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Adopting artificial intelligence (Al) and machine learning (ML) in software development processes
presents an opportunity to systematically assess improvements in efficiency, accuracy, and project
management. However, evaluating these technologies requires structured assessment models
rather than generalized claims. This study utilizes a Kaggle dataset and applies linear regression,
random forest classifiers, and K-means clustering to examine the impact of Al tools within Agile
frameworks. The analysis reveals that Al tools enhance decision-making, productivity, and
resource allocation in Agile environments. The linear regression model predicts willingness to
adopt Al tools based on key variables, while the random forest classifier achieves high precision
and recall in distinguishing Al tool users. Additionally, K-means clustering uncovers distinct
adoption patterns among various roles, offering further insights into how Al adoption varies within
Agile teams. Rather than assuming Al and ML’s impact, this study systematically evaluates their
role in software development efficiency, providing a structured evaluation beneficial to both
researchers and practitioners. While the findings highlight Al's potential for optimizing Agile
processes, they are constrained by the dataset’s scope. Future research should incorporate real-
world industry validation and broader datasets to further substantiate Al's effectiveness in Agile
frameworks. This research contributes to the ongoing discourse on Al and ML adoption in software
development, advocating for data-driven approaches in achieving scalable, efficient, and reliable

software development processes.
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I. INTRODUCTION

Integrating artificial intelligence (Al) and machine learning
(ML) into software development has significantly enhanced
efficiency, accuracy, and project management processes [1].
However, despite these advancements, the ability to fully
assess Al and ML’s actual impact remains a challenge,
particularly in precisely predicting software development
outcomes. Reliable prediction models are crucial for effective
management and resource allocation, yet existing research
often lacks structured assessment models that evaluate Al’s
impact in real-world Agile environments.

Several studies have examined Al and ML applications in
software development. [2] highlights the growing demand for
new methodologies in machine learning-driven software
engineering, while [3] demonstrate Al’s effectiveness in
automating bug triaging processes. Additionally, [4] and [5]
validate artificial neural networks (ANNs) for effort
estimation, reinforcing AI’s potential in resource planning.

[6] explores the complexities of continuous, while [7]
emphasizes AI’s role in enhancing organizational
performance. Although these studies demonstrate Al’s
capabilities, they do not comprehensively assess the impact
of Al adoption in Agile frameworks or provide structured
models to evaluate its effects across different roles and
processes.

To address this gap, this study utilizes a dataset from
Kaggle and applies data mining, linear regression, random
forest classifiers, and clustering techniques to assess Al tools’
influence on Agile software development. The objective is to
evaluate Al’s role in key areas such as effort estimation, fault
prediction, and project management efficiency. By providing
a structured assessment framework, this research aims to
offer actionable insights for both academic researchers and
software development practitioners, enabling them to make
data-driven decisions about Al integration. Ultimately, this
study contributes to the growing discourse on AI’s role in
Agile frameworks, advocating for structured, evidence-based
assessments to guide industry adoption and future research.
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Il. CONCEPTUAL FRAMEWORK OF THE STUDY

Table 1
Impact of Al and ML on Software Development

Independent Dependent Variable Expected
Variable outcome
Artificial Time savings and reduced  Enhanced process

Intelligence (Al)  development cycle automation,

Tools leading to reduced
Defect reduction and time-to-market

Machine software quality

Learning (ML) improvements Higher accuracy in

Techniques software
Optimized resource development
allocation and team estimations

productivity

Table 1 presents the causal paradigm of this study,
focusing on assessing the impact of Artificial Intelligence
(Al) tools and Machine Learning (ML) techniques on
software development efficiency. The independent variables
include:

o Artificial Intelligence (Al) Tools — Analyzing the role
of Al-based automation in software development
processes, specifically in process automation, defect
detection, and productivity enhancement. The study
examines how Al tools reduce manual effort,
accelerate development cycles, and minimize errors in
Agile workflows.

e Machine Learning (ML) Techniques — Assessing the
predictive capabilities of ML models in effort
estimation, fault prediction, and resource allocation.
The study evaluates how ML-driven insights support
better decision-making in Agile development.

The dependent variable is software development

efficiency, measured through:

e Time savings and reduced development cycles —
Evaluating how Al and ML reduce the time required
for coding, testing, and deployment.

o Defect reduction and software quality improvements
— Assessing how Al-driven automation and ML-based
predictions enhance software reliability.

e Optimized resource allocation and team productivity
— Investigating the effectiveness of ML models in
predicting resource needs, leading to improved team
efficiency.

The expected outcomes of Al and ML adoption include:

e Enhanced process automation, resulting in a faster
time-to-market for Agile software development
projects.

e Higher accuracy in software development estimations,
leading to improved sprint planning and resource
allocation.

e Optimized resource management, ensuring that Agile
teams maximize efficiency and minimize waste.

By analyzing these variables, this study provides a
structured assessment of Al and ML adoption, helping
organizations evaluate the benefits and limitations of
integrating Al-driven tools in Agile software development
environments. The findings contribute to data-driven
decision-making for business leaders, software development
teams, and Al researchers, offering insights into the practical
implications of Al and ML in Agile frameworks.
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1. METHODOLOGY

This study adopts a structured data-driven assessment
approach to evaluate the impact of Al and ML adoption in
Agile software development. The methodology follows a
systematic process “The Knowledge Discovery in Databases
Process” figure 1.

A. Data Selection
The dataset is sourced from Kaggle
(https://www.kaggle.com/datasets/akshaysripriya/impact-of-
Al-tools-in-agile-software-development), comprising survey
responses from software development professionals
regarding Al tools' integration within Agile frameworks. The
dataset includes key variables such as:
e Current role (e.g., Developer, Project Manager, QA
Engineer)
o Familiarity with Agile Frameworks (e.g., Not
Familiar, Somewhat Familiar, Very Familiar)
e Familiarity with Al Tools (e.g., Not Familiar,
Somewhat Familiar, Very Familiar)
e Al Tool Usage (Yes/No)
e Al Tool Types (e.g., NLP, ML algorithms, Chatbots)
e Perceived Benefits (e.g., Improved Decision-Making,
Enhanced Product Quality)
e Challenges (e.g., Integration Complexity, Lack of
Expertise)
o Willingness to Adopt Al (Scale of 1 to 5)
This dataset provides a foundation for assessing Al and
ML adoption levels, perceived impact, and challenges in
Agile software development.

B. Data Preprocessing

To ensure data accuracy and reliability, the dataset

undergoes cleaning and preprocessing, including:

e Handling Missing Values — Removing or imputing
missing responses to maintain data integrity.

o Feature Selection — Identifying relevant variables that
impact Al adoption.

e Categorical Encoding — Converting categorical
responses into numerical representations to facilitate
model training.

e Normalization — Standardizing variables to ensure
consistent model performance.

These preprocessing steps improve the dataset’s quality,

enabling more accurate assessments of Al and ML adoption
patterns.

C. Data Transformation

Minimal transformation is required, as the dataset is
already structured. However, categorical data undergoes
encoding to ensure compatibility with machine learning
models. This transformation step prepares the data for
advanced analytics.

D. Data Mining and Analysis

This study employs multiple machine learning models to

assess Al and ML adoption trends:

e Linear Regression — Evaluates factors influencing
willingness to adopt Al tools by analyzing
relationships between key variables.

o Random Forest Classifiers — Classifies respondents
based on Al tool usage, predicting adoption likelihood
with high precision and recall.


https://www.kaggle.com/datasets/akshaysripriya/impact-of-AI-tools-in-agile-software-development
https://www.kaggle.com/datasets/akshaysripriya/impact-of-AI-tools-in-agile-software-development
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e K-Means Clustering — Segments respondents into
distinct adoption groups based on their current roles,
familiarity, and willingness to adopt Al.

e Exploratory Data Analysis (EDA) — Identifies trends,
correlations, and patterns in Al adoption behavior
within Agile software development.

Each model was carefully chosen to ensure a

comprehensive assessment of Al adoption and its impact on
Agile frameworks.

E. Interpretation and Evaluation

The final stage involves analyzing the impact of Al and ML
on software development efficiency using key performance
indicators (KPIs):

e Time Savings and Development Cycle Reduction —
Evaluating AI’s role in accelerating coding, testing,
and deployment.

o Defect Reduction and Software Quality — Measuring
improvements in bug detection and software
reliability.

e Optimized Resource Allocation and Productivity —
Assessing ML'’s effectiveness in predicting workload
distribution and improving team efficiency.

The structured assessment of these metrics provides
actionable insights for researchers and industry professionals,
enabling a data-driven evaluation of AI’s real-world impact
in Agile software development.

o

Figure 1. The Knowledge Discovery in Databases (KDD) Process

IV. RESULTS AND DISCUSSION

A. Results and Findings

To assess the willingness to adopt Al tools, linear
regression was applied, as depicted in Figure 2. The scatter
plot comparing actual vs. predicted willingness demonstrates
a clear linear relationship, further validated by the red
regression line. This indicates that the selected predictors—
such as familiarity with Al tools and perceived benefits—are
strong indicators of Al adoption likelihood within Agile
frameworks. These results align with prior research
highlighting the predictive accuracy of machine learning
models in software development [2][8][13]. The findings
confirm that Al adoption trends can be effectively assessed
using quantitative models, aiding organizations in forecasting
Al tool acceptance across development teams.

Table 2 presents the results of the Random Forest
Classifier, which distinguishes Al tool users from non-users
with perfect precision, recall, and Fl-score (1.00). The
classifier's high accuracy suggests that the selected features
provide a strong basis for differentiating Al tool users,
indicating clear adoption patterns. However, achieving a
perfect classification score raises the possibility of
overfitting, potentially due to limited data variability in the
Kaggle dataset. Despite this, the results strongly support prior
findings that machine learning models are effective in Al
adoption classification tasks [9][10][14][15]. Future studies

should validate this model’s generalizability by applying it to

Linear Regression: Actual vs Predicted
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more diverse, real-world datasets.

Figure 2. Predicting the willingness to adopt Al tools

Table 2
Precision Recall Fl-score  Support
Non-Users (0) 1.00 1.00 1.00 13
Users (1) 1.00 1.00 1.00 43
Accuracy 1.00 56
Macro avg 1.00 1.00 1.00 56
Weighted avg 1.00 1.00 1.00 56

K-Means Clustering
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The K-means clustering analysis (Figure 3) reveals
distinct Al adoption patterns among respondents. Three key
clusters emerged:

e Cluster 0 (Moderate Adoption Group - Purple) —
Respondents with some familiarity with Al tools but
limited adoption experience. This group indicates
potential Al adopters who may require additional
training before fully integrating Al tools.

» Cluster 1 (Low Adoption Group - Teal) — Respondents
with low willingness to adopt Al tools. This cluster
suggests that perceived barriers such as a lack of
expertise or integration complexity, may hinder Al
adoption.

e Cluster 2 (High Adoption Group - Yellow) -
Respondents already using Al tools in Agile
development, demonstrating higher familiarity and
positive perceptions of Al benefits.

These findings confirm that Al adoption is not uniform
across Agile teams, and targeted training initiatives may be
necessary to increase adoption rates. Similar patterns have
been observed in prior studies linking Al capabilities to
organizational  performance  [7][11][12][16][17]. By
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understanding these adoption clusters, organizations can
design tailored strategies to improve Al integration efforts
and maximize project outcomes [18][19][20].

B.  Limitations and Future Research
While this study provides valuable insights into Al and
ML adoption in Agile software development, several
limitations must be acknowledged:

» Dataset Limitations — The Kaggle dataset may not
fully capture industry-wide trends, as it is based on
self-reported survey data rather than observed Al
adoption behaviors.

« Potential Overfitting in Classification Models — The
perfect classification scores in the Random Forest
model suggest that the dataset may lack variability or
may not be generalizable to diverse software
development environments.

» Lack of Longitudinal Data — The study evaluates Al
adoption at a single point in time, limiting the ability
to assess long-term Al adoption trends.

To enhance the generalizability of these findings, future

research should:

1. Expand Data Collection — Incorporate real-world Al
adoption data from multiple industries to strengthen
the model’s applicability.

2. Apply More Advanced ML Techniques — Explore
ensemble learning and deep learning models to
improve prediction accuracy.

3. Conduct Longitudinal Studies — Analyze how Al
adoption evolves over time in Agile software teams.

V. CONCLUSION

This study assesses the impact of Al and ML adoption on
software development efficiency using a structured
evaluation framework based on Kaggle survey data. By
employing machine learning techniques—including Random
Forest, Linear Regression, and K-Means Clustering—this
research identifies key adoption patterns and examines AI’s
role in effort estimation, decision-making, and resource
allocation within Agile frameworks.

The Random Forest model effectively classifies Al tool
users, achieving high precision and recall, demonstrating Al’s
ability to distinguish between adopters and non-adopters. The
Linear Regression model establishes a predictive relationship
between key adoption factors and Al usage, reinforcing Al’s
significance in effort estimation and project planning.
Meanwhile, K-Means Clustering identifies distinct adoption
trends among software development roles, providing insights
into how Al adoption varies across Agile teams.

These findings contribute to a structured assessment of Al
integration, offering valuable insights for academic
researchers, industry practitioners, and technology decision-
makers. The results highlight AI’s potential to optimize Agile
processes, but also emphasize the need for further validation.
Given the dataset’s self-reported nature and limited industry
scope, future research should:

1. Expand Data Collection — Incorporate real-world Al
adoption data from multiple industries for broader
applicability.

2. Apply More Advanced ML Techniques — Utilize
ensemble learning or deep learning to refine Al
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adoption prediction models.
3. Conduct Longitudinal Studies — Analyze how Al
adoption evolves over time in Agile software teams.
This research lays the foundation for future Al adoption
assessments, advocating for data-driven decision-making in
Agile software development. By advancing the evaluation of
Al tools’ impact, this research contributes to the broader
discourse on Al-driven efficiency improvements, guiding
both research and industry adoption strategies.
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