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Artificial intelligence (Al) technology is experiencing rapid growth in various fields due
to advancements in computers and technology. Al has also led to the development of
several techniques for automated segmentation and planning in the radiotherapy
treatment process, greatly improving overall treatment effectiveness.[A]. There have
been numerous reports of Al-based applications in machine and patient-specific QA,
including predictions for machine beam data or gamma passing rates on IMRT or
VMAT plans. Moreover, the development of these technologies is being pursued for
multicenter studies. Radiotherapy must have machine- and patient-specific quality
assurance (QA) to ensure safety and accuracy. High-precision radiotherapy, including
IMRT and VMAT, has become increasingly difficult to manage on the QA level. This
paper will explore the role of Artificial Intelligence in software testing.' Quality
Assurance in the new age will be greatly influenced by Artificial Intelligence, as it can
significantly reduce time and increase efficiency for developing advanced software.

INTRODUCTION

engineering  fields, including  computer

Definition of Quality Assurance (QA):

QA is a methodical process that ensures the
satisfaction of specific quality standards and
defects in products and services. During software
development, QA processes involve testing,
validation, and verification to improve the overall
quality of the software.!

Overview of Al and ML:

The development of Al and machine learning
algorithms is not only a game-changer but also
enables unlimited potential in various science and

communication networks. Additionally: These
technologies are utilized by billions of people..
With the use of smartphones, one can experience
tangible  improvements in  communication
networks, social media features, natural language
processing, and computer vision that were not
possible a decade ago. Research is necessary to
comprehend and enhance the potential and
suitability of AI/ML for communications and
networking technologies, as well their operations
and management in systems and networks.?
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How important are Al and ML in modern QA:
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Figure 1.Importance of Al and ML in modern QA
1. Predictive Maintenance: By analyzing past data,
AI/ML algorithms can forecast equipment failures
and minimize downtime.?

2. Defect Detection: Quality control can be
improved by detecting defects in products through
the use of Al-powered computer vision.*

3. Test automation: Enables testing to be
automated, leading to time savings and increased
coverage.®
4. Quality Predict: AI/ML models can predict
quality issues by analyzing production data.®
5. Root Cause Analysis: AI/ML can identify the
root causes of quality issues and improve problem-
solving processes.’

I) THE APPLICATION OF Al AND
MACHINE LEARNING ALGORITHMS IN
QA.

Machine Learning: A subset of artificial
intelligence, machine learning, is a type of
programming that allows systems to learn from
data without explicit instruction.

Supervised Learning: Supervised learning
involves the use of labeled data to train models for
forecasting outcomes.

Regression:
Definition:
outcomes.

Regression  predicts continuous

Pl
%)
"?‘5-}4:,:: :

S

INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES

%

1

Examples: Considering the degree of imprecision
with regards to code complexity.

Techniques:

1. Linear Regression.

2. Polynomial Regression.

3. Ridge Regression.

4. Lasso Regression.

Classification:

Definition: Classification predicts categorical
outcomes.
Example: Analyzing test cases in order of
importance.
Techniques:

1. Logistic Regression.

2. Decision Trees.

3. Random Forest.

4. Support Vector Machines (SVM).8
Unsupervised Learning.

Definition: Pattern identification in unsupervised
learning involves using training models on
unlabeled data.

Clustering: A clustering system is formed by
grouping data points together.

Example: Grouping similar defects.

Techniques:

1. K-Means Clustering.

2. Hierarchical Clustering.

3. DBSCAN.

4. K-Medoids.

Dimensionality Reduction.

Definition: Simpler data is achieved by reducing
complexity through dimensionality reduction.
Example: Simplifying high-dimensional test data.
Techniques:

1. Principal Component Analysis (PCA)

2. Singular Value Decomposition (SVD)

3. Autoencoders.®

1) APPLICATION OF Al AND MACHINE
LEARNING ALGORITHMS IN SOFTWARE
QUALITY ASSURANCE (QA):
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Application
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Figure 2. Application areas of Al and ML in QA

A) Test Case Generation: Testing the

functionality of software by creating test cases is

necessary to ensure its compliance with

requirements.

a) Automated Test Case Generation Based on
Requirements

1. Software requirements analysis: Determine if

certain conditions are testable.

2. Preferences for templates: Create test cases from

scratch.

3. Create test cases using models (e.g. UML,

BPMN) in Model-Based Testing.

4. Create test cases using machine learning

algorithms through Al-Powered Generation.*©

b) Prioritization of Test Cases

1. Identify the priority of test cases with respect to

risk and impact using Prioritization.

2. Establish test cases with a focus on business

value.'

3. Prioritize test cases by utilizing complexity-

based priority. A.

4. Prioritize test cases by examining historical

failure rates while conducting data analysis.!

B) Test Automation: The process of running and

validating software tests is known as test

automation.

a) Intelligent Test Automation Frameworks:

1. Testing with the help of Al-based algorithms is

employed to enhance test effectiveness and

efficiency.

2. Model-based testing involves creating test cases

from models (e.g, UML, BPMN).
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3. Testing can be conducted without scripting by
automating the process.

4. Cloud-based testing is the method used for
testing in cloud computing.*?

b) Self-Healing Test Scripts:

1. Resolves broken test scripts automatically
through dynamic script repair.

2. Restoring test scripts in response to changing
application requirements through regeneration.

3. Automatically updates test data through a test.
4. Optimizing the performance of test scripts
through optimization.™

C) Defect Prediction: Defect prediction refers to
the early identification of potential defects in
software.*

a) Predicting Potential Defects Early in the
Development Processes.

1. Static Analysis is used to detect any defects in
the source code.

2. Dynamic Analysis is the process of analyzing
software behavior during execution.

3. Machine Learning employs algorithms to
anticipate defects by analyzing past data.

4. ldentification of code odors that may indicate
potential defects. 1

b) Prioritizing Defect Fixes.

1. A system that prioritizes defects based on their
risk and impact is known as Risk-Based
Prioritization.

2. The priority of defects is determined by the
business value of the problem.

3. The priority of defects is determined by
complexity-based prioritization.
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4. Historical data analysis prioritizes defects in
accordance with historical failure rates.®

D)Test Data Generation: The creation of data for
testing software applications is referred to as test
data generation.

a) Generating Realistic Test Data.

1. Production data is analyzed through data
profiling to identify patterns and characteristics.
2. Masking or anonymizing data is achieved
through the use of data protection techniques
known as Data Mask.

3. Reassures information by transforming it into
tangible data.

4. Ensures that the generated data meets all
required specifications through validation.’

b) Synthetic Data Generation.

1. The process of generating new data through
artificial processes.

2. Using simulations to generate data through data
generation.

3. Model-based data generation is the process of
generating data using models.

4. The use of machine learning algorithms is
utilized for data generation, with Al-powered
tools.®

E) Performance Testing: The objective of
performance testing is to evaluate a system's
ability to handle different workloads while
remaining flexible and reliable.

a) Intelligent Performance Testing.

1. By utilizing Al, real-time user behavior
simulations are achieved through the use of
machine learning algorithms.

2. In model-based testing, test cases are generated
from performance models.

3. Cloud testing: Conducts tests in the cloud.

4. The integration of continuous performance
testing into CI/CD pipelines.*®

b) Predicting Performance Bottlenecks.

1. Analysis of Resource usage: Identifyes potential
bottlenecks in CPU, memory, and network
performance.

2. Analysis of transaction: Measures both response
times and throughput.
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3. Using machine learning, bottleneck detection
algorithms can identify performance issues.

4. Predictive analytics for future performance
problems using historical data.?°

F) Visual Testing: The purpose of visual testing
in software testing is to ensure that the graphical
user interface (GUI) of an application meets all
requirements and is visually appealing.

a) Automated Visual Testing.

1. Image-based testing utilizes automated tools to
compare the expected images with screenshots.

2. Object-based testing utilizes automated tools to
verify the properties and layout of GUI objects.

3. Tests using Al, machine learning algorithms
identify visual errors.?

b) Identifying Visual Defects.
1. Problems with layout:
alignment or overlapping.

2. Problems with rendering: Poor font, color, or
image resolution.

3. Issues with adaptive design: Poor layout across
different devices or screen sizes.??

G) Code Quality Analysis: Code quality analysis
is the process of evaluating software code to
ensure its conformity, maintainability, and
performance.

a) Static Code Analysis using Al:

1. The detection of code smells, such as duplicated
code, dead code or complex logic, is possible with
the help of Al-powered tools. How do these
methods work?

2. Bug Prediction: Al algorithms use code patterns
and historical data to forecast potential bugs before
they become known.

3. By utilizing artificial intelligence, code reviews
can identify flaws, suggest improvements or
automate tasks.

4. Security vulnerabilities are identified by Al-
powered tools, such as those resulting from cross-
site scripting or SQL injection.

b) Identifying Potential Code Issues.

1. Al tools can detect syntax errors and ensure
proper code compilation.

2. ldentifying code loopholes in performance
optimization helps Al to optimize execution time.

Errors related to

21| Page



Anam Rafik Momin, Int. J. of Pharm. Sci., 2025, Vol 3, Issue 3, 18-25 [Review

3. Detecting security risks is achieved through the
use of Al-powered tools that promote secure
coding practices.

4. Improved maintenance is facilitated by the
analysis of code structure, modularity and
readability in Al

H) Customer Feedback Analysis: Understanding
the significance of collecting, interpreting and
using customer feedback to improve product
quality, customer satisfaction levels, and business
decisions is what customer response analysis
entails.

a) Analyzing Customer Feedback to Improve
Product Quality

1. Assess product features or functionalities:
Evaluate customer feedback and determine what
needs to be improved.

2. Evaluate customer feedback and business
objectives before making changes.

3. Track customer satisfaction: Monitor the
duration of customer usage to determine whether
product enhancements are effective.?*

b) Sentiment Analysis for Understanding
Customer Satisfaction

1. Use NLP techniques to analyze customer
feedback text.

2. Senseful: Label customer feedback as either
positive, negative, or neutral.

3. To determine emotions, one can use customer
feedback to identify happiness, frustration or
disappointment.?

IV. BENEFITS OF Al AND ML IN QA:

Improved Enhanced Faster Time-to- Improved
Efficiency and Quality and Reduced Costs T Market Decision-
Productivity Accuracy LI 1

Figure 3. Benefits of Al and ML in QA

1. Improved Efficiency and Productivity: The
automation of repetitive testing tasks by Al and
ML reduces manual effort, leading to faster
testing.?® The use of Al-powered testing tools can
result in test cases being optimized, which can
save significant time.?’

2. Enhanced Quality and Accuracy: ML
algorithms can accurately predict defects, leading
to improved defect detection rates of up to 90%.28
Human testers may be unable to detect intricate
defects due to the use of Al testing tools.

3. Reduced Costs: Automated testing with Al and
ML reduces costs by up to 30% over time.?®
Testing tools that use Al can optimize test
environments, leading to lower infrastructure
costs.elaborate on this.

4. Faster Time-to-Market: By utilizing Al and
machine learning, testing can be completed in less
than 70% of the time required.*® Al-based testing
equipment can facilitate continuous delivery and
testing.
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5. Improved Decision-Making: With Al and

machine learning, we have the ability to extract

relevant information for better informed

decisions.?” Testing tools that use Al can also

forecast testing outcomes, which allows for

proactive defect correction.

V. CHALLENGES

CONSIDERATIONS:

1. Data Quality and Quantity: The learning and

improvement of Al and ML models is dependent

on high-quality and substantial data.?® Overfitting

can occur when there is not enough data and a

model is biased due to poor data quality.

2. Ethical Considerations: Questions of ethics arise

in QA related to Al and machine learning:

« Test data and models are subject to bias.?’

« Ensure that Al-based testing decisions are
transparent and understandable.?

« The protection of intellectual property and
personal information.

AND
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1. Data Quality
and Quantity

5. Skallset and
Training

4. Scalability and
Maintainability

2. Ethacal
Considerations

3. Integration with
Existing QA
Processes

Figure 4.Challenges and considerations

3. Integration with Existing QA Processes: QA
processes must be integrated with Al and machine
learning to ensure optimal efficiency:

«  Test automation frameworks.?°

« Continuous integration and delivery systems.
« Systematic approaches for defect tracking and

management.

4. Scalability and Maintainability: The ability to
scale and maintain AI/ML models is crucial for

3. Transfer
Learning

accommodating growing
evolving software systems.°
5. Skillset and Training: The implementation of Al
and ML in QA requires the expertise and training
of qualified professionals.

VI. FUTURE TRENDS AND OUTLOOK.

1) Advancements in Al and ML Techniques:

testing needs and

2.
Reinforcement
Learning

Figure 5. Advancements in Al and ML Techniques

1. Next-generation deep learning techniques,
including convolutional neural networks (CNNSs)
and recurrent neural network (RNNs), will
enhance testing efficiency and accuracy.?’

2. Al-powered testing tools can learn from their
experiences and adapt to changes in software
systems through reinforcement learning.?®

3. Transfer learning will enable the reuse of pre-
trained Al models, which will lead to faster
training and more efficient testing.*

2) Emerging Applications in QA:
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Figure 6.Emerging Applications in QA
1. Al-driven test automation is expected to become
more prevalent, leading to faster and more
efficient testing.?°
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2. Defect Prediction with Al will increase the rate
of defect detection and decrease false positives.?®
3. Automated generation of high-quality test data
is possible with the use of Al.28

3) The Impact of Al on the QA Profession:

Focus on High

Figure 7. The Impact of Al on the QA Profession
1. Upskilling and Reskilling: QA professionals
must acquire new skills, including Al and ML
expertise, to keep up.?’

2. Changing Roles and Responsibilities: QA

professionals will undergo a shift in their role and

responsibility as Al takes control of high-value

testing tasks.

3. Increased Focus on High: Al enables the value

testing tasks that require attention, such as

exploratory testing and test strategy development,

to be carried out by QA professionals.
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