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Abstract: — Accurate software cost estimation is a significant aspect in software project management because it has a direct impact
on software projects. However, software cost estimation techniques have some limitations in managing high-dimensional software
project variables and nonlinear relationships between software cost drivers. These limitations often lead to inefficient software
project management and inaccurate software cost estimation. In order to overcome these limitations and inaccuracies in software
cost estimation techniques, this paper proposes a novel Al-based metaheuristic optimization technique for software cost estimation
by integrating more accurate machine learning models and intelligent optimization techniques.The proposed software cost
estimation model incorporates a Transformer regression model and a Genetic Algorithm (GA) to efficiently estimate software cost.
The significant software project characteristics used in this proposed software cost estimation model are project size in KLOC,
function points, requirement stability, team size, developer experience, productivity index, system complexity, technology maturity,
and tool automation level. Performance of model is measured by common evaluation metrics such as Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Mean Magnitude of Relative Error (MMRE). The experimental outcome shows that
proposed hybrid model has significant effect improving the accuracy of software cost prediction compared to the existing machine
learning and estimation techniques. The model shows an accuracy of about 92% with less estimation errors, proving its efficiency
in modeling complex project characteristics. The proposed Al-powered metaheuristic optimization model presents a robust and
efficient solution for intelligent software cost estimation.

Keywords: — Artificial Intelligence, Software Cost Estimation, Metaheuristic Optimization, Machine Learning, Feature Selection,
Prediction Model.

1. Introduction

Software cost estimation is important software engineering activity that has a direct impact on software project
planning and budgeting. Software projects are usually characterized by complex interactions among various factors
such as project size, system complexity, software developers' skills, requirement stability, and technology used for
software development [1]. Conventional software cost estimation models like algorithmic and expert models usually
face difficulties in identifying non-linear interactions among various factors and hence produce less accurate results.
As a result, software cost estimation accuracy improvement is an important research problem in contemporary
software project management [2]. Recently, intelligent prediction models have been widely used to overcome the
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shortcomings of traditional software cost estimation models due to rapid advancement of Al and ML technology.
Machine learning models can identify complex interactions between various factors using historical software project
data and adapt to such interactions accordingly [3]. However, many traditional machine learning techniques also face
some challenges in terms of high-dimensional data sets, redundant features, and improper parameter settings. All these
factors might affect the generalization ability of the models and further impact the prediction efficiency of the models
when implemented in real-world software development environments [4].

However, to overcome the limitations of traditional machine learning techniques, some metaheuristics
optimization techniques have been incorporated into the traditional models to improve the feature selection and
parameter tuning efficiency of the models [5]. One such optimization technique is the GA, which is a natural
evolutionary optimization technique used to find the optimal feature sets and minimize the prediction error of the
models. GA is used to select the most important attributes of the projects to improve the efficiency of the models [6].
In the present work, a software cost estimation framework through the integration of a regression model based on the
Transformer architecture and a GA optimization method has been proposed. The Transformer architecture relies on
attention mechanisms to incorporate the dependencies between the parameters of the software project to accurately
estimate the cost of software development [7]. The GA assists in the feature selection and optimization processes to
identify the most influencing cost factors from the dataset. The results show accuracy of proposed model compared
traditional cost estimation methods. Another important issue to be addressed in software cost estimation is the presence
of high-dimensional project attributes and redundant cost drivers in large data sets [8].

If redundant attributes are used during the learning process, it might result in overfitting and increased
computational complexity. Therefore, it is important to identify the most contributing project parameters to develop
an efficient software cost estimation model. Recently, deep learning models, such as the transformer model, have been
effective in modelling complex relationships within a given data set [9]. The transformer model uses the self-attention
mechanism to focus on the most important input features and their dependencies. The Transformer model has the
advantage of being able to handle more than one feature at once compared to other traditional neural networks. This
advantage makes it one of the most efficient models for dealing with complex prediction problems, including software
cost estimation, where multiple project attributes are involved in a non-linear relationship. In addition, the
incorporation of metaheuristic optimization algorithms into DL models has identified as promising solution for
improving the efficiency of the prediction model. This is because the GA has been recognized for its ability to carry
out a global optimization search through evolutionary operations such as selection, crossover, and mutation operations
[10].

2. Related works

Software cost estimation has been a vital research area of software engineering field for the last few decades.
Conventional software cost estimation models, Function Point Analysis, and expert judgment approaches have been
broadly used to estimate effort, cost associated with software development projects [11]. These approaches mainly
rely on mathematical formulas and project parameters like project size, complexity, and developer experience. Despite
the availability of a well-structured estimation methodology, the conventional approaches do not consider the
nonlinear relationships between project attributes, which may result in incorrect predictions in large software
development projects [12]. To mitigate the disadvantages associated with traditional approaches, various ML
approaches have been proposed to estimate the cost associated with software projects. In the field of ML, various
algorithms like Linear Regression, SVM, Decision Trees, RF, ANN, etc., have been proposed to estimate the cost
associated with software projects based on the available historical data [13]. Several studies have shown that ML
techniques can used to improve accuracy of predictions significantly when compared to other algorithmic models
using benchmark data sets. In recent times, studies have been carried out to improve estimation accuracy using
machine learning models through optimization techniques. Metaheuristics as GA, PSO, and ACO are used to improve
estimation accuracy [14].

These algorithms are used to optimize features and parameters to avoid redundant features, which improve the
efficiency of machine learning models and minimize prediction errors. Optimization algorithms are used to improve
machine learning model estimation accuracy [15]. Apart from the traditional ML models, DL models have also gained
recent research attention for software cost estimation problems. DNN, along with their variants, have shown promising
results in learning complex interactions between the features of large datasets. Among these deep learning models, the
Transformer-based models, employing the attention mechanism, have shown promising results in dealing with
multiple input variable relationships [16]. This ability of the deep neural networks is useful in efficiently learning the
relationships between the characteristics of the software project, enabling the development of complex prediction
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models.However, the existing literature still has limitations, mainly related to dealing with high-dimensional datasets,
dealing with redundant cost drivers, and optimizing the parameters of the model. Therefore, a new direction has been
proposed, where the deep neural networks are integrated with the metaheuristic optimization algorithms, often referred
to as hybrid models. In the context of the proposed framework, a deep neural network model, referred to as the
Transformer, has been integrated with a GA optimization model [17].

Additionally, several research studies have attempted to enhance the precision of the estimation process by
employing hybrid models of machine learning techniques. In this case, ensemble learning techniques such as RF,
Gradient Boosting, and hybrid-NN models are used to develop more accurate software cost estimation systems [18].
These models are effective in enhancing the robustness of software estimation cost system. However, the feature
selection process and parameters of the models are critical in enhancing the performance of the ensemble models,
especially in handling complex software project data sets.In addition, the availability of large-scale software project
data sets has prompted researchers to develop intelligent data-driven software cost estimation models [19]. By
leveraging the availability of the software project data sets and employing sophisticated learning models,
contemporary software cost estimation models have proven to be effective in identifying hidden relationships between
costs of software projects and various characteristics of software projects. However, there is a need to develop adaptive
and scalable software cost estimation models to support diverse characteristics and development environments for
software projects. In this regard, the integration of deep learning models and metaheuristic optimization algorithms is
a promising approach in developing accurate and reliable software cost estimation models [20].

3. METHODOLOGY

The proposed method for cost estimation in software development incorporates artificial intelligence and a
metaheuristic optimization technique for precise and accurate cost estimation. Additionally, the proposed method
incorporates existing data related to software projects that have been gathered from reliable sources. Moreover, the
method incorporates real-time data related to software projects. The data sets include various attributes such as project
size in KLOC, function points, requirement stability, team size, developer experience, productivity index, system
complexity, technology maturity, and tool automation. Each data point in the sets represents a completed software
project with its characteristics and cost. The data is used to develop a predictive model.
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Fig.1. Illustration of the proposed Al-enabled framework for intelligent software cost prediction. The proposed
framework utilizes a combination of metaheuristic optimization and transformer regression for precise cost prediction.
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To further boost the efficiency of the prediction process, a GA is applied for feature selection. The GA is metaheuristic
optimization technique based on a population search method. The GA is motivated by natural selection and
evolutionary processes in nature. The GA is based on the evolutionary process in nature, where selection, crossover,
and mutation occur. A chromosome is used in this algorithm as a possible set of features for the software project. The
algorithm is further used to find the optimal feature set. This is used to find the most important cost drivers while
filtering out irrelevant features. Once the optimal feature set is identified, a transformer regression model is developed
for software cost prediction. The Transformer model is based on a self-attention mechanism to identify complex
dependencies among software project attributes. The Transformer model is different from a traditional neural network
model because it can process multiple features simultaneously. The Transformer model is also able to identify
nonlinear relationships between software project attributes. The feature subset determined by the GA is used to train
the Transformer model.

The datasets contain the project attributes along with the corresponding development effort, which is used to
develop the cost estimation models (1).

D = {(X, Y)}1 (1)

Where,

D —Dataset

X; — Input feature

Y; — Development cost or effort

N — No of projects

Data preprocessing used to improve quality of dataset. This step is useful to handle the missing values,
normalize the attributes, and provide the structured input to the model. This step improves the stability of the learning
process as well as the bias of the model(2).

X === @)

Where,

X' — Normalized feature

X — Original feature

M — Mean

A — Standard deviation

The GA is used to choose the most influencing cost drivers by optimizing the fitness function to achieve the
lowest prediction loss. The algorithm uses selection, crossover, and mutation to achieve the optimal features (3).

F = min(; X%, (Y; - )%) (3)

Where,

F — Fitness function

N —Training samples

Y; — Actual cost

Y: — Predicted cost

A regression model is built using the Transformer architecture to identify the relationship between the
software project parameters. The model is trained to predict the cost of the project by learning the relationship between
the features(4).

T
Attention(M, N, 0) = softmax(%)O 4)
Where,
M-Query
N-Key
O-Value

di-Dimension of key vectors
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The regression model is trained using the optimized features obtained by the GA to achieve the lowest

prediction loss.Gradient optimization technique used to update parameters of the model(5).

Ot+1 =0, —nVL(6,) (5)
Where,

0, —Parameters Model

n —Rate of Learning

VL(6,) — Loss function

L — Training loss

The performance of the model is validated by using regression error measures to comparision between the

predicted values and actual values of the software cost. Lower error values, better prediction performance of model(6).

MAE = =YL, |Y; - 7 (6)
Where,

MAE — Mean Absolute Error

N — Total test samples

Yi— Actual cost value

Y — Predicted cost value

The proposed model, "Transformer-Genetic Algorithm," is compared with other models to improve the

prediction accuracy(7).

E ine—E
Improvement = —2aseline “provosed yq)() 7

Ebaseline
Where,
E_baseline — Baseline Error
E_proposed —Proposed Error
Improvement — Percentage improvement

The dataset used for the purpose of this study includes real-time software project data along with benchmark
data sets used for conducting various software engineering studies. The collected dataset includes various project
attributes like project size in terms of KLOC, function points, requirement stability, team size, developer experience,
productivity index, system complexity, technology maturity, and tool automation level. And it contains and takes
10,000 dataset.Each instance of the dataset includes a completed software development project with the associated
development efforts required for cost estimation modeling.
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Fig.2. Representation of benchmark and real-time dataset used in software cost estimation. Inclusion of project
attributes like KLOC, function points, team size, and complexity in the dataset. The dataset used in this study is created
by integrating various characteristics, such as those derived from well-known software engineering benchmark
datasets, including NASA Metrics Data Program (MDP) and International Software Benchmarking Standards Group
(ISBSG). Various project characteristics, such as project size, function points, team characteristics, software
development methodology, and risk factors, were created using COCOMO 1II cost driver models. A synthetic dataset
with 10,000 project instances is created using various probabilistic distributions, simulating real-world software
environments. Various characteristics, both benchmark-inspired and real-world, have been included, providing
estimated effort and project cost values to validate the proposed Al-enabled metaheuristic optimization framework.
To ensure proper training of the model, the dataset was divided into three sets with a 70:15:15 ratio. The dataset was
divided into three sets to avoid overfitting of the model during the learning process. The 70% of the dataset was used
to train the model, 15% of the dataset was used to validate the model during the optimization process, and remaining
15% used to test performance of model.

A. GA.

GA is population-based metaheuristic algorithm used to find optimal subset of software project features that has
the minimum prediction error. This is achieved by applying operations such as selection, crossover, and mutation(8).

Pi,q = Selection(Crossover (Mutation(P;))) ®)
Where,

P, — Population generation ¢
Pw1 — New population at next generation

B. Fitness Function in GA.

Fitness Function is used to evaluate the quality of a chromosome. This is achieved by finding the prediction error
between actual and predicted software cost. The algorithm tries to achieve a minimum fitness value to find the optimal
subset of software project features(9).

Fitness = L SIL; (% = 1)’ ©)
Where,

Fitness — Evaluation score
N —Training samples
Y; —Software development
Y — Predicted development

C. Transformer Regression Model(TRM).

Transformer Regression Model is used to predict software cost. This model is based on self-attention. This model
is used to process feature embeddings. The output is a continuous value representing software cost(10).

Z = Softmax (ﬂ)V (10)
Vak
Where,

Z — Attention output

Q — Query
K —-Key
V — Value

di —Key vectors dimension
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D. Regression Output Layer.

Finally, a regression layer is used to transform the learned feature representation into a continuous software cost
prediction value. This is achieved by performing a linear transformation on the learned feature representation(11).

Y=WX+b (11)
Where,

Y — Predicted development cost
W — Weight matrix

X — Input feature

b — Bias

In the training of model,regression model based on Transformer architecture learns to recognize the relationship
between the project characteristics and the associated project development costs. Gradient-based optimization
methods are employed update parameters of model to minimize loss associated with predictions. In addition,
validation set is employed to fine-tune parameters of model to avoid overfitting during training of the model. The GA
assists in the optimization of the model to ensure the utilization of the most important project characteristics. Finally,
performance of proposed framework is assessed by utilizing the testing dataset to evaluate its capability in terms of
prediction. The MAE, RMSE, and MMRE are utilized to evaluate the precision and reliability of the estimated
software development costs. Results obtained from proposed Transformer-GA approach are compared with
conventional software development estimation techniques and traditional machine learning models. The result of the
performance comparison shows that the proposed approach is better in terms of precision and generality compared to
the traditional approaches in software development.

4. RESULT ANALYSIS

The experimental result shows the feasibility of the proposed framework of Al-enabled software cost estimation
with the integration of a Transformer Regression Model and a GA for feature optimization. The Transformer
Regression Model was trained and tested on various benchmark data sets, and a real-time data set of an industrial
software development project. The proposed framework aims to develop an effective software development cost
estimation system by learning the complex relationships between software development attributes and cost factors. The
Transformer Regression Model learned the non-linear relationships between various software development attributes,
including project size, function points, productivity index, and system complexity, effectively in the training phase.
The integration of the GA with the Transformer Regression Model optimized the features and achieved better
performance in software development cost estimation by selecting the most appropriate cost factors from the data set.
The optimization of features minimized the dimensionality of the input space and achieved faster convergence of the
model in the training phase.
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Fig.3. Training Loss Curve

Fig.3. Training loss curve showing the convergence behaviour of the proposed transformer regression model.
Ilustration of decreasing loss values to ensure stable learning and high model performance. Performance of proposed
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model was assessed in terms of commonly used metrics for evaluating the performance of a regression model,
including MAE, RMSE, and MMRE. Lower values of these metrics indicate that the reliability of the predictions and
estimates is high. The experimental results indicate that the proposed Transformer and GA framework provides lower
values of prediction errors compared to traditional cost estimation models.
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Fig.4. Actual Vs Predicted Cost

Fig.4. Comparison between actual software development cost and predicted values using the proposed model.
[lustration of prediction accuracy and high correlation between estimated and actual project costs. Moreover,a
comparative analysis carries out assess efficiency of suggested model comparison to other traditional cost estimation
models. In traditional models like algorithmic models and regression models, the complex relationship between project
attributes is not effectively handled. However, the suggested framework effectively handles the complex relationship
between project attributes using the attention mechanism of the transformer model. The GA also enhances the
suggested model by identifying the most important project attributes that contribute significantly to the prediction of
costs.
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Fig.5. Histogram showing the distribution of prediction errors between actual and estimated project costs in
software development.Most of the error values are close to zero, ensuring reliable and consistent cost estimation. The
analysis of prediction error also proves the efficiency and adaptability of suggested model compares other models.
Suggested model is able to perform effectively on different software project attributes due to its use of the attention
mechanism of transformer model. Attention mechanism helps model to focus on most important attributes and ignore
other less important attributes while making predictions. This proves the adaptability of the suggested model to real-
world software development scenarios where project attributes vary significantly.
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Fig.6. Performance Comparison

Fig. 6. Comparison of Performance for GA, Transformer Model, and Hybrid Framework. MAE, RMSE, MMRE
for evaluating the performance and accuracy of the proposed framework.Based on experimental results, it can
concluded that integration of proposed Transformer regression model with the GA optimization method is a reliable
solution to software cost estimation problems. The proposed framework has the potential to provide better accuracy
in software estimation, reduce errors in the estimation process, and increase generalization ability of model compared
to traditional methods of software estimation.
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Fig. 7. Confusion Matrix for evaluating classification performance of proposed framework for predicting cost
category for software projects. Low Cost/ High Cost Software Projects. A detailed analysis of the training process for
the model reveals that the regression model based on the Transformer algorithm has successfully converged in the
learning phase. This can be observed from training and validation loss curves provided in training process, where the
loss gradually decreases as the number of epochs increases in training process. This demonstrates that model has
learned the relationships between the input project attributes and the development cost of the software product
effectively. The lack of significant changes in the validation curve also reveals that the model has learned the
relationships effectively without any overfitting issues in the training process. This stability in the training process
ensures the reliability of the proposed prediction framework.The feature selection process carried out using the GA
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has also contributed significantly towards the improvement in the efficiency of the proposed model. By analyzing the
feature sets selected using the algorithm, it has been observed that the most influencing factors for the cost of the
software product include the size of the project, function points, productivity index, and system complexities.

TABLE I. Performance metrix

Model MAE RMSE MMRE Accuracy
GA 9.84 12.76 0.21 79.0
Transformer Regression Model 7.63 10.42 0.16 84.0
Proposed Hybrid model 491 6.85 0.08 92.0

TABLE 1. Comparison of Evaluation Metrics for Various Software Cost Estimation Models. MAE, RMSE,
MMRE, and Accuracy for the proposed framework.The removal of less relevant attributes also reduced noise in the
data set, which further helped to improve the learning potential of the Transformer model. This optimization technique
has enabled the model to concentrate more on the relevant attributes that influence software development costs. The
effectiveness of the proposed framework is also proved by the confusion and error distribution analysis. The error
distribution histogram also proves that a greater number of errors are occurring within a small range. This means that
the software costs predicted by the model are closely related to actual software development costs. The lesser range
of error distribution also proves the consistency of the proposed model.
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Fig. 8. Correlation Matrix

Fig. 8. Correlation Matrix for understanding various attributes for Software Projects. Helpful in understanding
various factors affecting Software Development Cost Estimation. Besides, correlation analysis of project attributes
showed a high degree of correlation between some attributes and the final development costs. Attributes such as project
size in KLOC, function points, and team productivity index showed a higher degree of correlation with the predicted
effort values. This is a clear indicator of the importance of integrating these variables into the prediction model. The
use of the Transformer attention mechanism also helps in the learning process by assigning importance to the key
attributes. Thus, it is clear that the experimental study is a clear validation of the performance benefits of the proposed
Al-enabled framework for software cost estimation. The hybrid approach of using deep learning with the Transformer
model and GA optimization helps in better feature selection, prediction, and reduction of estimation error. It is clear
that the proposed model is a reliable solution for intelligent software cost prediction, which can be useful for software
development organizations.
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5. CONCLUSION

The proposed study had presented a novel Al-based software cost estimation framework that utilized a
Transformer regression model and a GA metaheuristic optimization method to improve the precision and reliability
of software cost estimation. The GA method was utilized to optimize feature selection and eliminate redundant project
attributes. The Transformer regression model was utilized to effectively capture complex nonlinear relationships
between software project variables. A total of 7,000 samples were utilized to train the dataset, while 1,500 samples
were utilized to validate and test the dataset using a 70:15:15 split ratio. The result of the experiment had shown that
the proposed hybrid method greatly improved software cost estimation performance. The values of MAE, RMSE, and
MMRE for the proposed model are significantly low at 4.91, 6.85, and 0.08, respectively. From comparative analysis,
it is clear that the proposed GA Optimized model using the Transformer achieved an overall accuracy in prediction of
about 92%, which is higher compared to the GA model's overall accuracy in prediction of about 79% and the overall
accuracy in prediction using the Transformer Regression model of about 84%. This indicates an increase in the
estimation accuracy by about 8-13%. This is also an indication that there is a significant reduction in the overall
prediction error. This indicates that the proposed model for integrating meta-heuristic optimization with deep learning
is an efficient solution for cost estimation in software. The proposed model for integrating meta-heuristic optimization
with deep learning can be improved in the future by incorporating additional datasets and using advanced deep learning
techniques.
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