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Abstract: Healthcare data processing benefits and downsides of Lambda and Kappa architectures. Nate Marz created the lambda
architecture to accurately and reliably store massive datasets. Batch, speed, and serving layers do this. Data is stream processed in real
time using Jay Kreps' Kappa architecture. The two platforms may enhance hospital operations, decision - making, and patient outcomes.
The combination of edge computing, Al, and machine learning optimises systems. This link enables real - time data processing, latency
reduction, and security. This study suggests these technologies might change healthcare delivery.
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1. Introduction

Growing data analytics improves healthcare processes and
insights. Real - time analysis enhances patient outcomes and
decision - making as healthcare data grows. Analyse wearable
devices, genetic, EHR, medical imaging, and socioeconomic
database data. Early healthcare systems were tough, therefore
real - time analytics are needed. Lambda architecture allows
fault tolerance, analysis, service layers, batch processing, and
real - time processing, explains Nate Marz. Jay Kreps' Kappa
architecture analyses data live. This article discusses how
Lambda and Kappa structures might improve healthcare
analytics and delivery. A detailed analysis evaluates each
design’s merits and downsides.

2. Lambda Architecture

Batch layer 1 replicated master node (6 cores CPU, 4 GB memory,
RAID-1 storage, 64-bit operating system)

2 worker nodes (12 cores CPU, 4 GB memory, 2 TB
storage, 1 GbE NIC)

1 dedicated resource manager (YARN) node (4 GB
memory, and 4core)

Speed layer
Serving layer

Shares the Hadoop node
2 nodes (1TB, 4 cores, 16 GB memory)

Figure 1.2: Lambda architecture hardware requirements

Lambda, developed by Nathan Marz, splits difficulties into
batch, speed, and serving layers. It handles massive data sets.
This architecture covers many data analytics demands,
including historical and real - time data. Batch views are
dataset summaries created by the batch layer after processing
all data. Speed layer assesses real - time input and
immediately adjusts system to new information. The serving
layer processes historical and real - time data to answer
inquiries [1] [2] [11].

a) Applications in Healthcare
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Figure 1.1: Lambda Architecture

Healthcare employs Lambda for real - time and historical
analytics. The speed layer analyses real - time wearable
device data in patient monitoring to respond quickly to urgent
health events, while the batch layer retains EHR data for trend
analysis and predictive modelling. A fast heart rate shift may
need prompt intervention [11] [22]. Another goal is illness
outbreak prediction. ER and social media identify outbreaks
in real time. In contrast, the batch layer finds trends in
previous data to help public health experts react quickly [3]
[12]. The Lambda design is customisable. Genetic, clinical,
and real - time health data may help doctors customise
therapies. The batch layer finds genetic markers and the speed
layer tracks real - time therapy reactions to enhance drugs and
patient outcomes [5] [13] [19].

b) Benefits

Batch and real - time data processing is possible with Lambda
architecture. Suitable for healthcare applications requiring
fast analysis and data integrity [1] [11] [22]. In critical
situations, the speed layer handles real - time input, while the
batch layer evaluates vast datasets for accurate historical
insights [5] [14]. Timely, accurate evaluations enhance
patient outcomes. Data is protected by batch layer fault
tolerance if the speed layer fails and vice versa [6] [15] [17].
Lambda organises and adapts massive, fast changing clinical
and community health data sets using wearables, social
media, and EHRs [7] [18] [21].

¢) Challenges

Lambda's major limitation is resource - intensive batch and
speed codebases. Each layer has its own technologies,
concepts, testing, deployment, and development capabilities,
making maintenance difficult and costly [1] [3] [12]. Large
batch layer data may affect efficiency and consistency.
Complex models and algorithms are needed to integrate and
synchronise real - time data. Lambda architecture demands
plenty of computing power and infrastructure for the batch
layer's processing power and storage and the speed layer's low
latency and high throughput [7] [15]. Smaller healthcare firms
with little IT investment may struggle to deploy these
solutions. Both tiers need ongoing deployment and
integration, complicating setup and  maintenance.
Dependability and fault tolerance need debugging, recovery,
monitoring, and error handling [7] [18].
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3. Kappa Architecture
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Figure 1.3: Kappa Architecture

Kappa optimises data pipelines without batch processing,
says Jay Kreps. Kappa keeps data flowing, whereas Lambda
batches and processes. Prioritising real - time processing
above data analysis simplifies systems [1] [5] [11]. Kappa's
stream processing methodology immediately collects and
analyses data for quick insights and solutions.

a) Applications in Healthcare

Kappa architecture handles healthcare data quickly for
wearable sensor vital sign monitoring. Critical care, post -
operative care, and chronic disease management benefit from
real - time anomaly detection [11] [13]. Kappa facilitates
telemedicine collaboration, feedback, and decision - making.
Doctors may use biometric sensors, video feeds, and medical
equipment to treat and evaluate patients remotely [14] [23].
By monitoring heart rates in real time, telemedicine
physicians can diagnose and treat patients promptly. Kappa
architecture helps doctors detect heart attacks and strokes
sooner. Emergency responders deploy more effectively and
save lives using real - time data processing [14] [23]. Kappa
design in ambulance dispatch and hospital preparation may
improve emergency response.

b) Benefits

10 SERVERS HAVING EACH :12 PHYSICAL PROCESSORS, 16 GB
RAM

Minimum one server having : 16 GB RAM, 6 core CPUs of 2
GHz (or more) each, 4 x 2 TB, 1 GB Ethernet

INGESTION TOOLS

SPEED LAYER
(STORM)

SERVING LAYER IDEM. TO LAMBDA ARCHITECTURE

Figure 1.4: Kappa architecture hardware requirements

The Kappa architectural style places a focus on minimalism
in design. System maintenance is easier with stream
processing. Eliminating the batch layer simplifies design and
reduces development and maintenance costs. Batch and real -
time processing no longer need different codebases [1] [14]
[23]. This simplified technique speeds up installation, lowers
expenses, and simplifies maintenance. Kappa forms facilitate
data source adaption and scalability. Since it processes data
continually, its design can handle additional data without
major changes. This adaptability benefits sophisticated
medical facilities and data [16] [24]. Quick growth allows the
system to respond to healthcare technology changes. The
implementation of simple Kappa software is both faster and
less expensive. Low - resource healthcare organisations need
minimal infrastructure and deployment. Data processing may
enable more healthcare workers treat patients and work
effectively [16] [24]. The low cost and financial risk of Kappa
architecture benefit testing.

c) Challenges

Kappa architecture has pros and cons. Live data processing
may hinder long - term trends and insights. Healthcare
practitioners detect trends and explain chronic illness using
historical data. Kappa without a batch layer may struggle with
historical research or large datasets [1] [7] [11]. Community
health and long - term treatment studies may suffer from this
constraint. Kappa architecture may violate data integrity and
accuracy. Processing several data sources in real time may
cause data quality concerns that need extensive error -
handling and validation. Due to inaccurate insights and
decisions, unreliable real - time data may threaten patient
safety [11] [18] [25]. Kappa architecture can handle big
historical data and accuracy in real time for clinical and
epidemiological studies.

4. Comparative Analysis

Comparing Lambda and Kappa healthcare data processing
architectures' pros and cons. Data integrity and historical
analysis need Lambda architecture's correctness and fault
tolerance. Historical data patterns and predictive modelling
benefit from dual - layer batch - real - time processing. These
apps benefit from its extensive analytics [1] [2] [11]. Kappa
design’'s simplicity and flexibility enable real - time data
processing. This method employs single - layer stream
processing for dynamic, time - sensitive healthcare. Data
insights are instant [1] [5] [14].

a) Performance Metrics

Most of the time, batch processing makes Lambda
architecture superior than Kappa. The batch layer simplifies
disease outbreak prediction model data processing and
analytics, improving accuracy and dependability [10] [21].
Latency and resource utilisation rise with precision.
Resources and batch - speed layer synchronisation may be
challenging with two codebases [1] [8] [15]. Kappa design
utilises stream processing to conserve resources and
accelerate systems. Emergency alarm management and vital
signh monitoring are possible with real - time data processing
[11] [13]. Its simple processing design may hinder complex
analytical tasks that need historical context. Kappa may not
be suited for CPU - intensive operations like huge dataset
reprocessing and historical data analysis without a batch layer
[18] [25].

b) Use Cases

Healthcare applications heavily influence Lambda or Kappa
architecture. For data - intensive and predictive analytics,
Lambda can handle large historical datasets for long - term
trend analysis and treatment effectiveness studies [1] [9] [16].
Durability and great analytics make it ideal for such scenarios.
Kappa design offers immediate data insights and
responsiveness for telemedicine and real - time health
monitoring, making it perfect for alarm and monitoring
systems [11] [14]. Staff may respond to real - time data to
improve patient care and efficiency. Lambda - Kappa hybrids
analyse past and current data. Kappa processing delivers
immediate  insights, whereas Lambda  processing
encompasses history [12] [17]. When choosing an
architecture, consider accuracy, speed, resource availability,
and real - time versus historical analysis [1] [5] [9] [25].
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5. Future Directions

Advanced data processing architectures, Al, and machine
learning will change healthcare analytics. Lambda and Kappa
structure scalability, accuracy, and efficiency should increase
with new technology. Al and ML may provide real - time,
advanced healthcare insights to address current healthcare
concerns [11] [17].

a) Integration With Al/ML

Figure 1.5: Solution proposal and data flows

AI/ML lambda and Kappa designs may improve data
processing and prediction. Speed layer Lambda may leverage
ML for real - time anomaly detection and predictive analytics.
This integration identifies abnormal heartbeats and predicts
illness using real - time data [11] [18]. Data aggregation and
pattern detection using Al may improve batch layer
operations, long - term projections, and trend assessments.
Kappa architecture may use Al for real - time data analysis
and decision - making.

Figure 1.6: Theta architecture

Al systems that adapt to new data inform operations and
clinical choices. Al enables telemedicine video consultations,
vital sign and patient mood analysis, and quick medical
reaction [22] [24]. Rapid treatments and therapy improve with
real - time systems.

b) Edge Computing

Edge computing reduces Lambda and Kappa network latency
and capacity utilisation by processing data locally [11] [19]
[24]. Medical applications like remote patient monitoring
benefit from faster data processing and response, improving
notification and treatment results [15] [20]. Edge computing
allows chronic sickness treatment and real - time wearable
alerts without central servers or data latency. Data breaches
are reduced by restricting crucial health data network traffic.
An Al, machine learning, and edge computing healthcare

analytics ecosystem is complete. A quick processing of data,
a minimum amount of CPU utilisation, and quick insights
[24] [25].

6. Conclusion

Health data management systems have perks and downsides.
Lambda's batch and real - time layers make it ideal for reliable
data processing in long - term health research and predictive
analytics. Kappa stream processing cuts maintenance and
increases system flexibility and expandability. Fast data
processing and response assist emergency systems,
telemedicine, and real - time health monitoring. Design
quality will increase with ML, Al, and edge computing. Al
and machine learning improve decision - making and
forecasting, while edge computing speeds up data processing
near the origin. These technologies boost healthcare analytics'
versatility and effectiveness. Balance current data processing
with past data analysis to choose Lambda or Kappa. Clinical
outcomes and healthcare delivery will improve.
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