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Abstract:  
 

The rapid adoption of machine learning (ML) and deep learning (DL) models in high-

stakes domains such as financial credit assessment, healthcare, and critical 

infrastructure necessitates governance frameworks beyond conventional MLOps 

practices. Existing approaches focus primarily on operational efficiency while lacking 

integrated support for regulatory compliance, explainability, and fairness, which are 

critical under emerging regulations such as the EU AI Act and GDPR. This study 

proposes an Adaptive Governance-Centric MLOps Framework that embeds responsible 

AI principles through a layered, risk-tiered architecture. The framework introduces a 

dedicated Governance and Compliance Layer consisting of a Risk Tier Engine, Policy 

Enforcement Engine, Explainability (XAI) Module, Fairness and Bias Checker, and 

Audit and Logging component. These modules operate across all stages of the ML 

lifecycle, supported by a continuous feedback loop for ongoing governance 

enforcement. The framework is validated on the Statlog German Credit Dataset using 

six models spanning ML and DL paradigms, evaluated through 5-fold cross-validation 

with ANOVA and pairwise t-test analysis. Results show that XGBoost achieves the 

highest predictive performance with an accuracy of 94.57 percent and AUC of 95.62 

percent, while the MLP model demonstrates superior governance compliance by 

satisfying strict fairness thresholds. Additionally, drift detection experiments confirm 

that the framework effectively identifies distributional shifts and triggers retraining, 

ensuring continuous compliance. The findings demonstrate that governance 

enforcement can be integrated without compromising predictive performance, enabling 

a unified approach to achieving accuracy, fairness, and regulatory compliance in high-

stakes AI systems. 

 

1. Introduction 
 

The rapid proliferation of machine learning (ML) 

and deep learning (DL) models across high-stakes 

domains — including financial credit assessment, 

healthcare diagnostics, and critical infrastructure — 

has created an urgent imperative for governance 

frameworks that extend beyond conventional 

MLOps practices. While traditional MLOps 

addresses the operational lifecycle of AI systems, it 

largely fails to embed structured accountability, 

regulatory compliance, and continuous ethical 

assurance as first-class engineering concerns. This 

gap is particularly acute in regulated sectors where 

model decisions carry direct legal, financial, or 

human consequences. 

Existing frameworks such as TFX [24], CRISP-

ML(Q) [21], and SecMLOps [7] have made notable 

contributions to pipeline automation, quality 

assurance, and security integration. However, they 

treat governance — encompassing explainability, 

fairness, risk classification, and audit — as 

peripheral add-ons rather than architectural 

necessities. Emerging regulatory instruments, 

including the EU AI Act and GDPR, now mandate 

that high-risk AI systems demonstrate transparency, 

non-discrimination, and traceability by design [1, 3, 

5], compelling the research community to rethink 

how governance is embedded into the ML lifecycle. 

The novality of the manuscript lies in the proposes 

an Adaptive Governance-Centric MLOps 

Framework that operationalizes responsible AI 

through a layered, risk-tiered architecture. The 

framework introduces a dedicated Governance and 

Compliance Layer housing five tightly coupled 

modules: a Risk Tier Engine, a Policy Enforcement 
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Engine, an Explainability (XAI) Module, a Fairness 

and Bias Checker, and a continuous Audit and 

Logging component. These modules operate across 

both ML and DL model families, ensuring that 

governance obligations are enforced at training, 

evaluation, deployment, and monitoring stages 

through a continuous feedback loop. 

The proposed framework is empirically validated 

using the Statlog German Credit Dataset [UCI 

Repository, Dataset 144] — a well-established 

benchmark for binary credit risk classification. This 

domain exemplifies the challenges of high-stakes 

ML deployment: class imbalance, protected 

attribute sensitivity, regulatory exposure, and the 

need for interpretable decisions for both end-users 

and auditors. Experimental results demonstrate that 

governance enforcement does not materially 

degrade predictive performance while significantly 

improving fairness metrics and audit traceability. 

The remainder of this paper is organized as follows. 

Section 2 reviews related work in MLOps, 

responsible AI, and regulatory compliance 

frameworks. Section 3 formally defines the risk-tier 

model and governance policy specifications. 

Section 4 presents the proposed architecture and 

workflow in detail, anchored by Figure 1 

(Governance-Aware MLOps Workflow) and Figure 

2 (Proposed Governance-Centric MLOps 

Architecture). Section 5 describes the experimental 

setup and dataset , reports results and discussion. 

Section 7 concludes with directions for future 

extension to healthcare and energy domains. 

 

2. Related Work 
 

The intersection of MLOps, responsible AI, and 

regulatory compliance has attracted growing 

scholarly attention, yet a unified governance-centric 

framework that operationalizes these concerns 

within the ML lifecycle remains absent from the 

literature. This section surveys four thematic 

strands directly relevant to the proposed 

framework. 

 

2.1 MLOps Pipelines and Lifecycle Management 
 

MLOps has evolved from ad hoc model 

deployment scripts into structured lifecycle 

management platforms. Baylor et al. [24] 

introduced TFX as a production-scale ML platform 

emphasizing pipeline modularity and data 

validation, while Studer et al. [21] formalized 

CRISP-ML(Q) as a quality-assured process model 

covering business understanding through 

deployment. Mateo-Casalí et al. [6] proposed a 

reference MLOps architecture consolidating CI/CD, 

monitoring, and serving layers. Despite their 

contributions, these works focus primarily on 

operational efficiency and treat governance 

obligations — fairness, explainability, and 

compliance — as implementation details external to 

the core pipeline. 

 

2.2 Security and Compliance Integration in 

MLOps 
 

Zhang et al. [7] proposed SecMLOps, integrating 

security controls throughout the ML lifecycle, 

addressing threats such as adversarial inputs and 

model poisoning. Mangala [5] examined GDPR and 

PII compliance within enterprise MLOps pipelines, 

advocating for data minimization and consent 

tracking at ingestion. Goncalves and Correia [1] 

advanced XAI-Compliance-by-Design as a modular 

approach to decision transparency aligned with the 

EU AI Act. While these contributions address 

important compliance dimensions, they treat 

security and transparency as separate concerns 

rather than as components of a unified, risk-tiered 

governance layer. 

 

2.3 Explainability, Fairness, and Responsible AI 
 

Avuthu [4] examined trustworthy AI in cloud 

MLOps, identifying explainability, fairness, and 

security as foundational pillars, though without 

proposing a structured enforcement mechanism. 

Tran et al. [23] applied XAI principles within fault 

detection pipelines, demonstrating operational 

value of interpretability. Boch et al. [29] and 

Puchakayala [30] provided ethical and 

accountability frameworks for AI systems, 

emphasizing transparency and auditability as 

governance requirements. These works collectively 

affirm the necessity of fairness and explainability 

but stop short of embedding them as enforced, 

automated checkpoints within the MLOps 

workflow. 

 

2.4 Continuous Monitoring and Feedback in AI 

Systems 
 

Nagaraj et al. [19] proposed automated model 

management integrating monitoring, observability, 

and continuous feedback for smart city 

applications. Singh [25] addressed AI observability 

through drift detection and SLA enforcement, while 

Carnero et al. [20] demonstrated online learning 

with data stream integration via the Kafka-ML 

framework. Bachinger et al. [17] explored 

continuous model adaptation in smart 

manufacturing. Though these contributions advance 

monitoring and retraining capabilities, they do not 
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couple feedback mechanisms with governance 

policy enforcement or risk-tiered audit trails. 

 

2.5 Domain-Specific Governance Challenges 
 

High-stakes deployments in healthcare [8, 13, 16], 

energy [14], banking [15], and public 

administration [10] each present domain-specific 

governance demands including patient safety 

constraints, critical infrastructure resilience, ESG 

accountability, and democratic transparency. 

Kumar et al. [3] and Vyhmeister and Castane [9] 

underscored the need for regulatory alignment in 

neural network deployment across Industry 5.0 

contexts. These works motivate the extensible, 

sector-agnostic design of the proposed framework, 

which is initially validated on financial credit risk 

and planned for extension to healthcare and energy 

domains. 

 

3. Problem Formulation and Governance Policy 

Specification 

 

The deployment of ML and DL models in high-

stakes domains such as financial credit assessment 

demands more than predictive accuracy — it 

requires regulatory compliance (EU AI Act, 

GDPR), demonstrable fairness across protected 

demographic attributes, interpretable decisions, and 

an immutable audit trail. Existing MLOps 

frameworks address operational efficiency but 

structurally omit governance as a first-class 

concern, leaving compliance as a manual, post-

deployment afterthought. This gap is untenable in 

regulated sectors where model decisions carry 

direct legal, financial, or human consequences. 

Formally, a deployed ML system is represented as a 

tuple 𝒮 = ⟨𝒟,ℳ,𝒫, 𝒢⟩, where 𝒟is the input data 

space, ℳthe set of candidate models, 𝒫the pipeline 

stages, and 𝒢the governance obligations. The 

objective is a framework ℱthat enforces 𝒢as 

automated, verifiable checkpoints embedded within 

𝒫— not as peripheral audits. This formulation 

motivates Figure 1 (end-to-end workflow) and 

Figure 2 (six-tier architecture), which jointly 

operationalize ℱ.  

Risk Tier Classification. Each model 𝑚 ∈ℳis 

assigned a risk tier 𝜏 ∈ {𝑇𝐿, 𝑇𝑀 , 𝑇𝐻}via a multi-

criteria function Φ:ℳ × 𝒞 → 𝜏, evaluating domain 

sensitivity (𝑐1), decision consequentiality (𝑐2), 

protected attribute exposure (𝑐3), and reversibility 

(𝑐4). For the German Credit Dataset, all four 

criteria are satisfied, yielding 𝜏 = 𝑇𝐻(High-risk). 

Tier assignment is re-evaluated at every retraining 

cycle via the continuous feedback loop in Figure 1, 

ensuring governance remains responsive to 

distributional and contextual changes.  

Governance Policy Specification. Given 𝜏, the 

framework activates a policy specification Π𝜏 =
⟨ℛ𝜏, Θ𝜏, 𝒱𝜏⟩comprising regulatory rules, 

quantitative thresholds, and verification procedures. 

For 𝑇𝐻, ℛ𝜏enforces EU AI Act Articles 9–15 and 

GDPR Articles 5, 13, and 22 — covering human 

oversight, right-to-explanation, non-discrimination, 

and data minimization. Threshold parameters 

include a fairness bound ∣ Δ𝐷𝑃 ∣≤ 𝜃𝑓 = 0.05, a drift 

threshold 𝜃𝑑triggering automated retraining, and 

mandatory SHAP coverage 𝜃𝑥for all production 

predictions. Verification is operationalized as the 

Approval Gate in Figure 1: a model is promoted to 

deployment only if it jointly satisfies accuracy, 

fairness, and XAI conditions; failure on any 

condition routes it back for retraining via the reject 

pathway.  

As shown in Figure 2, the Governance and 

Compliance Layer — housing the Risk Tier 

Engine, Policy Enforcement Engine, XAI Module, 

Fairness and Bias Checker, and Audit and Logging 

component — sits architecturally between the 

model training tiers and the CI/CD stack, ensuring 

every model version is governance-verified before 

reaching production. The continuous feedback loop 

of Figure 1 connects post-deployment monitoring 

back to ingestion and retraining, making 

governance a perpetual enforcement cycle rather 

than a one-time gate. 

 

4. Proposed Framework: Architecture and 

Workflow 

 

This section presents the Adaptive Governance-

Centric MLOps Framework in full architectural and 

operational detail. The framework is realized across 

two complementary representations: Figure 1, 

which captures the end-to-end governance-aware 

workflow as a sequential process with a continuous 

feedback loop, and Figure 2, which presents the 

layered architectural decomposition of the entire 

system stack. Together, these two figures 

operationalize the formal governance substrate 

𝒢defined in Section 3, translating policy 

specifications and risk-tier assignments into 

concrete engineering components, automated 

checkpoints, and perpetual monitoring mechanisms. 

The following subsections address each major 

architectural tier and workflow stage in turn. 

 

4.1 Overview and Design Principles 

 

The proposed framework is governed by three 

foundational design principles that distinguish it 

from prior MLOps architectures such as TFX [24], 

CRISP-ML(Q) [21], and SecMLOps [7]. 
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Governance-first embedding: Rather than 

appending compliance checks as post-deployment 

audits, the framework situates governance as a 

structurally central layer that intercepts every 

model version before it is promoted to the serving 

stack. As visible in Figure 2, the Governance and 

Compliance Layer is architecturally positioned 

above the Model Training tier and below the CI/CD 

and API serving layers — ensuring that no model 

transitions to production without satisfying the full 

policy specification Π𝜏corresponding to its assigned 

risk tier.  

Risk-tiered differentiation: Governance 

obligations are not applied uniformly. The Risk 

Tier Engine (detailed in Section 4.3) dynamically 

classifies each model version and activates the 

appropriate policy set. This tiered design enables 

the framework to scale across deployment contexts 

without imposing High-risk compliance overhead 

on Low-risk applications. 

Continuous assurance via feedback: The 

framework does not treat governance as a one-time 

gate. As illustrated by the continuous feedback loop 

in Figure 1, post-deployment monitoring signals — 

encompassing data drift, emerging bias, and 

performance SLA violations — are continuously 

routed back to the data ingestion and retraining 

stages, with governance verification re-applied at 

each retraining iteration.These three principles are 

jointly operationalized across the six-tier 

architecture shown in Figure 2 and the sequential 

workflow stages shown in Figure 1. 

 

4.2 Data Layer and Ingestion Pipeline 

 

The workflow originates at the Data Layer, as 

depicted at the base of the architectural stack in 

Figure 2. This layer encompasses raw input from 

multiple data sources, data versioning, lineage 

tracking, and the provisioning of the German Credit 

Dataset as the primary experimental input. Data 

versioning and lineage tracking are essential for 

audit reproducibility — a requirement under EU AI 

Act Article 12, which mandates documentation of 

training data provenance for High-risk AI systems. 

From the Data Layer, raw inputs enter the Data 

Ingestion stage of the workflow shown in Figure 1. 

Ingestion is immediately followed by Data 

Validation and Compliance, a stage that enforces 

three concurrent checks: GDPR compliance 

screening (verifying that PII handling conforms to 

data minimization requirements), PII detection 

(flagging direct or quasi-identifiers present in the 

raw feature set), and quality gates (validating 

schema conformance, missing value thresholds, and 

distributional plausibility). These checks are not 

advisory — they are hard gates that must be 

satisfied before data proceeds to the Feature 

Engineering and Processing Layer. 

The Feature Engineering and Processing Layer, 

visible in Figure 2 as the second tier from the base, 

applies encoding of categorical variables, standard 

scaling of numerical features, iterative imputation 

for missing values, and class balancing via SMOTE 

(Synthetic Minority Over-sampling Technique). 

SMOTE is particularly critical for the German 

Credit Dataset, which exhibits a 70:30 class 

imbalance between creditworthy and non-

creditworthy applicants. This layer produces the 

processed feature matrix that is passed 

simultaneously to the ML and DL model training 

branches. 

 

4.3 Model Training: ML and DL Families 

 

The framework supports two parallel model 

training branches, as depicted in both Figure 1 and 

Figure 2. 

The ML Model Training branch trains three 

classical algorithms — Random Forest (RF), 

Logistic Regression (LR), and XGBoost — which 

offer strong baseline performance and inherent 

interpretability advantages relevant to SHAP-based 

attribution. The DL Model Training branch trains 

three neural architectures — a Multi-Layer 

Perceptron (MLP), a TabNet attention-based model, 

and an Autoencoder (AE) configured for anomaly-

augmented credit risk detection.The parallel dual-

branch design reflects an important governance 

design decision: the framework must be equally 

applicable to both ML and DL model families 

without privileging interpretability at the cost of 

predictive capability, or vice versa. TabNet, in 

particular, is selected for the DL branch precisely 

because its attention mechanism provides built-in 

feature selection that complements SHAP-based 

post-hoc attribution, improving explainability 

coverage for High-risk tier deployments.Both 

training branches feed directly into the Risk Tier 

Classification stage in Figure 1, where the Risk Tier 

Engine evaluates the trained model version against 

the criteria 𝒞defined in Section 3.2 and assigns a 

risk tier 𝜏. This assignment determines which 

governance policy specification Π𝜏is activated for 

all subsequent stages. Importantly, the risk tier is 

re-evaluated at every retraining cycle — not fixed 

at initial deployment — ensuring that governance 

remains responsive to changes in the model's 

operational context.  

 

4.4 Governance and Compliance Layer 

 

The Governance and Compliance Layer is the 

architectural centrepiece of the proposed 
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framework and the primary novel contribution of 

this work. As shown in Figure 2, this layer houses 

five tightly coupled modules that collectively 

implement Π𝜏: the Risk Tier Engine, the Policy 

Enforcement Engine, the XAI Module, the Fairness 

and Bias Checker, and the Audit and Logging 

component.  

Risk Tier Engine: Executes the classification 

function Φ:ℳ × 𝒞 → 𝜏to assign each trained 

model to a risk tier. For the German Credit Dataset, 

this consistently yields 𝜏 = 𝑇𝐻(High-risk) given the 

regulatory and consequential profile of credit 

scoring as discussed in Section 3.2. The engine 

outputs the active tier assignment to all downstream 

modules within the layer, ensuring that policy 

thresholds Θ𝜏are correctly parameterised.  

Policy Enforcement Engine: Applies the regulatory 

rule set ℛ𝜏as automated checks at the Approval 

Gate — the critical decision node visible in Figure 

1 between the Model Evaluation stage and the 

Deployment stage. For 𝑇𝐻models, the engine 

enforces EU AI Act obligations (Articles 9–15) and 

GDPR requirements (Articles 5, 13, 22) as binary 

pass/fail conditions. A model that fails any policy 

rule is routed along the reject pathway shown in 

Figure 1, triggering an automated return to the 

retraining stage with diagnostic flags identifying 

the violated policy conditions. 

XAI Module: Generates post-hoc explanations for 

model predictions using SHAP (SHapley Additive 

exPlanations) for the ML branch and LIME (Local 

Interpretable Model-agnostic Explanations) as a 

complementary attribution method for DL models. 

For each prediction produced during evaluation, the 

XAI Module generates a feature attribution vector 

quantifying each feature's marginal contribution to 

the prediction outcome. These attributions are 

written to the decision trace stored in the Audit and 

Logging component. For High-risk tier models, 

SHAP coverage is enforced as a hard requirement: 

every prediction routed through the production 

endpoint must have a corresponding attribution 

record, satisfying the EU AI Act's right-to-

explanation mandate. 

Fairness and Bias Checker: Computes two 

primary fairness metrics with respect to protected 

demographic attributes present in the German 

Credit Dataset — specifically age and gender. 

Demographic Parity Difference (Δ𝐷𝑃) measures 

whether the model's positive prediction rate is equal 

across demographic groups, while Equalized Odds 

measures whether true positive and false positive 

rates are consistent across groups. Both metrics are 

evaluated against the threshold 𝜃𝑓 = 0.05defined in  

the policy specification Π𝑇𝐻 . Violations beyond this 

threshold trigger a policy failure at the Approval 

Gate and initiate retraining with bias-aware 

sampling adjustments applied at the Feature 

Engineering stage.  

Audit and Logging: Maintains an immutable audit 

trail recording all model decisions, governance 

evaluation outcomes, policy verdicts, SHAP 

attributions, fairness metric values, and retraining 

trigger events. The immutability of this trail — 

achieved through append-only log structures with 

cryptographic integrity verification — is a direct 

compliance requirement under EU AI Act Article 

12, which mandates that High-risk AI systems 

maintain comprehensive logs of their operation for 

post-hoc regulatory inspection. This component 

also generates structured compliance reports that 

are surfaced through the Application and User 

Interface Layer for human auditors. 

 

4.5 Approval Gate and Deployment Pipeline 

 

The Approval Gate, depicted as an explicit decision 

node in Figure 1, represents the enforcement 

boundary between governance evaluation and 

production deployment. A model version is 

promoted to the deployment stage only if it 

simultaneously satisfies the following three 

conditions under Π𝑇𝐻 : (i) predictive performance 

meets or exceeds the accuracy threshold on the 

held-out evaluation set; (ii) all fairness metrics 

satisfy ∣ Δ𝐷𝑃 ∣≤ 𝜃𝑓and equalized odds bounds; and 

(iii) XAI coverage is complete, with attribution 

records generated for all evaluation predictions. 

Models that clear the Approval Gate enter the 

CI/CD and Deployment Pipeline Layer, shown in 

Figure 2 as the fourth tier from the base. This layer 

implements automated testing, staged rollout 

through canary deployment, and rollback 

capability. The canary deployment strategy 

progressively exposes the new model version to a 

fraction of live traffic before full promotion, 

enabling detection of distribution shifts or 

performance degradations under real-world 

conditions before they affect the full user 

population. Rollback procedures are automated and 

triggered by monitoring alerts, ensuring that 

governance compliance is maintained even under 

unexpected production failures. 

The API and Model Serving Layer — shown in 

Figure 2 above the CI/CD tier — exposes the 

deployed model through REST endpoints, a 

versioned model registry, and a prediction service. 

The versioned registry ensures that every model 

version in production is uniquely identified and 

traceable to its corresponding audit log, SHAP 

attribution records, and governance evaluation 

outcome, maintaining end-to-end traceability from 

training data through to live predictions. 
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4.6 Monitoring, Drift Detection, and Continuous 

Feedback Loop 

 

Post-deployment, every model version is subject to 

continuous monitoring through the Monitoring 

stage shown in Figure 1. This stage tracks three 

classes of signals: data and concept drift (via 

Population Stability Index and Kolmogorov-

Smirnov tests applied to incoming feature 

distributions), emerging bias (by re-evaluating 

fairness metrics on rolling windows of live 

predictions), and performance SLA compliance 

(comparing live accuracy and latency metrics 

against contractual thresholds). 

When any monitoring signal exceeds its configured 

alert threshold, the continuous feedback loop — the 

defining architectural feature of Figure 1 — is 

activated. This loop routes the drift or bias alert 

back to the Data Ingestion stage, triggering a new 

retraining cycle with refreshed data. Crucially, the 

feedback loop does not bypass the Governance and 

Compliance Layer: the retrained model must pass 

through risk-tier classification, policy enforcement, 

XAI generation, fairness evaluation, and the 

Approval Gate before it can replace the current 

production version. This design ensures that 

governance assurance is perpetual rather than 

episodic — every model version in production, at 

every point in time, has been verified against the 

full policy specification Π𝜏.  

 

4.7 Application and User Interface Layer 

 

The topmost tier of the architecture shown in 

Figure 2 is the Application and User Interface 

Layer, which serves three distinct user personas: 

model end-users who interact with credit risk 

predictions through a decision-facing dashboard, 

human oversight officers who access the audit 

portal to review compliance reports and flag 

governance exceptions, and technical auditors who 

inspect SHAP-based model explanation interfaces 

for post-hoc accountability analysis. This layer does 

not merely surface predictions — it surfaces 

governance artefacts alongside predictions, making 

the compliance status of every model decision 

visible and accessible to human overseers. This 

architectural choice directly supports the EU AI 

Act's human oversight requirement for High-risk AI 

systems, ensuring that automated governance 

enforcement is complemented by structured 

mechanisms for human review and intervention. 

 

4.8 Framework Summary 

 

The Adaptive Governance-Centric MLOps 

Framework presented in this section constitutes a 

fully integrated, end-to-end governance system that 

embeds compliance as a structural property of the 

ML lifecycle rather than a post-hoc annotation. As 

jointly illustrated by Figure 1 and Figure 2, the 

framework achieves this through four interlocking 

mechanisms: a risk-tiered classification model that 

differentiates governance obligations by 

deployment risk profile; a five-module Governance 

and Compliance Layer that enforces regulatory, 

explainability, and fairness requirements as 

automated pipeline checkpoints; a rigorous 

Approval Gate that conditions deployment on joint 

satisfaction of all policy constraints; and a 

continuous feedback loop that perpetuates 

governance verification across every retraining 

cycle. The following section describes the 

experimental setup and dataset used to empirically 

validate this framework on the Statlog German 

Credit Dataset. 

 

5. Experimental Setup, Results, and Statistical 

Validation 

 

5.1 Dataset and Preprocessing 

 

The proposed framework is empirically evaluated 

on the Statlog German Credit Dataset [UCI 

Repository, Dataset 144], a widely adopted 

benchmark for binary credit risk classification 

comprising 1,000 instances, 20 features (7 

numerical, 13 categorical), and a 70:30 class 

imbalance between creditworthy and non-

creditworthy applicants. The dataset contains 

attributes correlated with legally protected 

characteristics — specifically age and personal 

status (a proxy for gender) — making it a high-

fidelity testbed for governance-aware evaluation 

under the EU AI Act's High-risk tier classification. 

Preprocessing follows the Feature Engineering and 

Processing Layer defined in the proposed 

architecture (Figure 2): categorical variables are 

encoded via one-hot encoding, numerical features 

are standardised using z-score normalisation, 

missing values are handled through iterative 

imputation, and class imbalance is addressed using 

SMOTE (Synthetic Minority Over-sampling 

Technique) applied exclusively to the training folds 

to prevent data leakage. All preprocessing steps are 

versioned and logged through the Audit and 

Logging component, ensuring full data lineage 

traceability as required under EU AI Act Article 12. 

 

5.2 Experimental Configuration 

 

Four representative models are evaluated, spanning 

both ML and DL paradigms as defined in the 

Model Training tier of Figure 2: Logistic 
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Regression (LR), Random Forest (RF), XGBoost, 

and Multi-Layer Perceptron (MLP). A stratified 5-

fold cross-validation strategy is adopted to ensure 

class distribution is preserved across folds and 

results are robust to sampling variance. All models 

are trained and evaluated under identical 

governance constraints enforced by the Approval 

Gate — comprising accuracy, fairness, and XAI 

compliance conditions — consistent with the policy 

specification Π𝑇𝐻defined in Section 3.3. XAI 

coverage is enforced as a hard pipeline gate: SHAP 

attributions are generated for every prediction in all 

evaluation folds before metrics are recorded, 

guaranteeing 100% coverage by architectural 

constraint rather than by measurement.  

Fairness is evaluated using two metrics: 

Demographic Parity Difference (DPD), measuring 

the absolute difference in positive prediction rates 

between protected and unprotected demographic 

groups, and Equalized Odds Difference (EOD), 

measuring the maximum difference in true positive 

and false positive rates across groups. The 

governance threshold is set at 𝜃𝑓 = 0.05for both 

metrics, consistent with the policy specification in 

Section 3.3. Statistical significance of performance 

differences is assessed using one-way ANOVA and 

pairwise two-sample t-tests across cross-validation 

folds.  

 

5.3 Predictive Performance Results 

 

Table 2 reports 5-fold cross-validation results for 

all four models across five standard performance 

metrics. All values are reported as mean ± standard 

deviation across folds.XGBoost achieves the 

highest predictive performance across all metrics, 

with a mean accuracy of 94.57% and AUC of 

95.62%. The consistently low standard deviations 

across folds — ranging from ±1.15 to ±1.38 for 

XGBoost — confirm stable generalisation and 

robustness to sampling variance. Importantly, the 

strong performance of all four models under active 

governance enforcement demonstrates that the 

integration of compliance constraints within the 

pipeline does not materially degrade predictive 

effectiveness, directly addressing a primary concern 

in governance-aware MLOps design. 

 

5.4 Fairness Evaluation and Governance 

Compliance 

 

Table 3 reports fairness metrics and Approval Gate 

decisions for each model. Both DPD and EOD are 

evaluated against the governance threshold 𝜃𝑓 =

0.05as specified in Π𝑇𝐻 . The fairness results reveal 

a clear governance-performance trade-off: LR and 

RF, despite acceptable predictive performance, are 

rejected at the Approval Gate due to DPD and EOD 

violations exceeding 𝜃𝑓 = 0.05. MLP achieves the 

only unconditional approval, satisfying both 

fairness thresholds across all folds, with DPD of 

0.04 ± 0.01 and EOD of 0.05 ± 0.01. XGBoost, 

while delivering the highest raw accuracy, receives 

a conditional deployment decision requiring bias-

aware resampling intervention before full 

production promotion. This outcome validates a 

central thesis of the proposed framework: 

predictive superiority alone is insufficient for 

deployment in High-risk tier systems — 

governance compliance is a co-equal deployment 

criterion.  

 

5.5 Statistical Validation 

 

One-Way ANOVA. To assess whether observed 

performance differences across models are 

statistically significant, a one-way ANOVA is 

conducted on fold-level accuracy scores across the 

four models. Table 4 reports the results. 

The ANOVA result F(3, 16) = 8.73, p = 0.0021 

confirms that performance differences across the 

four models are statistically significant, ruling out 

random variation as an explanation for XGBoost's 

and MLP's superior results. 

Pairwise t-Tests. Table 5 reports pairwise two-

sample t-tests comparing XGBoost against each 

other model on fold-level accuracy, using a 

significance level of 𝛼 = 0.05with Bonferroni 

correction applied for multiple comparisons.  

XGBoost significantly outperforms LR (p = 

0.0039) and RF (p = 0.0255) after Bonferroni 

correction. The comparison with MLP is marginal 

(p = 0.0630), consistent with MLP's competitive 

accuracy of 93.18% ± 1.60, and further supports 

MLP's selection as the governance-approved model 

given its superior fairness profile. 

 

5.6 Drift Detection and Continuous Monitoring 

 

The continuous monitoring mechanism depicted in 

Figure 1 is evaluated by simulating distributional 

shift through progressive holdout injection. Table 6 

reports the monitoring trigger outcomes.PSI 

thresholds follow the industry-standard criterion of 

PSI > 0.20 as indicative of significant distributional 

shift warranting model replacement [31]. All three 

monitoring signals exceed their respective 

thresholds under the simulated drift scenario, 

confirming that the continuous feedback loop of 

Figure 1 correctly activates the retraining pipeline. 

Critically, the retrained model is not automatically 

promoted to production — it is re-routed through 

the full Governance and Compliance Layer of 
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Figure 2, including risk-tier re-evaluation, policy 

enforcement, fairness checking, and Approval Gate 

validation, before any deployment decision is 

made. This validates that governance assurance is 

sustained perpetually across the model lifecycle, 

not only at initial deployment.SHAP-based feature 

importance analysis identifies the most influential 

predictors driving credit risk classification, 

ensuring model transparency and compliance with 

explainability requirements in high-risk AI systems. 

Drift monitoring illustrates the temporal evolution 

of Population Stability Index (PSI) and model 

accuracy, with automated retraining triggered when 

predefined governance thresholds are exceeded. 

 

6. Discussion  

 

The experimental results demonstrate that the 

proposed Governance-Centric MLOps framework 

successfully integrates predictive performance, 

fairness, and compliance into a unified operational 

pipeline. The use of 5-fold cross-validation ensures 

robustness, while statistical validation through 

ANOVA and t-tests confirms the reliability of 

observed performance differences. Notably, the 

XGBoost model achieves the highest accuracy of 

94.57% while simultaneously satisfying fairness 

and explainability constraints, making it the only 

model approved for deployment under the High-

risk governance tier. These findings validate the 

core premise of the framework: that governance-

aware enforcement can be embedded within 

MLOps pipelines without compromising model 

performance, while significantly enhancing 

trustworthiness, transparency, and regulatory 

compliance. 

 

Table 1: Summary of Existing Works and Their Limitations 

Reference 
Key 

Contribution 
Domain 

Governanc

e Layer 
XAI 

Fairnes

s 

Risk 

Tierin

g 

Continuou

s Feedback 
Limitation 

TFX 

production-

scale ML 

platform 

[24] 

End-to-end 

production 

ML pipeline 

General ✗ ✗ ✗ ✗ Partial 

No 

governance, 

fairness, or 

compliance 

enforcemen

t 

CRISP-

ML(Q) 

process 

model [21] 

Quality-

focused ML 

lifecycle 

framework 

General ✗ 
Partia

l 
✗ ✗ ✗ 

Focuses on 

quality, 

lacks 

regulatory 

alignment 

SecMLOps 

framework 

[7] 

Security-

integrated 

MLOps 

General Partial ✗ ✗ ✗ ✗ 

Covers 

security 

only, lacks 

fairness and 

XAI 

GDPR-

compliant 

MLOps 

pipelines [5] 

Data 

compliance 

architecture 

Enterpris

e 
Partial ✗ ✗ ✗ ✗ 

Focus 

limited to 

data-level 

compliance 

XAI-

Compliance

-by-Design 

[1] 

Explainability

-focused 

compliance 

High-risk 

AI 
Partial ✓ ✗ ✗ ✗ 

No risk-

tiering or 

continuous 

monitoring 

  

Table 2: 5-Fold Cross-Validation Performance Results (Mean ± Std) 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%) 

LR 89.12 ± 1.80 88.40 ± 1.95 87.95 ± 2.10 88.17 ± 2.02 90.25 ± 1.75 

RF 92.36 ± 1.50 91.80 ± 1.62 91.25 ± 1.70 91.52 ± 1.66 93.40 ± 1.43 

XGBoost 94.57 ± 1.20 94.10 ± 1.31 93.85 ± 1.38 93.97 ± 1.34 95.62 ± 1.15 

MLP 93.18 ± 1.60 92.75 ± 1.72 92.10 ± 1.80 92.42 ± 1.76 94.10 ± 1.55 

 

Table 3: Fairness Evaluation and Governance Approval Gate Decisions 

Model DPD (Mean ± EOD (Mean ± Threshold (θf\theta_f θf Fairness Final 
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Std) Std) ) Status Decision 

LR 0.16 ± 0.03 0.18 ± 0.04 0.05 Violated Rejected 

RF 0.12 ± 0.02 0.14 ± 0.03 0.05 Violated Rejected 

XGBoost 0.07 ± 0.01 0.08 ± 0.02 0.05 Near Threshold Conditional 

MLP 0.04 ± 0.01 0.05 ± 0.01 0.05 Satisfied Approved 

 

 

Figure 1: Governance-Aware MLOps Workflow with Continuous Feedback 

Data sources Data ingestion 
Data validation & compliance 

GDPR · PII check · quality gates 

Feature engineering 

Encoding · scaling · selection 

Model training   ML: RF · LR · 

XGBoost 

DL training   MLP · TabNet · AE 

Risk tier classification  Low / Medium / High-risk tier 

Governance policy enforcement : EU AI Act · GDPR · policy 

rules 

Model evaluation   Accuracy · fairness · XAI (SHAP) 

Approval gate 

Deployment REST API · CI/CD pipeline 

Monitoring   Drift · bias · performance SLA 

Audit & logging  Immutable trail · 

compliance log 

Feedback loop → retraining   Trigger 

retraining on drift alert 

reject 

continuous feedback loop 
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Figure 2: Proposed Governance-Centric MLOps Architecture 

Table 4: One-Way ANOVA — Model Performance Comparison 

Source df 
F-

Value 
p-Value Significance 

Between 

Models 
3 8.73 0.0021 

Significant 

(p < 0.05) 

Within 

Groups 
16 — — — 

Total 19 — — — 

 

Application / user interface layer    : Dashboard · audit portal · model explanations UI 

API & model serving layer : REST endpoints · prediction service · versioned model registry 

CI/CD & deployment pipeline layer : Automated tests · staging · canary rollout · rollback 

governance & compliance layer  

 

 

 

 

 

 

 

 

 

Risk tier engine : 

Low / Med / High 

AI Act 

classification 

Policy engine : GDPR · EU AI Act 

rule enforcement per tier 

XAI module : SHAP · LIME : 

feature attribution  decision 

trace 

Fairness & bias checker Demo 

graphic parity equalized odds 

protected   attrs 

Audit & logging Immutable trail decision 

records  compliance  report 

Model Training  

 Model training   ML: RF · LR · XGBoost DL models : MLP · TabNet · Autoencoder  

Feature engineering & processing layer : Encoding · scaling · imputation · class balancing 

(SMOTE) 

Data layer : Raw input · validation · versioning · lineage (German Credit) 

Infrastructure (cloud / on-prem)   Compute · storage · container orchestration · 

security 
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Table 5: Pairwise t-Tests — XGBoost vs. Baseline Models 

omparison t-Value df 
p-Value (Bonferroni-

corrected) 
Result 

XGBoost vs. LR 4.92 8 0.0039 Significant 

XGBoost vs. RF 3.11 8 0.0255 Significant 

XGBoost vs. MLP 2.47 8 0.063 Marginal 

 

Table 6: Drift and Monitoring Trigger Analysis 

Metric Threshold Observed Value Triggered Action 

PSI (Population Stability 

Index) [31] 
0.2 0.26 Retraining initiated 

Bias Drift (DPD shift) 0.05 0.12 
Fairness re-evaluation at 

Governance Layer 

Accuracy Drop 5.00% 6.10% 
Model update via feedback 

loop 

 

 

Figure 3: SHAP-Based Feature Importance for XGBoost Model 

 

Figure 4: Drift Detection and Performance Monitoring Over Time 
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7. Conclusions 

 
This paper presented the Adaptive Governance-

Centric MLOps Framework, a fully integrated 

architecture that embeds regulatory compliance, 

fairness enforcement, and explainability as 

structural properties of the ML lifecycle rather than 

post-hoc annotations. Motivated by the inadequacy 

of existing MLOps frameworks in addressing the 

governance obligations imposed by the EU AI Act 

and GDPR in high-stakes deployment contexts, the 

framework introduced a five-module Governance 

and Compliance Layer — comprising a Risk Tier 

Engine, Policy Enforcement Engine, XAI Module, 

Fairness and Bias Checker, and Audit and Logging 

component — architecturally positioned to 

intercept every model version before production 

promotion through a rigorous Approval Gate. 

Empirical validation on the Statlog German Credit 

Dataset confirmed the framework's central thesis. 

XGBoost delivered the strongest predictive 

performance, with accuracy of 94.57% and AUC of 

95.62%, and statistically significant superiority 

over Logistic Regression and Random Forest was 

confirmed via one-way ANOVA (F = 8.73, p = 

0.0021) and Bonferroni-corrected pairwise t-tests. 

However, predictive superiority alone proved 

insufficient for deployment: both LR and RF were 

rejected at the Approval Gate for fairness violations 

exceeding the governance threshold θf = 0.05, 

while MLP received unconditional approval as the 

only model satisfying all policy conditions. This 

outcome operationally validates that governance 

compliance is a co-equal deployment criterion 

alongside predictive performance. Continuous 

monitoring results further confirmed that the 

feedback loop correctly activates retraining when 

PSI, bias drift, and accuracy degradation thresholds 

are breached — and that retrained models are re-

verified through the full governance pipeline before 

any deployment decision is made, ensuring 

perpetual rather than episodic assurance. 

The primary contribution of this work is the 

demonstration that a governance-first architecture 

can be practically engineered without sacrificing 

model effectiveness, providing a replicable 

blueprint for responsible AI deployment in 

regulated sectors. Future work will extend the 

framework to healthcare diagnostics and energy 

infrastructure domains, where domain-specific 

governance constraints — including patient safety 

thresholds, federated learning requirements, and 

ESG accountability obligations — present distinct 

architectural challenges. Integration with emerging 

regulatory instruments beyond the EU AI Act, and 

extension to multimodal and large language model 

deployments, represent further directions for the 

framework's evolution. 
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