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ABSTRACT: Dynamic and distributed software architectures have expanded the scope of quality engineering beyond 

periodic testing, post-release defect tracking, and manually curated reliability reviews. Contemporary systems evolve through 

frequent code commits, independently deployable services, rapidly changing dependency graphs, observability pipelines, cloud 
runtime policies, and security controls that interact in non-linear ways. This paper proposes an adaptive quality engineering 

framework that integrates machine learning, observability, automated testing, governance controls, and runtime feedback to 

continuously predict, diagnose, and mitigate quality risks in distributed software ecosystems. Rather than treating quality 

assurance as a terminal activity performed after implementation, the proposed approach operationalizes quality as a closed 

loop that begins with design-time context, learns from development and production telemetry, and adapts verification 

priorities, test depth, rollout policies, and remediation workflows in real time. The framework combines multi-source quality 

signals from code, commits, service graphs, metrics, traces, logs, security events, and release metadata; transforms these into 

layered representations for defect prediction, failure propagation analysis, anomaly detection, and risk scoring; and uses 

policy-aware decision logic to trigger targeted quality actions. In addition to presenting the architectural layers and learning 

workflow, the paper formalizes design goals, adaptation rules, and evaluation criteria suitable for large-scale enterprise 

environments. The result is a research-grounded reference model for adaptive quality engineering that aligns software defect 

prediction, observability, resiliency analysis, and governance into a unified quality intelligence capability for modern 
distributed systems. 

 

KEYWORDS: Adaptive Quality Engineering, Software Defect Prediction, Observability, Distributed Systems, Microservices, 

Machine Learning, Automated Testing, Runtime Governance. 

 

1. INTRODUCTION 
Quality engineering in modern software systems is no longer confined to defect logging and regression testing. Distributed 

architectures change continuuosly through frequent commits, elastic infrastructure updates, evolving service dependencies, and 

multi-stage delivery pipelines. Under these conditions, quality failures are often emergent rather than local: a code change that 

appears correct in isolation can create latency amplification, state inconsistency, security exposure, or cascading service 

degradation when deployed into a live topology. Recent architecture-centered work has emphasized AI-driven lifecycle 

governance, software quality prediction, graph-based dependency reasoning, and failure diagnosis as core ingredients for 

managing this complexity [1], [2], [3], [4]. 

 

The shift from monolithic systems to service-oriented and microservices-based deployments also changes what must be 

measured and when it must be acted on. Quality engineers now need to interpret deployment metadata, trace relationships 

between services and features, evaluate automated test effectiveness, and decide whether a release should proceed, be slowed 

down, or be isolated. Frameworks for unified AI governance and reliability engineering [5], end-to-end observability of 
customer AI systems [6], comparative studies of automated testing in Java enterprise environments [7], and just-in-time defect 

prediction at the level of code changes [8] all point to the same challenge: quality decisions have to be made continuously, at 

multiple granularities, and with incomplete information. 

 

A second challenge is that the quality signal itself is fragmented. Defect proneness may be partially visible in code metrics, 

partially visible in change histories, and partially visible only after runtime symptoms appear. Architectural reasoning on 

lifecycle optimization [9], AI-driven monitoring for cloud pipelines [10], comparative analyses of machine learning techniques 

for software defect prediction [11], and multimodal diagnosis for microservice failures [12] suggest that robust quality 

decisions require fusion across development-time and operations-time evidence. In other words, adaptive quality engineering 

must connect the pre-release world of test design and code review with the post-release world of observability, resilience, and 

risk containment. 
 

 

https://doi.org/10.64137/31079377/IJMSD-V2I1P106
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This paper addresses that need by proposing a unified framework for adaptive quality engineering using machine learning for 

dynamic and distributed software architectures. The paper makes four contributions. First, it defines adaptive quality 

engineering as a closed-loop capability that continuously senses, predicts, prioritizes, and intervenes across the software 

lifecycle. Second, it presents a layered architectural model that integrates code-centric analytics, runtime observability, graph-

based dependency reasoning, policy controls, and automated response. Third, it formalizes a risk scoring and adaptation 

workflow that can guide test prioritization, deployment gating, fault isolation, and security-oriented quality actions. Fourth, it 
provides an evaluation blueprint for researchers and practitioners seeking to validate adaptive quality systems in realistic 

distributed environments. 

 

2. RELATED WORK AND RESEARCH MOTIVATION 
The literature already provides several building blocks for adaptive quality engineering, although these components are often 

studied separately. Studies on deep learning for patient engagement systems [13] and secure microservices for regulated 

prescription processing [14] demonstrate that enterprise platforms increasingly rely on AI-assisted workflows deployed over 
service-based architectures. At the same time, lifecycle governance research has argued for end-to-end AI-based systems 

engineering that brings predictive quality assurance, automation economics, and cybersecurity intelligence into one decision 

model [15]. More recent defect prediction work based on multi-view dependency graphs [16] extends this direction by showing 

that software quality cannot be fully understood from code metrics alone; developer and structural dependency information 

also matter. 

 

Defect prediction itself has matured from comparative benchmarking toward richer representations of change context and code 

structure. Comparative studies of machine learning models [17], predictive monitoring for data pipelines [18], and analytics-

driven optimization in operational workflows [19] reinforce the value of early warning signals, while graph-based line-level 

defect prediction [20] shows that localized code context can improve fine-grained reasoning about fault-prone artifacts. 

Together, these studies motivate a quality engineering model that learns at multiple granularities, from commits and files to 
services and entire release trains. 

 

Another important strand of work investigates adaptation in learning and optimization. Ensemble approaches for software fault 

detection [21], evolutionary optimization of neural architectures for binary classification [22], anomaly-aware secure 

communication strategies [23], and latent-space root cause analysis under limited observability [24] all suggest that static 

quality models quickly become brittle when confronted with dynamic architectures. Quality engineering therefore needs 

mechanisms for model refresh, representation drift detection, and response adaptation under partial information. The key 

lesson is not simply to predict more defects, but to create decision systems that remain useful as architectures, traffic patterns, 

and deployment conditions change. 

 

Research outside classical software quality also matters because it demonstrates how decision intelligence is being embedded 

into socio-technical systems. Comparative analyses of neural network architectures for fault detection [25], machine-learning-
enabled customer engagement forecasting in decentralized finance systems [26], emotion understanding in human computer 

interaction [27], and blockchain-supported traceability in multi-tier manufacturing chains [28] show that adaptive decision 

loops increasingly operate across heterogeneous data modalities, operational constraints, and risk surfaces. This broader 

evidence supports the argument that software quality engineering should evolve from a testing discipline into a quality 

intelligence discipline. 

 

Quality engineering for safety-critical and business-critical domains further underscores the need for continuous risk 

management. Risk-aware AI frameworks for automated testing in banking [29], fax-to-digital automation in pharmacy 

operations [30], optimized neural training strategies [31], and sustainable manufacturing systems with dense sensor feedback 

[32] each illustrate a common requirement: operational quality is inseparable from timeliness, trust, and controlled automation. 

In these environments, a defect is not merely a bug; it is a potential interruption to financial integrity, healthcare workflows, or 
cyber-physical execution. 

 

Finally, recent work on software vulnerability detection [33], OCR improvement for prescription processing [34], convergence 

analysis in numerical methods [35], collaborative human-robot manufacturing [36], operator digital doubles [37], cloud-native 

decision intelligence [38], cloud platform comparisons [39], and global rollout strategies for multi-country deployments [40] 

highlights three unresolved gaps. First, most studies optimize one quality subproblem at a time, such as defect prediction, 

anomaly detection, or platform deployment. Second, few studies specify how predictions should be converted into concrete 

quality actions. Third, there remains limited guidance on how to align learning-based quality mechanisms with governance, 

compliance, and release control in fast-changing distributed systems. These gaps motivate the integrated framework proposed 

in this paper. 
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3. PROBLEM FORMULATION AND DESIGN PRINCIPLES 
Adaptive quality engineering is defined here as the capability to continuously estimate quality risk and dynamically adjust 

verification and control actions across a distributed software lifecycle. Let a system state at time t be represented by S(t) = {C, 

T, O, G, R, P}, where C denotes code and change artifacts, T denotes test evidence, O denotes observability signals, G denotes 

service and dependency graphs, R denotes release context, and P denotes policy constraints. The central objective is to learn a 

decision function f(S(t)) that outputs a set of quality actions A(t), such as prioritizing tests, delaying a rollout, expanding 

telemetry collection, isolating a service, or triggering human review. 

 

This formulation differs from traditional defect prediction in three ways. First, the prediction target is not a single defect label 

but a composite risk posture spanning correctness, reliability, performance, security, and recoverability. Second, the feature 

space includes both pre-release and post-release evidence. Third, the output is action-oriented: the goal is to improve 

operational quality outcomes, not merely classification accuracy. The design assumes that distributed architectures are 

dynamic, partially observable, and graph-structured, which means that quality reasoning must be incremental, contextual, and 
explainable enough to drive intervention. 

 

Five design principles follow from this formulation. D1: multi-source evidence fusion - quality decisions should combine 

structural, behavioral, and governance signals rather than rely on any single metric family. D2: topology awareness - the 

learning process should account for service dependencies, change impact paths, and propagation risk. D3: policy-constrained 

adaptation - automated actions must respect release rules, security controls, and domain-specific compliance requirements. D4: 

human-centered explainability - engineers should understand why the system has raised a quality concern or recommended a 

response. D5: continuous recalibration - models and thresholds must adapt to drift in codebase shape, workload composition, 

runtime environment, and organizational delivery practices. 

 

These principles place adaptive quality engineering at the intersection of software analytics, observability engineering, release 
governance, and operational resilience. The purpose of the framework is therefore not to replace quality engineers, but to 

increase their decision bandwidth by learning from patterns that would otherwise remain hidden across fragmented tools and 

lifecycle stages. 

 

4. PROPOSED ADAPTIVE QUALITY ENGINEERING FRAMEWORK 
The proposed framework comprises six tightly coupled layers: (1) quality telemetry ingestion, (2) representation and feature 

engineering, (3) learning and inference, (4) risk synthesis, (5) policy-aware orchestration, and (6) feedback-driven 
recalibration. Figure-style descriptions are embedded narratively because the framework is intended as a reference architecture 

that can be mapped onto multiple toolchains and deployment environments. 

 
TABLE 1 Layers of the Adaptive Quality Engineering Framework and their Operational Role 

Layer Primary inputs Analytics role Typical action 

Telemetry 

ingestion 

Code, commits, tests, logs, traces, 

metrics, policies 

Normalize and timestamp 

multi-source quality evidence 

Trigger feature 

refresh 

Representation 

layer 

AST deltas, dependency graphs, 

service topology, release metadata 

Build commit, file, service, 

and release embeddings 

Update risk context 

Inference layer Feature store plus historical 

outcomes 

Run defect, propagation, 

anomaly, and security models 

Produce 

component scores 

Risk synthesis Model outputs plus criticality 

weights 

Compute composite quality 

risk 

Rank interventions 

Policy 

orchestration 

Risk score, confidence, compliance 

rules 

Map predicted risk to 

governed actions 

Gate, expand tests, 

isolate 

Feedback loop Incident outcomes, rollback results, 

operator feedback 

Recalibrate models and 

thresholds 

Retrain or retune 

 

The first layer, quality telemetry ingestion, collects evidence from the entire delivery and runtime chain. Development-side 

inputs include static code metrics, abstract syntax changes, commit messages, review metadata, change volume, ownership 

dispersion, historical defects, and test outcomes. Runtime-side inputs include logs, traces, metrics, incident annotations, 
deployment topology, cache behavior, queue depth, rollout strategy, and environment health. Governance-side inputs include 

policy checks, security scan outputs, regulatory controls, service criticality labels, and business impact tags. This layer is 

essential because distributed failures often emerge from interactions between code, context, and execution topology rather than 

from isolated coding mistakes. 

 

The second layer transforms raw signals into quality representations at multiple granularities. File-level and line-level 

embeddings capture local defect proneness. Commit-level features capture change risk, reviewer uncertainty, and semantic 

intent. Service-level graph embeddings represent call relationships, shared databases, dependencies, and blast-radius potential. 
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Release-level features summarize rollout context, operational history, and deployment exposure. The framework intentionally 

mixes statistical features, semantic representations, and graph encodings. This allows one model family to focus on short-

horizon defect detection while another focuses on cross-service failure propagation or anomaly emergence. 

 

The third layer performs learning and inference. Four model classes are recommended. M1 is a defect likelihood model trained 

on code and change evidence. M2 is a propagation model trained on dependency graphs, traces, and incident histories. M3 is a 
runtime anomaly model trained on observability sequences and multimodal telemetry. M4 is a security and policy deviation 

model trained on vulnerability, configuration, and communication patterns. These models can be implemented using 

ensembles, gradient-boosting methods, graph neural networks, transformers over code changes, temporal anomaly models, or 

hybrid stacks chosen according to data availability and explanation needs. The framework does not prescribe a single 

algorithm; it prescribes a coordinated modeling strategy. 

 

The fourth layer synthesizes model outputs into an actionable risk score. We define composite quality risk as: R_q(t) = w_d 

D(t) + w_p P_f(t) + w_a A(t) + w_s S_v(t) + w_r R_l(t), where D(t) is defect likelihood, P_f(t) is predicted failure propagation 

impact, A(t) is runtime anomaly severity, S_v(t) is security or policy deviation risk, and R_l(t) is release exposure. The weights 

w_d, w_p, w_a, w_s, and w_r are calibrated using domain priorities, service criticality, and historical incident costs. In a 

healthcare workflow, security and recoverability may receive higher weights. In a retail promotion engine, latency sensitivity 

and propagation potential may matter more. The point is to make quality risk composite, configurable, and explicitly aligned 
with business context. 

 

The fifth layer converts risk into action through policy-aware orchestration. When R_q(t) crosses predefined thresholds, the 

orchestration engine selects one or more responses: expand regression scope, require additional reviewers, increase canary 

duration, pause deployment, isolate a service, enable enhanced tracing, trigger rollback, or request manual approval. Crucially, 

the action policy is not a direct reflection of the model output. It is a function g(R_q(t), policy, criticality, confidence, operator 

load), meaning that identical technical risk may yield different responses depending on service tier, time sensitivity, regulatory 

posture, or incident context. 

 

The sixth layer is feedback-driven recalibration. Once a quality action is taken, the system records whether the intervention 

prevented an incident, reduced mean time to detect, improved test yield, or unnecessarily increased engineering toil. These 
outcomes are used to recalibrate thresholds, retrain models, reweight the composite risk score, and prune noisy signals. This 

makes the framework adaptive in a strict sense: it learns not only from defects and failures, but also from the quality 

interventions themselves. 

 

A key strength of the framework is that it supports both proactive and reactive quality engineering. Proactively, it predicts 

risky commits, services, rollout windows, and dependency paths before broad exposure. Reactively, it correlates live anomalies 

with structural change context to accelerate containment and diagnosis. Because both modes share a common evidence model, 

the framework avoids the classic disconnect in which pre-release testing and post-release incident management operate as 

separate organizational universes. 

 

5. DYNAMIC ADAPTATION LOOP AND OPERATIONAL WORKFLOW 
The adaptation loop begins at change intake. For each commit or pull request, the system computes a change-risk profile using 

code metrics, semantic change features, ownership distribution, dependency reach, and historical quality patterns. If the 

predicted risk is low and confidence is high, the framework selects a lightweight verification path, such as targeted unit and 

contract tests. If the change-risk profile is moderate, it expands integration coverage and requests additional architectural 

checks. If the profile is high, it can require end-to-end validation, staged rollout, or explicit approval. This selective verification 

strategy reduces unnecessary cost while concentrating quality effort where it matters most. 

 
Once the change moves toward deployment, the service graph becomes central. The framework estimates blast radius using 

direct and indirect dependencies, shared data stores, network criticality, and past propagation behavior. A service with modest 

local defect likelihood may still receive strong scrutiny if it sits on a high-centrality path or coordinates transactions across 

multiple bounded contexts. This is especially important in distributed systems where seemingly peripheral services act as 

synchronization hubs. Topology-aware prioritization therefore prevents underestimation of architectural risk. 

 

After deployment begins, the loop shifts into online monitoring. The anomaly model evaluates traces, logs, and metrics against 

learned normality windows, but it also conditions on deployment context. An elevated latency pattern during a canary is not 

interpreted the same way as an identical pattern during steady state. Similarly, transient errors following a configuration refresh 

may be tolerated within a brief window but escalated if they coincide with vulnerable communication paths or quality-critical 

endpoints. Context-aware monitoring reduces false positives and supports faster intervention. 
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When an anomaly is detected, the framework fuses online and historical evidence to localize likely root causes. Observability 

alone often identifies where symptoms appear, not where they originate. By combining recent code changes, service 

dependencies, policy deviations, and latent root-cause candidates, the framework narrows investigation scope. This makes 

incident response more efficient because the same adaptive system that prioritized the release can also explain which 

components, recent changes, or interaction paths are most responsible for the emerging quality risk. 

 
The adaptation loop also supports security-oriented quality engineering. Modern distributed systems routinely fail quality 

expectations through configuration weaknesses, insecure communication, exposed interfaces, or unanticipated data flows. For 

that reason, vulnerability and policy signals are not relegated to a separate security dashboard. Instead, they contribute directly 

to composite quality risk. A release may be blocked not only because of defect probability, but because its predicted quality 

posture is unacceptable under confidentiality, integrity, or compliance rules. This treatment is particularly important for 

regulated enterprise systems where quality and trustworthiness are inseparable. 

 

Human oversight is preserved through explanation artifacts generated at each adaptation stage. For every recommended action, 

the framework should provide a concise rationale comprising feature contributors, affected services, comparable historical 

cases, uncertainty level, and the predicted benefit of intervention. These explanation bundles serve three purposes: they 

increase operator trust, make quality decisions auditable, and support continuous refinement of governance rules. In practice, 

explainability is what transforms machine learning from an interesting analytics layer into an actionable quality engineering 
asset. 

 

Operationally, the adaptation loop can be implemented in event-driven fashion. Commits, build completions, test failures, 

deployment events, runtime anomalies, and policy violations are treated as quality events written to a unified event bus or 

quality ledger. Downstream services consume these events to refresh feature stores, rerun inferences, update risk scores, and 

record interventions. This event-centric design makes the framework suitable for cloud-native platforms where services scale 

independently and quality observations arrive asynchronously. 

 

6. EVALUATION STRATEGY FOR RESEARCH AND PRACTICE 
Because adaptive quality engineering is an end-to-end capability, evaluation must go beyond model accuracy. A strong 

assessment framework should examine predictive validity, operational effectiveness, governance compliance, and economic 

efficiency. At the predictive level, conventional metrics such as precision, recall, F1-score, AUC, calibration error, false-alarm 

rate, and time-to-signal remain important. However, they should be computed at several levels: line, file, commit, service, and 

release. Granularity matters because a model that performs adequately at the file level may be too coarse to support selective 

verification or targeted rollback. 

 
TABLE 2 Recommended Evaluation Dimensions for Adaptive Quality Engineering 

Dimension Representative metrics Decision meaning 

Predictive 

validity 

Precision, recall, F1, AUC, calibration error, false 

alarm rate 

Are the models accurate and 

trustworthy? 

Operational 

effect 

Escaped defects, incident rate, MTTD, 

MTTR/MTTI, rollback ratio, blast-radius accuracy 

Did quality outcomes improve 

in practice? 

Governance 

fitness 

Policy compliance rate, auditability, explanation 

sufficiency, critical-service handling 

Were automated actions 

acceptable and controllable? 

Economic 
efficiency 

Test savings, review effort saved, operator 
workload, alert fatigue 

Did adaptation reduce toil 
without harming safety? 

 

At the operational level, the framework should be judged by the quality outcomes it changes. Suitable measures include 

escaped defect rate, incident frequency, mean time to detect, mean time to isolate, rollback ratio, canary success rate, 

regression yield, and percentage of high-risk changes receiving appropriate verification depth. For distributed systems, 

propagation-aware measures are especially valuable, such as the percentage reduction in cross-service incident spread and the 

accuracy of blast-radius estimation relative to actual impacted services. 

 

At the governance level, evaluation should examine whether the system respects release rules and domain constraints. Useful 

questions include: How often did automated actions violate policy? How often were risky releases appropriately slowed or 

gated? Were high-criticality services treated with stricter quality thresholds? Did explanation records provide sufficient 

traceability for audits and post-incident reviews? These questions are indispensable in industries where adaptive automation 
must remain accountable to human and regulatory oversight. 

 

At the economic level, evaluation should quantify whether adaptation reduces wasted effort. This includes measuring test 

execution savings from selective verification, review effort saved through better prioritization, and the opportunity cost of false 

positives that trigger unnecessary interventions. An adaptive framework is valuable only if it improves quality without creating 
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unsustainable operator burden. Therefore, evaluation should include human factors such as alert fatigue, explanation usability, 

and operator agreement with system recommendations. 

 

For empirical validation, three experimental setups are recommended. E1 is retrospective replay on historical repositories, 

incidents, and telemetry to evaluate how the framework would have behaved on past releases. E2 is shadow deployment, where 

the framework produces recommendations without controlling production decisions, allowing comparison against actual 
outcomes. E3 is guarded online deployment, where selected low-risk actions are automated and higher-risk actions remain 

advisory until sufficient trust is established. This progression reflects the reality that adaptive quality engineering itself must be 

introduced adaptively. 

 

7. DISCUSSION 
The proposed framework reframes quality engineering as a control problem over a dynamic, graph-structured, partially 

observable system. This perspective has several implications. First, it makes clear that defect prediction alone is insufficient. A 
high-performing classifier that does not understand architecture, runtime symptoms, or policy constraints can still produce poor 

engineering decisions. Second, it suggests that observability is not merely a debugging aid. In adaptive quality engineering, 

observability is a learning substrate that continuously updates the quality state of the system. A further implication is 

organizational. Many teams still separate test engineering, site reliability engineering, security scanning, and release 

governance into distinct silos with different tooling and incentives. The framework proposed here does not eliminate those 

specialties, but it argues that they should share a common quality intelligence layer. When test outcomes, topology changes, 

incident traces, and policy findings are interpreted jointly, quality teams can move from reactive coordination to anticipatory 

control. 

 

The framework also highlights a deeper research challenge: adaptation itself can create instability if poorly governed. 

Aggressive threshold tuning may lead to oscillatory rollout decisions. Over-sensitive anomaly detection may raise operator 
fatigue. Under-sensitive security weighting may permit risky releases. As a result, adaptive quality engineering requires not 

only better models but also disciplined governance of model updates, threshold drift, and intervention policies. The quality 

system must be engineered with the same rigor as the software system it protects. Finally, the framework has relevance beyond 

classical software reliability. Distributed architectures increasingly host AI-driven workflows, digital platforms, and cyber-

physical coordination layers. In these settings, quality failures have social and economic consequences that exceed ordinary 

software bugs. The convergence of defect prediction, observability, decision intelligence, and policy-aware automation 

therefore represents a practical research agenda for resilient software-intensive systems more broadly. 

 

8. THREATS TO VALIDITY AND LIMITATIONS 
Several limitations should be acknowledged. First, the proposed framework is architecture-centric and assumes access to 

reasonably mature observability and delivery metadata. Organizations with weak telemetry, inconsistent incident labeling, or 

fragmented repositories may need substantial data engineering before adaptation becomes reliable. Second, quality labels are 

often noisy. Defects may be underreported, incidents may be misattributed, and the causal distance between code change and 

runtime outcome may be difficult to establish. 

 

Third, model generalization remains a challenge. Signals that predict quality issues in one domain or service topology may not 

transfer cleanly to another. The framework addresses this through recalibration and policy weighting, but transfer risk cannot 

be eliminated. Fourth, explanation quality depends on the choice of model class and the fidelity of supporting metadata. Poor 
explanations may undermine human trust even when predictive performance is acceptable. 

 

Finally, the paper presents a reference architecture rather than a fully benchmarked implementation. That choice is deliberate 

in order to avoid overclaiming empirical performance without a shared dataset and deployment context. The contribution of 

this paper is therefore conceptual and architectural: it specifies how adaptive quality engineering can be structured, 

operationalized, and evaluated in dynamic distributed environments. Future work should instantiate the framework on public 

and industrial datasets to quantify trade-offs among predictive gain, operational overhead, and governance robustness. 

 

9. CONCLUSION 
Dynamic and distributed software architectures demand a form of quality engineering that is continuous, topology-aware, and 

action-oriented. This paper proposed an adaptive quality engineering framework that unifies machine learning, observability, 

defect prediction, failure diagnosis, governance, and automated intervention into a closed-loop quality intelligence capability. 

By combining multi-source telemetry with layered inference and policy-aware orchestration, the framework supports selective 

verification, deployment control, faster diagnosis, and more accountable quality decisions. 

 

The central argument is simple: in modern distributed systems, quality cannot be ensured through static checkpoints alone. It 

must be sensed, inferred, and adapted in real time. The proposed framework provides a research-grounded reference model for 

doing so, while leaving room for different toolchains, model families, and governance settings. As software platforms continue 
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to grow in scale, autonomy, and operational importance, adaptive quality engineering offers a promising direction for building 

systems that are not only functional, but resilient, observable, and trustworthy. 
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