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Abstract

This paper focuses on Self-healing automation frameworks enabled by Acrtificial Intelligence and their
application in enhancing Quality Assurance Testing. The mentioned architecture combines machine
learning and adaptive techniques to solve several issues that are associated with the use of scripts in
traditional testing approaches: the need for script updates, the identification of failure triggers, or the
diagnosis of errors. Since these frameworks identify changes in software behavior and modify the testing
scripts in real-time, they bring testing benefits of efficiency and effectiveness to the process. Also, the
study explains techniques like anomaly detection and automated script modification to depict how these
things could be useful for QA teams. In a nutshell, incorporation of Al self- healing automation testing
technique helps in minimizing the time and efforts put in testing processes apart from making the whole
process way more robust, ready to tackle the challenges of modern-day software development.
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Introduction

As dynamics in software development continue to change, the QA process has emerged as one of the
critical aspects that can influence whether software will develop as expected, or fail, to meet end user
expectations. Defect based approach which becomes very typical for numerous QA methodologies that
embrace manual testing and inflexible test scripts fails to cope with the continuously evolving
application systems. This is not desirable, and this mismatch can cause huge problems such as over-
proportionating, product delays and an increased chance that there will be manufacturing faults.
Nowadays, as organizations strive to produce high-quality software in the shortest time possible, the
need for the more flexible and reliable QA approach has never been greater. Since software applications
become complex and functional, the need to keep precise and efficient test scripts is a great task.
Regrettably, current industry polls reveal that as to 75% of QA teams struggle with the escalating
challenge of dealing with test scripts which should also grow and develop together with changing
applications. Traditional testing methodologies are rigid and allow teams to develop numerous mistakes
that are why it is significant to illustrate the evolutionary process within the field of QA. In this regard,
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the emergence of self-healing automation frameworks integrated with Artificial Intelligence means a
totally new level of revolution in the quality assurance process for organizations.

Self-healing automation frameworks can be defined as the systems able to detect and solve most of the
problems associated with automated testing. These frameworks can sometimes require the analyst’s
input, but by using modern artificial intelligence techniques, they can learn of changes in the
application’s interfaces and functionality and make the necessary adjustments in real time. Not only does
it speed up the testing process of a particular application, but it also improves the stability of QA
processes and increases the speed at which teams can respond to changes in a given application’s
behavior.

Introducing intelligent self-healing frameworks is the breakthrough solution for such concerns that QA
teams struggle with today. The application of big data combining with machine learning algorithms
enables the organizations to look not for the rises in the effectiveness and efficiency of testing phases,
but also the flexibility of testing in the continuous growing environment of technology. Having
introduced these frameworks in the prior sections, we will expand on the details of how they are being
implemented to transform the QA testing environment in the subsequent sections to deal with the current
challenges and paving the way for automated, intelligent, and self-driven system for software quality
assurance.

1. Framework Architecture

Design of an Al integrated self-healing automation system concerns core aspects of its functionality and
utility. Due to the flexibility observed within the set framework, different components that are part of the
overall testing paradigm dictate not only how quickly testing occurs but also the results that are
produced. In order to generalize the relations and functions of this architecture, it will be analyzed part
by part with the help of illustrations that will assist in recapitulation of the concept. Test by allowing the
framework to make the necessary automatic changes on the implemented scripts brought about by the
change in the structure of the application. This flexibility does not only cut down the time spent to
maintain the script but also any hidden software defects.

Another feature that is vital in Al-enabled self-healing automation frameworks, is resiliency. Most
traditional automation frameworks tend to falter when it comes to variations as small as a new field or a
modified method in the application under test and testing becomes worthless. On the other hand, self-
healing automation frameworks contained in Hi-MED employ artificial intelligence algorithms that self-
diagnose and self-correct such disruptions. Such frameworks use techniques like visual recognition and
pattern matching, for example; these frameworks can see elements of the user interface in real time and
can change their testing approach on the fly. As such, the general reliability of the QA process is
enhanced as it guarantees that quality software is delivered to the user now and then. Al can be
integrated within self- healing frameworks which enables organizations be more proactive with QA
testing. What these frameworks bring to the table are means for predicting potential problems that may
cause severe failures in the near future. This foresight, based on risk assessment and historical data,
enables teams to allocate resources as well as optimize their decisions regarding where to direct their
testing efforts the architecture of the Al-augmented self-healing automation frameworks represents a
major advancement in quality assurance testing. That is why both of these frameworks are designed to
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embrace flexibility and resilience as the primary tools to address the challenges and vagaries of the
modern software development paradigm. Seeing how organizations strive to attain even higher heights
of software quality and productivity, self-healing automation frameworks remain indisputably one of the
most crucial factors of the future QA testing environment. Such evolution not only contributes to the
efficient methods of the testing processes, but also introduces a new level of confidence into the
software development pipeline and strongly support applications running within systems and networks
are reliable and capable to responding to new challenges of the modern technology world.

1.1 Overview of the Self-Healing Automation Framework

The above proposed Al augmented self-healing automation framework aims at improving resiliency in

QA testing. The core of this framework revolves around three primary components: the modules for

failure detection and healing of the Al engine, test execution modules, reporting and analysis modules.

This architecture facilitates a reliable incorporation of aspects of Artificial Intelligence, which enables

the automation framework to self-assume flexibility to correspond to dynamic application behavior.

1.2 Components of the Framework

The elements that are part of the self-healing automation framework are as follows and all of them are

interconnected and have particular importance to the process. The primary components include:

¢ Intelligent Monitoring: This component is always watching the AUT in order to capture change
events that might include changes in the layout, or modifications to the algorithm used. Intelligent
monitoring can then use heuristics or machine learning algorithms to alert something is off before it
falls out of operation.

e Automated Diagnostics: In this case, the automated diagnostics module seeks to analyze failure
conditions through analytical algorithms. This component is extremely important for identifying
actual root causes of failure so the system can determine whether the given failure is due to
application bug, environment change or obsolete test scripts.

e Al Engine: Working at the center of the framework, the Al engine manages the communication
between the monitoring and diagnostics functions. It integrates exponential data sets which enable
the application to not only diagnose failure but also future failures before they occur.

e Test Execution Modules: These modules are supposed to run test cases on the AUT. Their turns
involve a close interaction with both the Al engine and the intelligent monitoring component, where
execution strategies changed depending on the outcomes of the monitoring and diagnostics phases.

e Reporting Components: Also, this component provides detailed status reports on the outcome of
the tests and diagnostics as well as recommended interventions. The reporting module helps the
stakeholders in the management of the software to know the effect of some changes on the quality of
the software and in the subsequent development processes to be followed.

As these components will be represented graphically, the complex interactions, which occur in the
presented framework, will be easier to be understood by the stakeholders, which is more effective
when it comes to implementing the concept of Al-augmented testing.
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1.2.1 Al Engine for failure Detection and Healing

Al) JENGINE

Flipping now to the middle of the self-healing framework is the Al engine programmed with algorithms
that can detect failure in real-time and the need for automation changes. The effectiveness of the
developed Al engine relies on its capacity to derive causality from previous patterns observed and
correlated to failure modes. One of the powerful features of the Al engine is demonstrated by its ability
to update the locus of web elements in the runtime. In general setups of conventional testing
methodologies, locators, which are critical in pointing to a particular element on a web page, get easily
synchronized with the application interfaces when they are frequently updated. This is overcome by the
Al engine in our system that dynamically updates locators in order to reduce the time required to update
test scripts.

When problems occur; for example, a web element with what is valid previous locator become
unresponsive, the Al engine then activates the self-healing capability. It will go through the whole DOM
(Document Object Model) to find new locators that will retain the sequence of testing. Thus, with the
help of the mentioned outlook, including visual recognition and XPath generation, the Al engine may
quickly switch the test strategy without a need for the human factor. As a result, the number of execution
cycles is increased, and QA becomes more reliable and efficient in improving an agile development
culture. Further, it is to be noted that the process of machine learning, which is integrated into the core of
the Al engine, actively optimizes its performance by means of feedback received from the resulting
perceptions of every test cycle. However, the reliability of the setup is not only based on the technical
strength of the Al engine but is also reflected in the strength or the sturdiness of the Al engine. The more
the system is subjected to diagnostics, either successful or failed, the better the Al engine becomes in
diagnosing potential problems and the ultimate self-repairing function is strengthened.

1.2.2 Test Execution Modules

Finally, the test execution modules are the most significant part of the general framework, and they
perform the execution of test cases but at the same time, interact with the Al engine. These modules are
highly modular so that you can plug-in top-quality test tools and test environments easily. This has been
designed and implemented to cover both scripted and non-scripted QA approaches, as this opens up the
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building to cover QA in various scenarios. The test execution modules also serve a dual purpose: not
only do they run the planned test cases but also, they provide near real time information about the test
case execution status back to the Al engine. This two-way communication is very important since the Al
engine needs to get feedback from the test executions in order to build its failure detection as well as
healing function progressively.

2. Al Techniques

e Information and Communication Techniques in the Al-supported automation environment
Closely associated with this revelation on the transformative influence of Al on QA testing is the need to
explore the technical concepts that underpin this change. All of them has unique characteristics that will
greatly improve efficiency, reliability, and responsiveness of QA testing process. There are five major
superskills to consider: In the following section we examine each of these superskills more closely by
presenting pertinent examples and illustrative contexts within QA and then highlight the strengths of
each.

e Machine Learning (ML)

Subfield of artificial intelligence, Machine Learning is concerned with the creation of methods that
automatize the process of training a program or a certain system on data and then using that training to
make decisions without having to be programmed for the specific task at hand. Within the context of QA
testing, machine learning is most valuable regarding pattern analysis in regard to failures.

For example, let there be a CI environment that consists of many unit tests run with each commit. New
and more effective solutions can be provided by the implementation of the ML algorithms as now,
historical data of past test executions can be studied to define the main failure profiles and tendencies.
Therefore, the proposed architecture can decide priorities of the test cases in real-time level, with
reference to different codes which can be used for attacking the system and the priorities of the related
risks. Not only does this proactive approach improve the efficiency of testing, but also improves the
accuracy of failure predictions and the time taken to make subsequent iterations.

e Natural Language Processing (Informatics)

Natural Language Processing is yet another revolutionary technology which empowers a machine to
comprehend and understand natural human language. From the case of QA testing, there can be a
significant contribution of NLP when it comes to text and logs translating.

For instance, when using an automated test, the results produced contain very long logs with intricate
error messages. An intelligent QA framework can use NLP to analyze these logs and it can identify the
relevant information that needs to be presented, and the logs can present the summarized key issues. The
above capability does not only affect diagnosis of errors but also the communication between different
teams. Technical information is translated and simplified into operational knowledge for stakeholders to
enable speedy decision making, hence enhancing teamwork.

e Anomaly Detection

Anomaly Detection is a process which includes methods applied to find out from a data set, which are
seeming/actual abnormal patterns. In QA, the use of this technique takes a central role in identifying
early signs that may lead to severe problems if not tackled early enough.
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For instance, in automated testing a self-healing automation framework can detect system performance
in real time, thus implement algorithms based on real-time anomaly detection, which alerts the team in
cases of high response times or high error rates. This makes it possible for the teams to start solving
problems before they result into inconvenience to the end users. Furthermore, it improves system
reliability while at the same time making deployment a much easier process.

Brief Summary of the Al Techniques and | Application in QA | Benefits
To provide clarity, the following table summarizes the discussed Al techniques, their applications in QA
testing, and the corresponding benefits:

Table 1: Al Application in QA Automation
Technique Application in QA Benefits
Improved failure prediction

Machine Learning Pattern recognition in test failure

Natural L anguaage
J J

Processing Translating logs for insight Enhanced error diagnosis

communication

Identifying unusual system

) Proactive issue resolution
behavior

Anomaly Detection

2.1 Failure Detection

Indeed, one of the best practices of any QA testing process is the capability of identifying failure
occurrences as soon as possible. Indeed, when we talk about Al integrated into the area of self-healing
systems, failure detection is done within highly sophisticated machine learning algorithms that can mine
extended test execution data. Test failure patterns as well as similarities in testing results can be learned
by machine learning classifiers using previous test execution data. For example, models can be
developed to perform log file analysis, screen shot comparison and estimation of application response
time in order to identify signs that may suggest test failures. Hence, through methods of supervised and
unsupervised training algorithms, the Al engine’s detection can be enhanced.

2.2 Error Diagnosis

After the occurrence of a failure, the second considerable problem is the identification of the root cause
of the failure. The use of Al techniques makes error diagnosis to involve identification of script failures
source by source, for its due. The framework uses decision trees and neural networks to identify
dependencies between elements and failures as diagnosed through the test. Al can perform an analysis
that looks through the circumstances that have preceded a failed test run. If the script-execution patterns
are matched with the state variables and contextual data, the Al engine is able to offer a potential answer
as to whether the failure was because of a script error, result of an application change or even external
dependences or environmental conditions.

2.3 Healing Strategies

Once there is identification of the cause of failure, the framework should be able to provide necessitated
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healing methodologies. Healing as applied to the context of QA automation is therefore described by the
capacity of the framework to alter test scripts on its own to correct failures.
2.4 APl Response Validations
In today’s application architecture where micro services are common, response validation of APIs is
important. The Al framework can also use validation techniques to validate the responses against some
format or standard and any deviation from the standard can be flagged immediately. In addition, if a
failure is identified at the API call level, the framework is capable of modifying the API request
parameters on the fly or, in fact, use different APIs as part of the healing process.
2.5 Framework Structure
Self-healing framework integrated with Artificial Intelligence comprises several individual components
that are fully integrated to perform the enhanced testing. In the center is the Al engine which using
algorithms and neural networks is able to analyze the historical test data. This Al engine communicates
with different test execution modules that handle the execution of the test cases as well as tracking the
results. Furthermore, these frameworks encompass logging and monitoring mechanisms that provide real
time information about the test performance to contain to test environment changes. For a clearer
understanding of the framework, envision a diagram showcasing its architectural components: the mode
of testing operates where the Al engine takes inputs from the execution modules and provide
information feedback to the modules for improving the testing strategies periodically.

2.6 The Self-Healing Process

The self-healing capability hinges on a well-defined process that involves three critical steps: failure

detection, diagnosis and recovery.

e Failure Detection: The first activities involve the identification of different behaviours that are
deviant during the testing phase. By incorporating Al, the framework can identify to whom of not
predicted outcomes correspond and mark them as requiring attention.

e Error Diagnosis: It is also important that once a failure is identified, the framework has a correct
identification of the error source. This phase is often a careful look at logs, execution paths, and user
feedback in order to understand why the test failed while getting more information of the failure at
hand.

e Healing: The last part of self-repairing is the organizational adjustment phase: A set of corrective
actions are introduced. Here, the Al engine can suggest or perform repair work such as revising the
test scripts that may have incorporated the new software released in the market, or, revising the test
case parameters based on the learned results of earlier test runs.
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Figure 1: Hypothetical Structure of a Self-Healing Automation Framework
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Comparative Analysis: Conventional Frameworks and Deep Learning Frameworks

Transition from conventional automation frameworks to Al based solutions is drastic and can be
represented with a comparative graph. That is why traditional frameworks are often extensively
manpower consuming which can initially point at the problems in terms of time and human resources
needed for script creation. However, Al-augmented frameworks set better efficiency, which implies a
considerable amount of time and cost saving, less amount of maintenance as a result of flexibility
possessed by these systems. At a comparative graph, qualities like efficiency, cost, and time
optimization must be highly emphasized while stating that Al frameworks are way superior to traditional
frameworks in terms of KPI. Argumentation of such a proposal can be bolstered by quantitative
evidence that demonstrates such businesses are not only adapting to the new age of self-healing
automation empowered by Artificial Intelligence but are, in fact, innovating at the cutting edge.
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3. Introducing Test Layers in Al Augmented Automation Framework

Figure 2: How Al Transforms Automation Testing
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Artificial intelligence (Al) has significantly elevated the efficiency and scope of automation testing. By
leveraging machine learning algorithms and intelligent systems, Al optimizes testing workflows,
enhances defect detection, and accelerates release cycles, helping teams to deliver higher-quality
software products. Let’s dive into how Al is reshaping various aspects of automation testing.

The concept of test layers within Al-augmented automation frameworks covers three critical
dimensions: the User Interface level, the Application Programming Interface level or the API level and
the Database level. Every level has its own variable that affects the possibility of automation which Al
integrated framework solve via intuitive algorithm and flexible testing approach.

3.1 Ul Layer

The Ul layer is a very important layer of user experience, and it is the layer that most interacts directly
with the user of software applications. Nevertheless, about changes in elements that are several in
quantity but important, namely buttons, dropdowns, and dynamic layout — often testing processes might
become hindered. Conventional ways of testing result in having to edit or rework the scripts every time a
particular Ul feature is updated. Al based self-healing automation frameworks are based on Al concepts
for detecting and reporting changes and requires lesser changes to be done in scripts. For instance, if the
position of a specific button on a webpage transforms, then the framework will be able to self-adjust its
testing algorithms to detect the position as well as the activity of the button. This self-healing ability not
only saves the testing resources but also keeps the tests relevant and useful as the component’s Ul
changes.

3.1.1 Managing Change

Web applications with dynamic characteristics, especially those developed using modern frameworks
such as React and Angular, present some constraints because of their update frequency and use of
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components. Al frameworks employ image recognition and pattern match techniques to detect dynamic
elements to enable testing to scale upwards & right without extra overhead. For instance, let us consider
the case where one of the dropdown menus has been changed; the framework will be able to recognise
the change, and adapt to it to observe the desired behaviour.

3.2 API Layer

The API layer is basic in supporting the interaction between various software units, which is why it is
vital for total QA examination. Still, the nature of APl frameworks to be tested is rapidly growing with
frequent updates in the endpoints as well as the schema. Current Al-based automation frameworks have
evolved timely and proven strategies to manage these changes.” These frameworks are, therefore,
capable of changing their methods on the basis of API endpoints and their coupled schemas using
machine learning algorithms. If a certain endpoint is changed it can be determined by this framework
and the related test cases should be adjusted accordingly. That this capability leads to increased
reliability and a considerable amount of manual action, which in turn reduces the amount of time needed
and hence costs.

3.2.1 Schema Changes

From one of the areas of API testing, the changes in data schema is one of the frequent and recurrent
obstacles that hinder the systematic testing of APIs. The Al-augmented frameworks can also parse API
responses and compare the output with the expected responses, to immediately address the variations in
the schema. This characteristic also reduces the level of interference to the testing process while at the
same time making certain that crucial aspects are impartially tested over the entire life cycle of the
software.

3.3 Database Layer

The database layer is the foundation of data management whereby decisions and changes in the schema
usually cause validity problems that must be identified before they become serious. In specific tests,
previous test procedures entail tremendous levels of manual work to revise queries and validate data
consistency after altering schemas. Al incorporated frameworks enhance this procedure through the
capability of modifying queries in correspondence with the perceived modifications in schema. In so
doing, it becomes possible to use algorithmic detection process to discover that testing queries are
consistent with what currently exists in the database. For instance, if a title of a column in a database
table gets changed, then the Al system can correct the alteration so that subverting the risks of query
failure during data acquisition and validation.

3.3.1 Data validity checks

Furthermore, the credibility of the collected data cannot also be overemphasized. Al solution can also
check data sanity in real time over the database layer against predefined quality sanity. Besides
identifying challenges during the early stages of the testing lifecycle, this approach will assist teams in
course correction and minimizes post-release failure.

4. The Processes Used in Scaling Frameworks
The transition to scale up the automation frameworks, especially for the large-scale applications, involve
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the participation of sophisticated strategies that address the strengths provided by artificial intelligence.
When creating the structures of the automation testing, development requires modularization, horizontal
scaling, and intelligent resource allocation.

4.1 Modularization

Modularization also makes it easier for QA teams to divide testing processes intonagka to gradually
implement them as single units that are not complicated to coordinate and can be updated individually.
Modular testing is easily facilitated through the use of frameworks that integrate the use of Artificial
Intelligence because even though the system is divided into several modules or test cases, each of these
modules or test cases can work independently as separate components of the system but at the same
time, the result will be tied into the bigger picture of the entire testing process. Such flexibility is
beneficial when there are constant updates on an application and helps in preserving the time that testers
will take to complete the tests.

4.1.1 Horizontal Scaling

While vertical scaling involves increasing the volume of testing through improvements on existing
machines, containers or other resources, horizontal scaling relates to the simultaneous addition of more
machines or containers to support raising of testing results. Based on Al, workloads are assigned and re-
assigned across available resources through parsing and scheduling while test executions within a
system occur in parallel. This capability is especially relevant for enterprises that may have numerous
applications and being able to test concurrently across multiple instances can save much time to market,
for instance.

4.1.2Application Testing — Cross Browser Testing

Testing frameworks that incorporate Al can contextualize tests for different browsers as the application
and the rendering expectations as well as the capacities of the browser will be well understood to the tool
since everything is coded. For example if an application behaves poorly in layout in Internet Explorer
but behaves well in Chrome, the Al system is able to identify these differences and then modify the test
cases to lend a better behavior to the application across all platforms.

4.2 Enhanced Efficiency

When it comes to the benefits of using Al based frameworks, one of the most apparent and prominent is
the increased rate of testing. By reducing the time spent on compensating for deficiencies of automated
tools, QA teams can focus on valuable tasks, including unscheduled testing, investigating areas of
variability in user experiences. This shift also compresses the testing cycle and improves the quality of
the software products as well.

4.2.1 Greater Reliability

Flexibility is crucial to reliability in software testing, considering that the process may not always be
affected M. An important feature of current Al-enhanced frameworks is the ability of tests to remain
constantly adaptable to change and capable to modify themselves based on the dynamics of the
application environments. Such reliability makes it noteworthy to adopt those sophisticated testing
solutions as organizations continue to aim at providing reliable, consistent, and superior quality
software.
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5. Control Error Classification and Analysis

Undoubtedly, one of the greatest challenges of managing QA test is to assign proper categories of error
that may be encountered during testing. One or the other failure can emerge from several potential
sources and the nature of these failures is something that should be properly understood if the overall
integrity of the testing is to be preserved. Consequently, error classification evolves into a layer of self-
organization of automatic correction work.

Towards more Interpretable Diagnosis using Explainable Al (XAl)

The first and main measure in the error classification process is the adoption of XAl technologies.
Conventional Al techniques are frequently opaque; Al predicts outcomes without offering further
information about the process. Such a level of transparency can come in handy in the case of some QA
engineers who get to develop some level of creativity in coming up with the root cause of a certain
failure. In incorporating XAl, organisations can unravel Al decisions on test failures and make enhanced
decisions about the process.

For example, XAl can present feature importance information which shows which components of the
test inputs were most influential in a failure. This goes a long way in having better understanding why a
test failed so that better decision can be made as one correct the script or the application in general.
Importantly, XAl can also identify patterns in past test failures, increasing the ability of teams to
anticipate and resolve future concerns.

5.1 Concerning Classification Models for Failures

The process continues at the next progressive step of creating reliable models that could classify errors
according to their type, severity, and tendencies to influence the whole system. These classification
models can further use supervised learning approach into which past failures data is used to train models
that are capable of correctly classifying new failures.

For instance, failure classification model might group failures as environment type, application type, and
test script type. Each category can have solutions or remediation strategies associated with it also. Thus,
taking into consideration the specific recommendations derived from the failure classification means
cutting down response times dramatically and therefore, reducing the disruption impact on the overall
organizational productivity.

6. Real-Time Healing

However, if base skills of error classification and root cause analysis constitute the very foundation of

the self-healing automation, then the essence of the frameworks is in real-time healing capabilities. The

objective is to enable test scripts to make their own decisions during a test without bringing testing to a

complete standstill.

How to Do In-Execution Healing

1. Dynamic Test Adjustments: In real-time healing one of the procedures is to allow test scripts to
make modifications where necessary during the execution. For example, if the button locator in the
Ul changes, the self-healing framework may use the Al heuristic to find out the other locators or the
other strategy by which the script can be completed.

2. Feedback Loops: Dedicating time in order to introduce and maintain the predisposition for feedback
can greatly increase the level of self-healing of an automation framework tremendously. In
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particular, information about the results of test executions and the use of this information to adjust
the system in real time allows for continuous improvement of the testing process, the accuracy of the
results, and the overall robustness of the testing subsystem.

3. Integration with Monitoring Tools: Al integrated frameworks could be further supported by tools
that monitor the function and activity of the system. These tools can predict areas of failure that need
interaction based on past patterns so that future failure is prevented. For instance, if error reports are
being roused with a particular application feature, then the testing framework will change its
strategies, dedicating more attention to that section.

4. Modular Script Designs: If tests have been designed with modularity in mind it becomes possible
to selectively update the subcomponents. If one script fail, usually the whole testing suite stops, but
the framework skips over the problematic module and tests all other units making it anti-degeneracy.

5. Leveraging Cloud-Based Solutions: On the other hand, it has been established that cloud
environments are elastic, and this can be used to fine-tune and tune the configuration in real-time. If
there is a resource-based indication of a problem — for example, the degradation of response times
— it can automatically increase resources in order to adjust the situation proactively without
requiring a human hand.

Self-healing architecture as a new generation of automation systems

Self-healing automation frameworks as a form of modern technology are a breakthrough from the

traditional automation practices. Different to traditional, non-automatic test suite, self-healing systems

have the capability of responding to changes in the tested application and adjust as well as fix itself. It
increases the tenacity towards the lifetime and dependability of the automated tests thereby making it
more effective in presence of such evolutions in the software.

Al in Realization of Self-Healing Automation

Machine learning is a machine that by analyzing the template of the data and other discrepancies, helps

these frameworks identify the change in the Ul or the basic functionality of the software applications.

Self-healing frameworks also include new approaches for testing, which can be adjusted by Al with less

workload and possible human mistakes.

Objectives of Al-Augmented Self-Healing Frameworks

The primary objective of integrating Al into self-healing automation frameworks is to enhance the

efficiency and effectiveness of QA testing. Key goals include improving the adaptability of testing

scripts, reducing maintenance overhead, and increasing overall test coverage. The next sections will
delve deeper into the metrics for evaluating these frameworks and the challenges associated with their
implementation.

7. Metrics for Evaluation

QA Testing Through the Years

Quiality control has typically involved the use of conventional techniques that entail the manual input of
a large amount of data. Nevertheless, applying these methodologies becomes a challenge when the
software under test becomes complex, and if it is released in shorter cycles. Here, Al-augmented
automation frameworks appear as a solution where machine learning algorithms are used to support
testing activities. These frameworks have the capacity to acquire from previous tested experience,
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incorporate new knowledge, and self-correct mistakes individually. When embarking on this
transformative process it is important to evaluate these frameworks in terms of certain parameters in
order to determine their efficacy.

Reasons as to Why Sound Evaluation Metrics Are Significant

It becomes therefore necessary to introduce a set of AM criteria suited for the evaluation of Al-
augmented self-healing automation frameworks for the following reasons. As basic or lower level
measurements, accuracy and the time taken for maintenance, and execution speed remain key indicators
of the performance of traditional frameworks, they fail to capture the versatility of the innovative
frameworks present today.

MTTF Detection

There is one important parameter which should attract attention — it is the Mean Time to Failure
Detection (MTTFD). This metric measures the probability of detecting a failure in the software in terms
of the average time it is likely take to achieve the same. Specifically in a paradigm where time to market
is critical, reducing the amount time taken for failures to be detected should be a priority. This article
pointed that a lower of MTTFD means a more efficient method of testing which provide developers the
ability to address these problems immediately, and in turn improve the quality of product.

The performance of Al-augmented self-healing automation frameworks can be assessed through several
critical metrics. These metrics not only serve as indicators of the frameworks’ effectiveness but also
guide ongoing improvements in QA practices.

Percentage of New Executed Failure Cures

Another integral measure is the so called Percentage of Successfully Healed Failures (PSHF). This
metric measures extent to which the self- healing mechanisms align with detected failure as a way of
working. The practical implication of such a mechanism of self-correction in a framework is that there
would be far less need for corrective measures, or even downtime. With the help of the PSHF,
organizations can not only measure the QA sustainability levels in organizations and the frameworks’
impact on system robustness.

Metrics conveyed in various forms of presentations

To complement these metrics, other tools such as charts and graphs can go a long way in explaining the
true realizations of the values presented as well as the implications of the totals presented. For example,
a bar graph that displays the MTTFD before and after been enhanced by an Al self-healing system
enables users to quickly analyze incremental gains upon its application. Likewise, using a pie chart, the
same can demonstrate the percentage of failures that were autonomously resolved effectively making it
easier to understand the effectiveness of the PSHF.

Case Study: A Hypothetical Scenario

Now, in order to enhance the understanding of the effectiveness of the mentioned metrics let us discuss
the case scenario based on the example of an e-commerce application where system outages occur quite
often. Before Al supported self-healing automation was integrated, the MTTFD of the development
team was 45 hours, while the PSHF indicated only 60%. Subsequent to the implementation of such a
framework, improvement of monitoring and self-healing capacities pave the way to a drastic decrease of
the MTTFD to 10 hours, while the PSHF Climbed up to 92%. It not only reduced the effects of outages
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on the firm’s revenues but also endeavored to ensure client loyalty; thus, showing how the QA
profession adaptability depends on high automation in the present-day world.

Table 2: Table of Metrics - Pre-Implementation vs. Post-Implementation

Metric Pre-Implementation Post-
Implementation

Mean Time to Failure | 45 hours 10 hours

Detection (MTTFD)

Percent ~of  Successful | 60% 92%

Healing Frequency ( PSHF)

Figure 3: Metrics Pre-Implementation vs. Post-Implementation

Chart Title

Post Implementation — 60%
Pre Implementation — 9204

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

7.1 Accuracy of Al-Driven Healing

This is perhaps one of the most critical categorizations of the effectiveness of self-healing automation
frameworks. The measure of Al-driven healing relates to the correctness of the system with reference to
changes in the application as well as the correctness of the approach in changing test strategies. The high
accuracy provides that the automated tests stay useful and beneficial, thereby eliminating the likely
untrue negative outcomes or the untrue positive results. For assessing accuracy percentage of test scripts
that were modified correctly in relation to the total number of modifications made in application can be
calculated. Decision makers would be able to provide feedback to the algorithms and thus continuously
update them to increase reliability in future.

7.1.1 Decreased Test Maintenance Time

This brings us to one of the more obvious advantages of self-healing automation: I’ve saved over 90% of
my test maintenance time. Most traditional programmatic tests are never-ending chores that need
constant modifications and monitoring over the application’s growth and adding more pressure to QA
teams. In Al augmentation, self-healing frameworks are capable to solve problems related to application
changes which do not require more time on manual test maintenance. Measures for assessing this aspect
can be for example the average time that, when needed, is required to modify test scripts, before and
after using self-healing automation. Less time spent on maintenance leads to increase in efficiency and
ensures that QA teams can delegate small tasks to other functions.
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Summary of the Enhancement of Overall Test Execution Speed and It’s Over All Test Coverage
There is another crucial parameter, namely the speed of the tests execution when assessment self-healing
frameworks. Together with an increased resistance of the automated tests, the execution speed within the
QA-facet is improved together with a clearly improved test coverage. Mean time to execute test suites
before and after the integration of Al based self —healing functionality is the way through which this
metric can be evaluated.

Moreover, issues with regards to coverage can be measured based on the percentage of augmented tested
cases on the total scenario presented on the requirements. Thus improved coverage adds to improved test
and it also contributes to confidence in the stability of the software.

8. Challenges and Mitigation

Understanding the Current Status: It is also too efficient and provides false positive results and a
large computational cost

Critically, one of the significant issues that currently, organizations apply Al for self-healing automation
frameworks is significant false positive and false-negative rates during tests. This is a scenario where the
automation framework flags a defect or an issue that is not existent, hence more resources are wasted in
following up on results that will not assist in any way in portraying the direction the testing phase will
take, and more confidence may have been placed on the frame work than what is warrant=ed. On the
other hand false negatives are a set of conditions in which the actual defects are excluded and may result
in severe implications to the end-users or the stakeholders. For instance, suppose an automated testing
framework does not discover a severe bug in an application, specifically financial, yet such an
application leads to unnecessary or excessive spending and loss of users’ trust. Cost and performance
overheads that come with integrating Al testing frameworks are also a major factor of concern. Many a
time, algorithms embedded in the advanced Al models need a vast amount of computation that may
extend the testing phase and be costly. Such an overhead can pose a significant barrier to the
orrganisational adoption of automation solutions, especially to small scale organisations that lack hefty
capital and infrastructure.

Deepening the Analysis: only false positives and false negatives exist in the context of screening
programs.

These false results are not limited to mere inconvenience, they can greatly affect the QA testing lifecycle
as a whole. A continuous alert of false positives could incapacitate a team since this is referred to as
alarm fatigue. This happens through constant exposure to false alarms where the testing staff start to
downplay or disregard genuine problems compromising on the quality of the product. Finally, false
negatives make teams believe that they provided a high-quality product and can actually release products
with concealed flaws. This lack of quality assurance might not be noted earlier during or at the time of
the releasing of products and service to the market, but it may result in a strain on the organization
image, trust from customer.

Actionable Solutions: Introducing Al with Hetero Data Sets for Model Training

Since both false positives and false negatives are peculiar to most screening tests, solutions need to be
multiple fold. One of the first ways is the process of teaching Al models various datasets, staged as a
range of areas, conditions, and cases. This training is important in order to help the algorithms encounter
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new circumstances for allowing them to distinguish between real problems and mere noise. For instance,
if the Al has a certain type of user traffic or application scenario draft to learn from, it may fail to
adequately satisfy unpredictable user behavior, or system conditions thus experiencing obvious failures,
such as missing significant incidents of unexpected behavior, or creating unnecessary alarms.

Moreover, it is sometimes possible to apply combined Al tests involving human rating of the results as a
strong compensation for the limitations of artificial intelligence systems. Although Al has been
extending in recent years, applying it to software testing is still problematic due to its complexities while
human immersive awareness and spirited sense are able to identify critical failures. Coordinating a team
of senior QA staff to manage the reports and alerts crafted by Al can work symbiosis where the Al and
the personnel give the best of both worlds. It also contributes to the process of testing by supplementing
the actual outcomes while also enhancing the processing of issues that need top-up human involvement.
Addressing Data Privacy Concerns: About Federated Learning

With the help of Al implemented in the framework of QA testing appears a new decisive problem: the
confidentiality and security of data if the information is critical. Conventional data management
approaches put organizations at risk of exposing sensitive data to threats of data loss or misuse. The
most apparent solution to this issue is federated learning, enabling the training of Al models based on the
decentralized data. Unlike most similar paradigms that collect data on a central server to process it,
federated learning enables the model to train on data located in multiple devices without saving them.
This method also preserves the user’s privacy, reduces security implications and adheres to data
protection laws allowing the framework to improve on its predictive performance depending on a variety
of inputs.

8.1 Managing False Positives/Negatives of Checking Healing

A major drawback of the use of Al to develop self-healing frameworks is the risk of false positive or
negative results obtained from the analysis of the challenging problems. They may also occur when
using the framework fails to identify a test failure that is due to change in the application unrelated to the
application’s purpose. On the other hand, false negatives will occur when real problems are missed, and
could mean that there could be bugs running in the production system. To address this issue, it is
necessary to adequately train and use sophisticated machine learning models in the social application to
address feature changes in response to the application as well as trains on a variety of datasets that
mimic the application’s functionality and typical change patterns. Such algorithms can also be learn
continuously and thus self-tune when new data forms part of the set, to improve the performance of
recognizing changes between sets of data that is relevant and that which is not. In addition, adding
human supervision over the most significant test failures will help make important decisions based on
both machine learning and human knowledge.

8.2 Challenges Associated with its Extensions for Applicable Complex Applications

Another real-world challenge stems from the emergence of complex applications — difficult to support a
notion of automated self-healing. Complex complexities, interactions with third parties, and workflows
reduce Al models’ adaptability in the application. To overcome this, more elaborate models need to be
formulated to represent the infrastructure of the application and every changes that it is likely to
undergo. The use of domain specific models that incorporate distinct characteristics in relation to
software with complicated usage can build a strong self-healing resilience. Moreover, using analogues of
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the actual complex settings from the real world can help in preparing the implementation of the Al
systems to unexpected factors and complex work processes.

8.3 Reducing the Impact of Computational Resources for Integration of Al

Al integration requires high computational power that may put a lot of pressure on existent architectures
and, therefore, demand extra investments. This overhead can prevent the organization, losing sight of the
notion of self-healing frameworks. To address this issue, organizations should perhaps consider the way
their infrastructure can be enhanced to support efficient Al processes. Allowing the use of cloud-based
services can easily help one avoid the need for many localized resources. In addition, it is possible to
fine-tune algorithms to minimize the computational processes that are used to keep the processes
lightweight and precise simultaneously. Self-healing frameworks incorporate systems that are complex
enough to handle failure mechanisms but not so complex that they cannot be managed within system
resource limitations.

9. Applications and Use Cases

This paper highlights that the deployment of new groundbreaking automated self-healing software
quality assurance dominated by artificial intelligence has occurred in the field of software QA. These
advanced systems utilize Al in a planful manner to put together robust and nonlinear automation
procedures that vastly improve the efficacy, reliability, and performance of QA testing. Self-healing thus
covers four critical areas of software testing; maintenance overhead, varying environments, as well as
evolving applications. Let me point out that one promising use case of Al-based self-healing frameworks
is regression testing. Conventionally, regression tests must be updated as often as the latest changes in
features or functionality of a software. However, self-healing automation employs machine learning to
modify these test scripts after a change in the application is made. This capability mitigates the role of
human input, keeps script updating time to a tolerable level while ensuring that testing stays in sync with
the current CI/CD practices of software development. Another critical application area is test failure
detection and correction. In conventional testing assessment, failures can therefore result from changes
in the application interface, and other behaviors that are hard coded in the system. Self-healing
automation is capable of analyzing failure patterns in a smart way and applying correction for example
can auto adjust the locators or change its parameters. Hence, within such frameworks historical
performance data is used to improve the testing diagnostics progressively, yielding increased resilience
of the testing processes to various conditions without much reliance on manual intervention.

Current applications in QA testing

Most of the commonly used techniques in QA testing can be applied at present as follows; Al-based
self-contained healing automation solutions have allied countless functionalities in Testing Specifically
and particularly in regression, failure detection, and cross-platform testing. These domains pose certain
challenges that demand effective solutions in place.

Regression Testing

Regression testing has hence progressively become a fundamental aspect of Software development cycle
as it focuses on testing new modifications to avoid affecting previously developed other operations. In
this regard, self-healing automation frameworks bring considerable benefits into consideration. For
example, a huge online selling firm sadly struggled to develop test scripts with Ul as their top challenge
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regularly changing. Al-based frameworks helped achieve an outstanding improvement of script
maintenance by 60%, and the frameworks’ adaptability to the unified Ul instability. Moreover, the
framework could learn from previous testing scenarios and the machine learning algorithms could
predict the changes that is needed in the test scripts in real time. Getting such adaptability not only saves
cost but also upturns the feedback loop time, which in turn, improves the release cycles and the final
touch to the end users.

Failure Detection

The ability to detect failures which can be self-healed with automation has become more important than
ever. In traditional testing environments, failures are often diagnosed, and the problems that lead to these
failures fixed using procedures that take a lot of time and are only as good as the humans who undertake
them. Al reinforced frameworks use the type of anomaly detection algorithms that can analyze the
historical data in order to identify failures with great accuracy. This particular brought out this aspect
evidently was a case of a strong microservices architecture. Organisations that implemented Al
frameworks in regression testing saw it cut testing cycles by 30 percent. Since they were able to easily
isolate the components in which these anomalies were observed, the developers were better equipped at
preventing problems from escalating and maintaining the functionality of the complete system.

Testing Challenges and Solutions for Cross Platform

With the growing amount of platforms and devices more focus has been shifted to cross-platform testing
as an important area. These differences in operating systems, program devices, and user environment
make it very challenging for effective and efficient testing to occur, where more traditional testing
approaches may become entrenched in these difficulties. Some challenges include; varieties of testing
across the different interface dimensions, differences in screen sizes and its orientation, various
Operating system versions and last but not least; the fragmentation of devices. For a long time, most
organizations have struggled to maintain a coherent user experience across these environments.

Here, self-organizing patterns of Al-based self-healing frameworks look revolutionary. Because these
frameworks incorporate the use of machine learning algorithms, test scenarios can be changed in the run
time depending on the actual configurations that may be encountered during testing. For instance, a
popular financial services application had to work through numerous issues related to achieving peak
performance within iOS and Android interfaces. In particular, an Al-augmented structure would mean
that the organisation could automatically produce device-specific test scripts that would factor in
differences in the layout and operation of the interface. It also helped reduce the time taken in preparing
test scripts by a great deal and also delivered better reliability on the general product.

Another example may be found in a global social networking company that made a lot of efforts aiming
at achieving stable performance as regards various devices. Mentioned above shows that the use of self-
learning automation framework also eliminated regression testing cycles and real time correction of Ul
changes. The outcomes at the end of a single testing cycle demonstrated that test coverage can be
boosted by a stunning 25% whilst at the same time the average time to address cross-platform concerns
was cut down by nearly 40%. Such outcomes suggest the radical transformation of cross platform testing
by depending on Al.

Knowledge-Based and Result-Oriented

Employment of Al supported self-healing frameworks gives birth to rich intelligence which supports qu-
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antifiable evidence of augmentation in the robustness of QA testing. In vast survey analyze over more
than 50 software development projects using these frameworks, organizations claimed more than 40
percent cut in aggregate test effort while at the same time gaining around 20 percent advance in catch
rates of important bugs. Such metrics show that the harmonious integration of Al supports not only
optimization of work, but also improvement of the results.

Further, facilitating a quantitative approach, primary research data collected from developer and tester
questionnaires show nearly unanimous approval on decreasing the amount of manual intervention
required in quality assurance. Feeling empowered is another thing that has been voiced by teams, which
mention that they are free to concentrate on more sophisticated testing tasks instead of frequently
dealing with fundamental tasks such as maintenance and trouble shooting. Strengthening of such a
cultural change hence supporting value-driven testing helps in the further enhancing of QA as well as the
development of innovation among the development teams

10. Future Enhancements
Present Scenario of Al Integrated Self-Healing Automation Frameworks
The concept of incorporating Al to self-healing automation is centered on the capability of the
automation to identify, react and rectify faults that occur through the testing process. In contrast to
typical automation frameworks, which suddenly need extensive manual labor if there are changes in the
software environment, self-healing automation frameworks rely on artificial intelligence, including
machine learning algorithms, to self-initial. These frameworks operate on the premise of continuous
learning: with growing sophistication of the particular software applications, the automation test tools
modify test suites and scripts as necessary, with minimal human supervision.
Currently, self-healing frameworks mainly rely on federated learning solutions where several testing
instances can work together and exchange the results while preserving data confidentiality. This proved
especially effective in the testing phase affording various components of the software the best chance to
learn from each other. Nonetheless there are certain shortcomings of the existing capabilities clearly
visible which has limited number of followers and mostly these are rigid and not so much flexible while
the testing involves in exploratory scenarios.

Future Enhancements: The next frontier in QA automation

Over time as the advancement in the technologies increases and there is a general increase in the

sophistication of software systems, then there has also to be corresponding improvements in the conduct

of QA testing. A few rising trends have the potential to enhance Al-enhanced self-healing automation
frameworks more effectively in the future.

e Al-Assisted Exploratory Testing: For now, one of the more pressing issues is the ability to
automate exploratory testing — a testing approach that greatly depends on the intuition and
experience of the professional. Subsequent versions of self-healing frameworks will most likely
include the use of artificial intelligence in the exploratory testing phase. These tools shall also
employ preprogrammed user behavior and such heuristics to ‘get into’ all facets of the applications
that are difficult for a typical automated test to do and consequently expose flaws that could not be
observed in the course of normal usage.
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o Explainable Al (XAl): One of the key challenges for Al technologies for testing is that many of the
more popular machine learning algorithms are, by their nature, something of a ‘black box’.
Interpretability of Al is used to explain to end users what kind of decision making process an
artificial intelligence based system has gone through to arrive at the final result. When implementing
self-healing, frameworks are combined with XAl that will help practitioners working in the field of
QA to comprehend the testing processes in more detail and, in particular, to realize the decision-
making process of automatons. As such an enhancement is fundamental to the cooperative
operations of Al tools and human testers.

e Roadmap for Evolution: And to make the most of such future enhancements, one needs to draw a
structured time line or roadmap. For phase one, the SDLC could include cycles of short iterative
periods working towards incorporating the exploratory testing with Al capability in the next 12 to 18
months. After that, the integration of XAl working could occur, improving trust and functionality in
the next 18-24 months. Lastly, the integration of these two innovations would build to a total
redesign of self-healing automation frameworks by the third year which makes them essential tools
in any QA program.

10.1 Analysis of Current Competencies against Future Strategy

To understand the shift of QA testing frameworks, it is useful to have an idea of where we are now in
comparison with where we used to be, and where are aiming to get to in the future. The following table
summarizes these aspects:

To contextualize the transformation of QA testing frameworks, it is vital to draw a comparative analysis
between current capabilities, traditional automation practices, and future goals. The following table
summarizes these aspects.

Table 3: Conventional Testing Vs Self — Healing Automation

Criteria Manual Testing Traditional Self- Healing
Automation Automation

Adaptability Low Moderate High

Time Consumption High Moderate Low

Maintenance Effort Very High High Low

Exploratory Testing Yes Limited Enhanced

Trustworthiness of | Subjective Dependent on manual | High (with XAl

Result input integration)

Collaboration None Limited Strong (federated
Learning)

Learning from failures | None Manual update Automated adaptation

As illustrated, the evolution from manual testing and traditional automation to self-healing frameworks
represents a monumental shift in the QA domain. Enhanced adaptability and reduced maintenance
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efforts position self-healing automation as a formidable frontline in ensuring software quality, while
integration with XAl and exploratory testing capabilities will further elevate its standing.

The continued growth of technology has led to a new age where most of the testing of quality assurance
(QA) is carried out using artificial intelligence (Al). Leading this shift is the Al-integrated self-healing
automation frameworks to provide a revolutionary method of maintaining software reliability. The
further improvements in this area are expected to significantly transform the QA testing process into not
only dynamic but also, proactive model.

10.2 Incorporating Federated Learning for Collaborative Improvement

As organizations increasingly adopt Al-augmented self-healing automation frameworks, the potential for
collaborative improvement through federated learning arises. Federated learning is an innovative
machine learning approach that enables multiple participants to collaborate on model training without
sharing their data. Instead of centralizing data in one location, each participant trains a local model and
shares only the relevant insights or model updates. In the context of QA testing, federated learning can
facilitate collaborations between different organizations or departments striving to improve their
automation frameworks. For example, several companies utilizing similar frameworks can collectively
enhance their self-healing capabilities by sharing insights gained from their unique testing scenarios.
Advances in one organization's framework could lead to improvements in others, creating a feedback
loop that continuously refines the overall quality assurance process. This collaborative methodology not
only improves the efficiency and effectiveness of testing but also addresses concerns regarding data
privacy and security. Organizations can benefit from shared learning without compromising sensitive
information. Consequently, federated learning has the potential to cultivate an ecosystem of
collaboration among organizations, leveraging collective experiences and knowledge for mutual gain.

Conclusion

In an era characterized by the rapid evolution and increasing complexity of software applications,
traditional quality assurance (QA) testing practices are encountering considerable challenges in meeting
the demands for agility and reliability. The advent of Al-augmented self-healing automation frameworks
emerges as a promising solution, offering organizations the potential to revolutionize their QA testing
methodologies. By leveraging cutting-edge artificial intelligence, these frameworks not only enhance the
efficiency and effectiveness of testing processes but also streamline the management of those processes
amid a constantly changing digital landscape. The key to the transformative power of Al-augmented
self-healing frameworks lies in their architecture, which is built upon advanced Al techniques
specifically tailored for failure detection and error diagnosis, coupled with automatic healing strategies.
This integration provides organizations with the necessary tools to alleviate the labor-intensive burden
associated with script maintenance, thereby enhancing the resilience and reliability of automated testing
procedures. By adopting such innovative frameworks, businesses can ensure that their QA processes are
not only reactive but also proactive, anticipating issues before they arise and responding with minimal
manual intervention. Despite the advantages these frameworks present, organizations must navigate
certain challenges prior to widespread adoption. Issues surrounding data privacy, the transparency of Al
models, and the seamless integration of these frameworks with existing testing tools require careful
consideration and strategic planning. Nonetheless, the potential benefits of Al-augmented QA
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frameworks far outweigh these hurdles. Organizations keen on maintaining high standards of software
quality and performance are encouraged to embrace this transformative approach, as doing so promises
notable enhancements to their QA efforts.

In conclusion, organizations that invest in Al-augmented self-healing automation frameworks today will
be well-positioned to not only navigate but also thrive amidst the complexities of the modern digital
landscape. By embracing this innovative approach, businesses can ensure their software quality
assurance practices are robust and resilient, thus safeguarding the quality and performance of their
software applications in an increasingly competitive environment. The future of QA testing is not merely
about keeping pace with changes; it is about leveraging advanced technologies to anticipate and address
challenges proactively, heralding a new era of efficiency and effectiveness in software quality assurance.
Based to the current advancements of the Al technology. The future of self-healing automation
frameworks is even brighter. These frameworks will progressively improve through the integration of
other machine learning algorithms and techniques which in return make these frameworks learn directly
from the interfaces of these software applications that they are designed to test. This dynamic capability
therefore positions the 1A-self healing automation frameworks to transform the QA testing from a labor
intensive and principally reactive business into a more proactive, lean and intelligent business.
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