarity Factor (SF) and 

Price of Preference (PP) have been previously proposed in [48] to measure the performance of 

interactive optimization algorithms for a single objective optimization NRP problem. To adapt the metrics 

to multi-objective overtime planning optimization, the metrics are updated as defined below. 
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𝑀𝑢𝑙𝑡𝑖 − 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝐷𝑒𝑔𝑟𝑒𝑒 (𝑀𝑜𝑆𝐷): This metric measures the average percentage of 

similarity between a set of non-dominated solutions found by the proposed algorithm and a target 

solution in terms of the overtime plan produced. It directly measures the subjective satisfaction of the 

produced solutions because the more similar a candidate solution is to the target solution, the higher 

the subjective satisfaction. For a set of candidate solution S, each composed of overtime allocations 

(𝑥1  , 𝑥2  , … , 𝑥𝑁 ) where N corresponds to number of WPs in the problem, and a target solution P 

represented as  (𝑝1  , 𝑝2  , … , 𝑝𝑁 ), the MoSD is computed as:  

             𝑀𝑜𝑆𝐷 =

∑ [(
∑ 1𝑁
𝑖 | 1≤𝑖≤𝑁 ⋀  𝑥𝑖  = 𝑝𝑖   

𝑁
) × 100%   ]𝑆

𝑠=1

|𝑆|
                                                         (3.26) 

𝑀𝑢𝑙𝑡𝑖 − 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒  𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝐹𝑎𝑐𝑡𝑜𝑟 (𝑀𝑜𝑆𝐹): this metric measures the average proportional gain in 

𝑀𝑜𝑆𝐷 achieved by an interactive algorithm compared to the one without interactive approach. It 

calculates how well the interactive algorithm satisfies the subjective preferences of the DM when 

compared to a non-interactive algorithm. A good interactive algorithm should have high ASF value.  

Given X as the set of solutions produced by an algorithm without interaction and Y as the solutions 

produced by an interactive algorithm, the 𝑀𝑜𝑆𝐹 is calculated as: 

            𝑀𝑜𝑆𝐹 =  (
𝑀𝑜𝑆𝐷 (𝑌)

𝑀𝑜𝑆𝐷 (𝑋)
− 1) × 100%                                                                                    (3.27) 

𝑀𝑢𝑙𝑡𝑖 − 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒  𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 (𝑀𝑜𝑃𝑃): This metric measures the percentage of loss in explicit 

objective values while incorporating implicit preferences from the DM through subjective evaluation. It 

estimates the price paid by the interactive algorithm in terms of explicit objective values to satisfy the 

DM's subjective preferences A good solution should have a low APP value. Given 𝑋 and 𝑌as defined 

in equation 3.27, the 𝑀𝑜𝑃𝑃 is computed using the equation: 

             𝑀𝑜𝑃𝑃 =  

(

 
 
1 − 

∑ (
∑ 𝑆𝑐𝑜𝑟𝑒𝑗(𝑌𝑖)
𝑁𝑌
𝑖  

𝑁𝑌
)  𝑀

𝑗=1

∑ (
∑ 𝑆𝑐𝑜𝑟𝑒𝑗(𝑋𝑖)
𝑁𝑋
𝑖  

𝑁𝑋
)  𝑀

𝑗=1
)

 
 
 × 100%                                                     (3.28) 

𝑆𝑐𝑜𝑟𝑒𝑗(𝑌𝑖) is the normalized jth objective value of the ith solution in 𝑌, 𝑆𝑐𝑜𝑟𝑒𝑗(𝑋𝑖) is the normalized  jth 

objective value of the ith solution in 𝑋,  𝑁𝑌  and 𝑁𝑋 are the number of solutions in 𝑌 and 𝑋 respectively 

and 𝑀  is the number of objectives.          
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Chapter 4   Machine Learning-Based Software Overtime Estimation 

 Existing studies in SOP have produced quality solutions for PMs using search-based 

metaheuristic MOO algorithms to plan software overtime allocations. However,  the explicit solutions 

generated without the input knowledge of PMs may affect their industry acceptance and application by 

the PMs. This chapter addresses this problem by building and evaluating a machine learning-based 

overtime estimation model that learns from real-world PM annotations of publicly available software 

project datasets. To the best of the author’s knowledge, this is the first time a machine-learning 

approach has been applied to SOP. The specific contributions of this chapter are as follows. 

1. Production of software overtime estimation datasets from annotations collected from 

industry-based project management experts. 

2. Evaluation of several heterogeneous regression models on the collected dataset for 

estimating PM’s preference for overtime allocations 

3. Evaluation of a greedy halving grid search-optimized Random Forest Regression (gHGS-

RFR) as a scalable model for estimating the PM's preference for software overtime 

allocations. 

4. Comparative analysis of the developed gHGS-RFR model against other hyperparameter 

optimization models with RFR. 

4.1 Experimental Framework 

 The methodological approach for developing a machine learning model for software project 

overtime estimation is illustrated by the experimental framework shown in Figure 4.1. Since no dataset 

is publicly available for this specific application, the framework outlines how a labeled dataset was 

created using publicly accessible software project previously employed in SOP studies [22]. This 

process involves extracting data from these projects, generating multi-objective overtime planning 

solutions, collecting PM's annotations, and refining the dataset. Additionally, the framework features a 

pipeline for constructing and evaluating a greedy Halving Grid Search-optimized Random Forest 

Regression (gHGS-RFR) model with the dataset, enabling it to learn overtime estimation from expert 

annotations. A thorough comparative analysis with other regression models and hyperparameter 

optimization methods is also included to demonstrate the model’s effectiveness and validate its 

suitability for this domain.  
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Figure 4.1. Experimental Framework for Machine Learning-Based Overtime Estimation in Software Projects 

4.2 Software Overtime Estimation Dataset 

  Building a machine learning model for software development overtime estimation requires 

project managers to annotate real-world software project overtime data. This section discusses the 

method used for constructing the dataset from the original software projects described in Section 3.4. 

4.2.1 Data Extraction from Projects 

This first step toward building a dataset for training an overtime estimation model from the 

obtained software project is data extraction. In this step, WP-based features in the software project 

were extracted, as opposed to the features of individual activities, as in the original dataset. This 

measure is implemented to prevent the allocation of daily overtime to tasks that can be completed within 

a single day or less, as observed in the activity-based features. Specifically, external dependencies—

where an activity depends on another activity in a different Work Package (WP)—were identified and 

extracted. The FPs of all activities within a WP were then aggregated to determine the overall FP of the 

WP. Internal dependencies among activities within a WP are not considered WP dependencies, as they 
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do not influence the complexity of schedule construction.  Given the FP size of a WP, its expected 

duration can be estimated using a mean productivity value of 27.8 FP/developer-month suggested by 

[190] for IT projects and previously used in existing studies on SOP studies [22]. The duration in days 

for each WP is computed as described in Equation 4.1. 

           𝐷𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛(𝑤𝑝𝑖) = 30(
𝐹𝑃(𝑤𝑝𝑖)

27.8 
)                                                                                               (4.1) 

The CP method, which considers the longest precedence-respected path in the project 

schedule, was used to estimate the project's shortest possible duration (SPD). CP has been widely 

applied in previous research on overtime planning for software projects [21,22,29,30]. The information 

derived from WPs in the projects is summarized in Table 4.1. Dependencies, function points, and 

durations for each WP across all considered projects are also documented to assist annotators and 

feature extraction in model development. For example, Table 4.2 details WP-level properties for the 

software project ACAD (with all WP-based features for the projects listed in Appendix A). These features 

were provided to PMs along with the generated overtime plans for annotation. 

Table 4.1. Extracted Properties of the pre-processed Software Projects Dataset 

Project WPs WP-DEP FP SPD (days) 

ACAD 10 9 185 181 
WEBMET 11 17 225 243 
PSOA 18 34 290 316 
WEBAMHS 15 20 381 413 
PARM 27 16 451 654 
OPMET 21 27 635 473 

 

Table 4.2. Detailed WP-level properties of the ACAD project 

WP No. 
Dependencies 

Dependency list FP Duration 
(days) 

Aluno 0 - 25 27 
Trancamento 1 Aluno 9 10 
Bolsa 1 Aluno 12 13 
Professor 1 Area 22 24 
Area 0 - 19 21 
Linha 1 Area 12 13 
Usuario 0 - 19 21 
Disciplina 0 - 19 21 
Turma 2 Professor, Disciplina  22 24 
Inscricao 3 Aluno, Disciplina, 

Turma 
26 28 

4.2.2 Multi-Objective Overtime Allocation 

For each project, multiple solutions for overtime planning that satisfy the objectives defined in 

Section 3.2 were generated utilizing the multi-objective random search within the JMetal MOEA 

framework library. This random search was employed to thoroughly explore the search space and 

prevent overreliance on a specific region, as the aim is to produce as many feasible solutions as 

possible to facilitate the training of a machine learning model. Specifically, a total of 10,000 solution 

instances, consisting of approximately equal numbers of randomly generated solutions and three well-
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established overtime management strategies—CPM, MAR, and SH—were evaluated for each software 

project through the multi-objective random search, with the top 300 instances being selected. Samples 

of 20 solution instances, comprising overtime allocation plans along with their explicit objective values 

and the employed overtime planning strategies, are provided in Appendix B. The generated solutions 

are formatted in Excel CSV files and are accompanied by the extracted properties of the software 

projects for subjective assessment by software project managers. 

4.2.3 Annotation of Solutions by PMs 

Given that the ML approach required a labeled dataset for model training, the generated 

solutions were formatted in CSV and presented to PMs alongside the extracted features of the software 

projects for annotation. The input features (feature columns) of the dataset, associated with project 

tasks (Work Packages, WPs), were named using the convention 

TaskName_Dependency_FP_Duration_[Critical Path] to reveal the underlying properties of the tasks 

to the annotators. Subsequently, twenty experienced software project managers with expertise in 

overtime allocation were invited to evaluate the proposed overtime plans. The PMs provided numerical 

evaluation scores ranging from 1 to 100 for each solution instance, as adapted from [40], to reflect their 

subjective preferences regarding the overtime plans within the solutions. Data concerning the PMs’ 

years of professional experience, their proficiency in software development (rated as high, moderate, 

or low), and their familiarity with overtime planning were collected. Table 4.3 presents the statistical 

details of the collected data. The PMs’ experience spans from five to twelve years, with an average of 

7.4 years. The majority of the PMs possess high expertise in software development and moderate 

experience in overtime planning.  

Table 4.3. Statistics of data collected about project managers 

Data Values Result 

Years of Experience 
Total 155 
Average 7.4 

 Minimum 5 

Software Development expertise  
Low 4 
Moderate 7 
High 9 

Overtime planning experience 
Low 6 
Moderate 8 
High 6 

4.2.4 Clustering-Based Outlier Removal 

Owing to the unavoidable fatigue experienced by PMs when annotating solutions, as well as 

the apparent subjectivity inherent in their assessments, some inconsistencies in evaluation are 

expected, which may result in the presence of outliers in the collected annotations. To rectify these 

inconsistencies, the annotation scores obtained were further processed to eliminate outliers employing 

a clustering-based outlier removal method, as outlined in Algorithm 2. The algorithm calculates the 

mean and standard deviation (SD) of all annotation scores received from the PMs. If the deviation of 

scores from the mean exceeds a predetermined maximum deviation threshold (s), a K-Means clustering 

procedure is initiated to partition the distribution into k groups. The cluster with the smallest number of 
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data points is most likely composed of outliers [205], and it is removed from the set. The remaining 

clusters are merged, and new mean and SD are computed for the remaining set.  This process is 

repeated until the SD falls below the specified threshold or the number of remaining data points in the 

set (annotations) is less than ⌈3 (
|𝑁0|

2𝑘
)⌉  (in this case, the solution instance is removed from the dataset 

due to significant disagreement in its evaluation by a considerable number of PMs). The algorithm 

outputs the annotation scores without outliers and their mean value. 

 

Algorithm 2: Clustering-based outlier removal algorithm  

Input: Annotation scores (𝑁0) received for an overtime plan, Number of clusters (k), maximum 
spread (s)  
1.  Initialize  𝑁 ← 𝑁0 
2.  Compute the 𝑚𝑒𝑎𝑛  and 𝑆𝐷 of 𝑁 
3.  If 𝑆𝐷 >  𝑠 : 
4.     Cluster N into k groups (𝑋1, … 𝑋𝑘) with K-means 

5.     Remove the cluster with the minimum data points: 𝑚𝑖𝑛 (𝑋1, … 𝑋𝑘)  
6. Set 𝑁 to the union of the remaining clusters: N ← ⋃(𝑋1, … 𝑋𝑘) − 𝑚𝑖𝑛 (𝑋1, … 𝑋𝑘)       

7.     If  |𝑁| >  ⌈3 (
|𝑁0|

2𝑘
)⌉ ∶ 

8.      Go to step 2 
9. Else: 
10.      Return 0 
11.  Return N and 𝑚𝑒𝑎𝑛 
Output: Annotation scores without outliers and the mean 

 

  The effectiveness of the algorithm in detecting outliers depends on the parameters k and s. In 

this study, these parameters were determined experimentally by testing various values on the ACAD 

project dataset, focusing on the average non-outlier scores removed by the algorithm. Values of 2, 3, 

and 4 were tested for k, while 2, 5, and 8 were tested for s. As shown in Table 4.4, the optimal settings 

were s = 5 and k = 3, which minimized the removal of non-outlier annotation scores. These parameter 

values were then applied to the remaining projects to identify outliers. A sample of the final PM 

evaluation scores for selected instances from the ACAD project, after applying the clustering-based 

outlier removal, is provided in Table 4.5.  

Table 4.4. Average non-outlier scores removed by different parameters values of clustering-based outlier 
removal algorithm in  ACAD Project 

Maximum 
deviation (s) 

Number of cluster (k) 

2 3 4 

2 6.7 4.3 4.8 
5 4.6 1.5 3.7 
8 3.5 2.2 2.0 

 

The algorithm stops when roughly half of the PM evaluation scores for a solution are removed, 

indicating divergent opinions among the PMs on that instance, leading to their deletion from the dataset. 

In total, 1622 cleaned annotated solutions were generated across six software projects, forming the 
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final datasets for model training. Table 4.6 shows the number of instances in each project dataset and 

their distribution. The completed cleaned dataset is publicly available in [206] validation. 

Table 4.5. Sample of Annotated Overtime Allocations for ACAD Project 

Task1_0
_25_27
_C 

Task2_
1_9_10
_C 

Task3_
1_12_1
3_C 

Task4_1
_22_24
_C 

Task5_0
_19_21
_C 

Task6_
1_12_1
3_C 

Task7_0
_19_21
_C 

Task8
_0_19
_21 

Task9_
2_22_2
4_C 

Task10
_3_26_
28_C 

PM’s   
score 

0 0 0 1 1 2 2 2 2 2 88.50 

1 2 2 1 1 1 1 2 1 1 78.09 

0 1 2 0 0 4 0 0 0 4 55.83 

1 1 2 1 1 1 1 2 1 1 72.08 

0 0 0 0 1 2 2 3 2 2 61.87 

1 1 1 2 1 1 1 1 2 1 58.71 

2 2 2 3 2 0 0 1 0 0 60.83 

2 0 0 0 2 1 2 0 4 0 65.79 

   

Table 4.6. Description of the final datasets from the software projects 

Project 
Instances 
(solutions) 

Features 
(WPs) 

Proportion of overtime management strategies 
MAR CPM SH Random 

ACAD 282 10 68 71 73 70 
WEBMET 269 11 63 68 71 67 
PSOA 266 18 65 63 70 68 
WEBAMHS 275 15 69 70 72 64 
PARM 271 27 63 68 65 75 
OPMET 259 21 64 59 67 69 

 

4.3 Comparison of ML-Based Regression Models’ Performance for Software Overtime 

Estimation 

As this is the first time an ML approach is used in software overtime planning, various ML-

based regression models selected from different categories were evaluated to determine the best fit for 

the proposed interactive optimization framework for SOP. The models applied and compared were: 

MLR, Ridge regression (Ridge), Least Absolute Shrinkage and Selection Operator (LASO) regressor, 

SVR, KNN regressor, MLP regressor, and GB. The models were implemented and trained on the 

annotated overtime plan solutions dataset of all the software projects. The dataset for each project was 

split into an 80% training set and a 20% test set. Validation on training sets was based on the K-fold 

cross-validation approach. 10-fold cross-validation has been proven experimentally to produce minimal 

and unbiased test error rates with low variance [207,208]. Hence, the choice of using 10-fold cross-

validation for the comparative evaluation is to avoid overfitting. The results of these comparisons across 

the project dataset are presented in Tables 4.7 – 4.12. The results of the ML models in estimating PMs’ 

satisfaction with overtime allocations, as evaluated across the six projects, highlight RFR’s robustness 

while contextualizing its superior strengths relative to linear, kernel-based, and boosting ensemble 

methods.   
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Table 4.7. Results of ML-based regression models on ACAD project 

 MAE↓ MSE↓ RMSE↓ MSLE↓ MMRE↓ R2 ↑ 

MLR 9.54 226.20 15.04 0.34 0.269 0.65 

Ridge 9.24 242.11 15.56 0.28 0.264 0.68 
LASO 9.01 223.50 14.95 0.43 0.259 0.71 
SVR 8.94 218.45 14.78 0.25 0.258 0.75 
KNN 8.24 169.00 13.00 0.23 0.256 0.71 
RFR 8.91 156.00 12.49 0.14 0.240 0.84 
GB  8.22 162.56 12.75 0.15 0.245 0.88 
MLP 8.65 190.16 13.79 0.28 0.253 0.81 

 

 

Table 4.8. Results of ML-based regression models on WEBMET project 

 MAE↓ MSE↓ RMSE↓ MSLE↓ MMRE↓ R2 ↑ 

MLR 8.26 203.06 14.25 0.31 0.255 0.69 
Ridge 9.56 199.94 14.14 0.24 0.253 0.62 
LASO  9.34 209.96 14.49 0.38 0.250 0.73 
SVR 8.14 173.71 13.18 0.20 0.248 0.79 
KNN 9.43 157.75 12.56 0.18 0.245 0.74 
RFR 7.85 133.63 11.56 0.11 0.229 0.89 
GB 7.98 126.56 11.25 0.13 0.235 0.82 
MLP 8.01 145.93 12.08 0.15 0.243 0.85 

 

 

Table 4.9. Results of ML-based regression models on PSOA project 

 MAE↓ MSE↓ RMSE↓ MSLE↓ MMRE↓ R2 ↑ 

MLR 10.45 255.36 15.98 0.36 0.326 0.63 

Ridge 10.32 245.55 15.67 0.39 0.319 0.67 
LASO  10.24 233.78 15.29 0.45 0.308 0.69 
SVR 9.98 219.34 14.81 0.30 0.278 0.72 
KNN  10.08 195.44 13.98 0.32 0.281 0.70 
RFR 9.64 165.38 12.86 0.18 0.251 0.82 
GB 9.82 176.36 13.28 0.22 0.268 0.78 
MLP  9.95 210.83 14.52 0.37 0.272 0.74 

 

 

Table.4.10. Results of ML-based regression models on WEBAMHS project 

 MAE↓ MSE↓ RMSE↓ MSLE↓ MMRE↓ R2 ↑ 

MLR 11.87 263.74 16.24 0.42 0.320 0.63 
Ridge 11.46 261.15 16.16 0.41 0.278 0.67 
LASO 11.25 250.91 15.84 0.40 0.275 0.71 
SVR 11.06 230.74 15.19 0.28 0.267 0.70 
KNN 10.95 219.63 14.82 0.37 0.271 0.68 
RFR 10.26 172.13 13.12 0.15 0.245 0.78 
GB 10.46 224.10 14.97 0.31 0.258 0.75 
MLP 10.73 236.54 15.38 0.38 0.263 0.76 
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Table 4.11. Results of ML-based regression models on PARM project 

 MAE↓ MSE↓ RMSE↓ MSLE↓ MMRE↓ R2 ↑ 
MLR 14.43 305.90 17.49 0.48 0.365 0.60 
Ridge 12.78 267.32 16.35 0.45 0.339 0.69 
LASO 13.25 281.57 16.78 0.38 0.342 0.63 
SVR 10.85 248.38 15.76 0.31 0.273 0.72 
KNN 12.17 261.15 16.16 0.45 0.321 0.67 
RFR 10.65 211.99 14.56 0.20 0.256 0.79 
GB 10.58 235.93 15.36 0.25 0.267 0.73 
MLP 11.68 211.12 14.53 0.23 0.259 0.76 

  

 

Table. 4.12. Results of ML-based regression models on OPMET project 

 MAE↓ MSE↓ RMSE↓ MSLE↓ MMRE↓ R2 ↑ 

MLR 14.81 342.99 18.52 0.49 0.365 0.61 
Ridge 13.07 306.60 17.51 0.47 0.392 0.63 
LASO 13.45 289.34 17.01 0.42 0.354 0.64 
SVR 11.75 277.89 16.67 0.39 0.301 0.69 
KNN 12.62 305.90 17.49 0.59 0.356 0.67 
RFR 10.72 211.70 14.55 0.21 0.259 0.77 
GB 10.85 239.94 15.49 0.32 0.255 0.72 
MLP 12.13 213.74 14.62 0.23 0.257 0.79 

  

Linear models (MLR, Ridge, and LASO) consistently underperformed across all projects, 

reflecting their inability to capture non-linear relationships inherent in PM satisfaction dynamics. For 

instance, In ACAD, MLR achieved an R2 of 0.65, significantly lower than RFR’s 0.84, while its MAE 

(9.54) and MSE (226.20) were considerably higher than RFR’s (8.91, 156.00).  Similarly, in OPMET, 

Ridge regression yielded an RMSE of 17.51 and an R2 of 0.69, compared to RFR’s 14.55 and 0.77, 

respectively.  The poor performance of linear models highlights the limitations of assuming linear feature 

interactions in overtime satisfaction, which likely involve threshold effects (for example, dissatisfaction 

beyond a critical number of overtime hours). Kernel-Based Models: SVR and KNN exhibited project-

specific variability, excelling in low-dimensional projects but underperforming in others. SVR 

outperformed RFR in the ACAD project (MAE: 8.94 vs. 8.91; R2: 0.75 vs. 0.84), but lagged behind in 

the WEBAMHS project (RMSE: 15.19 vs. 13.12; R2: 0.70 vs. 0.78). KNN, on the other hand, achieved 

competitive MAE in the ACAD project (8.24) but suffered high MSE in the PARM project (261.15 vs. 

RFR’s 211.99), likely due to sensitivity to local noise and scaling issues.  RFR’s ensemble approach 

provided more consistent accuracy, as its bagging mechanism mitigated overfitting and stabilized 

predictions across diverse project conditions.   

Neural networks-based MLP demonstrated strong performance in certain projects (for instance 

in WEBMET: R2 = 0.85 and OPMET: R2 = 0.79), but it often required careful tuning and suffered from 

computational complexity. While MLP marginally outperformed RFR in WEBMET (RMSE: 12.08 vs. 

11.56), RFR maintained superiority in PSOA (R2: 0.82 vs. 0.74) and PARM(MMRE: 0.256 vs. 0.259). 

The "black-box" nature of MLP further limits its interpretability compared to RFR’s feature importance 
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outputs, which are critical for actionable insights in allocating suitable overtime slots for the WPs in the 

projects.  Considering another ensemble method, GB emerged as RFR’s closest competitor, often 

achieving marginally lower MAE and MSE; in ACAD, GB outperformed RFR in MAE (8.22 vs. 8.91) and 

MSE (162.56 vs. 156.00), though RFR retained a higher R2 (0.84 vs. 0.88).  Conversely,  in WEBMET, 

RFR surpassed GB in R2 (0.89 vs. 0.82) and MSLE (0.11 vs. 0.13). In most projects and metrics, RFR 

marginally outperformed GB, highlighting its advantage in explanatory power and relative error 

minimization.  GB’s sequential error-correction strategy may enhance point prediction accuracy, but 

RFR’s parallel training makes it more stable for multiple project environments. 

To compare the cross-project performance of the ML models and estimate how the models 

generalize across various project complexities, the Adjusted-R2 metric is adopted as it removes the bias 

towards dataset contextual characteristics. Table 4.13 presents cross-project Adjusted-R2 results for 

the ML models, and Figure 4.2 compares their average.  

Table 4.13. Adjusted-R2 results for cross-project performance analysis of ML-models 

Model ACAD WEBMET PSOA WEBAMHS PARM OPMET 

MLR 0.57 0.61 0.43 0.45 0.19 0.34 
Ridge 0.61 0.52 0.50 0.54 0.36 0.38 
LASO 0.65 0.66 0.53 0.60 0.24 0.39 
SVR 0.70 0.74 0.57 0.58 0.43 0.47 
KNN 0.65 0.67 0.54 0.56 0.33 0.44 
RFR 0.81 0.86 0.69 0.70 0.57 0.61 
GB 0.85 0.77 0.66 0.65 0.45 0.53 
MLP 0.77 0.81 0.60 0.61 0.51 0.64 

 

The comparative evaluation of the ML models across the six projects reveals distinct patterns 

in their average performance, as measured by Adjusted-R2. RFR emerges as the most robust model, 

achieving the highest mean Adjusted-R2 (0.71), followed by MLP(0.66) and GB ( 0.65). These ensemble 

and neural network methods consistently outperform linear and kernel-based models, underscoring 

their capacity to capture non-linear relationships inherent in project managers’ satisfaction dynamics. 

In contrast, linear models (MLR, Ridge, LASSO) exhibit the lowest average performance (MLR: 0.43, 

Ridge: 0.49, LASSO: 0.51), reflecting their inadequacy in modeling complex interactions. Kernel-based 

models (SVR: 0.58, KNN: 0.53) occupy an intermediate position, demonstrating moderate adaptability 

but lagging in high-variance projects like PARM and OPMET.   

The superiority of RFR can be attributed to its ensemble architecture, which balances bias-

variance trade-offs through bootstrap aggregation and feature randomization. While GB and MLP show 

competitive results, their performance gaps in specific projects—such as GB’s lead in ACAD (Adjusted-

R2: 0.85) and MLP’s edge in OPMET (0.64)—highlight project-dependent strengths. GB’s sequential 

error correction performs well in datasets with gradual trends (such as the ACAD project), whereas 

MLP’s deep learning capability captures intricate hierarchies in complex data (for example, the OPMET 

project). However, both models exhibit higher computational costs compared to RFR. Linear models, 

despite regularization (Ridge, LASSO), remain constrained by their inherent linearity, struggling to 
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explain variance in projects. So, RFR’s dominance in four of the six projects positions it as the best 

choice for estimating PM’s satisfaction with overtime plans, prioritizing generalizability and 

interpretability. 

 

 

Figure 4.2. Average Adjusted-R2 of ML models across project datasets 

4.4 Further Analysis of RFR Model for Overtime Estimation  

As the best-performing model among the tested, the RFR model's evaluation results, in terms of 

regression error and accuracy performance metrics, as well as its improvement over other model 

categories and scalability across the six software projects, were further analyzed.  Detailed performance 

evaluation results of RFR in all datasets are presented in Table 4.14. 

Table 4.14. RFR Performance Results 

Project MAE MSE RMSE MSLE MMRE R2 

ACAD 8.91 156.00 12.49 0.14 0.240 0.84 
WEBMET 7.85 133.63 11.56 0.10 0.229 0.89 
PSOA 9.64 165.38 12.86 0.18 0.251 0.80 
WEBAMHS 10.26 172.13 13.12 0.15 0.245 0.78 
PARM 10.65 211.99 14.56 0.20 0.256 0.80 
OPMET 10.72 211.70 14.55 0.21 0.259 0.77 

Average 9.67 175.14 13.19 0.16 0.247 0.81 

 

RFR achieved an average MAE of 9.67, indicating that, on average, the model’s predictions 

deviated from actual PM satisfaction values by approximately 9.67 units. Specifically in the WEBMET 

project, RFR exhibited the lowest MAE (7.85), suggesting superior predictive precision in this project, 

likely due to data homogeneity or fewer outliers. Conversely, in OPMET, RFR recorded the highest 
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MAE (10.72), indicating challenges in modeling satisfaction for this project, which may be due to 

nonlinear relationships or domain-specific complexities. The narrow range of MAE values (7.85–10.72) 

across projects highlights RFR’s general robustness, though project-specific tuning may further reduce 

outliers.  With an average MSE of 175.14, the model demonstrates moderate error dispersion.  RFR’s 

lowest MSE (133.63) in WEBMET aligns with its superior MAE and RMSE, reinforcing WEBMET as the 

best-modeled project. In contrast, RFR had the highest MSE values (211.70–211.99) in OPMET and 

PARM projects, reflecting greater error variance. The squared nature of MSE amplifies the impact of 

outliers, as seen in the 35% increase from MAE to RMSE averages (9.67 → 13.19), which is critical for 

applications requiring strict error control.  The average RMSE (13.19) reflects the model’s sensitivity to 

larger errors, as RMSE penalizes outliers quadratically. Again, RFR performed best in the WEBMET 

project (RMSE = 11.56), while in the OPMET and PARM projects, it had the worst RMSE values (14.55–

14.56), signaling pronounced error variability in these projects. The consistent alignment of RMSE 

trends with MAE suggests that extreme errors are not dominant, but they are still impactful. For instance, 

in OPMET,  RMSE (14.55) exceeds MAE (10.72) by 35.7%, underscoring the presence of occasional 

high-magnitude prediction errors.   

The average MSLE (0.16) suggests reasonable accuracy in predicting logarithmically scaled 

satisfaction values. As observed in RMSE, RFR produced the lowest MSLE in WEBMET (0.10), while 

in OPMET, it had the highest MSLE (0.21), indicating challenges in handling complex satisfaction 

patterns in more complex projects. MSLE’s focus on relative error makes it particularly relevant for 

projects where proportional accuracy (for instance, a 10% error) is more critical than absolute 

deviations.  The MMRE average (0.247) falls just below the 0.25 threshold, often deemed acceptable 

in estimation models for software engineering. WEBMET again led (0.229), while OPMET trailed 

(0.259). This metric’s emphasis on relative error magnitude highlights RFR’s consistency but also 

reveals opportunities for refinement in projects where even minor proportional errors could impact 

decision-making. 

The average R2 of 0.81 indicates that RFR explains 81% of the variance in PM satisfaction 

across projects, which is indicative of its estimation accuracy. It achieved the highest R2 (0.89) in the 

WEBMET project, indicating near-optimal alignment between predicted and actual values. At the same 

time, in WEBAMHS, it had the lowest R2 (0.78), suggesting residual unexplained variance, possibly due 

to unaccounted contextual factors (such as productivity dynamics). The strong overall R2 performance 

validates RFR’s utility as a reliable predictor in this domain.  

RFR’s performance is strongest in projects with lower data variability in terms of the number of 

features (for instance, WEBMET and ACAD), as evidenced by its dominance across MAE, RMSE, MSE, 

MSLE, and R2. Conversely, higher errors in OPMET and PARM suggest domain-specific challenges, 

such as nonlinear satisfaction drivers or higher complexities. While its average performance is robust, 

project-specific disparities—particularly in OPMET and PARM—highlight the need for further 

improvement on the model’s scalability and contextual adaptations through hyperparameter tuning or 

feature engineering.  
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The project-specific percentage improvements in performance achieved by RFR compared to 

other model categories are summarized in Tables 4.15 – 4.18.  

Table. 4.15. Percentage improvement of RFR against linear models 

Project Metric % Improvement (maximum) 

ACAD R2² ² +29.2% 
WEBMET MAE +5.0% 
OPMET RMSE +21.4% 
PARM MSE +30.7% 

 

 

Table. 4.16. Percentage improvement of RFR against kernel-based models 

Project Model Metric Baseline RFR % Improvement 

ACAD SVR MAE 8.94 8.91 +0.3% 
WEBMET KNN R2²  0.74 0.89 +20.3% 
WEBAMHS SVR RMSE 15.19 13.12 +13.6% 
PARM KNN MSE 261.15 211.99 +18.8% 

 
 
 

Table. 4.17. Percentage improvement of RFR against a neural network-based model 

Project Metric MLP RFR % Improvement 

WEBMET R2  0.85 0.89 +4.7% 
PSOA MAE 9.95 9.64 +3.1% 
OPMET RMSE 14.62 14.55 +0.5% 
PARM MMRE 0.259 0.256 +1.2% 

 
 
 

Table. 4.18. Percentage improvement of RFR against the boosting ensemble model 

Project Metric GB RFR % Improvement 

ACAD MAE 8.22 8.91 -8.4% 
WEBMET R2 0.82 0.89 +8.5% 
PSOA MSE 176.36 165.38 +6.2% 
OPMET MMRE 0.255 0.259 -1.6% 

 

RFR consistently outperformed linear models, significantly improving error reduction and 

prediction power. Its R2 improvement of 15–30% over linear models, reflecting its ability to model non-

linear interactions, and its MSE reductions of 20–30% highlight its robustness to outliers. Also, RFR 

demonstrated moderate to substantial improvements over kernel-based models, particularly in high-

dimensional datasets. It outperformed KNN in R2 (15–20%) and SVR in RMSE (10–15%), but showed 

minimal gains in MAE. In particular, KNN’s sensitivity to local noise (e.g., PARM MSE: +18.8%) limited 

its reliability. RFR rivaled or exceeded MLP’s performance without requiring extensive hyperparameter 

tuning. While MLP achieved marginally better RMSE in WEBMET, RFR’s 3–5% gains in MAE and R2, 

coupled with lower computational costs, make it more applicable in overtime allocation estimation. GB 

and RFR exhibited competitive trade-offs, with GB excelling in point predictions and RFR in stability: 

GB outperformed RFR in MAE (for instance, in ACAD: -8.4%), but RFR achieved 6–8% better R2 and 

MSE in most projects. RFR’s superior interpretability (feature importance) offsets minor accuracy trade-

offs. 
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Additionally, the average performance improvements of RFR across all project datasets, 

compared to different categories of ML models, considering all metrics, are presented in Figure 4.3. It 

can be observed that RFR demonstrated dominance in MSLE, achieved better trade-offs in the MAE-

RMSE ratio, showed higher performance in MMRE, and exhibited consistency in R2. RFR’s 23.8–57.9% 

improvements in MSLE over all models validate its utility for projects requiring proportional error 

minimization. While GB and MLP occasionally outperform RFR in MAE, RFR’s 12–33% MSE/RMSE 

advantages justify its balanced handling of outliers without over-penalization. Additionally, RFR’s 2.5–

24.6%²gains in R2 confirm its superiority in explaining variance, critical for PM’s trust in the model and 

actionable insights. RFR demonstrated broad superiority across all metrics in most projects,  making it 

the most reliable model among the tested models for predicting PM satisfaction in overtime allocations. 

While Gradient Boosting and Neural Networks achieve niche advantages (for instance, in MAE), RFR’s 

holistic performance, stability, and interpretability solidify its application in modeling PM’s subjective 

preferences for overtime allocations in software projects. 

 

 

Figure 4.3.  Average improvement of RFR against other models in all projects 

  The scalability of RFR across projects is analyzed based on Adjusted-R2 using the number of 

WPs and FPs as measures of project size and complexity. The number of WPs in the project translates 

to the dimensionality of the generated datasets of overtime allocation plans. According to the feedback 

from the participating PMs in this work, the number of WPs determines the preferred patterns of 

overtime allocation. Additionally, the number of FPs determines the complexity of the projects and the 

effort required to complete them, directly affecting the partial and total overtime hours assigned to tasks 

and the entire project, respectively. The scalability patterns observed in the results are shown in Figures 

4.4 and 4.5.  
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Figure 4.4. Adjusted-R2 of RFR vs number of WPs in the projects 

 

 

Figure 4.5. Adjusted-R2 of RFR vs the number of FP in the projects 

Both graphs exhibit a consistent inverse correlation between RFR model performance and 

project complexity, though the strength and nature of this relationship differ between the two metrics. In 

the FP, performance declines steadily from 0.86 (WEBMET, 225 FPs) to 0.61 (PARM, 635 FPs), 

reflecting a near-linear degradation as functional complexity increases. This trend suggests that the 

RFR model struggles to maintain accuracy in projects with higher functional granularity, likely due to 

increased interdependencies and non-linear relationships that affect model generalization. This may be 

due to the presence of tasks with high developer effort in large projects. These types of tasks are difficult 

to allocate overtime for, and they contribute significantly to the overall overtime of the project. An 

exception is otherwise observed between ACAD and WEBMET as the performance increases with 

increasing FP size. However, the difference in FP between these two projects is significantly lower than 

that between the PSOA and WEBAMHS projects, which might explain this exceptional result. By 

contrast, the adjusted-R2 versus WP graph shows a sharper initial decline (e.g., 0.81 at 10 WPs 

to 0.69 at 18 WPs), followed by a decline (0.61–0.57) as WPs exceed 20. This nonlinearity implies that 

while initial increases in WPs significantly strain model performance, adaptive mechanisms may 

ACAD

WEBMET

WEBAMHS

PSOA

OPMET

PARM

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

8 13 18 23 28

A
d
ju

s
te

d
-R

2

WPs

ACAD

WEBMET

PSOA

WEBAMHS

PARM

OPMET

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

150 250 350 450 550 650

A
d

ju
s
te

d
-R

2

FPs



86 
 
 

mitigate losses at higher WP thresholds. The divergent trends in FP and WP highlight key differences 

in how project complexity affects model efficacy, revealing that distinct aspects of complexity 

differentially impact predictive performance. Notably, PARM (450 FPs, 27 WPs) and OPMET (635 FPs, 

21 WPs) serve as outliers in both graphs, with performance metrics disproportionately lower than their 

complexity values would predict. This deviation may indicate unaccounted variables, such as WP 

dependencies, that may intensify complexity effects. These findings underscore the need to calibrate 

model selection to project complexity profiles. 

4.5 Optimizing Hyperparameters of RFR with Greedy Halving Grid Search  

Fine-tuning hyperparameters can lead to better model performance and higher accuracy. To 

find the best trade-off between RFR model complexity and performance, its hyperparameters are 

usually optimized [209–211]. Such parameters include n_estimator, min_samples_split, max_features, 

max_depth,  min_samples_leaf and bootstrap. n_estimator defines the number of trees within the forest. 

Increasing this value generally enhances the model's performance by reducing variance and overfitting; 

however, the benefits may diminish beyond a certain threshold, leading to increased computational 

costs. min_samples_split represents the minimum number of samples necessary to split an internal 

node in the trees. Setting this parameter high prevents the model from overfitting specific patterns, 

thereby improving generalization. max_features specifies the number of features to consider when 

seeking the optimal split. A low value introduces randomness, which reduces overfitting and results in 

less correlated trees. Conversely, a high value may boost accuracy but also increase the risk of 

overfitting. max_depth controls the maximum depth of each tree in the ensemble. Deeper trees can 

model more complex data patterns, but may cause overfitting if excessively deep. Shallower trees tend 

to simplify the model but risk underfitting. min_samples_leaf denotes the minimum number of samples 

required at a leaf node. Higher values promote smoothing by ensuring leaves contain sufficient 

samples. Bootstrap determines whether bootstrap sampling is employed during tree construction; 

utilizing bootstrap samples introduces randomness into the sampling process. 

Search-based optimization techniques, including Grid Search (GS), Random Search (RS), and 

Bayesian Optimization (BO), are employed to fine-tune hyperparameters [209–212]. Nevertheless, 

certain intrinsic challenges constrain the effectiveness and applicability of these approaches. As an 

exhaustive search strategy, grid search is hindered by high time complexity in large search spaces and 

underperforms with extensive datasets [213]. Random search, which depends on stochastic sampling, 

is inefficient in thoroughly exploring the search space, necessitating numerous iterations to identify the 

optimal parameter combination, thereby incurring substantial computational costs [212]. BO, functioning 

as a black-box method, encounters scalability issues in high-dimensional optimization scenarios, 

rendering it computationally demanding [214]. A more efficient alternative, Halving Grid Search (HGS), 

has recently been proposed to enhance the search efficiency of RS and to mitigate the performance 

limitations of GS [215,216]. HGS utilizes the successive halving approach introduced in [217] to traverse 

the hyperparameter space. This method allocates resources uniformly—such as training samples and 

time—among hyperparameter configurations, assesses their performance, and discards the lower-
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performing half [218]. This process iterates, with additional resources applied in subsequent rounds, 

until only the top-performing configuration remains. The procedural outline of the original HGS is 

provided in Algorithm 3. It ensures that only models with the highest performance—those possessing 

the optimal hyperparameters—advance to subsequent iterations. However, when HGS is employed for 

hyperparameter optimization using k-fold cross-validation, the associated computational costs escalate 

exponentially [219]. Consequently, a greedy variant of HGS (gHGS) has been proposed to optimize the 

hyperparameters of RFR, thereby enhancing software over time estimation. 

Algorithm 3: Successive Halving Algorithm  

Input: set of hyperparameter configurations 𝑛,  total budget 𝐵 (e.g. training samples) 

1:    Initialize  𝑆0  ← [𝑛] 
2:    for  𝑟  =  0   to  ⌈log2 𝑛⌉ − 1 ∶ss 

3:        allocate 𝐵𝑟 =  ∑ ⌊
𝐵

|𝑆𝑗 | ⌈log2 𝑛⌉
⌋𝑟

𝑗=0  resources to each configuration 𝑖 ∈ 𝑆𝑟 

4:         Train model on each 𝑖 using cross-validation and compute the performance value  𝑝𝑖   

5:         set 𝑆𝑟+1 to  ⌈
|𝑆𝑟 |

2
⌉ configurations in 𝑆𝑟 with the highest  𝑝𝑖  

6:    end for 
Output: the configuration in 𝑆⌈log2 𝑛⌉ 

 

gHGS combines the greedy cross-validation approach [220]  with the successive halving 

algorithm to achieve rapid convergence. Unlike traditional cross-validation, which evaluates all folds of 

a model sequentially before moving to the next, greedy cross-validation uses a heuristic to quickly 

identify and focus on the most promising candidates. It starts by evaluating one fold per candidate, 

generating partial performance metrics, and then selectively evaluates the next fold of the top-

performing model so far. This approach allows the best models to be fully assessed earlier than the 

less promising ones. Figure 4.6 shows the difference between greedy and standard cross-validation. A 

detailed explanation of the greedy cross-validation method is reported in [219]. 

 
Figure 4.6. Illustrative representation of greedy and standard cross-validation. Adapted from [220] 

 

In each iteration of gHGS's successive halving process, the greedy cross-validation method is 

used to select the best model configurations, enabling them to proceed as quickly as possible to the 
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following evaluation stage. Since the number of models required for each successive halving iteration 

is computed in advance with the formula 𝑆𝑟+1 = ⌈
|𝑆𝑟 |

2
⌉, the current halving iteration can be stopped once 

the number of ML models assessed through greedy cross-validation matches ⌈
|𝑆𝑟 |

2
⌉. The computational 

cost of evaluating all candidate models in each iteration before choosing the best ones for the next is 

reduced by leveraging the inherent prioritization of promising ML models in greedy cross-validation. 

Consequently, any iteration of successive halving, except the final one, can be terminated early once 

enough models have been evaluated to meet the next iteration's requirements. The algorithm for gHGS 

used in this study is shown in Algorithm 4.  

The gHGS was used to optimize the hyperparameters of the RFR model. To prevent allocating 

an excessive number of samples for training, the minimum number of training samples per iteration was 

set to 6k, where k is the number of folds. With k set to 5, each iteration required at least 30 training 

samples. The hyperparameter search ranges are detailed in Table 4.19 and were based on the best 

RFR hyperparameters identified in prior studies across various software engineering applications. In 

total, 2048 models were evaluated to determine the optimal RFR hyperparameters for each software 

project. 

Algorithm 4: Greedy Halving Grid Search (gHGS) Algorithm  

Input: the set of all hyperparameter configurations 𝑛,  total number of training samples 𝐵, number 
of folds k 
1:    Initialize  𝑆0  ← [𝑛],  𝐵𝑚𝑖𝑛 ← 6 × 𝑘 ( Minimum number of training samples iteration) 

2:    for  𝑟  =  0   to  ⌈log2 𝑛⌉ − 1 ∶ 

3:         allocate 𝐵𝑟 = 𝑚𝑎𝑥 (∑ ⌊
𝐵

|𝑆𝑗 | ⌈log2 𝑛⌉
⌋𝑟

𝑗=0 ,  𝐵𝑚𝑖𝑛   ) training samples to each configuration                 

               𝑖 ∈ 𝑆𝑟 
4:          𝐼𝐵𝑒𝑠𝑡 =  ∅ ( the set of best performing models in the current iteration) 

5:         split  𝐵𝑟 into 𝑘 folds, such that 𝐵𝑟 = { 𝑏1,  𝑏2, … , 𝑏𝑘  } 
6:         for each 𝑖 ∈ 𝑆𝑟 do 

7:               train 𝑖 using folds { 𝑏2, … , 𝑏𝑘  } 
8:               𝑃𝑖  ← Performance of 𝑖 evaluated for fold  𝑏1 
9:               𝑁𝑖  ← 1 (number of folds  of 𝑖 evaluated for fold  𝑏1 

10:       while  𝑛(𝐼𝐵𝑒𝑠𝑡) <  ⌈
|𝑆𝑟 |

2
⌉  do 

11:            𝑖∗  ←   best incompletely evaluated 𝑖 ∈ 𝑆𝑟 per P 

12:            𝑁𝑖∗ ← 𝑁𝑖∗ + 1 

13:            train 𝑖∗ with all folds 𝑏𝑗 ∈ 𝐵𝑟 , such that 𝑗 ≠ 𝑁𝑖∗   

14:            evaluate the performance 𝑃𝑖 of 𝑖∗ using fold 𝑏𝑁𝑖∗  

15:            𝑃𝑖∗ = is the average 𝑃𝑖 of 𝑖∗  for folds = { 𝑏1, … , 𝑏𝑁𝑖∗  } 

16:            if  𝑁𝑖∗ = 𝑘 ∶ 
17:                 add 𝑖∗ to 𝐼𝐵𝑒𝑠𝑡 
18:        end while 
19:        set 𝑆𝑟+1 to  𝐼𝐵𝑒𝑠𝑡 
20:   end for 
Output: the hyperparameter configuration in 𝑆⌈log2 𝑛⌉ 
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Table 4.19. RFR’s hyperparameters searching configurations 

Parameter  Range 

n_estimator {50, 100, 150, 200} 
min_samples split {2, 5, 10, 15} 
max_features_ {Log2, Sqrt, 0.2, 0.3} 
max_depth {5, 10, 15, “None”} 
min_samples_leaf {1, 2, 4, 6} 
bootstrap { “Yes”, “No”} 

 

 To evaluate the performance of the proposed gHGS-RFR based on enhancement validation, 

usefulness, and impact, its results were compared with  RFR without tuning, RFR optimized with other 

search-based hyperparameter tuning methods (GS, RS, and BO), and RFR optimized with HGS, 

respectively. The regression errors (comprising mean errors: MAE and RMSE, and relative errors: 

MSLE and MMRE) and the accuracy (measured with R2) of the optimized RFR models compared with 

the default RFR model are presented in Table 4.20, with the best results in bold. Analysis of the 

presented results reveals several key insights regarding the effectiveness of various hyperparameter 

optimization methods. All optimization techniques demonstrated clear improvements over the baseline 

RFR, with average reductions in MAE ranging from 14% to 15% and increases in R2 between 4% and 

8%. Among the methods evaluated, HGS and gHGS emerged as the top performers, achieving the 

lowest error metrics—MAE values between 8.27 and 8.28 and RMSE values around 11.02 to 11.03—

alongside the highest R2 score of 0.89. BO also showed strong performance, consistently outperforming 

traditional methods like GS and RS across all projects, with an R2 of 0.87 compared to 0.84–0.85, 

underscoring its efficiency in navigating the hyperparameter space. Notably, HGS-based methods 

dominated in five out of six projects (approximately 83%) across all key metrics, highlighting their 

robustness and adaptability. The most substantial performance gains were observed in the ACAD 

project, where HGS and gHGS methods achieved an R2 of 0.90, marking the most significant 

improvement among all evaluated scenarios. 

Validating significant enhancement on the default RFR, RFR-gHGS demonstrated superior 

capability in minimizing absolute and square errors, outperforming RFR in all projects. The average 

MAE reduction of 14.5% (from 9.67 to 8.27) relative to baseline RFR reflects its efficacy in reducing 

estimation biases. Notably, MAE improvements reached 28% in the  ACAD project, suggesting 

exceptional performance. The RMSE results further validate this advantage, with RFR-gHGS achieving 

a 16.4% average reduction. This dual improvement in both MAE and RMSE indicates that RFR-gHGS 

not only reduces average estimation deviations but also effectively controls outlier-induced errors. In 

addition,  RFR-gHGS delivered marked improvements in relative error metrics over baseline RFR with 

an 18.8% reduction in average MSLE (0.16 to 0.13) and a 20% reduction in average MMR. This 

highlights its enhanced ability and improved accuracy in prioritizing the relative magnitude of errors. 

The stability of these improvements across datasets—particularly in OPMET, where it produced the 

lowest MMRE (0.191) and MSLE (0.169)—suggests that RFR-gHGS robustly adapts to heterogeneous 

project complexities. The R² improvements underscore the enhanced performance of RFR-gHGS, with 

an average 8% increase over the baseline RFR. This enhancement is especially significant in complex 
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datasets like WEBAMHS and OPMET, where R2 reached 0.89, indicating near-optimal accuracy in 

estimating PM’s preferences in overtime planning. These improvements underscore the crucial role of 

advanced hyperparameter optimization in overcoming the limitations of default RFR configurations, 

which frequently suffer from suboptimal parameter selection. The specific improvements achieved by 

RFR-gHGs over the default RFR in terms of average regression error and accuracy are shown in 

Figures 4.7 and 4.8, respectively. 

Table 4.20. Results of RFR hyperparameters optimization methods 

Dataset Metrics 
Models 

RFR RFR-GS RFR-RS RFR-BO 
RFR-
HGS RFR-gHGS 

ACAD 

MAE 8.91 7.82 8.17 7.04 6.43 6.42 
RMSE 12.49 11.65 12.01 11.89 10.34 10.32 
MSLE 0.140 0.135 0.139 0.130 0.124 0.122 
MMRE 0.240 0.225 0.237 0.204 0.206 0.205 

R2 0.84 0.87 0.85 0.88 0.88 0.90 

WEBMET  

MAE 7.85 7.68 7.70 7.50 7.45 7.44 
RMSE 11.56 10.78 10.07 9.55 9.38 9.47 
MSLE 0.104 0.100 0.098 0.087 0.082 0.083 
MMRE 0.229 0.220 0.200 0.187 0.188 0.187 

R2 0.89 0.89 0.90 0.91 0.91 0.91 

PSOA 

MAE 9.64 8.71 9.04 8.39 8.15 8.18 
RMSE 12.86 11.94 11.67 10.01 9.82 9.84 
MSLE 0.181 0.152 0.175 0.135 0.129 0.129 
MMRE 0.251 0.221 0.246 0.201 0.195 0.195 

R2 0.80 0.85 0.82 0.87 0.88 0.89 

WEBAMHS  

MAE 10.26 8.64 9.51 8.73 8.72 8.71 
RMSE 13.12 11.89 12.01 10.87 10.88 10.88 
MSLE 0.153 0.136 0.145 0.125 0.118 0.121 
MMRE 0.245 0.237 0.235 0.212 0.203 0.204 

R2 0.78 0.83 0.81 0.86 0.89 0.89 

PARM  

MAE 10.65 10.12 10.02 9.62 9.64 9.62 
RMSE 14.56 13.94 13.05 12.78 12.78 12.79 
MSLE 0.202 0.182 0.185 0.176 0.152 0.152 
MMRE 0.256 0.231 0.225 0.208 0.204 0.203 

R2 0.80 0.84 0.84 0.85 0.87 0.88 

OPMET 

MAE 10.72 9.97 9.84 9.27 9.27 9.25 
RMSE 14.55 13.86 13.67 12.91 12.88 12.87 
MSLE 0.214 0.195 0.187 0.174 0.171 0.169 
MMRE 0.259 0.206 0.195 0.190 0.191 0.191 

R2 0.77 0.79 0.83 0.85 0.89 0.89 

 

Compared to conventional hyperparameter optimization methods (GS, RS, BO), gHGS 

consistently outperformed all benchmarks. Average regression error and accuracy results across all 

datasets are depicted in Figures 4.9 and 4.10.  It can be observed that RFR-gHGS maintained 

consistent superiority, surpassing RFR-BO—the best performing benchmark method—by 1.9% in 

average MAE (8.43 to 8.27) and 2.3% in average R2 (0.87 to 0.89) across all projects. It also 

outperformed RFR-BO by 7.1% (0.14 to 0.13) in average MMRE. Similarly, RFR-gHGS outperformed 

RFR-GS and RFR-RS by 6.2% and 8.6% in MAE, respectively, underscoring the limitations of 

exhaustive and random search strategies in high-dimensional parameter spaces. While RFR-BO 

demonstrated strong results in datasets like WEBMET (R2 = 0.91) due to its probabilistic efficiency, 

RFR-gHGS matched or exceeded its performance in the remaining projects while maintaining superior 

generalizability across all datasets. 
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Figure 4.7. Average regression errors of RFR-gHGS compared with RFR across all projects 

 

Figure 4.8. Average accuracy of RFR-gHGS compared with RFR across all projects 

 

 

Figure 4.9. Average regression errors of RFR-gHGS compared with benchmark hyperparameters tuning methods 
across all projects 
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Figure 4.10. Average accuracy (measured as R2) of RFR-gHGS compared with benchmark hyperparameter 

tuning methods across all projects 

 

The comparison with RFR-HGS revealed marginal but consistent advantages of RFR-gHGS. 

As depicted in Figures 4.11 and 4.12, both methods achieved the same average R2 (0.89) and MMRE 

(0.20), but RFR-gHGS slightly outperformed RFR-HGS in average MAE (8.27 vs. 8.28) and RMSE 

(11.03 vs. 11.02). This marginal improvement can be attributed to the integration of the greedy cross-

validation approach in the HGS framework, which enhances parameter exploration by prioritizing the 

evaluation of only promising regions. The stability of RFR-gHGS was particularly evident in datasets 

with high dimensionality (for instance, PARM, OPMET), where it achieved the lowest errors, suggesting 

superior adaptability to heterogeneous software projects overtime estimation datasets. 

 

Figure 4.11. Average regression errors of RFR-gHGS compared with RFR-HGS across all projects 
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Figure 4.12. Average accuracy of RFR-gHGS compared with RFR-HGS across all projects 

The evaluation of RFR-gHGS against benchmark methods reveals considerable 

enhancements across three critical dimensions of regression performance: general error minimization 

(MAE, RMSE), relative error reduction (MSLE, MMRE), and predictive accuracy (R2). Although RFR-

HGS showed a competitive performance, its computational cost in terms of running time almost doubles 

that of the proposed RFR-gHGS, which limits its computational efficiency in this domain. The wall-clock 

time of RFR-gHGS, as compared to other hyperparameter optimization methods, is presented in Figure 

4.13. The evaluation of wall-clock time across the six project datasets reveals that RFR-gHGS is the 

most computationally efficient hyperparameter optimization method among those tested. It consistently 

achieved the lowest runtime, significantly outperforming traditional methods and even the more 

advanced HGS.  On average, RFR-gHGS reduced computational cost by approximately 70% compared 

to RFR-GS, 50–60% compared to RFR-RS, and 40–45% compared to RFR-BO and RFR-HGS. These 

reductions are particularly valuable in large projects, such as PARM and OMET, where time is critical 

to model-building workflows. Dataset-specific improvements were most pronounced 

in WEBMET and ACAD, where RFR-gHGS achieved over 70% reduction in runtime compared to RFR-

GS. Even in more computationally demanding datasets, such as PARM, RFR-gHGS maintained a 

substantial lead in efficiency. These findings underscore RFR-gHGS’s strength not only in predictive 

performance but also in practical scenarios where computational resources are a constraint. Detailed 

efficiency gains (in percentage) achieved by RFR-gHGS against other methods in all project datasets 

are presented in Table 4.21.  

Table 4.21. Percentage improvement of RFR-gHGS in wall-clock time over other models in all projects 

Dataset RFR-GS (%) RFR-RS (%) RFR-BO (%) RFR-HGS (%) 

ACAD 69.84 52.12 65.30 63.36 
WEBMET 71.09 54.86 65.06 63.87 
PSOA 69.26 66.76 46.24 47.84 
WEBAMHS 66.07 59.60 40.45 43.25 
PARM 63.09 56.64 45.71 41.06 
OPMET 65.47 60.33 45.76 42.63 
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Figure 4.13. Wall-clock time of hyperparameter optimization methods across all projects 

Furthermore, the scalability of RFR-gHGS is examined to assess whether optimizing RFR with 

gHGS enhances its stability across projects of varying complexity. As done for RFR without 

hyperparameter optimization, the  Adjusted-R2  measure is analyzed based on the number of WPs and 

FPs in the projects. As shown in Figures 4.14 and 4.15, the results indicate that RFR-gHGS clearly 

enhances model scalability and robustness. Unlike the baseline RFR, which exhibits a marked decline 

in Adjusted-R2 as complexity increases, RFR-gHGS maintains nearly consistent levels of predictive 

accuracy. Specifically, the Adjusted-R2²values for RFR-gHGS remain within a narrow and elevated 

range (approximately 0.87 to 0.91), regardless of the growth in WPs or FPs. This stability suggests that 

the gHGS optimization effectively tunes the model to generalize well across varying scales of input 

complexity. The minimal performance degradation observed indicates that RFR-gHGS is not only more 

accurate but also more resilient to the challenges of more complex projects. Such scalability is crucial 

in real-world applications, where project size and complexity can vary significantly, and it underscores 

the practical value of incorporating advanced hyperparameter optimization techniques into machine 

learning workflows. 

 

Figure 4.14. Adjusted-R2 of RFR-gHGS vs number of WPs in the projects 
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Figure 4.15. Adjusted-R2 of RFR-gHGS vs number of FP in the projects 

 

Lastly, the interpretability of the gHGS-RFR model was analyzed using SHapley Additive 

exPlanations (SHAP) method. This step is crucial for explaining the estimation output of the gHGS-RFR 

model across all six project datasets. SHAP works by estimating the contribution of each feature in a 

dataset to the model’s final prediction [221]. The contribution of each feature to the final prediction of a 

single instance is calculated independently and then summed up for all instances to produce SHAP 

values [222]. The SHAP values represent the impact of each feature in the dataset on the model’s 

prediction. Figures 4.16 to 4.21 present the SHAP summary plots for all six datasets; each point on the 

plots represents a SHAP value for a feature in a specific instance, with color indicating the feature value 

(red for high and blue for low). 

 

Figure 4.16. SHAP Summary Plot for ACAD dataset 
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Figure 4.17. SHAP Summary Plot for WEBMET dataset 

 

 
Figure 4.18. SHAP Summary Plot for PSOA dataset 
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Figure 4.19. SHAP Summary Plot for WEBAMHS dataset 

 

 
Figure 4.20. SHAP Summary Plot for WEBAMHS dataset 
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Figure 4.21. SHAP Summary Plot for WEBAMHS dataset 

The key observations from the plots are that high FP or duration values for certain WPs often 

correspond to negative SHAP values, indicating that PMs tend to rate overtime plans lower when critical 

tasks are large or time-consuming. In contrast, low-dependency WPs with moderate FP values tend to 

have positive SHAP contributions, suggesting that PMs favor overtime allocations that target less 

interdependent tasks. Specifically, high values of WP6 and WP9 in the ACAD dataset were associated 

with negative SHAP values, indicating that PMs penalize overtime plans that heavily burden these 

tasks. In WEBMET,  WP8 and WP6 showed positive SHAP values when their values were moderate, 

suggesting that PMs tend to favor allocating overtime to manageable, non-critical tasks. WP11 and 

WP14 in PSOA had high SHAP values when their dependency levels were low, indicating that PMs 

prefer overtime on isolated tasks to avoid cascading delays. In WEBAMHS, WP8 and WP15 had strong 

positive SHAP values when their durations were short, implying that PMs reward overtime plans that 

accelerate quick wins in critical modules. In the PARM dataset, WP19 and WP4 exhibited negative 

SHAP values when their overtime values were high, suggesting that PMs are cautious about allocating 

overtime to large and complex tasks. In OPMET, WP7 and WP15 had high SHAP values when overtime 

is high and low, respectively.  These WPs have low dependency levels and their durations were 

moderate, reinforcing the preference for overtime on less entangled tasks.  

Additionally, it can be observed that WPs with high feature importance (ranking at the top of 

the plot) tend to fall in the second half of the schedule in most projects, confirming the SH strategy as 

the most preferred overtime allocation pattern by PMs, as reported in previous studies [21,22]. This 

analysis confirms that the model captures project-specific nuances, identifying which WPs PMs 

intuitively prioritize when evaluating overtime plans. These insights validate the model’s ability to 
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internalize and replicate expert reasoning patterns. Moreover, the SHAP plots demonstrate that the 

model integrates multiple contextual feature characteristics, which is consistent with the multi-criteria 

nature of SOP. By identifying the most influential WPs and quantifying their impact in overtime 

estimation, the gHGS-RFR model offers actionable insights for PMs, supporting transparent, data-

driven decision-making in software overtime planning.  

4.6 Findings 

The key findings from this chapter are: 

1. The baseline RFR model demonstrated good predictive performance across six diverse 

software projects, achieving an average R2 of 0.81 and an MAE of 9.67. However, its 

performance varied with project complexity, declining in larger and more intricate datasets. 

The comparative analysis with other regression models revealed that RFR consistently 

outperformed linear and kernel-based models, and rivaled or exceeded the performance of 

MLP and GB in most metrics. 

2. The integration of the greedy halving grid search optimization strategy significantly enhanced 

RFR’s performance. It achieved an average reduction of 14.5% and 16.4% in   MAE and 

RMSE, respectively, over the baseline RFR. It also improved relative error metrics (MSLE and 

MMRE) by approximately 18–20% and increased average R2 to 0.89. These improvements 

were consistent across all projects, with the most notable gains observed in datasets such as 

ACAD and OPMET. 

3. When benchmarked against other hyperparameter optimization methods – grid search, 

random search, Bayesian optimization, and standard halving grid search – greedy halving grid 

search consistently delivered superior results while achieving substantial computational 

efficiency. In addition to improved performance, greedy halving grid search reduced wall-clock 

time by 70% compared to grid search, 50-60% compared to random search, and 40-45% 

compared to Bayesian optimization and standard halving grid search, making it the most 

efficient among the tested methods for optimizing RFR hyperparameters. 

4. The scalability analysis demonstrated that RFR optimized with greedy halving grid search 

maintained high and stable predictive accuracy across increasing project complexity, 

measured by the number of work packages and function points. This contrasted sharply with 

the baseline RFR, whose performance declined significantly with complexity.  

These findings underscore the effectiveness, efficiency, and applicability of RFR-gHGS in real-world 

SOP scenarios, highlighting its potential as a reliable tool for supporting project managers in overtime 

decision-making. 
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CHAPTER 5 PERFORMANCE EVALUATION OF ML-BASED INTERACTIVE MOSFLA FOR 

SOFTWARE OVERTIME PLANNING 

This chapter presents a comprehensive evaluation of the performance of the proposed Machine 

Learning-based Interactive Multi-Objective Shuffled Frog Leaping Algorithm (ML-iMOSFLA) for 

software overtime planning. The primary objective is to assess the algorithm’s effectiveness in 

generating solutions that align with project managers’ preferences while optimizing key project 

objectives such as overtime, cost, and code quality. The chapter begins by detailing the implementation 

architecture of ML-iMOSFLA, including its integration with a RFR-gHGS model and the configuration of 

essential MOSFLA parameters. Subsequently, the chapter describes the experimental design used to 

validate the algorithm across six real-world software project datasets. Three levels of evaluation are 

performed: standalone validation of ML-iMOSFLA, comparative analysis with the baseline MOSFLA, 

and performance benchmarking against a Human-in-the-Loop interactive MOSFLA (HIL-iMOSFLA). 

The evaluation employs both objective metrics and subjective preference alignment, supported by 

statistical significance testing. The chapter also provides a detailed discussion of project-specific trends, 

convergence behaviour, and the implications of observed differences in solution quality and trade-offs. 

Through this multi-level analysis, the chapter demonstrates the potential of ML-iMOSFLA as a scalable, 

preference-aware optimization framework for various software overtime planning scenarios.  

5.1 Implementation Details 

The ML-iMOSFLA algorithm as described in Section 3.3 was implemented in Java. The 

implementation utilizes the Weka classifier library to build the integrated RFR model. The program 

comprises three modules: optimization, learning, and interaction modules. The optimization module 

handles overtime problem modeling for each project, MOSFLA initialization and implementation, and 

multi-objective fitness calculation. The learning module handles RFR model building and utilization. It 

is also invoked during the ranking of non-dominated solutions. The interaction module provides a 

handshake between the optimization and learning modules, handling all communication between them. 

It also tracks optimization results and serves as a medium for user interaction. Figure 5.1 presents the 

architecture of the implemented ML-iMOSFLA optimization algorithm in the form of an activity diagram, 

showing the activities in each nodule and how these activities interact to achieve the goal of producing 

highly preferred overtime planning solutions. 
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Figure 5.1.  Activity diagram for ML-iMOSFLA implementation 

 

5.1.1 MOSFLA Parameter Setting 

Essential parameters of MOSFLA include population size (p), number of memeplexes (m),  

memetic evolution iterations (in), and shuffling iterations (out). The population size represents the total 

number of frogs (candidate solutions) in the population. This general parameter controls the diversity 

and coverage of the search space by candidate solutions. A larger population increases diversity and 
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exploration, but also raises computational costs. A smaller population may converge faster, but it risks 

premature convergence, which can result in diversity loss and/or getting stuck at a local optimum. The 

number of memeplexes refers to the number of subgroups into which the population is divided before 

the local search. More memeplexes promote parallel exploration of the search space. However, having 

too many memeplexes with too few frogs each can diminish the effectiveness of local search and 

diversity within each memeplex, also leading to premature convergence. A lower number of 

memeplexes ensures better diversity and a more robust local search. However, it may significantly 

impact the speed and efficiency of the algorithm due to the increased number of comparisons and 

updates. The memetic evolution iterations parameter represents the number of times the local search 

is applied within memeplexes. It controls the exploitation (fine-tuning) of solutions. A high number of 

local searches may lead to over-exploitation and stagnation, while a too-low number of local search 

iterations may result in poor solutions and slow convergence. The shuffling iterations parameter 

represents the total number of generations or global optimization iterations, including the shuffling 

process that the algorithm runs. It ideally determines the convergence depth of the algorithm. More 

iterations allow for better convergence, but they also increase runtime. A balance is needed to avoid 

excessive computation.  

In this work, the MOSFLA parameters are set as presented in Table 5.1, following the 

recommendations of [30]. These parameter values were previously tested experimentally by [30] and 

found to be more effective for the overtime planning problem and for the software projects considered 

in this study. 

Table 5.1. Parameter settings for MOSFLA 

Parameter Value 

Population size (p)  4 x the number of WP in the project 
Number of Memeplex (m) 5 
Memetic evolution iterations (in): 4 x number of frogs (solutions) in each memeplex 
Shuffling iterations (out): 1500 

5.2 Experimental Results 

Empirical experiments on the projects ACAD, WEBMET, PSOA, WEBAMHS, PARM and 

OPMET were conducted to evaluate the performance of the proposed ML-iMOSFLA for software 

overtime planning. The experiments were executed on a Dell ThinkStation compute node equipped with 

12th Gen Intel(R) Core(TM) i5-12400 2.50 GHz processors (6 cores) and 64 GB of RAM. Experiments 

were conducted in a Windows environment using the Eclipse IDE. 

Three levels of experiments were conducted to comprehensively evaluate the performance of 

the proposed algorithm. The first experiment focuses on the stand-alone assessment of ML-iMOSLA, 

including its validation results derived from PM's evaluation. The second experiment focuses on 

comparing the performance of ML-iMOSFLA with that of the original MOSFLA, utilizing multi-objective 

algorithm quality indicators and interactive algorithm performance metrics. The third experiment 
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evaluates the performance of ML-iMOSFLA in comparison to a participant-based HIL interactive 

MOSFLA algorithm, utilizing performance metrics for interactive algorithms. 

Given the stochastic nature of the evaluated algorithms, best practices require the application 

of inferential statistical testing to assess the differences in the performance among the utilized 

algorithms [223]. Consequently, 30 independent runs of the algorithms are executed per project to allow 

for this statistical evaluation. Subsequently, the non-parametric Mann-Whitney U-test was employed to 

determine statistical significance, as it imposes no assumptions regarding the underlying data 

distributions. The confidence level (α) is set at 0.05 for all experiments. The reported results are the 

median performance values obtained from 30 runs of the algorithms. 

5.2.1 Evaluation Results of ML-iMOSFLA 

The validation of the ML-iMOSFLA algorithm was conducted to determine its effectiveness in 

generating solutions that align with the preferences of PMs. This was achieved by re-evaluating all 

solutions produced by the algorithm using PM assessments. The average scores assigned by PMs 

were treated as actual preference scores, from which the average RMSE and MMRE were computed 

across 30 independent runs for each project. The results, as summarized in Table 5.2,  indicate that 

ML-iMOSFLA generally achieved low error rates, suggesting a high degree of alignment with PM 

expectations, with most solutions scoring above 85 (the minimum score to accept a non-dominated 

solution). The low RMSE and MMRE values across projects suggest minimal deviation from the ideal 

or preferred solutions.  

 Table 5.2. Validation error results of ML-iMOSFLA  

Project Average RMSE Average MMRE   

ACAD 4.52 0.19 

WEBMET 3.24 0.14 

PSOA 3.45 0.16 

WEBAMHS 5.27 0.18 

PARM 6.23 0.20 

OPMET 5.59 0.22 

 

Among the six evaluated projects, ML-iMOSFLA yielded the best results in WEBMET, with the 

lowest average RMSE and MMRE, indicating the effectiveness of the algorithm in small-sized projects. 

Similarly, ML-iMOSLA performed strongly in the PSOA project, with low error values reinforcing the 

algorithm’s capability to generate solutions that align with PM preferences in projects of medium 

complexity. The PARM and OPMET projects presented greater challenges for the algorithm. ML-

iMOSFLA recorded the highest RMSE and a relatively high MMRE in PARM, with three solutions 

scoring below the threshold. This suggests that the algorithm struggled to consistently meet PM 

expectations in this project, possibly due to higher complexity or more subjective evaluation criteria. 

Similarly, in OPMET, ML-iMOSFLA had the highest MMRE (0.22), indicating that while the absolute 

errors were not the largest, the relative deviations from PM preferences were more noticeable. In ACAD 

and WEBAMHS projects, ML-iMOSFLA showed moderate performance. It had an RMSE of 4.52 and 
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MMRE of 0.19 in ACAD, with two solutions falling below the preferred score threshold. While slightly 

higher in RMSE (5.27), ML-iMOSFLA maintained a relatively low MMRE (0.18) in WEBAMHS, 

suggesting that the algorithm’s results were generally proportionate to PM preferences despite some 

absolute deviations. 

During the validation step, PMs also ranked the solutions produced by ML-iMOSFLA based on 

their subjective preferences. This ranking helps identify the best solution since the algorithm 

recommends the most preferred from the non-dominated solutions. The percentage of PMs that ranked 

the best solution as first, second, and lower positions were collated. As shown in Figure 5.2, a significant 

number of PMs ranked ML-iMOSLA’s top solution as their preferred choice across all six projects, with 

percentages ranging from 45.71% ( in WEBAMHS) to 64.06% (in PSOA). This result indicates a strong 

alignment between the algorithm’s outputs and PMs’ preferences, particularly in PSOA, WEBMET, and 

OPMET, where over 60% ranked the best solutions as their top choice. These findings support the 

earlier RMSE and MMRE analyses, which also indicated lower error values in these projects, 

suggesting both objective and subjective alignment.  

The WEBAMHS project stands out for having a more balanced distribution between first and 

second rankings (45.71% and 46.34%, respectively). This observation indicates that, although the 

algorithm’s solutions were not consistently the preferred option, they remained highly competitive and 

were generally well-regarded.  Such findings imply a varied landscape of preferences in which multiple 

solutions may be regarded as similarly acceptable by PMs. In contrast, PARM and OPMET show 

slightly higher percentages of PMs ranking best solutions lower (18.03% and 19.14%, respectively), 

which aligns with their higher RMSE and MMRE values. This suggests that in these projects, the 

algorithm had more difficulty capturing the nuanced preferences of PMs, possibly due to more complex 

or less consistent evaluation criteria. Overall, the ranking results substantiate the finding that ML-

iMOSFLA effectively generates solutions that correspond to the subjective preferences of PMs.  

 

 

Figure 5.2. PMs ranking of the best solution produced by ML-iMOSFLA  
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5.2.2 Comparison of ML-iMOSFLA with MOSFLA 

The quality of the solutions generated by ML-iMOSFLA was compared with those generated 

by non-interactive MOSFLA based on  𝐼𝐶, IiGD and IHV  quality indicator (as defined in section 3.5) results.  

The reference front (RF) used to compute these metrics contains the union of all the non-Pareto-

dominated solutions generated by both algorithms.  To ensure fairness in comparison, the non-

dominated solutions produced by ordinary MOSLA were filtered (using the ML model to compute PM 

evaluation scores) to remove solutions with preference scores lower than 85, as ML-iMOSFLA only 

produced solutions preferred by PM.  The median values of the quality indicators for both algorithms 

across all projects, along with the results of the Mann-Whitney statistical significance test, are presented 

in Table 5.3. Figures 5.4 to 5.9 display the boxplots for the results of 30 runs of the two approaches 

across all projects, and Figure 5.3 compares the unique number of preferred solutions generated by 

the two approaches in all projects. 

Table 5.3. Median values and U-test results of the multi-objective quality indicators for  ML-iMOSFLA (Algo.A) 

and MOSFLA (Algo.B) 

Projects 

 𝐼𝐶 IiGD IHV 

Algo.A Algo.B U-test Algo.A Algo.B U-test Algo.A Algo.

B 

U-test 

ACAD 0.784 0.245 Algo.A 0.178 0.551 Algo.A 0.462 0.621 Algo.B 

WEBMET 0.982 0.178 Algo.A 0.242 0.522 Algo.A 0.427 0.582 No Diff. 

PSOA 0.867 0.289 Algo.A 0.231 0.650 Algo.A 0.534 0.611 No Diff. 

WEBAMHS 0.847 0.295 Algo.A 0.151 0.487 Algo.A 0.462 0.305 Algo.A 

PARM 0.903 0.026 Algo.A 0.142 0.610 Algo.A 0.635 0.345 Algo.A 

OPMET 0.894 0.024 Algo.A 0.215 0.674 Algo.A 0.615 0.265 Algo.A 

 

The comparative evaluation of ML-iMOSFLA and MOSFLA across the quality indicators reveals a 

consistent and substantial advantage in favor of ML-iMOSFLA. As presented in Table 5.3 and illustrated 

in Figure 5.3, ML-iMOSFLA outperformed MOSFLA in all six datasets for both  𝐼𝐶, IiGD, indicating 

superior convergence and diversity of the generated solutions. This dominance is further supported by 

the boxplots, which show higher medians and narrower interquartile ranges for ML-iMOSFLA, reflecting 

both better and more stable performance. In terms of the IHV indicator, which captures the extent of the 

objective space covered by the solutions, ML-iMOSFLA achieved higher median values in four out of 

six datasets, while MOSFLA was significantly better in one (ACAD), and no significant difference was 

observed in two datasets (WEBMET and PSOA). Overall, ML-iMOSFLA was found to be significantly 

better in 16 out of 18 comparisons, compared to only one for MOSFLA, with two cases showing no 

significant difference. These results underscore the effectiveness of integrating a preference-based 

machine learning (ML) model into the optimization process, enabling ML-iMOSFLA to consistently guide 

the search toward more desirable regions of the solution space according to the  PM’s preferences. 
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Figure 5.3. Number of Preferred solutions produced by ML-iMOSFLA and MOSFLA 

Furthermore, the performance of ML-iMOSFLA in terms of the interactive metrics 𝑀𝑜𝑆𝐷, MoSF 

and MoPP (previously defined in section 3.5)  was evaluated. To compute 𝑀𝑜𝑆𝐷,  a target solution has 

to be established. To do this, the standard MOSFLA algorithm was applied, and the 20 participant PMs 

ranked the non-dominated solutions generated. The target solution was then determined by majority 

voting. The solution that is ranked highest by most of the PMs was selected as the target solution for 

computing the 𝑀𝑜𝑆𝐷 . The mean results of these metrics over 30 runs of ML-iMOSFLA are presented 

in Table 5.4. 

 

Figure 5.4.  Box Plots of ML-IMOSFLA and MOSFLA quality indicators results in ACAD 
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Figure 5.5. Box Plots of ML-IMOSFLA and MOSFLA quality indicators results in WEBMET 

 

 

Figure 5.6. Box Plots of ML-IMOSFLA and MOSFLA quality indicators results in PSOA 

 

 

Figure 5.7.  Box Plots of ML-IMOSFLA and MOSFLA quality indicators results in WEBAMHS 
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Figure 5.8. Box Plots of ML-IMOSFLA and MOSFLA quality indicators results in PARM 

 

 

Figure 5.9. Box Plots of ML-IMOSFLA and MOSFLA quality indicators results in OPMET 

 

Table 5.4. Mean 𝑀𝑜𝑆𝐷, MoSF and MoPP of ML-iMOSFLA 

Project 𝑀𝑜𝑆𝐷 (%) 𝑀𝑜𝑆𝐹 (%) MoPP (%) ↓ 

ACAD 77.32 55.67 6.79 

WEBMET 81.70 61.91 7.35 

WEBAMHS 85.78 44.27 5.69 

PSOA 69.54 31.32 15.14 

PARM 75.89 49.15 9.81 

OPMET 78.63 53.84 7.95 

 

The 𝑀𝑜𝑆𝐷 results across the six projects suggest that ML-iMOSFLA is generally capable of 

producing solutions that are close to the target. The difference in 𝑀𝑜𝑆𝐷 among the project—ranging 

from 69.54%  to 85.78% —indicates variation in project-specific performance in terms of the consistency 

of the algorithm’s preference learning mechanism. While high 𝑀𝑜𝑆𝐷 values in projects like WEBAMHS 

and WEBMET indicate effective preference capture, the relatively low 𝑀𝑜𝑆𝐷 in PSOA suggests that the 

algorithm may struggle in problem instances characterized by either high decision complexity or 

conflicting PM preferences.  
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MoSF  provides a relative measure of the performance gained from incorporating interactivity. 

The high MoSF (61.91% in WEBMET) indicates a substantial improvement over the non-interactive 

MOSFLA, suggesting that the interactive mechanism is particularly effective in this context. However, 

the relatively modest ASF in PSOA (31.32%) implies that the interactive component had a limited 

impact. This may be due to inconsistent evaluation provided by PMs in the project, which could be 

linked to the high number of WP-level dependencies in the project. Moreover, the MoSF metric, being 

a relative measure, is sensitive to the performance of the non-interactive algorithm. A low-performing 

baseline could artificially inflate MoSF, while a strong baseline might suppress it, even if the interactive 

component is genuinely effective. This observation may account for the low MoSF  value in PSOA as 

the standard MOSFLA performed mostly the best in this project (see Table 5.3).  

The MoPP metric measures the performance trade-offs involved in preference satisfaction. 

While low MoPP values in WEBAMHS (5.69%) and ACAD (6.79%) suggest that ML-iMOSFLA can 

accommodate preferences with minimal degradation in objective performance, the high MoPP in PSOA 

(15.14%) indicates that aligning with subjective preferences in this project required a substantial 

compromise in explicit objective values. This may be due to the potential misalignment between 

subjective preferences and the problem’s objective structure. In such cases, the algorithm may be 

forced to navigate a Pareto front where preferred solutions are inherently suboptimal in terms of 

measurable objectives.  

The results collectively indicate that although ML-iMOSFLA demonstrates strong potential as 

an interactive optimization framework, its performance is significantly influenced by the context of its 

application.  The variation in 𝑀𝑜𝑆𝐷, MoSF, and MoPP across projects highlights the importance of 

tailoring the interactive mechanism to the specific characteristics of the problem domain and the 

decision-making context.  

5.2.3 Comparison of ML-iMOSFLA with HIL-iMOSFLA 

To further contextualize the performance of ML-iMOSFLA, a comparative analysis was 

conducted against the Human-in-the-Loop interactive MOSFLA algorithm (HIL-iMOSFLA) to evaluate 

their interactive performance and quality of solutions produced. For the HIL-iMOSFLA, participant-

based experiments were conducted with seven volunteer PMs selected from the initial 20 who 

performed annotation.  The experiment was limited to seven volunteer participants due to the expected 

accuracy in solution evaluation, which may be compromised if the annotators are unwilling to participate 

in the interactive experiments, given the required extended efforts. Therefore, a larger-sized experiment 

was not possible. Moreover, some previous studies on interactive optimization in software engineering 

have reported results with fewer than seven participants [48,187]. Each PM interacts with the developed 

MOSFLA by supplying their subjective evaluations to guide the search toward the preferred region. The 

PMs directly replace the ML in the ML-iMOSFLA framework.  

For the interactive performance, the evaluation was based on the three interactive performance 

metrics across four interaction iteration thresholds: 50, 100, 150, and 200.  The performance metrics 
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were measured for each PM for each iteration threshold, and the results were averaged. For fair 

comparison, the ML-iMOSFLA was constrained with the same number of iteration thresholds, even 

though it can be run with a maximum number of iterations to produce near-optimal solutions. To 

statistically prove significance, each approach was run 30 times, and the non-parametric Mann-Whitney 

U-test was applied.  The results from this experiment are presented in Tables 5.5 – 5.8.  

Table 5.5. Mean Interactive metrics of HIL-MOSFLA and ML-iMOSFLA for 50 iterations   

Projects 

MoSD MoSF MoPP ↓ 

HIL-
MOSFLA 

ML-
iMOSFLA 

U-test 
HIL-

MOSFLA 
ML-

iMOSFLA 
U-

test 
HIL-

MOSFLA 
ML-

iMOSFLA 
U-test 

ACAD 38.67 32.20 HIL 45.67 30.50 HIL 21.27 26.15 HIL 
WEBMET 40.95 34.78 HIL 42.02 28.91 HIL 20.04 24.05 HIL 

PSOA 35.80 31.89 HIL 31.04 25.72 HIL 24.43 26.40 HIL 
WEBAMHS 36,13 32.95 HIL 35.74 27.47 HIL 22.56 27.39 HIL 

PARM 32.67 28.26 HIL 34.85 25.67 HIL 28.67 30.07 HIL 
OPMET 31.02 27.24 HIL 30.13 23.22 HIL 25.15 28.26 HIL 

 

Table 5.6. Mean Interactive metrics of HIL-MOSFLA and ML-iMOSFLA for 100 iterations 

Projects 

MoSD MoSF MoPP ↓ 

HIL-
MOSFLA 

ML-
iMOSFLA 

U-test 
HIL-

MOSFLA 
ML-

iMOSFLA 
U-test 

HIL-
MOSFLA 

ML-
iMOSFLA 

U-test 

ACAD 40.72 37.95 HIL 47.05 45.90 HIL 19.00 20.87 No Diff. 
WEBMET 43.04 40.00 HIL 45.83 44.72 No Diff 18.08 20.75 HIL 

PSOA 42.87 38.53 HIL 37.40 35.05 HIL 22.63 21.89 No Diff 
WEBAMHS 40.92 39.06 HIL 40.81 38.90 HIL 20.45 22.57 HIL 

PARM 37.80 33.97 HIL 38.65 35.36 HIL 26.71 26.13 No  Diff 
OPMET 35.11 31.45 HIL 35.01 34..85 No Diff. 23.26 25.08 HIL 

 

Table 5.7. Mean Interactive metrics of HIL-MOSFLA and ML-iMOSFLA for 150 iterations 

 MoSD MoSF MoPP ↓ 

Project 
HIL-

MOSFLA 
ML-

iMOSFLA 
U-test 

HIL-
MOSFLA 

ML-
iMOSFLA 

U-test 
HIL-

MOSFLA 
ML-

iMOSFLA 
U-test 

ACAD 45.27 44.91 No Diff. 49.51 50.07 No Diff 17. 64 16.44 HIL 
WEBMET 49.94 47.01 HIL 47.82 48.11 HIL 16.04 17.13 HIL 

PSOA 48.82 46.90 HIL 41.85 39.85 HIL 17.22 16.79 No Diff 
WEBAMHS 44.90 45.02 No Diff 45.17 44.90 No Diff 17.90 19.15 HIL 

PARM 42.07 40.00 HIL 40.72 40.07 No DIff 21.01 20.92 No Diff 
OPMET 40.58 40.71 No Diff 39.99 36.93 HIL 20.75 20.54 No Diff 

 

Table 5.8. Mean Interactive metrics of HIL-MOSFLA and ML-iMOSFLA for 200 iterations 

  MoSD MoSF MoPP ↓ 

Projects HIL-
MOSFLA 

ML-
iMOSFLA 

U-test HIL-
MOSFLA 

ML-
iMOSFLA 

U-test HIL-
MOSFLA 

ML-
iMOSFLA 

U-test 

ACAD 48.05 49.10 ML 52.67 51.72 ML 15.54 14.75 ML 
WEBMET 52.62 53.16 No Diff. 51.70 52.18 No Diff. 14.89 13.73 HIL 

PSOA 50.37 51.02 No Diff. 43.82 44.07 No Diff. 15.07 14.69 No Diff. 
WEBAMHS 48.80 49.04 No Diff. 46.28 45.99 No Diff. 16.87 16.89 No Diff. 

PARM 45.94 45.60 No Diff. 45.08 43.69 HIL 18.91 18.74 No Diff. 
OPMET 45.49 46.01 HIL 43.85 42.13 No Diff. 17.50 17.77 No Diff. 
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At the 50-iteration mark (Table 5.5), HIL-iMOSFLA consistently outperformed ML-iMOSFLA 

across all three metrics and all six projects. The U-test results uniformly favoured HIL-iMOSFLA, 

indicating statistically significant superiority. This outcome is expected given the early-stage nature of 

the optimization process, where direct human feedback in HIL-iMOSFLA provides immediate guidance, 

enabling the algorithm to align more closely with PM preferences. In contrast, ML-iMOSFLA, which 

relies on learned preference models, may require more iterations to refine its predictive accuracy. As 

shown in Table 5.6, the performance gap between the two algorithms narrows at 100 iterations. While 

HIL-iMOSFLA still maintains an edge in most metrics, several comparisons—particularly in MoPP—

show no statistically significant difference. This suggests that ML-iMOSFLA begins to approximate the 

performance of HIL-iMOSFLA as the number of iterations increases, benefiting from accumulated 

learning and improved model generalization. 

By 150 iterations (Table 5.7), the performance of ML-iMOSFLA becomes increasingly 

competitive. In several projects (e.g., ACAD, WEBAMHS, and OPMET), the U-test results indicate no 

significant difference across all three metrics. Notably, ML-iMOSFLA even outperforms HIL-iMOSFLA 

in MoPP for ACAD, suggesting that it can achieve preference satisfaction with less compromise on 

objective performance. This convergence in performance underscores the efficacy of the ML-based 

preference model in capturing and generalizing PM preferences over time. At 200 iterations (Table 5.8), 

ML-iMOSFLA demonstrates parity or superiority in several metrics. For instance, in the ACAD project, 

ML-iMOSFLA significantly outperforms HIL-iMOSFLA in all three metrics, as indicated by the U-test 

results. In other projects, such as WEBMET and PSOA, the differences are statistically insignificant, 

reflecting comparable performance. These findings suggest that ML-iMOSFLA, given sufficient 

iterations, can match or exceed the performance of HIL-iMOSFLA, offering a scalable and less 

resource-intensive alternative for preference-based optimization. The comparative analysis reveals that 

while HIL-iMOSFLA initially outperforms ML-iMOSFLA due to direct human feedback, the latter 

demonstrates significant learning capability and scalability. By 200 iterations, ML-iMOSFLA achieves 

comparable or superior performance in most metrics, validating the integration of machine learning into 

the interactive optimization process. These results affirm the potential of ML-iMOSFLA as a viable and 

efficient alternative to traditional HIL approaches, particularly in scenarios where sustained human 

involvement is impractical or costly. 

Figures 5.10–5.15 visually depict the specific trends in each dataset, illustrating a clear trend 

of convergence between the two approaches as the number of iterations increases. ML-iMOSFLA 

exhibits a steady improvement in MoSD and MoSF, while maintaining competitive MoPP values.  
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Figure 5.10. Trend Plots of ML-iMOSFLA and HIL-iMOSFLA evaluated using 𝑀𝑜𝑆𝐷, MoSF , and MoPP for ACAD 
project 

 

 

Figure 5.11. Trend Plots of ML-iMOSFLA and HIL-iMOSFLA evaluated using 𝑀𝑜𝑆𝐷, MoSF , and MoPP for 

WEBMET project 

 

Figure 5.12. Trend Plots of ML-iMOSFLA and HIL-iMOSFLA evaluated using 𝑀𝑜𝑆𝐷, MoSF , and MoPP for PSOA 

project 
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Figure 5.13. Trend Plots of ML-iMOSFLA and HIL-iMOSFLA evaluated using 𝑀𝑜𝑆𝐷, MoSF , and MoPP for 
WEBAMHS project 

 

Figure 5.14. Trend Plots of ML-iMOSFLA and HIL-iMOSFLA evaluated using 𝑀𝑜𝑆𝐷, MoSF , and MoPP for PARM 

project 

 

Figure 5.15.  Trend Plots of ML-iMOSFLA and HIL-iMOSFLA evaluated using 𝑀𝑜𝑆𝐷, MoSF , and 

MoPP for OPMET project 
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In the ACAD project, ML-iMOSFLA demonstrates rapid convergence across all three 

interactive metrics. The algorithm begins with a noticeable performance gap at 50 iterations but quickly 

narrows this disparity. By the 150th iteration, ML-iMOSFLA closely approximates the performance of 

HIL-iMOSFLA, and by the 200th iteration, it slightly surpasses it in both MoSD and MoSF. Notably, ML-

iMOSFLA also achieves a lower MoPP at the final iteration, indicating that it not only aligns well with 

PM preferences but does so with minimal compromise in objective performance. This suggests that 

ACAD presents a relatively learnable preference structure, enabling the ML model to generalize 

effectively. Similar to ACAD, ML-iMOSFLA demonstrates strong convergence characteristics in 

the OPMET project. The algorithm exhibits consistent improvement across all metrics, with MoSD and 

MoSF values closely matching those of HIL-iMOSFLA by the 150th iteration and achieving parity by the 

200th iteration. Although MoPP remains marginally higher, the difference is negligible, indicating that 

ML-iMOSFLA effectively balances preference satisfaction with objective performance. In contrast, 

the WEBMET dataset exhibits a more gradual convergence. While ML-iMOSFLA improves steadily 

across iterations, the performance gap in MoSD and MoSF remains perceptible until the final iteration. 

Although the algorithm does not fully match HIL-iMOSFLA in subjective alignment, it maintains 

competitive MoPP values throughout, suggesting that it is capable of producing preference-aligned 

solutions with acceptable trade-offs. Notably, the PSOA project presents the most challenging 

environment for ML-iMOSFLA. Across all iterations, the algorithm lags behind HIL-iMOSFLA in both 

MoSD and MoSF, with only modest improvements observed by the 200th iteration. This persistent gap 

indicates difficulty in capturing and generalizing the PMs’ preferences, which may be due to high 

decision complexity or inconsistent subjective evaluations. Interestingly, ML-iMOSFLA performs 

comparably in MoPP, suggesting that while it struggles with preference alignment, it still maintains a 

reasonable level of objective performance. 

In the WEBAMHS project, ML-iMOSFLA exhibits a balanced and consistent learning trajectory. 

The algorithm shows steady improvement in MoSD and MoSF, with the performance gap narrowing 

significantly by the 150th iteration and nearly closing by the 200th. Although MoPP values remain 

slightly higher than those of HIL-iMOSFLA, the difference is marginal, indicating that ML-iMOSFLA is 

capable of achieving near-equivalent preference satisfaction with only a slight increase in objective 

trade-offs. The PARM project also reflects moderate convergence behavior. ML-iMOSFLA improves 

gradually across all metrics but does not fully close the gap with HIL-iMOSFLA. The differences in 

MoSD and MoSF persist through to the final iteration, albeit reduced. MoPP values are slightly higher 

for ML-iMOSFLA, suggesting a modest compromise in objective performance. These results imply that 

while the ML model can learn from the preference data, the complexity or variability of the preferences 

in PARM may limit the extent of convergence. 

Furthermore, the solutions produced by both HIL-iMOSFLA and ML-iMOSFLA approaches are 

compared by observing the differences in the objective values. Table 5.9 presents the range of total 

overtime hours, cost, and error rates (quality of code) produced by HIL-iMOSFLA and ML-iMOSFLA in 

each project instance.  
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Table 5.9. Objective value ranges of HIL-MOSFLA and  ML-iMOSFLA across all projects 

Projects HIL-iMOSFLA ML-iMOSFLA 

 Overtime Cost 
Error 
rate 

Overtime  Cost 
Error 
rate 

ACAD 172 – 230 2592 – 2604 1.8 – 2.5   130 – 233 2486 – 2608 1.9 – 3.1 
WEBMET 186 – 204 3070 – 3109 1.9 – 2.6   191 – 219 3101 – 3125 1.6 – 2.2 
PSOA 242 – 289 4037 – 4108 3.2 – 4.2   259 – 284 4084 – 4119 3.7 – 4.6 
WEBAMHS 264 – 309 5191 – 5250 3.6 – 4.2   250 – 298 5117 – 5234 3.0 – 4.0 
PARM 465 – 515 6304 – 6388 6.4 – 7.0   446 – 495 6263 – 6368 6.2 – 7.1 
OPMET 542 –  551 8674 – 8705 5.2 – 5.8   518 – 551 8592 – 8686 5.0 – 5.4 

 

It can be observed that in projects such as ACAD, WEBAMHS, and OPMET, ML-iMOSFLA 

demonstrates a clear advantage by producing solutions with lower minimum overtime, cost, and error 

rates, indicating its capacity to generate more resource-efficient and higher-quality outcomes. These 

results suggest that in contexts where preference structures are stable and learnable, the ML-based 

approach not only converges effectively but can also compete favourably with human-in-the-loop 

methods in both subjective and objective terms. Conversely, in PSOA and, to a lesser extent, PARM, 

ML-iMOSFLA exhibits limitations. It tends to produce slightly higher minimum error rates and narrower 

but elevated ranges in overtime and cost, suggesting a trade-off between preference alignment and 

objective performance. These findings imply that while ML-iMOSFLA is a scalable and efficient 

alternative, its effectiveness is context-dependent, particularly sensitive to the clarity and consistency 

of PM preferences. Overall, the results affirm the viability of ML-iMOSFLA as a competitive optimization 

framework, especially in scenarios where reducing human intervention is desirable without significantly 

compromising solution quality. 

5.3 Findings 

The comprehensive evaluation of the ML-iMOSFLA yielded significant insights into its 

performance across multiple dimensions. The key findings from the evaluation are outlined in the 

following: 

1. The proposed framework effectively integrates machine learning with multi-objective 

optimization to produce overtime planning solutions that align with project managers' 

preferences while maintaining strong objective performance. Validation against human-

evaluated solutions revealed that ML-iMOSFLA achieved high accuracy in capturing subjective 

judgments, with average RMSE values ranging between 3.24 and 6.23 across the six projects 

evaluated. The lowest errors were observed in the WEBMET project (RMSE = 3.24, MMRE = 

0.14), suggesting particularly strong performance in smaller-scale software projects. These 

results were further corroborated by project manager rankings, where between 45.71% and 

64.06% of evaluators identified ML-iMOSFLA's top solution as their preferred choice, indicating 

substantial alignment between algorithmic outputs and human judgment. 

2. Comparative analysis against the baseline MOSFLA revealed considerable improvements in 

solution quality. ML-iMOSFLA demonstrated superior performance in 16 out of 18 quality 
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indicator comparisons, exhibiting particularly strong advantages in convergence and diversity 

metrics. The algorithm's enhanced exploration capabilities were evidenced by its production of 

15-30% more preferred solutions compared to the non-interactive approach. Importantly, these 

improvements were achieved without significant compromises in objective performance, as 

demonstrated by low MoPP values below 9.81% in five of the six projects. The framework's 

ability to maintain this balance between preference satisfaction and objective quality represents 

a significant advancement in interactive optimization for software project management. 

3. When benchmarked against human-in-the-loop interaction, ML-iMOSFLA exhibited a 

characteristic performance improvement curve before reaching full effectiveness. While the 

human-guided approach initially outperformed ML-iMOSFLA in early iterations (≤100), the 

machine learning-based approach achieved statistical parity by 150-200 iterations across most 

evaluation metrics. This convergence demonstrates that the predictive model can effectively 

substitute for continuous human feedback after sufficient iteration steps, while offering the 

additional advantages of consistency and scalability. The framework's solutions showed 

particular strength in optimizing overtime hours, achieving reductions of 19-24% in several 

projects while maintaining competitive cost and quality metrics. These results suggest that ML-

iMOSFLA can not only match human-guided optimization but, in some cases, surpass it in 

operational efficiency.  
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CHAPTER 6 CONCLUSIONS  

The summary of findings drawn from this thesis indicates that RFR demonstrated good 

predictive performance in estimating PMs' satisfaction with overtime plans across six diverse software 

projects, although its performance varied with project complexity, declining in larger and more complex 

projects. The integration of the greedy halving grid search optimization strategy significantly enhanced 

RFR’s performance. RFR-gHGS maintained stable predictive accuracy as project complexity increased, 

in contrast to the baseline RFR. ML-iMOSFLA produced solutions mostly preferred by PMs, and it 

outperformed ordinary MOSFLA in this regard. It also demonstrated strong potential as an interactive 

optimization framework; performance may be context-dependent. The variability in MoSD, MoSF, and 

MoPP results across projects highlights the importance of tailoring the interactive mechanism to the 

specific characteristics of the problem domain and the decision-making context. ML-iMOSFLA showed 

competitive results with HIL-MOSFLA at interactive iteration steps between 150 and 200. The ML model 

demonstrated significant potential to completely replace Human-in-the-loop, especially at the level 

where fatigue is inevitable and interaction is costly. 

6.1 Addressing the Thesis Research Questions 

RQ1: How effectively can a machine learning predictive model capture and replicate project managers’ 

subjective preferences in software overtime planning? 

The machine learning predictive model (gHGS-RFR) demonstrates high efficacy in capturing 

project managers’ subjective preferences for overtime planning. Empirical validation across six diverse 

software projects revealed robust performance, achieving an average R2 of 0.89 and MAE of 8.27 after 

hyperparameter optimization (Table 4.20). The model consistently outperformed benchmark algorithms 

(linear/kernel-based/neural networks), with R2 improvements of 15–30% over linear models (Tables 

4.8–4.13), confirming its capacity to learn non-linear preference patterns. While PM validation showed 

>60% agreement for top solutions in 4 of the 6 projects (Figure 5.2), performance degradation in high-

dependency projects (such as PSOA) underscores contextual limits. 

RQ2: To what extent can the integration of a machine learning model into an interactive multi-objective 

memetic optimization algorithm replace continuous human-in-the-loop interaction?  

Integration of the gHGS-RFR model into the MOSFLA framework (ML-iMOSFLA) effectively 

eliminates the need for continuous human feedback. After 150–200 iterations, ML-iMOSFLA achieved 

statistical parity with Human-in-the-Loop MOSFLA (HIL-iMOSFLA) across preference-alignment 

(MoSD) and objective-trade-off (MoPP) metrics in 5 of the 6 projects (Tables 5.7–5.8). The framework’s 

autonomous guidance reduced human effort by 100% while maintaining competitive solution quality. 

Early iterations (≤100) exhibited a performance gap due to model warm-up (Table 5.5), but convergence 

at scale confirms the ML model’s capacity to steer optimization independently. This demonstrates the 

viability of ML-driven interactivity as a scalable substitute for manual interaction. 
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RQ3: How do overtime planning solutions generated by the machine learning-based interactive 

optimization approach compare with those developed through traditional human-in-the-loop methods in 

terms of project overtime, cost, and quality metric? 

Solutions generated by ML-iMOSFLA are not only competitive but often superior in terms of 

key project performance indicators—namely, total overtime hours, cost, and code quality. In 4/6 projects 

(such as ACAD, OPMET), ML-iMOSFLA achieved lower overtime minima (19–24% reduction), 

competitive cost ranges, and reduced error rates (Table 5.9). These outcomes suggest that the ML-

based approach is capable of identifying more resource-efficient and higher-quality solutions. Even in 

more complex projects, such as PSOA and PARM, where ML-iMOSFLA showed slightly higher error 

rates due to high task dependencies, the differences were marginal and did not significantly 

compromise the overall solution quality. This reveals that machine learning can not only replicate human 

judgment but also enhance decision-making outcomes in software overtime planning. 

RQ4: How scalable and adaptable is the proposed machine learning–driven optimization framework 

when applied to diverse software development project environments? 

The scalability and adaptability of the proposed ML-driven optimization framework were 

demonstrated through its performance across six software projects of varying sizes and complexities. 

The RFR-gHGS model maintained high and stable predictive accuracy, with Adjusted R² values 

consistently ranging between 0.87 and 0.91, regardless of increases in the number of work packages 

or function points (Figures 4.14 and 4.15). The model not only improved accuracy but also enhanced 

resilience to variance induced by complexity. Similarly, ML-iMOSFLA demonstrated robust performance 

across all projects, adapting effectively to various preference structures and optimization landscapes 

(Tables 5.3 and 5.4). Even though performance degradation in dependency-rich projects, such as 

PSOA, may signal a boundary condition, the algorithm still maintains competitive performance. These 

findings affirm that the framework is not only technically sound but also, to some extent, scalable and 

adaptable, making it deployable in real-world software project management environments. 

Table 6.1 summarizes the conclusions derived from addressing the research questions. 

Table 6.1 Answers to research questions. 

Research Question Answer 

RQ1 ML model (RFR-gHGS) effectively captures PM preferences with high accuracy.  

RQ2 ML-iMOSFLA can replace human-in-the-loop interaction after a sufficient number of iterations. 

RQ3 ML-iMOSFLA produces solutions comparable or superior to HIL in terms of overtime, cost, and 
quality of code. 

RQ4 The framework is adaptable across projects with various complexities. 

6.2 Achieved Research Objectives 

The goal of this thesis is to develop and evaluate a machine learning-based interactive multi-

objective algorithm for optimal software overtime planning. The details of how each of the five specific 

objectives of the thesis, as presented in Section 1.3, was met are outlined below. 
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Objective 1 was achieved through the systematic mapping study on the application of machine 

learning and multi-objective optimization algorithms in software project planning, as reported in Section 

2.2 of the thesis.  

Objective 2 was achieved in Section 3.1 of the thesis, where the conceptual framework for 

designing a machine learning-based interactive multi-objective optimization algorithm and a discussion 

on its implementation were presented.  

Objective 3 was achieved in Chapter 4 with the development of a greedy cross-validation-based 

random forest regression machine learning model, which was trained and evaluated on newly produced 

datasets for estimating overtime in software projects.     

Objective 4 was met through the design of the ML-iMOSFLA algorithm, as detailed in Section 

3.3, and its implementation was discussed in Section 5.1 of the thesis. 

Objective 5 was met in Chapter 5 of the thesis through the performance evaluation of the ML-

iMOSFLA and its comparison with a non-interactive MOSFLA variant and a traditional Human-in-the-

loop interactive MOSFLA approach. 

Having answered all the research questions and accomplished all the defined objectives, the primary 

research problem of the thesis has been addressed, and thus, the overall dissertation goal has been 

achieved. 

6.3 Research Significance and Thesis Contributions 

Integrating a machine learning predictive model into an interactive multi-objective optimization 

algorithm can effectively replace continuous human-in-the-loop interaction, yielding overtime planning 

strategies that simultaneously optimize project overtime, cost, and quality metric while accurately 

reflecting project managers’ subjective preferences. This approach is expected to reduce reliance on 

manual decision-making, thereby minimizing project overruns and enhancing overall software project 

performance compared to conventional methods. Specifically, the following significances are identified 

for the proposed framework: 

1. Elimination of Continuous Human Intervention: The proposed framework enhances the 

overtime planning process by substituting the necessity for constant human-in-the-loop 

feedback with a machine learning model. This modification not only minimizes the workload on 

project managers but also mitigates the risk of decision fatigue and errors that are commonly 

associated with extended physical involvement. 

2. Enhanced Alignment with PM Preferences: The machine learning model is developed to 

accurately capture and replicate the subjective assessments of software project managers, 

thereby ensuring that the optimized overtime plans are both objectively optimal and practically 

acceptable. This integration yields a more robust decision-making approach that reflects the 

inherent requirements of real-world projects. 
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3. Improved Efficiency and Practicality: The proposed framework provides a more efficient 

methodology for interactive multi-objective optimization within the domain of software project 

management. By automating the feedback loop through machine learning, this approach 

accelerates the decision-making process, enabling timely adjustments to project schedules and 

minimizing project delays and cost overruns. 

4. Innovation in Search-Based Software Project Management (SBSPM): This study advances the 

state-of-the-art in SBSPM by integrating machine learning with multi-objective optimization. 

This novel approach makes a significant contribution to the domain of software project planning 

by offering an interactive solution that can be utilized in dynamic project environments. 

Also, the major contributions of the thesis to scientific knowledge are outlined as follows: 

1. Creation of new datasets to support machine learning-based overtime estimation in software 

engineering projects. Researchers can use the datasets to test the performance of various 

machine learning algorithms. 

2. Introduction of a data-driven methodology for overtime estimation in software projects, using a 

machine learning approach. The greedy cross-validation-based halving grid search optimized 

random forest regression model represents a novel method in the software overtime planning 

domain. 

3. Replacement of human-in-the-loop with a machine learning model in interactive multi-objective 

optimization algorithms. This provides researchers with a novel conceptual framework for 

implementing interactive optimization methods, particularly in software engineering. 

6.4 Limitations 

The machine learning–based interactive multi-objective optimization framework presented in 

this thesis shows significant promise in replicating subjective preferences of PMs and potentially 

replacing continuous Human-in-the-Loop interaction in software overtime planning. However, certain 

limitations have been identified, pertaining to data, construct, and practical implementation. These 

limitations are discussed as follows. 

1. Abstraction to WP level may oversimplify project complexity: To manage complexity and reduce 

noise in the data, the proposed approach models software projects at the WP level rather than 

at the more granular task or activity level. While this abstraction improves model tractability and 

avoids issues like assigning overtime to trivial tasks, it may also obscure critical intra-WP 

dependencies and task-level dynamics that influence overtime planning decisions. Project 

managers often make careful and detailed decisions based on individual task characteristics 

and inter-task dependencies. Therefore, the model’s behaviour and predictive accuracy might 

differ significantly if applied to a more comprehensive, task-based representation of the 

software projects.  

2. Limited Representativeness of Datasets: The datasets used in this study are derived from 

publicly accessible software projects, which, while useful for reproducibility and benchmarking, 
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may not fully reflect the current realities of modern software development. These projects may 

differ in scale, tooling, structure, or domain-specific constraints compared to contemporary 

industrial projects. As a result, the external validity of the findings may be limited to projects 

similar in structure, scale, and domain to the ones used in this study. Collaborations with 

industry partners to obtain more recent and diverse datasets would enhance the generalizability 

and practical relevance of the proposed framework. 

3. Static Learning and Lack of Online Adaptation: The current implementation of the RFR-gHGS 

model is trained offline and does not adapt during the optimization process. This static learning 

approach limits the model’s ability to respond to evolving project conditions or shifting PM 

preferences. In contrast, human-in-the-loop systems can dynamically adjust in response to real-

time feedback. Incorporating online learning or incremental model updates could enhance the 

responsiveness and adaptability of the system, especially in long-running or iterative project 

environments. 

4. Assumption of Stable and Consistent PM Preferences: The framework assumes that PM 

preferences are stable and learnable from historical annotations. However, in practice, 

preferences may evolve due to changes in project scope or stakeholder priorities, which the 

current approach did not consider. This assumption may lead to suboptimal recommendations 

if the model is not regularly retrained or updated. Moreover, inconsistencies in PM 

evaluations—due to fatigue, ambiguity, or context-specific judgment—can introduce noise that 

affects model accuracy. This limitation can be addressed by incorporating mechanisms for 

preference drift detection and adaptive retraining to maintain alignment with evolving decision-

making patterns. 

6.5 Overall conclusion of the thesis 

This thesis presents a significant advancement in the domain of software project planning by 

introducing a machine learning–driven interactive optimization framework tailored for software overtime 

planning. The research was motivated by the observed disconnect between the technically optimal 

solutions generated by existing search-based SOP methods and the subjective, context-specific 

preferences of project managers, which may hinder real-world applicability. 

The study’s primary contribution lies in the development of ML-iMOSFLA, an interactive 

memetic multi-objective optimization algorithm that incorporates a predictive model of PM preferences 

into the optimization loop. The RFR-gHGS model, trained on a uniquely constructed dataset of 

annotated overtime plans, demonstrated robust predictive performance across diverse project 

scenarios. The proposed greedy halving grid search method proved to be an efficient and scalable 

hyperparameter tuning strategy, enhancing the performance and generalizability of the RFR model. Its 

integration into the optimization process enabled the generation of overtime plans that not only 

minimized project cost, duration, and quality of code but also aligned closely with human decision-

making patterns. Empirical evaluations across six real-world software projects confirmed the superiority 

of ML-iMOSFLA over both non-interactive and Human-In-the-Loop-based optimization methods. The 
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algorithm achieved higher solution quality, better preference alignment, and reduced interaction 

overhead, thereby addressing key limitations of existing SOP approaches.  

The findings underscore the potential of combining machine learning with interactive 

optimization to bridge the gap between algorithmic efficiency and practical usability in software project 

management. By modeling and embedding human preferences into the optimization process, this 

research contributes a novel, scalable, and industry-relevant solution to the persistent challenge of 

software project overruns. 

6.6  Future Works 

To extend the current work in this thesis, the interactive optimization framework that integrates 

an ML model at the local evolution stage would be implemented and compared with the current model. 

Future work could also explore multi-level modelling that integrates both WP and task-level features to 

better capture the full complexity of software project planning.  Additionally, testing the model’s 

performance in modern real-world domains, such as Agile, automobile, or AI systems, would provide 

support for the generalizability of the approach. Finally, there is a need for an in-depth investigation into 

the structural trade-offs between subjective and objective criteria, potentially through post-hoc analysis 

of the Pareto front and stakeholder utility functions. 
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APPENDICES 

Appendix A: Detailed WP-Level Features Extracted from all Projects 

Table A.1. Detailed WP-based features extracted from ACAD project 

WP DEP Transactions FP Duration 
(days) 

Aluno 0 4 25 27 

Trancamento 1 3 9 10 

Bolsa 1 4 12 13 

Professor 1 4 22 24 

Area 0 4 19 21 

Linha 1 4 12 13 

Usuario 0 4 19 21 

Disciplina 0 4 19 21 

Turma 2 4 22 24 

Inscricao 3 4 26 28 

 

Table A.2. WP-based features extracted from WEBMET project 

WP DEP Transactions FP Duration 
(days) 

USUARIO 0 1 10 11 

ESTACOES (EMS) 1 4 25 27 

ESTACOES (EMA) 1 4 12 13 

Centros 1 5 15 17 

REGIONAIS 1 5 15 17 

CONDICAO DE TEMPO 
PRESENTE E RECENTE 

1 2 6 7 

MAQUINAS 1 1 8 9 

OBSERVACOES EMA 
(PTU, WIND) 

2 4 13 15 

OBSERVACOES EMS 2 2 25 27 

RELATORIO 3 16 60 65 

PARAMETRO 4 5 36 39 

 

Table A.3. Detailed WP-based features extracted from PSOA project 

WP DEP Transactions FP 
Duration 
(days) 

Empregado 4 4 33 36 

Afastamento 3 4 15 17 

Gerencia 3 4 15 17 

Lotacao 3 3 10 11 

Falta 3 5 25 27 

Horaextra 1 4 16 18 

AssociaoCargoaEmpregado 4 3 11 12 

Estabelecimento 0 3 19 21 

CentroDeCusto 1 3 12 13 

MotivoDeAfastamento 0 3 19 21 

MotivodeFalta 0 3 19 21 

MotivoDeTransferencia 0 3 19 21 

Verba 0 3 19 21 
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Cargo 0 3 19 21 
SalarioDoCargo 1 3 12 13 
ProcessarFolha 4 1 7 8 

VerbaParaEmpregado 3 3 12 13 

ContraCheques 4 2 8 9 

 

Table A.4. Detailed WP-based features extracted from WEBAMHS project 

WP DEP 
Transaction

s 
FP 

Duration 
(days) 

PERFIL 0 3 16 18 

TERMINAL 0 2 13 15 

TIPO DE AERONAVE 1 3 12 13 

AERONAVE 0 1 10 11 

LOCALIDADE 0 3 19 21 

ENDERECOS 1 1 3 4 

IDENTIFICADOR 
GEOGRAFICO 

0 3 19 21 

CONFIGURACAO 0 3 19 21 

AMHS FORMULARIO 2 1 6 7 

AIS FORMULARIO 4 6 46 50 

ATS FORMULARIO 5 6 101 109 

MET FORMULARIO 4 6 89 97 

PARAMENTROS DO 
SISTEMA DE 
CONFIGURACAO 

1 1 10 11 

ENDERECOS CAAS 1 1 8 9 
EVENTOS DE LOGIN DO 
SISTEMA 

1 1 10 11 

 

Table A.5. Detailed WP-based features extracted from PARM project 

WP DEP Transactions FP 
Duration 
(days) 

TipoFundamentacaoLegal 0 3 20 22 

ReferenciaFundamentacaoLe
gal 

0 3 20 22 

AutoridadeEmissora 0 3 20 22 

FundamentacaoLegal 3 3 22 24 

ImpostoDeRenda 2 5 26 29 

AliquotaImpostoDeRenda 3 4 16 18 

ImpostoDeRendaExterior 1 5 24 26 

SalarioFamilia 1 5 25 27 

FaixaSalarioFamilia 1 4 13 15 

ParametroLegal 0 3 15 17 

PrevalenciaConsignacao 1 6 27 30 

IndiceReajusteRGPS 1 5 24 26 

Teto 0 3 22 24 

TipoTeto 1 3 15 17 
SalarioContribuicao 1 4 27 30 

SalarioMinimoRegionalizado 1 2 13 15 



136 
 
 

LocaisdeTrabalho 0 2 6 7 

EspecieBeneficio 0 2 11 12 

Tratamento 0 2 11 12 

FatorAtualizacao 0 2 11 12 

Rubrica 0 2 11 12 

TaxaConversaoMoeda 0 2 11 12 

CotacaoFatorAtualizacao 0 2 11 12 

GrupoBeneficio 0 2 11 12 
CoeficienteReajustamentoBa
seSM 

0 2 13 15 

IndiceReajusteBuracoNegro 0 2 13 15 

SalarioMinimoGrupoBeneficio 0 2 13 15 

 

Table A.6. Detailed WP-based features extracted from OPMET project 

WP DEP Transactions FP 
Duration 
(days) 

USUARIO 0 5 23 25 

MENSAGENS 5 10 71 77 

LOCALIDADE 1 5 37 40 
FIR 0 5 25 27 

SINOTICA 0 5 32 35 

AREA 0 5 22 24 

LOCALIDADE_GRUPO 0 5 22 24 

GRUPO FIR 0 5 22 24 

GRUPO DE ESTACOES 
SINOTICAS 

0 5 22 24 

GRUPO DE ENDEREÇOS 0 5 22 24 

REGIÃO 0 5 22 24 

PAÍS 0 4 19 21 

REMETENTE 0 4 19 21 

AVISO_AUTOMATICO 3 6 28 31 

ASSOCIACAO_REMETENT
ES 

1 4 12 13 

ASSOCIACAO_LOCALIDA
DES 

1 4 12 13 

ASSOCIACAO_ESTACOES
_SINOTICAS 

1 4 12 13 

REMETENTE AFTN 1 5 15 17 

ADMINISTRAÇÃO 3 4 30 33 

WAFS 0 4 12 13 
RELATÓRIO 11 29 156 169 
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Appendix B: Sample of solutions generated for all software projects 

Table B.1. Sample of selected solutions instances produced by Multi-objective random search for ACAD project 

WP1, ….., WP10 Overtime Cost Error 

3, 0, 0, 1, 0, 0, 1, 0, 0, 0 126 2490.885417 1.3 

2, 3, 2, 2, 2, 0, 0, 0, 0, 0 200 2584.635417 2.5 

0, 4, 0, 1, 0, 3, 0, 2, 0, 1 173 2592.447917 3.1 

3, 4, 1, 0, 0, 0, 1, 0, 2, 0 203 2592.447917 3.1 

4, 1, 3, 1, 0, 1, 0, 1, 0, 0 215 2592.447917 3.1 

0, 3, 0, 1, 2, 0, 0, 0, 3, 2 224 2588.541667 2.8 

1, 1, 1, 0, 2, 1, 3, 0, 1, 1 220 2584.635417 2.5 

2, 4, 2, 2, 2, 0, 0, 0, 0, 0 210 2604.166667 3 

2, 2, 2, 2, 2, 0, 0, 1, 1, 0 235 2596.354167 2.4 

2, 2, 2, 2, 3, 0, 0, 0, 1, 0 235 2600.260417 2.7 

2, 2, 4, 2, 2, 0, 0, 0, 0, 0 216 2604.166667 3 

2, 4, 2, 2, 2, 0, 0, 0, 0, 0 210 2604.166667 3 

2, 2, 2, 2, 2, 0, 0, 1, 1, 0 235 2596.354167 2.4 

2, 2, 2, 3, 2, 0, 0, 1, 0, 0 235 2600.260417 2.7 

3, 2, 3, 2, 2, 0, 0, 0, 0, 0 230 2604.166667 3 

2, 2, 2, 2, 2, 0, 1, 0, 0, 1 239 2596.354167 2.4 

2, 2, 2, 2, 2, 1, 1, 0, 0, 0 224 2596.354167 2.4 

0, 1, 2, 1, 3, 4, 0, 1, 0, 0 196 2608.072917 3.3 

1, 0, 2, 2, 0, 4, 0, 1, 0, 2 230 2604.166667 3 

2, 2, 2, 2, 2, 1, 1, 0, 1, 0 248 2611.979167 2.6 

 

 

Table B.2.  Sample of selected solutions instances produced by Multi-objective random search for WEBMET 
project 

WP1, ….., WP11 Overtime Cost Error 

1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 2 313 3132.813 2.6 

1, 1, 1, 1, 1, 1, 2, 1, 1, 1, 2 295 3132.813 2.6 

1, 1, 1, 1, 1, 1, 2, 1, 1, 1, 1 256 3117.188 2.4 

2, 1, 1, 2, 1, 1, 1, 1, 1, 1, 1 275 3132.813 2.6 

2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2 297 3132.813 2.6 

2, 1, 1, 1, 1, 1, 1, 2, 2, 1, 1 300 3148.438 2.8 

1, 1, 1, 1, 1, 1, 1, 2, 1, 2, 1 327 3132.813 2.6 

2, 1, 1, 2, 2, 1, 1, 1, 1, 1, 1 292 3148.438 2.8 

1, 2, 1, 1, 1, 2, 1, 1, 1, 1, 1 281 3132.813 2.6 

1, 1, 2, 1, 1, 1, 2, 1, 2, 1, 1 296 3148.438 2.8 

1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 1 312 3117.188 2.4 

1, 2, 1, 1, 1, 1, 1, 1, 2, 1, 1 301 3132.813 2.6 

1, 1, 1, 2, 1, 1, 1, 1, 2, 1, 1 291 3132.813 2.6 

1, 1, 2, 1, 1, 1, 1, 1, 1, 1, 2 299 3132.813 2.6 

2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1 271 3132.813 2.6 

2, 1, 1, 2, 0, 2, 0, 3, 0, 1, 1 259 3136.719 2.9 
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2, 0, 2, 1, 1, 0, 2, 2, 2, 1, 0 249 3132.813 2.6 

0, 1, 4, 0, 0, 1, 0, 3, 0, 1, 1 235 3113.281 3.1 

2, 2, 4, 0, 1, 0, 0, 1, 3, 0, 0 241 3144.531 3.5 

1, 4, 0, 3, 0, 3, 0, 0, 1, 0, 0 218 3132.813 3.6 

 

 

Table B.3: Sample selected solutions instances produced by Multi-objective random search for PSOA project 

WP1, ….., WP18 Overtime Cost Error 

2, 1, 1, 2, 1, 1, 2, 1, 1, 1, 1, 1, 1, 2, 2, 1, 1 285 3140.625 3.2 

1, 1, 1, 2, 1, 1, 2, 2, 1, 1, 1, 1, 1, 1, 1, 2, 2 292 3148.438 2.8 

1, 1, 1, 2, 2, 1, 1, 1, 1, 2, 1, 2, 1, 1, 2, 1, 1 226 3156.25 3.4 

1, 1, 2, 1, 1, 2, 1, 1, 1, 1, 2, 1, 1, 2, 1, 1, 1 296 3148.438 2.8 

1, 2, 1, 1, 2, 1, 1, 1, 1, 1, 1, 2, 2, 1, 1, 1, 1 282 3148.438 2.8 

2, 2, 2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 2, 1, 1, 1, 1 209 3105.469 2.5 

2, 1, 1, 2, 1, 1, 1, 1, 1, 1, 1, 2, 2, 1, 2, 1, 1 291 3132.813 2.6 

1, 1, 1, 2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 2, 1, 1, 2 265 3132.813 2.6 

1, 1, 1, 1, 2, 2, 1, 1, 1, 1, 1, 2, 2, 1, 1, 1, 1 263 3132.813 2.6 

1, 2, 1, 2, 1, 2, 1, 1, 1, 2, 2, 1, 1, 1, 1, 2, 1 304 3148.438 2.8 

1, 1, 1, 2, 1, 1, 2, 2, 1, 2, 1, 1, 1, 1, 2, 2, 1 239 3136.719 2.9 

1, 1, 1, 2, 1, 1, 2, 1, 1, 1, 1, 2, 2, 1, 1, 1, 2 300 3148.438 2.8 

1, 1, 1, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1, 2, 1, 2, 1 287 3132.813 2.6 

0, 3, 0, 3, 1, 1, 2, 3, 0, 0, 0, 2, 4, 0, 1, 0, 0 259 3140.625 3.2 

0, 1, 3, 0, 0, 1, 2, 1, 0, 1, 2, 0, 1, 3, 3, 1, 1 272 3089.844 2.3 

0, 1, 3, 2, 1, 4, 2, 0, 2, 1, 1, 0, 1, 2, 0, 1, 1 283 3132.813 2.6 

0, 1, 0, 0, 0, 1, 0, 0, 1, 2, 2, 2, 2, 4, 2, 2, 2 304 3148.438 2.8 

0, 0, 0, 1, 0, 1, 0, 0, 0, 2, 2, 2, 2, 3, 3, 2, 2 298 3148.438 2.8 

1, 0, 0, 1, 0, 1, 0, 0, 0, 2, 2, 2, 2, 2, 2, 3, 2 285 3132.813 2.6 

0, 0, 0, 0, 0, 1, 1, 0, 0, 2, 2, 2, 3, 3, 2, 3, 2 263 3132.813 2.6 

 

 

Table B.4. Sample selected solutions instances produced by Multi-objective random search for WEBAMHS 
project 

WP1, ….., WP15 Overtime Cost Error 

2, 2, 2, 2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1 479 5273.438 4 

1, 2, 2, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2 477 5273.438 4 

1, 2, 1, 1, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1 437 5226.563 3.4 

1, 1, 2, 2, 1, 1, 2, 1, 2, 1, 1, 1, 1, 1, 2 481 5273.438 4 

1, 2, 1, 1, 2, 2, 1, 2, 1, 1, 1, 1, 1, 2, 1 488 5273.438 4 

1, 1, 1, 1, 2, 1, 1, 1, 1, 2, 1, 1, 1, 1, 2 500 5242.188 3.6 

1, 1, 1, 1, 1, 1, 1, 2, 1, 1, 1, 2, 1, 2, 1 545 5242.188 3.6 

1, 2, 2, 1, 2, 1, 2, 1, 2, 1, 1, 1, 1, 1, 1 495 5273.438 4 

2, 1, 1, 2, 1, 1, 2, 1, 1, 1, 1, 1, 2, 1, 1 479 5257.813 3.8 
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2, 3, 2, 2, 2, 2, 2, 0, 1, 0, 0, 0, 0, 1, 1 248 5246.094 3.9 

2, 2, 2, 2, 3, 3, 3, 0, 0, 0, 1, 0, 1, 0, 0 372 5269.531 4.7 

0, 1, 2, 2, 0, 2, 2, 2, 1, 0, 1, 0, 2, 2, 4 355 5296.875 4.8 

1, 2, 0, 3, 0, 1, 0, 4, 1, 0, 1, 0, 0, 1, 2 316 5222.656 4.1 

3, 0, 3, 1, 0, 0, 1, 2, 2, 1, 1, 1, 0, 0, 1 448 5218.75 3.8 

3, 0, 3, 0, 1, 0, 2, 2, 1, 0, 0, 2, 1, 2, 1 439 5250 4.2 

0, 1, 1, 3, 4, 0, 1, 1, 1, 2, 0, 0, 1, 0, 0 305 5207.031 3.9 

1, 3, 1, 2, 2, 3, 1, 0, 0, 0, 0, 0, 3, 0, 2 228 5253.906 4.5 

0, 0, 4, 1, 0, 2, 3, 0, 0, 3, 0, 1, 0, 1, 1 401 5226.563 4.4 

0, 2, 0, 2, 3, 4, 2, 1, 2, 0, 1, 0, 1, 2, 0 346 5285.156 4.9 

2, 3, 3, 2, 3, 3, 2, 0, 1, 1, 0, 0, 0, 0, 0 316 5289.063 5.2 

 

 

Table B.5. Sample selected solutions instances produced by Multi-objective random search for PARM project 

WP1, ….., WP27 Overtime Cost Error 

1, 1, 2, 1, 2, 1, 1, 1, 1, 2, 1, 1, 2, 1, 2, 1, 1, 1, 1, 1, 2, 1, 2, 1, 2, 2, 2 
691 6450.521 7.4 

2, 1, 1, 1, 2, 1, 2, 1, 1, 1, 1, 2, 1, 2, 1, 1, 1, 1, 2, 2, 1, 1, 1, 2, 2, 1, 1 
671 6434.896 7.2 

3, 4, 0, 0, 0, 1, 3, 0, 3, 0, 1, 0, 2, 1, 0, 0, 0, 2, 2, 0, 2, 0, 2, 3, 0, 0, 4 
582 6419.271 9 

0, 1, 2, 1, 1, 1, 0, 1, 0, 3, 2, 0, 3, 0, 0, 2, 4, 4, 0, 1, 3, 1, 1, 0, 0, 0, 0 
525 6384.115 8.3 

1, 3, 1, 2, 0, 3, 0, 1, 0, 4, 1, 0, 1, 0, 0, 1, 2, 1, 3, 3, 2, 0, 1, 0, 0, 3, 1 
570 6430.99 8.9 

1, 0, 1, 0, 0, 2, 1, 4, 4, 1, 1, 1, 1, 2, 0, 1, 1, 0, 0, 0, 3, 4, 1, 2, 2, 0, 2 
607 6446.615 9.1 

0, 2, 4, 1, 0, 0, 1, 1, 3, 4, 0, 3, 0, 1, 0, 0, 4, 1, 0, 2, 3, 0, 0, 3, 0, 1, 0 
568 6442.708 9.8 

1, 0, 0, 2, 0, 1, 2, 0, 2, 3, 0, 0, 1, 2, 2, 0, 0, 1, 0, 3, 1, 2, 0, 3, 2, 4, 1 
564 6407.552 8.1 

1, 1, 0, 1, 0, 0, 0, 1, 1, 0, 0, 1, 1, 2, 3, 2, 2, 2, 3, 2, 2, 3, 2, 2, 2, 2, 2 
610 6477.865 8.5 

0, 0, 0, 0, 0, 0, 0, 1, 0, 1, 1, 0, 0, 2, 3, 2, 2, 4, 2, 3, 2, 2, 2, 3, 3, 2, 2 
563 6473.958 9.2 

1, 1, 1, 1, 1, 1, 2, 1, 2, 1, 1, 2, 2, 1, 1, 1, 1, 1, 2, 2, 2, 1, 1, 2, 2, 1, 1 
654 6434.896 7.2 

1, 1, 1, 2, 2, 1, 1, 1, 1, 1, 1, 1, 2, 2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2 
624 6388.021 6.6 

1, 2, 1, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 1, 1, 1, 2, 1, 1, 2, 2, 1, 2 
627 6419.271 7 

1, 1, 2, 1, 2, 1, 1, 1, 1, 1, 2, 1, 1, 2, 2, 1, 2, 1, 1, 2, 1, 1, 2, 2, 1, 1, 1 
671 6434.896 7.2 

1, 2, 1, 1, 1, 1, 1, 2, 2, 2, 1, 1, 2, 1, 2, 2, 1, 1, 1, 2, 1, 1, 1, 1, 2, 2, 1 
692 6450.521 7.4 

1, 1, 2, 2, 1, 1, 1, 1, 1, 1, 1, 2, 1, 2, 1, 1, 2, 1, 1, 2, 1, 2, 1, 2, 2, 1, 1 
647 6434.896 7.2 

2, 2, 1, 1, 2, 1, 1, 1, 1, 1, 2, 1, 1, 2, 1, 1, 1, 2, 1, 1, 1, 2, 1, 1, 2, 2, 2 
689 6450.521 7.4 

1, 1, 2, 1, 1, 2, 2, 2, 1, 2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 1, 1, 1, 1 
660 6419.271 7 

1, 1, 2, 1, 2, 2, 1, 1, 2, 1, 1, 2, 1, 1, 1, 1, 1, 2, 1, 1, 2, 1, 2, 2, 1, 1, 2 
673 6450.521 7.4 

1, 1, 1, 1, 1, 2, 1, 2, 1, 1, 2, 1, 2, 1, 2, 2, 1, 2, 1, 2, 2, 1, 2, 1, 1, 1, 1 
692 6450.521 7.4 
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Table B.6. Sample selected solutions instances produced by Multi-objective random search for OPMET project 

WP1, ….., WP21 Overtime Cost Error 

2, 1, 1, 0, 0, 0, 1, 2, 1, 1, 1, 1, 2, 0, 4, 0, 0, 4, 1, 2 891 8690.104 6.4 

1, 2, 3, 1, 0, 0, 1, 1, 1, 0, 0, 0, 0, 0, 2, 2, 2, 1, 0, 2 688 8584.635 4.3 

0, 0, 4, 0, 0, 2, 1, 0, 1, 0, 1, 3, 1, 1, 3, 3, 0, 0, 1, 4 727 8701.823 7.3 

2, 2, 2, 2, 3, 2, 2, 3, 2, 2, 1, 0, 0, 0, 1, 0, 0, 1, 1, 0 794 8682.292 5.8 

2, 2, 2, 2, 2, 2, 3, 4, 3, 2, 1, 0, 1, 0, 0, 0, 0, 1, 0, 0 806 8705.729 6.6 

3, 2, 2, 2, 2, 2, 3, 2, 3, 2, 0, 1, 0, 1, 0, 1, 0, 1, 0, 0 803 8701.823 6.3 

3, 3, 2, 2, 3, 2, 2, 2, 3, 2, 1, 0, 0, 0, 0, 0, 0, 0, 1, 0 866 8690.104 6.4 

2, 2, 2, 3, 2, 2, 4, 2, 2, 2, 1, 0, 0, 1, 1, 0, 0, 0, 1, 0 824 8701.823 6.3 

1, 2, 2, 1, 2, 1, 1, 1, 1, 2, 2, 1, 1, 1, 2, 2, 1, 1, 1, 1 918 8705.729 5.6 

1, 1, 2, 1, 2, 1, 1, 1, 2, 2, 2, 1, 1, 1, 1, 1, 1, 1, 2, 1 872 8690.104 5.4 

1, 1, 1, 2, 1, 1, 2, 2, 1, 2, 1, 1, 1, 2, 2, 1, 1, 1, 1, 2 848 8705.729 5.6 

1, 1, 2, 1, 1, 2, 1, 2, 1, 2, 1, 1, 1, 1, 1, 2, 2, 2, 2, 1 880 8721.354 5.8 

2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 2, 2, 1, 1 773 8674.479 5.2 

2, 1, 1, 1, 1, 2, 1, 1, 1, 1, 1, 1, 1, 2, 2, 2, 2, 1, 2, 2 857 8721.354 5.8 

1, 1, 2, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 1, 1, 1, 2, 1 844 8674.479 5.2 

1, 1, 1, 2, 1, 2, 1, 1, 2, 1, 1, 2, 2, 1, 1, 2, 1, 1, 2, 2 868 8721.354 5.8 

2, 1, 1, 1, 1, 2, 1, 1, 1, 1, 1, 2, 1, 1, 2, 2, 1, 2, 2, 2 851 8721.354 5.8 

2, 2, 2, 1, 1, 1, 1, 1, 2, 1, 2, 1, 1, 1, 1, 1, 1, 2, 1, 2 912 8705.729 5.6 

2, 1, 1, 1, 1, 2, 1, 1, 2, 2, 2, 1, 1, 2, 1, 1, 2, 1, 1, 2 870 8721.354 5.8 

2, 2, 1, 2, 2, 2, 1, 2, 1, 1, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1 928 8705.729 5.6 
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Appendix C: Regression plots for ML models 

Figure C.1. Scatter plots showing regression results of RFR and RFR-gHGS in all projects 

 

 

Figure C.2. Regression plots for RFR-gHGS and other hyperparameter optimization methods across all projects 
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