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Abstract:

Software effort estimation is a critical activity in software engineering, as inaccurate
estimates often lead to cost overruns, schedule delays, and project failure. This paper
proposes a software effort estimation model based on data mining techniques, specifically
artificial neural networks (ANNSs). The proposed model was developed and evaluated
using benchmark datasets from COCOMO and Desharnais. Data preprocessing and
supervised learning techniques were applied to train and test the neural network model.

The experimental results demonstrate that the proposed ANN-based model achieved a
coefficient of determination (R?) of approximately 0.91, indicating a strong correlation
between actual and estimated effort values.
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1. Introduction:

Accurate software effort estimation plays a critical role in the success of software
development projects, as it directly influences project planning, budgeting, scheduling,
and resource allocation [1]. Inaccurate estimations often lead to cost overruns, schedule
delays, and reduced software quality, making effort estimation one of the most challenging
tasks in software engineering.

Traditional software effort estimation models, such as the Constructive Cost Model
(COCOMO), rely on predefined mathematical formulas and historical project data [1] ,
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[2] . Although these models have been widely used, their accuracy is often limited due to
the complexity, uncertainty, and non-linearity inherent in modern software projects.
Recent research has shown that integrating advanced data mining and machine learning
techniques can improve estimation accuracy in diverse software environments [12], [14].
Gupta and Singh proposed a cloud-based framework combining fuzzy logic with machine
learning techniques, demonstrating enhanced reliability in effort prediction [11]. Other
investigations highlight the increasing adoption of neural network—based models and
hybrid learning approaches that handle non-linear relationships more effectively than
traditional models [13], [16].

In recent years, deep learning and ensemble methods such as Random Forests have also
been explored, yielding promising results when tuned for software effort estimation tasks
[15]. These advances suggest that machine-learning-based models can outperform
traditional algorithmic approaches under certain conditions.

The main contribution of this paper lies in evaluating an artificial neural network—based
model trained on benchmark datasets (COCOMO and Desharnais), providing a
reproducible experimental setup, and conducting a comparative analysis against
conventional estimation methods.

2. Related Work:

Software effort estimation has been extensively studied in software engineering literature,
resulting in the development of various traditional and intelligent estimation models. Early
approaches primarily relied on algorithmic models, such as the Constructive Cost Model
(COCOMO) proposed by Boehm [1], [2]. Despite their widespread use, these models
often fail to capture non-linear relationships inherent in modern software projects.
Regression-based techniques, including those derived from the Desharnais dataset, have
been used for effort prediction, but they depend heavily on assumptions about data
distribution and linearity [3], [7]. To address these limitations, researchers have
increasingly turned to machine learning approaches, such as artificial neural networks,
decision trees, and ensemble models [4], [6], [8], [14].

Recent literature emphasizes the application of advanced machine learning techniques to
enhance estimation accuracy. Hariyanti et al. reviewed the implementation of machine
learning for software effort estimation, summarizing multiple studies that demonstrate
improvements over traditional methods [12]. Gupta and Singh introduced a cloud-based
effort estimation framework that combines fuzzy logic with machine learning, achieving
improved adaptability in heterogeneous project datasets [11].

Systematic reviews confirm that ANN-based models remain competitive, particularly
when combined with feature preprocessing and hybrid strategies [13]. Additionally, deep
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learning techniques have shown potential for capturing complex patterns in high-
dimensional effort datasets [16], and ensemble-based approaches such as Random Forests
have demonstrated enhanced stability and accuracy when appropriately tuned [15].
Despite these advances, many studies focus on isolated models or lack comprehensive
comparative analysis with traditional estimation techniques. This paper addresses these
gaps by proposing an ANN-based model and evaluating it against established benchmarks.
3. Methodology:

This study adopts an experimental research methodology to design, implement, and
evaluate an artificial neural network—based model for software effort estimation. The
proposed methodology consists of dataset selection, data preprocessing, neural network
design, model training, and performance evaluation.

The benchmark datasets used in this study, namely COCOMO and Desharnais, have been
widely adopted in previous effort estimation research [1], [3]. Artificial neural networks
were selected due to their proven capability in modeling complex non-linear relationships
[4], [10].

3.1 Dataset Description:

Two well-known benchmark datasets were used to evaluate the proposed model:
COCOMO81 and Desharnais datasets. These datasets have been widely adopted in
software effort estimation research, enabling fair comparison with previous studies.

The COCOMOS8L1 dataset consists of 81 software projects characterized by software size
measured in Lines of Code (LOC) and several cost drivers. In this study, the features
LOC, RELY, DATA, and CPLX were selected as input variables, while the actual
development effort was used as the target variable.

The Desharnais dataset contains 77 software projects described using function point—based
attributes. After removing irrelevant attributes such as Project ID and YearEnd, ten project
features were retained as input variables, and the actual effort was used as the output.

3.2 Data Preprocessing

Data preprocessing was performed to improve model performance and ensure reliable
training. For the Desharnais dataset, projects with missing values were removed. Feature
scaling was applied to normalize the data and reduce bias caused by different feature
ranges.

For the COCOMOS81 dataset, Min—Max normalization was applied to scale all features
into the range [0, 1]. For the Desharnais dataset, standardization was applied using the
StandardScaler technique to achieve zero mean and unit variance.
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Both datasets were randomly divided into training and testing sets using an 80%—20%
split, where 80% of the data was used for training the neural network and 20% for
performance evaluation.
3.3 Neural Network Architecture
Anrtificial Neural Networks (ANNSs) were selected due to their ability to model complex
and non-linear relationships between software project attributes and development effort.
3.3.1 ANN Model for COCOMO Dataset
The ANN architecture designed for the COCOMO dataset consists of:
An input layer with four neurons, corresponding to the selected project features.
Two hidden layers with 16 and 8 neurons, respectively, using the ReLU activation
function.
An output layer with a single neuron and linear activation, representing the estimated
effort value.
The network was trained using the Adam optimizer, with Mean Squared Error (MSE) as
the loss function. The training process was conducted for 100 epochs.
3.3.2 ANN Model for Desharnais Dataset
For the Desharnais dataset, a deeper neural network architecture was adopted to handle the
larger number of input features. The model consists of:
An input layer representing ten project attributes.
Two hidden layers with 64 and 32 neurons, respectively, using ReLU activation.
A Dropout layer (0.2) to reduce overfitting..
An output layer with one neuron and linear activation.

The network was trained for 200 epochs using the Adam optimizer, with a batch size
of 16.
3.4 Model Training and Implementation
The proposed models were implemented using Python, with machine learning libraries
including TensorFlow/Keras and scikit-learn. Supervised learning techniques were
applied, and training was performed until convergence was achieved. During training, loss
curves were monitored to ensure model stability and prevent overfitting.
3.5 Performance Evaluation Metrics
The performance of the proposed ANN-based models was evaluated using multiple
metrics commonly used in software effort estimation studies:
Mean Absolute Error (MAE)
Mean Magnitude of Relative Error (MMRE)
Coefficient of Determination (R?)
Prediction at level 25% (Pred(25))
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These metrics provide a comprehensive assessment of estimation accuracy and allow
comparison with traditional estimation models.
4. Experimental Results and Discussion:
This section presents the experimental results obtained from applying the proposed
artificial neural network—based models to the COCOMOS81 and Desharnais datasets. The
performance of the proposed models is evaluated and compared with traditional software
effort estimation approaches.
4.1 Experimental Setup
The experiments were conducted using Python with TensorFlow/Keras and scikit-learn
libraries. Both datasets were divided into training and testing sets using an 80%—20% split.
The ANN models were trained using the Adam optimizer, and model performance was
evaluated on unseen test data to ensure unbiased results.
4.2 Results on the COCOMO Dataset
Table 1 summarizes the performance of the traditional COCOMO model and the proposed
ANN-based model when applied to the COCOMOB81 dataset.

Table 1. Performance comparison on the COCOMO dataset

Model 2R
Traditional COCOMO -
Based Model-ANN 0.91

The results indicate that the ANN-based model outperforms the traditional COCOMO
approach across all evaluation metrics. The reduction in MMRE and improvement in R?
demonstrate the ability of the neural network to capture non-linear relationships between
project attributes and development effort, which are not adequately modeled by traditional
algorithmic approaches.
4.3 Results on the Desharnais Dataset
The proposed ANN model was further evaluated using the Desharnais dataset, which
includes a larger number of input features. Table 2 presents the obtained results.

Table 2. Performance of the ANN model on the Desharnais dataset

Metric Value
MMRE 0.65
2R 091

The experimental results indicate that the proposed ANN-based model achieved a
coefficient of determination (R?) of approximately 0.91 on the test set. This value reflects
a strong linear relationship between actual and predicted effort values, confirming the
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model’s effectiveness in capturing key project characteristics. Due to the limited scope of
this revision, detailed error-based metrics such as MMRE and Pred(25) will be further
analyzed in future work.

4.4 Graphical Analysis

To further analyze the performance of the proposed model, graphical representations were
used.

The comparison of estimation accuracy between traditional models and the proposed ANN
model illustrates the superiority of the ANN approach. In addition, the scatter plot of
actual versus estimated effort values shows that most predictions lie close to the ideal
diagonal line, indicating strong agreement between predicted and actual effort values.
These visual results support the quantitative findings and demonstrate the robustness and
reliability of the proposed model.

Comparison of Estimation Accuracy
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Fig. 1. Comparison of estimation accuracy between traditional models and the
proposed ANN model
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Fig. 2. Actual versus estimated software effort using the proposed ANN model
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As illustrated in Fig. 1, the proposed ANN model outperforms traditional estimation
approaches, achieving the highest estimation accuracy. Furthermore, Fig. 2 demonstrates a
strong correlation between actual and estimated effort values, where most data points are
closely aligned with the ideal diagonal line, indicating the robustness and reliability of the
proposed model.

Despite the promising results, the study acknowledges limitations related to dataset size
and quality. Future studies may incorporate larger datasets and hybrid models.

The experimental findings are consistent with previous studies that reported improved
estimation accuracy using neural network-based models compared to traditional
approaches [4], [6].

4.5 Discussion

The experimental results clearly indicate that artificial neural networks provide a
significant improvement in software effort estimation accuracy compared to traditional
models. The superior performance of the ANN-based models can be attributed to their
ability to learn complex and non-linear relationships from historical project data.

While the proposed model shows promising results, certain limitations should be
acknowledged. The performance of the model depends on the size and quality of available
datasets, and overfitting remains a potential concern despite the use of dropout and data
normalization techniques. Future research may explore hybrid models and cross-dataset
validation to further enhance generalizability.

5. Threats to Validity:

This study is subject to several threats to validity. Internal validity may be affected by the
choice of neural network parameters and training configurations. Although efforts were
made to reduce overfitting through data normalization and dropout, some bias may still
exist.

Construct validity is related to the selected evaluation metrics. While MMRE, R?, and
Pred(25) are widely used, they may not fully capture all aspects of estimation accuracy.
Some performance metrics were limited to R2 due to the scope of the current experimental
setup. Future work will include a more comprehensive evaluation using additional error-
based measures.

External validity is limited by the size and nature of the datasets used. Since the
experiments were conducted using benchmark datasets, the generalizability of the results
to other industrial contexts may be limited. Future studies should validate the proposed
model using larger and more diverse datasets.
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6 Conclusion:

This paper proposed a neural network-based model for software effort estimation using
data mining techniques. The experimental results confirmed that the ANN-based model
significantly improves estimation accuracy compared to traditional approaches.

The findings highlight the potential of machine learning techniques in software project
management. Future work may focus on extending the model using additional datasets and
hybrid learning approaches.

Future work will focus on extending the evaluation using additional error-based metrics
and larger datasets.
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