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Abstract 

The deployment of AI systems in healthcare demands continuous, risk-aligned oversight to ensure 

safe and responsible operations. We propose a Metrics-driven model that calibrates human 

involvement based on metrics risk (including accuracy, precision, recall, F1-score, transparency etc). 

High-risk Systems require Human-in-Command (HIC) oversight, with final decision authority. 

Medium-risk systems operate under Human-in-the-Loop (HITL) models, with human supervision 

and active feedback. Low-risk systems function under Human-on-the-Loop (HOTL) oversight, where 

humans monitor system outputs and intervene only when anomalies occur. This metrics driven 

Human Oversight Framework for AI Systems balances innovation with accountability. Unlike 

existing AI governance approaches that treat performance metrics and human oversight as separate 

considerations, this work explicitly links metrics-derived risk thresholds to proportional human 

oversight models (HIC, HITL, HOTL), providing an auditable and operational framework for 

regulated environments. 

Keywords: AI systems; metrics; metrics risk; risk assessment; human oversight 

 

1. Introduction 

AI evaluation serves as a fundamental pillar in the validation and lifecycle management of 

artificial intelligence systems, ensuring their reliability, safety, and effectiveness across regulated and 

high-impact domains. Evaluation is a critical component of AI validation, providing objective 

evidence of system capabilities, fitness for intended use, and ongoing performance assurance, while 

offering confidence to stakeholders that ethical, compliance, and operational requirements are met 

[1,2]. The primary purpose of AI evaluation is to verify that the system consistently achieves its 

intended use with acceptable accuracy and reliability under normal operating conditions and 

reasonably foreseeable scenarios [3,4]. This requires systematic assessment of critical performance 

attributes, including accuracy, precision, robustness, and reliability, alongside the identification of 

biases, limitations, or failure modes that may compromise outputs or result in unintended harm [4,5]. 

The interaction between humans and AI systems raises fundamental questions concerning 

power, responsibility, and human agency within decision-making processes, especially in domains 

where errors may lead to serious or irreversible harm [6,7]). In regulated environments such as 

healthcare and clinical research, inadequate oversight or delayed detection of model limitations can 

directly compromise patient safety, data integrity, and regulatory compliance, underscoring the need 

for a cautious, structured, and risk-based approach to AI deployment [8]. Responsibility for AI 

outcomes is consequently distributed across developers, data scientists, system owners, content 

providers, and institutional decision-makers, reinforcing the need for clear accountability 

mechanisms. Despite this distributed responsibility, human agency defined as the capacity for 

informed, accountable, and context-aware decision-making must remain central to AI-enabled 

processes [9]. Trustworthy AI design requires explicit determination of the appropriate form and 

intensity of human oversight, calibrated to the system’s risk profile and context of use [2,10]. This is 

particularly critical where AI outputs influence clinical decisions, individual rights, or compliance 

with GxP obligations. Ethical AI implementation should therefore preserve human authority and 
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accountability, positioning AI as a decision-support tool that augments rather than replacing human 

judgment [6]. 

Building on the principles of Trustworthy AI, this paper advances a structured, risk-based 

approach for integrating Human-in-Command (HIC), Human-in-the-Loop (HITL), and Human-on-

the-Loop (HOTL) oversight models into AI governance through the combined evaluation of metrics-

derived risk [6]. The proposed MetricsDriven Human Oversight Framework for AI Systems follows 

a step-wise methodology. First, metrics are assessed to establish foundational evidence of model 

performance and statistical validity within the defined context of use, confirming whether predefined 

functional and acceptance criteria are met. Second, results from metrics are synthesized and 

categorized into low, medium, or high metrics risk, reflecting residual uncertainty and potential 

performance-related failure modes. Third, this risk outcome informs the proportional allocation of 

human oversight HIC, HITL, or HOTL ensuring that human involvement is commensurate with both 

performance uncertainty and potential impact. 

Human-in-Command (HIC) provides governance-level accountability, granting authority to 

suspend or override system operations. Human-in-the-Loop (HITL) enables real-time monitoring, 

allowing timely human intervention to prevent or mitigate harm. Human-on-the-Loop (HOTL) is 

suitable when continuous oversight is unnecessary, and monitoring with periodic review is sufficient. 

By linking performance evidence, contextual risk, and oversight intensity, the proposed framework 

translates ethical principles into auditable governance mechanisms, while advancing contemporary 

metrics-informed oversight research 

2. The State of the Debate 

Artificial intelligence has become a defining technological force in contemporary healthcare, life 

sciences, and other regulated domains, with rapid advances enabling automated analysis, prediction, 

and decision support. In clinical and GxP-relevant contexts, AI systems increasingly influence 

activities that directly affect patient safety, data integrity, product quality, and regulatory compliance 

[3,8]. As a result, scholarly and regulatory attention has shifted from whether AI can be deployed to 

how it should be evaluated, validated, and governed to ensure trustworthy and responsible use [6]. 

While there is broad agreement that AI systems must demonstrate acceptable technical performance, 

significant debate remains regarding what constitutes sufficient evidence of safety, reliability, and 

ethical acceptability in real-world use [11]. 

A central point of contention concerns the reliance on performance metrics such as accuracy, 

sensitivity, specificity as primary indicators of AI system suitability. Although these metrics provide 

foundational evidence of statistical validity and functional performance, critics argue that they are 

insufficient on their own to capture broader risks related to bias, robustness, explainability, 

transparency, and operational reliability [11]. This limitation is particularly pronounced in clinical 

screening and decision-support applications, where strong aggregate performance may coexist with 

subgroup disparities, brittle behavior under data shift, or opaque decision logic. Consequently, there 

is growing recognition that AI evaluation must extend beyond primary metrics to include secondary, 

context-sensitive metrics that reflect ethical, human-centered, and operational dimensions of risk 

[4,12]. However, the literature remains fragmented on how such metrics should be measured, 

interpreted, and systematically incorporated into validation and quality risk management processes. 

Closely linked to the debate on metrics is the question of risk-based human oversight. There is 

general consensus that some form of human involvement is essential to preserve accountability, 

support safe decision-making, and prevent harm, particularly in high-impact or regulated 

environments [6]. Regulatory frameworks and standards increasingly emphasize proportionality, 

suggesting that the level of human oversight should correspond to the level of risk posed by the AI 

system [2,10]. 

While some approaches prioritize contextual factors such as clinical use case, severity of 

potential harm, and regulatory impact, others emphasize empirical performance evidence as the 

primary driver of trust [9]. In the absence of a unified framework, organizations often struggle to 
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determine whether strong metrics can offset contextual risk, how to interpret mixed or borderline 

results, and when human intervention should escalate from monitoring to active control or command 

authority [4,7]. In response to these challenges, this paper contributes to the ongoing debate by 

proposing a structured, metrics-informed risk assessment framework that integrates AI evaluation, 

validation, and human oversight into a single decision-making process. Rather than treating metrics, 

risk, and oversight as separate considerations, the framework distinguishes between metrics, 

categorizes their results into metrics risk levels, and informs the proportional application of Human-

in-Command (HIC), Human-in-the-Loop (HITL), or Human-on-the-Loop (HOTL) oversight models. 

By aligning this methodology with established risk management principles from ISO 31000, ISO/IEC 

23894, and ICH Q9, the paper advances the debate from conceptual endorsement of “human 

oversight” toward a practical, auditable, and context-sensitive approach suitable for high-stakes and 

regulated AI deployments [9]. 

3. AI Evaluation Metrics 

Metrics constitute the core quantitative measures used to evaluate whether an artificial 

intelligence (AI) system fulfills its intended functional objectives. These metrics directly assess task-

level performance and model correctness and are therefore central to determining baseline system 

reliability. Among metrics, Task Success Rate (TSR) serves as an overarching indicator of system 

effectiveness, measuring the proportion of end-to-end tasks successfully completed under defined 

operating conditions. In addition to TSR, commonly used metrics include accuracy, precision, recall 

(sensitivity), F1-score, and area under the receiver operating characteristic curve (AUC–ROC) for 

classification tasks, as well as mean squared error (MSE) or related loss functions for regression tasks 

[12,13]. 

Metrics are quantitatively derived from a confusion matrix, which summarizes model 

predictions against a clinically established ground truth (Table 1). 

Table 1. Metrics. TP - True Positive: Cases correctly identified as belonging to the target class. FP - False Positive: 

Cases incorrectly identified as belonging to the target class. TN - True Negative: Cases correctly identified as not 

belonging to the target class. FN - False Negative: Cases incorrectly identified as not belonging to the target class. 

Metrics Definition Interpretation Formula 

Task Success Rate 

(TSR) 

Proportion of end-to-end 

clinical tasks successfully 

executed without system 

failure or human intervention 

Assesses operational 

reliability and workflow 

readiness 

Tasks completed / 

Tasks initiated 

Accuracy 

Proportion of correct 

predictions among all 

predictions 

Overall correctness; may be 

misleading in imbalanced 

datasets 

(TP + TN) / (TP + 

TN + FP + FN) 

Precision 

Proportion of predicted 

positives that are truly 

positive 

Controls false positives; 

relevant for minimizing 

unnecessary referrals 

TP / (TP + FP) 

Recall (Sensitivity) 
Proportion of actual positive 

cases correctly identified 

Controls false negatives; 

critical in screening and 

safety-critical use cases 

TP / (TP + FN) 

F1 Score 
Harmonic mean of precision 

and recall 

Balances false positives and 

false negatives in imbalanced 

data 

2 × (Precision × 

Recall) / (Precision 

+ Recall) 

AUC–ROC 

Ability of the model to 

discriminate between positive 

and negative classes across all 

thresholds 

Measures robustness and 

comparative model 

performance 

Threshold-

independent 
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4. Risk Assessment and Oversight 

Risk assessment is a structured approach to identifying, analyzing, and evaluating risks that 

may impact system quality, patient safety, data integrity, or regulatory compliance. It is required to 

support risk-based decision-making by categorizing risks and enabling the selection and 

implementation of appropriate controls that are commensurate with the level of risk [2,3,8]. This 

approach introduces a metrics-based risk assessment in which metrics are systematically evaluated 

to establish an initial risk category (low, medium, or high). The resulting metrics risk is subsequently 

integrated with the inherent risk of the AI system to determine an overall risk classification. This 

combined risk assessment (Figure 1) informs the selection and application of proportionate human 

oversight controls. 

 

Figure 1. Metrics-Driven Human Oversight Framework for AI Systems (Authors’ proposal). 

Consistent with the risk management lifecycle defined in ISO 31000 and its AI-specific extension 

in ISO/IEC 23894, the proposed framework operationalizes (Figure 2) risk management for AI 

systems through a structured, metrics-driven approach [2,3]. 

 

Figure 2. Risk assessment process mapping with ISO 31000 (Authors proposal). 

4.1. Risk Identification 

Metrics such as accuracy, precision, recall (sensitivity), F1 score, AUC–ROC, and task success 

rate (TSR) quantify the technical performance of an AI system. Authors’ proposal is to map these 

metrics to a risk-based framework, where lower performance indicates a higher probability of failure, 

increased uncertainty, or potential adverse outcomes. This approach allows organizations to 

prioritize mitigation, validation, and monitoring efforts based on risk-informed decisions. 

  

Human Oversight

(HIC/HITL/HOTL)

Risk Assessment

Metrics Risk

AI System
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4.2. Risk Analysis 

Risk Analysis is performed by mapping each metrics to Low, Medium, High risk levels using 

performance thresholds (Table 2). 

Low Risk: AI performance meets or exceeds the expected performance thresholds. System 

behavior is highly reliable; minimal probability of error or adverse outcome. 

Medium Risk: AI performance is adequate but not optimal. Moderate probability of errors or 

unintended outcomes; additional validation, monitoring, or mitigation may be required. 

High Risk: AI performance is suboptimal; high probability of errors or failure; immediate 

attention, re-training, or operational restrictions may be needed. 

Table 2. Metrics Risk Classification (Author’s proposal). The exact thresholds should be tailored to the clinical or 

operational domain, considering the consequence of errors (e.g., missed diagnoses in healthcare are higher risk than false 

positives). 

Metrics 
High Performance = Low 

Risk 

Medium Performance 

= Medium Risk 

Low Performance = 

High Risk 

Task Success Rate (TSR) Greater than 95% 85 to 94% 80 - 85% 

Accuracy Greater than 90 % 80 to 89 %  75 % to 80 % 

Precision Greater than 90 % 80 to 89% 75 % to 80 % 

Recall (Sensitivity) Greater than 90 % 80 to 89% 75 % to 80 % 

F1 Score Greater than 0.85 0.75 to 0.84 0.70 to 0.75 

AUC–ROC Greater than 0.90 0.80 to 0.89 0.70 to 0.75 

4.3. Risk Evaluation 

Risk evaluation involves comparing analyzed risks against predefined acceptance criteria to 

prioritize AI systems into low, medium, or high-risk categories [2,3]. This prioritization informs 

decisions regarding deployment readiness, validation depth, and the necessity for additional 

controls. Where risks need to be reduced to acceptable thresholds for safer deployment and 

operation, risk treatment and control measures are selected and implemented with a particular focus 

on proportionate human oversight mechanisms, including Human-in-Command (HIC), Human-in-

the-Loop (HITL), or Human-on-the-Loop (HOTL), selected according to the assessed risk level [9]. 

Given the presence of multiple evaluation metrics, metrics risk is determined using one of the 

approaches, 

• Worst-case approach, use the metric result that shows the highest risk. 

• Key-metric approach, focus on metrics that were identified in advance as the most important or 

critical. 

• Average approach, calculate the overall risk based on the average of all metric results. 

• Other documented approaches, use any alternative method, as long as it is clearly described and 

justified. 

In this illustrative example, a worst-case approach is adopted. For example, if metrics (e.g., F1 

score, precision, recall) range from low to medium risk levels, the higher risk level (medium) is 

selected as the representative metrics risk. 

4.4. Risk Treatment 

Once the metrics-risk is determined, the level of human oversight can be proportionally assigned 

according to the system’s risk level [2,3]. High-risk AI systems, where critical metrics are deficient or 

the AI System has substantial impact on patient safety, product quality, or regulatory compliance, 

require a Human-in-Command (HIC) model. In this model, a qualified human retains ultimate 

authority and responsibility over decisions, ensuring that AI outputs are carefully interpreted before 

action. Medium-risk systems are best managed under a Human-in-the-Loop (HITL) framework, in 

which human operators review and validate AI outputs during operation, allowing for corrective 
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intervention when necessary. Low-risk systems, with minimal potential impact or robust technical 

performance, can be monitored under a Human-on-the-Loop (HOTL) model, where AI operates 

autonomously while human supervision occurs primarily through auditing, alerts, or periodic 

review (Figure 3). By linking risk classification to oversight intensity, this framework ensures that 

human intervention is applied proportionally to both technical and operational risk, supporting safe, 

compliant, and responsible deployment of AI in clinical and regulated environments [9]. 

 

Figure 3. Human oversight mechanisms based on risk (Authors’ proposal). 

4.4. Communication & Reporting 

Communication and reporting constitute a critical activity throughout the risk management 

process. Risk assumptions, assessment methodologies, metric results, risk categorizations, and 

implemented control measures are formally documented and communicated to relevant 

stakeholders, including developers, quality and compliance teams, clinical users, and regulatory 

authorities. This documentation supports traceability, auditability, and regulatory transparency, 

enabling informed decision-making and accountability across the AI lifecycle [2,3,8]. 

4.5. Monitoring & Review 

Finally, monitoring and review ensure that AI risk management remains effective over time. 

Post-deployment monitoring activities track residual risks, assess the ongoing effectiveness of 

mitigation controls, and detect emerging risks arising from model updates, data drift, changes in 

clinical practice, or evolving regulatory expectations. Periodic review of metrics enables timely 

reclassification of risk levels and adjustment of oversight mechanisms, thereby supporting 

continuous improvement and sustained compliance with ISO and ICH quality risk management 

principles [2,3,8]. 

5. Illustrative Risk Assessments Informing Human Oversight 

Illustrative Example: Diabetic Retinopathy Screening Example 

The scenario presented below are informed by the existing literature but are not directly derived from or 

intended to represent specific published case studies. 

5.1. Risk Identification 

Scenario 1: Human in the Loop 

Metrics Risk 

The Table 3 summarizes typical observed values for key metrics from AI-based diabetic 

retinopathy screening models, illustrating how performance is quantified and interpreted in risk 

terms [12–16]. 

AI system risk with human oversight

Metrics Risk

Human 
Oversight

Low

HOTL

Medium

HITL

High

HITL
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Table 3. Metrics observed values and risk level. 

Metric Clinical Relevance Calculation / Formula 
 

Observed Value  

Risk Interpretation 

(Based on Table 2) 

Task Success 

Rate (TSR) 

Measures the AI system’s ability to process 

all retinal images reliably; ensures no cases 

are skipped, supporting workflow continuity 

Tasks successfully 

completed / Total tasks 

initiated 

900 / 1,000 = 90% Medium risk  

Accuracy 

Provides an overall measure of correct 

classifications; useful for general performance 

but must consider disease prevalence to 

avoid masking false negatives 

(TP + TN) / (TP + TN + 

FP + FN) 

(160 + 780) / 1,000 = 

94% 
Low risk  

Precision 

Indicates the proportion of AI-flagged 

referable DR cases that are truly referable; 

reduces unnecessary specialist referrals and 

patient burden 

TP / (TP + FP) 160 / 200 = 80% Low risk  

Recall 

(Sensitivity) 

Measures the AI system’s ability to correctly 

identify all patients with referable DR; critical 

for preventing missed diagnoses and 

ensuring patient safety 

TP / (TP + FN) 160 / 180 = 89% Low risk  

F1 Score 

Combines precision and recall to provide a 

balanced assessment of AI performance, 

particularly important in imbalanced datasets 

where missed cases or false referrals matter 

2 × (Precision × Recall) / 

(Precision + Recall) 
= 0.84 Low risk  

AUC–ROC 

Evaluates the AI’s ability to discriminate 

between referable and non-referable DR 

across all classification thresholds; threshold-

independent indicator of overall model 

quality 

Threshold-independent 0.92 Low risk  

Metrics risk is considered as Medium in this scenario. 

5.2. Risk Analysis 

The risk is evaluated as medium based on the evaluation of metrics. 

Table 4. Risk Analysis and corresponding human oversight (HITL). 

 Type Result 

Metrics Risk  Medium  

Human Oversight HITL 

5.3. Risk Evaluation 

This evaluation reflects a medium-risk level. The AI system has significant influence on 

regulated decisions and patient outcomes; the likelihood and severity of adverse consequences are 

mitigated through appropriate human oversight. 

5.4. Risk Treatment 

Given the medium metrics risk, the recommended risk treatment is the implementation of a 

Human-in-the-Loop (HITL) oversight model. In this approach, human experts actively review AI 

outputs, validate flagged cases, and retain authority over critical decisions. HITL serves as a control 

mechanism to detect potential errors, reduce false negatives and false positives, and ensure patient 

safety. It also aligns with regulatory expectations for GxP compliance and supports responsible AI 

deployment in high-stakes clinical environments [2,3,8]. 

5.5. Monitoring and Review 

Continuous monitoring metrics is essential to ensure that the AI system maintains its 

performance over time and under varying conditions. Key monitoring activities include tracking 

sensitivity, specificity, and F1 score across new patient data, auditing bias and fairness metrics, and 
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reviewing explainability outputs for consistency with clinical reasoning. Periodic review of observed 

trends, error rates, and system drift ensures timely identification of emerging risks, allowing 

corrective actions or model retraining as needed [2,3]. 

5.6. Communication and Reporting 

Transparent communication and reporting are critical for stakeholders, including clinicians, 

quality assurance teams, and regulators. Regular reports should summarize the AI system’s 

performance, highlight identified risks, document mitigation actions, and provide justification for the 

chosen human oversight model. Clear documentation supports regulatory submissions, facilitates 

audit readiness, and reinforces stakeholder confidence in the AI system’s reliability and ethical 

deployment [2,3]. 

6. Conclusion 

AI evaluation and risk assessment are essential for ensuring safe, reliable, and ethically 

responsible deployment, particularly in high-impact domains such as healthcare. By systematically 

assessing metrics, organizations can quantify metrics risk and map it against the appropriate human 

oversight model—Human-in-the-Loop (HITL), Human-on-the-Loop (HOTL), or Human-in-

Command (HIC). 

Risk evaluation involves identifying metrics risks, while risk treatment implements controls and 

oversight strategies tailored to the risk level. Monitoring and review ensure that residual risks are 

managed, system performance remains within acceptable bounds, and AI outputs continue to meet 

clinical or operational standards. Communication and reporting provide transparency to 

stakeholders, regulators, and auditors, reinforcing accountability and trust. 

The framework is designed to be flexible and adaptable and supports multiple evaluation 

pathways to inform human oversight decisions. It prioritizes the most significant or worst-case 

metrics when evaluating risk, accommodates variations based on the AI system or context of use, and 

allows human oversight to be applied based on either metrics risk or system risk independently. 

Overall, this approach provides a robust, risk-informed methodology for AI validation, 

deployment, and governance, balancing technical performance with ethical, regulatory, and 

operational considerations. 

Abbreviations 

The following abbreviations are used in this manuscript: 

AI  Artificial Intelligence 

AUC - ROC Area Under the Receiver Operating Characteristic Curve 

FN False Negative 

FP False Positive 

HIC Human-in-Command 

HITL Human-in-the-Loop 

HOTL Human-on-the-Loop 

ISO  International Standards Organization 

MSE Mean Squared Error 

TN True Negative 

TP True Positive 

TSR Task Success Rate 
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