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ABSTRACT 

Software cost estimation is a critical aspect of project management, with significant implications for decision-making and resource allocation. In 

recent years, the use of neural networks (NNs) has shown promise in improving the accuracy of cost estimation models. This research, unique in 

its systematic investigation of various NN architectures, aims to determine their strengths and weaknesses in the context of cost estimation. The 

study focuses on three primary neural network architectures: feedforward neural networks (FNNs), recurrent neural networks (RNNs), and 

convolutional neural networks (CNNs). It scrutinizes each architecture's ability to capture and model the complex relationships within software 

development datasets, with a particular emphasis on their performance in terms of prediction accuracy, scalability, and adaptability to diverse 

project scenarios. By providing a comprehensive understanding of the nuanced dynamics between neural network structures and their effectiveness 

in software cost estimation, this review aims to offer practical insights that can guide practitioners and researchers in selecting the most suitable 

neural network architecture for specific cost estimation challenges. Additionally, it identifies potential areas for future research, thereby offering a 

roadmap for advancing the application of neural networks in software cost estimation. 
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1 INTRODUCTION 

Software cost estimation is pivotal in managing software development projects, influencing crucial aspects such as budgeting, 

resource allocation, and project planning. While traditional models like COCOMO and function points have been widely used, 

their effectiveness in addressing modern software projects' dynamic and complex nature is often limited [1, 2]. As the field of 

software development continues to evolve, there is an increasing demand for more adaptive and accurate estimation methods. This 

research, by providing a comprehensive comparative analysis of various neural network architectures for software cost estimation, 

offers practical insights that can significantly enhance the accuracy and adaptability of cost estimation methods in real-world project 

scenarios. 

The advent of artificial intelligence and machine learning offers promising avenues for enhancing software cost estimation. Among 

these technologies, neural networks (NNs) stand out due to their ability to model complex, non-linear relationships inherent in 

software projects [3]. Neural networks, inspired by biological neural networks, comprise layers of interconnected nodes capable of 

learning patterns from [4]. 

This paper compares various neural network architectures, including feedforward neural networks, recurrent neural networks 

(RNNs), and convolutional neural networks (CNNs), to evaluate their applicability and performance in software cost estimation. 

Each architecture offers unique characteristics: feedforward neural networks provide a straightforward approach to pattern 

recognition; RNNs are suited for sequential data processing, making them ideal for projects with temporal dynamics; and CNNs 

excel in identifying spatial hierarchies in data, which could be leveraged for analyzing complex project features [5]. 

Through this analysis, the paper seeks to identify the strengths and limitations of each NN architecture in capturing the nuances of 

software cost estimation, thereby guiding practitioners and researchers towards the most effective models for their specific needs. 

Furthermore, this study contributes to the ongoing discourse on integrating machine learning techniques in software engineering, 

highlighting potential areas for future research and development. 

In summarizing the evolution of software cost estimation and the rise of neural networks within this domain, this introduction sets 

the stage for a detailed exploration of how these advanced computational models can revolutionize estimation practices, aligning 

with the broader trend of employing machine learning to tackle complex problems in software engineering [6]. 
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2 BACKGROUND 

2.1 Software Cost Estimation Models  

Cost estimation in software engineering is a pivotal process integral to project management and planning. Numerous models have 

evolved to accurately forecast the resources, time, and budget required to complete software projects. Traditional cost estimation 

models can be broadly categorized into expert judgment, algorithmic models, and Function Point Analysis. 

Expert judgment relies on the insights and intuition of seasoned professionals who draw upon their extensive experience with 

similar projects. This approach values the tacit knowledge and heuristics individuals develop over time, enabling them to make 

informed guesses about project costs [7]. While expert judgment is highly flexible and can quickly adapt to new information, its 

accuracy is heavily dependent on the experience level of the individuals involved and can suffer from biases and inconsistencies. 

Algorithmic models, such as the Constructive Cost Model (COCOMO), offer a more structured approach. These models use 

historical project data and mathematical formulas to estimate costs, considering factors like project size, complexity, and team 

capability [8]. COCOMO, for instance, classifies projects into different categories and applies specific formulas to each, allowing 

for a more nuanced estimation process. However, the effectiveness of algorithmic models can be limited by the availability and 

relevance of historical data, as well as their inherent assumptions about project characteristics. 

Function Point Analysis evaluates the software's functional components, such as inputs, outputs, user interactions, files, and data 

complexity, to estimate the effort required [9]. This model shifts the focus from lines of code to the functionality delivered, offering 

a more direct measure of the software's accomplishments. While Function Point Analysis can be more closely aligned with customer 

and user needs, it requires a detailed understanding of the software's functionality and can be subject to interpretation variance.  

Each of these traditional models has its strengths and offers valuable insights into the cost estimation process. However, they often 

struggle with modern software projects' dynamic and non-linear nature, which can involve rapidly changing requirements, emerging 

technologies, and varied development methodologies. 

2.2 Introduction to Neural Networks 

Neural Networks (NNs) are computational models that draw inspiration from the human brain's structure and function. Comprising 

interconnected units or nodes (neurons), NNs process data and generate outputs based on the inputs received [10]. The feedforward 

neural network's simplest form consists of an input layer, one or more hidden layers, and an output layer, with data flowing in a 

single direction [11]. This structure allows complex relationships between inputs and outputs to be modelled without cyclic or 

looped connections. 

Recurrent Neural Networks (RNNs) introduce the concept of memory into neural networks by allowing information to persist 

through loops, making them particularly suited for sequential data processing, such as time series analysis or natural language 

processing [12]. Convolutional Neural Networks (CNNs), on the other hand, are designed to learn spatial hierarchies of features 

from input images automatically and adaptively, making them powerful tools for image recognition and processing tasks [13]. 

These architectures enable NNs to model complex, non-linear relationships within data, a precious capability in domains where 

traditional linear models fall short. 

2.3 Relevance of Neural Networks in Cost Estimation 

Incorporating NNs into software cost estimation marks a significant advancement in the field. The complex, non-linear nature of 

software projects, characterized by intricate dependencies and varying scales, poses a challenge to traditional estimation models. 

NNs, with their ability to model such non-linear relationships and adapt to evolving data patterns, emerge as a potent solution [14]. 

Studies have shown that NNs can outperform traditional models in cost estimation by providing more accurate and reliable 

predictions [15]. This improvement is attributed to NNs' capacity to process and learn from large datasets, uncovering patterns and 

relationships that may not be evident through conventional analysis [16]. 

Integrating NNs into cost estimation practices signifies a shift towards more adaptive, data-driven methodologies. This transition 

is aligned with the broader adoption of AI and ML across various domains, underscoring the potential of NNs to redefine software 

cost estimation [17]. With their versatility and the increasing ease of access to advanced computational resources, NNs stand as a 

promising avenue for future exploration and development in this area [18]. 
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As highlighted in this paper, the comparative analysis of NN architectures feed forward, RNNs and CNNs within software cost 

estimation underscores the nuanced dynamics between neural network structures and their applicability to the challenges of 

accurately estimating software project costs. This investigation not only sheds light on the strengths and weaknesses of each 

architecture but also offers practical insights for selecting the most suitable NN model for specific estimation challenges, paving 

the way for further advancements in the application of neural networks in software cost estimation. 

3 METHODOLOGY OF THE REVIEW  

This section delineates the methodology for conducting a thorough literature review about applying neural network architectures 

in software cost estimation. It encompasses a detailed literature search strategy, clearly defined selection criteria, and a robust 

approach to data synthesis, ensuring a comprehensive and systematic review of the existing research. 

3.1 Literature Search Strategy 

The literature search was executed across several esteemed academic databases and digital libraries, including IEEE Xplore, 

Science Direct, Google Scholar, and the ACM Digital Library, to amass various studies relevant to neural network architecture and 

their application in software cost estimation [19, 20]. Keywords and phrases such as "Neural Networks in Software Cost 

Estimation," "Artificial Neural Network (ANN) Models in Software Engineering," "Feedforward Neural Networks (FNNs)," 

"Recurrent Neural Networks (RNNs)," "Convolutional Neural Networks (CNNs)," and "Comparative Analysis of Neural Network 

Architectures" were meticulously selected and combined with Boolean operators for refined search results. Manual searches were 

conducted within select journals and conference proceedings to ensure no pertinent study was overlooked [21]. 

3.2 Selection Criteria 

The literature was filtered based on predefined inclusion and exclusion criteria to ensure the selection of studies of high relevance 

and quality. The inclusion criteria mandated that studies be published in peer-reviewed journals or conference proceedings, written 

in English, focused on specific neural network architectures (FNNs, RNNs, and CNNs), and applicable to software cost estimation 

[19, 22]. Conversely, exclusion criteria eliminated non-peer-reviewed articles, papers not in English, studies not directly addressing 

neural network applications in cost estimation, and outdated research not reflective of current advancements in neural network 

technologies [19]. This meticulous selection process also involved assessing the methodological rigor of studies and their direct 

relevance to the comparative analysis goal of this review [19, 23]. 

3.3 Approach to Data Synthesis 

The information of the selected papers was synthesized through a multistep process. Initially, key data points such as the neural 

network architecture utilized, application context in software cost estimation, methodology, results, and conclusions were extracted 

and organized in a tabular format for preliminary comparative analysis [23, 24]. Following this, a thematic analysis was undertaken, 

categorizing findings from the studies based on similarities and differences in approaches, results, and implications. This facilitated 

the identification of predominant themes, trends, and research gaps [19, 23, 24]. The synthesis aimed to integrate insights across 

studies, comparing the efficacy and applicability of different neural network architectures in software cost estimation, providing a 

nuanced understanding of the field [25].  

4 NEURAL NETWORK ARCHITECTURES FOR COST ESTIMATION 

The application of various neural network architectures in software cost estimation represents a significant advancement in 

predicting project costs more accurately and dynamically. This section examines the roles and effectiveness of Feedforward Neural 

Networks (FNNs), Recurrent Neural Networks (RNNs), and Convolutional Neural Networks (CNNs) in software cost estimation. 

4.1 Feedforward Neural Networks (FNNs) 

Feedforward Neural Networks (FNNs) are foundational to artificial neural network designs, characterized by a unidirectional data 

flow from the input to the output layers, without feedback loops [26]. FNNs' structure comprises an input layer representing cost-

driving factors, one or more hidden layers for data processing, and an output layer for cost prediction. Their capacity to model 
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complex, non-linear relationships between input variables and outputs renders FNNs particularly suitable for software cost 

estimation, where project data is often multidimensional and varied [27]. The primary advantage of FNNs in this domain lies in 

their ability to learn from and adapt to historical project data, facilitating refined and accurate cost predictions based on identified 

patterns [28]. 

4.2 Recurrent Neural Networks (RNNs) 

Recurrent Neural Networks (RNNs) distinguish themselves by loops within their architecture, allowing for the retention of 

information across sequences in their internal state or memory [29]. This feature is invaluable for software cost estimation tasks 

involving sequential or time-series data, such as project timelines or iterative development phases [29, 30]. RNNs provide a 

dynamic perspective on cost estimation, analyzing the impact of previous project stages on overall costs. Despite their advantages, 

RNNs encounter issues like the vanishing gradient problem, which impedes learning over long sequences. This challenge has led 

to the development of advanced variants like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) networks, 

designed to surmount these limitations [30, 31].   

4.3 Convolutional Neural Networks (CNNs) 

While Convolutional Neural Networks (CNNs) are primarily recognized for their prowess in image processing and computer vision, 

their adaptability has seen them employed in diverse domains, including software cost estimation [32]. CNNs feature convolutional 

layers that learn spatial hierarchies of features from input data, making them adept at processing and analyzing patterns within 

multidimensional project data [33]. In software cost estimation, CNNs can examine data matrices representing various project 

attributes, identifying complex interrelationships and patterns [34]. Their ability to discern spatial and hierarchical patterns offers 

profound insights into cost determinants and their interplay, significantly enhancing prediction accuracy in software projects [35]. 

5 COMPARATIVE ANALYSIS 

5.1 Comparative Criteria 

Evaluating neural network architectures for software cost estimation involves several crucial criteria influencing their effectiveness 

and suitability for specific project requirements. These criteria are central to understanding the strengths and limitations of each 

architecture within the context of cost estimation. 

Accuracy: This measures the precision of the network's cost estimations, typically assessed using metrics like Mean Squared Error 

(MSE) and Mean Absolute Percentage Error (MAPE). Accuracy is paramount, as even minor errors can significantly impact project 

budgeting and resource allocation. 

Learning Ability: This criterion evaluates the efficiency of an architecture learning from training data. It encompasses the 

convergence speed to an optimal solution and the model's ability to mitigate overfitting, ensuring it generalizes well to new, unseen 

data. 

Scalability: Scalability evaluates a model's ability to manage datasets of different sizes and project complexities, ensuring it can 

adapt to increasing data volumes and more intricate requirements while maintaining performance. 

Robustness: Robustness measures a model's consistency and resistance to data noise. It ensures reliable estimations across diverse 

conditions and scenarios by maintaining performance despite anomalies. 

Complexity Handling: This criterion evaluates an architect's proficiency in modelling non-linear relationships among cost factors, 

which is essential for accurate software project cost estimations and capturing the complexity of development tasks. 

5.2 Performance Analysis 

The analysis of performance across neural network architectures reveals distinct characteristics and capabilities of each, as outlined 

in the table below. 

Table 1: Performance Characteristics of Neural Network Architectures 

Architecture Strengths Challenges 

FNNs 
Efficient in straightforward tasks, 

fast learning with small datasets 

Performance plateaus with 

complex/large datasets 
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RNNs (LSTM, GRU) 

Excellent at capturing temporal 

dependencies, suitable for 

sequential data 

Higher computational and 

training resource 

requirements 

CNNs 
Potent in identifying patterns in 

multidimensional data, scalable 

It may add unnecessary 

complexity to simple tasks 

 

5.3 Cross-Architecture Insights 

The analysis highlights adaptability, data requirements, and the trade-off between complexity and performance, guiding the choice 

of neural network architecture for tasks. 

 

Table 2: Cross-Architecture Insights 

Criterion FNNs RNNs CNNs  

Adaptability to 

Complexity 
Low High Medium  

Data Requirement for 

Training 
Low High High  

Complexity vs. 

Performance 

Favourable for 

simple tasks 

Balanced for complex 

tasks 

Complex, may 

overfit on 

simple tasks 

 

Generalization 

Capability 
Moderate High High  

 

 

Adaptability to Project Complexity: RNNs, particularly LSTM and GRU, are superior in managing complex, time-sensitive 

project data. In contrast, FNNs are better suited for less dynamic projects with well-defined cost drivers. 

Data Requirement and Training: FNNs require less data for effective training, making them a practical choice for projects with 

limited historical data. RNNs and CNNs, however, need extensive datasets to learn and capture underlying patterns accurately. 

Model Complexity vs. Performance Trade-off: While CNNs and RNNs can model more intricate relationships, they may not 

always surpass FNNs in more straightforward estimation scenarios due to the potential for overfitting. 

Generalization Capability: CNNs and RNNs generally exhibit superior generalization across diverse and extensive datasets, an 

essential feature for scalable and adaptable cost estimation models in software development. 

The selection of a neural network architecture for software cost estimation should thus be carefully considered, considering the 

project data's nature, estimation complexity, and available resources for model training and deployment [36]. 

6 DISCUSSION 

6.1 Synthesis of Findings 

The comparative analysis of neural network architectures for software cost estimation uncovers distinct advantages and 

appropriateness depending on various project scenarios. Feedforward Neural Networks (FNNs) have shown efficiency and quick 

learning with smaller, more straightforward datasets, positioning them as a dependable option for straightforward cost estimation 

tasks. However, their performance doesn't necessarily improve at the same rate as the complexity of the dataset [37]. 

Recurrent Neural Networks (RNNs), particularly the Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) variants, 

are adept at managing sequential data, providing a dynamic method for cost estimation in projects with time-sensitive elements 

[38]. Despite their superior capabilities, implementing RNNs requires higher computational requirements and a complex training 

phase. 

Convolutional Neural Networks (CNNs) are recognized for their effectiveness in analyzing multidimensional data and identifying 

complex patterns potentially overlooked by other models. Nevertheless, given their original development for spatial data 
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interpretation, their deployment in cost estimation might bring unnecessary complexity for projects with more straightforward 

demands [39]. 

6.2 Implications for Practice 

This study's outcomes hold substantial implications for existing software cost estimation methodologies. The selection of a neural 

network architecture must be customized to the project's specific data characteristics and requirements. RNNs present the most 

refined and precise estimates for projects enriched with temporal or sequential information. Conversely, FNNs could offer adequate 

accuracy for projects with static and straightforward parameters, requiring less computational effort. 

CNNs' application in cost estimation might be especially beneficial for extensive projects characterized by complexly interacting 

multidimensional data. However, employing such sophisticated models requires judicious consideration of accuracy versus model 

complexity and the sufficiency of training data to leverage their capabilities thoroughly. 

6.3 Limitations and Challenges 

Despite the promising advantages of neural networks in software cost estimation, several limitations and challenges persist in the 

research and application phases. A primary concern is the adequacy and quality of data necessary for training these networks to 

attain high precision and generalization. Accessing extensive datasets for training can be particularly challenging in proprietary or 

sensitive project settings [40]. 

Another limitation of neural network models is their interpretability. Contrary to traditional estimation models, neural networks, 

especially those based on deep learning, tend to function as "black boxes," complicating the understanding of how specific inputs 

affect outputs. This opacity can be problematic when illustrating the basis for cost estimations, which is as crucial as the estimations 

themselves. 

Moreover, the computational resources required to train and implement advanced neural network models can be significant, 

restricting their application in smaller enterprises or projects with constrained IT infrastructure [41]. 

These insights emphasize the importance of a balanced approach when choosing and applying neural network models for cost 

estimation, considering the accuracy benefits and the practical limitations and necessities of the specific project scenario. 

 

Table 3: Comparative Overview of Neural Network Architectures 

Architecture Strengths Weaknesses Best Use Case 

FNNs 

Quick learning, 

efficient with small 

datasets 

Limited scalability 

with complex data 

Straightforward 

tasks with well-

defined parameters 

RNNs 

(LSTM/GRU) 

Excellent at 

sequential data, 

dynamic 

estimations 

High computational 

demand, complex 

training 

Projects with 

temporal data or 

sequential processes 

CNNs 

Effective in 

multidimensional 

pattern recognition 

Potentially 

excessive 

complexity for       

simple tasks 

Large-scale projects 

with complex data 

interactions 

 

7 CONCLUSION 

This review has meticulously analyzed and compared various neural network architectures, Feedforward Neural Networks (FNNs), 

Recurrent Neural Networks (RNNs), and Convolutional Neural Networks (CNNs) in the nuanced field of software cost estimation. 

The analysis revealed that FNNs are particularly suited for straightforward and less complex projects, thanks to their simplicity and 

effective pattern recognition capabilities. However, their performance tends to plateau with the increase in dataset complexity. On 

the other hand, RNNs, with a focus on LSTM and GRU variants, excel in processing sequential or time-series data, proving 

invaluable for projects influenced by temporal dynamics. CNNs, known for their adeptness at handling multidimensional data, 

excel in identifying complex patterns across various data layers. However, their application is most beneficial in projects where the 
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complexity and nature of data justify their use. The core insight derived from this comparative study emphasizes that the 

appropriateness of a neural network architecture for cost estimation tasks heavily depends on the project's specific requirements, 

including the nature of the data, its complexity, and the computational resources at hand. 

This review significantly contributes to the evolving domain of software cost estimation by offering a comprehensive comparison 

of neural network architectures and shedding light on their applicability and potential to improve estimation practices. It not only 

provides practitioners and researchers with a clearer understanding of the strengths and limitations associated with each neural 

network type but also highlights the importance of selecting the most suitable model based on the specific needs of their projects. 

The findings underscore a trend towards adopting more sophisticated, data-driven approaches in software cost estimation, 

advocating for continuous exploration and adaptation of these technologies, and addressing the challenges related to data 

requirements, model interpretability, and computational demands. As the integration of neural networks in software cost estimation 

becomes increasingly refined, it holds the promise of leading to more accurate and efficient project planning and management 

within the software industry, marking a significant stride towards leveraging AI to enhance traditional estimation methodologies. 
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