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ABSTRACT

Improved data quality, governance, and interoperability are critical to fulfilling the potential of data lakes for
healthcare analytics. Well-crafted profiling of diverse source data is a prerequisite step for quality data lakes.
Nevertheless, existing literature provides no clear guidance on operationalizing data profiling for heterogeneous
healthcare data lakes, in part because key aspects of the profiling process remain underexplored. A set of
necessary and sufficient data-governance requirements guides consequent profiling of structure, schema,
lineage, quality, and anomalies in both clinical and nonclinical databases of an operational healthcare data lake.
Profiling results reveal crucial evidence for intelligent data-governance decision-making and are formally
disseminated within a metadata catalog.

The growing role of artificial intelligence (Al)—and especially machine learning (ML)—in the analytic
processes that utilize data lakes has given rise to the notion of Al-Enhanced Analytics, which extends standard
data-analysis processes with profiled data-knowledge aspects in order to improve discovery, quality,
applicability, and generalization of the results. Profiling plays a key role in traditional data warehouses and their
ETL processes, yet guidance on the profiling of complex heterogeneous data lakes remains limited—especially
with respect to operational aspects. Al-Enhanced Analytics capabilities have now been employed to fulfill these
operational requirements, enabling improved data-governance decision-making. Profiling aspects specifically
fulfillment of data-governance requirements for data lakes in healthcare analytics.

Keywords: Healthcare Data Lake Governance, Operational Data Profiling Frameworks, Heterogeneous Clinical
Data Management, Al-Enhanced Analytics, Machine Learning—Driven Data Quality, Metadata Catalog
Integration, Data Lineage and Provenance Tracking, Schema and Structure Profiling, Anomaly Detection in
Clinical Databases, Interoperability in Health Information Systems, Intelligent Data Governance Decision
Support, Data Lake Quality Assurance, ETL Process Optimization in Healthcare, Structured and Unstructured
Data Harmonization, Healthcare Analytics Infrastructure, Data Lifecycle Compliance Monitoring, Clinical and
Nonclinical Data Integration, Governance-Driven Profiling Requirements, Al-Augmented Data Discovery,
Enterprise Healthcare Data Management Systems.

1. INTRODUCTION

Increasingly rich and diverse sources of healthcare data, in response to the growing demand from precision
medicine applications, have resulted in the emergence of healthcare data lakes. Due to the lack of conventional
database systems and explicit data quality, healthcare data lakes exhibit severe data diversity and quality issues
that retard analytics. Therefore, data profiling—a statistical examination of the data to gain information about
it—has assumed vital importance in the context of enterprise data governance, accessibility, and usability. An
improperly profiled data lake can impose catastrophic consequences, not only for healthcare institutions but also
for human life, as it can generate misleading data analytics. Accurate data profiling thus constitutes an essential
step toward realizing the promise of Al-enhanced analytics in healthcare data lakes.

Although an enterprise data lake conceptually supports the entire data lifecycle, the primary focus of data
profiling has traditionally been to understand relational and structured data within a cluster of enterprise data
warehouses. Currently, the efforts evolving around profiling in the context of data lakes are limited, particularly
for heterogeneous data types frequently encountered in a healthcare data lake. In this context, the concepts,
underlying objectives, and applicability of profiling of data types beyond relations in a typical healthcare data
lake, along with the expected role and value proposition, are defined. The case studies presented narrow these
aspects and the related process for profiling in a clinical data lake environment.
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Fig 1: Ensuring Integrity in Precision Medicine: A Framework for Profiling Heterogeneous Data within
Healthcare Data Lakes

1.1. Overview of the Study

Healthcare analysts urgently need to evaluate the status and quality of data in data lakes, the new paradigm
widely adopted by healthcare organizations and health insurance providers. These corporations collect and
process massive amounts of structured, semi-structured, and unstructured data from multiple sources across long
periods of time. Although data profiling is a pivotal first procedure in the development of any analytics project,
the distinctive characteristics of healthcare data lakes, especially the heterogeneity of the data they contain, have
reinforced the conception of profiling merely as a preliminary step.

To address this limitation, this study applies an Al-enhanced analytics conceptual framework and identifies
specific data governance, privacy, security, and compliance requisites that must drive the implementation of the
data profiling process. Such considerations condition the subsequent choice and application of data profiling
techniques that yield informative results. The discussion is illustrated with real clinical data about patients and
patients’ relatives who traveled to Gaza during the 2014 armed conflict. The profiling outcomes provide
valuable insights for improving data quality, interoperability, and governance in the analyzed clinical data lakes.

2. Background and Motivation

Data lakes are gaining traction in healthcare because of their capacity to ingest large volumes of data from
different sources. Yet they should not be mistaken for a unqualified panacea. Healthcare decision makers remain
wary of hidden risks lurking underneath the apparent advantages. Data profiling—one of the cornerstones of
data governance—has become decisively important for all types of data management. In the case of healthcare
data lakes, a particular profile is needed. Such a profile serves as a basis for risk assessment and impact analysis
and aids in establishing trust in the data during data consumption. Austerity leads to a minimization of costs,
which in turn justifies the creation of a role for profiling using Al-Enhanced Analytics. Its applications in Al-
Enhanced Analytics, however, are yet to be fully realized. As a direct consequence, the existing profile suffers
serious shortcomings.

Similar data profiles exist for conventional data warehouses for the analytics tools. These ways of knowledge
representation are designed to facilitate the effective use of analytics tools, while also serving as the foundation
for producing data-quality-related KPIs, Data-Growth-Related KPIs, and lineage-related KPIs. Such profiling
enables the identification of the governing data owner and any requisite data quality issues, while also
suggesting suitable analytics methods.

Equation 1) Anomaly detection equations (step-by-step)
The explicitly includes “anomaly hunting” as a profiling type.
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1.1 Z-score anomaly (numeric)
For numeric field A:
1. Mean:

2. Standard deviation:

3. Z-score for each value:

4. Flag anomaly if:
lz;| >t
Commonly T = 3.

1.2 IQR rule (robust alternative)
1. Compute quartiles Q1,Q3, IQR = Q@3 — Q1
2. Flagif:
x; <Q1—15-IQR or x; >Q3+15-IQR

lllustrative Missingness by Dataset Type

Missingness (%)

2.1. Key Challenges in Data Quality Management for Healthcare Analytics

The primary motivations for deploying data lakes in healthcare centralize around data enablement for analytics,
artificial intelligence (Al), machine learning (ML), data science, and research, and an inability to overcome
existing data silos at an institutional or system level. Data enablement positions the data lake as a single source
of truth for all constituents in the data ecosystem and a tool to develop intelligent queries and applications to
streamline workflows and support faster and better-informed decisions. Given the multiple sources feeding
clinical data lakes, Al-enhanced analytics, a novel and more-intelligent approach to Bl and analytics—but
whose benefits have not been applied to HPCDA and are often misunderstood—become a competent decision
support tool. Al-enhanced analytics introduces three new stages to the traditional Bl management cycle: auto-
discovery, intelligent design, and profile-and-perform. Al algorithms reside in these phases to improve time-to-
market for new reports, dashboards, or OLAP cubes. A key challenge in this process is the quality of the
underlying data, including cleanliness, semantics, interoperability consistency—formal and informal—, and
appropriate lineage. Answers to these questions should be simple and quick to obtain, yet they are not.
Anonymized data lakes—central repositories of integrated clinical, research, and administrative data—facilitate
the application of Al-enhanced analytics within organizations aspiring to become Al-driven, help explore data
lineage, provide a consolidated view with limited or no breaking changes, support data profiling, enhance data
quality and governance, and enable seamless data querying, exploration, and responsiveness to research
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requests. Different healthcare silos generate and manage data in heterogeneous formats. The existing plethora of
technologies, tools, and sources used by healthcare institutions for generating, storing, and analyzing data—
often independently—hampers proper data enablement as it prevents the creation of a single source of truth
across such organizations. The cross-institutional exploration of data lakes is further hampered by formal and
informal incompatibilities across the stored data, the absence of metadata, and inappropriate data cleansing or
quality management.

Dataset Records/Files | Missingness % | Duplicate Rate %
EHR Tables (structured) 2500000 3.2 1.1
FHIR/JSON Feeds (semi-structured) | 12000000 7.8 2.6
Clinical Notes (text) 800000 12.5 0.9
Radiology Images (images) 250000 0.4 0.2

3. Theoretical Foundations of Data Profiling in Healthcare

Health data lakes serve as strategic reservoirs for unstructured and semistructured data flowing from asocial and
clinical systems. These data ponds contain data recognized as health assets by organizations but usually
neglected due to custom storage solutions and eagerness to quickly store and forget data. The often-remarked
emphasis on visual analytics and the promise of machine learning, deep learning, and text mining have diverted
practitioners from proper preparation and readiness before analysis: whether an analysis will succeed depends
more on the nature of the data than on pure analysis capability. Engineered analysis-ready data-sets are also a
costly endeavor both for effort and risk. Despite the advantages offered by data lakes, data profiling specific to
the context of a healthcare data lake remains scarce. Adequate data preparation before analysis depends on a
proper understanding and evaluation of the data from a quality, governance, and interoperability viewpoint, and
the interpretation of the results should guide subsequent analysis. Lack of proper profiling hinders analysis, as
confirmed by recent cases in healthcare using natural language processing and deep learning. The concept of Al-
Enhanced Analytics provides a unifying framework wherein added intelligence relies on proper preparation of
the data rather than on the algorithm itself, and the work focuses on the components that foster such intelligence
during profiling.

Al-Enhanced Analytics relies on proper data preparation and the understanding of healthcare domain-specific
knowledge, such as the information requirements needed for a system under study. Each discipline is backed by
a suite of algorithms addressing a specific task, yet the task of overseeing the entire exercise is not clearly
defined. Indeed, many of the dedicated algorithms—such as those for natural language processing or machine
learning—have been developed without the supervision of experts from the data and information engineering
domain. For Al-Enhanced Analytics to fulfill its promise of improving interpretability and reducing the quantity
of training data needed, it is vital that Al tools consider this knowledge and relate various developments.
However, pure analysis readiness is seldom achieved, as Al-Enhanced Analytics lacks a long-established
preparatory component that provides adequate data-sets for the specific analysis necessary to solve a business
problem.

Equation 2) Data Quality equations (step-by-step)

2.1 Completeness / Missingness
Goal: detect incompleteness.
3. Let ny, be the number of expected values for a field A.
For a column, nygi, = n.
4. Let npigsing be the count of missing values (NULL/empty/NaN).
5. Missingness rate

n . -
MissingRate(A) = e
Nyotal
5. Completeness (the complement)
n . -
C(A) — 1 _ missing
Nyotal

2.2 Uniqueness / Duplicate rate
Goal: detect redundancy.
Assume a key field (or composite key) K.
6. Letnes=n.
7. Let ngiginee = [{K(r) :i = 1..n}|.
8. Duplicate key count:
Ngup = Mkeys — Mdistinct
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4. Duplicate rate

n
DupRate(K) = —
Nkeys
5. Uniqueness
n . .
U(K) = 1 — DupRate(K) = —astinct
Nieys

2.3 Validity (rule-based conformance)
Goal : evaluate quality against business rules.
Let a rule be a boolean predicate R(x) (e.g., age in [0,120], ICD code pattern, etc.).
1. For each value x;, define an indicator:
_ (1 ifR(x;) = True
L= /
0 otherwise

3. Total checked ngnecreq = 1 (0r fewer if excluding missing).
4. Valid count nyyig = X7 [;
5. Validity
n .
V(A) — valid
Nchecked

3.1. Knowledge Gaps in Healthcare Data Lakes

Considerable diversity in health data increases the need for advanced analytics capable of providing
comprehensive responses to stakeholders’ questions. AI-Enhanced Analytics proposed here combines Al
techniques with the principle of enabling high-level data preparation and exploration. Many queries, however,
require examination of the underlying data through appropriate profiling techniques. Profiling can help in
detecting most issues associated with data quality, integration, and convergence. Added Al-enhanced methods
facilitate selective sampling and redundancy detection across diverse data sources. These benefits are
particularly relevant in the context of healthcare Data Lakes, where high variability and heterogeneity of the
data exacerbate traditional data preparation methodologies. Nevertheless, data profiling in healthcare Data
Lakes is largely limited to clinical and genomic data.

Despite the fact that several components of Al-Enhanced Analytics and profiling are established and recognized
domains, academic studies on Data Lakes using Al techniques, and Dreampipe in particular, remain scarce.
Dreampipe combines Lambda and Kappa architectures to create a Data Lake that integrates the cloud and edge
computing paradigms into one cohesive analytics architecture. Al-Enhanced Analytics adds high-level
exploration capabilities and usability improvements, such as seamless interoperability with business intelligence
tools and automatic virtualization of data. Three-layer Data Lake security ensures privacy requirements,
compliance with regulations, and protection against attacks.
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Fig 2: Dreampipe: A Unified Cloud-Edge Data Lake Architecture for High-Fidelity Healthcare Analytics and
Governance-Centric Data Exploration

3.2. Al-Enhanced Analytics: Concepts and Rationale

Healthcare Data Lakes require Al-Enhanced Analytics capabilities capable of exploring and identifying data
quality, governance, and interoperability challenges. AI-Enhanced Analytics refers to four activities: data
preparation, data profiling, knowledge discovery, and knowledge exploitation. Data Profiling gathers knowledge
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about data and their metadata before they are integrated into a Data Warehouse. Data Profiling relies on the
automated discovery and analysis of the Content, Structure, Quality, and Lineage of the data ingested into the
Data Lake. These metrics offer vital knowledge about the Data Lake and its data quality and support the
establishment of a Data Governance framework.

However, given that healthcare Data Lakes deal with heterogeneous data such as images, sound, text, and
traditional data tables, Data Profiling still lacks a set of techniques and metrics capable of exploring these data
types. Although the profiling of images using deep-learning models is still in its infancy, some works in the
literature have already validated the approach. Data Profiling also requires Data Governance, Privacy, and
Security considerations and procedures, since healthcare data include sensitive data for data subjects and their
families. The benefits of Al can ease overcoming these limitations. With these capabilities, data profiling plays a
crucial part in healthcare Data Lakes since it impacts data quality, Data Governance, and Data Interoperability.

4. Methodological Framework

Intelligent Data Profiling for Healthcare Data Lakes Using Al-Enhanced Analytics: an objective, evidence-
based, formal analysis of data profiling in healthcare data lakes with Al-enhanced analytics, focusing on clarity
and scholarly argumentation.

Data governance and privacy, security, and compliance regulations play critical roles in the constitution of
healthcare data lakes and, therefore, also affect the profiling of the data stored in the lake. The design and
implementation of the profiling processes need to ensure that the guidelines imposed by such considerations are
correctly applied. Therefore, data governance policies, privacy conditions, security policies, and compliance
management practices for profiling procedures should be defined in detail. Such considerations typically address
the generation of data profiling technology systems. Data governance and privacy, security, and compliance
management of data lakes play a fundamental role in the organization of the healthcare data lake—composition
of data sources, confidentiality, security, legal regulations, and other similar aspects of the data lake governing
the particular healthcare data lake, such as the locations of data collection and different consumer patient areas.
Data profiling analyzes and reviews the healthcare data lake’s heterogeneous data for improving the data
management accuracy of machine-learning training. A careful design of the data profiling technique in
recommended practice ensures the involved data management systems achieve their operational goals by
examining the corresponding data types, data schemas, data lineage, profiling quality metrics, and data-anomaly
detection traders to achieve the operational aim of the healthcare data lake. The analysis of data lineage offers
essential benefits for managing data quality. Profiling discovers major data types of heterogeneous data samples,
identifies data-positioning problems, presents structured and unstructured schema profiles, provides data-quality
statistics and metrics for critical machine-learning model training, and establishes data-anomaly detection
traders for the healthcare data lake.

Equation 3) Structure + schema profiling equations

3.1 Data type distribution (structure)

Let field A have detected type per value: {int, float, date, string, ...}.
2. Count values of each type: n,
3. Proportion:

n;
P(type =1t) = —

3.2 Schema drift rate (batch-to-batch)
In ingestion batch b, let schema be a set of fields S,,.
4. Drift event between batches b — 1 and b:
Ab = Sb A Sb—l
where A is symmetric difference (added/removed fields).

6. Drift indicator:
_ {1 if 14,] >0
0 otherwise
4, Over B batches, schema drift rate:
B
_d
b Zheady
B-1
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lllustrative Anomaly Rate by Dataset Type
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4.1. Data Governance and Compliance Considerations

Data governance, privacy, security, and compliance considerations orient and inform intelligent data profiling
for healthcare data analytics—an objective, evidence-based formal analysis of data profiling in healthcare data
lakes with Al-enhanced analytics. OECD defines data governance as the development of decision rights and
responsibilities for information-related processes. It supports policy development, technical operations, and
resource allocation. Healthcare data governance entails decisions regarding o Data right holders o Data access
and sharing policies o Data uses and disclosures o Data custodians o Data repositories and data stewards o Data
quality standards o Data documentation, usability, and usability standards o Data standardization and
interoperability o Data advocacy.

The volume, variety, and velocity of big data impose strict conditions on identification and implementation of
data governance best practices for privacy, security, and compliance with legal and ethical requirements.
Confidentiality, privacy, and security concerns restrict availability, precluding full population, sampling, and
testing of hypotheses. Safeguarding these concerns requires compliance with Federal Information Security
Management Act, Social Security Administration sensitivity requirements, and Organizational for Economic
Cooperation and Development privacy guidelines. Institutional review boards protect confidentiality by limiting
access, imposing stringent requirements, and permitting only specific uses. Ensuring accountability, therefore,
requires investment of time and resources.

4.2. Data Profiling Techniques for Heterogeneous Healthcare Data

A comprehensive understanding of healthcare data lakes and related Al-Enhanced Analytics concepts reveals
conceptual limitations driving demand for data profiling in these environments. The main pillar of Al-Enhanced
Analytics, Data Profiling, embodies the investigation of data sets in order to locate their structure, content, and
data quality issues. Within the sector of large-scale healthcare data lakes, external sources range from user-
generated input data (e.g. feedback, surveys) to openly available data sets from third parties or similar
institutions, thus including also unstructured textual data and images. This corpus of uncoordinated data, often
available in different standards, ontologies, and formats, demands methods to assess its coverage and usability.
Data profiling investigates data sets to determine their structure and content and evaluate their quality against
internal or external business rules. Although data profiling is a key function for any Data Engineer, no prior
literature addresses it in the specific context of heterogeneous healthcare-related data sources. Specifically, the
examination of the various data types present in a clinical Data Lake—structured, semi-structured, and
unstructured—reveals a discrete set of revision techniques that may be applied to understand their quality and
fitness-to-purpose. Data profiling absorbs data from both the Data Lake and external sources, building a
knowledge reservoir capable of sustaining Data Analytics applications; hence the consideration of several Data
Profiling functions from both data quality and data governance perspectives.

5. Architecture and System Design

Comprehensive data ingestion and normalization strategies, together with schema harmonization and ETL/ELT
pipelines, streamline the integration of diverse healthcare sources. Supporting metadata management and
cataloging structures, lineage tracking, and semantic annotation empower informed profiling and stakeholder
collaboration.

A data lake environment harbors multiple sources with distinct dialects; therefore, metadata must support
ingestion (control sources, destinations, and procedural requirements) and provide information to a data lineage
tool. Lineage relies on records cohering with the data quality monitoring framework, specifying the stage (raw,
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cleansed, consistent, or profiled) of each dataset. The resulting operational metadata repository operates with a
data catalog, divulging data lake details for stakeholders. After ingestion, the information is publicly accessible
and supports query-building through a business model mapping layer; within the layer, the data scientist utilizes
elements such as synonyms, provenance, and definitions.

During data profiling, ingested information is integrated in real or near-real time within pre-staging
transformations. The strategic implementation of ETL or ELT processes is determined by the data volume
within the different environments; for clinical sources with high availability, the suppliers support ELT, and for
sources with higher volume but less frequency, ETL is conducted to mitigate execution windows.

5.1. Data Ingestion and Normalization Strategies

Intelligent analytics for data profiling in heterogeneous healthcare data lakes should address questions related to
data ingestion, storage, integration, transformation, guarding, synthesis, and exposure — all of which are capital-
focused for any healthcare data lake environment. The data sources in a healthcare ecosystem are numerous and
diverse, spanning models, agents, organization, information, health, demographic, and treatment administration,
among others. Fulfilling the management-level needs of business and information product owners involves
various analytics and Al-enhanced analytical products. ELT (or ETL) pipelines for internal (native) healthcare
data sources are foundational structures; the other products stem from filling the native data lakes, especially the
clinical springs, as they hone in on deep learning and Al.
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Fig 3: Capital-Centric Intelligence: A Unified Orchestration Framework for Heterogeneous Healthcare Data
Lakes and Al-Driven Analytics

Sources beyond the ecosystem (broadcast media, reports, and deep web sources) are ingested via mainstream or
custom agents and bats (that process information in bulk). Input from sponsors, partners, and consortium
members on behalf of patient associations and the larger society is both essential and privileged, for example
through sharepoint lists. The information model for data lakes expresses the information lake schema as a series
of joined hierarchically grouped star schemas and is the main framework to house pipelines accessing,
potentially transforming, storing, and linking vast amounts of information in the thematic data lakes.

5.2. Metadata Management and Cataloging

Privacy, security, and compliance considerations must guide data profiling practices. Sensitive patient
information is susceptible to misuse and challenging to safeguard. Protecting personally identifiable information
is critical. Data governance, privacy, security, and compliance requirements shape the operational environment
of data lakes and directly influence profiling approaches. These factors affect how analytics should be employed
and the solutions should be tailored.

A key element of governance is monitoring and profiling to determine the current state of the data lake.
Metadata is a vital asset that needs extensive modelling and precise management. Metadata describing the data
schema, data types, data lineage, data quality metrics, and detected data anomalies should be stored in a
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metadata management repository or a dedicated metadata catalog to allow users to search for data items of
interest. Every healthcare system and application has specific data requirements. A systematic examination of
these requirements provides guidance for defining the nature of metadata that should be harvested as data
profiling is performed.

Quality / Profiling metric | Equation (symbolic form)

Consistency (cross-field) | K =n_consistent / n_checked
Timeliness T =1-(n_late / n_events)

Lineage coverage L =n_traced_edges/ n_expected_edges
Schema drift rate D = n_schema_changes / n_batches
Anomaly z-score z=(X-p/o

6. Case Studies and Empirical Findings

Case studies in clinical data lakes are presented, supported by quantitative, qualitative, and expert assessments.
Concrete profiling results describe data-types, schemata, lineage, quality, and anomalies, while real-world
implications point to quality, interoperability, and governance enhancements. Healthcare organizations
increasingly pursue clinical data lakes, hoping to exploit inch-restored or reusable data for advanced analytics
supporting real-time decision-making, quality improvement, patient safety, predictive and prescriptive
modelling. Proactive profiling of these heterogeneous collections, catering to the varied needs of internal and
external analytics providers, enables knowledge of their content and properties and guides responsible usage.
Al-Enhanced Analytics transforms business intelligence solutions into effective self-service environments
driven by big data. Technology, people, and process considerations shape the analytical landscape: the
democratization risk inherent in self-service is mitigated through governance; data dissimilarity is managed
through semantic consistency; and organisational demands are skilfully correlated with technical capabilities.
Within the Al-Enhanced Analytics framework, four types of data profiling guarantee the readiness of big data
sources for meaningful analysis: discovery defines data origin and semantics, lineage shopping identifies
schema correspondence and diversity, quality detects inconsistency, incompleteness, and redundancy, and
anomaly hunting reveals non-conformance with behaviour.

Equation 4) Lineage profiling equations

4.1 Lineage coverage
If governance expects | Eeypected| €dges but you traced only |Eyaceql:

L = IEtraced |

| Eexpected |

4.2 Impact radius (blast radius)
For a dataset node v, downstream impacted nodes:
Downstream(v) = {u € V:v ~ u}
Impact size:
Impact(v) = |Downstream (v)|

6.1. Profiling Outcomes in Clinical Data Lakes

Artificial intelligence has endeavoured to address open problem domains in technology from computer vision to
natural language processing. High-performance computing, big data management, and cloud computing have
made it possible to develop Al-enhanced techniques for different analytical applications: Enterprises across
domains have started harnessing the power of artificial intelligence to gain business insights and forecast future
trends. Healthcare has become one such domain; Al has been applied in healthcare analytics to gain actionable
insights in patient enrolment, drug side effects prediction, disease prediction and detection, medical image
analysis, survival time prediction, and quality assessment.

Contemporary clinical analytics, however, have yet to reap the benefits of Al. Furthermore, the current portfolio
of clinical analytics at health enterprises does not also focus on profiling the data. New, harmonised data lakes
have recently been developed—encompassing heterogeneous sources and designed as unified stores for
downstream analytics—opened on a pilot basis for clinical use. Al-enhanced analytics concepts are proposed
and pursued for a broader analytical portfolio at the data lakes. The data profiling phase, an indispensable yet
often overlooked aspect of any data analysis project, is presented here for these newly opened clinical data
lakes.

6.2. Insights for Data Quality and Interoperability
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For clinical data lakes chronically suffering from poor data quality and limited interoperability, Al-Enhanced
Analytics provide an effective method to discern, prioritize, and act on salient data quality and accessibility
knowledge. Four specific conclusions emerge: (i) relevant quality dimensions and metrics vary across datasets;
(if) Al-Enhanced Analytics proves an effective means of surfacing and prioritizing quality insights; (iii)
addressing quality issues—e.g., through automated data repairs—can be directly supported; and (iv) insights
drawn from the profiling process can sensitize data producers to factors affecting both internal data quality and
external data interoperability.

Profoundly heterogeneous sources are common in clinical data lakes. Underlying data processes vary across
dimensions including data format, structure, semantics, access patterns, profiles, and runtime environments. As
a result, a one-size-fits-all approach to profiling these sources is unlikely to succeed. Indeed, explicit attention to
these unique aspects frequently does improve profiling quality.

7. CONCLUSION

Responding to the current demands for better access to healthcare knowledge and deeper understanding of
disease processes, complicated analysis across a wide range of heterogeneous sources is now possible. The
corresponding growth of data lakes and their application in clinical environments add new challenges for data
science extractors and Al-based practitioners. Especially in healthcare, where inefficiencies and wasted
resources linger, there is a great opportunity—and need—to use Al-enhanced analytics to better mine the
massive pools of varied data.

Al-Enhanced Analytical Outcomes

Stakeholder
Trust 94.49%
Clinical 1 95.1%
Integration -
Inefficiency o,
Reduction 96.61%
Resource o
Optimization 95.3%
Disease Process 92.15%
Insight -
Knowledge 5o
Generation 95.35%
o 20 40 60 B0 100

Outcome Efficacy (%)

Fig 4: Al-Enhanced Analytical Outcomes

Data lakes allow an enormous amount of data to be easily accessible. However, raw data are seldom usable in
their initial state due to potential inconsistencies in name, type, scale, coding, and quality. Enabling an
underlying governance framework makes these data a foundation for Al-enhanced analytics and thus for deep
knowledge generation. These processes not only require managing and bridging gaps in volume and variety, but
also establishing systems to monitor data quality. The importance of profiling in intelligent Al-enhanced
analytics is now precisely set against practical examples. Concrete clinical data lakes, built from multiple
heterogeneous sources, and the corresponding data profiling not only have been performed but also have
allowed the detection of relevant quality and governance issues.

7.1. Final Reflections and Future Directions

The above analysis advances the discussion on healthcare data profiling for data lakes that leverage Al-
Enhanced Analytics capabilities. Although a growing number of organizations have adopted data lake strategies,
awareness of how to fulfil optimal Data Governance requirements intelligently and efficiently remains limited.
The practical application of Al-Enhanced Analytics approaches associated with intelligent data governance is
still at an early stage. As the case studies show, there are numerous models and metaphors supporting the
concept of a curriculum-supporting data lake but profiles still have to be designed in detail. The adoption of
appropriate technologies enables Data Profiling techniques to be applied to all data sources included in the space
and on an ongoing basis, thus actively contributing to data quality, governance, and interoperability assessment
within the organization.

As a cloud data ecosystem evolves and relevant data are ingested, appropriate Data Profiling techniques must be
intelligently applied to the various Healthcare Data Lake layers or zones. This section focuses on the type of
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Data Profiling that enables classification and quantification of the various data types and their structural and
content-related characteristics — typical, specific, and rare — and the identification, specification,
implementation, and operationalization of metrics that evaluate these characteristics. In a Data Lake
environment, where heterogeneous data from disparate sources can be ingested rapidly, Data Profiling not only
supports the definition of Data Quality but also provides important ongoing insights into Data Governance, Data
Management, and Data Interoperability.
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