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ABSTRACT  

Batch processing and streaming processing are the two main approaches used for moving data from data sources to data 

warehouses. Attributes of the healthcare data and requirements arising from the workloads typically being run on the data 

warehouse can determine the processing architecture that best aligns with a particular use case. Although there are trade-

offs, they are not always clear, and empirically grounded guidance on which approach is preferred is lacking. A literature 

review, three academic institution case studies, and two healthcare case studies provide the foundation for answering the 

following questions: What are the major trade-offs between batch and streaming processing? In which situations does one 

solution provide a significantly better choice than the other? For which use cases can the solutions coexist? Addressing these 

questions helps to inform future architectural decisions regarding both building and augmenting healthcare data warehouses. 

Process parallelism is effective in dealing with big data. If the data source produces events at a sufficiently high rate, then 

data can travel to the data warehouse as events become available, thus making it possible for analytics that run on the data 

warehouse on near-real-time intervals (seconds or minutes) to have little or no staleness. Naturally, managing the incoming 

data at such a scale is challenging and requires a robust streaming solution. However, in many applications, the cost of a 

streaming solution is difficult to justify. At lower velocities of incoming data, the cost and maintenance burden of the solution 

may well exceed the additional benefit it brings.. 

Key Words: Batch Processing Systems, Streaming Data Processing, Healthcare Data Warehousing, Data Pipeline 
Architectures, Real-Time Data Ingestion, Near Real-Time Analytics, Data Processing Trade-offs, Hybrid Processing Models, 

Big Data Parallelism, Event-Driven Architectures, Data Latency Optimization, Streaming Cost Analysis, Data Workflow 

Optimization, Healthcare Analytics Systems, Scalable Data Pipelines, Data Velocity Management, Warehouse Architecture 

Design, Data Engineering Strategies, Analytics Freshness, Processing Efficiency. 

INTRODUCTION  

Healthcare data warehousing environments encompass an array of processes involving the collection, storage, preparation, 

and analysis of healthcare-associated data to extract knowledge and promote evidence-based decision-making. Healthcare 

operations such as patient monitoring, health record (HR) management, and electronic prescription services generate fresh 

data every second. In recent years, a pool of processing frameworks has been designed to support near-real-time processing 

of data with low latency, enabling use cases in environments such as fraud detection, analytics of social network feeds, and 

monitoring systems. However, healthcare data-wrangling processes ensure not only that data are made available for analytics 

but also that high standards of dimensional data quality, consistency, and conformance are reached. The architectures of 

these processes have typically been based on batch processing, and comprehension of the main delineating factors that favour 

one processing paradigm over the other is a research gap. 

The overall aim of this work is to critically assess the trade-offs between batch and streaming processing in healthcare data 
warehousing contexts. The study considers how requirements related to data freshness, latency, volume, velocity, and quality 

affect the appropriateness of each paradigm and composes a prescriptive decision framework for their selection. The thesis 

is that freshness and velocity are not the only influential factors; requirements on reliability, completeness, cost, and 

resilience are similarly significant. Such considerations are then mapped to a series of use cases, designed to guide 

processing-approach selection in a reliable manner. The findings are supported by both the academic literature and practical 

examples and presented to the academic community, computational designers, and data architects of large healthcare data-

wrangling environments 
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A. Overview and Scope of the Document 

Healthcare data is generated by numerous applications across multiple systems at an increasingly rapid pace and functions 

as an integral influencer of operational efficiency, research and development, clinical decision making, and revenue 

generation, among many other tasks. Due to these aspects, establishing a data warehouse that can consolidate this data and 

facilitate management analytics has become a necessity. Depending on the type of analytical requests from the management, 

the data warehouse can be designed using either a batch or streaming approach. The batch approach loads data periodically 

such that its timeliness in satisfying the analytical requests becomes a major concern, while the streaming approach loads 

data in real time to satisfy analytical requests that require freshness. Determining the best approach has, therefore, become a 

key challenge for chief information officers (CIOs) of hospitals and research institutions and is a frequently discussed topic 

at trade fairs. Nevertheless, the literature appears to be quiet on clarifying the appropriate circumstances for each processing 

Architecture 

.  

Fig 1: Evaluating Batch vs. Streaming Approaches for Optimal Operational and Governance Performance 

The goal of this analysis was to provide a comparative overview of the batch and streaming approaches for health-care data 

warehousing in order to help decision-makers evaluate them based on the various qualities that each possesses. The hope 

was to catalyse discussions among healthcare CIOs and technology executives and to shed light on the conditions under 

which the options are indeed appropriate. The focus of the study was not on the architectural design of the processing 

technologies, but instead on their operational, governance, management, and quality dimensions. The specific temporal 
attribute of data freshness was examined in the context of determining the impact of temporal-region-based segment-querying 

capability on query performance. 

Background and Definitions 

Batch processing, streaming processing, data warehousing, data provenance, and regulatory coverage constitute the core 

concepts establishing background context for choice of processing architecture in the healthcare domain. A typical healthcare 

data warehouse consists of interfaces to various data sources, an ETL or ELT layer reshaping all incoming data into a 

predefined data model, and an analytics layer built above the data model. While architectural consideration usually begins at 
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the perimeter, specifically the interface to the source that drives the traffic volume into the warehouse, these join validation, 

what data is flowing through the warehouse, and its readiness for downstream consumption have equal importance. Batch 

and streaming processing represent two different models for how this reshaping occurs; a deployment decision must therefore 

consider the attributes of both models. 

Batch systems are applied across the entire editable data set on a fixed schedule, regardless of whether the wharf's fixation 

to recent data is genuinely required. Streaming systems process events at their source when they occur, making the data 

available immediately for use. The suitability of a model is defined by a combination of the application, the providers 

supplying the information, and the acceptable life span of the data. Completeness emerges as a binary requirement, 

determining whether batch or streaming should be used. Batch systems decode and prepare data in partitions, allowing them 

to be sequenced one after the other, with high content and low latency detection of new stories at the expense of real-time 

flow as the content ages. Streaming constructions aim to deliver the lowest possible upstream latency while still meeting the 
completeness requirement. Decision criteria for choosing between the two families consider timeliness, latency, 

completeness, and three characteristics of the data itself—volume, quality, and governance—spanning privacy and privacy 

storage usage, PHI in particular. 

Equation Set A. Freshness model 

batch updates are periodic, 

streaming updates happen as events arrive, 

the choice strongly depends on how much staleness the use case can tolerate. 

Step A1. Define data age 

Let the age of data visible to analytics be 

𝐴 = 𝑡now − 𝑡last_available 

Step A2. Convert age into a freshness score 

A freshness score should be: 

high when age is small, 

low when age is large. 

A standard normalized form is 

𝐹 = 𝑒−𝐴/𝜏 

where 𝜏 is the maximum tolerable age scale for the use case. 

Step A3. Batch freshness 

In batch mode, data are loaded every 𝑇𝑢 units of time. 

So right after a batch load: 

𝐴 ≈ 0 

Just before the next batch load: 

𝐴 ≈ 𝑇𝑢 

Hence the average data age over one full batch cycle is 

𝐴batch,avg =
𝑇𝑢
2

 

Substitute into the freshness formula: 

𝐹𝐵 = 𝑒−𝐴batch,avg/𝜏 

Therefore, 

𝐹𝐵 = 𝑒−𝑇𝑢/(2𝜏)  

Step A4. Streaming freshness 

For streaming, updates arrive with much smaller delay, approximately equal to pipeline latency 𝐿. 

So 

𝐴stream ≈ 𝐿 

Substitute into the same formula: 

𝐹𝑆 = 𝑒−𝐿/𝜏  

Step A5. Interpretation 
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Streaming is better on freshness when 

𝐹𝑆 > 𝐹𝐵  

Substitute: 

𝑒−𝐿/𝜏 > 𝑒−𝑇𝑢/(2𝜏) 

Take natural log on both sides: 

−
𝐿

𝜏
> −

𝑇𝑢
2𝜏

 

Multiply by −𝜏 and reverse inequality: 

𝐿 <
𝑇𝑢
2

 

So the condition under which streaming gives fresher data is 

𝐿 <
𝑇𝑢
2

 

A. Key Terminology and Contextual Insights 

Batch processing refers to a technique in which data is collected over a period of time and processed together as one or more 

large blocks. In big data, the collected data set is typically so large that it is not possible to use a single request to analyze all 

the data. Instead, several requests are sent, and the data returned from the batch of requests is analyzed as a group. Streaming 
processing refers to analyzing data in real-time, and involves either evaluating smaller streams as soon as they arrive or 

continuously evaluating a stream. The streams may originate from data sources such as sensor feeds, calls, logs, videos, and 

more. Streaming processing is often useful when incoming data must be processed collectively and more often than once. 

A data warehouse, according to the TDWI Cloud Data Warehousing & Analytics Research, is a hybrid platform supporting 

query-based ad hoc analytics, machine learning, and visual analytics of primarily structured but increasingly semi-structured 

data within the enterprise or community. Data sources serve as the interfaces among data loading/ingesting processes (extract, 
transform, and load, or ETL; extract, load, transform, or ELT; and data ingestion), the data model used by the data warehouse 

(e.g., a star schema or a snowflake schema), and data marshaling processes that provide data for business intelligence reports, 

dashboards, or advanced analytics, including machine learning. Data flows can also include data-provenance supporting 

processes or libraries enabling compliance, controls, and risk mitigation. Controls safeguard data privacy and confidentiality, 

with business intelligence processes not releasing protected health information (PHI) or de-identified data containing 

sufficient elements to identify an individual. Data used for compliance audits are subjected to review and an independent 

assessment that data-narrative workflows remain functioning as required and produce accurate results. 

Table 1. Core comparison distilled 

Dimension Batch Processing Streaming Processing Why this follows from the paper 

Data freshness Periodic, lower 

freshness 

Near-real-time, high 

freshness 

The article repeatedly frames 

freshness and low latency as the 

strongest argument for streaming. 

Latency Higher due to 

scheduled execution 

Lower due to event-

driven ingestion 

The paper distinguishes timeliness 

and latency, and gives streaming the 

edge on low-latency delivery. 

Completeness Usually stronger Can be weaker when 

late/missing events 

occur 

The article emphasizes completeness 

as a major reason batch remains 

preferred in many healthcare settings. 

Data quality 

control 

Easier to validate in 

processing segments 

Harder because 

validation must be 

continuous 

The paper says streaming must either 

validate continuously or temporarily 

admit lower-quality data. 

Governance / 

audit / privacy 

Simpler More complex The article connects batch with 

simpler governance and lower 

privacy/audit complexity, especially 

around PHI. 
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Dimension Batch Processing Streaming Processing Why this follows from the paper 

Cost Often lower for lower-

velocity workloads 

Harder to justify at 

lower velocities 

The article explicitly notes that 

streaming cost may outweigh benefit 

when source velocity is low. 

Scalability Good for large 

accumulated volumes 

Good for high event 

rates, but operationally 

tougher 

The paper describes batch as scaling 

well for large volumes and streaming 

as beneficial when events arrive fast 

enough. 

Complexity Lower Higher The article repeatedly states 

streaming requires more careful 

tuning and more complex 

architecture. 

Best-fit 

workloads 

BI, audits, 

retrospective 

analytics, research 

warehousing 

alerts, operational 

monitoring, time-

critical decision 

support 

This is the decision pattern 

synthesized in the results and 

conclusion sections. 

METHODOLOGY 

Batch and streaming operational architectures were compared according to a defined set of criteria relevant to healthcare 

data warehousing. The experimental setup began with a statement of the overall research design strategy, followed by 

metadata—explicit data source definition and dimensionality of the architectural comparisons. Finally, a set of evaluation 

criteria for use case performance, reliability, governability, data completeness, and data quality was specified. Batch and 

streaming processing use cases were subsequently aligned along the established metadata before an analysis of completeness 

was performed. 

The analysis outlined the limitations of a research agenda that focused only on the provability, completeness, or precision of 

the ETL process. Although detailing metadata sources and considerations was critical, consideration of high-frequency data 

feeds was also pertinent, albeit weighed against the potential delays resulting from quality assurance testing of electronic 

health record feeds. If data timeliness was of the utmost importance and the effect of early detection was considered important 

enough to justify the risk of a false positive, then some approach other than strict compliance with HIPAA Security Rule 

provisions should be pursued. 

A. Architectural Strategies for Batch Processing in Healthcare Data Warehousing 

The architecture for batch processing in healthcare data warehousing comprises the technology stack, data sources, ETL 
processes, the Data Warehouse, and eventual analysis of the data. Each of these components can be considered independently, 

allowing the operator to select and integrate the components that best fit the intended function and requirements of the Data 

Warehouse. Data flows throughout the architecture are generally considered unidirectional from the Data Sources to the Data 

Analysis, with governance controls focused principally on the ETL processes. 

Several classes of Data Sources exist, with the first and most basic class encompassing data that never changes, such as 

demographic information. In addition to demographic data, the second class includes clinical data that is immutable once 
originating from source systems. In many organizations, this clinical data is complemented by other auxiliary Data Sources 

that change during normal operations but are considered stable and consistent at the time an ETL job runs, with updates 

happening in longer time intervals; for instance, Systematic Reviews and Changes of Definitions. The remaining active Data 

Sources in healthcare Data Warehouses are dynamic data, such as laboratory results and radiological exams, that 

continuously change in a short time span, recapturing significant interest. The nature of the Data Sources drives the design 

of the ETL processes, which are 

responsible for transferring the data from the underlying systems into the Data Warehouse. 

Provenance has become a major concern for Data Warehouses in contemporary times. In particular, the retention and auditing 

of Individual Identifiable Health Information (IIHI) and Protected Health Information (PHI) present balances between 

Privacy versus the Necessity to Retain this Information for Business or Clinical Purposes. These issues are indeed relevant 

for other types of data than Health Data as well. Nevertheless, considerations need to be put in place in every of the Data 
Sources in order to ensure the approach complies with data protection regulations or any internal privacy policies set by the 

organization without losing the advantages of provenance information. 
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Fig 2: Modular Provenance and Data Dynamics in Healthcare Data Warehousing 

OBJECTIVE OF THE STUDY 

Investigating technologies for healthcare data warehousing creates an opportunity to address multiple concurrent influences 

on the design and realization of these environments. Academic, public-sector, and commercial parties have all examined 

questions raised in different contexts and undertaken prototyping or production deployments. Consequently, a body of work 

is emerging that covers observations, recommendations, and analytical exploration of how best to satisfy the workloads 

required of these healthcare systems. The purpose of this analysis is to consolidate available information and reasoning in 

order to identify new directions for healthcare data warehouse deployments. Specifically, the goal is to support decision-

making about whether a batch or streaming approach is more suited to a particular use case. Batch and streaming processing 

have gained popularity as approaches to managing incoming data, but each possesses distinctive characteristics that make it 

suitable for specific types of use cases. 

Examining these technologies in the context of healthcare data warehousing reveals a set of conditions that apply to the 

nature of healthcare data and its use within a healthcare data warehouse. These conditions influence the choice of technology, 

particularly feedback loops from the analytical components back into the data sources, such as patient care systems and 

mobile health applications. Therefore, two questions guide the inquiry: First, when is a batch-based approach to processing 

healthcare data more appropriate and when is a streaming-based approach preferable? Second, what trade-offs in terms of 

performance, reliability and availability, scalability, and governance must be weighed when choosing between these 

approaches? 

Equation Set B. Latency model 

Step B1. Batch latency decomposition 

For batch, a new record waits for: 

the next scheduled run, 

ETL execution, 

warehouse write, 

query readiness. 

So 

𝐿𝐵 = 𝐿wait + 𝐿etl + 𝐿load + 𝐿publish 

Because the waiting time is driven by schedule interval 𝑇𝑢, its average is 

𝐿wait ≈
𝑇𝑢
2

 

Therefore, 

𝐿𝐵 ≈
𝑇𝑢
2
+ 𝐿etl + 𝐿load + 𝐿publish  
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Step B2. Streaming latency decomposition 

For streaming: 

event capture, 

transport/broker delay, 

stream transformation, 

sink write, 

serving. 

So 

𝐿𝑆 = 𝐿capture + 𝐿broker + 𝐿transform + 𝐿sink + 𝐿serve 

Hence 

𝐿𝑆 = 𝐿capture + 𝐿broker + 𝐿transform + 𝐿sink + 𝐿serve  

Step B3. Decision condition on latency 

Streaming is justified on latency grounds when 

𝐿𝑆 < 𝐿𝐵  

Substitute the batch and streaming expressions: 

𝐿capture + 𝐿broker + 𝐿transform + 𝐿sink + 𝐿serve <
𝑇𝑢
2
+ 𝐿etl + 𝐿load + 𝐿publish 

 A. Study Goals and Research Questions 

The objectives focus on determining when batch or streaming processing approaches are preferred in clinical information 

warehouses considering data quality, governance, latency, and cost; and when (if ever) batch processing is not the safest first 

choice. 

Batch Data Warehousing has been a keystone for clinical research, and so far, data freshness has been the main justification 

for the integration of Streaming Processing Technologies in those environments. When data quality, data privacy and system 

audit are considered, Legislative Environments such as United States and European Union strongly point to the use of Batch 

Processing. The application of Data Streaming provides faster warning response and decision support, however these 

processes have their own risks, and those aspects should be carefully analyzed and explored before adopting Streaming 

Technologies. 

 

RESEARCH SUMMARY 

The batch versus streaming decision is a prominent topic in the HDFS area. A survey has examined instances in that space 

and determined the choice factors. The batch processing architecture consists of its components, data sources, data flows, 

ETL processes, data models, analytical processes, and data governance. The properties of the incoming data are crucial for 

the design of the streaming architecture. The components of that architecture, such as the event-sourcing approach and fault-

tolerance mechanism, have thus been presented. A healthcare data warehouse architecture supporting both batch and 

streaming processing types where needed has also been proposed. 

Approaches supporting both processing frameworks have been proposed to provide the best of both worlds. Lambda 

architecture and hybrid architecture are two examples. Lambda architecture performs the batch processing required for data 

correctness in parallel with near real-time processing based on the incoming data. The batch-operating part prepares data for 

querying and other processing by later shifts. The hybrid architecture enables either batch or real-time processing for the 

same requirement and stores the results in either the batch data source or a separate data source for ad-hoc querying. Care 

should be taken with this kind of hybrid architecture to avoid duplication bias. Delta Lake is an open-source approach that 

provides batch and streaming capabilities by separating the processing from the query execution. 
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A. Summary of Research Findings and Insights 

The analysis draws a conclusive pattern that can assist by outlining the circumstances influencing the choice of batch or 

streaming approaches in data warehousing environments. It reveals a simplified governance and risk-control pattern inherent 

for batch processing, focusing on the operational structure of the architecture to reduce latency and support advanced 

applications. The conflict between batch and streaming processing paradigms is interpreted from a cover area perspective, 

where a lower freshness requirement usually indicates batch processing, while reduced analytical fidelity prompts a shift 

toward streaming. It also provides an advanced understanding of several scalability patterns—from the practical standpoint 

of the dependency on data freshness. 

The selection of one technology over another is seldom explicit; supporting factors are usually balanced against dissuading 

ones, and each use case tends to have its specific trade-offs. Many environments choose a mix of both technologies, 

controlling costs while shifting data closer to an always-available state when required by numerous applications. The 

direction of that shift depends on freshness requirements averaged over the day, week, or month, and on whether the 

additional advanced analytics are worth the higher cost. A similar engineering exerc ise on a hybrid lambda architecture, 

although broader in scope, indicates that choosing streaming or not follows a similar pattern as batch processing in other 

domains: Adoption hinges on a complex window-based area-covering trade-off that justifies the investment. 

 

Fig 3: Optimizing Batch vs. Streaming Selection Patterns 

Architectural Foundations 

Within the healthcare data warehousing environment, separate architectural designs can be defined for batch and streaming 

data processing. Components of the batch-processing architecture, their interconnections, and data flows are illustrated in 

Figure 1. Once prepared for ingest into the data warehouse, data reside in an OLTP or OLAP data model. De-identified data 

transformed into any persistent relational data warehouse model can be made publicly available without PHI compliance 

concerns. Ongoing auditing of such datasets can further support Institutional Review Board submissions. Data that contain 
PHI and do not undergo such auditing can be activated only for an authenticated user with legitimate data needs for such 

PHI. 

A streaming-processing architecture for the healthcare data warehouse is illustrated in Figure 2. All incoming data are treated 

as events for an event-sourcing approach, and streams of data are stored in the raw-storage layer. Rather than periodically 

dropping bulk copies of such data into a separate OLTP or OLAP model, the incoming event stream is reconciled with the 

snapshot data in the source system, and the event stream is appended with the presently active changes in the source system. 
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The analysis-loading layer moves the incoming data streams through a series of transformation steps to the OLTP or OLAP 

model that the analysis layer uses. Full pipelines can be deployed across multiple ETL/ELT nodes to leverage the analytical-

engine capability of the streaming framework. Processes can recover even when a failure occurs in the middle of such 

streaming. 

A. Batch Processing Architecture in Healthcare Data Warehousing 

Batch processing is characterized by the ingestion of large amounts of data at scheduled intervals, triggering a series of 

operations that prepare the data for subsequent analysis. Its primary components are data sources, the Extract-Transform-

Load (ETL) or Extract-Load-Transform (ELT) processes, data storage, and the analytical data model. The data flows 

represent the movement of data from the source to the data storage area and from the data storage area to the analytical layer. 

Separate governance controls are put in place around these different components. 

Data can originate from active clinical or administrative systems, such as electronic health records and enterprise resource 
planning systems, where real-time reporting is essential but background processes are tolerated. Alternatively, the data may 

be obtained from sensing devices or IoT platforms where historical reporting in a near real-time mode is the primary goal. 

The data in these systems, though, can be large in volume (300 terabytes and above), often in natural language, with varieties 

extending from unclassified data to complex structured formats. Freshness and availability of the data tend to be prioritized 

over variables such as being up to date, known for its quality, policy-compliant, and not resembling personally identifiable 

information as these systems are assumed to have adequate controls in place to address such regulatory requirements. 

B. Streaming Processing Architecture in Healthcare Data Warehousing 

Streaming processing architecture in a healthcare data warehousing environment comprises five key components: data 

sources, a streaming framework, a data model, an analytics layer, and end-user applications that use the data. A streaming 

framework is used to monitor incoming data from source systems to produce an event stream. An event stream is a structured 

record of real-time occurrences or changes in the source system. The event stream can be temporally ordered based on when 
the event occurred. Components of a data warehouse like ETL are redesigned or eliminated in a streaming architecture. The 

concept of event sourcing is employed, where every change in the source system is recorded in an event store for future 

reconstruction. The event stream or event store is monitored for any receipt or deletion of PHI so that proper audit records 

are also maintained. Whenever PHI is detected, the event stream is monitored for any subsequent deletion of the PHI. If the 

data is not reconstructed within the stipulated time, the privacy-enforcing program takes charge to reconstruct and delete the 

PHI data from the receiver and also raise a warning in the concern department. 

Data sources are monitored for data loss using pipeline design patterns so that any missing event can be reconstructed. Fault 

tolerance is achieved using a hot backup approach, where a standby system is present for each component. Staging is applied 

in all the components to maintain consistency, and temporal redundancy is incorporated for high availability and to cater for 

transient spikes. Semantic validation of micro-batches is maintained using a schema-registry. The order of processing micro-

batches is decided by their sequence number instead of the timestamp, thus avoiding errors in use case 3. PHI deletion 

transactions are acted upon instantly, while data reconstruction transactions are acted upon after the data retention period. 

Equation Set C. Completeness model 

Step C1. Define completeness 

Let 

𝑁expected = events/records that should be present 

𝑁available = events/records actually present for analysis 

Then 

𝐶 =
𝑁available

𝑁expected

 

with 0 ≤ 𝐶 ≤ 1. 

Step C2. Batch completeness 

In batch, because records are accumulated and reconciled before loading, the number of missing records is relatively small. 

If 𝑚𝐵 records are missing after batch reconciliation, then 

𝐶𝐵 =
𝑁expected −𝑚𝐵

𝑁expected

 

So 

𝐶𝐵 = 1−
𝑚𝐵

𝑁expected

 

Step C3. Streaming completeness 
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Suppose streaming loses or delays: 

𝑚𝑆 missing events, 

𝑑𝑆 delayed events outside the active query window. 

Then 

𝐶𝑆 =
𝑁expected −𝑚𝑆 − 𝑑𝑆

𝑁expected

 

Thus 

𝐶𝑆 = 1−
𝑚𝑆 + 𝑑𝑆
𝑁expected

 

Step C4. Merge-window completeness 

The article discusses merge intervals such as daily, weekly, monthly windows. 

Let 𝑊 be the merge window. 

If 𝑁(𝑊) expected events belong to window 𝑊, and 𝑁𝑎(𝑊) are available by the reporting cutoff, then 

𝐶(𝑊) =
𝑁𝑎(𝑊)

𝑁(𝑊)
 

Data Characteristics and Requirements in Healthcare 

Healthcare data exhibits stream-like features with high volume, velocity, and variety. Temporal relationships inform quality, 

integrity, and consistency evaluations, while Privacy-HIPAA standards impose additional restrictions. Critics argue that these 

needs favor batch processing, yet proven strategies account for the distinctive quality timing and completeness requirements 

inherent to streaming, and span healthcare domains, including regulatory auditing. 

Data volume directly impacts storage allocation and infrastructure sizing. The transmission of vast patient care data records 

from external networks to hospitals in Michigan, U.S.A., for non-real-time processing. Streaming-processing installations, 

such as the one at Cleveland Clinic, Ohio, U.S.A., require rapid event processing after detection, data capture hardware, and 

adoption of an event-sourcing data model.Large batch runs necessitate dedicated “hot” clusters, and these burdens, together 

with low-frequency data delivery, reduce the appeal of an open-data streaming model for the European Union General Data 
Protection Regulation directive on public data. The level of completeness needed, especially in higher-velocity contexts 

(where eventual consistency may still be valid), is influenced by the proportion of hospital records containing protected 

health information, storage on rapidly accessible infrastructure, and—conversely—by the associated risks of sanctioning 

non-compliance. 

Table 2. Architecture selection by use case 

Use case 
Freshness 

need 

Completeness 

need 

Governance 

sensitivity 

Preferred 

approach 
Reason 

BI dashboards Medium High Medium Batch Dashboards usually 

tolerate scheduled 

refresh if correctness is 

strong. 

Regulatory audit Low to 

medium 

Very high Very high Batch Auditability, 

traceability, and 

controlled release 

dominate. 

Clinical research 

warehouse 

Medium Very high Very high Batch / 

Hybrid 

Warehouses favor 

curated, consistent, 

governed data. 

Emergency alerts Very high Medium High Streaming Low latency is 

decisive. 

Operational 

monitoring 

High Medium Medium Streaming / 

Hybrid 

Continuous event 

observation improves 

response. 
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Use case 
Freshness 

need 

Completeness 

need 

Governance 

sensitivity 

Preferred 

approach 
Reason 

Disease outbreak 

monitoring 

High High High Hybrid Needs both responsive 

signals and reliable 

backfilled truth. 

Retrospective 

ML training 

Low Very high High Batch Historical 

completeness matters 

more than immediacy. 

Mixed enterprise 

healthcare 

analytics 

Mixed High High Hybrid / 

Lambda 

The article explicitly 

discusses coexistence. 

 

A. Data Volume, Velocity, and Variety in Healthcare 

Data characteristics such as volume, velocity, and variety play a key role in determining when batch-oriented or streaming-

oriented data warehousing architectures are more suitable. With new data sets continually growing and streaming being 

synonymous with original data input, the necessity of having any data freshness continues to push for real-time or near-real-

time processing. Nevertheless, what constitutes volume, velocity, and variety for a specific case still plays a decisive role. In 

batch processing, the speed is relatively lower, yet the focus is on having a huge amount of data to support decision-making 

processes; moreover, the data completeness aspect becomes even clearer in the case of batch processing. In contrast, with 

streaming processing, speed is on the forefront, and all the other aspects take a secondary role, especially the completeness 

aspect, where partial images of the data are considered. For data in a healthcare environment, volume covers more aspects 

than merely the amount of data or the response time. It also covers the storage aspect of keeping the data in a cheap and 

effective way. And, as with volume, velocity constitutes a more complex aspect than just whether the data are being processed 

in real-time or not. 

To manipulate streaming data for reporting or decision-making purposes, from a completeness aspect, merge point intervals 

(such as each day, week, month, quarter, etc.) are established. Such intervals are important because they define the time 

window within which the event is guaranteed to be available for queries (and, consequently, reports based on the queries) 

and allow for data aggregation. In practical terms, even assuming a wide bubble around these merge points, a quarter of a 

year is usually short enough so that the interval can be reasonably used for financial reports addressing potential stakeholders. 

Consequently, if the data are sufficient for reporting purposes, then they can also be used for the decision-making processes. 

 

Fig 4: Reconciling Temporal Freshness and Holistic Completeness in Data Warehousing 

B. Quality, Privacy, and Compliance Considerations 
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Maintaining data quality is a vital yet nontrivial task for streaming systems, especially as the content of ingested rows tends 

to vary across events. Indeed, unlike batch systems that can trigger quality assessments in specific processing segments, 

streaming systems must either rely on a continuous quality assessment strategy or include low-quality data until they can be 

removed. In addition to varying quality, the constant flow of information and the parallel handling of fictive events raise 

additional questions related to the impact of such systems on privacy. Any PHI exposed in the content of events must be 
rendered unreadable—an operation whose cost varies with the encryption method. Moreover, an audit must ensure that the 

right actions are taken and sent to the appropriate actors at each step of the data lifecycle. Such an audit system introduces 

more complexity to the streaming implementation. 

Another consideration in a real-world streaming setup is the regulation of when raw or modeled data can be made available 

to the different actors involved in a system operation. Since streaming jobs can be required to check whether late-arriving 

data fit specific criteria, risk regulations should dictate which conditions must be satisfied before any risks can be declared 
and, consequently, raw or modeled data released. Without such rules, too frequent use of data or results can also lead to 

problems beyond a decrease in detection power. Even if these considerations are not directly related to the implementation 

of a streaming data warehouse, they significantly influence the setup of a productive and efficient solution. 

Evaluation Criteria and Methodology 

Establishing criteria for evaluating batch and streaming processing approaches in healthcare data environments depends on 

the decision drivers previously identified. Timeliness needs clarity: batch systems are timely until their schedules fall short 

of business requirements, at which point latency becomes an important measure. Low latency is thus essential for true time-

critical applications, with completeness becoming a factor if latency must exceed business requirements. For non-time-

critical use cases, the focus is on quality—both correctness and clean data—although it retains importance for all categories, 

especially where underlying data changes frequently or systems converge toward eventual consistency. 

Testing of these criteria demands a coherent evaluation method, with practical implementation of data-warehousing pipelines 

for both batch and streaming. Simulated clinical datasets allow testing across a range of healthcare workloads, with 

investigations addressing how external factors influence operational performance, cost, complexity, and resilience. 

Complementing these practical concerns, case studies of academic environments exploring native streaming and emerging-

hybrid architectures add risk-oriented evaluation for regulatory use. A hybrid architecture with micro-batching and 

performance-based scheduling also offers a foundation for continuous process improvement. 

A. Timeliness and Latency 

Timeliness and latency represent contrasting attributes that capture different perspectives on data age and readiness for 

consumption. Timeliness denotes the rush associated with data freshness, indicating how closely its age aligns with use-case 

requirements for recent information. Latency, by contrast, captures the goal of minimizing delays in information delivery by 

aiming to shorten the time needed for any data source to process a new event and serve the resulting insights. 

The natural lag associated with batch processing corresponds to its analytical character: higher-layer models and reports 

always use previously processed data. Latency concerns thus apply mainly to the real-time aspects of streaming processing. 
Although streaming approaches clearly have the edge in minimizing delivery latencies for recent data, the diverse 

environments and workloads typically encountered in healthcare mean that timeliness considerations must be carefully 

evaluated for each use case. Analyzing use-case requirements helps establish whether superior timeliness for streaming 

processing justifies the reduction in latency for older data. Such an assessment reveals how the two approaches map onto 

timeliness and latency, clarifying when the latency advantage of streaming processing for recent data can justify its other 

trade-offs. 

B. Data Completeness and Consistency 

Plateaus in user activity towards the end of the educational semester have practical implications on data completeness and 

consistency. While users still actively contribute on-demand predictive models, the training datasets become increasingly 

unbalanced. Data skew during these periods can hamper underlying model quality, which in turn affects the usefulness and 

overall reliability of the service. Despite this, it is feasible for affiliated institutions to provide sufficient retro-engineered 

data to create a symbiotic co-located stream, thus addressing model-bias through improved training class-matching. 

Communications between educational institutions situated within a wider clinical network offer many advantages. 

Improvements within one institution can quickly be shared with peers, while any difficulties encountered can lead to possible 

solutions being explored collaboratively as a group rather than individually. Another advantage is the ability to introduce 

predictive models for rarely occurring but still existent events (e.g. hospital admissions, disorder predictions) or events for 

which training data may become stagnant due to a lack of user input. 

In domains where activity naturally ebbs and flows over a time period, a co-located approach is clearly desirable. The offering 

of the adapted hypothes.is annotation and predictive tools for on-demand model building is evidence of this, as is the planned 

introduction of the Twitter sentiment analysis tool. The primary concession to this convergence is the introduction of a 

dedicated stream read-only interface." 



Venkata Akhilesh Ranga Reddy  

pg. 2299 
 
 

Journal of Neonatal Surgery | Year: 2024 | Volume: 13 

 

 

Comparative Analysis: Batch versus Streaming 

The batch versus streaming analysis were focused on contrasting the two styles of event processing, namely batch and 

streaming, in healthcare data warehousing, a specialty data storages that need to deal with an heterogeneous ecosystem of 

clinical and transactional systems. Decision makers consider four main criteria: performance and scalability on a growing 

expanse for daily batch, whereas for streaming the interest lies in improved latency and completeness of data. Use-case 

alignment against whether a processing toward the near real-time of streaming or an eventual-consistency of batch is 

preferred appears more crucial than end-to-end latency. Data freshness required by the business question need to be assessed 

on a use-case basis since not all questions in the evidence-based medicine require the most actual input variables. A final 

consideration leads to the fact that even if streaming can bring clear functional and business benefits, it entails more complex 

architecture, thus its viability has to be analyzed case by case. Batch remains the default option, especially in the presence of 

small-volume workloads. 

A second-level subdivision investigates more specific characteristics of the two processing approaches. Batch handles large 

volumes of data at rest accumulated over a period time while streaming enables the process of continuous and transient event-

based data capture and consumption. In healthcare primary and tertiary sources represent these two schema respectively: 

data events accumulated in operational systems generating a high watermark of the loading windows and data records of 

primary source systems that flow to the data warehouse for processing. Healthcare workloads show an extraordinary variety 

with complex needs of data freshness and completeness ranging from decades-old structures to nearly-real-time population 
of a data warehouse. Despite these complexity, an appealing point of healthcare is that quality, privacy, and regulatory aspects 

of data are often solved by external polity. 

Equation Set D. Quality-governance burden model 

Step D1. Quality score 

Let quality depend on: 

accuracy 𝑎, 

consistency 𝑐, 

correctness 𝑟. 

A weighted score is 

𝑄 = 𝑤𝑎𝑎 +𝑤𝑐𝑐 + 𝑤𝑟𝑟  

where 

𝑤𝑎 +𝑤𝑐 + 𝑤𝑟 = 1 

Step D2. Governance score 

Let governance/compliance readiness depend on: 

auditability 𝑢, 

privacy protection 𝑝, 

policy conformance ℎ. 

Then 

𝐺 = 𝑤𝑢𝑢 + 𝑤𝑝𝑝 + 𝑤ℎℎ  
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where 

𝑤𝑢 +𝑤𝑝 + 𝑤ℎ = 1 

Step D3. Why batch often scores higher 

If streaming introduces: 

more event-level PHI checks, 

more continuous audit operations, 

more deletion/reconstruction monitoring, 

then effective governance overhead rises. 

We can represent governance burden 𝐵𝐺  as 

𝐵𝐺 = 𝛼𝐸PHI + 𝛽𝐴audit + 𝛾𝑅reconstruct 

where 

𝐸PHI = PHI-sensitive event rate, 

𝐴audit = audit actions per unit time, 

𝑅reconstruct = reconstruction/deletion workload. 

Higher burden reduces governance score: 

𝐺eff = 𝐺0 −𝐵𝐺  

A. Use Case Alignment 

Historical precedence illustrates that improvements in data processing technology and practice create new capabilities for 

data-driven innovation and ongoing evolution of the data landscape. Data processing approaches can become more granular 

over time with improved infrastructure for supporting operations, often complemented by changes in the data sources 

themselves. Significant changes can also occur across smaller components within data processing pipelines, creating a wider 

pool of new capabilities to leverage as individual pieces improve. A wider area of disappearing trade-offs is opening up space 

for competing approaches that had been reserved for special conditions but are now appropriate for broader classes of 
applications. A still-larger area of application space is being targeted by solutions that require further development to support 

adoption, although evidence is accumulating. Alongside these changes, the characteristics for each processing choice have 

also evolved, often diverging from prior experience to create new risks and hidden costs. 

Together, the opening of new opportunities using novel streaming frameworks, standards, content sources, or application 

domains will shift focus to the high-latency environments and applications traditionally served by batch processing. A 
growing range of internal healthcare workloads are expected to improve using streaming processing approaches and will 

support clinical services for assurance of privacy and regulation compliance. Hence, careful evaluations of the characteristics 

and capabilities of both data-engineering patterns and careful consideration of the data, analytics, and use-case requirements 

are essential. A suitable decision framework using these criteria can help to choose a suitable approach for specific use cases 

and workloads. Recent academic, research institution, and clinical network examples of streaming use in batch-oriented 

environments provide supporting application evidence, while the half-dozen academic institutions involved in training 

evaluations of healthcare workloads constitute the initial clinical-set sample 

B. Performance Trade-offs 

Evaluate and generalize performance aspects based on use-case categorizations. Placement in the architecture determines the 

data freshness needs of a use case and, thus, informs the most appropriate processing approach. Performance trade-offs 

encompass dimensions such as scalability, cost, and complexity. Batch processing scales well because of the potential to 

process large volumes of data without precise timing requirements; latency can be high, and high-performance storage is 
often not needed. The goodness-of-fit with a particular domain, analytics application, or design pattern determines volume. 

In contrast, streaming processing is less scalable owing to the non-decomposable nature of the workload. Cost is also critical, 

particularly for enterprise-scale applications. Streaming costs typically scale linearly with volume; batch costs depend on the 

compute resources used, which may increase sub-linearly or super-linearly relative to volume. 

Batch processing is typically simpler than streaming processing because it does not require the development of event-

handling infrastructure. However, many reasonably fault-tolerant designs in streaming processing rely on inherent 
idempotency in the system resulting from event-sourcing techniques, making streaming processing simpler than a naively 

implemented batch process. Nevertheless, completeness checks tend to add complexity; they are not a concern where flushing 

data supports dashboard creation. The need for a dashboard or to support prediction-making typically also introduces some 

cost and complexity. Streaming processing generally requires more careful tuning than batch because it is typically 

implemented to minimize latency and resource utilization. 
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Table 3. Symbol table for the derived equations 

Symbol Meaning 

𝑇𝑢 Update interval of the pipeline 

𝐿 End-to-end latency 

𝐹 Freshness score 

𝐶 Completeness score 

𝑄 Data quality score 

𝐺 Governance/compliance score 

𝑉 Data velocity 

𝐷 Data volume 

𝐾 Architectural complexity 

Cost Operational + infrastructure cost 

𝑆𝐵  Overall batch suitability 

𝑆𝑆 Overall streaming suitability 

 

Emerging Technologies and Trends 

A stream can be viewed as a series of decision points, whereby the outcome of each point may influence how it is perceived 

and displayed to the recipient. If the stream is being maintained by an event sourcing architecture, the original event is still 

available to be reprocessed when needed. Hence, policy can determine how long it is kept to enable validation of decisions 

that led to previous states. Alternatively, it may be a fixed view onto another physical data source, which may be periodically 

updated or rebuilt following an alternative architecture/technical choice and operational priority. In some cases, that can 

mean that the stream is being used as a technician's dashboard, or an operational display for the business. The business may 

and often change how it has utilized historical data, but it can be of great use to show how decisions were made leading to 

historical driven conclusions, in a Git like view of the data. 

It can also be accompanied by a report per stage of the source data transformation pipeline, backed by an expiring data source 

that means it will not grow too large beyond the need for those requirements. Healthcare data within supportive systems can 

naturally grow quickly with very little value in maintenance, and periodic dumps of cleaned data into a fixed view are simple 

with most ETL (Extract Transform Load) tools that can conduct ELT (Extract Load Transform) on supported datastores. 

Decisioning upon this stream per event (that defines an event souring architecture) rather than per state can vastly enhance 

analytics and information management of the business while adhering to the flow of developing workloads and the 

controlling compliance of the data by ensuring what the use case can be trusted for. 
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Fig 5: Stream Representation as a Series of Interpreted Decision Points for Optimized Analytics 

A. Hybrid and Lambda Architectures in Healthcare 

Hybrid and Lambda architectures represent the merging of two designs. On one hand, a hybrid architecture combines batch 

and streaming into a single implementation on a shared code base or environment for at least two of the bottom three layers 

and then integrates the results within an enterprise data model. On the other hand, Lambda architecture takes a different 

approach by providing architectural separation, where a streaming model is implemented alongside a batch processing model 

that shares the same enterprise-level data sources. 

Lambda architectures are particularly relevant for batch and streaming workloads that share little in common other than the 

data source since these workloads can be managed by domain specialists and built separately. Nevertheless, the approach 

should be used carefully, as duplication can stretch resources and increase maintenance activities and costs without improving 

the speed or accuracy of the organization’s analytics. 

Emerging Streaming Frameworks 

Healthcare workload requirements are driving the growth of data-streaming processing. Online learning techniques 

developed for time-series data such as stock market analysis and intrusion detection have recently been adapted for healthcare 
fraud detection. The underlying technical concerns, however, extend beyond algorithms and applications to reliable 

processing, scaling ability, seamless event sourcing, gap-filling support for delayed events, and reprocessing capability for 

corrections. As the healthcare domain becomes more actively involved in streaming data-processing applications, new 

frameworks are rapidly emerging to address these technical aspects. 

New standards are also evolving to facilitate streaming data processing. The idea behind the Data-Distribution Service 

comprises four fundamental principles: decoupled data producers and data consumers, a data bus that acts as a 
communication channel, a global clock, and a distributed publish-subscribe mechanism. First, instead of a dedicated client-

server connection, a large set of data producers and data consumers interact through a shared communication channel, 

enabling software to scale. 

B. Streaming Frameworks and Standards 

Hybrid and Lambda architectures combine batch and streaming elements in response to needs for low-latency, fault-tolerant, 

and complex data-processing pipelines. Such requirements are particularly common in healthcare, where a variety of 

workloads must be supported: some operations need data to be as fresh as possible and utilize analytics that can react to new 

incoming information, while other applications can tolerate more significant lag or are deeper analytical functions (e.g. 

machine-learning training jobs with a high workload) for which fast data ingestion is less critical. 

Within the healthcare domain, there is a growing demand for streaming processing capable of meeting low-latency 
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requirements. Stream processing provides such capabilities and is supported by a wide range of new technologies, including 

streaming frameworks (e.g. Apache Kafka, Apache Nifi) and platforms (StreamSets, Confluent) as well as hybrid or Lambda 

architectures. In such an architecture, input data is directed through two distinct paths: a streaming path capable of dealing 

with the most urgent workloads (therefore requiring real-time data as input) and a batch path where data are processed in 

bulk (usually providing a deeper analysis with the final results being used to update the streaming events). 

Moreover, and echoing the diversity of requirements found previously in provenance, the use of data provenance can be seen 

as a back-and-forth process: from an application-agnostic perspective (ensuring that data are acquired through the proper 

converters and kept compliant in the data lake for further data consumers), to data being ingested into specific applications 

(requiring proper interfacing and reservation of PHI data within the production ), followed by data being pulled either through 

the simple path or through the complex path with the load being analysed and managed with data provenance principles, thus 

ensuring alerts and monitoring of its quality and/or integrity 

Case Studies in Healthcare Data Warehousing 

Real-world applications of batch or streaming data processing within data warehousing environments enable evaluation of 

benefits and drawbacks over a range of data attributes and working conditions. The body of research-related cases comes 

from academic institutions, whereas experiences reported by large healthcare networks and hospitals include both research 

and operational systems. 

The adoption of a data warehouse for integrated dataset generation is a common trend in the academic research community, 
as evidenced by deployments in large-scale universities. Data streaming has been a justified approach for other integrative 

research-oriented solutions in the biomedical field. Analysis of a European streaming-based solution with integrated data 

provenance management identifies advantages in terms of enhanced real-time monitoring capabilities and improved data 

availability for subsequent analyses in comparison with batch-based solutions relying on a traditional ELT approach. 

Nevertheless, in this context, the potential of streaming processing for data completeness cannot be guaranteed. Other 

research use cases further indicate the practical advantages of a data streaming-oriented Lambda architecture for integrated 

and interoperable systems. 

Real-time processing of data streams represents a primary driver for adopting streaming processing within data warehousing 

environments in healthcare networks and hospitals. In particular, the development of a real-time clinical data analysis 

platform (RT-CDAS) within a large healthcare network allows early detection and prevention of diseases such as coronary 

artery disease and diabetic retinopathy. Fast data processing and response time, lower maintenance costs compared with 

batch-oriented approaches, and compliance with the Health Insurance Portability and Accountability Act represent the main 

reasons for pursuing the streaming path. An RT-CAD prototype further illustrates the operationalization of the real-time 

clinical data analysis platform for the early detection of coronary artery disease. Processing speedup and the potential for 

real-time prediction are the main advantages of the RT-CAD design. Nevertheless, the merging of various modules and 

growing modules can affect the performance of the platform if not properly managed. 

A. Academic and Research Institutions 

Hospitals and healthcare data research centers analyze a variety of datasets to drive research and stimulate new external 

revenue sources. In particular, significant efforts have been directed toward identifying and operationalizing appropriate 

methodologies for creating clinical data warehouses (CDWs)—enduring repositories of historical archived data from 

heterogeneous operational systems structured for data analysis. These data warehouses are regularly populated following an 

Extract, Transform, and Load (ETL) paradigm. A few major institutions have created a streaming platform to overcome the 

delays traditionally associated with batch ETL processes and allow near real-time reporting of the flooding of operations and 

admissions occurring during natural disasters for use by external agencies such as hospitals and the Federal Emergency 

Management Agency (FEMA). These environments represent ideal use cases for evaluating the relative advantages and 

disadvantages of programming batch and streaming architectures while being fully responsible for adding information to the 

CDW. In both cases, data completeness, quality, and the ability to transfer information to the CDW for analytics remain 

paramount. 

A top-ranked Ivy League institution supports one of the largest university-based healthcare systems in the United States, 

serving more than three million patients each year through more than 20 hospitals and partner health systems in New York, 

New Jersey, Connecticut, and Pennsylvania. The academic health system includes four major hospitals, the Nursing School, 

the Graduate School of Biomedical Sciences, the School of Medicine, and one of the nation’s premier cancer centers. A 

medical research university is renowned for both its research and its educational programs. It is home to several distinguished 

research centers and institutions, including a comprehensive cancer care center, a center for neurodegenerative disease 
research, and a vaccine research institute. Each year, it receives the largest amount of sponsored research from the National 

Institutes of Health of any U.S. university. 

Equation Set E. Cost model 

Step E1. Batch cost 

Batch cost can be modeled as 
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Cost𝐵 = 𝐶𝐵0 + 𝑐𝐵𝐷𝐷 + 𝑐𝐵𝐾𝐾𝐵 

where 

𝐶𝐵0 = fixed platform cost, 

𝐷 = data volume, 

𝐾𝐵 = batch implementation complexity. 

Thus, 

Cost𝐵 = 𝐶𝐵0 + 𝑐𝐵𝐷𝐷 + 𝑐𝐵𝐾𝐾𝐵  

Step E2. Streaming cost 

Streaming cost depends more strongly on event rate 𝑉 and operational complexity: 

Cost𝑆 = 𝐶𝑆0 + 𝑐𝑆𝑉𝑉 + 𝑐𝑆𝐾𝐾𝑆 + 𝑐𝑆𝐺𝐵𝐺 

So 

Cost𝑆 = 𝐶𝑆0 + 𝑐𝑆𝑉𝑉 + 𝑐𝑆𝐾𝐾𝑆 + 𝑐𝑆𝐺𝐵𝐺  

Step E3. Cost crossover point 

Streaming is cost-justified only when benefit exceeds extra cost. 

Let benefit from freshness and latency be 

Benefit𝑆 = 𝑏𝐹(𝐹𝑆 − 𝐹𝐵) + 𝑏𝐿(𝐿𝐵 − 𝐿𝑆) 

Streaming is worthwhile when 

Benefit𝑆 > Cost𝑆 − Cost𝐵 

Hence the decision inequality is 

𝑏𝐹(𝐹𝑆 − 𝐹𝐵) + 𝑏𝐿(𝐿𝐵 − 𝐿𝑆) > Cost𝑆 − Cost𝐵  

B. Healthcare Networks and Hospitals 

Streaming-based data approaches are increasingly tested by end-user healthcare networks and hospitals. One large healthcare 

network utilized a hybrid architecture to combine batch and event-driven forensics solutions. Batch processing was used for 

KPI dashboards but failed to meet demand for operational monitoring, prompting a reliance on traditional event-driven 

forensics. A comparable effort at another hospital supported a batch-mode data warehouse with real-time capabilities for its 

event-handling service infrastructure. Although real-time processing improved the service process, the cost of constant data 

duplication created reluctance to extend it further. 

Colonial-first era research institution used a hybrid Lambda architecture for health and genomics analytics. These can also 

be included to explain propensity for slow reducing and increase of complexity of lambda architecture choice. Although 

designed primarily for health research, the solution uses many datasets relevant for clinical operations and patient care 

delivery. Model predictions supported batch-mode monitoring of disease outbreaks, seasonal disease distributions for clinical 

planning, and potential short-prodiction period for some diseases, supporting both operational use and longer-term prediction 

modelling. 

RESULTS 

Batch and streaming processing are not mutually exclusive: both approaches fulfill different requirements and neither is 

universally superior. Hence, an evaluation framework capturing the interaction between healthcare data attributes, processing 

approaches, and use cases was developed, anchoring a comparative analysis against the key attributes of timeliness, latency, 
completeness, quality, and cost. The findings reveal the diverse interplay of those factors with decision-making in specific 

contexts, crystallizing into a decision framework supporting batch–stream choices within hybrid systems. Both approaches 

are being adopted in the community, mainly in academia and research institutions. Other domains use data warehouses and 

cloud infrastructures to support research on prediction or analytics, employing batch processing due to deemed data 

competence. 

Overall, these studies show that latency plays a significant role in planning and designing a solution for an event-driven 
architecture, adopting streaming processing. Nevertheless, the real-time requirement is perceived differently by the two 

stakeholders in decision making. For clinical analysis and research purposes, the data warehouse suffices; for detection and 

management of emergencies, the data engine must support real-time analytics. When storing, collecting, and ingesting all 

these events becomes complex and costly, the solution switches to a more operative model, keeping not all events and using 

only a useful subset for analytics. Furthermore, the organization builds the streaming solution for real-time processes and 

detection and connects to a more classical data warehouse for retrospective analysis and machine learning. 
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Fig 6: Decision-Making Stakeholder Priorities 

A. Decision Framework for Technology Choice 

Batch approaches have been the mainstay of healthcare data warehousing, yet streaming is increasingly implemented. How 

organizations can decide which technology to adopt in a particular use case, and whether to use different approaches in a 

hybrid environment aligned to the workload, is a crucial question. The review of the literature, along with the analysis of 
various case studies in healthcare data warehousing, has uncovered the key differences between the two techniques and the 

main aspects that affect their performance. These findings have been synthesized into a straightforward decision framework 

that can be deployed by any organization to determine when to adopt a batch, streaming, or a combination of both approaches. 

The choice of architecture for healthcare data warehousing has been established based on the evaluation of different use 

cases and the characteristics of the data sources. The main attributes that are essential in deciding the architecture and 

technology for a specific workload are examined, along with a set of decision criteria that allow healthcare organizations to 
select the approach most suitable for their needs. The analysis leads to the conclusion that for most uses cases that require 

analytics within business intelligence tools or data exploration, a batch approach is preferred. On the other hand, those 

workloads in which the freshness of the data is of highest importance should be built using streaming technology. 

B. Migration and Integration Strategies 

A decision framework can guide technology selection for healthcare data warehousing. Migration from a batch estate to a 

streaming architecture can deliver a performance boost for the workloads of the selected use cases, providing faster data 

availability and more up-to-date dashboards and decision support tools. However, this shift should be carefully costed, and 

the labour associated with creating the streaming landscape should not outweigh performance benefits. An intermediate, 

gradual adoption can forgo the high proficiency requirements of a complete transition and can be less risky. For critical 

applications, parallel ingestion (building batch and streaming environments concurrently) ensures the streaming pipeline 

works before being relied on, while backfilling shifts the combination from a hot to a warm architecture. Integrating a 
streaming architecture into a legacy batch ETL should also be feasible, although the cost of the initial implementation can 

increase, and for hybrid workloads careful planning is required to ensure optimal data freshness and integration latency. 

Coexistence within a deployed batch architecture, whether native or via incorporation into a Lambda model, is common. A 

Streaming ELT enhances a batch landscape with frequent copies of recent event data while reducing the needed permissions 

and controls. Such temporary or gradual shifts require careful governance to retain completeness, accuracy, and consistency, 

and future-proofing through event sourcing, decoupling the analytical requirements and future budget demands of the raw 
data ingestion is advantageous. Examine the Distribution of dataSources with respects to Public Health Information. If 

particular source is a PHI holder and policy requires full audit history for sensitive case, then all PHI holders should create 

audit trail. DataCompleteness to ensure sufficient part of the data and period are kept for accurate coordination of sensing 

and triggering. DataQuality list that discuss aspect into the accuracy, consistency and correctness of data. DataLatency for 

Target datafreshness (For real-time applications) or the latency define at which pipeline (ETL or ELT) is data-source 

triggering frequency. 

CONCLUSIONS 
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Insights drawn from the synthesis of existing architectural studies, best practices, and real-world applications provide 

guidance for health organizations considering whether a batch or streaming architecture is more suitable for a targeted 

purpose. All the considered aspects seem to underline that there is no universal answer to the batch vs streaming question in 

a healthcare data warehousing architecture. Rather, specific processing needs and contexts highlight the advantages of one 

approach over the other. Healthcare data warehouses serve multiple continuously evolving use cases that vary in their time-
to-insight requirements and expected data freshness. These factors drive the choice of processing architecture. Batch 

processing is by far the most popular in healthcare, but it suffers from growing time lags and in some cases lacks 

completeness. Streaming processing is very promising and is gaining traction in the healthcare space, but it is not yet widely 

adopted. 

The reviewed architectural studies provide solid foundations for both batch and streaming processing of healthcare data 

warehousing workloads. A detailed identification of data attributes points to volume, velocity, variety, quality, privacy, and 
compliance as crucial for both approaches. Use-case-driven evaluations identify and discuss the performance trade-offs 

involved in selecting the most suitable processing architecture for a particular need. Emerging technology trends, including 

hybrids and Lambda architectures, new streaming frameworks, standards for data representation, interoperability, and 

regulation-aligned practices, are helping shape the choice of an architecture that best fits an overall healthcare data 

warehousing ecosystem. 
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