


An Adaptive Explainable AI Framework for Reliable Decision-Making in Real-World Environments

Abstract
Artificial intelligence (AI) systems increasingly support decisions in environments where data distributions, operational conditions, user needs, and risk levels change over time. Models that perform well during development may become unreliable after deployment because of data drift, concept drift, sensor degradation, population changes, or unexpected interactions. At the same time, predictive performance alone is insufficient for high-impact decisions: users need explanations that are understandable, relevant to the decision context, and accompanied by appropriate uncertainty information. This paper proposes an Adaptive Explainable AI (A-XAI) framework intended to integrate reliability monitoring, explanation generation, uncertainty estimation, human oversight, and controlled model adaptation within a unified lifecycle. The framework contains nine conceptual components: contextual data acquisition; data-quality, privacy, and drift assessment; prediction with uncertainty estimation; context-sensitive explanation generation; decision support and human oversight; risk-aware reliability gating; feedback and audit logging; controlled adaptation; and post-adaptation revalidation with version control. A formal decision policy is presented to connect predictive confidence, drift evidence, explanation quality, and consequence severity to actions such as automated recommendation, human review, abstention, or retraining. The paper also proposes an evaluation protocol spanning predictive performance, calibration, robustness, explanation fidelity and stability, fairness, latency, and operational outcomes. As a conceptual contribution, the framework is not presented as experimentally validated; its effectiveness must be tested in domain-specific studies using real deployment data and preregistered evaluation criteria. The proposed design offers a structured basis for developing AI systems that remain interpretable and risk-aware as real-world conditions evolve.
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1. Introduction
Artificial intelligence is increasingly embedded in decision-support systems across healthcare, agriculture, finance, manufacturing, education, public services, and infrastructure. In these settings, model outputs can influence resource allocation, diagnosis, maintenance, risk assessment, and service delivery. However, real-world environments are not static. Data collection processes change, sensors degrade, users adapt their behaviour, populations shift, and the relationship between inputs and outcomes may evolve. A model trained on historical data can therefore experience reduced performance after deployment even when its initial test results were satisfactory. Research on concept drift emphasises that evolving data streams require monitoring and mechanisms for detecting, localizing, and understanding change (Hinder et al., 2024). Recent work on explainable machine learning in critical decision systems considers reliability, validation and verification as complementary components of safety-oriented assessment (Wiggerthale & Reich, 2024).
A second challenge concerns the opacity of complex predictive models. Explainable artificial intelligence (XAI) methods seek to make model behaviour more understandable through feature attribution, local approximations, example-based explanations, counterfactuals, and other techniques. LIME provides local surrogate explanations for individual predictions, while SHAP formalises additive feature attribution using concepts from cooperative game theory (Lundberg & Lee, 2017; Ribeiro et al., 2016). Nevertheless, a technically plausible explanation does not automatically establish that a model is correct, fair, robust, or safe. Explanation usefulness depends on the audience, decision context, and the question being asked. Human-centred XAI therefore emphasizes user needs and actionable communication rather than treating explanation as a purely algorithmic output (Ridley, 2025). SHAP-based explanations have been applied to machine-learning predictions in breast cancer classification, illustrating a clinical use of feature-attribution methods (Mutinda et al., 2025). Mathematical approaches combining symbolic reasoning and statistical learning have also been examined for interpretability (Omokoh et al., 2025). A recent XAI review identifies human-centred design and standardised evaluation as continuing research priorities (Kabir et al., 2025).
Trustworthy AI must be considered across the system lifecycle rather than as a final compliance check. The National Institute of Standards and Technology (NIST) identifies validity and reliability, safety, security and resilience, accountability and transparency, explainability and interpretability, privacy enhancement, and fairness as interrelated characteristics of trustworthy AI (Tabassi, 2023). These characteristics can conflict and must be assessed in relation to the context of use. For example, a system may need to defer a high-impact decision when uncertainty is elevated, even if its average predictive accuracy appears acceptable. Research on explainable AI under uncertain decision-making conditions further examines the trustworthiness of explanation outputs as a distinct assessment concern (Nimmy et al., 2025).
This paper proposes an Adaptive Explainable AI (A-XAI) framework that combines monitoring, explanations, uncertainty, risk-sensitive decision policies, human oversight, and controlled adaptation. Its central premise is that reliable decision-making should not depend on a prediction alone. It should depend on the prediction, the quality and stability of its supporting evidence, the current operating context, the explanation’s limitations, and the consequences of error.
1.1 Research Problem
Many AI deployments treat model inference, explanation generation, monitoring, and model updating as separate tasks. This separation can lead to inconsistent explanations following model updates, delayed responses to distribution shifts, inadequate escalation of uncertain predictions, and weak auditability. A lifecycle-level design is needed to coordinate these functions while preserving human accountability.
1.2 Research Questions
RQ1: How can predictive reliability, uncertainty, drift evidence, and explanation quality be combined in a unified decision policy?
RQ2: How should an AI system respond when environmental change makes its current model or explanations less dependable?
RQ3: Which technical and human-centred metrics are required to evaluate an adaptive explainable AI system in real-world settings?
1.3 Research Gap
Although the approaches described above address explanation generation, uncertainty, drift and governance, their coordination within a decision-level control process remains an important design problem. In particular, the proposed framework addresses how data-quality and drift signals, uncertainty, explanation diagnostics and consequence severity may guide automated support, human review, abstention and controlled adaptation; empirical validation is still required.
1.4 Aim and Objectives
The aim is to propose a conceptual framework for adaptive, explainable, and risk-aware AI decision support in changing environments. The objectives are to:
integrate data-quality and drift monitoring with prediction and explanation generation;
incorporate uncertainty and consequence severity into decision routing;
define controlled adaptation and post-update validation procedures;
propose a multidimensional evaluation protocol for reliability, explanation quality, fairness, and operational performance; and
identify implementation challenges and research questions for future empirical validation.
2. Literature Review
2.1 Explainable AI and Explanation Methods
XAI encompasses intrinsic interpretability and post-hoc explanations. Intrinsically interpretable models expose decision logic directly, while post-hoc methods explain a trained model without necessarily changing its internal structure. LIME approximates a model locally around a selected instance to produce a simpler explanation (Ribeiro et al., 2016). SHAP assigns feature contributions under a unified additive attribution framework (Lundberg & Lee, 2017). These methods can help users inspect influential variables, but they have limitations: explanations may be sensitive to sampling choices, correlated features, background distributions, and the choice of explanation method. Explanation should therefore be evaluated for fidelity, stability, comprehensibility, and decision relevance rather than treated as proof of model correctness (Longo et al., 2024; Mersha et al., 2024).
2.2 Reliability and Trustworthy AI
Reliability is broader than average accuracy. It includes calibration, robustness to perturbations, predictable failure behaviour, security, fairness, monitoring, and the ability to recover from unexpected conditions. The NIST AI Risk Management Framework organises risk management around governing, mapping, measuring, and managing AI risks and encourages lifecycle-based assessment (Tabassi, 2023). Recent synthesis work similarly identifies human agency, fairness, transparency, robustness, privacy, security, and accountability as connected dimensions, while noting the importance of context and evolving systems (Kowald et al., 2024). The A-XAI proposal uses this lifecycle perspective but makes explicit how reliability signals affect the immediate decision path.
2.3 Adaptation and Concept Drift
Concept drift occurs when the statistical properties relevant to prediction change over time. Changes may involve the input distribution, the relationship between input and target, class prevalence, or the data-generation process. Drift detectors can flag changes in error rates, feature distributions, prediction confidence, or representation statistics (Pelosi et al., 2025). However, a detected shift is not necessarily harmful, and an undetected shift does not guarantee stability. The system should distinguish monitoring signals from confirmed performance degradation and should avoid automatic retraining solely because a detector has fired. Hinder et al. (2024) highlight the importance of locating and explaining drift, rather than merely detecting it.
2.4 Research Gap
Existing XAI, drift-monitoring, and trustworthy-AI approaches provide important individual capabilities, but deployment teams still need a practical control loop that connects them. The specific gap addressed here is the absence, in many application designs, of an explicit decision policy that jointly considers prediction uncertainty, drift status, explanation reliability, risk severity, and human-review availability. This paper contributes a proposed integration architecture and an evaluation blueprint. It does not claim that all existing systems lack these capabilities, nor does it claim empirical superiority over published methods.
Existing explainable AI (XAI), drift-monitoring, uncertainty-estimation, and trustworthy-AI approaches provide important capabilities for developing reliable AI systems. Research on deep-learning training techniques and image-based applications also highlights the importance of model development, preprocessing, and interpretable predictions (Ankatwar, 2025; Ankatwar & Dhawale, 2024, 2025). However, coordinating predictive uncertainty, drift evidence, explanation diagnostics, data quality, consequence severity, and human oversight within a unified decision-making lifecycle remains an important design challenge. The proposed A-XAI framework connects these signals to four operational responses: automated support, human review, abstention, and controlled model adaptation. Related applications of AI in cotton disease detection and species classification provide potential contexts for examining the framework's broader applicability (Ankatwar & Dhawale, 2026a, 2026b; Rao & Ankatwar, 2026). The contribution of this study is a conceptual integration architecture and evaluation protocol; comparative studies and empirical validation are still required to establish its effectiveness relative to existing approaches.
Table 2. Comparison of existing approaches with the proposed A-XAI framework
	Approach
	Main capability
	Limitation addressed by A-XAI

	LIME (Ribeiro et al., 2016)
	Local model explanations
	Connects explanation diagnostics to decision routing

	SHAP (Lundberg & Lee, 2017)
	Feature-attribution explanations
	Combines explanation signals with uncertainty and risk

	Concept-drift monitoring (Hinder et al., 2024)
	Detects and investigates changing data patterns
	Links drift evidence to review, abstention, and controlled adaptation

	Trustworthy AI risk management (Tabassi, 2023)
	Lifecycle-based AI risk management
	Specifies a proposed prediction-level decision policy

	Proposed A-XAI framework
	Integrates explainability, uncertainty, drift, data quality, and human oversight
	Provides a unified conceptual lifecycle and evaluation protocol


The comparison indicates that existing approaches provide complementary capabilities, including local explanations, feature attribution, drift analysis, and lifecycle-level risk management. The proposed A-XAI framework aims to coordinate these capabilities through a risk-aware decision policy and controlled adaptation process. Its intended contribution lies in this integration rather than in replacing individual explanation or monitoring methods. Further comparative experiments are needed to determine whether the integrated framework improves reliability, explanation stability, or operational outcomes.
3. Research Methodology
3.1 Research Design
This work uses a conceptual framework development design grounded in a focused synthesis of literature on explainable AI, concept drift, and trustworthy AI risk management. The purpose is to define components, interfaces, decision rules, and an empirical validation plan rather than to report a completed experiment. No original dataset, user study, benchmark run, or deployment trial is claimed in this manuscript. A future empirical study should document databases searched, search strings, inclusion and exclusion criteria, screening counts, and quality appraisal if the work is expanded into a systematic review.
3.2 Proposed Framework Components
The proposed A-XAI lifecycle contains nine connected components. Figure 1 summarises their relationships.
1. Real-world data and context acquisition. Collect inputs with timestamps, provenance, operational context, and relevant metadata. Record the intended use and the population or environment to which the model applies.
2. Data-quality, privacy, and drift checks. Assess missingness, schema changes, out-of-range values, sensor anomalies, data provenance, privacy constraints, and distribution shift. Store alerts and evidence for audit.
3. Predictive model with uncertainty estimation. Generate a prediction and an uncertainty signal. Depending on the task, uncertainty may be estimated using calibrated probabilities, ensembles, conformal prediction, Bayesian methods, or other justified approaches.
4. Context-sensitive explanation engine. Generate explanations appropriate to the model, input type, audience, and decision. Candidate methods include feature attribution, counterfactuals, example-based explanations, rule lists, or visual explanations.
5. Decision support and human oversight. Present the prediction, uncertainty, explanation, data-quality status, and recommended next step. Provide a route for human review and a way to record disagreement or override.
6. Risk-aware reliability gate. Combine uncertainty, drift evidence, explanation diagnostics, and consequence severity to choose between automated support, human review, abstention, or a restricted operating mode.
7. Feedback, monitoring, and audit. Track outcomes when available, user overrides, delayed labels, explanation feedback, fairness indicators, incidents, and model/data versions.
8. Controlled adaptation. When evidence justifies change, initiate a governed process such as recalibration, threshold adjustment, retraining, or model replacement. Use approval rules appropriate to the application’s risk.
9. Revalidation and version control. Evaluate candidate changes against a frozen test set, recent data, stress tests, subgroup metrics, and explanation consistency. Release only when predefined acceptance criteria are met.
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Figure 1. Proposed lifecycle architecture for the Adaptive Explainable AI (A-XAI) framework.
3.3 Risk-Aware Decision Policy
Let xt denote the input at time t, fθt(xt) the model prediction, ut an uncertainty score, dt a drift indicator, et an explanation-quality score, and rt the consequence severity associated with the decision. The framework does not prescribe one universal estimator for these quantities; each must be operationalised for the task and validated against domain requirements.
A conceptual reliability score can be expressed as:

where Pt represents a task-specific predictive performance signal, Ct represents calibration or confidence validity, Et represents explanation diagnostics, Ut represents uncertainty, Dt represents drift severity, and Qt represents data-quality risk. The weights w are non-negative design parameters and should be calibrated for a specific application. This expression is a conceptual design aid, not a validated universal reliability formula. All component values should be normalised to a documented scale before combination.
A risk-aware policy can then be stated as a set of conditional rules:
Automated support: permit only when risk is within the approved operating envelope, uncertainty is below a validated threshold, data quality is acceptable, and no critical drift alert is active.
Human review: route the case to a qualified reviewer when uncertainty, drift, explanation instability, or consequence severity exceeds a review threshold.
Abstention or safe fallback: withhold a definitive recommendation when evidence is insufficient or the case is outside the validated domain.
Adaptation candidate: initiate investigation when sustained drift or outcome degradation is observed; do not automatically deploy an updated model.
Release after change: approve a new model only after it passes predefined predictive, calibration, robustness, fairness, explanation, latency, and safety checks.
Thresholds should be selected through domain consultation and validation, not copied across applications. In a low-risk recommendation task, a modest uncertainty threshold may be acceptable; in a safety-critical or high-impact task, the system may require a conservative threshold, mandatory human review, or complete abstention.
Application-Specific Threshold Selection
Decision thresholds should be established using domain-specific validation data, documented error costs, and stakeholder-approved risk requirements. The uncertainty threshold should be assessed against predictive errors and the required coverage of automated decisions. Drift thresholds should be evaluated using detection delay, false-alarm rates, and missed-drift rates. Explanation-quality thresholds should be assessed using appropriate fidelity and stability measures. Cases that exceed approved risk limits should be routed to human review or abstention, as appropriate. Thresholds should be fixed before final testing and reassessed following model updates. Since this study does not include experimental validation, no numerical thresholds or optimized weights are claimed.

3.4 Algorithmic Workflow
Receive an input and attach provenance, timestamp, and context metadata.
Run data validation and privacy/security checks; reject or quarantine invalid inputs.
Estimate drift and determine whether the input is within the model’s validated operating domain.
Generate prediction and uncertainty estimates.
Generate an explanation and calculate available explanation diagnostics.
Apply the risk-aware gate to select automated support, human review, abstention, or safe fallback.
Log the prediction, explanation method/version, decision route, and reviewer feedback.
When sustained drift or degraded outcomes are supported by evidence, train or recalibrate a candidate model in a controlled environment.
Revalidate the candidate and its explanations; deploy only after approval, while retaining rollback capability.
3.5 Governance and Human Oversight
Governance should define the accountable owner, acceptable use, escalation authority, audit retention, privacy controls, incident response, and rollback conditions. Human review should be meaningful: reviewers need sufficient domain expertise, relevant context, and authority to challenge the output. Interface design should avoid presenting explanation visualizations as unquestionable evidence and should communicate uncertainty in language appropriate to the user. The framework should also document cases in which no explanation is available or an explanation is known to be unreliable.
4. Proposed Evaluation Framework
The proposed A-XAI framework requires empirical validation before its effectiveness can be established. The evaluation should compare the integrated framework against appropriate baselines, including a predictive model using post-hoc explanations without an adaptive reliability gate and a monitored model without integrated explanation diagnostics. All approaches should be assessed using consistent data partitions, documented configurations, and predefined evaluation criteria. The evaluation should measure predictive performance, uncertainty calibration, drift response, explanation fidelity and stability, fairness, robustness, operational cost, and human-review outcomes. Since this manuscript presents a conceptual framework, the metrics described below constitute a proposed evaluation protocol rather than experimentally observed results.
Table 1. Proposed evaluation dimensions and metrics.
	Evaluation dimension
	Candidate metrics
	Purpose

	Predictive performance
	Accuracy, precision, recall, F1, AUROC or task-specific loss
	Measure task performance; select metrics suitable for class balance and decision costs.

	Calibration and uncertainty
	Brier score, log loss, expected calibration error, coverage/abstention rate
	Assess whether confidence and uncertainty signals correspond to observed outcomes.

	Drift response
	Detection delay, false-alarm rate, missed-drift rate, recovery time
	Assess monitoring quality and response to evolving conditions.

	Explanation quality
	Fidelity, stability under small perturbations, sparsity, comprehensibility, usefulness ratings
	Evaluate whether explanations are faithful, stable, and useful for the intended audience.

	Fairness
	Group-wise error and calibration gaps; suitable fairness measures for the domain
	Identify uneven error burdens and performance degradation across groups.

	Robustness and safety
	Performance under noise, missing data, out-of-domain inputs, and stress tests
	Assess behaviour under foreseeable disruptions and failure conditions.

	Operational performance
	Latency, throughput, compute/memory use, review workload, rollback time
	Determine whether the framework is deployable within operational constraints.

	Human factors
	Decision quality, override rate, reviewer agreement, time to decision, trust calibration
	Evaluate human-AI collaboration and the risk of over-reliance.


4.1 Suggested Experimental Protocol
A future validation study should use temporally ordered data where possible, so that the test period reflects realistic deployment conditions. The protocol should include a stable period and one or more controlled or naturally occurring distribution shifts. Training, validation, and test partitions must be separated to prevent leakage. Where labels arrive late, the evaluation should specify the label-delay mechanism. At least one baseline should represent current practice, and ablation studies should remove or disable key components one at a time, including drift monitoring, uncertainty gating, explanation diagnostics, and controlled adaptation.
For quantitative comparisons, report the number of runs, the mean and standard deviation or confidence intervals where appropriate, and statistical tests justified by the experimental design. Report subgroup performance and failure cases, not only aggregate scores. Explanation evaluation should combine quantitative tests with domain-expert or end-user assessment. The study should publish configuration details, model versions, preprocessing steps, thresholds, and data limitations to support reproducibility.
4.2 Hypotheses for Future Testing
H1: A risk-aware decision gate will reduce high-confidence errors or unsafe automated decisions under distribution shift compared with an ungated baseline.
H2: Integrating uncertainty and drift information will improve the appropriateness of human-review and abstention decisions.
H3: Explanation stability checks will identify a subset of cases in which explanations are too unstable for unqualified decision support.
H4: Controlled adaptation with post-update validation will recover performance more safely than immediate, unvalidated model replacement.
These hypotheses are proposed for testing and must not be interpreted as established findings.
5. Discussion
5.1 Expected Contribution
The principal contribution is an integration-oriented design that connects explanation generation to operational control. In many decision-support settings, an explanation is displayed after a prediction has been made, while reliability monitoring and model maintenance operate in separate pipelines. A-XAI instead treats explanation diagnostics, uncertainty, drift, and risk as signals that can influence whether a recommendation is released, reviewed, or withheld. This may make the system’s limits more visible and create a clearer audit trail.
5.2 Adaptation Without Uncontrolled Self-Modification
Adaptivity should not mean unrestricted online self-modification. Updating a model can change its error profile, feature attributions, counterfactuals, calibration, and fairness characteristics. Therefore, each candidate update should be versioned and tested against acceptance criteria. A rollback mechanism is essential when post-deployment monitoring detects regressions. In high-impact domains, changes to thresholds, training data, or model parameters may require documented human approval.
5.3 Explanation Reliability and User-Centred Design
Explanations can be misleading when they are unstable, incomplete, or interpreted beyond their intended scope. Feature attribution identifies associations used by a model; it does not, by itself, establish causality. Counterfactual explanations can be infeasible if they recommend changes that are impossible, unethical, or outside a user’s control. The framework therefore treats explanations as decision-support artifacts that need their own diagnostics and user testing. Explanation formats should be selected for the task and audience, and users should be informed when an explanation is approximate or unavailable.
5.4 Fairness, Privacy, and Accountability
Adaptation can improve performance for changing conditions but may also reinforce historical biases if new data are unrepresentative or labels reflect unequal treatment. Monitoring should include subgroup outcomes where legally and ethically appropriate, with privacy-preserving data practices. Audit logs should capture the data/model version, relevant risk signals, explanation method, decision route, and human intervention. Access controls and retention periods should be proportionate to the sensitivity of the application.
5.5 Practical Deployment Considerations
A production implementation requires integration with data pipelines, model registries, monitoring systems, user interfaces, and incident-management processes. Computational cost is another trade-off: generating multiple explanations or running ensembles may increase latency. The framework can use tiered explanation policies—for example, a lightweight explanation for routine cases and a more detailed explanation for cases escalated to review—provided the policy is validated and does not conceal material information. Low-resource deployments may need compact models and selective explanation generation.
The practical applicability of the A-XAI framework can be explored in image-based agricultural systems and other classification tasks. Research on CNN training techniques and explainable AI for crop disease detection provides relevant background for examining model reliability and explanation generation (Ankatwar, 2025; Ankatwar & Dhawale, 2024). Studies on multispectral imaging, CNN architectures, cotton leaf disease detection, and transfer learning illustrate application contexts in which data quality, prediction uncertainty, and model adaptation may be important (Ankatwar & Dhawale, 2025, 2026a, 2026b). Similarly, research on artificial intelligence for taxonomy illustrates the potential relevance of reliable classification in species identification (Rao & Ankatwar, 2026). These studies provide application context rather than direct validation of the proposed A-XAI framework. Its effectiveness in these settings remains to be established through future empirical evaluation.
5.6 Limitations
This paper is conceptual and does not report original experiments, quantitative performance, or user evaluations. The reliability score and decision policy are illustrative design formulations whose terms, normalisation, and thresholds require domain-specific validation. No single set of metrics is sufficient for every application, and some dimensions—such as explanation usefulness, fairness, and acceptable risk—require stakeholder judgement. The framework also cannot eliminate risks arising from poor governance, adversarial behaviour, inadequate data, or inappropriate use. Its value must be assessed through transparent empirical studies in defined deployment settings.
6. Conclusion and Future Work
This paper proposes an Adaptive Explainable AI (A-XAI) framework for supporting reliable decision-making in changing real-world environments. The framework integrates contextual data validation, drift monitoring, uncertainty-aware prediction, context-sensitive explanations, risk-aware decision routing, human oversight, feedback monitoring, controlled adaptation, and post-update validation. Its principal contribution is a conceptual architecture that connects these components within a unified decision-making lifecycle.
The proposed framework provides a basis for investigating how uncertainty, data quality, drift evidence, explanation diagnostics, and consequence severity can inform automated support, human review, abstention, and controlled model adaptation. However, the framework has not been experimentally evaluated in this study; therefore, its practical effectiveness and advantages over existing methods have not yet been established.
Future work should implement the framework in a clearly defined application domain and evaluate it against appropriate baseline methods using documented datasets and reproducible experimental procedures. The evaluation should examine predictive performance, uncertainty calibration, drift detection, explanation fidelity and stability, fairness, robustness, computational cost, and human-review outcomes. Application-specific reliability weights and decision thresholds should be calibrated and validated using independent data. These investigations will help determine whether the proposed integration improves the reliability and accountability of AI-assisted decision-making under changing conditions.
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