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Abstract

Optimizing the ingestion, transformation, and storage of real-time healthcare data pipelines can enhance information quality and
enable critical alert systems and advanced analytics. Stream processing architectures, telemetric data models, and smart
telemetric enrichment guarantee low-latency data delivery while upholding provider and regulatory data quality constraints. A
rich set of storage technologies meets real-time and near-real-time data availability needs and enables high-performance
analytics. Practical considerations such as security, compliance, and operability further strengthen streaming data flows, which
support timely detection of critical patient events, accelerate population health insights, and shed light on the impact of data
changes on clinical workflows.

Healthcare information systems face increasing pressure to deliver and utilize data in near-real time. Optimized end-to-end
pipelines—tailored for ingestion, transformation and enrichment, and storage—boost data quality and internal responsiveness
while unlocking more complex external uses, such as alerts for critical events. Timely detection of incidents ranging from falling
out of bed to rapid deterioration can help mitigate patient harm and improve clinical outcomes. Broad support for population
health and research is likewise crucial, particularly as data privacy legislation toward more open sharing of health data begins to
emerge. Acknowledging operational domains and feasibility for wider adoption enables a more complete roadmap for practical
implementations.

Keywords : Real-time pipelines, healthcare data, streaming analytics, data governance, privacy, interoperability, operational
reliability.

1. Introduction compromise clinical decision support. Specifically, the
development of a real-time alerts pipeline for critical patient
events is explored. Alert criteria from the medical literature
are considered along with thresholds for sensitive variables
such as temperature, heart rate, blood pressure, and
laboratory values; additional alarms for activated rapid
response teams are included.

The ability to transform fresh data into informative insights
and, ultimately, decisive actions is a key component of
effective healthcare operations and clinical work.
Consequently, many healthcare delivery organizations
(HDOs) require new healthcare data pipelines to enable real-
time integration, either with existing systems or for new
operational use cases. Optimized data pipelines can also
positively influence healthcare outcomes. For example,
poorly implemented data pipelines may introduce de-
identification mistakes, which can impair patient trust and

Real-time aggregation of alerts is presented on an Ops
dashboard for the clinical pull. The timing of alerts
stretching back over the preceding 23 hours provides the
opportunity to assess the potential efficacy of alerts in
shaping clinical workflow; calls made to respiratory therapy
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before the temperature alert threshold was exceeded are
given special attention. Following the success of integrating
current response and care-patient data with historical alert
data for near-real-time reporting, the timeliness of alert alerts
is subsequently assessed as a precursor to their influence in
changing real-world clinical outcomes outside of the runtime
environment. Data-pipeline latency needs to be low relative
to the dynamics of the processes under observation in order
for mined events to retain their historical relevance.
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Fig 1: Data Engineering in Healthcare

1.1. Background and Significance

Health information systems must manage vast amounts of
data, aggregate that information in near real-time from
multiple heterogeneous sources, and generate useful insights
that impact care delivery and patient outcomes. Many of
those data sources are becoming increasingly available in a
streaming fashion, through Electronic Health Records (EHR)
telemetry data or ecosystem events triggered by the actions
of clinical teams at hospitals, clinics, labs, and pharmacies.
Yet the engineering and operational pipelines that ingest,
transform, store, and analyze these fast-moving healthcare
information streams remain immature compared to their
batch-processing counterparts. Data quality issues, privacy-
preserving deidentification challenges, and the absence of
concrete Service-Level Agreements (SLAs) further constrain
the use of streaming analytics and, consequently, the
integration of real-time alerts that inform care teams about
critical patient events. When properly engineered and
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instrumented, these real-time pipelines can indeed deliver an
alert within 2 minutes of a critical health event. Such timely
alerts leave little time for a clinical workflow to generate a
false positive, allowing for a reliability of 80% or higher.

The correctness of insights derived from streaming
analytical models, however, is much harder to quantify.
These models aggregate population metrics over a moving
window of only a few days—it is extremely unlikely that the
population-health insights generated by such a model would
be accurate for clinical or policy decisions. Nevertheless,
compliance with the timing requirements of such models is
important. Delayed alerts for COVID infections, for
example, are often so much later than the start of a surge that
they offer nothing other than a historical description of what
already happened. Failure to generate an alert on a surge,
however, may lead to insufficient preparedness, with
potential health consequences.

1.2. Research design

A design science research method addresses a defined
problem in a goal-oriented manner by producing an
innovative artifact. The research proposition seeks to
validate a set of architectural principles for pipelines that
support data integration into healthcare information systems
in a continuous stream instead of in periodic batches. A
representative set of principles is derived from the literature
and then instantiated and evaluated in the context of a large
metropolitan hospital system in the United States. The
output is a collection of operational data engineering
pipelines designed to enable the deployment of streaming
analytic methods capable of providing low-latency
operational insights and decision support into ongoing health
events for the hospital, its patients, and its partners.

Evaluation is based on system records and stakeholder
feedback. Participating analysts report that healthcare events
are now being monitored, and alerts are being generated
based on conditions that meet the analytic latency
requirements of the associated clinical workflows.
Monitoring of health data change is being used to guide the
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efforts of health authorities and support timely policy
decisions. The operational data pipelines are serving their
intended purposes, but clinical workflows remain reliant on
batch-based data integration, and true event-driven analytic
conditions have yet to be achieved.

2. Architectural Principles for Real-Time
Healthcare Pipelines

Real-time healthcare information systems rely on a
combination of various components and technologies that
adhere to architectural principles specifically designed to
effectively address the unique requirements of healthcare
data. New data are continuously generated and ingested from
various sources, modeled into a format of choice, and made
available in the system for immediate consumption by any
interested applications or services. The integration process
varies greatly depending on the characteristics of the source
and the availability of support for streaming technologies.
Stream processing is often employed for refined and timely
insights, and reliable storage at different latency levels
supports further processing, exploration, and analytics. The
following sections summarize how an appropriately
optimized pipeline supports these diverse integration
patterns.

Data ingestion is an essential but often stressful aspect of
any information system, especially a real-time one. Sources
of streaming data are typically highly heterogeneous, each
generating different types of data, and operate under
different failure and latency conditions. Therefore, to enable
smooth integration into a streaming pipeline, all aspects of
ingestion must be explicitly defined. These aspects can be
grouped into the characteristics of the sources, the
connectors responsible for bridging them to the rest of the
system, and the operations required on the received data.
The ingestion solution must support all these aspects while
maintaining the principles of fault tolerance, data quality,
and adherence to external regulations and policies. The
connectors must be enabled for different operating modes,
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and data validation and cleaning must apply only when
intended or required. A key requirement is for schema
definition and change to be handled on the boundaries
between the system and its sources or sinks: data flowing
within the system should be decoupled from all schemas to
simplify the consumption of diverse data sources together
with the integration of new ones.

Concept: window-based label (1 if event occurred in last W) + alert firings
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2.1. Data Ingestion Strategies

Real-time information systems integrate and analyze data
from heterogeneous sources in operational environments
where timeliness, reliability, and privacy are crucial. Thus,
systems must offer data delivery with optimal latency and
low risk of failure, minimize resource consumption during
operation, enable real-time surveillance, and satisfy strict
privacy regulations while preserving data utility. Delivery
involves three key aspects: the pattern used to push or pull
data, the connectors and protocols employed to interface
with the sources, and the validations and transformations
applied to data at their boundaries. The other two properties
are mainly influenced by windowing strategies, as well as by
backpressure, throttling, and retry techniques configured for
individual components. Confidentiality and integrity are also
necessary for all types of data stored and communicated,
making prevention mechanisms — such as de-identification,
access rules, segregation of sensitive fields, and encryption
of connections, memory areas, and disks — crucial. Different
forms of data safe against exploitations, misinterpretations,
and biases that can compromise healthcare decisions must be
made available to different categories of users. HIPAA
requirements for patient, provider, and facility identifiers;
streamlined healthcare by harmonizing protocols;
asynchronous or modular care processes; and availability
rules for emergency scenarios impose additional
requirements.
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For deliveries per path, schemas and pipelines should evolve
as new versions of data models are defined, assuring the
backward and forward compatibility needed to keep data
flows operational. All operations depend on metadata;
therefore, lineage management and support for change-
tracking constitute a basic requirement for mastering data
processing and enabling recovery from detected problems.

2.2. Stream Processing and Event-Driven Architectures
Latency-sensitive data streams often require immediate
action, potentially via analytics. Short-term intelligence is
useful if delivered rapidly and reasonably affordably, while
longer-term insights have less stringent requirements.
Response times are often expressed in terms of processing
latency, defined as the time taken from event generation to
action. A windowing mechanism typically segments an
endless input stream into finite mini-batches, producing a
series of output mini-batches. Extreme low-latency
requirements might preclude windowed processing and
therefore support batch durations of 1 s or less. Window
aggregation can also be performed in other stream
processing frameworks by either expressing logic as a
continuous query or using operator-specific intervals to
control batching.

Windowing directly interacts with the selected trigger
strategy. For real-time systems, rapid event generation and
multiple short-lived mini-batches can lead to high
operational costs. Therefore, mini-batch processing mitigates
resource demands by aggregating events with low latency
tolerance over uncorrelated dimensions. Delayed and session
windows add temporal patterns to batch duration, supporting
temporal aggregation where there are multiple updates to the
same key within a specified period. Longer aggregation
periods typically triangulate on event time using system-
generated timestamps, although processing time with correct
system offset can be a sound alternative. In other chronic
systems, while mini-batch processing reduces operational
expenditure, resource usage remains non-negligible; thus,
cost-awareness is still prudent.
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There is also a trade-off between ease of use and fine-
grained configuration. While some frameworks hide the
underlying complexity, the exposed settings permit highly
tuned designs; for example, manual partitioning controls
skew for uniform distribution across nodes, thereby averting
hot spots that can lead to processing bottlenecks. Other
settings address fault tolerance, such as the choice of
exactly-once or at-least-once processing guarantees. Such
operational parameters are workflowspecific decisions that
require careful consideration for low-latency scenarios.
Event-driven architectures provide an abstraction layer over
these low-level components and offer support for industrial-
grade systems.

Equation 1: Formalizing the paper’s alert rule (the core
equation)

e  Let Ibe a critical patient event.
e Let Wbe the “useful warning window”.

e Thealertis fired at time tif the event occurs at
some time t'in the interval [t — W, t].

Optimizing Data Engineering Pip...
Step 1 — Represent the event as a time series

Assume time is discretized into steps t = 1,2, ..., T(seconds,
minutes, etc.).

Define an event indicator for event I:
e(t) = {1, if event [ occurs at time t
0, otherwise
Step 2 — Convert the paper’s “exists t' € [t — W, t]”
statement into a label function
The paper’s condition:
At'€[t—W,t]suchthate(t') =1

Define the ground-truth label (“should the system consider
the event relevant at time ¢?”):
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0, otherwise

Step 3 — Rewrite “exists” using max (or sum)

Because e(t") € {0,1}, “there exists a 1 in the window” is
equivalent to:

— !
‘0= t’er[rtlill)/(v,t] e(t)

Or equivalently (still for binary signals):

t
{’(t)=1< Z e(t’)Zl)

t'=t-w

2.3. Data Modeling for Telemetry and EHR Streams
Canonical models for telemetry and EHR streams are
defined with focus on extensibility. A shape-structured
approach ensures integration with detectors for multimodal
clinical events—flags, alerts, and diagnoses—from
telemetric streams. Their unstructured nature is aligned with
the Event Data model of the Open Data Model for health.
Data streams sourced from Electronic Health Records
Systems affect the care of patients within institutions. Hence,
streams intended for telemetry must maintain tight coupling
with Heterogeneous Clinical Systems that specialize in the
storage of patient data organized by the three main entities of
the health domain: patient, facility, and provider. When
Statistical Health Information organisations and National
Health Authorities such authorities are the actors responsible
for the maintenance of the System of Compact Definitions,
health data shared and integrated must follow the concept of
health related data of the System of Compact Definitions. To
allow easy integration of official national health datasets, the
Key for Health datamodel is used for telemetry and EHR
stream data.
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3. Data Transformation and Enrichment
Techniques

These techniques enhance raw stream data for analytics and
applications. Key areas are discussed in turn: schema
evolution, context enrichment, and master data management.

3.1. Schema Evolution and Data Versioning

Schemas defining the structure of event messages must
change when new attributes are added to the data model.
Version-aware schemas for the new attribute(s) must be
enabled in the connectors and downstream processing
chains. Environment-independent representation of the
business logic and transformation operations supports
backward compatibility with previous versions and forward
compatibility by allowing later versions of the source data to
be processed using earlier versions of the model, stream, or
sink. Metadata management ensures full data lineage for
regulatory compliance and auditing.

3.2. Temporal and Contextual Enrichment

The inclusion of time semantics is vital for telematics event
streams or temporal data in EHRs. Stream-based
applications deal with both processing time—the time at
which the event is processed in the system—and event
time—the time at which the event occurred. Event-based
data applications must capture additional contextual
attributes for event interpretation. The multimodal nature of
clinical operations requires rich contextual metadata to
enable the fusion of data from different modalities.

3.3. Master Data Management in Clinical Environments

Master Data Management (MDM) enables persistence and
linkage of critical operational data entities across discreet
external systems and applications in the clinical
environment, such as ldentity Access Management (IAM)
systems. MDM for patient, provider, and facility identifiers
follows standard MDM principles: reference data from the
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source of truth registers are treated as survivors, and
deduplication precedence is determined using survivorship
business rules with appropriate governance.

S Data-pipeline ecosystem
Lab data —Q 2 3 a

Data collection Data ingestion Data transformation Data warehouse
Collect data from  Ingest data and store Clean, conform, shape, Store the cleaned
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— avariety of formats  in a single repository ~ catalogue data data and the model

Clinical notes

p=1 oLl ,
X +— "= -08 —
Genomic data Data lake 1
| — [
PO 7ATAY S
Vlonitoring data @@
“Q >
S, [ 4
AR — Model
L a8 4

Vedical images

Fig 2: Data Transformation and Enrichment
Techniques

3.1. Schema Evolution and Data Versioning

Taken together, these measures enable versioning-aware
schemas for new, altered, or deprecated data structures. They
ensure backward compatibility (supporting old data with
new queries) and forward compatibility (supporting new
data with old queries), at least for the majority of common
cases. Finally, the dependency metadata concept enables
more detailed metadata lineage, enabling the discovery of all
downstream schemas affected by a schema change.

The healthcare ecosystem exhibits significant schema
evolution needs. New pieces of information to be recorded
are frequently introduced, and the organization can also
change suddenly (for example, a health service becomes
private or a new vaccine for a pandemic becomes approved).
At the same time, it is also important to ensure these
schemas remain usable for analytics requests on
retrospective data. These are thus good candidates for
hasDataVersioning set to true, enabling versioning schemas
for these data streams as well as a simple way of managing
their dependence on other versions.
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3.2. Temporal and Contextual Enrichment

Data streams in complex temporal contexts often require
additional temporal context attributes to enable full-fledged
analysis through query engines or analytics platforms. The
semantics for the temporal attributes in the data —
Generally, timestamps can be divided into processing time,
which is captured at the time of processing or at streaming
infrastructure APIs, or event time, which represents the time
of the occurrence of the event. While event time allows for
late arriving data to be correctly accounted for by the
subsequent analyses, processing-time attributes are more
commonly found in such situations. Furthermore, streams
can also define the time granularity for late-arriving data —
whether they must be pulled only for PCI-DSS compliance,
for a broader analysis or for full reconciliation back to the
event source — its interrogation depth for real-time
dashboards — and the rules for determining the time, scale
and rules for data overlapping.

When dealing with multimodal streams from different
modality sources but with the same data-temporal context,
the ability to semantic-fuse the attributes and values across
the streams into a single and rich multimodal-source stream
allows a better and more accurate analysis of the data — an
obvious example being the cross-fusion of video and 3D
Lidar data. However, equally important for the real-time
analysis is the availability of contextual attributes that not
only allow simplification of the end-user query logic but also
allow for improved query performance through efficient
data-reduced rapid aggregation in the streaming pipeline.
These context attributes can include actor-specific
information or system-rule-specific information that would
be hard to define at query time (e.g., normal range for a
temperature sensor), crossover insights across sensors or
sources, or the fusing of complimentary sources into a single
attribute.

3.3. Master Data Management in Clinical Environments
Master Data Management (MDM) addresses the integrity
and consistency of master entities across clinical information
systems. Surfaces of care in healthcare generate data about
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patients, providers, and facilities. These multiple systems
either store a copy of the same entity or reference it via
identifiers; hence, resolving discrete identifiers into a
common entity is essential. A definitive record is necessary
for both auditing purposes and for correlating telemetry data
with hospital records.

In a clinical environment, MDM typically focuses on
patients, providers, and facilities. Next of kin, patients'
insurance plans, and so on also typically change less
frequently than the patients' conditions or demographic
attributes. Hence, they can follow a survivorship rule that
retains the latest value from the source of record or the latest
value from a source of highest quality. New entries for
duplicates can occur, especially for both patients and
providers, so keeping the identifiers for all duplicates along
with deduplication information is critical. For fully
automated approaches, governance may be necessary to
supervise all the selected rules and for tackling profile
merging among providers.

4. Storage, Retrieval, and Analytics

In addition to the data-streaming service, the data pipeline
architecture must accommodate basic storage and retrieval
needs, as well as support a variety of other analytic
capabilities. For-goal and near-term data storage, time-series
database systems that support fast writes and efficient
querying over large swaths of time-series data are often a
good match. To handle near-edge storage needs requiring
transactional semantics, a more focused but wider-area
service or solution should be considered—generally with hot
and cold storage as points in the storage architecture. Despite
the lengthy data lifetime in these systems, data movements
for (near) archival processing and data quality assurance
should be governed by a clear policy.

Another analytic need is search, whether for ad hoc,

exploratory, or free-text queries. Although these access
patterns are not time-sensitive, it is best to maintain a
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relatively fresh set of index data that covers the most recent
time for the respective use cases. The trade-off is one
between index freshness and additional resources devoted to
maintaining the index. Depending on the deployment
operation or security policies in place, a separate index
dedicated to compliance-supporting queries may also be well
warranted. Beyond classical indexing, the schema of the
underlying data store should be considered with respect to
fast query capabilities beyond point lookups.

In addition to the analytic-use cases covered thus far, it is
prudent for policy-mandated data sharing with disease
surveillance and public health authorities to maintain data
provenance and lineage. In many cases, without the
necessary trade-offs being made for compliance with
regulation and security policies, it is still possible to support
analytic use cases on de-identified data without sacrificing
analytic utility.

[llustrative tradeoff as threshold varies
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4.1. Real-Time Storage Solutions for Healthcare
Healthcare operations and clinical decision support are
increasingly reliant on real-time information. As any
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information system processes more critical events, it is likely
that at least some systems will experience overload
conditions. Thus real-time healthcare data pipelines must
efficiently support a variety of storage requirements while
remaining performant even during periods of sustained peak
load. Users need mechanisms for the retrieval and analysis
of recent data, and recent records must be retained in raw
form for a short period in order to facilitate further
processing—particularly using machine-learning and
computation-intensive methods. Similarly, data aggregated
at longer time horizons or drawn from archived copies also
support critical operations such as population health
management and retrospective analysis and modelling. Yet
diversity of long-term access patterns—potentially including
geospatial queries, prediction of drug-effect properties,
clinical trial simulation, and countless others—complicates
planning and operation of a long-term store.

Assisted by close interaction with operational engineering
units, these requirements can therefore be distilled into two
distinct time scales. For the shortest timescales, a hot storage
solution is required—ideally in-memory, but at the very least
a fast-access region on disk or SSD. For moving data
through the hot store, speed of ingestion then becomes
critical, as queries on hot data that are not answered on
demand contend with ongoing write-loads for resources.
Beyond a period of immediate retention, information can be
restructured into the optimized-access area of the data
lifecycle, and stored in either a time-series database or a
general-purpose relational database. Such stores not only
support long-term retention, but acting as the destination for
streaming analytics can enforce data retention policies for
cost optimization. The unoptimized data—either still in raw
format, or reformatted for population health analysis—may
remain available in a long-term store, a cheap Data Lake or
the final deposition for a Data Warehouse.

4.2. Indexing, Search, and Fast Analytics

Support for fast, low-latency queries is critical in healthcare
environments. During patient care or clinical decision
support, practitioners demand instant responses to inquiries
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such as “What are the most recent laboratory results for Jane
Doe?” or “Which patients with heart failure are eligible for
the clinical trial T981?” When delivering a real-time
analytics solution for health monitoring, the system manager
seeks answers to questions like “What percentage of the
population older than 60 and diagnosed with hypertension
has recently visited the emergency room?” or “Is the call
center receiving an unusual number of calls?” Support for
these requests typically relies on the existence of indexes.
High-latency queries, such as “What was the monthly mean
of heart rates for patients diagnosed with ischemic heart
disease in the last four months—and how does that value
compare to the mean of the last four months?”” Are those
expected to run on periodic batches instead of in an online
scheme?

Indexing, therefore, is one of the main components of low-
latency query services. An index stores a subset of the
original data and supports efficient searching by maintaining
some extra information about records, such as their mapping
to the original ones. The index might store all the data, but
unless resource consumption has too many internal limits, it
is better to avoid that overhead. Since data is expected to
continuously arrive in the system, the index structure should
also support incrementing its content without major
overhead. A proper design can minimize those limiting
factors and provide the additional information needed for
real-time analytics workloads, creating a balanced design to
support both types of queries.

4.3. Privacy-Preserving Access Patterns and De-
identification

Empowering access to diverse datasets fuels innovative
health research and accelerates pandemic response, but
highly sensitive data privacy demands must be uphold as
these conditions collude with supervision mandates in
healthcare. De-identification plays a major role in enabling
de-risked data sharing with advanced analytic functions.
Trusted research environments allow interaction with
sensitive data under strict regulation, enforcement of
auditing trails, and monitoring of unusual query patterns,
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ensuring access remains restricted to strictly authorized
research projects and users. These environments eliminate
the need for prior data-mining of sensitive data as every
queries is made ad-hoc. Lastly, integration of on-line
analytical processing capabilities with full history of events
affecting a patient create a delicate trade-off. Advanced
analyses can provide valuable KPIs without violating patient
data.

De-identification can also comply with the principle of data
minimization without adequate information loss for the vast
majority of analytics use cases, merging multiple datasets.
Data can be classified either as no longer identified or
indirectly identifiable. The first case ensures that either an
individual cannot be identified or is under-enumerated with a
risk determined earlier by an external entity in the past. The
second permits estimating acceptable ranges depending on
the data-processing, thus supporting also more accurate
analyses and interpretations. Moreover, apart from feedback
and conflict of interest detection, a mechanism must also
allow the data controller to detect sensitive or inappropriate
queries in real-time. The refinement of sensitive queries and
AD-hoc sharing of the risk factor must facilitate testing the
output-sensitivity of query answers and detecting sensitive
queries with known outputs. These controls allow access to
actual sensitive data in trusted environments.

Equation 2: Confusion matrix counts over time
(TP/FP/TN/FN)

Over ahorizont =1,...,T:

Step 1 — Define the per-time outcomes
e  True Positive at time t: £(t) = land a(t) = 1
e  False Positive at time t: #(t) = 0Oand a(t) = 1
e True Negative at time t: £(t) = Oand a(t) =0
e  False Negative at time t: £(t) = land a(t) = 0

Step 2 — Convert to count formulas (sum of indicators)
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Using 1(-)for an indicator:

T

TP = Z 1) =1 A a(®) = 1)
§

FP = 1) =0 A a(t)=1)
tj"l

TN = 1) =0 A a(t) =0)

T
FN = 1¢t) =1 A a(t) =0)

5. Reliability, Observability, and
Operations

At the design stage of data pipelines, fault tolerance and
observability form essential characteristics, significantly
influencing the level of resilience and operational reliability
achievable under production loads. When system
components operate over data streams and critical roles must
be played for the first time, the primary challenge lies in
ensuring the continuity of the data flow during extreme and
unpredictable scenarios. A realistic plan should go beyond
basic operations, also considering common behavior patterns
associated with state management, health monitoring, and
redundancy mechanisms. Together, these aspects define
what it means for a system to be intrinsically reliable and
operationally resilient.

A network of mature practices and protocols guides
healthcare organizations in avoiding disastrous
consequences—for both the environment and patients—
when implementing machine-learning solutions in clinical
environments. By monitoring designing standards related to
infrastructure management and model life-cycle governance,
institutions support responsible data science use and the
continuous direction of insights—algorithms and metrics—
toward a zero-harm strategy. Such a principle comprises
some aspects already covered and several others to consider.
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The discussed set of guidelines applies to safety-critical
systems and data-science operations that aim to improve the
efficiency and efficacy of health management.

////; Among Data

Boosts Data
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Automates @
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Early Detection
of Issues A

Enhances Data
Management

Fig 3: Reliability, Observability, and Operations

5.1. Fault Tolerance and Backpressure Handling
Pipelines should be fault-tolerant, desiring high availability
and low data loss. Data publication must be asynchronous
and allow subscribers to follow the processing and storage
demands. Backpressure should be applied where applicable,
slowing producers when excess load is detected or applying
buffering when necessary. Affected components must be
continuously monitored to check for interruptions or service
downtimes. Moreover, continuity during peak load and rapid
fall must be ensured, with rescales handled without losing
fault tolerance.

In these pipelines, fault-tolerance demands make retries
desirable. Failures may be due to transient connectivity
problems or unlucky operational patterns on the destination
side. All connectors should therefore support retry. For
latency-sensitive components, such as real-time storage
solutions, buffering is a possible solution to full segments of
a stream.

5.2. Monitoring, Logging, and Tracing in Healthcare
Data Flows

Robust observability facilitates the detection of problems in
healthcare data flows and healthcare applications and
provides for incident analysis through logging and tracing
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capabilities. Metrics provide insights into system operation
and performance at a high level. Logs enable low-level
explanations of failures, slowness, and inaccuracies. Traces
allow for single request examination and are particularly
well suited for explaining high-latency requests and the
propagation of per-request errors.

Comprehensive alerts should be implemented on key metrics
that relate to systems and processes

operating outside of desired parameters. Detailed dashboards
enable users to monitor the state of a system interactively
and support on-call engineers in the investigation of alerts
and unexpected behaviors. Anomaly detection can
automatically uncover abnormal patterns without extensive
manual effort. Finally, playbooks provide specific and
actionable responses to specific categories of incidents.

The set of key metrics and alerts— which form the primary
mechanism for observability from a systems perspective—
considers latency, infrastructure utilization, information flow
regularity, information flow integrity, alert fidelity, and
operational reliability.

5.3. Scheduling, Scaling, and Resource Management
Autoscaling policies for data engineering environments in
large service organizations often apply generic cloud-
provided service recommendations. However, a more
finetuned auto-scaling mechanism accounts for an
organization’s historical data loading and consumption
patterns. Further, service resources can be managed in a
cost-optimized fashion over longer service horizons if the
organization size allows for sufficient delays (hours to a few
days) in processing near real-time data streams while still
satisfying the data consumers.

Data engineering can also incur one-time capital investments
in resources (e.g., CPU memory or IOP/PGBW throughput
allocation at data warehouse or cloud object storage) to
speed up processing. Capacity planning can leverage the
capacity requirements of the various services implemented
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along with the length of their batch windows. Further, the
time to completion of near real-time data pipelines can be
predicted based on load conditions and resource allocations.
This information can in turn guide the allocation of
additional capacity ahead of demand based on service-level
agreements or product demands.

6. Security, Compliance, and Ethics

Data pipelines for healthcare data can serve real-time
operational and analytical workloads. For time-sensitive data
streams, operational latency targets can differ across
components of the architecture and event types. Systems that
provide alerts about critical patient conditions, for instance,
require tight latency budgets, whereas fusion of multi-modal
data sources can cope with more relaxed response times.
Careful design of these pipelines leads to improved quality
and reliability of the alerts. Nevertheless, failure to meet the
required quality thresholds can result in alerts that do not
reach the intended recipient or have low fidelity. Ensuring
that such alerts do not form part of the clinical workflow is
as important as meeting the low-latency budget.

Decisions related to data governance, privacy,
interoperability, and operational reliability are, therefore,
critical. Compliance with regulations, such as HIPAA in the
US, requires assessment of data residency and storage on-
shore. Risk analysis informs de-identification of data for
analytical purposes or development of machine learning
models; careful group definitions enable analysis without
disclosing patient identities. Within a multi-tenant
architecture, least-privilege access control and scanning for
sensitive data protect patient safety and equity across system
users. Quality rules and playbooks for incident response
enhance operational observability.

Equation 3: Derive alert latency (the paper’s key
engineering constraint)

Optimizing Data Engineering Pip...
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Define:
e eventoccurs at time t’

e  alert delivered (or action triggered) at time t
Then end-to-end latency:

L=t—t

If you measure latency across pipeline components:

L= Lingesl + Lqueue + Lprocess + Lstore + Lnotify

6.1. HIPAA and Global Health Data Regulation
Alignment

Health information exchanged over an integrating platform
must meet the stringent requirements outlined by HIPAA, as
well as other global health data regulations. These often
mandate that sensitive health data remain within the
healthcare organizations' regions of service, and they can
impose additional requirements, such as the prohibition of
secondary uses without patient consent. Developing and
executing a data-sharing strategy that addresses local and
regional regulations while allowing insights to be generated
in other regions at lower risk can help to meet these
regulatory requirements.

6.2. Access Control, Auditability, and Least Privilege
Least-privilege access control balances data accessibility and
privacy risk within healthcare data systems. Healthcare data
offers insights influencing care delivery, research, education,
and policy. Yet, the sensitivity of patient health information
restricts data access within a healthcare organization and
across organizations. Fully utilizing data utility requires
systems that provide broad access while strongly minimizing
exposure to authorized personnel and processes.

The two key components of access control in any system are
identity verification—who a user is, and authorization—
what a user can do based on their identity. Existing strategies
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may employ a combination of role-based access control
(RBAC), attribute-based access control (ABAC), or identity-
based access control (IBAC) to govern access to resources.
These use resource roles, user attributes, or user identity to
dynamically assign access permissions and privileges.
Strengthening these with an immutable auditing log provides
a security monitoring layer. Such audits enable stakeholders
to identify access abuses and monitor information leakage to
support suggested actions to mitigate unintentional exposure.

6.3. Bias, Equity, and Patient Safety Considerations
Though algorithms and models govern increasingly complex
healthcare decisions, the associated training datasets often
elude scrutiny. Biased training data may yield biased
predictive models and experiments have shown that
underrepresented groups can be disproportionately affected
by clinical decision support algorithms optimized for overall
population performance. Such developments represent a real
concern when care quality and clinical decision support are
based on algorithms that are not regularly validated across
patient groups. Moreover, care experience and outcomes
should be reasonably equitable, though these aspects are
difficult to assess in operational environments, particularly
across demographic subgroups. Examining algorithms that
provide predictive alerts or support clinical
recommendations can help to discern potential sources of
healthcare inequity. Consideration should be given to other
end-users of healthcare data exchanges, including health
system operators, researchers, patients, and citizens.

Organizations should examine fairness and
representativeness when deploying healthcare pipelines that
provide near-real-time information and analytics to aid
learning and adaptation. A combination of diverse internal,
external, and private datasets helps to mitigate bias, but
patients, providers, and payors must also be continuously
involved in the co-design process. Methodologies that
enhance all-or-nothing patient safety — even when they
slow information flow — must likewise be encouraged.
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7. Case Studies and Evaluation

Healthcare data pipelines are often designed to allow batch
analytics. In contrast, some applications require latency in
the order of seconds or minutes rather than hours or days. In
healthcare, such real-time applications include alerts and
notifications regarding critical patient events (for example,
cardiac arrest or sepsis) and the monitoring of facilities,
units, or patient cohorts for the rapid detection of emerging
situations, such as tuberculosis outbreaks or seasonal
influenza. Real-time alerts are ultimately clinical decision
support tools that are integrated into the normal clinical
workflow, and therefore their accuracy is vital. High False
Positive Rates (FPRs) lead decision-makers to ignore alerts,
while high False Negative Rates (FNRs) risk missed
opportunities for potentially life-saving interventions.

Alert thresholds are typically set based on expert knowledge
and/or statistical analysis of historical data. These thresholds
can nevertheless be regarded as “tunable parameters” — and
alert fidelity evaluated — through a Controlled
Experimentation framework that is commonly used in
scientific disciplines. More formally, let | denote a critical
patient event and \(W\) a window expressing the expected
time interval for the warning to be useful. The alert for \(1\)
is fired at timestamp \(t\) if \(1\) occurs at timestamp \(t'\)
with \(t" \in [t - W, t]\), and the FNR and FPR are defined for
time series of binary values. With this method, alert systems
have been built for acute cardiac arrest, sepsis, and delirium,
using information from both Telemetry and EHR data
streams. The thresholds were set through multiple offline
analyses, and the fidelity evaluated over multiple prospective
cohorts. Indeed, such evaluation is a crucial consideration, in
addition to the technical aspects of the setup (for example,
the pipeline architecture, the choice of window functions or
triggering systems, or the framework enabling the real-time
analytics).

Aggregated insights provide a real-time view of population
dynamics across space, time, and other critical dimensions.
These analytics make an important contribution during local
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and global public health crises, such as the COVID-19
pandemic or influenza outbreaks, enabling alerts, early
warning systems, and public health responses to be tuned
and optimised. At a minimum, the insights should offer
monitoring dashboards that are updated automatically, in an
unbiased manner, and in settings where active data
maintenance is not feasible.

7.1. Real-Time Alerts for Critical Patient Events
Decision-support systems offer alerts for pivotal patient
events, including abnormal lab values, sepsis, and acute
kidney injury. An alert system for 10 conditions integrates
laboratory results and telemetry from diverse sources. The
system predicts clinical changes from traditional and
machine-learning approaches and triggers alerts when
specific computational thresholds are surpassed.

Alerting involves an ontology that organizes alert types;
leaders set criteria for each type and its thresholds. Alerts
integrate laboratory data from hospitals and long-term care
residences with telemetry streams that join data elements for
analytical queries. A health department determines alert
fidelity for prevention initiatives, and the volume of alarms
informs system adoption.

Alerts for acute kidney injury, lab confirmatory test,
laboratory result outside normal, sepsis, and telemetry-
associated decision at half-hour intervals trigger once daily
and evaluate abnormal triggers every eight hours. The
elapsed time from event confirmation to alert initiation
gauges delay. The performance of traditional and predictive
machine-learning models determines threshold-based alerts.

Telemonitoring of conditions—including COVID-19, heat
wave effects, pre-eclampsia, and cardiac issues—
encompasses laboratory and telemetry streams. Alerts
covering aspects of regional metabolism and health reinforce
multi-institution efforts, with the number of alarms
influencing operational uptake. Heat wave warnings
cooperate with emergency services, while pre-eclampsia
focuses on labor and delivery. A cardiac workload indicator
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and other conditions address governance responsibility and
support help-out requests.

Fig 4: Real-Time Remote Patient Monitoring

7.2. Streaming Analytics for Population Health
Addressing topics of population health requires the assembly
and analysis of aggregated health data across time and space.
Real-time streaming analytics enable near-term monitoring
of population health and the efficacy of public health
responses, while also providing low-latency visualizations
for public consumption and informing adaptation of the
timing and condition thresholds for decision support
services. By overcoming existing data-availability latency,
such near-real-time processing has enabled temporally
aligned monitoring of the health impact of interventions for
known population clusters. The continued use of these back-
end services for policy-impact analysis illustrates the trade-
off between freshness and depth in data-supporting queries.

The inability of existing data archives to support timely
monitoring and evaluation of COVID-19 states—while also
supporting low-latency visualizations for public
consumption—Ied to the ad-hoc creation of a near-real-time
back-end environment. Streaming-computable, aggregated
health data are powered by a diverse set of incoming health-
data telemetry streams, which are subjected to temporal and
contextual enrichment during ingestion and are queried
using a separate pre-aggregation architecture within a hybrid
hot-warm storage environment. As part of an ongoing
initiative to optimize telemetric pipelines, data availability
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latency for COVID-19 population clusters has subsequently
been brought down to days, thereby allowing the analysis to
be temporally aligned with the public-health response.

7.3. Data Lineage and Impact Analysis in Clinical
Workflows

Changes in data values, such as the occurrence of an unusual
event or the departure of a patient from the institution, may
affect downstream actions and decisions taken by healthcare
professionals within the applications used in clinical work.
For instance, if an unconventionally high level of potassium
is detected in a patient’s laboratory test and this information
was embedded into a clinical decision-support application, a
specialized knowledge base may be triggered and an alert is
presented to healthcare professionals. In this case, the
medical staff require an operational guarantee that the
trigger-data of an alert are reliable.

Although such confirmations can be made by experts with
the utmost precision, the number of alerts over longer
periods may reach levels that are no longer manageable, and
some alerts may require more time for review than the actual
event. A mechanism that evaluates the fidelity of alerts or
actions based on values or events within the observed range
is thus highly valuable. It is also possible to generate insights
regarding these data characteristics. For example, were the
periods when alerts were most frequently presented
characterized by data points that were less frequent in
uncovered joints in the past?

8. Conclusion

Researchers have proposed architectural principles for
building reliable healthcare data pipelines that deliver
information in real time. While every aspect of the proposed
best practice is self-contained, together they elucidate the
optimization of operational pipelines for real-time
integration. The benefits of implementing these principles
include improved data quality, accurate and timely
population health monitoring, and alerts for critical patient
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events—transforming pipelines into systems that have a
direct, observable impact on supervening clinical processes.

Emerging technologies such as 5G connectivity, edge
computing, the Internet of Things, and streaming analytics
have the potential to foster the vision of adaptive smart
health systems that minimize health risks and optimize care.
Nevertheless, the aforementioned principles are transferable
to data pipelines for healthcare information systems that
support historical, near-real-time, and streaming analytics
scenarios, and are applicable across diverse domains and
industries. Integrating these considerations into the
operational playbook should improve development and
deployment times, reliability, and operational overhead, as
well as promote data engineering engineering as a discipline
for rapid, responsive data preparation.

8.1. Emerging Trends

Healthcare information systems serve a dynamic and
evolving community of users with differing needs,
constraints, and quantification methods. Several trends are
emerging in observability, patient safety, system robustness
and security, and integration of health systems across trade
borders. Also gaining momentum are concerns about built-in
algorithmic bias, safeguard mechanisms, and corrective
mechanisms using earmarked resources or compensatory
data collection. Another avenue that needs attention is
support for clinical education and medical teaching.

The rapid maturation of data engineering systems, coupled
with the increasing availability of healthcare data in
compliance with HIPAA regulation, opens the door for
streaming pipelines for crediting healthcare data in real time,
similar to hot-data crediting in banking systems. The
consolidation of building blocks for data engineering
pipelines facilitates the sprint for a data engineering system
for health. However, running healthcare data piping and
storing healthcare data is the easy part; building systems that
serve medicine-care decision data with high-quality reserves
and addressing security, compliance, and privacy queries are
hard.
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