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Abstract

Accurate software effort estimation is crucial for the success of agile software development
projects, aiding in effective planning and resource allocation. This study presents a comparative
analysis of various machine learning models — including Linear Regression, Decision Trees,
Support Vector Machines, Random Forest, and Neural Networks — for predicting software
development effort in agile environments. The models are evaluated based on key performance
metrics such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-
squared (R?) values. The research utilizes a dataset comprising historical agile project data,
capturing key features like story points, team velocity, and sprint durations. The findings
highlight the strengths and limitations of each model, with Random Forest and Neural
Networks demonstrating superior predictive accuracy compared to traditional models. This
analysis provides actionable insights for project managers and practitioners, guiding the
selection of optimal machine learning techniques for reliable effort estimation in agile software
development.

Keywords: Agile software development, Effort estimation, Machine learning models,

Comparative analysis, Linear Regression, Decision Trees.

Introduction
Accurate software effort estimation plays a pivotal role in the success of software development
projects, particularly in agile environments where flexibility and iterative progress are key.
Effort estimation refers to predicting the amount of time, resources, and workforce required to
complete a project or a specific task within a project. Unlike traditional software development
methodologies, agile frameworks — such as Scrum, Kanban, and Extreme Programming (XP)
— emphasize adaptability, continuous feedback, and incremental development, making effort
estimation more complex and dynamic.
In agile settings, conventional estimation techniques like expert judgment, analogy-based
estimation, and planning poker often fall short due to their reliance on human intuition and
experience. Consequently, there has been growing interest in leveraging machine learning
(ML) models to enhance the accuracy and objectivity of effort predictions. Machine learning
models can uncover hidden patterns in historical project data, learn from previous estimations,
and provide data-driven predictions, reducing bias and improving reliability.
This study aims to conduct a comparative analysis of various machine learning algorithms —
including Linear Regression, Decision Trees, Support Vector Machines (SVM), Random
Forest, and Neural Networks — for agile software effort estimation. By evaluating these
models on performance metrics such as Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and R-squared (R?) values, the research seeks to identify the most effective
techniques for predicting development effort.
The key contributions of this paper are as follows:
e Comprehensive Model Evaluation: A detailed comparison of multiple machine learning

models tailored to agile effort estimation.
o Real-world Data Analysis: The use of historical agile project data, incorporating features

like story points, team velocity, and sprint durations.

e Actionable Insights: Practical recommendations for project managers on selecting

appropriate ML models for accurate effort estimation.
Methodology
This section outlines the methodology employed for the comparative analysis of machine
learning models for agile software effort estimation. It covers data collection, preprocessing,

model selection, and performance evaluation.
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Data Collection
The dataset used in this study comprises historical data from agile software development
projects. The data includes project-specific features known to influence effort estimation, such

as:

Story Points: A measure of the complexity and size of user stories.

Team Velocity: The amount of work a team can complete during a sprint.

Sprint Duration: The length of each sprint, usually in weeks.

Number of Developers: The size of the development team.

Actual Effort (Hours/Days): The recorded effort expended for each task or project.

The dataset was gathered from publicly available agile project repositories and supplemented
by industry-sourced data where possible.

Data Preprocessing

Prior to model training, the raw data underwent several preprocessing steps:

Handling Missing Data: Rows with missing values were either removed or imputed using
median values.

Normalization: Continuous features were normalized using Min-Max scaling to ensure
comparability across models.

Encoding Categorical Variables: Categorical features, such as project type, were encoded
using one-hot encoding.

Feature Selection: Correlation analysis was performed to identify and retain the most
relevant predictors for effort estimation.

Data Splitting: The dataset was divided into training (70%) and testing (30%) sets using
random sampling to ensure unbiased evaluation.

Model Selection
Five machine learning models were selected for comparative analysis due to their effectiveness
in regression tasks:

Linear Regression (LR): A simple yet interpretable model for baseline comparison.
Decision Trees (DT): Capable of capturing non-linear relationships between features.
Support Vector Machines (SVM): Effective for high-dimensional data and non-linear
mappings.

Random Forest (RF): An ensemble model that reduces overfitting by averaging multiple
decision trees.

Neural Networks (NN): Suitable for complex patterns and large datasets, with multiple
hidden layers for feature learning.

Each model was implemented using Python’s Scikit-learn library, with hyperparameters
optimized through grid search and cross-validation.

Results

This section presents the results of the comparative analysis of machine learning models for
agile software effort estimation. The performance of each model was evaluated using three key
metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-squared (R?).
Model Performance Overview

The table below summarizes the performance metrics for each model:

| Model IMAE (hours)|RMSE (hours)||R? Score|
\ Linear Regression H 12.45 H 15.67 H 0.68 \
| Decision Tree | 1032 | 1321 | 074 |
Support Vector Machine (SVM)| 987 | 1288 | 076 |
| Random Forest | 814 | 1093 | o082 |
\ Neural Network H 7.56 H 10.21 H 0.85 \
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Analysis of Results

Neural Network (NN): The Neural Network model outperformed all other models, achieving

the lowest MAE (7.56 hours) and RMSE (10.21 hours), along with the highest R2 score (0.85).

This suggests that Neural Networks were able to capture complex, non-linear relationships

between project features and effort estimation.

e Random Forest (RF): Closely following NN, the Random Forest model also demonstrated strong
predictive accuracy, with an R? score of 0.82. The ensemble learning approach effectively reduced
overfitting and improved generalization.

e Support Vector Machine (SVM): SVM showed competitive performance, outperforming simpler
models like Linear Regression and Decision Trees, with an R2 score of 0.76.

e Decision Tree (DT): While Decision Trees captured some non-linearity, they were more prone to
overfitting, leading to moderate performance (R? = 0.74).

o Linear Regression (LR): As expected, Linear Regression produced the weakest results (R? = 0.68),
highlighting its limitations in modeling the complex relationships inherent in agile project data.

Discussion

The results clearly indicate that more sophisticated models — particularly Neural Networks

and Random Forest — provide better effort estimation accuracy compared to traditional

models. The superior performance of these models can be attributed to their ability to:
o Handle non-linearity: Agile projects often exhibit non-linear relationships between variables like
story points and effort, which linear models fail to capture.
o Leverage feature interactions: Ensemble methods like Random Forest account for interactions
between features, improving predictive power.
e Adapt to complex patterns: Neural Networks learn abstract representations, allowing them to
identify hidden correlations in the data.
Conclusion
This study conducted a comparative analysis of machine learning models for agile software
effort estimation, evaluating five models — Linear Regression, Decision Tree, Support Vector
Machine (SVM), Random Forest, and Neural Network — based on key performance metrics
such as MAE, RMSE, and R? scores. The results revealed that advanced models like Neural
Networks and Random Forest outperformed traditional methods, demonstrating their ability to
capture the non-linear relationships and complex interactions inherent in agile project data.
Specifically:
Recommendations
Based on the findings, it is recommended that agile teams adopt advanced machine learning
models, particularly Neural Networks and Random Forest, for effort estimation to enhance
accuracy and reduce bias. Project managers should integrate these models into their workflows,
using historical project data to train and refine predictions. Additionally, investing in user-
friendly tools that embed these algorithms can support real-time decision-making. Future
efforts should also focus on combining multiple models and expanding feature sets to further
improve estimation reliability.
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