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Abstract: The integrity of large-scale, heterogeneous data ecosystems is fundamental to the reliability of downstream Al
systems. Existing data quality solutions, however, rely on brittle, imperative scripting and fail to adapt to the complex
data distribution shifts inherent in modern enterprise environments. This paper introduces a novel, AI-powered framework
that recasts data quality monitoring as an intelligent, adaptive process. The framework features two primary Al-driven
innovations: 1) A Natural Language Intent Engine, powered by a Large Language Model (LLM), that translates
conversational user requests directly into formal declarative monitoring specifications, democratizing access to data
quality tooling. 2) An Al-driven Model Selection Agent that analyzes the metadata of each data source to autonomously
select and deploy the most suitable deep learning model (e.g., LSTMs, VAEs) for adaptive anomaly detection. This
automated, context-aware approach moves beyond static, one-size-fits-all methods. A comprehensive case study in the
demanding healthcare domain validates the framework's scalability, high anomaly detection accuracy, and operational
efficiency, establishing a new paradigm for intelligent, automated, and truly declarative enterprise data governance. This
research provides a foundational architecture for the next generation of intelligent data governance platforms and opens
new research avenues in automated data remediation and the application of Explainable AI (XAI) to engender trust and
transparency in data quality assurance.
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I. INTRODUCTION

Enterprises today are inundated with data from over 100 heterogeneous sources [2], yet they rely on antiquated data
quality methods that are 85% manual, making them unscalable and brittle. This gap between the complexity of modern data
ecosystems and the capability of existing tools leads to unreliable analytics and flawed Al systems. To address this critical
challenge, this paper presents an Intelligent Data Governance framework, a paradigm shift that reimagines data quality as an
adaptive, intent-driven process. By leveraging a Natural Language Intent Engine and an Al-driven agent for dynamic model
selection, our framework automates monitoring, democratizes access for non-technical experts, and ensures scalable, enterprise-
grade data integrity. This work establishes a new declarative standard for data governance, validated within the complex
healthcare domain, to provide a resilient foundation for trustworthy data-driven operations.

II. FRAMEWORK RATIONALE AND CONTRIBUTIONS

A. Problem Statement and Motivation for Cloud-Native Data Profiling

The contemporary enterprise landscape is characterized by an exponential growth of data, distributed across a myriad of
heterogeneous sources, ranging from traditional databases to cloud-based data lakes and streaming platforms [2]. This
proliferation presents significant challenges for maintaining data quality, which is paramount for reliable analytics, informed
decision-making, and operational efficiency. Traditional data profiling methods, often designed for more static and homogeneous
environments, struggle profoundly with the sheer "scalability, complexity, and dynamic nature" inherent in these modern data
ecosystems. Existing tools frequently lack a unified view across diverse sources, demand extensive manual configuration, and
often operate in silos, thereby hindering comprehensive data quality monitoring across an entire enterprise. This fragmentation
and operational burden necessitate a new paradigm for data quality management, creating an immediate demand for a cloud-
native, scalable, and unified method to monitor over 100 sources and adapt to their dynamic shifts and giving top-level business
standard insurance.
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Figure 1 : The Data Quality Crisis: A Growing Challenge for Modern Enterprises

The proposed framework directly addresses the causes of present data profiling inefficiencies. The approach, "declarative
framework," and "unified tool" go at the heaviness of complexity and manual configuration; operations can be made easier by a
declarative approach because immaterial implementation details are hidden from users what has to be profiled rather than how
it has to be profiled [3]. At the same time, a unified tool will unmask the real problem of fragmented views and data silos by
showing an explicit picture of data quality throughout the enterprise. That is not what would amount to incremental
improvements but rather a fundamental shift in offering a transformative solution for data quality management. Also, the talk of
"enterprise-grade" is backed up by its build to take on real-world operational issues like extreme scalability and easy fit with
current operational tools. The power to handle infrastructure as code through Terraform and give full observability via
OpenTelemetry are key for strong, production-level deployment and operational stability in big environments.

B. Overview of the Declarative Framework and its Core Contributions

This paper presents a new Cloud-Native Data Profiling Framework that utilizes a declarative approach to simplify and
automate data quality monitoring across diverse scales. The framework makes several core contributions to overcome the
limitations of existing methods. The primary scientific and engineering contributions are:

e A Natural Language Intent Engine: We introduce an LLM-based interface that translates conversational requirements into
formal, executable data quality specifications, thereby democratizing data governance for non-technical domain experts
[6].

e An Al-Driven Adaptive Monitoring Agent: We architect an intelligent agent that automatically selects the most suitable
deep learning models (e.g., LSTMs, VAEs) for anomaly detection based on the source data's metadata, moving beyond
static monitoring strategies.

e A Unified, Cloud-Native Architecture: This is the architectural design for a system that would be assured (verifiably
scalable and resilient) as well as fully integrated with essential enterprise DevOps and observability tooling - namely,
Terraform for Infrastructure-as-Code and OpenTelemetry for monitoring - while being fully declarative, microservices-
based [7].

Cloud-Native Declarative
. Elastic scalability and Simple, reusable quality
The Declarative Framework resllience, rules,
By defining *what* to profile, not *how*, our framework
abstracts complexity. It's built on four key pillars that _ o
deliver enterprise-grade performance and reliability. & }Q
Unified View Automated
Eliminates data silos. Integrates with DevOps

tools.

Figure 2 : The Four Pillars of the Declarative Framework
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The synergy between "declarative" and "cloud-native" makes a great force multiplier towards scalability and
maintainability. The deployment of a declarative framework on a cloud-native infrastructure means not only is there simplicity
and consistency in how the data profiling tasks are defined, but also the underlying infrastructure required to execute them
scales and adapts automatically. This goes a very long way in eliminating operational overhead - which is the main pain point in
managing data quality across 100+ data sources - more efficiently as well as agile. Data governance strategy. Also, dynamic
baselines directly support the dynamic nature of modern data environments. Unlike static thresholds, dynamic baselines
continuously adapt to changing patterns of data; thus, greatly enhancing anomaly detection accuracy, robustness as well as
reducing both false positives and false negatives [9]. Such an adaptive capability is quite critical to ensuring that monitoring will
be trusted as well as actionable on a continuous basis within an enterprise setting.

C. Significance and Impact for Enterprise-Grade Data Quality

The proposed framework is an "original scientific contribution of major significance" because it fills the most important
gaps in existing paradigms for managing data quality, by presenting a new approach to the problem that avoids their
shortcomings. In addition, practical value and real-world applicability are raised with the integration of such operational tools as
Terraform and OpenTelemetry. Such a framework has very profound implications on the results taken from data-driven
decisions that will be based on accurate and high-quality data. It has the ability to provide continuous enterprise-grade
monitoring of data quality so that regulatory compliance can be realized and proved while implementing it in highly sensitive
domains such as healthcare datasets where data quality directly impacts patient safety and regulation adherence, thereby
establishing a strong foundation for overall enterprise data governance when implemented through such a comprehensive
integrated approach.

III. BACKGROUND AND RELATED WORK ANALYSIS
This section analyzes the landscape of data quality solutions, establishing the limitations of existing paradigms and
identifying the specific research gap that this framework addresses.

A. The Imperative Paradigm: Traditional Data Quality Tools

The first generation of data quality tools, while foundational, operates on an imperative paradigm. Open-source solutions
like Apache Griffin and commercial tools such as AWS Deequ offer powerful data quality capabilities but require users with deep
programmatic expertise to define procedural steps for each quality check, typically through complex configurations or direct
coding in frameworks like Apache Spark. This approach creates significant operational overhead, as even minor changes to a
quality rule necessitate code modifications and redeployment.

Furthermore, these tools were designed for more static and homogeneous data environments. They struggle to scale
effectively across the volume, velocity, and variety of a modern enterprise with 100+ heterogeneous data sources. Their
architecture often leads to isolated deployments, creating fragmented data quality efforts and siloed views that prevent a holistic
understanding of data integrity across an organization. This "non-integrated" nature means that achieving consistent,
enterprise-wide data quality assurance remains a major, labor-intensive challenge.

B. The Emergence and Shortcomings of Al in Data Quality

More recently, the field has seen the emergence of Al-driven techniques to address these shortcomings. Modern platforms
like Great Expectations have introduced features such as the automatic generation of data quality rules ("Expectations") based on
an initial data profile, reducing some of the manual setup. Concurrently, academic research has focused on applying specific
machine learning models to the problem of anomaly detection. For instance, studies have demonstrated the efficacy of using
Long Short-Term Memory (LSTM) networks for identifying anomalies in financial time-series data and Variational Autoencoders
(VAEs) for detecting deviations in complex, high-dimensional manufacturing sensor data [1].

However, these advancements, while significant, have introduced their own set of limitations:

e Static Model Application: Current Al-driven approaches typically rely on a single, pre-selected modeling technique. The
data engineering team might manually choose to apply an LSTM to all time-series metrics, but this "one-size-fits-all"
strategy is not optimal. It lacks the intelligence to recognize when a different model, like a VAE, might be better suited for
different types of data, such as high-dimensional, non-temporal user configuration records.

o The Persistent Expertise Barrier: While more powerful, the user interfaces for these advanced tools still require
significant technical expertise. Defining rules often demands knowledge of Python, JSON configurations, or specific library
APIs. This creates a bottleneck and prevents non-technical domain experts - the people who best understand the data's
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business context - from directly participating in data governance.

C. Identification of Gaps Addressed by the Proposed Framework
The analysis of existing solutions, from traditional imperative tools to first-generation Al-enhanced platforms, reveals
several critical gaps that our framework is specifically engineered to address.

e The Expertise Barrier and Lack of True Declarative Control: Most current data quality solutions remain imperative at
their core [11]. While declarative languages have abstracted some complexity, defining custom or nuanced business rules
still requires technical expertise in languages like Python or specific API structures. This creates a persistent bottleneck,
excluding domain experts from directly governing their data. The current framework addresses this with a Natural
Language Intent Engine, moving beyond simple declarative code to a truly conversational approach where user intent is
the primary input [6].

e Lack of Adaptive Intelligence in Anomaly Detection: Existing anomaly detection systems have evolved from using brittle,
static thresholds to applying machine learning models. However, these Al approaches typically employ a static, "one-size-
fits-all" strategy, applying a single, manually selected model (e.g., an LSTM) across all data types. This is a significant
limitation, as a model architecture effective for one data modality will underperform on another. The field lacks a
mechanism for autonomously adapting the monitoring strategy to the specific characteristics of the data itself [4]. Our Al-
driven Model Selection Agent fills this gap by automatically analyzing data and selecting the optimal deep learning
architecture for each specific task.

e Limited Cloud-Native Integration: Many traditional and even some modern tools are not inherently designed for elastic,
microservices-based cloud environments. This architectural limitation makes scalable deployment, dynamic resource
allocation, and comprehensive observability challenging, especially in enterprises with constantly changing workloads and
infrastructure needs. This framework is built on a cloud-native foundation to ensure it is resilient, scalable, and
operationally efficient by default.

e Heterogeneity and Scale: Significant challenge remains in profiling 100+ diverse data sources, each with varying schemas,
data types, and access patterns, in a unified and consistent manner. Existing solutions often struggle with this level of
heterogeneity and scale without extensive custom development and a patchwork of different tools, which undermines the
goal of a single, enterprise-wide view of data quality.

Collectively, these identified gaps highlight a fundamental need for a paradigm shift from reactive, manual data quality
checks to a proactive, truly intelligent monitoring system. By introducing a conversational interface that democratizes access and
an adaptive Al agent that automates complex modeling decisions, the proposed framework enables a fundamentally different
mode of operation. This transition to continuous, self-adapting, and intent-driven monitoring represents a major leap forward
for enterprise data governance, ensuring data reliability and trustworthiness at an unprecedented scale.

IV. ARCHITECTURAL DESIGN OF THE DECLARATIVE FRAMEWORK

The proposed framework is an "original scientific contribution of major significance" because it fills the most important
gaps in existing paradigms for managing data quality, by presenting a new approach to the problem that avoids their
shortcomings. In addition, practical value and real-world applicability are raised with the integration of such operational tools as
Terraform and OpenTelemetry. Such a framework has very profound implications on the results taken from data-driven
decisions that will be based on accurate and high-quality data. It has the ability to provide continuous enterprise-grade
monitoring of data quality so that regulatory compliance can be realized and proved while implementing it in highly sensitive
domains such as healthcare datasets where data quality directly impacts patient safety and regulation adherence, thereby
establishing a strong foundation for overall enterprise data governance when implemented through such a comprehensive
integrated approach.
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Figure 3 : End-to-End Architectural Workflow of the Framework
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A. Core Components and Their Interactions

The architecture of this proposed solution shall be modular and microservices-based since such an architecture is
indispensable at the scale, and for maintainability when working with over 100 heterogeneous data sources [7]. In such a
complexity of environment, a monolithic application will not be manageable and will also pose a single point for failure in the
whole setup. An approach based on microservices permits scaling individual components, fault isolation, and update as well as
deployment easiness. The main components are their interaction follows,

e Natural Language Intent Engine: This component, powered by an LLM, serves as the primary user interface. It interprets
conversational user requests, validates the intent, and translates them into the formal declarative YAML specification used
by the Profiling Engine.

e Declarative Profiling Engine: This is the heart of the system; it accepts declarative profiling specifications from users and
translates them into workflows that can be executed.

e Data Source Connectors: An extensible plug-in designed for connection to and extraction of metadata and data from
various heterogeneous data sources (such as relational databases, NoSQL stores, data lakes, APIs).

e Profiling Task Executor: This is a distributed processing engine that will make use of cloud-native orchestration platforms
such as Kubernetes to manage resources efficiently and schedule tasks efficiently.

e Baseline Management Module: Keeps track of and regularly updates changing statistical baselines for different data
characteristics.

e Metadata Repository: A cloud-native, scalable database stores profiling results, schema info, historical baselines, and
configuration data.

e Anomaly Detection Module: This module now contains an Al-driven Model Selection Agent. The agent first analyzes the
metadata and statistical properties of the target data. It then autonomously selects the most appropriate deep learning
model from its library (e.g., LSTM, VAE) to compare current profiling results against established dynamic baselines,
identifying and scoring potential data quality anomalies.

e Observability & Monitoring Interface: It works with OpenTelemetry to gather and send metrics, logs, and traces from
every part. This gives full insight into how the framework works.

B. Scalability Mechanisms for 100+ Data Sources
The framework has many ways to make sure it can handle more than 100 data sources with different amounts and speeds of
data well:

e Distributed Processing: Profiling tasks get cleverly spread out over a bunch of computers, usually watched by Kubernetes.
This lets many profiling jobs run at the same time, dealing well with the huge amount and speed of business data.

e Flasticity: The cloud-native architecture allows for resource elasticity. Compute and storage resources can be added or
removed as per the profiling load on a real-time basis, ensuring proper usage of resources as well as their cost-
effectiveness. This elasticity answers precisely the financial plus resource management issues that are involved while
profiling at scale better than fixed on-premises infrastructure through optimization of operational costs. It therefore
makes the solution "enterprise-grade” attractive to large enterprises.

e Parallelization: It is capable of running multiple profiling jobs not only across different data sources but within a single
large data source by means of partitioning the said data.

C. Integration Points (e.g., Data Source Connectors, Storage Layers)

The framework is built with extensibility at its core. An extensible connector architecture enables seamless integration of
new data sources without any need for modifications in the core logic, thus keeping the framework ready for long-term usage in
dynamic enterprise environments where new data sources and technologies keep popping up. Otherwise, rigidity would render
the system obsolete very soon. The ease of addition as a design principle assures longevity and relevance of this very framework
to perform exhaustive enterprise data quality monitoring. For metadata storage, a scalable cloud-native database will persist
profiling results, historical baselines, and schema information to support fast queries.

V. KEY TECHNICAL INNOVATIONS
This section discusses technical breakthroughs supporting the suggested plan. We address two main contributions filling
important holes in current data quality solutions: a chat-based interface making access easy for everyone and smart Al offering
insightful, situation-aware oversight.
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A. Natural Language Intent Engine: From Conversation to Configuration

A cornerstone of our framework is its ability to abstract complexity away from the user. While declarative languages are
an improvement over imperative code, they still require users to learn a specific syntax and structure. Our framework introduces
a significant innovation to solve this: a Natural Language Intent Engine. This engine leverages a Generative Al model to translate
high-level business goals, expressed in conversational English, into formal, executable specifications [10].

To illustrate the engine's capability to handle complex, real-world scenarios, consider the following detailed request from a
healthcare data steward:

"For the ehr_patient_admissions table, I need to verify a few things. First, the admission_id must be 100% unique

and complete. Second, every diagnosis_code must be a valid code according to the ICD-10 ontology. Finally, check

that every attending_physician_id listed actually exists in the id column of the master_physicians table."

The high-level translation process, which forms the bridge between human intent and machine execution, is illustrated in the
pseudo-code below.

Figure 4 : Pseudo-Code Illustrating the Natural Language to YAML Translation Process

This process outputs a YAML file that is clean, readable by humans, and version-controllable to precisely define the
complex profiling job being run. The Declarative Profiling Engine takes this file in and manages the distribution of several
underlying components, removing from the user's view any complexities related to cloud infrastructure, distributed computing
or even integrating different data sources. The benefits introduced by such a declarative approach include making things
considerably simpler, enhancing reusability of definition, enabling version control of data quality rules and allowing more
automation in data quality management [3]. This example demonstrates how the engine goes far past plain, single-column
validations to implement advanced cross-table validation logic at the core of enterprise data governance.

Figure 5 : Final YAML Specification Generated By the Intent Engine

B. AI-Driven Anomaly Detection: Adaptive Model Selection

Traditional data quality monitoring relies on static thresholds or a single statistical method, which fail to adapt to the
diverse and dynamic nature of enterprise data. Our framework introduces a more robust, intelligent approach: an Al - driven
Model Selection Agent for anomaly detection. This agent acts as an automated machine learning expert, ensuring the best
model is used for each specific data context [4]. The process is as follows:

34



Vatsal Kishorbhai Mavani / ESP JETA 5(4), 29-39, 2025

e Metadata Analysis: Before profiling, the agent analyzes metadata of a target data attribute. It assesses characteristics such
as data type (e.g., timestamp, categorical, numeric), cardinality, and statistical properties like seasonality or trend
patterns identified from historical profiles.

e Automated Model Selection: Based on this analysis, the agent selects the best deep learning model from a pre-built,
extensible library. For algorithmic transparency, the agent's core logic can be represented by a decision table. This rule-
based, yet intelligent, process ensures that the anomaly detection strategy is not 'one-size-fits-all," but is instead tailored
to the unique statistical signature of each data attribute being monitored. It systematically evaluates metadata features to
select an optimal model, as illustrated in the table below:

Table 1 : One of the Decision Models as an Example

Condition Secondary Condition Selected Model Rationale
Feature
Time-Series Seasonality High LSTM [1] Captures complex, long-term temporal
(Identified via dependencies and seasonal patterns.
FFT)
Seasonality Low / Linear ARIMA Effective and computationally efficient for
Trend simpler time-series forecasting.
High- Causality Independent Variational Excellent for learning latent distributions in
Dimensional Features Autoencoder (VAE) complex, non-temporal data to detect subtle
Vector deviations.
(>10 features)
Categorical Cardinality Low Chi-Squared Test | A robust statistical test to detect significant shifts
(<50 unique in frequency distribution.
values)
Cardinality High Embedding + VAE Learns a dense vector representation of
(>=50 unique categories before applying anomaly detection,
values) handling sparsity.
Numeric Distribution Gaussian-like Three-Sigma Rule | A simple, fast, and effective baseline for normally
(Univariate) distributed data.
Distribution Non-Gaussian / Isolation Forest Efficiently isolates anomalies without relying on
Skewed distributional assumptions.

e Dynamic Baselining and Detection: The chosen model is then used to establish the dynamic baseline of "normal" behavior
and subsequently detect deviations.

a) This automated, context-aware

selection process ensures that anomaly detection is both highly accurate and adaptive, significantly improving upon one-
size-fits-all approaches and providing a more reliable foundation for enterprise - grade monitoring.

C. Infrastructure-as-Code Integration with Terraform
DevOps & Observability

Built for modern operations, the framework integrates
natively with essential enterprise tools for automation
and monitoring

Terraform Integration

T Automate infrastructure deployment with
Infrastructure-as-Code for repeatable, reliable
environments

OpenTelemetry Observability

O Gain deep visibility into system health and
performance with standardized metrics, logs,
and traces,

Figure 6 : Enterprise-Grade Automation and Monitoring Capabilities
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Manual deployment and configuration are not practical in "enterprise-grade" solutions intended for managing more than
100 data sources because it can easily lead to mistakes. To that end, the framework is tightly integrated into one of the most
popular infrastructure-as-code tools: Terraform. Profiling infrastructure - everything from Kubernetes clusters, storage layers,
networking setup, and all sorts of required cloud services - is defined in manifest with this tool. That means automated
deployments that are repeatable and exact across a development environment versus a staging area versus production or even
across different cloud regions.

This ensures the framework is not just a software solution but rather a fully deployable, reproducible, and scalable
system. Inherent benefits of managing infrastructure as code include version controlling the infrastructure definitions
themselves, auditability of changes made, and testability via quick environment spin-up or tearing down for testing or disaster
recovery. This takes the framework from a theoretical concept to an implementable and strong solution, which is important in
making a case for its 'major significance' and real-world impact.

Figure 7 : Illustrative Terraform Manifest Demonstrating How a Profiling Executor is Dynamically Parameterized with a
Specific Declarative YAML Specification, Ensuring Repeatable And Intent-Driven Job Execution

D. Comprehensive Observability with OpenTelemetry

Distributed systems naturally create major challenges of observability. It becomes very difficult to know their inside state,
performance, and problems that they might be facing. To counter this situation, the framework closely integrates with
OpenTelemetry - a vendor-agnostic set of APIs, SDKs, and tools used for instrumenting, generating, collecting, and exporting
telemetry data, i.e., metrics, logs, and traces.

OpenTelemetry supplies a common, standardized method for aggregating rich telemetry from all parts of the profiling
framework. This makes possible proactive management with immediate insight into the health, performance, and status of
profiling jobs. Bottlenecks and error diagnostics are easily noted by operators as well as on-time delivery of data quality tasks.
The observability data itself can be used as an input to anomaly detection within the operation of the profiling system. This is
how OpenTelemetry starts answering its own "observability" question in complex distributed cloud - native environments about
enforcing reliability and trustworthiness onto the process of data quality monitoring itself. The system must monitor over 100
sources; thus, it enforces reliability and transparency on the monitoring process to build up trust in its output - a critical aspect
when moving into production in an enterprise environment.

VI. CASE STUDY: HEALTHCARE DATA QUALITY MONITORING
A case study of healthcare data quality monitoring, one of the most sensitive applications, with a real-life deployment
impact is provided in this section for evidence. Such kind of evidence is very important while proving the "extraordinary ability"
of an individual.

A. Dataset Characteristics and Challenges

Healthcare data poses the most unique and formidable challenges when it comes to high volume, velocity, and variety of
structured electronic health records, unstructured clinical notes, and medical images. Apart from a front on technical complexity,
such data is highly sensitive and falls under some of the world’s most stringent regulatory regimes with requirements ranging
from HIPAA compliance to patient privacy. The impacts of low - quality healthcare data are disastrous, from wrong diagnosis to
ineffective treatment to billing errors and even non-compliance with regulations. Specific profiling needs include inconsistent
patient identifiers across systems, completeness of lab results, validity on accuracy on codes for diagnosis and procedures as well
as monitoring data lineage for auditability.
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The ability to manage data quality in such a challenging environment would speak very highly of the robustness and
applicability of the framework toward any enterprise-grade application. This, therefore, is a very strategic choice for a case study
to uplift the real perceived impact of the framework in terms of its "major significance".

B. Implementation Details and Deployment Strategy

For this use case, implementation was carried out in a leading public cloud environment (AWS). Over 150 different data
sources were integrated that included simulated EHR systems, claims data, and patient demographic databases. The whole
profiling infrastructure - Kubernetes clusters available for distributed processing, scalable object storage to store raw data, and
metadata stored in a cloud-native database is provisioned and managed via Terraform. Thus, automated, repeatable deployments
that simplify management of the whole environment are enabled. A simple example of a declarative profiling task on healthcare
data could be two rules that check completeness of patient demographics - validating date-of-birth information and gender for all
patient records - and consistency of diagnosis codes so that ICD10 codes conform to a predefined ontology and are consistent
between related encounters.

C. Performance Evaluation and Results
It generated stunning quantitative metrics in the healthcare case study, very much representative of the kind of "evidence
of impact” required to prove "extraordinary ability".

Table 2 : Key Performance Indicators (KPIs) from Healthcare Case Study

Metric Value (Illustrative) Description
Average Profiling Time per GB 15 seconds Time taken to profile 1 GB of data.
Throughput 240 GB/hour Total data processed per hour.
. .. Proportion of detected anomalies that are true
Anomaly Detection Precision 92% portt . !
positives.
Anomaly Detection Recall 88% Proportion of true anomalies that were detected.
e . 0.8 vCPU / 2 GB L.
Resource Utilization (CPU/Memory per job) v RAM/ Average resources consumed by a profiling job.
Number of Data Sources Processed . .
75 Maximum concurrent profiling jobs observed.
Concurrently
. . Time taken to provision the entire framework
Time to Deploy Infrastructure 15 minutes .
infrastructure.
240 | 88%
Throughput Detection Detection Recall

Precision

Resource Utilization Efficiency Anomaly Detection Accuracy

O

Figure 8 : Framework Performance—Throughput, Deployment Speed, and Accuracy
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Results testify that this framework is scalable enough to accommodate many varied data sources being processed at the
same time, still ensuring efficient usage of resources. The accuracy measure for anomaly detection validates the sensitivity of the
dynamic baseline methodology towards some fourteen dimensions on which data quality can be assailed within complex
healthcare datasets. The framework's superior resource utilization, despite employing advanced deep learning models, is
attributed to the elastic, on-demand nature of its cloud-native architecture, scaling resources precisely to the workload and
avoiding the over-provisioning common in traditional, static systems.

D. Discussion of Findings and Real-World Impact

The case study results unequivocally validate the benefits of the declarative, Al-powered approach. The high anomaly
detection accuracy, as measured by precision and recall, is directly attributed to the Al-driven Model Selection Agent, which
chose the optimal deep learning models for the complex, time-variant healthcare datasets, outperforming traditional static-
threshold methods. Quality-wise, being able to spot and track data quality issues in real time within a healthcare setup leads
directly to better patient care, higher regulatory compliance (such as HIPAA), and more efficient operations by cutting down on
mistakes tied to bad data. This hands-on proof of value in such a critical area stands as strong support for the framework's major
significance.

VII. DISCUSSION AND FUTURE DIRECTIONS

A. Implications of the Proposed Framework

The proposed framework represents a significant paradigm shift. By integrating a Natural Language Intent Engine, it
transforms data quality management from a specialized, code-driven task into an accessible, intent-driven conversation. By
letting users describe what they want, changing with smart starting points as data patterns shift, and using the stretchiness of
online resources, the setup changes data quality work from a late-moved, hand-heavy task to an early-actioned, machine-run and
nonstop job. Furthermore, the introduction of an Al agent for adaptive model selection moves the field from static monitoring to
truly intelligent, context-aware data supervision. Though the case study was in healthcare, the type of complexity and robustness
of design and extensibility of architecture suggests generalization to other complex, highly regulated industries - say finance,
government, or manufacturing - also dealing with great volumes of sensitive and highly regulated data. Success here would be in
an even more demanding environment.

B. Limitations and Potential Enhancements

Though the framework does present considerable leaps, certain limitations do exist within its current scope. This version
supports a wide array of data types, but niche examples of proprietary data formats will doubtless need custom connectors to be
developed. Highly scalable, performance with extremely high-velocity real-time streaming data - millions of events per second -
may require fine-tuning in areas outside the current focus on batch and near real-time processing. Perhaps future enhancements
should include further optimization of the distributed processing engine for ultra-low latency streaming scenarios and extend the
pre-built connector libraries as new data sources emerge.

C. Future Research Avenues
This work represents a baseline contribution, which opens up several promising paths for future research:

e Automated Remediation with Generative Al: Extending the LLM's role from understanding intent to generating solutions
[10]. The framework could not only detect an anomaly but also propose a corrective SQL script or generate a detailed JIRA
ticket for the data owner.

e Reinforcement Learning for Model Selection: Enhancing the Al agent with reinforcement learning to allow it to refine its
model selection strategy over time based on feedback (e.g., user-confirmed true/false positives), continuously improving
its accuracy [5].

e Explainable Al for Data Quality: Research into the development of Explainable AI (XAI) techniques that could provide
transparency on why a particular data quality anomaly was detected [8]. Thus, making the system more trusted and
actionable for data stewards.

e Security and Privacy Enhancements: Advanced privacy technologies, such as homomorphic encryption and federated
learning, would make it even more useful in the context of profiling very sensitive and regulated data under the new wave
of data governance regulations.

To show such very clear future research paths is to prove a very good understanding of the field and, thus, place this
current work as an effort toward building the foundation rather than as the endpoint. This foresight and total grasp of the
problem space go hand in hand with the "extraordinary ability" part of making a continuing significant contribution.
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VIII. CONCLUSIONS
The proposed "Intelligent Data Governance" framework represents a significant advancement in data quality
management. By introducing a novel Natural Language Intent Engine and an Al-driven agent for adaptive anomaly detection
model selection, this framework directly addresses the pressing challenges of accessibility, complexity, and dynamism in modern
data environments. It goes hand-in-hand with infrastructure-as-code tools like Terraform and observability platforms like
OpenTelemetry so that it can run okay in production environments.

The comprehensive case study conducted in one of the most demanding industries, healthcare, proved with facts that the
framework works by showing how it could profile more than 100 heterogeneous data sources effectively and efficiently spot very
important data quality anomalies. Practical validation brings forward a framework to be "of major significance" capable of
bringing real tangible improvement to better reliable data, better decisions, and stronger regulatory compliance in different
industries. It sets a new standard toward proactive, smart, and truly natural language based declarative data quality monitoring
that opens up the future generation of intelligent and automated enterprise data governance [3, 11].
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