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Abstract: The influence of Al on healthcare data engineering across the data lifecycle is vast, enabled by key capabilities
that affect processes from creation to sharing and archiving. Data quality and provenance are primary concerns, and
healthcare organizations can achieve better, faster results when appropriate Al methods are applied. For hospitals and
healthcare institutions with a network of branches, real-time sharing of data is critical, allowing clinical and operational
decisions to be based on up-to-date information from across the entire organization. Machine learning acts as a principal
driver of operations, from clinical decision support to analytics, diagnostics, resource optimization, workload assessment,
and demand forecasting. Support from a well-defined data architecture does not eliminate the risk of unanticipated
outcomes or the need for adequate protection of patient information, which is safeguarded by privacy-preserving
techniques that include access control and auditability. Common standards such as Health Level 7 Fast Healthcare
Interoperability Resources, Digital Imaging and Communications in Medicine, Representational State Transfer and
gRPC, and the OpenAPI Specification and Postman ecosystem simplify integration, while consistent adherence enhances
usability and reliability.
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1. INTRODUCTION

Al is poised to reshape the future of hospitals — aiding both routine clinical management and the delivery of health
services. Nevertheless, the use of Al methods and tools in healthcare remains limited. A possible area for advancement
is Data Engineering, the stage in the Data Lifecycle where data is made ready for data analytics, and where the Data
Quality, Trustworthiness, Governance, and Change Control of data are established. Al-Enhanced Data Engineering
presents a comprehensive overview of the subject, identifying various Al techniques that can augment the different stages
of Data Engineering in healthcare.

The Data Engineering process can be decomposed into seven stages: Data Ingestion, Data Integration, Data Modeling,
Data Analytics, Data Privacy/Security/Governance, Interoperability, and Soft and Hard Technologies. Data Ingestion
deals with the various methods by which data enters a storage repository, conventional Load-/ETL processes for
structured data, and Streaming and Message-Passing for unstructured data, and address the middleware resources required
to service the disparate nature of the incoming data. Data Integration encompasses the procedures and technologies to
lay raw data into common storage pools, normalize the data, and integrate real-time streams for analytics. Data Modeling
describes the establishment of canonical models for different disciplines, rested ontological schemas for the data
repositories, and the models required for semantic and syntactic cross-system mapping of the data. Data
Privacy/Security/Governance presents the Data-Privacy-Preserving techniques and techniques that align Data
Engineering processes with the HIPAA and GDPR Data-Privacy frameworks. Interoperability summarizes the sets of
protocols that are being developed to pursue seamless data-exchange between healthcare systems — notably HL7 FHIR
and DICOM. Model Serve, Train-Monitor-Test-Deploy is presented as the defining ML-Analytics Processes of modern
healthcare, with focus on the technologies supporting Operational and Clinical Decision Support Analytics.

1.1. Overview of Al Impact in Healthcare Data Engineering

Within healthcare data engineering, AI’s increasing influence on core enablements—data lifecycle operations, data
governance, and predictive/analytical outcome targets—merits special attention. Healthcare data engineering serves as
the bridge connecting raw data in heterogeneous data silos to downstream analytics, machine learning (ML), and Al
applications for operational efficiency and superior decision-making. Data life cycle operations, description of variances
between staging and production, and measures and techniques for achieving expected outputs are in the spectrum of
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production data engineering. Data governance touches on aspects impacting trustworthiness and acceptance, including
data quality (accuracy, completeness, and so on), provenance for tracing data lineage from source to consumer,
explainability for understanding results in lay terms, mitigation of algorithmic bias, and data management to support
scaling and integration in health systems. A business case for Al is often sought in the deep learning experimental study
phase; population risk scoring for cost and resource management enables identification of low-cost ML models for
accurate assignment of risk strata and associated operations, rather than development of very high-accuracy models for
detailed clinical diagnosis. They rely on quality, consistency, and trusted data production capability from data
engineering, which is thus seen as an Al business essentials enabler.

Faceted exploration of data engineering thus focuses on the Al-enhanced capabilities—techniques, frameworks, and so
on. Al provides potent resources—notably deep learning, Transformers, synthetic data generation, and large language
models—that can be harnessed across all the data engineering stages from data ingestion to model training and evaluation
to accuracy monitoring and diagnostics behind systems and product offerings. A commercially viable system
emphasising innovative use of technology can deploy Al anywhere as part of core internal and customer-facing systems.
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Fig 1: Al-Enhanced Healthcare Data Engineering: Synergizing Lifecycle Operations and Governance for Scalable
Population Risk Stratification

2. FOUNDATIONS OF AI-DRIVEN DATA ENGINEERING IN HEALTHCARE

The foundation for Al-enhanced data engineering in smart hospitals rests on a clinical environment’s requirements for
data engineering and its ecosystem support. Specific terms and principles provide a shared context for the design and
implementation of proven Data Engineering Techniques integrated with Al in real-life scenarios. The presence of high-
quality, trustworthy data in sufficient quantity in an easily accessible format is necessary for the development and
operational use of Al models for ML, predictive analytics, and other applications.

The specific Al techniques used drive data engineering support for any application area, whether clinical, operational, or
research. The major techniques in clinical decision support pose a higher bar for data quality and system robustness than
the others because they typically include patient diagnosis and therapy. These techniques and their safety requirements
imply data provenance, explanation, mitigation of bias, and sufficient volume. The key principles guide the design of
Data Engineering Techniques for smart hospitals to support the generation of clean, trusted, and well-structured data in
a timely and automated manner.

Conceptual emphasis across data-engineering stages (illustrative)
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Equation 1) Data ingestion + ETL/streaming equations (batch vs real-time)

The states ingestion happens either as batch ETL or continuous streaming pipelines.

1.1 Batch ingestion rate (throughput)
Let:

eV =volume ingested in a batch (records, MB, etc.)
e T =total batch time

Then the average batch throughput is

<

Riaten = T

Now expand T into ETL stages:

e Ty =extract time

e T, =transform/clean/normalize time

e T, =loadtime
So

T=T,+T:+T,

Therefore

14
R e
bach = LT, + T,

1.2 End-to-end batch latency
If the batch runs every 4 (e.g., nightly), a record created just after a run waits ~4 to be picked up.

A common approximation for expected freshness/latency:

A
Il:J‘[Lbatch] ~ E + (TE + TT + TL)

This matches the point that batch extraction is “scheduled extraction of data collected in the past” (inherently less real-
time).

1.3 Streaming ingestion rate + queuing latency

Let:
e 1 =incoming event rate (events/sec)
e u = service/processing rate (events/sec)
For a stable streaming pipeline you need:
A<u

A simple (standard) single-server queue approximation (M/M/1) gives expected waiting time in system:
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2.1. Key Concepts and Principles of Al in Healthcare Data Engineering
To be effective, Al must address the well-established data engineering principles that are fundamental for creating
trustworthy models and operational analytics. Key concepts include data quality, provenance, explainability, bias
mitigation, scalability of Al pipelines, and ethical considerations. Data engineering serves as the foundation for
embedding Al within hospital operations. Effective healthcare data engineering requires a broad knowledge of the subject
and a well-structured architecture that inspires the design of the data engineering workflow, models, and tools employed
in the various specialty areas.
Data quality concerns have accompanied the expansion of Al into virtually every data-rich process, whether in business,
government, or healthcare. Poor-quality data may cause systems using Al and ML models to become overtly sensitive to
small perturbations in input so that predictions become meaningless. During clinical risk stratification, models with low
predictive capacity can be worse than random guessing and bolstering the quality of risk scores makes them clinically
useful. Early articles on Al in clinical medicine noted the role of clinical and interpretability as contributors to successful
deployment, but the need for explainability has since expanded into every area of the discipline. Al requires users to be
aware of the algorithms behind the predictions and have some knowledge of the models making the predictions.

Stage (paper) Typical Al enhancement (illustrative)

Data Ingestion | Anomaly detection on incoming feeds; schema inference; NLP extraction for unstructured notes

Data Integration | Entity resolution; automated code mapping; stream/batch reconciliation

Data Modeling | Ontology/terminology alignment; automated mapping suggestions; knowledge graph enrichment

3. DATA ARCHITECTURE FOR SMART HOSPITALS

The internal data architecture of a smart hospital is often described as a multilayered system based on a unified,
normalized data model for key areas such as patient, procedure and examination. The use of a common identification
schema for resources, personnel, procedures and patients has grown increasingly important, thus enabling integrated care
delivery across health providers. Data sources include common health information systems, sensors for patient
monitoring, devices for electro-biometric measurements, medical imaging systems and equipment for clinical diagnosis,
e.g. blood gas analyzers and molecular diagnostic devices.

Essentially, in terms of ETL (Extract, Transform and Load), data extraction and ingestion can be accomplished in two
ways: batch extraction and ingestion (scheduled extraction of data collected in the past, e.g. clinical data from an HIS,
medical images from a PACS, proprietary data from closed diagnostic devices) and continuous ingestion via data
streaming pipelines (events generated by alerting systems, data originated from physiologic patient monitoring, and
device alarms). Completed extraction is followed by a data normalization process (code mapping and translation,
semantic enrichment) enabling data integration for semantic and data-model-layer-aware new-use cases. In the health
domain, clinical information originating from different sources tends to be markedly heterogeneous. Apart from
variations in data structure, organ characterization rules and image quality, it can also be made up of images of different
types (e.g. X-ray, NMR, CT scan) collected by different departments in different examination models.

3.1. Data Ingestion and Integration

Smart hospital data engineering relies on an integrated architecture that supports data exchange, coordination, and
collaboration for timely and effective service delivery of diverse care stakeholders: patients, caregivers, doctors,
paramedics, hospitals, insurers, and government agencies. Integrated data access is crucial for meeting institutional
objectives and requirements while supporting decision-making, business intelligence, and analytics. The extract-
transform-load (ETL) approach is often employed, wherein data from multiple sources are ingested and subsequently
cleaned and integrated into the data warehouse, though this processing can be complex, time-consuming, and sometimes
unfeasible. Streaming data flows into the data lake from diverse sources, facilitating real-time response and decision-
making via dedicated tools, although such connections may not always be technically simple or easy to manage.

A middleware layer is thus included to automate tedious or complex data-related ETL tasks (e.g., the integration of
fragmented information across clinical systems) and ease access to specialist data stores. An additional pattern facilitates
the ingestion, normalisation, and streaming of events from various clinical devices and sensors to the data lake. In smart
hospitals, the variety of heterogeneous clinical and smart-device data sources often calls for a specific data normalisation
scheme and a clever multiscale acquisition approach in order to maximise integration with as little additional effort and
cost as possible. Users still retain the flexibility and control required by advanced analytics that exploit the characteristics
of original data for bypassing the traditional data warehousing paradigm.
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Fig 2: Integrated Architecture for Smart Hospitals: Middleware-Driven Orchestration of Heterogeneous Healthcare
Data Streams

3.2. Data Modeling and Ontologies

Canonical data models provide a shared set of data sources with consistent definition and semantics for use by multiple
systems. Ontological data schemas or ontologies extend a canonical data model to provide rich semantics for data
elements and facilitate semantic interoperability among heterogeneous systems. Given the diverse data sources in a smart
hospital, the use of these two concepts is an effective approach for achieving semantic interoperability that handles the
diversity challenge of enabling communication among heterogeneous systems.

Although systems in a smart hospital can be heterogeneous in terms of data formats, protocols, storage models, and
semantics, mapping data elements to an agreed and commonly used canonical model and ontologies aligned with the
canonical model enables integration that offers improved decision support and analytics. Systems operating on or
supporting critical hospital functions, such as electronic health records or patient monitoring and control, are usually
developed in compliance with existing semantically rich standards. When a mapping is provided, the reception of the
data specified in an overloaded or underspecified modeling becomes possible, permitting a low-cost approach to semantic
interoperability based on mapping rather than software rewriting. Whenever the semantics of the data received become
clear, the implementation of new functions that use the data in the overspecified model follows naturally.

4. MACHINE LEARNING AND ANALYTICS IN HOSPITAL OPERATIONS

Machine Learning and Analytics in Hospital Operations

In data-intensive operations, machine learning capabilities are a core driver. The Al-Enabled Data Engineering lifecycle
implements machine learning and data-driven analytical modelling to support both strategic and operational decision-
making. A multitude of applications in the health domain leverage machine learning for predictive decision support,
enabling stakeholders to critique operational behaviour and make decisions based on predictive outcomes with associated
uncertainty. Such operations span the hospital environment, with specific applications directed toward managing demand
for services, monitoring patient movements throughout the hospital, deploying resources such as staffing and beds, and
managing hospital assets, including medical equipment.

While these foundational applications can operate independently, implementation and validation processes introduce
significant overheads into clinical workflows and are resource-consuming. For this reason, clinical risk-scoring and
decision-support systems are among the first Al models to ensure validated integration into normal hospital operations.
Beyond these models, there is growing interest in the adoption of statistical and machine-learning methods across hospital
analytics for demand forecasting, patient flow monitoring, staff scheduling, and asset management. Each application
offers real-world business value, and dedicated decision-support-officer roles have been established to drive teams toward
optimizing the business benefits of such models.

© JIREEICE This work is licensed under a Creative Commons Attribution 4.0 International License 110


https://ijireeice.com/
https://ijireeice.com/

IJIREEICE ISSN (O) 2321-2004, ISSN (P) 2321-5526

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering

%

Impact Factor 8.021 :: Peer-reviewed & Refereed journal :2 Vol. 12, Issue 12, December 2024
DOI: 10.17148/IJIREEICE.2024.121211

Differential privacy: privacy-utility trade-off (illustrative)

10

Proxy for utility loss (x 1/€)

0 1 2 3 4 >
Privacy parameter € (larger = weaker privacy)

Equation 2) Data normalization + integration equations (making heterogeneous data “joinable”)

The emphasizes normalization (code mapping, semantic enrichment) to integrate heterogeneous clinical sources.

2.1 Canonical mapping function

Let a raw record from system s be x5,
Define a normalization/mapping function:

7 = gs(x(S))
where z is the record in the canonical schema.

If multiple sources map into the same canonical patient/encounter entity, integration becomes:
Zintegrated = merge (gl (x(l)): 92 (x(Z)): ey gS(x(S)))

2.2 Entity resolution (patient matching) as optimization

Let two records a, b have features ¢(a, b) (name similarity, DOB match, MRN match, etc.).
A common probabilistic match model:

1
p(match | a,b) = a(wT¢(a, b)) = 1+ e-wTo@b)

Then choose match if
p(match | a,b) > 1

4.1. Clinical Decision Support and Diagnostics

Numerous machine learning models currently support clinical decision making, risk assessment, and diagnosis, mapping
hospital outcomes to patient characteristics, enabling risk stratification, scoring, and prediction. These models have
proven value for sepsis detection and scoring, cardiovascular disease risk assessment, acute kidney injury detection,
harmful substance prediction, and deep learning for medical image analysis. Continuous validation is necessary for ML-
based models that influence the lives of citizens, and a robust framework similar to the one established for high-stakes
Al applications can ensure confidence and safety. Integrating these tools into existing clinical workflows enhances
diagnostic processes.

Many hospitals lack translation mechanisms or standard methodologies to zone in on these ML-driven models, resulting
in potential user friction. Analogous to clinical decision support for clinicians, staff-facing digital assistants can
proactively help clinicians identify support tools before, during, or after providing care. Clustering ML applications by
type, zonally centering them, and exploring how staff typically interact with the supported problems can support this
effort, although it requires access to staff documentation. For instance, the various tools addressing hospital-acquired
instance diagnostics can be housed under the appropriate category and a web-based assistant can highlight the latest
sepsis prediction tools when relevant.
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Governance target | Example measurable quantity

Quality Completeness, validity, timeliness, duplication rate
Provenance Lineage coverage %, traceability latency, audit pass rate
Explainability Explanation fidelity, clinician agreement, time-to-understand

4.2. Operational Analytics and Resource Optimization

The importance of efficient operation of hospitals cannot be overstated in view of their role in society. However, the cost
associated with the operation of hospitals has also been increasing rapidly. Machine learning and analytics techniques
have potential to change this situation. Prediction of patient demand can help in timely provisioning of resources like
personnel and equipment. Understanding of patient flow within the hospital can help in minimising waiting times.
Scheduling of staff on the basis of predicted demand can improve staff satisfaction, save overtime costs, and prevent
excess staff from being assigned during times of lesser demand. Prediction of equipment failure can help in timely
inspection and maintenance of such equipment, thus reducing unscheduled downtimes. Such operational analyses can
extend beyond just resource optimisation and can also include preparation of disaster management plans for the hospital.
Patients require different types of resources during their stay in the hospital. For any department of a hospital, the type
of resources needed by such patients at a given point in time can be expressed as demand for different types of resources
during that point of time. Keeping track of this demand over time can not only help in allocation of sufficient resources
to that department, but can also help in determining the schedule of the resources when they are not required by the
patients. Hence demand forecasting can be viewed as an important part of operational analytics in a hospital. Demand
forecasting also becomes crucial when demand surges are caused by disasters such as earthquakes, floods, or epidemics,
necessitating preparation of disaster management plans for those surges. To ensure that these surges are handled with
ease, significant investments in resources may need to be made ahead of time and thus, accurate prediction of future
demand while dealing with such disasters becomes very important for hospitals. The outcome of the demand forecasting
task remains limited to just the department'’s staff or radiology resources when the hospital is tackling a disaster brought
on by a sudden surge in patient arrivals.

5. DATAPRIVACY, SECURITY, AND COMPLIANCE

Protections must be in place to preserve patient data and ensure proper governance of sensitive information throughout
the data engineering and machine learning processes. Data privacy refers to the processes put in place to govern data
handling in accordance with policies established to keep certain information confidential, protecting information from
being disclosed to unauthorized individuals. Privacy-preserving techniques in data engineering may include masking,
anonymization, de-identification, and cryptography, among others. SDLC principles covering access control, securing
sensitive data, data redundancy, auditing, and versioning enhance data privacy. Compliance with data privacy regulations
or guidelines such as HIPAA, HITECH, and GDPR is paramount for patient information. Therefore, a robust and risk-
averse privacy compliance approach is supported by regular risk assessments.

Data protection refers to the technical measures defining access controls and encrypting sensitive information in a way
that prevents it from being revealed to unauthorized users. Protection mechanisms may be integrated into system design
or added as a dedicated middleware component, and the infrastructure should be equipped with a fully controllable and
enumerated list of supported types of protection mech-anisms to be employed according to the specific nature of the data
to protect. Auditability verifies that systems and processes are properly followed and maintained. An auditable system
enables regular audits of the engine-ered models and services, checking how effectively they support privacy
requirements according to the audit content specified during the design phase. Data engineering must be designed to
comply with policies, guidelines, and regulations governing sensitive patient information, such as HIPAA, HITECH, and
GDPR, identifying and linking together protection techniques, access controls, and the audit information required by
these authorities.
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5.1. Safeguarding Patient Information: Approaches to Data Privacy and Compliance

Privacy preservation and protection of patient-sensitive information constitute important factors influencing trust in
health systems and preventing adverse incidents. Thus, any Al-core data engineering operation must either take care of
the patients’ privacy explicitly or indirectly through the adoption of a processing middleware that guarantees privacy
preservation and compliance to present regulations such as the Health Insurance Portability and Accountability Act
(HIPAA) in the USA and the General Data Protection Regulation (GDPR) in the European Union. A specific privacy-
preserving data publisher makes data available for machine learning by enriching these data, for example, with
differentially private noise, incrementally learning a model that exploits learning-from-privacy-preserving-data while
assuring patient information privacy. Such transformed data preserves the utility for machine learning of real statistics
while providing privacy guarantees against reidentification and membership attacks. The utility and privacy trade-off can
be controlled with respect to a parameter € by the data publisher. Hence, the confidential data publisher has control over
sensitive data and their protection. Data exchange mechanisms management indeed represents a challenge because the
data flow direction may be unpredictable, requiring resilience to data flooding.

In compliance with HIPAA, sensitive data should satisfy patients’ specific regulations and be protected according to
industry standards. Privacy should be assured by a Privacy Officer Department. Residual risks after implementing the
risk-level mitigation measures should be acceptable. Adopting a privacy-preserving module assures patients that sensitive
data cannot be accessed without permission. User roles on the system govern the degree of access to sensitive data and
tables with sensitive attributes. The selection of the appropriate level of protection for each table is based on patients’
control of their sensitive data. The audit capability should allow checking user access to the data and discovering whether
security policies are violated or potential attacks have occurred.

Statistic Value

Mean demand 84.3869636388628
Max demand 113.58999250196206
Days above capacity | 2.0

6. INTEROPERABILITY AND STANDARDS

Interoperability and Standards The push toward seamless data integration across hospital information systems is creating
a race to implement the standards, frameworks, and protocols that will allow for optimal data exchange. A vast and
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growing number of hospital devices and systems capture clinical and operational data: Electronic Health Records,
Laboratory Information Management Systems, Radiology Information Systems, Medication Administration Systems,
Resource Management Systems, Picture Archiving and Communication Systems, to name just a few. Clinical data is
complemented by streams of data from dedicated sensor devices that monitor vital signs, environmental conditions,
energy usage, and support processes such as facility management and waste management. In addition to the wide variety
of equipment, the sheer volume of data collected necessitates advanced analytics to transform this data into useful
information. Machine Learning is at the heart of many of these applications, facilitating specialized models for predicting
patient deterioration, assessing severity of disease on medical images, optimizing resources, and many others. But the
underlying architecture that supports such Al applications needs to be considered before the models themselves.

There is no shortage of review articles on the topic. The Health Level Seven Foundation's Fast Healthcare Interoperability
Resources standard is perhaps the most well-known, enabling the exchange of clinical information via representational
state transfer (REST). Other prominent protocols exist. Digital Imaging and Communications in Medicine governs the
transmission of medical imaging, while the Web Services (WS) standard defines how different services on a network can
exchange data. The emergence of a wide variety of hardware and software protocols has produced a fragmentation of
formats and procedures that can appear overwhelming to IT developers and managers, but ontologies represent a powerful
mechanism to attain semantic interoperability. In comparison to other standardization efforts, ontologies have the
advantage of allowing heterogeneous systems to communicate effectively without requiring all parties to adhere to the
same established standards. The benefits are clearly illustrated in the Canadian-Globus program, where distributed cloud
computing infrastructure is enabled by using semantic web service technologies that rely on an ontology for service
interoperability, allowing developers to compose data-intensive applications represented as networks of services
dynamically at runtime.

Demand forecasting with surge handling (synthetic example)

110 4 ﬂ

J) \V\J

=
© 153
o 1=}

©
o

Demand (patients/day proxy)

) 5 10 15 20
Day

Equation 3) Data quality + governance equations (accuracy, completeness, provenance)

The flags data governance targets like quality, provenance, explainability, bias as trust enablers.

3.1 Completeness

If a dataset has N expected fields across all records, and M are missing:

Complet =1-—
ompleteness N

3.2 Validity (rule-based)

Let I(-) be an indicator that a value passes a clinical rule (e.g., HR in [0, 250]).
For N values:

N
1
Validity = NZ I (value; passes)

i=1
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3.3 Timeliness / freshness
If record i is generated at ¢ and available for analytics at ¢
Latency, = t{*! — t¥*" p95 latency = 95th percentile of {Latency, }

(Streaming aims to reduce this; batch increases it.)

3.4 Provenance coverage

If Nyt records exist and Njje,q. have complete lineage links (source — transformations — consumers):

N, lineage

Provenance Coverage =
N total

6.1. Ensuring Seamless Data Exchange: Frameworks and Protocols for Interoperability

Ensuring seamless data exchange remains a key objective for all stakeholders in the delivery of integrated care. Dedicated
healthcare protocols, services, and frameworks have emerged over the years to enable and establish standard paths for
data exchange and practice. For instance, Health Level Seven (HL7) is a not-for-profit organization created in 1987 to
promote meaningful interoperability in the exchange, integration, sharing, and retrieval of electronic health information.
It has produced more than a dozen standards for health data exchange, storage, and presentation. In 2017, HL7 made
available Fast Healthcare Interoperability Resources (FHIR), an open-source set of standards for health data exchange
that is gaining traction and becoming the chosen way to exchange health data. Most of the other leading organizations in
the domain are aligning with FHIR. The Digital Imaging and Communications in Medicine (DICOM) standard has been
in place since 1983 and is now widely accepted by producers and users of medical imaging.

Most of the dedicated healthcare systems in the previous section use REST or gRPC as their foundation for request and
response flows. Common ontologies (e.g., FHIR, DICOM, and the HCA Ontology) are often mapped to one another to
lift multilayer interoperability to the semantic level and enable inference tasks. A separate effort is currently under way
to define conformance testing for conformance to particular profiles, and for enabling application-level discovery of
health information sources by potential data consumers.

7. CONCLUSION

Al-Enhanced Data Engineering accelerates the expansion of smart hospital capabilities, arguably the prime movers in
Healthcare 4.0. It identifies unmet Al-related healthcare data-engineering needs, proposes specific solutions, and signifies
the contributions made along the way.

By comprehensively establishing a well-grounded conceptualization of AI’s relevance to Data Engineering, all the
groundwork necessary for Al-enhanced Data Engineering—the harnessing of Al to the diverse Data Engineering
operations that support the healthcare domain and, in particular, Al-enhanced data engineering in smart hospitals—has
been put in place. Al methods now cover the entire data lifecycle and Data Engineering realm, addressing most crucial
concerns (quality, provenance, explainability, bias, scalability) and incorporating consideration of data governance and
ethical integrity into Data Engineering operations. Such Al affordances of Data Engineering are paramount, ushering
hospitals toward streamlined operations and the intelligent delivery of integrated care.

Groundwork for Healthcare 4.0

Clinical Care Integration

Operational Efficiency

272%

AlEnhanced Data Ops Data Governance & Ethics

Fig 4: Groundwork for Healthcare 4.0
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7.1. Final Thoughts and Future Directions in Al and Healthcare Data Engineering

Although research and deployment are still behind the “peak of inflated expectations” predicted by the Gartner hype
cycle, it can be expected that the core technology will succeed. Furthermore, recent advances in generative Al such as
ChatGPT and DALL-E are certain to shape the future of healthcare Al in ways that may be difficult to foresee. Planning
for its arrival should therefore be a top priority in every hospital, not only to take advantage of the benefits it offers in
efficiency and quality of normal operations but also to improve its response to emergencies. For example, during the
COVID-19 pandemic, there was a surge in demand for hospital beds in some regions and an induced reduction in others.
Data mining approaches to patient flow analysis can provide insights on sneaker effectiveness for optimizing patient
routing under fluctuating demand, and Al predictive models can serve as a basis for planning the allocation of future
resources: services, beds, staff and materials.

Practical deployment can be hindered by many factors, some of which are not technical at all but rather financial,
organizational or ethical. On the data side, the automation and/or standardization of data preparation and provenance
monitoring are major challenges. On the Al model side, the main drawbacks have to do with representativity and
validation. Provider organizations therefore need to foster an innovative governance environment that promotes
experimentation in a monitored way and encourages cooperation with the industry. New trends such as the
democratization of Al are focusing on making it so easy to use that no real expertise is needed. Nevertheless, Al
deployment in healthcare should remain under the supervision of healthcare professionals in order to avoid undesirable
effects and promote responsible Al development. Other Al approaches such as reinforcement learning and multi-agent
systems may open new avenues for experimentation and improvement.
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