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Abstract: 4 

Agentic artificial intelligence advances data-quality automation beyond isolated profiling or 5 

cleansing by enabling goal-directed systems to plan, invoke tools, evaluate evidence, coordinate 6 

specialist agents, and escalate consequential decisions. This review develops a governance-7 

centered framework for end-to-end automation of the enterprise data quality lifecycle within 8 

Saudi organizations. A structured integrative review integrates peer-reviewed research on data-9 

quality assessment, monitoring, repair, data-centric artificial intelligence, autonomous agents, 10 

and data governance. The synthesis demonstrates that lifecycle automation is technically feasible 11 

when autonomous reasoning is separated from authoritative change. The proposed framework 12 

organizes specialized agents around quality definition, profiling, rule discovery, continuous 13 

supervision, root-cause analysis, repair, validation, publication, and learning. Concurrently, 14 

deterministic controls ensure policy enforcement and human accountability. DAMA-oriented 15 

responsibilities establish the enterprise operating model for ownership, stewardship, quality 16 

management, metadata, architecture, and security, while NDMO-oriented governance introduces 17 

Saudi-specific requirements for organizational accountability, classification, traceability, 18 

measurable controls, and evidence. The review contends that the practical objective should be 19 

maximum trustworthy quality throughput—the proportion of quality issues detected, explained, 20 

resolved, validated, and evidenced within accepted risk and service thresholds—rather than 21 

maximum autonomous repair. A risk-tiered assurance loop, provenance-rich action records, 22 

confidence-aware escalation, segregation of duties, and reversible state changes are identified as 23 

essential conditions for safe scaling. 24 
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1. Introduction 30 

Data quality has evolved from a back-office cleansing concern to a continuous control challenge. 31 

Enterprise decisions, analytics, regulatory reporting, artificial intelligence systems, customer 32 

operations, and automated workflows all require data that are sufficiently accurate, complete, 33 

consistent, timely, valid, and fit for their intended use. Current environments complicate this 34 

requirement, as data are distributed across cloud platforms, operational applications, warehouses, 35 

lakehouses, streaming systems, APIs, and machine-learning pipelines, with ownership and 36 

quality rules frequently fragmented. Recent reviews consequently conceptualize data quality as a 37 

multidimensional, contextual property rather than a single score, emphasizing measurement, 38 

monitoring, and organizational governance in addition to correction (Ehrlinger & Wöß, 2022; 39 

Reda et al., 2023; Priestley et al., 2023). 40 

Automation has advanced primarily as a set of specialized capabilities. Large-scale verification 41 

systems can infer and enforce constraints, machine-learning approaches support error detection 42 

and repair, active learning reduces expert-labeling effort, and data-centric AI emphasizes 43 

systematic data improvement over model design alone (Schelter et al., 2018; Mahdavi et al., 44 

2019; Abedjan & Mahdavi, 2020; Li et al., 2024; Jakubik et al., 2024). Patel et al. (2023) 45 

demonstrate that exploratory analysis and data-quality tasks can be partially automated, while 46 

Mecca et al. (2024) highlight the value of learning repair actions through human interaction. 47 

However, these capabilities typically address only one stage of the lifecycle. Enterprises continue 48 

to depend on manual intervention to connect signals across profiling, issue diagnosis, 49 

remediation, validation, stewardship, and control evidence. 50 

Agentic AI significantly changes the architectural approach. Large language model (LLM)-based 51 

agents integrate perception, planning, memory, tool use, feedback, and coordination, while multi-52 

agent systems enable role specialization and division of labor (Wang et al., 2024; Guo et al., 53 

2024; Xi et al., 2025). In the context of data quality, agents can translate business expectations 54 

into candidate rules, determine which profilers to execute, correlate anomalies with lineage and 55 

recent changes, propose repairs, perform low-risk corrections via controlled tools, retest affected 56 

assets, compile stewardship evidence, and learn from approved resolutions. However, these same 57 

capabilities bring new risks, as a probabilistic planner may misdiagnose defects, apply unsafe 58 

repairs, propagate unsupported assumptions, or exercise excessive privileges. Consequently, 59 



 

 

agentic autonomy requires a more solid governance architecture than conventional workflow 60 

automation (Acharya et al., 2025; Barredo Arrieta et al., 2020). 61 

This governance imperative is especially important for Saudi enterprises. Data governance 62 

distributes decision rights, accountability, and control mechanisms throughout organizational and 63 

technical boundaries (Abraham et al., 2019; Janssen et al., 2020; Walsh et al., 2022). DAMA-64 

oriented practices supply a comprehensive enterprise model encompassing data governance, data 65 

quality, metadata, architecture, security, integration, and stewardship. Goel et al. (2024) illustrate 66 

how DAMA dimensions can structure governance responsibilities for analytical data. 67 

Simultaneously, the Saudi National Data Management Office (NDMO) emphasizes defined 68 

institutional mechanisms, control evidence, classification, traceability, and accountable 69 

implementation. Empirical research at King Saud University spotlights the strategic, executive, 70 

and organizational aspects of NDMO-aligned governance (Aljarallah & Alfadhel, 2025). 71 

The main challenge is not whether AI can automate individual quality tasks, but how to integrate 72 

autonomous capabilities into an end-to-end lifecycle without compromising authority, 73 

explainability, or compliance. This review addresses this challenge by synthesizing research in 74 

data-quality engineering, data-centric AI, autonomous-agent architecture, and governance. It 75 

proposes a Saudi-enterprise reference framework in which agents orchestrate evidence and 76 

reversible actions, while deterministic policy gates and accountable human roles govern 77 

consequential state changes. The contribution is conceptual and design-oriented, identifying 78 

where autonomy is appropriate, where approval is still essential, how DAMA and NDMO 79 

frameworks might be jointly operationalized, and which metrics are necessary to evaluate 80 

trustworthy quality automation. 81 

2. Aim of the Study 82 

The study aims to develop a critical, implementation-oriented framework for using agentic AI to 83 

automate the enterprise data quality lifecycle, from quality definition and discovery through 84 

monitoring, diagnosis, remediation, validation, publication, and continuous improvement. The 85 

framework is designed to preserve accountable human ownership and deterministic control while 86 

aligning operational responsibilities with DAMA-oriented practice and the traceability, 87 

classification, evidence, and institutional-control expectations associated with NDMO 88 

governance in Saudi Arabia. 89 



 

 

3. Research Objectives 90 

Objective 1: Synthesize current evidence on data-quality assessment, monitoring, error detection, 91 

repair, data-centric AI, and autonomous agents to identify capabilities that can be composed into 92 

an end-to-end quality operating model. 93 

Objective 2: Distinguish lifecycle activities suitable for autonomous execution from activities 94 

that require deterministic validation, steward approval, or accountable owner decisions, based on 95 

consequence and reversibility. 96 

Objective 3: Map agent roles, data-quality controls, evidence requirements, and escalation routes 97 

to DAMA-oriented responsibilities and NDMO-oriented governance expectations relevant to 98 

Saudi enterprises. 99 

Objective 4: Define a reference architecture and assurance loop that support provenance, least 100 

privilege, segregation of duties, confidence-aware escalation, rollback, and measurable quality 101 

outcomes. 102 

Objective 5: Identify empirical research gaps and evaluation measures for testing whether 103 

agentic automation improves quality throughput without degrading correctness, explainability, 104 

security, or governance accountability. 105 

4. Research Questions 106 

RQ1: Which stages of the enterprise data quality lifecycle can specialized agents automate 107 

effectively, and where should authority remain approval-gated? 108 

RQ2: How can agents combine rules, metadata, lineage, profiling results, historical incidents, 109 

and commercial context to diagnose and remediate quality defects without converting 110 

probabilistic reasoning into ungoverned change? 111 

RQ3: How should DAMA-oriented roles and NDMO-oriented controls shape permissions, 112 

evidence, escalation, and accountability for agentic data-quality operations in Saudi enterprises? 113 

RQ4: Which technical and managerial metrics can demonstrate that end-to-end agentic 114 

automation improves trustworthy quality throughput, resilience, and control assurance? 115 

 116 



 

 

5. Review Methodology 117 

A structured integrative review was selected because the research problem crosses database 118 

engineering, information quality, machine learning, autonomous agents, and organizational 119 

governance. A narrowly bounded systematic review of one discipline would omit necessary 120 

mechanisms, while an unstructured narrative approach would make source selection and 121 

synthesis difficult to audit. The protocol therefore combined concept-driven searching, backward 122 

and forward citation checking, publisher-level bibliographic verification, and thematic synthesis. 123 

The two supplied research papers were used only as structural and academic-writing references; 124 

their wording, argument sequence, tables, figures, and evidentiary claims were not treated as 125 

source material for this review. 126 

Searches targeted peer-reviewed literature available through publisher platforms and major 127 

scholarly indexes associated with ACM, IEEE, Elsevier, Springer, Taylor & Francis, Frontiers, 128 

and conference proceedings. Search concepts were combined iteratively, including “data quality 129 

lifecycle,” “data quality assessment,” “data quality monitoring,” “data profiling,” “data 130 

cleaning,” “error detection,” “data repair,” “active learning data quality,” “data-centric AI,” 131 

“LLM agents,” “autonomous agents,” “multi-agent systems,” “data governance,” “DAMA,” 132 

“NDMO,” “Saudi data governance,” “explainable AI,” and related combinations. We prioritized 133 

publications from 2020-2025. Earlier studies were retained only when they provide foundational, 134 

still-relevant evidence for automated verification, error detection, repair, or governance. 135 

Inclusion required a peer-reviewed journal or conference contribution with a resolvable DOI and 136 

direct relevance to at least one analytical domain: quality definition and assessment; profiling 137 

and monitoring; anomaly or error detection; correction and validation; data-centric AI; 138 

autonomous or multi-agent systems; enterprise data governance; DAMA-aligned responsibilities; 139 

NDMO implementation; or explainability and control. Studies were excluded when they were 140 

vendor marketing, unreviewed preprints without a verified peer-reviewed version, opinion-only 141 

articles, duplicates, or sources with bibliographic details that could not be independently 142 

checked. The final evidentiary corpus was deliberately limited to thirty DOI-verified peer-143 

reviewed works. No database hit, screening, or exclusion counts are reported because a 144 

reproducible subscription-database export log was not preserved; inventing a PRISMA-style 145 

flow would create false methodological precision. 146 



 

 

Quality appraisal considered publisher and venue credibility, clarity of method, evidence-to-147 

claim fit, reproducibility of technical descriptions, relevance to enterprise-scale data operations, 148 

and acknowledgment of limitations. We gave greater interpretive weight to systematic reviews, 149 

established journal articles, empirical or design-science studies, and well-described conference 150 

research. The evidence was coded in two layers. The first mapped each study to lifecycle 151 

functions: define, discover/profile, assess, monitor, diagnose, repair, validate, publish, and learn. 152 

The second captured enabling or constraining mechanisms, including planning, tool use, active 153 

learning, confidence estimation, provenance, human review, least privilege, rollback, and 154 

governance decision rights. 155 

Synthesis was comparative rather than vote-counting. Findings were examined for 156 

complementarities and boundary conditions, particularly where flexible AI reasoning can 157 

increase coverage but reduce determinism. Data-centric AI research was compared with 158 

traditional quality-management approaches; agent architecture was examined against evidence 159 

from automated quality tools; and governance literature was used to determine where autonomy 160 

should be limited. The resulting framework is therefore an inferential synthesis of validated 161 

component capabilities, not a claim that longitudinal production settings have already proven 162 

fully autonomous enterprise data-quality operations. This distinction is a methodological 163 

limitation and a design principle: proposed autonomy levels should be treated as hypotheses 164 

requiring controlled enterprise evaluation. 165 

6. Thematic Literature Review and Critical Analysis 166 

6.1 From Fragmented Quality Tools to an Agent-Orchestrated Lifecycle 167 

Traditional data-quality programs separate quality definition, profiling, monitoring, remediation, 168 

and stewardship into different tools and teams. That division reflects the field's history but 169 

creates latency when defects cross system boundaries. Ehrlinger and Wöß (2022) show that tools 170 

vary materially in profiling, measurement, and continuous-monitoring capability, while Reda et 171 

al. (2023) confirm that assessment models remain context-dependent. Albrecht et al. (2023) 172 

similarly frame quality management as a sequence involving definition, assessment, and 173 

improvement rather than a single cleansing step. The implication is that end-to-end automation 174 

requires coordination across lifecycle states, not merely a more powerful detector. 175 



 

 

An agentic model can treat a quality objective as a governed case. A quality-definition agent 176 

translates business expectations, critical-data-element status, prior controls, and usage context 177 

into candidate rules and service levels. A discovery agent profiles assets and records observed 178 

distributions, null patterns, keys, referential relationships, and freshness. A monitoring agent 179 

continuously evaluates rules and change patterns. When an issue appears, a diagnosis agent 180 

correlates the failure with lineage, schema changes, upstream incidents, deployments, and 181 

historical resolutions. A repair agent proposes or executes bounded corrections; a validation 182 

agent reruns independent checks; and a stewardship agent assembles evidence, assigns 183 

unresolved cases, and records the authoritative disposition. Table 1 summarizes this functional 184 

decomposition. 185 

 186 
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Table 1. Agentic roles across the end-to-end data quality lifecycle 202 

Lifecycle stage Primary agent 

role 

Evidence and actions Recommended authority 

Define Quality-policy 

agent 

Business terms, critical data 

elements, prior rules; proposes 

dimensions, thresholds and SLOs 

Steward/owner approval for new or 

changed authoritative rules 

Discover & 

profile 

Profiler agent Schemas, distributions, keys, 

nulls, referential patterns, 

freshness 

High autonomy for observation; 

evidence retained 

Assess & 

monitor 

Monitoring agent Executed rules, baselines, drift, 

anomalies, service levels 

High autonomy for detection and 

alerting 

Diagnose Root-cause agent Lineage, changes, incidents, 

ownership, historical resolutions 

Autonomous hypothesis generation; 

confidence-aware escalation 

Repair Remediation agent Approved playbooks, 

deterministic transforms, 

candidate corrections 

Automatic only for reversible low-risk 

actions; approval for consequential 

changes 

Validate Independent 

validator 

Re-tests, reconciliations, 

downstream impact checks 

Separate from proposing agent; 

deterministic pass/fail where possible 

Publish & close Stewardship agent Decision packet, approvals, 

provenance, before/after state 

Human approval for material closures 

and rule changes 

Learn Calibration agent Accepted/rejected proposals, 

recurrence, performance metrics 

Update governed playbooks and 

thresholds; no unconstrained memory 

This decomposition should be specialized rather than monolithic. Multi-agent research indicates 203 

that role separation can improve task decomposition and coordination, but it also introduces 204 

communication and propagation risks (Guo et al., 2024). The appropriate enterprise response is 205 



 

 

to couple specialization with segregation of duties: the agent that proposes a repair should not be 206 

the sole validator of that repair, and the agent that interprets a policy should not directly change 207 

access or retention controls. Autonomous intelligence becomes operationally useful when it 208 

reduces coordination cost while preserving independent checks. 209 

6.2 Profiling, Rule Discovery and Continuous Monitoring 210 

Profiling, measurement, and monitoring are the strongest candidates for high autonomy because 211 

they primarily observe rather than alter authoritative data. Large-scale verification research 212 

demonstrates that constraints can be executed automatically and that historical quality metrics 213 

can support anomaly detection (Schelter et al., 2018). More recent work on automated 214 

exploratory analysis confirms that algorithmic systems can recommend and execute parts of data 215 

preparation and quality assessment (Patel et al., 2023). Streaming-quality research adds an 216 

important temporal dimension: controls must operate continuously and use contextual 217 

information because defects emerge through changing sources, operational states, and data 218 

distributions (Mirzaie et al., 2023; Alwan et al., 2022). 219 

Agentic AI adds decision-making around these capabilities. A profiler agent can choose relevant 220 

metrics by data type and use case, compare current results with baselines, and request deeper 221 

tests when signals conflict. A rule-discovery agent can propose constraints from historical 222 

observations and business descriptions, but those constraints should remain candidates until 223 

validated against domain expectations. Priestley et al. (2023) show why stage-specific quality 224 

requirements matter in machine-learning pipelines; a field acceptable for exploratory analysis 225 

may be unacceptable for training, production scoring, or regulated reporting. Quality rules 226 

therefore need declared scope, purpose, owner, severity, and evidence, not merely a technical 227 

expression. 228 

The first governance principle is evidence hierarchy. Direct observations, executed tests, 229 

approved rules, and verified metadata should carry greater authority than agent inference. The 230 

second is state separation. A system should distinguish observed defect, suspected defect, 231 

confirmed issue, proposed repair, validated repair, and approved closure. This prevents a model-232 

generated hypothesis from becoming a silent operational fact. Continuous monitoring then 233 

becomes a controlled event stream from which agents may reason, rather than an unrestricted 234 

permission to alter enterprise records. 235 



 

 

 236 

6.3 Root-Cause Diagnosis, Repair and Human-in-the-Loop Resolution 237 

Diagnosis and repair offer greater value but also greater risk. Error-detection research shows the 238 

benefit of learning from limited expert feedback: Raha reduces configuration dependence by 239 

combining multiple detectors and actively selecting examples (Mahdavi et al., 2019). Baran 240 

extends learning to correction by exploiting contextual information and transfer learning 241 

(Abedjan & Mahdavi, 2020). Active-learning research more broadly shows how quality-control 242 

systems can focus scarce expert attention on informative cases (Li et al., 2024). BUNNI 243 

demonstrates a complementary pattern in which machine learning recommends repair actions 244 

while users resolve ambiguous rule violations (Mecca et al., 2024). Together, these studies 245 

support semi-autonomous remediation, not unrestricted self-healing. 246 

Agentic diagnosis should reason across evidence sources that conventional cleaners often treat 247 

separately. A sudden completeness failure may originate in an upstream API change; a 248 

consistency defect may reflect duplicated master-data identifiers; a freshness failure may result 249 

from orchestration delay rather than corrupt records. Lineage, deployment events, ownership 250 

metadata, incident history, and quality metrics can therefore reduce false repairs. An agent may 251 

form competing root-cause hypotheses, test them with controlled queries, and rank them by 252 

evidence. However, the system should preserve uncertainty rather than fabricate a single 253 

narrative when evidence is incomplete. 254 

Repair authority should be determined by consequence, reversibility, and confidence. 255 

Recomputing a derived field from an approved deterministic formula is lower risk than replacing 256 

a customer master value inferred from neighboring records. Reprocessing a failed pipeline is 257 

more reversible than deleting records. The framework therefore uses graduated autonomy: low-258 

impact, deterministic, reversible repairs may execute automatically within scoped transactions; 259 

probabilistic corrections require confidence thresholds and post-repair validation; changes 260 

affecting legal status, financial reporting, sensitive classification, external sharing, or master-261 

record identity require accountable human approval. The objective is trustworthy throughput, not 262 

an impressive autonomous-action rate. 263 

 264 
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6.4 Data-Centric AI and the Architecture of Governed Quality Autonomy 266 

Data-centric AI provides the conceptual bridge between quality engineering and agentic 267 

automation. Jarrahi et al. (2023) argue for systematic, iterative data improvement, emphasizing 268 

human-centered data work and interaction between domain experts and AI. Jakubik et al. (2024) 269 

likewise define data-centric AI as the deliberate engineering of data quality and quantity, while 270 

Kumar et al. (2024) identify opportunities and challenges in shifting attention from models to 271 

data. Zha et al. (2025) extend this view across training-data development, inference-data 272 

development, and data maintenance. These contributions imply that quality automation should 273 

operate as a feedback system rather than a one-time cleaning project. 274 

An enterprise agentic loop can convert validated outcomes into governed learning. When a 275 

steward accepts a repair, the system may update a reusable playbook, strengthen a rule, or adjust 276 

a triage policy; when a proposal is rejected, the reason becomes calibration evidence. Crucially, 277 

learning should not mean unconstrained accumulation of model memory. The durable knowledge 278 

base should consist of approved rules, quality dimensions, ownership, thresholds, lineage, 279 

resolution patterns, and performance statistics under version and retention control. This approach 280 

makes organizational learning inspectable and reversible. 281 

Figure 1 presents the proposed architecture. Operational data and metadata feed deterministic 282 

profilers, rule engines, lineage services, and observability collectors. Specialist agents plan and 283 

coordinate quality work but act through a controlled tool gateway. A shared evidence layer stores 284 

test results, hypotheses, actions, confidence, approvals, and before-and-after states. A governance 285 

plane then applies policy, identity, risk tier, and approval requirements before changing any 286 

authoritative data or quality status. This separation between reasoning and authority is the 287 

framework's architectural core. 288 



 

 

 289 

Figure 1. Agent-orchestrated data quality lifecycle architecture with separated reasoning 290 

and authority. 291 

6.5 DAMA- and NDMO-Aligned Governance for Saudi Enterprises 292 

DAMA and NDMO contribute complementary governance views. Data-governance research 293 

consistently shows that decision rights, accountability, and organizational scope determine 294 

whether technology creates sustainable value (Abraham et al., 2019; Walsh et al., 2022; Bližnák 295 

et al., 2024). Bernardo et al. (2024) further connect data governance and quality management, 296 

reinforcing that quality outcomes depend on governance structures rather than isolated tools. A 297 

DAMA-oriented operating model therefore defines who owns critical data, who stewards 298 

definitions and rules, who manages architecture and integration, who controls security, and who 299 

is accountable for quality performance. Agents should operate as delegated processors within 300 

these responsibilities, not as new unowned decision makers. 301 

For Saudi enterprises, NDMO alignment raises the standard of demonstrability. The King Saud 302 

University study indicates that implementation involves strategic and executive mechanisms as 303 

well as organizational challenges (Aljarallah & Alfadhel, 2025). Consequently, an agentic quality 304 

system should show which asset was evaluated, which rule or policy was applied, what evidence 305 



 

 

supported the issue, which agent and model version acted, which tools were invoked, what 306 

changed, who approved it, and whether validation succeeded. Governance becomes a machine-307 

observable evidence chain rather than a retrospective narrative. 308 

Goel et al. (2024) explicitly structure governance considerations using DAMA dimensions, 309 

demonstrating how a recognized management framework can organize data responsibilities 310 

around analytical processes. The same logic applies to quality automation. Table 2 maps 311 

common agentic controls to governance purposes: least privilege protects authority boundaries; 312 

independent validation supports quality management; lineage and action provenance support 313 

traceability; confidence-aware escalation protects stewardship decisions; and immutable logs 314 

provide control evidence. Metadata is itself part of trust: Qin and Yu (2024) argue that 315 

trustworthy AI depends on metadata describing data, models, pipelines, and artifacts. Agentic 316 

quality systems consequently require metadata about the agents and quality actions themselves. 317 
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Table 2. Governance mapping for DAMA- and NDMO-aligned agentic quality controls 331 

Control objective DAMA-oriented 

responsibility 

NDMO-oriented governance 

emphasis 

Agentic implementation 

Accountability Owner/steward decision 

rights 

Institutional responsibility and 

evidence 

Named accountable owner; 

agent identity; approval trail 

Quality 

management 

Dimensions, rules, 

measurement, issue 

management 

Measurable controls and 

traceable execution 

Versioned rules, SLOs, issue 

states, independent validation 

Metadata & 

lineage 

Definitions, metadata, 

integration context 

Classification and traceability Evidence graph linking asset, 

rule, lineage, action and 

outcome 

Security & 

authority 

Access control and 

segregation of duties 

Controlled access and 

demonstrable compliance 

Least privilege, allow-listed 

tools, scoped transactions, kill 

switch 

Stewardship Exception handling and 

semantic adjudication 

Documented governance 

mechanisms 

Confidence thresholds, 

escalation queues, reason-coded 

decisions 

Assurance Monitoring and 

governance reporting 

Auditability and control 

evidence 

Immutable action logs, 

before/after state, rollback and 

evidence completeness metrics 

6.6 Assurance, Explainability and Failure Containment 332 

The main failure modes arise when reasoning is mistaken for authority. An agent can hallucinate 333 

a business rule, infer the wrong root cause, select an inappropriate repair, or propagate an 334 

unsupported claim through other agents. Autonomous-agent surveys emphasize planning, 335 

memory, tool use, adaptation, and evaluation as core capabilities, but those same mechanisms 336 

enlarge the operational attack and error surface (Wang et al., 2024; Xi et al., 2025; Acharya et al., 337 

2025). Explainability therefore needs to be operational, not rhetorical. Barredo Arrieta et al. 338 



 

 

(2020) show the broader importance of interpretable and responsible AI; for data quality, the 339 

most useful explanation is compact evidence: failed tests, source records, lineage paths, applied 340 

rules, alternatives considered, confidence, and reason for escalation. 341 

Structured enterprise context can strengthen grounding. Knowledge graphs can connect data 342 

elements to business concepts, systems, owners, policies, and lineage. Pan et al. (2024) show that 343 

knowledge graphs and LLMs are complementary: graphs can ground and constrain model 344 

reasoning while models can help construct or query graph structures. In quality operations, such 345 

grounding can prevent semantic mistakes, such as applying a “customer identifier” rule to a 346 

technically similar but legally distinct identifier. Nevertheless, graph context should guide 347 

reasoning rather than automatically legitimize it; stale or incorrect governance metadata can 348 

produce confidently wrong actions. 349 

Figure 2 therefore formalizes an assurance loop: sense, plan, simulate or propose, policy-check, 350 

execute within a bounded transaction, verify independently, then promote, escalate, or roll back. 351 

Each cycle emits evidence and performance feedback. Risk tier determines whether execution is 352 

automatic or approval-gated. The loop also supports operational kill switches, rate limits, change 353 

windows, and transaction scopes. This design treats agent autonomy as a sequence of auditable 354 

state transitions instead of a binary label applied to the whole system. 355 
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 358 

Figure 2. Risk-tiered autonomy assurance loop for data quality state transitions. 359 

7. Discussion 360 

The synthesis indicates that agentic AI is most credible as an orchestration and reasoning layer 361 

on top of established quality, metadata, lineage, and governance infrastructure. The literature 362 

does not support replacing deterministic quality checks with language-model judgment. Instead, 363 

agents add value where quality work is coordination-intensive: selecting tools, interpreting 364 

context, linking signals across systems, generating hypotheses, sequencing tests, preparing 365 

decision packets, and routing exceptions. Existing quality technologies provide observable 366 

evidence and constrained actions; agents provide adaptive planning around them. 367 

A second finding is that lifecycle stages differ structurally in their suitability for autonomy. 368 

Profiling and monitoring are observation-dominant and therefore can be highly automated. Rule 369 

creation, root-cause diagnosis, and semantic interpretation are inference-dominant and require 370 

calibration and review. Repair is action-dominant and must be governed by reversibility and 371 

business consequence. Validation should be independent of the proposing agent, while closure 372 

and rule changes should preserve accountable stewardship. This stage-specific model is more 373 

defensible than a single enterprise-wide autonomy level. 374 



 

 

A third finding is that governance quality is part of data quality. A repair that makes values 375 

statistically consistent can still be invalid if it violates ownership, approved definitions, 376 

classification, retention, or reporting policy. DAMA-oriented responsibilities provide the 377 

organizational context for legitimate quality decisions, while NDMO-oriented requirements 378 

increase the importance of traceability and evidence in Saudi enterprises. The framework 379 

therefore treats every consequential agent action as a governed data event with identity, policy 380 

basis, evidence, and outcome. 381 

Finally, the relevant performance target is trustworthy quality throughput. Conventional 382 

automation metrics such as number of rules executed or percentage of tickets auto-closed can 383 

reward unsafe behavior. A better measurement set combines detection precision and recall, time-384 

to-detect, time-to-diagnose, validated repair rate, recurrence, false-repair rate, rollback rate, 385 

steward effort, service-level compliance, evidence completeness, and policy-exception 386 

frequency. These measures make it possible to test whether autonomy improves enterprise 387 

outcomes rather than simply increasing machine activity. 388 

Implementation evidence should therefore be collected as a longitudinal governance dataset 389 

linking each quality event to asset criticality, detected dimension, root cause, proposed action, 390 

approval path, execution result, validation result, recurrence, business impact, and control 391 

exception. This evidence enables enterprises to compare autonomous and manual handling fairly, 392 

calibrate risk thresholds, identify systematic upstream weaknesses, and show whether automation 393 

improves reliability rather than shifting effort into hidden review or rework. It also supports 394 

governance learning because recurring exceptions can be converted into better rules, better 395 

metadata, stronger integration controls, or redesigned source processes instead of repeated 396 

downstream correction in Saudi environments. 397 

8. Research Gaps and Future Research 398 

First, peer-reviewed evidence from longitudinal production deployments of fully agentic data-399 

quality operations remains scarce. Research should compare rule-based workflows, single-agent 400 

orchestration, and multi-agent architectures on shared enterprise-like benchmarks containing 401 

heterogeneous schemas, evolving pipelines, ambiguous business rules, and controlled 402 

governance constraints. Evaluations should report both quality outcomes and operational costs, 403 

including human review time and rollback frequency. 404 



 

 

Second, research is needed on uncertainty-aware quality provenance. Agentic systems should 405 

distinguish observed facts, inferred causes, proposed rules, simulated repairs, approved changes, 406 

and superseded decisions. Future work should examine how confidence propagates across 407 

collaborating agents and how independent validators detect correlated model errors. Third, 408 

governance requirements need stronger machine-readable representations so that DAMA 409 

responsibilities and NDMO controls can be compiled into permissions, evidence schemas, 410 

approval thresholds, and continuously testable policies without reducing governance to 411 

superficial checklists. 412 

Fourth, Saudi-enterprise studies should evaluate Arabic-English business terminology, national 413 

data-classification contexts, cross-entity data sharing, and regulated reporting scenarios. Fifth, 414 

organizational research should examine how agentic automation changes stewardship skills and 415 

accountability: whether stewards become more effective exception managers or instead defer 416 

excessively to automated recommendations. These questions require mixed-method research 417 

combining technical benchmarks, audit evidence, interviews, and operational outcome measures. 418 

9. Practical, Managerial and Policy Implications 419 

Organizations should begin with bounded, evidence-rich use cases: automated profiling, quality-420 

rule execution, freshness monitoring, anomaly triage, duplicate detection, diagnostic evidence 421 

gathering, and stewardship routing. Repair automation should initially be limited to deterministic 422 

and reversible actions. Before scaling, enterprises should establish agent identities, scoped tool 423 

permissions, transaction boundaries, independent validation, rollback procedures, and a 424 

provenance store that records the complete quality case. 425 

Managers should define an agent RACI alongside the human data-governance RACI. Each agent 426 

requires an accountable owner, permitted domains, authorized tools, quality objectives, 427 

escalation thresholds, and shutdown procedures. Quality dashboards should distinguish machine-428 

proposed, machine-executed, human-approved, rolled-back, and unresolved outcomes. 429 

Procurement should require exportable evidence, open interfaces, model and rule versioning, and 430 

separation between agent inference and authoritative data state. 431 

For Saudi organizations, policy and control alignment should be designed into the workflow. 432 

NDMO-relevant classifications, responsible roles, quality rules, approvals, lineage, and 433 



 

 

remediation evidence to affected data assets, and retain them for assurance. DAMA-oriented 434 

domains can organize operational ownership, while NDMO-oriented controls can define proof 435 

requirements. This combination allows enterprises to pursue automation without treating 436 

governance as a post-implementation documentation exercise. 437 

10. Limitations 438 

This review is integrative rather than exhaustive. The thirty-source corpus was deliberately 439 

curated and DOI-verified, and direct evidence on end-to-end autonomous quality systems 440 

remains limited. Several recommendations therefore combine validated component capabilities 441 

into a reference architecture that still requires production testing. Peer-reviewed NDMO-specific 442 

research is comparatively sparse, so Saudi alignment is interpreted through available 443 

implementation evidence and governance principles rather than claimed as a complete legal or 444 

regulatory analysis. Rapid evolution in agent platforms may also make specific technical patterns 445 

obsolete faster than the underlying governance principles. 446 

11. Conclusion 447 

Agentic AI can extend data-quality automation from isolated tools into a coordinated lifecycle, 448 

but only when autonomy is treated as governed delegation. Evidence from profiling, monitoring, 449 

error detection, repair, active learning, and data-centric AI supports automation of substantial 450 

operational work. Agent research adds planning, tool use, memory, and multi-agent coordination. 451 

Together, these capabilities can reduce detection and resolution latency, but they also create new 452 

failure paths when probabilistic reasoning can mutate authoritative data without independent 453 

control. 454 

The proposed framework separates reasoning from authority. Specialist agents define candidate 455 

rules, profile and monitor data, diagnose defects, propose or execute bounded repairs, validate 456 

outcomes, and learn from approved resolutions. Deterministic gateways enforce least privilege, 457 

policy constraints, transaction scope, approval requirements, and rollback. Every quality case 458 

preserves evidence, confidence, identity, tool calls, before-and-after state, validation, and 459 

ownership. Risk-tiered autonomy then permits fast automation for reversible low-impact actions 460 

while retaining human approval for consequential decisions. 461 



 

 

DAMA and NDMO provide complementary foundations for Saudi enterprises. DAMA-oriented 462 

responsibilities clarify who owns quality, metadata, architecture, integration, security, and 463 

stewardship. NDMO-oriented governance strengthens the requirement that those responsibilities 464 

and controls be demonstrable through classification, traceability, institutional accountability, and 465 

durable evidence. The resulting objective is not maximum machine independence. It is maximum 466 

trustworthy quality throughput: faster and broader detection, diagnosis, remediation, and 467 

validation while maintaining correctness, explainability, security, and accountable control. 468 
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