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Abstract: Software quality assurance (SQA) is essential for reliable software in fast-paced
development. ISO 9001 is used by over one million companies in 170+ countries; CMMI (Capability
Maturity Model Integration) defines five maturity levels and integrates with Agile, with CMMI-based
improvement showing measurable gains in schedule, cost, product quality, and ROI Test-driven
development (TDD) has been associated with 40—90% lower pre-release defect density in industry
studies; behavior-driven development (BDD) improves requirement clarity and collaboration.
Automated testing and CI/CD maintain stable codebases;, the DORA framework (deployment
frequency, lead time, change failure rate, recovery time) links delivery performance to business
outcomes. This paper reviews SQA models and practices and summarizes evidence from recent
industry surveys and the 2024 DORA report.

Index Terms: Software quality assurance (SQA), CMMI, ISO 9001, agile development, test-driven
development (TDD), continuous integration (CI), DevOps, quality metrics.

1. INTRODUCTION

Quality assurance (QA) is central to modern software development. ISO 9001 is used by over one million
companies in more than 170 countries and focuses on risk-based thinking, customer satisfaction, and continual
improvement. CMMI (Capability Maturity Model Integration), developed by Carnegie Mellon University's
Software Engineering Institute, defines five maturity levels—Initial, Managed, Defined, Quantitatively Managed,
and Optimizing—and integrates with Agile. CMMI-based process improvement has demonstrated measurable
gains in schedule performance, cost performance, product quality, and return on investment. ISO/IEC 25030
(SQuaRE) provides a quality requirements framework for systems and software. Waterfall, Agile, and DevOps
offer different QA views. Waterfall stresses documentation and defined testing; Agile stresses iterative testing and
feedback; DevOps unites development and operations and relies on CI/CD and automated testing for rapid
feedback. Strong QA reduces production bugs and shortens release cycles. A quality-centric culture—where
developers and managers share responsibility—helps find issues early and keeps QA part of the full lifecycle.
Metrics (defect density, test coverage) guide improvement. Automation speeds regression testing; ML and Al are
changing testing; DevSecOps integrates security into QA.
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FIGURE 1. SQA practices adoption (2023): dedicated QA teams, Agile, automation, TDD/BDD.
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2. LITERATURE REVIEW

Literature on SQA stresses standards and frameworks. ISO/IEC 25010 defines quality characteristics for
stakeholder satisfaction; ISO/IEC 25030:2019 (SQua RE) updates the quality requirements framework for systems
and software engineering. The main distinction is that ISO 9001 sets requirements for a quality management
system while CMMI measures process maturity; integrating ISO 9001:2015 with CMMI 3.0 has shown significant
benefits for quality and efficiency in software projects. Defined guidelines reduce defects and improve product
quality. Automated testing reduces human error and improves consistency. Context (team, scope) shapes which
techniques work best. Combining static and dynamic testing finds more defect types across the lifecycle. DevOps
and Agile reshape SQA: CI/CD, rapid feedback, and collaboration. User acceptance testing (UAT) keeps end-user

needs central to development. Empirical research and systematic data collection validate which SQA techniques
work best in practice.

Trends in Software Quality Assurance Practices (2023)
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FIGURE 2. Continuous testing, automation, and defect reduction in SQA (2023).
3. METHODOLOGY

Effective SQA requires a systematic methodology that combines models and frameworks; the approach must be
reproducible. Evidence supports early testing: a Microsoft Research study with three Microsoft teams and one
IBM team found pre-release defect density decreased between 40% and 90% when using TDD compared with
similar projects without TDD. A systematic review of 27 studies reported 76% identified increased internal quality
and 88% increased external quality with TDD versus Test Last Development. Fixing defects in production can
cost up to 200 times more than fixing them in the requirements phase, justifying investment in early testing. A
base model (e.g. V-Model, Agile) embeds QA in the SDLC. Qualitative tools (peer reviews, walkthroughs) and
quantitative metrics measure and improve quality early. Quantitative metrics (testing, defect density, satisfaction
surveys) support quality decisions; combining them with user feedback raises quality. Risk-based QA prioritizes
testing by impact; teams identify high-risk areas early and allocate resources accordingly.
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Risk-Based QA Methodology
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FIGURE 3. Risk-based QA methodology and resource allocation.
4. RESULTS

SQA models improve quality and efficiency. The 2024/25 DORA (DevOps Research and Assessment) report
surveyed over 32,000 professionals worldwide and links software delivery performance to business outcomes.
DORA's four metrics are deployment frequency, lead time for changes, change failure rate, and time to restore
service; elite performers deploy on demand, achieve lead times under one day, keep change failure rate at 0—15%,
and restore service in under one hour. Continuous integration, loosely coupled teams, and fast code reviews
improve delivery and operations; generative culture and psychological safety are among the strongest predictors
of performance. Agile within SQA enables early defect detection and lowers late-cycle fix costs. Agile improves
adaptability, quality, and satisfaction; it is linked to higher productivity. Compared with Waterfall, Agile projects
show fewer critical bugs after deployment; continuous testing and feedback reduce failure risk. Katalon 2023
(3,000+ QA engineers) found 79% report cost savings from test automation; teams with high test coverage are
over three times more likely to increase deployments 50—100%. TDD can increase initial development time by
15-35%, but the long-term ROI is positive due to fewer production defects. Automated testing enables repeatable
regression tests and faster time-to-market (e.g. ~30% over manual testing). Nearly 90% of organizations prioritize
DevOps; integrating SQA with DevOps promotes shared responsibility, fewer defects, and QA as a continuous
process. The 2024 DORA report notes that throughput and stability remain steady among high-performing teams
despite organizational turbulence, and that teams with high-quality documentation are more than twice as likely
to meet reliability targets. Deployment frequency and lead times improve when QA is in the pipeline.

5. DISCUSSION

SQA mixes traditional (Waterfall, V-Model) and agile practices. This mix creates both challenges and
opportunities for improving quality. SQA choice affects outcomes; automated testing in agile frameworks finds
more defects than manual processes and aligns with CI/CD. The 2024 DORA report cautions against using DORA
metrics to compare teams or set inappropriate targets; metrics should guide improvement rather than drive
competition. DevOps streamlines workflows and supports collaborative QA; psychological safety and team
identity are strong predictors of delivery performance. Organizational maturity shapes SQA: advanced firms use
metrics and analytics; others rely on basic practices. SQA actions should fit context. Training and skills support
quality culture. Aligning SQA with organizational goals improves performance; clear metrics linked to business
goals support tracking and resource decisions. ML and Al can automate regression testing and bug detection;
human roles and oversight will need to evolve with training and workforce planning. Ethics matter: SQA must
address privacy and security; techniques should meet specs and protect users. Ethical awareness in SQA maintains
public trust.

6. CONCLUSION

SQA combines many methods to improve reliability and performance. Modern models use automation and real-
time metrics for a proactive approach. Agile and TDD support iterative work, frequent testing, and early defect
fixing. Strong SQA improves customer satisfaction and release speed. Al and ML improve testing accuracy and
speed; predictive strategies fix issues before they reach users. These technologies support CI/CD pipelines.
Combining established practices with new tech and continuous learning keeps quality high. SQA is a system of
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practices and tools tailored to context. Viewing quality broadly aligns development with business goals.
Collaboration among developers, testers, and stakeholders finds issues early; clear communication strengthens
complex systems. Organizations need an agile SQA strategy tailored to project and team. Feedback and analysis
keep methods relevant as technology changes. QA is continuous; success depends on culture and investment in
training and resources. Quality at every stage reduces defect costs and improves competitiveness. Continuous
improvement and adapting models to new technology support lasting success in quality management.
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