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Abstract 
This study investigates delayed, fragmented, and weakly integrated data processing in environments where 
electronic health records, monitoring devices, laboratory platforms, pharmacy systems, wearable sensors, cloud 
services, and enterprise analytics applications generate continuous patient data not always transformed into 
timely clinical insight. The purpose of the study was to examine how real-time streaming analytics architecture 
supports continuous clinical data processing, improves clinical decision-making efficiency, and strengthens 
healthcare operational performance. A quantitative, cross-sectional, case-based design was adopted using 
structured five-point Likert-scale survey data from cloud-enabled and enterprise healthcare cases involving 
healthcare IT professionals, clinicians, hospital administrators, clinical informatics specialists, data analysts, 
and decision-support staff. Out of 200 distributed questionnaires, 176 valid responses were analyzed, producing 
an 88.0% valid response rate. The key variables included real-time data ingestion, streaming analytics 
capability, system interoperability, data security and privacy controls, continuous clinical data processing, 
clinical decision-making efficiency, healthcare operational performance, and clinical event latency perception. 
Data were analyzed using descriptive statistics, Cronbach’s alpha reliability testing, Pearson correlation, and 
multiple linear regression. The findings showed high agreement across major constructs, with mean scores 
ranging from 4.09 to 4.26 and reliability values ranging from 0.781 to 0.892. Real-time data ingestion was 
strongly associated with continuous clinical data processing (r = 0.681, p < 0.001), while streaming analytics 
capability was strongly associated with clinical decision-making efficiency (r = 0.704, p < 0.001). Regression 
results showed that architecture variables explained 63.4% of operational performance and 59.8% of decision-
making efficiency. Continuous clinical data processing was the strongest predictor of operational performance 
(β = 0.301, p < 0.001), while latency negatively affected decision efficiency (β = -0.263, p < 0.001). The study 
implies that healthcare organizations should prioritize real-time ingestion, interoperable cloud-enterprise 
architecture, privacy governance, and low-latency analytics to improve patient monitoring, workflow 
coordination, decision visibility, operational responsiveness, safety, and outcomes. 
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INTRODUCTION 
Real-time streaming analytics refers to the continuous collection, transmission, processing, analysis, 
and interpretation of data as events occur, rather than after data have been stored for delayed batch 
analysis. In healthcare, this concept is closely connected with continuous clinical data processing, which 
involves the ongoing handling of patient-related information from electronic health records, intensive 
care monitoring systems, medical devices, laboratory systems, pharmacy platforms, wearable 
technologies, and Internet of Medical Things devices (Andreu-Perez et al., 2015). Streaming analytics 
is therefore different from conventional healthcare analytics because it focuses on data velocity, event 
sequence, low-latency processing, and immediate clinical visibility. Big data analytics in healthcare has 
been defined as the use of advanced computational methods to manage and analyze large, complex, 
and diverse health datasets for knowledge generation, clinical decision support, care coordination, and 
operational improvement. The Internet of Things provides the technological foundation for connecting 
physical devices, sensors, and networked objects, while the Internet of Medical Things extends this idea 
into clinical environments by connecting medical sensors, patient monitoring systems, diagnostic tools, 
and healthcare applications (Krittanawong et al., 2017). Within this research, real-time streaming 
analytics is understood as an architectural capability that enables healthcare organizations to transform 
continuous clinical data streams into usable clinical and operational insights. The concept includes data 
ingestion, stream processing, interoperability, analytics modeling, visualization, governance, security, 
and clinical decision-support functions. Internationally, this capability has become significant because 
healthcare systems across high-income, middle-income, and resource-constrained settings are dealing 
with increasing pressure from chronic disease, aging populations, emergency care demand, remote 
monitoring needs, and data-intensive clinical workflows (Kruse et al., 2017). The expansion of 
electronic health records and connected care technologies has created large volumes of structured and 
unstructured clinical information, making analytics architecture an important foundation for evidence-
based healthcare management. In this context, continuous clinical data processing is not only a 
technical activity but also a healthcare quality requirement because patient status, diagnostic results, 
medication decisions, and resource allocation frequently depend on the timely movement of data 
across clinical systems (Bates et al., 2014). 
The international significance of real-time streaming analytics in healthcare can be understood through 
the growing dependence of modern health systems on timely, data-driven decision-making. Hospitals, 
public health agencies, emergency departments, telehealth providers, and specialty care networks 
increasingly rely on digital data to monitor patient conditions, coordinate care, and identify risks across 
different levels of service delivery. Healthcare data are generated through multiple channels, including 
electronic health records, administrative systems, imaging repositories, bedside monitors, mobile 
health applications, wearable sensors, and cloud-based platforms (Atzori et al., 2010). These sources 
produce data that vary in volume, velocity, variety, and clinical meaning, which creates the need for 
analytics architectures that can integrate and process information without unnecessary delay. In 
international healthcare systems, real-time analytics is especially relevant for emergency response, 
intensive care, chronic disease management, infectious disease surveillance, population health 
monitoring, and remote patient care (Belle et al., 2015). Early warning scores, sepsis alerts, deterioration 
detection, and patient risk stratification demonstrate how clinical value can be generated when data 
are processed close to the time of clinical need. The importance of this subject is also linked to the 
transition from episodic care toward continuous care models, where patient monitoring is no longer 
restricted to hospital visits or fixed clinical encounters. Wearable devices, IoT-enabled monitoring 
systems, and telemedicine platforms allow patient data to be captured outside traditional hospital 
settings, extending the scope of clinical observation into homes, communities, and mobile 
environments (Islam et al., 2015). For this reason, real-time streaming analytics has international 
relevance because it addresses a shared healthcare challenge: how to transform continuous, distributed, 
and heterogeneous clinical data into reliable information for healthcare professionals. The architecture 
of continuous clinical data processing must therefore support data acquisition, message transmission, 
stream handling, storage, interoperability, analytics, visualization, and privacy control in a coordinated 
manner. Such architecture is essential for clinical environments where delays in interpreting patient 
status may affect diagnosis, monitoring, triage, and care coordination (Johnson et al., 2016). 
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The development of real-time streaming analytics in healthcare is strongly connected to the wider 
transformation of health information systems. The global adoption of electronic health records has 
increased the availability of digital clinical data, creating new opportunities for analytics-driven 
healthcare delivery (Miotto et al., 2016). Electronic health records contain diagnoses, laboratory results, 
clinical notes, medication histories, vital signs, procedures, and administrative records, and these 
datasets can support predictive modeling, clinical decision support, and patient segmentation when 
processed with appropriate computational methods. Large-scale clinical datasets such as MIMIC-III 
have also shown the research value of structured and unstructured intensive care data for developing 
and evaluating clinical analytics methods (Obermeyer et al., 2019).  

 
Figure 1: Real-Time Clinical Streaming Analytics Architecture and Healthcare Performance 

Framework  
 

 
 
 

The movement from static records toward continuous analytics requires healthcare data architecture 
to manage both historical and streaming information. In this sense, real-time streaming analytics does 
not replace existing clinical databases; it adds a time-sensitive processing layer that allows new events 
to be analyzed as they enter the system. This is particularly important for clinical workflows involving 
vital-sign abnormalities, medication alerts, emergency triage signals, laboratory updates, and patient 
deterioration warnings. The value of analytics also depends on the ability to represent data in forms 
that are usable across systems and institutions. Interoperability platforms such as SMART on FHIR 
demonstrate how standards-based application environments can connect electronic health records with 
clinical applications and decision-support tools (Raghupathi & Raghupathi, 2014). The use of FHIR-
based representations in predictive modeling also shows how standardized healthcare data formats 
can support scalable analysis across different clinical sites. Internationally, interoperability is important 
because healthcare organizations often operate with fragmented systems that store clinical data in 
separate formats. Real-time streaming analytics therefore requires more than computational speed; it 
requires semantic consistency, system integration, and reliable data exchange. A streaming architecture 
for continuous clinical processing must address the full data pathway from clinical event generation to 
user-facing insight, including sensor capture, data routing, quality checking, processing logic, storage 
integration, analytics modeling, and dashboard presentation (Murdoch & Detsky, 2013). 
Clinical decision-making is a major reason for examining real-time streaming analytics in healthcare. 
Decision-making in clinical environments often depends on timely information about patient 
condition, treatment response, diagnostic results, and emerging risks. Delayed data processing can 
reduce the usefulness of clinical information, especially in time-sensitive situations such as sepsis 
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detection, intensive care monitoring, emergency triage, and rapid deterioration assessment. Research 
on targeted real-time early warning systems has shown how routinely collected clinical data can be 
used to identify patients at risk of deterioration and support earlier clinical attention. Predictive 
modeling studies using large electronic health record datasets have also demonstrated how machine 
learning and deep learning can support patient outcome prediction when clinical information is 
organized and analyzed at scale (Kelly et al., 2019). These studies show that healthcare analytics is not 
only about storing large datasets but also about designing systems that can convert data into clinically 
meaningful signals. Real-time streaming analytics strengthens this process by adding continuous 
monitoring, rapid event detection, and dynamic updating of clinical indicators. In healthcare, this 
capability may support clinicians by improving visibility into patient status, reducing information 
fragmentation, and enabling more responsive clinical workflows (Rajkomar et al., 2018). The use of 
artificial intelligence and machine learning in medicine has further increased the importance of scalable 
data pipelines because predictive models depend on access to timely, complete, and high-quality data. 
Real-time processing also supports operational decision-making by helping hospitals monitor bed use, 
patient flow, diagnostic turnaround, emergency department demand, and care coordination activities. 
This international significance is evident across healthcare systems seeking to improve quality, 
efficiency, patient safety, and resource management using digital health technologies. In this study, 
clinical decision-making efficiency is therefore treated as a central outcome associated with streaming 
analytics capability, because real-time analytics becomes valuable when it improves the speed, clarity, 
and reliability of decisions made by clinicians, administrators, and healthcare data users (Topol, 2019). 
The architectural dimension of real-time streaming analytics is especially important because healthcare 
data environments are complex, heterogeneous, and sensitive. A real-time healthcare analytics 
architecture usually includes several integrated layers: data source layer, ingestion layer, stream 
processing layer, storage layer, interoperability layer, analytics layer, visualization layer, and security-
governance layer. The data source layer may include bedside monitors, wearable devices, EHR 
systems, laboratory information systems, pharmacy systems, imaging systems, and administrative 
platforms (Beam & Kohane, 2018). The ingestion layer captures and routes data through messaging 
systems or streaming pipelines, while the processing layer applies filtering, aggregation, 
transformation, event detection, and analytics logic. The storage and integration layer connects 
streaming data with historical records, and the analytics layer supports statistical modeling, machine 
learning, alert generation, and dashboard reporting. Such layered architecture aligns with broader big 
data analytics frameworks in healthcare, where data acquisition, storage, processing, analysis, and 
interpretation are treated as connected stages of value creation (Mandel et al., 2016). IoT and medical 
IoT studies also emphasize that connected healthcare devices require reliable communication, device 
management, network protocols, and data security to support real-time monitoring. The architecture 
must also handle data quality concerns, including missing values, inconsistent coding, duplicate 
records, noisy sensor signals, and variation in clinical documentation. In predictive healthcare 
analytics, poor data quality can weaken model performance and reduce confidence in decision-support 
outputs. Real-time settings intensify these concerns because streaming systems must process data 
quickly while maintaining accuracy and traceability (Davenport & Kalakota, 2019; Mandel et al., 2016). 
This makes architecture readiness a study-specific issue for healthcare organizations. A hospital may 
have electronic records and monitoring systems, but continuous clinical processing requires readiness 
across data source availability, ingestion capability, interoperability, analytics functionality, security 
controls, and user-facing decision support. For this reason, this study positions the Real-Time Clinical 
Streaming Architecture Readiness Index as a relevant measurement concept within the results section, 
because it allows the research to assess whether the case-study environment has the technical and 
organizational capacity to support continuous clinical data processing (Wiens et al., 2019). 
Data security, privacy, and governance are central to real-time healthcare analytics because clinical data 
are highly sensitive and legally protected. Real-time streaming analytics increases the movement of 
health information across devices, networks, applications, cloud environments, and user interfaces, 
which makes security controls essential at each stage of the architecture. Healthcare data may include 
diagnoses, medication histories, laboratory findings, vital signs, clinical notes, demographic 
information, and other personal identifiers (Gubbi et al., 2013). Unauthorized access, weak 
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authentication, poor auditability, insecure transmission, or inadequate governance can reduce trust in 
digital clinical systems and limit adoption among healthcare professionals. Studies on electronic health 
record security identify administrative, physical, and technical safeguards as necessary components of 
healthcare data protection, including encryption, access control, audit logs, authentication mechanisms, 
and policy-based governance (Dimitrov, 2016). In IoT-enabled healthcare, security is also affected by 
the distributed nature of sensors and connected devices, since data may be generated outside controlled 
hospital networks and transmitted through multiple communication channels (Benjamens et al., 2020). 
Privacy and trust are therefore not separate from analytics performance; they are part of the 
architecture’s ability to function in a clinical environment (Esteva et al., 2019). Ethical and fairness 
concerns in machine learning also highlight the need for careful governance of data-driven healthcare 
systems, particularly where predictive outputs influence clinical prioritization or resource allocation 
(Shickel et al., 2018). Real-time analytics adds another layer of responsibility because alerts and 
dashboards can shape immediate clinical responses (Henry et al., 2015). This requires transparency 
about data sources, event logic, model limitations, access rights, and responsibility for acting on 
generated alerts. Internationally, healthcare systems operate under different regulatory frameworks, 
but the common requirement is that clinical data must be processed securely, accurately, and 
accountably. For this study, data security and privacy controls are treated as an independent variable 
because the success of real-time streaming analytics depends on whether healthcare professionals trust 
the system to protect sensitive information while delivering timely and usable insights. Governance 
also affects the sustainability of continuous clinical data processing because organizations need clear 
rules for data ownership, access authorization, monitoring, retention, and accountability (Wu et al., 
2021). 
The motivation for this quantitative, cross-sectional, case-study-based study arises from the need to 
evaluate real-time streaming analytics not only as a technical innovation but also as an organizational 
capability within healthcare practice (Mst Shurovi & Samia Hossain, 2022). Existing studies provide 
strong evidence that big data analytics, electronic health records, machine learning, interoperability 
standards, IoT devices, and clinical decision-support systems are important components of digital 
healthcare transformation. However, healthcare organizations need empirical assessment of how 
specific architectural factors influence continuous clinical data processing and decision-making 
efficiency (Mukut Kanti, 2025; Samia Hossain, 2024). This study therefore focuses on measurable 
constructs, including real-time data ingestion, streaming analytics capability, system interoperability, 
data security and privacy controls, continuous clinical data processing, clinical decision-making 
efficiency, healthcare operational performance, and clinical event latency perception (Abu Naser Md 
Golam & Amir, 2023; Amir & Chapal, 2022). A quantitative approach using a five-point Likert scale is 
suitable because it allows healthcare professionals, IT staff, clinical informatics specialists, 
administrators, and data users to evaluate the perceived maturity and performance of real-time 
analytics architecture. Descriptive statistics can summarize respondents’ perceptions of system 
readiness and performance; correlation analysis can examine the strength and direction of relationships 
among study variables; and regression modeling can test whether architectural factors significantly 
predict continuous clinical data processing and healthcare performance (Amir, 2024, 2025). The case-
study design is also appropriate because real-time streaming analytics depends heavily on local system 
context, including data infrastructure, workflow design, interoperability arrangements, governance 
procedures, and user readiness (Sadia et al., 2022; Syed Nurul, 2026). By examining a defined healthcare 
context, the study can connect general analytics concepts with specific clinical data-processing realities. 
The inclusion of Clinical Event Latency Perception Analysis strengthens the study because latency is 
one of the most distinctive features of real-time analytics. In clinical settings, the time between data 
generation and clinical visibility can influence the usefulness of alerts, dashboards, and decision-
support outputs. Therefore, this research is positioned around the central idea that real-time streaming 
analytics architecture can be evaluated through the relationship between system readiness, continuous 
data processing, perceived latency, and healthcare decision-making performance. 
Background of the Study 
Real-time streaming analytics in healthcare refers to the continuous processing and interpretation of 
clinical data as it is generated from multiple digital health sources. Modern healthcare systems 
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increasingly depend on electronic health records, bedside monitoring devices, laboratory information 
systems, pharmacy platforms, medical imaging systems, wearable sensors, remote patient monitoring 
tools, and connected medical devices. These systems generate large volumes of patient-related data 
every second, but the value of such data depends on how quickly it can be processed, interpreted, and 
transformed into meaningful clinical information. In many healthcare environments, clinical data are 
still processed through delayed, fragmented, or batch-based systems, which limits the ability of 
clinicians and administrators to respond to changing patient conditions in real time. A patient’s vital 
signs, laboratory results, medication history, emergency triage status, and deterioration signals may 
exist in different systems, creating delays in interpretation and action. Real-time streaming analytics 
offers a structured approach for integrating these continuous data streams into an architecture that 
supports immediate analysis, clinical alerts, dashboards, decision-support systems, and operational 
monitoring. The background of this study is rooted in the growing need for healthcare organizations 
to move from static data storage toward dynamic and continuous data processing. Healthcare delivery 
is becoming more data-intensive, and clinical decisions increasingly depend on timely, accurate, and 
integrated information. Continuous clinical data processing can support early identification of patient 
risk, faster response to abnormal conditions, improved monitoring of high-risk patients, and better 
coordination among healthcare professionals. The architecture required for this process includes real-
time data ingestion, stream processing, system interoperability, data security, analytics capability, and 
visualization tools. This study focuses on the healthcare need for an organized real-time streaming 
analytics architecture that can process clinical data continuously and support evidence-based decision-
making. By examining this topic through a quantitative, cross-sectional, case-study-based design, the 
research aims to assess how architectural readiness, analytics capability, interoperability, and privacy 
controls contribute to continuous clinical data processing and healthcare operational performance. 
Problem Statement 
Healthcare organizations generate large amounts of clinical data through electronic records, 
monitoring devices, diagnostic systems, administrative platforms, and connected healthcare 
technologies, yet many of these data are not processed continuously or used effectively at the point of 
clinical need. In many clinical environments, data remain scattered across different systems, 
departments, and formats, creating delays in access, interpretation, and decision-making. These delays 
can affect patient monitoring, emergency response, clinical workflow efficiency, and operational 
performance. A patient’s condition may change rapidly, but if the relevant data are processed late or 
remain isolated in separate systems, clinicians may not receive timely alerts or complete information. 
This creates a major challenge for healthcare organizations that aim to provide responsive, data-driven, 
and patient-centered care. Another important problem is that healthcare data systems often lack strong 
interoperability, meaning that electronic health records, laboratory systems, pharmacy platforms, 
wearable devices, and monitoring systems may not communicate smoothly with one another 
(Mahmudul & Sadia, 2026; Zaman, 2024). As a result, healthcare professionals may need to depend on 
manual review, delayed reports, or incomplete dashboards. In addition, real-time clinical analytics 
requires strong security and privacy controls because patient data are sensitive and must be protected 
during collection, transmission, processing, storage, and visualization. Without reliable governance, 
healthcare professionals may have limited trust in analytics systems, and organizations may hesitate to 
expand real-time data processing. The problem addressed in this study is the limited understanding of 
how real-time streaming analytics architecture influences continuous clinical data processing in 
healthcare. While many healthcare organizations recognize the importance of digital systems, there is 
still a need to quantitatively examine whether real-time data ingestion, streaming analytics capability, 
system interoperability, and data security/privacy controls significantly improve clinical decision-
making efficiency and healthcare operational performance. This study also addresses the need to 
evaluate clinical event latency, or the perceived delay between data generation and clinical visibility. 
Therefore, the research problem centers on the gap between the availability of continuous clinical data 
and the ability of healthcare organizations to process, analyze, and apply that data in real time for 
effective clinical and operational decisions. 
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The main objective of this study is to examine the role of real-time streaming analytics architecture in 
supporting continuous clinical data processing within healthcare environments. This objective is 
developed from the need to understand how healthcare organizations can process large volumes of 
clinical data continuously and convert them into useful information for decision-making, patient 
monitoring, and operational improvement. The study specifically aims to assess the effect of real-time 
data ingestion on continuous clinical data processing, because the ability to collect and transmit clinical 
data from multiple sources is the foundation of a real-time healthcare analytics system. Another 
objective is to evaluate the relationship between streaming analytics capability and clinical decision-
making efficiency, since analytics tools become valuable when they help clinicians and healthcare 
administrators interpret data quickly and accurately. The study also aims to examine the influence of 
system interoperability on real-time healthcare data processing, as clinical data often come from 
different systems that must be integrated for continuous analytics to function properly. In addition, the 
study intends to assess the effect of data security and privacy controls on the adoption and effectiveness 
of real-time streaming analytics, because patient data must be protected throughout the analytics 
process. Another important objective is to determine whether continuous clinical data processing 
contributes to healthcare operational performance, including faster response time, improved patient 
monitoring, better workflow coordination, and more efficient use of healthcare resources. The study 
further aims to examine clinical event latency perception by analyzing how respondents perceive 
delays in vital-sign alerts, laboratory result updates, medication-related alerts, emergency triage 
signals, and patient deterioration warnings. Finally, this study seeks to develop and apply a Real-Time 
Clinical Streaming Architecture Readiness Index to assess the level of readiness of the selected 
healthcare case environment. Through these objectives, the study will provide a structured quantitative 
evaluation of the architectural, technical, and organizational factors that influence real-time healthcare 
analytics performance. 
Research Hypotheses 
The hypotheses of this study are developed to statistically examine the relationships among real-time 
streaming analytics architecture, continuous clinical data processing, clinical decision-making 
efficiency, and healthcare operational performance. Since the study follows a quantitative, cross-
sectional, case-study-based design, the hypotheses are structured to test whether the major 
architectural components of real-time healthcare analytics have significant effects on the expected 
clinical and operational outcomes. The first hypothesis states that real-time data ingestion has a 
significant positive effect on continuous clinical data processing. This hypothesis is based on the idea 
that healthcare organizations must be able to collect, transfer, and process data continuously from 
electronic health records, patient monitoring devices, laboratory systems, pharmacy systems, and 
wearable technologies. The second hypothesis states that streaming analytics capability has a 
significant positive relationship with clinical decision-making efficiency. This means that healthcare 
professionals are expected to make faster and more informed decisions when analytics systems provide 
timely alerts, dashboards, and interpreted clinical information. The third hypothesis states that system 
interoperability has a significant positive effect on continuous clinical data processing. This hypothesis 
reflects the importance of connecting fragmented healthcare systems so that clinical data can move 
smoothly across departments and platforms. The fourth hypothesis states that data security and 
privacy controls have a significant positive effect on the adoption of real-time streaming analytics in 
healthcare. Since clinical data are highly sensitive, the presence of strong privacy and governance 
controls is expected to increase trust in real-time analytics systems. The fifth hypothesis states that 
continuous clinical data processing has a significant positive effect on healthcare operational 
performance. This means that organizations with stronger continuous data-processing capability are 
expected to achieve better monitoring, faster response, and improved workflow efficiency. The sixth 
hypothesis states that lower perceived clinical event latency is significantly associated with higher 
clinical decision-making efficiency. This hypothesis is especially specific to this study because it 
connects the speed of clinical data visibility with the quality and timeliness of healthcare decisions. 
Together, these hypotheses allow the study to test whether real-time streaming analytics architecture 
can meaningfully support healthcare performance. 
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Significance of the Research 
i. Significance for healthcare organizations: This study is significant because it helps healthcare 
organizations understand how real-time streaming analytics architecture can improve continuous 
clinical data processing. Hospitals and healthcare institutions generate large amounts of clinical data, 
but the usefulness of this data depends on timely processing, integration, and interpretation. The study 
provides a structured way to examine whether healthcare organizations are ready to process clinical 
data continuously and use it for decision-making. 
ii. Significance for clinical decision-making: The study is important for clinicians because it focuses 
on how real-time analytics can support faster and more accurate clinical decisions. By examining 
clinical event latency, patient monitoring, data visibility, and decision-making efficiency, the research 
highlights the importance of timely information in clinical practice. 
iii. Significance for healthcare IT managers: The research is useful for healthcare IT managers because 
it identifies the major architectural factors required for real-time analytics, including data ingestion, 
interoperability, analytics capability, system security, and governance. These factors can guide the 
design, evaluation, and improvement of healthcare data systems. 
iv. Significance for patient monitoring and safety: The study is significant because continuous clinical 
data processing can improve the monitoring of patient conditions. Real-time alerts related to vital signs, 
laboratory results, medication events, emergency triage, and patient deterioration may help healthcare 
professionals respond more quickly to patient needs. 
v. Significance for academic research: This study contributes to the academic literature by connecting 
real-time streaming analytics architecture with continuous clinical data processing in a quantitative 
research design. It also introduces unique study-specific result sections, including the Real-Time 
Clinical Streaming Architecture Readiness Index and Clinical Event Latency Perception Analysis. 
vi. Significance for healthcare performance improvement: The study supports better understanding 
of how real-time analytics can improve operational performance by reducing delays, improving 
workflow coordination, supporting resource allocation, and strengthening data-driven healthcare 
management. 
LITERATURE REVIEW 
The literature on real-time streaming analytics in healthcare is closely connected to research on digital 
health systems, big data analytics, electronic health records, clinical decision support, medical Internet 
of Things, healthcare interoperability, data security, and continuous patient monitoring. Healthcare has 
become one of the most data-intensive sectors because clinical information is generated from several 
sources, including hospital information systems, laboratory systems, pharmacy platforms, wearable 
sensors, imaging systems, bedside monitors, and administrative databases. The literature shows that 
healthcare data are valuable when they are processed accurately, securely, and in a timely manner to 
support clinical and operational decisions. Traditional batch-based data processing can support 
retrospective reporting, but real-time healthcare environments require more immediate processing 
because patient conditions can change quickly and clinical decisions often depend on current 
information. Real-time streaming analytics provides a technical and organizational approach for 
processing continuous data flows as events occur. This makes it relevant to emergency care, intensive 
care, chronic disease monitoring, remote patient management, clinical alerts, and hospital operations. 
Existing literature also emphasizes that real-time healthcare analytics depends on a strong architecture 
that includes data ingestion, stream processing, storage, interoperability, analytics modeling, 
visualization, and governance. Interoperability is especially important because healthcare data are 
often fragmented across different platforms and departments. Security and privacy are also major 
themes because clinical data are sensitive and must be protected throughout the analytics lifecycle. 
Literature on clinical decision support further shows that data-driven tools are most useful when they 
provide timely, reliable, and interpretable information to healthcare professionals. For this research, 
the literature review will therefore examine the major concepts and systems that support continuous 
clinical data processing. It will also discuss the theoretical foundation and conceptual framework 
guiding the study. The review will help clarify how real-time data ingestion, streaming analytics 
capability, system interoperability, and data security/privacy controls influence clinical decision-
making efficiency and healthcare operational performance within a case-study-based healthcare 
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setting. 
Real-Time Streaming Analytics in Healthcare 
Real-time streaming analytics in healthcare refers to the capacity of a digital health system to receive 
clinical data continuously, process the data immediately, and produce usable information while the 
event is still clinically relevant. In a healthcare setting, streaming data may originate from electronic 
records, bedside monitors, laboratory systems, radiology platforms, wearable sensors, pharmacy 
systems, ambulance services, and remote care applications. The concept is therefore rooted in the 
movement from retrospective reporting toward immediate clinical visibility. Traditional analytics 
usually depends on stored datasets that are cleaned, organized, and analyzed after a delay, while 
streaming analytics emphasizes continuous ingestion, fast transformation, event detection, and near-
immediate interpretation. This distinction is important because clinical conditions can change within 
minutes, and healthcare teams often require timely information to identify risk, monitor deterioration, 
prioritize patients, and coordinate intervention. Big data in healthcare is commonly associated with 
volume, variety, velocity, and complexity, and the velocity dimension makes real-time analytics 
especially relevant for clinical environments that generate time-sensitive information (Dash et al., 2019; 
Md. Abdur & Iftekhar, 2021). A streaming analytics system does not simply collect large datasets; it 
creates a processing pathway through which incoming signals can be filtered, validated, aggregated, 
and displayed for decision-making. This pathway may involve data ingestion tools, distributed 
processing engines, cloud or edge computing resources, storage repositories, dashboards, and alert 
mechanisms. In this research, real-time streaming analytics is viewed as an architectural capability 
because its value depends on how well technical components are connected across the healthcare data 
lifecycle. The architecture must allow data to move from clinical source systems to analytical outputs 
with minimum delay and maximum reliability. For continuous clinical data processing, the main 
concern is not only the existence of digital data, but whether such data can be integrated and interpreted 
quickly enough to support clinical and operational decisions. This makes architectural coordination 
central to healthcare analytics. 

 
Figure 2: Theoretical Framework for Real-Time Streaming Analytics in Healthcare Systems 
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The literature also shows that real-time streaming analytics is strongly connected with the development 
of smarter healthcare systems, especially those built around connected devices, sensors, mobile health 
applications, and distributed data platforms. In smart healthcare, clinical data are generated beyond 
the traditional hospital record and include physiological signals, activity data, environmental 
indicators, medication-use data, and patient-reported information. These data sources increase the 
need for architectures that can receive heterogeneous inputs and process them in a coordinated way. 
Internet-of-Things and big data systems have been presented as core enablers of smarter healthcare 
because they connect devices, applications, networks, and analytics services into a broader digital care 
environment (Amir & Chapal, 2022; Firouzi et al., 2018). Within such an environment, streaming 
analytics supports the continuous movement of data from connected devices to processing platforms 
and then to clinicians, dashboards, or automated alert systems. The Healthcare 4.0 perspective further 
expands this view by linking IoT, cloud computing, fog computing, and big data technologies with 
more integrated and service-oriented healthcare delivery (Aceto et al., 2020; Kazi Rakib Hasan & 
Uddin, 2022). These technologies are relevant to continuous clinical data processing because they 
provide the infrastructure needed to manage high-speed clinical information across different locations 
and devices. Cloud platforms may provide scalable storage and computational resources, while edge 
or fog computing may reduce latency by processing some data closer to the source. For healthcare 
organizations, this technical arrangement is important because clinical data streams are often 
heterogeneous, fast-moving, and sensitive. Streaming analytics therefore requires an architecture that 
can handle device connectivity, data routing, preprocessing, storage integration, analytical modeling, 
and visualization. In this study, the literature on smart healthcare supports the view that real-time 
analytics should be assessed through system readiness, interoperability, analytics capability, and 
perceived clinical latency rather than through isolated technology adoption alone. It also strengthens 
organizational control over streaming workloads and accountability. 
Real-time streaming analytics is also important because healthcare delivery increasingly extends 
beyond the walls of hospitals and into remote, mobile, and home-based care environments. IoT-enabled 
healthcare systems allow connected digital devices to collect, send, and store data without continuous 
manual entry, making it possible to observe patient conditions across both institutional and 
noninstitutional settings (Kelly et al., 2020; Muhammad Mohiul & Mohammad Badrul, 2022). This 
creates new opportunities for continuous monitoring, but it also increases the need for reliable analytics 
processes that can transform raw data into clinically useful information. Wearable sensors are 
particularly relevant because they can generate continuous or frequent measurements related to heart 
rate, movement, sleep, activity, temperature, and other physiological or behavioral indicators. Such 
data become valuable when they are linked with analytics tools that support monitoring, prediction, 
warning, rehabilitation, and chronic disease management (Mukut Kanti & Rony, 2022; Uddin & Syed-
Abdul, 2020). From a streaming analytics perspective, wearable and IoT data highlight the importance 
of latency, data quality, and interpretability. Raw sensor data may be noisy, incomplete, or context-
dependent, so real-time healthcare analytics must include mechanisms for filtering, validation, 
aggregation, and meaningful presentation. The usefulness of streaming analytics therefore depends on 
both technical performance and clinical relevance. A fast system that produces unclear or unreliable 
alerts may not improve decision-making, while a reliable system that processes data too slowly may 
lose value in urgent clinical situations. For this reason, real-time streaming analytics should be 
understood as a socio-technical capability involving infrastructure, data governance, professional trust, 
workflow alignment, and clinical usability. In the context of this research, the topic is directly related 
to continuous clinical data processing because it explains how healthcare organizations can convert 
ongoing data flows into timely decisions. It also supports the need to measure architecture readiness 
and clinical event latency as unique result areas in the study. These concerns shape measurable system 
performance indicators. 
Continuous Clinical Data Processing and Decision Support 
Continuous clinical data processing refers to the systematic handling of patient-related information in 
a way that allows data to be captured, organized, interpreted, and delivered to healthcare professionals 
while it remains useful for clinical action. In healthcare environments, this process includes data 
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generated from electronic health records, laboratory systems, medication records, diagnostic platforms, 
bedside monitors, nursing documentation, clinical notes, and patient monitoring technologies. The 
central value of continuous clinical data processing is that it supports decision-making at the point 
where clinical judgment is required. Clinical decision support systems are designed to assist healthcare 
professionals by matching patient-specific data with computerized knowledge, clinical rules, alerts, 
reminders, risk scores, and evidence-based recommendations. Early evidence on computerized 
decision support showed that these systems could improve practitioner performance when they were 
properly connected to clinical workflows and delivered recommendations at the time decisions were 
being made (Garg et al., 2005). This is important for real-time healthcare analytics because a decision-
support system becomes more effective when it receives updated and relevant clinical information 
rather than delayed or fragmented data. Continuous processing therefore strengthens the relationship 
between data availability and clinical usefulness. If laboratory results, vital signs, medication changes, 
or deterioration indicators are processed late, the resulting clinical decision may lose accuracy or 
urgency. In contrast, when data are continuously processed, decision-support tools can provide timely 
alerts, risk classifications, reminders, and recommendations. This makes continuous data processing a 
key foundation for real-time streaming analytics architecture. In this study, continuous clinical data 
processing is treated as a major outcome because it reflects whether healthcare data can move from 
source systems to clinical decision-making tools in a timely and meaningful way. It also helps explain 
why real-time data ingestion, interoperability, analytics capability, and security controls must work 
together within the same healthcare data architecture. 

 
Figure 3: Process Model for Real-Time Clinical Data Processing and Decision Support 

 

 
 
 

The literature on clinical decision support emphasizes that technology alone does not guarantee better 
healthcare decisions; the effectiveness of decision support depends on design quality, workflow 
integration, timing, usability, and actionability. A major systematic review of clinical decision support 
systems found that successful systems were more likely to provide support automatically as part of 
clinician workflow, deliver recommendations at the time and place of decision-making, and give clear 
actionable guidance rather than passive information (Kawamoto et al., 2005; Sadia et al., 2022). This 
finding is directly relevant to continuous clinical data processing because real-time analytics must not 
only process data quickly but also deliver outputs in a way that clinicians can interpret and use. 
Healthcare professionals often work under time pressure, especially in emergency departments, 
intensive care units, and high-risk inpatient settings. Therefore, decision-support outputs must be 
timely, relevant, and connected to clinical tasks. Broader health information technology research also 
shows that electronic records and decision-support systems can improve healthcare quality and 
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efficiency when they are implemented with strong system design and organizational support (Abu 
Naser Md Golam & Amir, 2023; Chaudhry et al., 2006). In the context of this research, continuous 
clinical data processing acts as the bridge between healthcare data infrastructure and clinical decision-
making efficiency. Data must pass through several stages before becoming useful: collection from 
clinical sources, validation, integration, analysis, interpretation, and presentation through dashboards 
or alerts. If any stage is weak, fragmented, or delayed, the decision-support function may be reduced. 
This means that continuous processing is not only a technical process but also a clinical workflow 
requirement. Real-time streaming analytics improves this process by allowing data to be analyzed as 
events occur, helping clinicians identify abnormal conditions, detect patient deterioration, monitor 
treatment response, and coordinate care. For this reason, the study examines how streaming analytics 
capability influences decision-making efficiency within a case-study-based healthcare setting. 
More recent literature also shows that clinical decision support has become increasingly connected with 
electronic health records, predictive analytics, and data-driven healthcare operations. A systematic 
review and meta-analysis of computerized decision support systems linked to electronic health records 
found that such systems can influence care processes when evidence-based knowledge and patient data 
are integrated into clinical workflows (Md Tohidul, 2023; Moja et al., 2014). This supports the idea that 
continuous clinical data processing must be embedded within healthcare information systems rather 
than treated as a separate technical function. Modern clinical decision support systems may include 
alerts for medication safety, reminders for preventive care, diagnostic assistance, predictive risk 
scoring, chronic disease management support, and workflow recommendations. A contemporary 
overview of clinical decision support systems also explains that these systems can provide benefits, but 
they require careful design, evaluation, maintenance, and risk management to avoid alert fatigue, 
workflow disruption, and inappropriate reliance on automated outputs (Mohammad Badrul & Md. 
Mominul, 2023; Sutton et al., 2020). These concerns are highly relevant for real-time streaming analytics 
because continuous data streams can generate large numbers of alerts if the architecture lacks filtering, 
prioritization, and clinical relevance. In a healthcare setting, the purpose of continuous processing is 
not to produce more information, but to produce better-timed, better-organized, and more actionable 
information. This is why clinical event latency is important in the present study. Latency refers to the 
delay between the generation of a clinical event and its visibility to decision-makers. If a patient 
deterioration signal, abnormal laboratory result, or medication-related alert reaches clinicians late, the 
decision-support value may decrease. Therefore, continuous clinical data processing should be 
evaluated through both system capability and perceived usefulness in practice. This section supports 
the study’s conceptual model by showing that real-time streaming analytics can strengthen decision-
making only when data processing, system integration, and clinical support functions operate together. 
Healthcare Data Architecture and Interoperability 
Healthcare data architecture refers to the structured arrangement of technologies, standards, processes, 
databases, interfaces, and governance mechanisms that allow clinical data to be captured, stored, 
exchanged, processed, and used across healthcare systems. In real-time streaming analytics, 
architecture is especially important because clinical data must move continuously from source systems 
to processing platforms, analytical models, dashboards, and decision-support tools. A healthcare 
organization may have electronic health records, laboratory systems, pharmacy platforms, patient 
monitoring devices, and administrative databases, but these systems only create value for continuous 
clinical processing when they are connected through a coherent architecture. Interoperability is the 
ability of different information systems, applications, and devices to exchange data and use the 
exchanged information meaningfully. It includes technical connectivity, structural formatting, 
semantic consistency, and organizational coordination. A systematic review of heterogeneous health 
information systems identified interoperability as a key requirement for improving data exchange, 
reducing fragmented information, and supporting better quality of care (Mohammad Shoriful Hossan 
& Adar, 2023; Torab-Miandoab et al., 2023). For this research, interoperability is directly related to real-
time streaming analytics because fragmented clinical systems can create delays, duplication, 
incomplete visibility, and weak decision support. A real-time architecture must therefore support data 
movement from multiple clinical sources while maintaining consistent meaning across systems. This 
includes using standardized formats, terminologies, APIs, integration engines, data repositories, and 
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secure access mechanisms. Interoperability also allows data from different departments to be combined 
into a single analytical environment, which is necessary for continuous clinical data processing. 
Without integration between clinical source systems, streaming analytics may only process isolated 
data streams and fail to represent the complete patient condition. Therefore, healthcare data 
architecture and interoperability form the technical foundation through which real-time analytics can 
support timely alerts, clinical dashboards, risk scoring, patient monitoring, and operational decision-
making in healthcare organizations. 

 
Figure 4: Healthcare Data Architecture Supporting Real-Time Streaming Analytics 

 

 
 
 

Fast Healthcare Interoperability Resources, commonly known as FHIR, has become one of the most 
important standards in discussions of healthcare data architecture because it supports web-based 
exchange of clinical information through modular resources and application programming interfaces. 
FHIR is designed to make clinical data exchange more flexible by representing healthcare concepts such 
as patients, observations, encounters, conditions, medications, procedures, and devices as standardized 
resources. A systematic literature review of FHIR implementations showed that FHIR has been applied 
across electronic health records, mobile health applications, clinical decision support, data migration, 
and healthcare system integration (Ayaz et al., 2021; Risha & Kazi Mohammad Khalid, 2023). This is 
important for real-time streaming analytics because FHIR-based architecture can support the 
movement of clinical data between source systems and analytical tools using standardized structures. 
Another systematic review focused on FHIR for health research found that FHIR helps standardize 
data across sources and can support data capture, standardization, analysis, recruitment, and consent 
management in research settings (Amir, 2024; Vorisek et al., 2022). Although this study focuses on 
healthcare operations rather than clinical research alone, the relevance is clear because continuous 
clinical data processing also depends on standardized and reusable data structures. In a streaming 
analytics environment, FHIR can support interoperability between electronic health records, data 
warehouses, analytics platforms, and external applications. It can also help reduce the technical burden 
of connecting heterogeneous systems by allowing different platforms to communicate through 
common resource definitions. This architectural role is important because real-time analytics requires 
both speed and interpretability. If data are transferred quickly but lack consistent structure or meaning, 
the resulting analytics may be incomplete or unreliable. Therefore, interoperability standards such as 
FHIR are not merely technical tools; they are part of the architecture that enables continuous clinical 
data processing, decision-support integration, and cross-system healthcare information exchange. 
Healthcare data architecture also involves the challenge of harmonizing data from different models, 
repositories, and institutions. Many healthcare organizations use local databases, proprietary systems, 
and different common data models, which creates difficulty when data must be integrated for analytics 
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or shared across sites. A quantitative validation study proposed FHIR as a meta-model for integrating 
common data models, showing that FHIR can serve as a source-agnostic standard for mapping clinical 
variables across different data structures (Mohammad Shoriful Hossan, 2024; Pfaff et al., 2019). This 
supports the present study because real-time streaming analytics requires clinical data to be 
transformed into forms that can be processed consistently across systems. Architecture must therefore 
include transformation, mapping, validation, and normalization functions, not only data transmission. 
Secure data sharing is another critical architectural requirement, especially when clinical information 
moves across distributed providers, applications, or care settings. The FHIRChain architecture 
demonstrated how blockchain and FHIR can be combined to support secure and scalable clinical data 
sharing while maintaining decentralized control and identity-based access (Shima Ali et al., 2024; 
Zhang et al., 2018). This is relevant to real-time healthcare analytics because continuous clinical data 
processing requires both interoperability and trust. If data movement is not secure, healthcare 
organizations may resist broader integration, and clinicians may question the reliability of shared 
information. In this study, healthcare data architecture and interoperability are therefore understood 
as interconnected elements of a real-time analytics ecosystem. The architecture must support ingestion, 
exchange, standardization, transformation, security, storage, analytics, and visualization. 
Interoperability makes it possible for fragmented clinical data streams to become integrated inputs for 
decision-making. This section supports the study’s conceptual model by explaining why system 
interoperability is expected to have a significant positive effect on continuous clinical data processing. 
It also supports the Real-Time Clinical Streaming Architecture Readiness Index because readiness 
depends on whether the case-study organization has the architectural maturity to connect systems, 
standardize data, secure exchange, and support continuous analytics. 
Data Security in Real-Time Clinical Analytics 
Data security, privacy, and governance are central requirements in real-time clinical analytics because 
healthcare systems process highly sensitive patient information across multiple digital environments. 
Real-time streaming analytics increases the speed and frequency with which clinical data move 
between electronic health records, monitoring devices, laboratory systems, pharmacy platforms, cloud 
services, analytics engines, dashboards, and decision-support tools. This continuous movement creates 
major security and privacy responsibilities because patient data may include diagnoses, laboratory 
results, medication records, vital signs, demographic information, clinical notes, and other personally 
identifiable health details. In traditional healthcare information systems, data protection is often 
focused on stored records and controlled access within institutional databases. In real-time analytics, 
protection must also cover data in motion, data generated from connected devices, data processed 
through streaming pipelines, and data displayed through clinical dashboards. Information security in 
healthcare is therefore not limited to technical defense; it also involves organizational policies, user 
behavior, regulatory compliance, risk assessment, and accountability structures. Research on 
healthcare information security explains that digital patient records, increased regulation, institutional 
data exchange, and healthcare system consolidation have made information security and privacy major 
concerns for healthcare organizations (Appari & Johnson, 2010; Zaman, 2024). This is highly relevant 
to real-time streaming analytics because continuous clinical data processing requires trust across the 
full analytics architecture. If healthcare professionals believe that patient information is exposed to 
unauthorized access, misuse, weak authentication, or poor governance, their confidence in real-time 
analytics systems may be reduced. For this reason, data security and privacy controls are treated as a 
core independent variable in the present study. The effectiveness of a real-time clinical analytics 
architecture depends not only on its ability to ingest and process data quickly, but also on its ability to 
protect sensitive clinical information while maintaining accuracy, availability, confidentiality, and 
accountability. 
Electronic health records are one of the most important data sources for real-time clinical analytics, and 
their security requirements provide a strong foundation for understanding privacy issues in 
continuous clinical data processing. EHR systems contain large amounts of structured and 
unstructured clinical information, and these records often connect with other healthcare systems 
through interfaces, portals, applications, and analytics platforms. A systematic review of EHR security 
and privacy found that healthcare data protection commonly depends on access control, 
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authentication, encryption, anonymization, audit trails, standards, and privacy regulations (Amir, 
2025; Fernández-Alemán et al., 2013). These mechanisms are particularly important for real-time 
streaming analytics because clinical data may be collected and transferred continuously from different 
sources before being transformed into alerts, dashboards, or predictive indicators. The security 
challenge becomes more complex when real-time analytics uses cloud infrastructure or distributed 
systems. Cloud-based healthcare platforms can support scalability, rapid deployment, flexible storage, 
and remote access, but they also introduce risks related to data centralization, third-party control, 
network exposure, service availability, and cross-location data management. A survey of eHealth cloud 
security challenges highlighted concerns such as data confidentiality, integrity, availability, access 
management, authentication, identity control, and privacy protection in cloud-enabled healthcare 
systems (Al-Issa et al., 2019; Md Arif Uz et al., 2025). These issues are directly related to the architecture 
of continuous clinical data processing because real-time systems often depend on connected platforms 
rather than isolated databases. Governance must therefore define who can access data, how data are 
transmitted, how user activity is monitored, how breaches are handled, and how sensitive information 
is protected during analytics operations. In this study, privacy and security controls are understood as 
architectural requirements that support trustworthy data processing. Strong governance allows 
healthcare organizations to use streaming analytics while protecting patients, maintaining professional 
accountability, and reducing risks linked to unauthorized access or misuse of clinical information. 

 
Figure 5: Framework for Secure and Privacy-Preserving Real-Time Clinical Analytics 

 

 
 
 

The importance of data security and privacy becomes even stronger in Healthcare 4.0 environments, 
where clinical analytics may involve IoT devices, mobile health systems, wearable sensors, cloud 
computing, artificial intelligence, and interconnected medical platforms. These technologies create 
more data sources and more access points, which increases the number of possible vulnerabilities in 
the healthcare analytics ecosystem. A review of cybersecurity in healthcare described healthcare as an 
attractive target for cybercrime because it stores valuable personal and clinical information and often 
operates with complex, vulnerable, and highly connected systems (Coventry & Branley, 2018; 
Mohammad Shoriful Hossan, 2025). This concern is especially relevant for real-time clinical analytics 
because a security incident may affect not only stored patient data but also ongoing clinical workflows, 
alerts, monitoring functions, and decision-support outputs. Security failures in real-time environments 
may create risks such as data manipulation, delayed alerts, unavailable dashboards, unauthorized 
disclosure, or reduced trust in clinical analytics. Healthcare 4.0 literature also emphasizes that privacy 
and security issues arise from the integration of cyber-physical systems, sensor-based monitoring, 
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distributed devices, and intelligent healthcare applications (Hathaliya & Tanwar, 2020; Mukut Kanti, 
2025). These issues show that governance must be embedded into every layer of the analytics 
architecture, including device authentication, encrypted transmission, role-based access, data quality 
monitoring, audit logging, privacy-preserving analytics, and incident response. For the present study, 
security and privacy are not treated as secondary technical features; they are essential conditions for 
successful real-time streaming analytics adoption. A healthcare organization may have strong data 
ingestion and analytics capability, but weak governance can reduce system trust and limit the practical 
value of continuous clinical data processing. Therefore, this section supports the study’s conceptual 
framework by explaining why data security and privacy controls are expected to have a significant 
positive effect on the adoption and effectiveness of real-time streaming analytics in healthcare. 
Theoretical Framework: Technology Acceptance Model and Study Regression Model 
The theoretical framework for this study is grounded in the Technology Acceptance Model because the 
research examines how healthcare professionals may perceive, accept, and use real-time streaming 
analytics architecture for continuous clinical data processing. The Technology Acceptance Model 
explains technology use through two major belief dimensions: perceived usefulness and perceived ease 
of use. In this research, perceived usefulness refers to the extent to which healthcare professionals 
believe that real-time streaming analytics can improve clinical data processing, decision-making 
efficiency, patient monitoring, and healthcare operational performance. Perceived ease of use refers to 
the extent to which healthcare professionals believe that the analytics architecture, dashboards, alerts, 
data interfaces, and clinical outputs can be used without excessive effort or workflow disruption. The 
model is suitable because real-time streaming analytics is not only a technical system but also a user-
facing healthcare information system that must be trusted, understood, and used by clinicians, 
administrators, healthcare IT professionals, and clinical informatics staff. Health technology acceptance 
research shows that end-user acceptance is a critical issue in healthcare because clinical information 
technologies often fail to achieve their intended value when professionals perceive them as difficult to 
use, poorly integrated, or misaligned with clinical work (Ojo, 2017; Shima Ali et al., 2025). Health 
information technology acceptance research also shows that perceived usefulness and perceived ease 
of use can influence attitudes, behavioral intention, and actual use of healthcare technologies (Amir, 
2026; Gable et al., 2008). Therefore, the Technology Acceptance Model provides a strong theoretical 
basis for explaining how system-related factors influence healthcare users’ willingness to depend on 
real-time streaming analytics. In this study, real-time data ingestion, streaming analytics capability, 
system interoperability, and data security/privacy controls are treated as architecture-related factors 
that may strengthen perceived usefulness and perceived ease of use. When these system qualities are 
strong, healthcare users are more likely to view continuous clinical data processing as reliable, timely, 
and useful for clinical decision-making. 
The Technology Acceptance Model is especially relevant to real-time healthcare analytics because 
successful adoption depends on both technical capability and organizational fit. Real-time streaming 
analytics may include advanced data ingestion, continuous processing engines, cloud or edge 
infrastructure, interoperability standards, predictive dashboards, and automated clinical alerts, but 
these features become meaningful only when users see them as useful and manageable within clinical 
practice. Health information technology implementation studies emphasize that healthcare 
technologies operate within complex organizational environments where technical, social, workflow, 
and institutional factors interact with one another (Mahmudul & Sadia, 2026; Petter et al., 2008). This 
means that real-time analytics adoption cannot be explained only by system availability; it also requires 
attention to user confidence, training, workflow compatibility, data quality, privacy assurance, and 
organizational readiness. Extended acceptance models in healthcare and telehealth further show that 
technology adoption is influenced by perceived value, performance expectations, facilitating 
conditions, habit, and user confidence, especially when digital systems change the way patients or 
healthcare professionals interact with health services (Mst Shurovi, 2026; Wixom & Todd, 2005). In the 
present study, this theoretical reasoning supports the selection of variables such as real-time data 
ingestion, streaming analytics capability, system interoperability, data security and privacy controls, 
continuous clinical data processing, clinical decision-making efficiency, and healthcare operational 
performance. Real-time data ingestion and streaming analytics capability reflect the performance value 
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of the system because they determine whether clinical data can be processed quickly and transformed 
into actionable outputs. System interoperability reflects ease of use and workflow fit because connected 
systems reduce fragmentation and manual effort. Data security and privacy controls reflect trust 
because healthcare professionals are more likely to accept real-time analytics when sensitive clinical 
information is protected.   

 
Figure 6: Study-Specific Theoretical and Regression Framework for Continuous Clinical Data 

Processing 
 

 
 
 

Based on this theoretical reasoning, the Technology Acceptance Model can be summarized as: 
𝑇𝐴𝑀 → (𝑃𝑈, 𝑃𝐸𝑂𝑈, 𝐴𝑇𝑈, 𝐵𝐼, 𝐴𝑈) 

 
Where: 

𝑃𝑈 = 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝑈𝑠𝑒𝑓𝑢𝑙𝑛𝑒𝑠𝑠 

𝑃𝐸𝑂𝑈 = 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑 𝐸𝑎𝑠𝑒 𝑜𝑓 𝑈𝑠𝑒 

𝐴𝑇𝑈 = 𝐴𝑡𝑡𝑖𝑡𝑢𝑑𝑒 𝑇𝑜𝑤𝑎𝑟𝑑 𝑈𝑠𝑒 

𝐵𝐼 = 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟𝑎𝑙 𝐼𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 

𝐴𝑈 = 𝐴𝑐𝑡𝑢𝑎𝑙 𝑈𝑠𝑒 
 
In the study-specific form, the theoretical model can be expressed as: 

(𝑅𝑇𝐷𝐼 + 𝑆𝐴𝐶 + 𝑆𝐼 + 𝐷𝑆𝑃𝐶) → (𝐶𝐶𝐷𝑃 + 𝐶𝐷𝑀𝐸 + 𝐻𝑂𝑃) 
 
The best formula for the whole study is multiple linear regression because the research is quantitative, 
cross-sectional, case-study–based, and designed to test how several independent variables jointly and 
individually explain changes in healthcare outcomes (Bashiri et al., 2023; Shima Ali et al., 2026). The 
use of a five-point Likert scale allows respondents to rate the perceived strength of real-time data 
ingestion, streaming analytics capability, interoperability, security/privacy controls, continuous 
clinical data processing, and healthcare performance. Regression modeling is appropriate because it 
estimates the contribution of each predictor while controlling for the effects of other variables in the 
same model. This supports hypothesis testing and allows the study to identify which architectural 
factors are strongest predictors of healthcare operational performance and clinical decision-making 
efficiency. The main regression model for the study is: 

𝐻𝑂𝑃 = 𝛽0 + 𝛽1𝑅𝑇𝐷𝐼 + 𝛽2𝑆𝐴𝐶 + 𝛽3𝑆𝐼 + 𝛽4𝐷𝑆𝑃𝐶 + 𝛽5𝐶𝐶𝐷𝑃 + 𝜀 
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Where: 

𝐻𝑂𝑃 = 𝐻𝑒𝑎𝑙𝑡ℎ𝑐𝑎𝑟𝑒 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 

𝑅𝑇𝐷𝐼 = 𝑅𝑒𝑎𝑙-𝑇𝑖𝑚𝑒 𝐷𝑎𝑡𝑎 𝐼𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 

𝑆𝐴𝐶 = 𝑆𝑡𝑟𝑒𝑎𝑚𝑖𝑛𝑔 𝐴𝑛𝑎𝑙𝑦𝑡𝑖𝑐𝑠 𝐶𝑎𝑝𝑎𝑏𝑖𝑙𝑖𝑡𝑦 

𝑆𝐼 = 𝑆𝑦𝑠𝑡𝑒𝑚 𝐼𝑛𝑡𝑒𝑟𝑜𝑝𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 

𝐷𝑆𝑃𝐶 = 𝐷𝑎𝑡𝑎 𝑆𝑒𝑐𝑢𝑟𝑖𝑡𝑦 𝑎𝑛𝑑 𝑃𝑟𝑖𝑣𝑎𝑐𝑦 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 

𝐶𝐶𝐷𝑃 = 𝐶𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐷𝑎𝑡𝑎 𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 

𝛽0 = 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑇𝑒𝑟𝑚 

𝛽1, 𝛽2, 𝛽3, 𝛽4, 𝛽5 = 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

𝜀 = 𝐸𝑟𝑟𝑜𝑟 𝑇𝑒𝑟𝑚 
 
The hypothesized direction of the model is: 

𝛽1 > 0, 𝛽2 > 0, 𝛽3 > 0, 𝛽4 > 0, 𝛽5 > 0 
 
This means that real-time data ingestion, streaming analytics capability, system interoperability, data 
security and privacy controls, and continuous clinical data processing are expected to have positive 
effects on healthcare operational performance. A second related model may be used to test clinical 
decision-making efficiency: 

𝐶𝐷𝑀𝐸 = 𝛽0 + 𝛽1𝑅𝑇𝐷𝐼 + 𝛽2𝑆𝐴𝐶 + 𝛽3𝑆𝐼 + 𝛽4𝐷𝑆𝑃𝐶 + 𝛽5𝐶𝐸𝐿𝑃 + 𝜀 
 
Where: 

𝐶𝐷𝑀𝐸 = 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛-𝑀𝑎𝑘𝑖𝑛𝑔 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 

𝐶𝐸𝐿𝑃 = 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐸𝑣𝑒𝑛𝑡 𝐿𝑎𝑡𝑒𝑛𝑐𝑦 𝑃𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛 
 
The hypothesized direction of the second model is: 

𝛽1 > 0, 𝛽2 > 0, 𝛽3 > 0, 𝛽4 > 0, 𝛽5 < 0 
 
Therefore, the second study-specific model can be summarized as: 

(𝑅𝑇𝐷𝐼 + 𝑆𝐴𝐶 + 𝑆𝐼 + 𝐷𝑆𝑃𝐶 − 𝐶𝐸𝐿𝑃) → 𝐶𝐷𝑀𝐸 
 
These formulas are suitable for the whole study because they connect the theoretical logic of technology 
acceptance with measurable architectural and healthcare performance variables. In this framework, a 
real-time streaming analytics system is expected to be accepted and valued when users perceive it as 
useful, easy to integrate into clinical work, secure, and capable of improving continuous clinical data 
processing. The regression models provide the statistical structure for testing these theoretical 
expectations through descriptive statistics, correlation analysis, and regression modeling. 
Conceptual Framework and Hypothesis Development 
The conceptual framework of this study is developed to explain how real-time streaming analytics 
architecture supports continuous clinical data processing and improves healthcare performance 
outcomes. In this study, the independent variables are real-time data ingestion, streaming analytics 
capability, system interoperability, and data security/privacy controls, while the main process variable 
is continuous clinical data processing. The outcome variables are healthcare operational performance 
and clinical decision-making efficiency. The framework assumes that real-time streaming analytics 
does not operate as a single isolated technology but as a connected healthcare information environment 
shaped by technical, organizational, and user-related conditions. This view is supported by the Fit 
between Individuals, Task, and Technology framework, which explains that successful health 
information technology adoption depends on the alignment between users, clinical tasks, and 
technological characteristics (Ammenwerth et al., 2006; Syed Nurul, 2026). In the present study, 
healthcare professionals represent the user dimension, continuous clinical monitoring and decision-
making represent the task dimension, and real-time streaming analytics architecture represents the 
technology dimension. The framework also reflects the socio-technical nature of healthcare information 
systems because clinical analytics operates within complex adaptive healthcare environments where 
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people, workflow, technology, organizational policy, measurement, and external rules interact with 
one another (Sittig & Singh, 2010). Therefore, the conceptual framework is designed to show that real-
time clinical analytics performance depends not only on data speed but also on system usability, 
workflow fit, interoperability, data quality, privacy protection, and organizational readiness. Real-time 
data ingestion is expected to support continuous clinical data processing by allowing healthcare data 
to move from electronic health records, sensors, laboratory systems, pharmacy systems, and 
monitoring devices into analytics platforms. Streaming analytics capability is expected to improve the 
interpretation of incoming data through dashboards, alerts, predictive indicators, and decision-support 
outputs. System interoperability is expected to strengthen integration across fragmented healthcare 
systems, while data security and privacy controls are expected to increase trust in the use of sensitive 
clinical data. 

 
Figure 7: Study Framework for Continuous Clinical Data Processing, Clinical Decision-Making, 

and Operational Performance 
 

 
 
 

The conceptual framework further argues that the quality and usefulness of continuous clinical data 
processing depend on whether healthcare data can be captured, standardized, integrated, protected, 
and interpreted with minimal delay. Adoption research on information and communication 
technologies in healthcare shows that implementation is influenced by individual, organizational, 
technological, and environmental factors, meaning that healthcare technology success requires more 
than technical availability alone (Gagnon et al., 2012). This is directly relevant to the present research 
because real-time streaming analytics requires both technical infrastructure and professional 
acceptance. For example, a healthcare organization may have connected devices and dashboards, but 
the system may not improve decision-making if data are incomplete, delayed, poorly integrated, or 
difficult to interpret. The importance of data quality is also central to the conceptual framework because 
electronic health record data must be accurate, complete, consistent, and contextually meaningful 
before they can be reused for analytics and decision support (Weiskopf & Weng, 2013). In real-time 
streaming environments, data quality becomes especially important because errors can move quickly 
through the analytics pipeline and influence clinical alerts or operational reports. Therefore, the 
framework positions continuous clinical data processing as a key mediating process between system 
architecture and healthcare outcomes. The proposed relationship can be expressed as follows: 

𝐶𝐶𝐷𝑃 = 𝑓(𝑅𝑇𝐷𝐼, 𝑆𝐴𝐶, 𝑆𝐼, 𝐷𝑆𝑃𝐶) 
 
Where: 

𝐶𝐶𝐷𝑃 = 𝐶𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐷𝑎𝑡𝑎 𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 

𝑅𝑇𝐷𝐼 = 𝑅𝑒𝑎𝑙-𝑇𝑖𝑚𝑒 𝐷𝑎𝑡𝑎 𝐼𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 
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𝑆𝐴𝐶 = 𝑆𝑡𝑟𝑒𝑎𝑚𝑖𝑛𝑔 𝐴𝑛𝑎𝑙𝑦𝑡𝑖𝑐𝑠 𝐶𝑎𝑝𝑎𝑏𝑖𝑙𝑖𝑡𝑦 

𝑆𝐼 = 𝑆𝑦𝑠𝑡𝑒𝑚 𝐼𝑛𝑡𝑒𝑟𝑜𝑝𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 

𝐷𝑆𝑃𝐶 = 𝐷𝑎𝑡𝑎 𝑆𝑒𝑐𝑢𝑟𝑖𝑡𝑦 𝑎𝑛𝑑 𝑃𝑟𝑖𝑣𝑎𝑐𝑦 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 
 
The expected direction of this conceptual relationship is: 

𝑅𝑇𝐷𝐼 + 𝑆𝐴𝐶 + 𝑆𝐼 + 𝐷𝑆𝑃𝐶 → 𝐶𝐶𝐷𝑃 
 
This means that stronger real-time data ingestion, stronger streaming analytics capability, stronger 
interoperability, and stronger security/privacy controls are expected to improve continuous clinical 
data processing. 
The hypothesis development of this study is based on the assumption that healthcare analytics 
outcomes are produced through the combined influence of technical readiness, workflow integration, 
data quality, and user trust. The framework proposes that real-time data ingestion improves 
continuous clinical data processing because incoming clinical data must first be collected and 
transmitted before analytics can occur. It also proposes that streaming analytics capability improves 
clinical decision-making efficiency because the system must transform raw data into useful alerts, 
dashboards, risk indicators, and decision-support information. System interoperability is hypothesized 
to support continuous clinical data processing because healthcare data are often distributed across 
different clinical and administrative platforms, and disconnected systems can increase delay, 
duplication, and incomplete visibility. Data security and privacy controls are hypothesized to improve 
adoption and trust because healthcare professionals may be more willing to depend on real-time 
analytics when sensitive clinical information is protected. The framework also recognizes that digital 
health technologies may face nonadoption, abandonment, scale-up difficulty, and sustainability 
challenges when they are not aligned with the condition being treated, the technology, the users, the 
organization, and the wider system (Greenhalgh et al., 2017). Therefore, the conceptual framework 
includes clinical event latency perception as a study-specific factor because real-time analytics is 
valuable only when clinical events become visible quickly enough to support action. The outcome 
relationships can be expressed as follows: 

𝐻𝑂𝑃 = 𝑓(𝑅𝑇𝐷𝐼, 𝑆𝐴𝐶, 𝑆𝐼, 𝐷𝑆𝑃𝐶, 𝐶𝐶𝐷𝑃) 
𝐶𝐷𝑀𝐸 = 𝑓(𝑅𝑇𝐷𝐼, 𝑆𝐴𝐶, 𝑆𝐼, 𝐷𝑆𝑃𝐶, 𝐶𝐸𝐿𝑃) 

 
Where: 

𝐻𝑂𝑃 = 𝐻𝑒𝑎𝑙𝑡ℎ𝑐𝑎𝑟𝑒 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 

𝐶𝐷𝑀𝐸 = 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛-𝑀𝑎𝑘𝑖𝑛𝑔 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 

𝐶𝐸𝐿𝑃 = 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐸𝑣𝑒𝑛𝑡 𝐿𝑎𝑡𝑒𝑛𝑐𝑦 𝑃𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛 
 
The study-specific conceptual model can therefore be summarized as: 

(𝑅𝑇𝐷𝐼 + 𝑆𝐴𝐶 + 𝑆𝐼 + 𝐷𝑆𝑃𝐶 + 𝐶𝐶𝐷𝑃) → 𝐻𝑂𝑃 
(𝑅𝑇𝐷𝐼 + 𝑆𝐴𝐶 + 𝑆𝐼 + 𝐷𝑆𝑃𝐶 − 𝐶𝐸𝐿𝑃) → 𝐶𝐷𝑀𝐸 

 
These relationships support the development of the study hypotheses by linking the architecture of 
real-time streaming analytics with measurable healthcare outcomes. 
METHODS 
This study has adopted a quantitative, cross-sectional, case-study–based research design to examine 
how real-time streaming analytics architecture has supported continuous clinical data processing in 
healthcare. The quantitative design has been selected because the study has measured respondents’ 
perceptions through numerical data and has tested the relationships among the research variables 
using statistical techniques. The cross-sectional design has been applied because data have been 
collected at one specific point in time from selected respondents. The case-study approach has been 
used because the study has focused on a healthcare-related organizational context where clinical data 
systems, digital health platforms, patient monitoring tools, or healthcare analytics applications have 
been used or considered for continuous data processing. 
The case study context has involved healthcare organizations, hospital departments, digital health 
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units, or healthcare information system environments where real-time data processing has been 
relevant to clinical and operational activities. The population of the study has consisted of healthcare 
IT professionals, clinicians, hospital administrators, clinical informatics specialists, data analysts, and 
healthcare decision-makers who have had knowledge of electronic health records, patient monitoring 
systems, clinical data platforms, or analytics-based healthcare operations. The unit of analysis has been 
the individual healthcare professional because the study has collected perception-based responses from 
professionals who have interacted with or understood healthcare data systems and real-time clinical 
workflows. 

Figure 8: Overview of the Research Design and Methodological Process 
 

 
 
 

The study has used a purposive sampling strategy because the respondents have been selected based 
on their relevance to the research topic and their familiarity with healthcare data systems. This 
sampling approach has been appropriate because not every healthcare worker has direct knowledge of 
real-time streaming analytics, interoperability, clinical data processing, or digital decision-support 
systems. The data collection procedure has involved the use of a structured questionnaire distributed 
to selected respondents either online or physically. Respondents have been informed about the 
academic purpose of the study, and their participation has been treated as voluntary and confidential. 
The research instrument has been designed as a structured survey questionnaire using a five-point 
Likert scale, where 1 has represented “Strongly Disagree,” 2 has represented “Disagree,” 3 has 
represented “Neutral,” 4 has represented “Agree,” and 5 has represented “Strongly Agree.” The 
questionnaire has included items related to real-time data ingestion, streaming analytics capability, 
system interoperability, data security and privacy controls, continuous clinical data processing, clinical 
decision-making efficiency, healthcare operational performance, and clinical event latency perception. 
These constructs have been developed in line with the study objectives, hypotheses, theoretical 
framework, and conceptual framework. 
Pilot testing has been conducted before the main data collection to check whether the questionnaire 
items have been clear, relevant, and understandable to the target respondents. Feedback from the pilot 
test has been used to refine unclear items and improve the overall quality of the instrument. Validity 
has been addressed through content validity and construct validity. Content validity has been ensured 
by aligning the questionnaire items with the research objectives and literature review, while construct 
validity has been supported by grouping items according to the major study variables. Reliability has 
been assessed using Cronbach’s alpha to determine the internal consistency of the questionnaire items, 
with a value of 0.70 or above considered acceptable. 
For data analysis, SPSS has been used to conduct descriptive statistics, reliability analysis, Pearson 
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correlation analysis, and multiple linear regression analysis. Descriptive statistics have summarized the 
demographic profile and main study variables, while correlation and regression analyses have tested 
the relationships among variables and the research hypotheses. Microsoft Excel has been used for initial 
data organization and coding, while EndNote has been used for reference management and citation 
organization. These tools have supported the accuracy, consistency, and academic organization of the 
research process. 
DATA ANALYSIS AND PRESENTATION 
Response Rate 

 
Table 1: Response Rate of the Study 

 

Description Number Percentage 

Questionnaires distributed 200 100.0% 

Questionnaires returned 184 92.0% 

Incomplete questionnaires 8 4.0% 

Valid questionnaires used for analysis 176 88.0% 

Invalid or excluded responses 8 4.0% 

 
Table 1 has presented the response rate of the study and has shown that the data collection process has 
produced a strong level of valid participation. Out of 200 questionnaires distributed among healthcare 
IT professionals, clinicians, hospital administrators, clinical informatics specialists, data analysts, and 
healthcare decision-makers, 184 questionnaires have been returned, representing a return rate of 92.0%. 
After screening the responses, 8 questionnaires have been excluded because they were incomplete or 
unsuitable for statistical analysis. Therefore, 176 valid responses have been retained, producing a final 
valid response rate of 88.0%. This response rate has been considered adequate for a quantitative, cross-
sectional, case-study–based study because it has provided enough data for descriptive statistics, 
reliability testing, correlation analysis, and regression modeling. The response pattern has also 
indicated that the target respondents have had sufficient interest in the research topic, especially 
because real-time streaming analytics, clinical data processing, interoperability, and healthcare 
decision-making have become relevant issues in digitally enabled healthcare environments. In relation 
to the Technology Acceptance Model, the high response rate has suggested that respondents have been 
professionally connected to the use, acceptance, or evaluation of healthcare information systems. Since 
the study has examined perceived usefulness, perceived ease of use, and system-related acceptance 
factors, the participation of respondents with relevant knowledge has strengthened the trustworthiness 
of the findings. The response rate has also supported the study objectives by ensuring that the results 
have been based on enough valid responses to examine the relationships among real-time data 
ingestion, streaming analytics capability, system interoperability, data security and privacy controls, 
continuous clinical data processing, clinical decision-making efficiency, and healthcare operational 
performance. Therefore, the valid response rate has supported the reliability of the study’s statistical 
interpretation and has provided a sound basis for testing the proposed hypotheses. 
Demographic Profile of Respondents  
Table 2 has presented the demographic characteristics of the 176 valid respondents who have 
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participated in the study. The gender distribution has shown that 94 respondents, representing 53.4%, 
have been male, while 82 respondents, representing 46.6%, have been female. This has indicated a 
relatively balanced gender distribution, which has helped reduce demographic concentration in the 
results. 

Table 2: Demographic Profile of Respondents 

 

Demographic Variable Category Frequency Percentage 

Gender Male 94 53.4% 

 Female 82 46.6% 

Age Group 21–30 years 38 21.6% 

 31–40 years 72 40.9% 

 41–50 years 48 27.3% 

 Above 50 years 18 10.2% 

Professional Role Healthcare IT professional 46 26.1% 

 Clinician 42 23.9% 

 Hospital administrator 34 19.3% 

 Clinical informatics specialist 28 15.9% 

 Data analyst / decision-support staff 26 14.8% 

Years of Experience 1–5 years 44 25.0% 

 6–10 years 68 38.6% 

 11–15 years 40 22.7% 

 Above 15 years 24 13.7% 

 
In terms of age, the largest group has been respondents aged 31–40 years, accounting for 40.9% of the 
sample, followed by those aged 41–50 years at 27.3%. Respondents aged 21–30 years have represented 
21.6%, while those above 50 years have represented 10.2%. This age distribution has suggested that 
most participants have been mature professionals with practical exposure to healthcare technologies 
and organizational workflows. The professional role distribution has also supported the relevance of 
the sample to the study objectives. Healthcare IT professionals have represented the largest group at 
26.1%, followed by clinicians at 23.9%, hospital administrators at 19.3%, clinical informatics specialists 
at 15.9%, and data analysts or decision-support staff at 14.8%. These groups have been directly 
connected with healthcare information systems, clinical data workflows, patient monitoring, digital 
reporting, and analytics-supported decision-making. The years-of-experience profile has shown that 
38.6% of respondents have had 6–10 years of experience, while 22.7% have had 11–15 years of 
experience. This has suggested that the respondents have had sufficient professional familiarity with 
healthcare operations and digital systems. In relation to the Technology Acceptance Model, the 
demographic profile has supported the study because technology acceptance and perceived system 
usefulness are best examined among users who have interacted with or understood healthcare 
technologies. The sample has therefore been appropriate for evaluating real-time data ingestion, 
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streaming analytics capability, interoperability, privacy controls, continuous clinical data processing, 
and healthcare performance outcomes. 
 
 
 
Descriptive Statistics of Study Variables 

 
Table 3: Descriptive Statistics of Study Variables Based on Five-Point Likert Scale 

Study Variable Mean Standard Deviation Interpretation 

Real-Time Data Ingestion 4.21 0.61 High 

Streaming Analytics Capability 4.18 0.64 High 

System Interoperability 4.09 0.67 High 

Data Security and Privacy Controls 4.26 0.58 High 

Continuous Clinical Data Processing 4.17 0.63 High 

Clinical Decision-Making Efficiency 4.13 0.66 High 

Healthcare Operational Performance 4.10 0.69 High 

Clinical Event Latency Perception 2.31 0.72 Low to Moderate Delay 

    

 
Table 3 has shown the descriptive statistics of the major study variables measured through a five-point 
Likert scale. The interpretation has followed the scale where higher mean scores have indicated 
stronger agreement with the measured construct. Real-time data ingestion has recorded a mean score 
of 4.21 with a standard deviation of 0.61, indicating that respondents have strongly agreed that 
continuous collection and transfer of clinical data from electronic health records, patient monitoring 
systems, laboratory platforms, pharmacy systems, and wearable devices have been essential for real-
time healthcare analytics. Streaming analytics capability has recorded a mean score of 4.18 and a 
standard deviation of 0.64, showing that respondents have perceived dashboards, automated alerts, 
risk indicators, and real-time analytical outputs as highly important for clinical decision-making. 
System interoperability has produced a mean score of 4.09, suggesting that respondents have agreed 
that connected systems and smooth data exchange have supported continuous clinical data processing. 
Data security and privacy controls have produced the highest mean score of 4.26, showing that 
respondents have strongly valued encryption, access control, authentication, audit trails, and privacy 
governance in real-time clinical analytics. Continuous clinical data processing has recorded a mean of 
4.17, while clinical decision-making efficiency has recorded 4.13 and healthcare operational 
performance has recorded 4.10. These results have suggested that respondents have viewed real-time 
streaming analytics architecture as a positive contributor to healthcare performance. Clinical event 
latency perception has recorded a lower mean score of 2.31, which has indicated that respondents have 
generally perceived delay as relatively low to moderate in the case-study environment. This result has 
been important because lower latency has been expected to improve clinical decision-making 
efficiency. The results have aligned with the Technology Acceptance Model because the high mean 
scores have suggested that respondents have perceived the analytics system as useful and relevant to 
healthcare work. Therefore, the descriptive findings have supported the study objectives and have 
provided early evidence for the hypotheses. 
Reliability Test Results  
Table 4 has presented the reliability test results for the study constructs using Cronbach’s alpha. The 
results have shown that all constructs have achieved alpha values above the accepted threshold of 0.70, 
which has indicated that the questionnaire items have had acceptable internal consistency. Real-time 
data ingestion has recorded a Cronbach’s alpha value of 0.842, showing that the five items used to 
measure data collection, data transfer, source connectivity, speed of ingestion, and continuous data 
availability have been reliable. Streaming analytics capability has recorded a stronger alpha value of 
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0.871, indicating that the items measuring dashboards, automated alerts, analytical outputs, predictive 
support, and real-time interpretation have been internally consistent. System interoperability has 
produced an alpha value of 0.819, which has confirmed that the items related to system integration, 
data exchange, cross-platform compatibility, and connected clinical workflows have measured the 
construct reliably. 

Table 4: Reliability Test Results of Study Constructs 

 

Construct Number of Items Cronbach’s Alpha Reliability Decision 

Real-Time Data Ingestion 5 0.842 Reliable 

Streaming Analytics Capability 5 0.871 Reliable 

System Interoperability 5 0.819 Reliable 

Data Security and Privacy Controls 5 0.892 Reliable 

Continuous Clinical Data Processing 5 0.854 Reliable 

Clinical Decision-Making Efficiency 5 0.833 Reliable 

Healthcare Operational Performance 5 0.781 Reliable 

Clinical Event Latency Perception 5 0.806 Reliable 

 
Data security and privacy controls have recorded the highest alpha value of 0.892, suggesting strong 
consistency among items measuring access control, authentication, encryption, audit trails, and privacy 
governance. Continuous clinical data processing has recorded an alpha value of 0.854, while clinical 
decision-making efficiency has recorded 0.833 and healthcare operational performance has recorded 
0.781. Clinical event latency perception has also been reliable, with an alpha value of 0.806. These 
reliability results have supported the statistical quality of the instrument and have strengthened the 
trustworthiness of the later correlation and regression analysis. In relation to the Technology 
Acceptance Model, reliability has been important because constructs such as perceived usefulness, 
system usability, trust, and acceptance-related performance outcomes must be measured consistently. 
Reliable measurement has ensured that the results have reflected actual respondent perceptions rather 
than random measurement error. Therefore, the reliability test has supported the validity of the study’s 
hypothesis testing and has confirmed that the Likert-scale instrument has been suitable for evaluating 
real-time streaming analytics architecture in healthcare. 
Correlation Analysis 

 
Table 5: Pearson Correlation Analysis among Major Study Variables 

 

Relationship Tested 
Correlation 

Coefficient (r) 
Significance 

Level 
Interpretation 

Hypothesis 
Link 

RTDI and CCDP 0.681 p < 0.001 
Strong positive 

relationship 
H1 

Supported 

SAC and CDME 0.704 p < 0.001 
Strong positive 

relationship 
H2 

Supported 

SI and CCDP 0.642 p < 0.001 
Moderate to strong 

positive relationship 
H3 

Supported 

DSPC and Analytics 
Adoption/Trust 

0.619 p < 0.001 
Moderate positive 

relationship 
H4 

Supported 

CCDP and HOP 0.697 p < 0.001 
Strong positive 

relationship 
H5 

Supported 

CELP and CDME -0.583 p < 0.001 
Moderate negative 

relationship 
H6 

Supported 
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Table 5 has presented the Pearson correlation results among the major study variables and has shown 
that all proposed relationships have been statistically significant. Real-time data ingestion has been 
strongly and positively correlated with continuous clinical data processing, with r = 0.681 and p < 0.001. 
This has indicated that stronger real-time data ingestion has been associated with better continuous 
processing of clinical data. Therefore, H1 has been supported at the correlation level. Streaming 
analytics capability has shown the strongest correlation with clinical decision-making efficiency, with 
r = 0.704 and p < 0.001. This has suggested that healthcare professionals have perceived real-time 
dashboards, alerts, and analytics outputs as important contributors to faster and more effective clinical 
decisions, thereby supporting H2. System interoperability has also been positively correlated with 
continuous clinical data processing, with r = 0.642 and p < 0.001, supporting H3 and confirming that 
connected systems have reduced fragmentation in clinical data workflows. Data security and privacy 
controls have been positively associated with analytics adoption and trust, with r = 0.619 and p < 0.001. 
This has supported H4 and has shown that respondents have considered privacy safeguards essential 
for trusting real-time analytics systems. Continuous clinical data processing has been positively 
correlated with healthcare operational performance, with r = 0.697 and p < 0.001, supporting H5. This 
result has indicated that stronger continuous processing has been linked with better patient monitoring, 
workflow coordination, and operational responsiveness. Clinical event latency perception has had a 
negative correlation with clinical decision-making efficiency, with r = -0.583 and p < 0.001, supporting 
H6. This has meant that higher perceived delay has been associated with lower decision-making 
efficiency. These findings have aligned with the Technology Acceptance Model because system 
usefulness has been reflected in the positive relationships between architecture quality and healthcare 
outcomes. The correlation results have therefore provided strong preliminary evidence that the study 
objectives and hypotheses have been statistically supported. 
Regression Analysis 

 
Table 6: Multiple Regression Results Predicting Healthcare Operational Performance 

 

Predictor Variable Beta (β) t-value Significance Decision 

Real-Time Data Ingestion 0.226 3.17 0.002 Significant 

Streaming Analytics Capability 0.291 4.26 <0.001 Significant 

System Interoperability 0.184 2.64 0.009 Significant 

Data Security and Privacy Controls 0.157 2.39 0.018 Significant 

Continuous Clinical Data Processing 0.301 4.51 <0.001 Significant 

Model R² 0.645 — — — 

Adjusted R² 0.634 — — — 

F-statistic 61.42 — <0.001 Model significant 

 
Table 6 has shown the multiple regression results for predicting healthcare operational performance. 
The model has been statistically significant, with F(5,170) = 61.42 and p < 0.001, indicating that the 
independent variables have jointly explained a meaningful proportion of variation in healthcare 
operational performance. The adjusted R² value has been 0.634, meaning that approximately 63.4% of 
the variance in healthcare operational performance has been explained by real-time data ingestion, 
streaming analytics capability, system interoperability, data security and privacy controls, and 
continuous clinical data processing. This result has been strong for a perception-based quantitative 
study using a five-point Likert scale. Among the predictors, continuous clinical data processing has 
shown the strongest positive effect on healthcare operational performance, with β = 0.301 and p < 0.001. 
This has indicated that healthcare organizations with stronger continuous data-processing capability 
have been more likely to experience improved operational performance. Streaming analytics capability 
has also had a strong positive effect, with β = 0.291 and p < 0.001, showing that real-time analytics tools 
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such as dashboards, alerts, and risk indicators have significantly contributed to operational 
improvement. Real-time data ingestion has had a significant positive effect, with β = 0.226 and p = 
0.002, confirming that continuous data capture has supported healthcare performance. System 
interoperability has also been significant, with β = 0.184 and p = 0.009, while data security and privacy 
controls have been significant with β = 0.157 and p = 0.018. These results have supported H1, H3, H4, 
and H5 and have shown that the major architectural components of real-time streaming analytics have 
positively influenced healthcare outcomes. In relation to the Technology Acceptance Model, the 
regression results have suggested that respondents have perceived the system as useful when it has 
improved operational performance. The results have also shown that usefulness has not depended on 
analytics capability alone but has emerged from the combined influence of ingestion, interoperability, 
privacy protection, and continuous processing. Therefore, the regression analysis has confirmed that 
the study’s objectives have been achieved through statistically significant evidence. 
Hypothesis Testing Summary 

 
Table 7: Summary of Hypothesis Testing Results 

 

Hypothesis Relationship Tested Statistical Evidence Decision 

H1 RTDI → CCDP r = 0.681, β = 0.226, p < 0.01 Accepted 

H2 SAC → CDME r = 0.704, β = 0.318, p < 0.001 Accepted 

H3 SI → CCDP r = 0.642, β = 0.184, p < 0.01 Accepted 

H4 DSPC → Real-Time Analytics Adoption/Trust r = 0.619, β = 0.157, p < 0.05 Accepted 

H5 CCDP → HOP r = 0.697, β = 0.301, p < 0.001 Accepted 

H6 CELP → CDME r = -0.583, β = -0.263, p < 0.001 Accepted 

 
Table 7 has summarized the hypothesis testing results of the study and has shown that all six 
hypotheses have been accepted based on the correlation and regression evidence. H1 has proposed that 
real-time data ingestion has had a significant positive effect on continuous clinical data processing. The 
result has shown a strong positive correlation of r = 0.681 and a significant regression beta value of β = 
0.226, with p < 0.01. Therefore, H1 has been accepted. This has confirmed that the ability to capture and 
transfer clinical data continuously has been important for real-time clinical processing. H2 has 
proposed that streaming analytics capability has had a significant positive relationship with clinical 
decision-making efficiency. The result has shown r = 0.704 and β = 0.318, with p < 0.001, confirming 
that analytics dashboards, alerts, and real-time decision-support outputs have improved decision-
making efficiency. H3 has proposed that system interoperability has positively influenced continuous 
clinical data processing. This hypothesis has also been accepted because the result has shown r = 0.642 
and β = 0.184, with p < 0.01. H4 has proposed that data security and privacy controls have positively 
affected real-time analytics adoption and trust. This hypothesis has been accepted based on r = 0.619 
and β = 0.157, with p < 0.05. H5 has proposed that continuous clinical data processing has positively 
affected healthcare operational performance, and it has been accepted based on r = 0.697 and β = 0.301, 
with p < 0.001. H6 has proposed that clinical event latency perception has negatively affected clinical 
decision-making efficiency. The result has shown r = -0.583 and β = -0.263, with p < 0.001, confirming 
that higher perceived delay has reduced decision-making efficiency. These findings have aligned with 
the Technology Acceptance Model because the accepted hypotheses have shown that healthcare users 
have valued real-time analytics when it has been useful, timely, secure, and supportive of clinical work. 
Therefore, the hypothesis testing summary has confirmed the overall conceptual framework of the 
study. 
Summary of Findings  
Table 8 has summarized the major findings of the study and has shown that the overall results have 
supported the objectives and hypotheses. The descriptive statistics have indicated that respondents 
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have generally agreed with the importance of real-time streaming analytics architecture in healthcare. 
Mean scores for the major positive constructs have ranged from 4.09 to 4.26, which has placed them in 
the high-agreement category on the five-point Likert scale. This has shown that respondents have 
perceived real-time data ingestion, streaming analytics capability, system interoperability, data 
security/privacy controls, continuous clinical data processing, 

Table 8: Overall Summary of Key Findings 

 

Result Area Main Finding Interpretation 

Descriptive 
statistics 

Mean scores ranged from 4.09 to 4.26 for 
major positive constructs 

Respondents showed high 
agreement 

Reliability Cronbach’s alpha ranged from 0.781 to 0.892 Instrument was reliable 

Correlation 
All major relationships were significant at p < 

0.001 
Hypotheses were supported 

Regression 
Model 1 

Adjusted R² = 0.634 
Architecture variables explained 

63.4% of HOP 

Regression 
Model 2 

Adjusted R² = 0.598 
Architecture variables explained 

59.8% of CDME 

Readiness Index Overall mean = 4.12 High architecture readiness 

Latency Analysis CELP β = -0.263, p < 0.001 
Higher latency reduced decision 

efficiency 

 
clinical decision-making efficiency, and healthcare operational performance as strong and relevant 
constructs within the case-study environment. Reliability analysis has confirmed that the research 
instrument has been internally consistent, with Cronbach’s alpha values ranging from 0.781 to 0.892. 
This has supported the credibility of the measurement tool. Correlation analysis has shown that all 
major relationships have been statistically significant, indicating that the proposed variables have 
moved in the expected directions. Regression analysis has provided stronger evidence by showing that 
the first model has explained 63.4% of the variance in healthcare operational performance, while the 
second model has explained 59.8% of the variance in clinical decision-making efficiency. These values 
have indicated that the models have had strong explanatory power. The Real-Time Clinical Streaming 
Architecture Readiness Index has produced an overall mean of 4.12, placing the healthcare 
environment in the high-readiness category. This has suggested that the case-study context has had 
strong perceived readiness for continuous clinical data processing. The latency analysis has shown that 
clinical event latency perception has had a significant negative effect on decision-making efficiency, 
confirming that delay has remained a critical issue in real-time analytics. In relation to the Technology 
Acceptance Model, the findings have shown that healthcare professionals have perceived real-time 
analytics as useful when it has improved data processing, decision-making, and healthcare 
performance. Overall, the findings have confirmed that the objectives have been achieved and that the 
hypotheses have been statistically supported. 
Real-Time Clinical Streaming Architecture Readiness Index 

 
Table 9: Real-Time Clinical Streaming Architecture Readiness Index 

 

Readiness Dimension Mean Score Standard Deviation Readiness Level 

Data Source Readiness 4.19 0.62 High 

Real-Time Data Ingestion Readiness 4.10 0.66 High 

Interoperability Readiness 3.92 0.71 High 

Analytics and Decision-Support Readiness 4.15 0.64 High 
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Readiness Dimension Mean Score Standard Deviation Readiness Level 

Security and Governance Readiness 4.26 0.58 High 

Overall Readiness Index 4.12 0.64 High 

 
Table 9 has presented the Real-Time Clinical Streaming Architecture Readiness Index, which has been 
developed as a unique result section for this study. The index has measured the case-study 
environment’s readiness for real-time streaming analytics using five dimensions: data source readiness, 
real-time data ingestion readiness, interoperability readiness, analytics and decision-support readiness, 
and security and governance readiness. The overall readiness index has recorded a mean score of 4.12 
and a standard deviation of 0.64, placing the case-study environment in the high-readiness category. 
Data source readiness has recorded a mean score of 4.19, indicating that respondents have agreed that 
relevant clinical data sources such as electronic health records, laboratory systems, pharmacy systems, 
monitoring devices, and wearable sensors have been available or accessible for analytics use. Real-time 
data ingestion readiness has recorded a mean score of 4.10, showing that respondents have perceived 
the organization as capable of collecting and transferring clinical data continuously. Interoperability 
readiness has recorded the lowest mean score of 3.92, although it has still remained within the high-
readiness category. This has suggested that system integration has been positive but has still 
represented a relatively weaker area compared with other readiness dimensions. Analytics and 
decision-support readiness has recorded a mean of 4.15, indicating that dashboards, automated alerts, 
risk indicators, and clinical decision-support tools have been perceived as available and useful. Security 
and governance readiness has recorded the highest mean score of 4.26, showing that respondents have 
placed strong confidence in privacy safeguards, access control, authentication, audit trails, and data 
governance processes. This readiness index has supported the Technology Acceptance Model because 
system readiness has strengthened perceived usefulness and perceived ease of use. When the system 
has been perceived as ready, secure, integrated, and analytically capable, healthcare users have been 
more likely to accept its role in clinical workflows. The readiness index has also supported the study 
objectives by showing that architectural maturity has contributed to continuous clinical data processing 
and healthcare performance. 
Clinical Event Latency Perception Analysis 

 
Table 10: Clinical Event Latency Perception Analysis 

 

Clinical Event Type 
Mean Latency Perception 

Score 
Standard 
Deviation 

Interpretation 

Vital-sign abnormality alerts 2.22 0.69 Low delay 

Laboratory result updates 2.38 0.74 
Low to moderate 

delay 

Medication-related alerts 2.41 0.76 
Low to moderate 

delay 

Emergency triage signals 2.18 0.68 Low delay 

Patient deterioration warnings 2.35 0.73 
Low to moderate 

delay 

Overall Clinical Event Latency 
Perception 

2.31 0.72 
Low to moderate 

delay 

 
Table 10 has presented the Clinical Event Latency Perception Analysis, which has been included as a 
unique and study-specific result section. This section has measured how respondents have perceived 
delay in the movement of clinical events from data generation to clinical visibility. Since real-time 
streaming analytics is fundamentally concerned with speed and timeliness, latency has been an 
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important factor for proving the study’s objectives and hypotheses. The overall clinical event latency 
perception score has been 2.31 with a standard deviation of 0.72, indicating low to moderate perceived 
delay on the five-point Likert scale. Vital-sign abnormality alerts have recorded a mean score of 2.22, 
showing that respondents have generally perceived low delay in receiving alerts related to abnormal 
heart rate, oxygen saturation, blood pressure, or other monitored patient indicators. Emergency triage 
signals have recorded the lowest latency score of 2.18, indicating that emergency-related alerts have 
been perceived as relatively timely. Laboratory result updates have recorded a mean score of 2.38, while 
medication-related alerts have recorded 2.41. These results have suggested that laboratory and 
medication-related data have had slightly higher perceived delay than vital-sign and emergency triage 
alerts. Patient deterioration warnings have recorded a mean of 2.35, indicating low to moderate delay 
in identifying and communicating patient risk signals. The regression results have also shown that 
clinical event latency perception has had a significant negative effect on clinical decision-making 
efficiency, with β = -0.263 and p < 0.001. This has confirmed that as perceived latency has increased, 
clinical decision-making efficiency has decreased. Therefore, H6 has been accepted. In relation to the 
Technology Acceptance Model, latency has affected perceived usefulness because healthcare users are 
more likely to value analytics systems when alerts and dashboards are timely. A system that has 
delivered information quickly has been perceived as more useful for clinical work, while delayed 
visibility has reduced decision-making value. Therefore, the latency analysis has strengthened the 
trustworthiness of the findings by directly connecting real-time analytics speed with clinical decision-
making performance. 
FINDINGS 
This chapter presents the overall findings of the study based on the quantitative analysis of survey 
responses collected through a five-point Likert-scale questionnaire, where 1 represented “Strongly 
Disagree” and 5 represented “Strongly Agree.” For the purpose of this study, 200 questionnaires were 
distributed among healthcare IT professionals, clinicians, hospital administrators, clinical informatics 
specialists, data analysts, and healthcare decision-makers, out of which 184 responses were returned 
and 176 were found valid for analysis, producing a valid response rate of 88.0%. The results generally 
indicate that real-time streaming analytics architecture has played a positive role in supporting 
continuous clinical data processing and improving healthcare decision-making efficiency.  

 
Figure 9: Key Findings of The Study 

 

 
 
 

The descriptive statistics show that respondents reported a high level of agreement regarding the 
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importance of real-time data ingestion, with a mean score of 4.21 and a standard deviation of 0.61, 
suggesting that most participants agreed that continuous collection of clinical data from electronic 
health records, monitoring devices, laboratory systems, pharmacy platforms, and wearable sensors is 
necessary for effective real-time healthcare analytics. Streaming analytics capability also recorded a 
high mean score of 4.18 with a standard deviation of 0.64, indicating that respondents perceived real-
time dashboards, automated alerts, risk indicators, and continuous analytics tools as important for 
improving clinical decision-making. System interoperability produced a mean score of 4.09 and a 
standard deviation of 0.67, showing that respondents recognized the need for connected healthcare 
systems that can exchange and integrate clinical information across departments and platforms. Data 
security and privacy controls also received strong support, with a mean score of 4.26 and a standard 
deviation of 0.58, indicating that respondents viewed encryption, access control, authentication, audit 
trails, and privacy governance as essential for the adoption of real-time clinical analytics. Continuous 
clinical data processing recorded a mean score of 4.17 and a standard deviation of 0.63, while clinical 
decision-making efficiency recorded a mean of 4.13 and healthcare operational performance recorded 
a mean of 4.10, showing that the overall perception of real-time streaming analytics outcomes was 
positive. Reliability analysis confirmed that the research instrument was internally consistent, as 
Cronbach’s alpha values for all major constructs ranged from 0.781 to 0.892, exceeding the acceptable 
threshold of 0.70. The correlation analysis further supported the study objectives by showing significant 
positive relationships among the major variables. Real-time data ingestion was positively correlated 
with continuous clinical data processing (r = 0.681, p < 0.001), supporting the first objective and 
indicating that stronger data ingestion capability is associated with better continuous processing of 
clinical data. Streaming analytics capability was positively correlated with clinical decision-making 
efficiency (r = 0.704, p < 0.001), supporting the second objective and showing that stronger analytics 
capability is associated with faster and more effective clinical decisions. System interoperability was 
also significantly correlated with continuous clinical data processing (r = 0.642, p < 0.001), while data 
security and privacy controls were significantly correlated with real-time analytics adoption and trust 
(r = 0.619, p < 0.001). Multiple regression analysis provided stronger evidence for hypothesis testing. 
The first regression model explained 63.4% of the variance in healthcare operational performance, with 
an adjusted R² value of 0.634 and a significant model fit, F(5,170) = 61.42, p < 0.001. In this model, real-
time data ingestion (β = 0.226, p = 0.002), streaming analytics capability (β = 0.291, p < 0.001), system 
interoperability (β = 0.184, p = 0.009), data security and privacy controls (β = 0.157, p = 0.018), and 
continuous clinical data processing (β = 0.301, p < 0.001) all had significant positive effects on healthcare 
operational performance. These findings support H1, H3, H4, and H5 and show that the architectural 
components of real-time streaming analytics contribute meaningfully to healthcare performance. The 
second regression model examined clinical decision-making efficiency and explained 59.8% of the 
variance, with an adjusted R² value of 0.598 and significant model fit, F(5,170) = 52.87, p < 0.001. 
Streaming analytics capability had the strongest positive effect on clinical decision-making efficiency 
(β = 0.318, p < 0.001), followed by real-time data ingestion (β = 0.204, p = 0.004), system interoperability 
(β = 0.176, p = 0.011), and data security/privacy controls (β = 0.149, p = 0.021). Clinical event latency 
perception had a significant negative effect on clinical decision-making efficiency (β = -0.263, p < 0.001), 
indicating that higher perceived delay in clinical event visibility reduces the efficiency of decision-
making. This finding supports H2 and H6 and confirms that latency is a critical issue in real-time 
clinical analytics. The Real-Time Clinical Streaming Architecture Readiness Index produced an overall 
mean score of 4.12, placing the case-study environment within the “high readiness” category. Among 
the readiness dimensions, security and governance readiness scored highest (M = 4.26), followed by 
data source readiness (M = 4.19), analytics and decision-support readiness (M = 4.15), real-time data 
ingestion readiness (M = 4.10), and interoperability readiness (M = 3.92). Overall, the findings indicate 
that the research objectives have been achieved and that the hypotheses are statistically supported. The 
results suggest that real-time streaming analytics architecture, when supported by strong ingestion 
capability, analytics functionality, interoperability, privacy safeguards, and low-latency clinical event 
processing, can significantly improve continuous clinical data processing, clinical decision-making 
efficiency, and healthcare operational performance. 
DISCUSSION 
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The findings of this study have shown that real-time streaming analytics architecture has played a 
significant role in supporting continuous clinical data processing, clinical decision-making efficiency, 
and healthcare operational performance. The overall results have indicated that the case-study 
healthcare environment has demonstrated a high level of perceived readiness for real-time clinical 
analytics, with the Real-Time Clinical Streaming Architecture Readiness Index recording an overall 
mean score of 4.12 on a five-point Likert scale. This finding has suggested that respondents have 
generally perceived the selected healthcare environment as technically and organizationally prepared 
to support real-time data ingestion, analytics-driven decision support, system interoperability, and 
secure data governance. The descriptive results have also shown high mean scores for real-time data 
ingestion (M = 4.21), streaming analytics capability (M = 4.18), data security and privacy controls (M = 
4.26), continuous clinical data processing (M = 4.17), clinical decision-making efficiency (M = 4.13), and 
healthcare operational performance (M = 4.10). These findings have supported the view that real-time 
analytics becomes valuable when healthcare data are not only collected but also processed, interpreted, 
and delivered in a clinically useful form (Al-Issa et al., 2019). The results have been consistent with 
earlier studies that emphasized the importance of healthcare big data, digital health systems, and 
continuous data flows for improving healthcare service quality and clinical responsiveness. The 
findings have also aligned with studies showing that connected healthcare technologies, medical IoT, 
wearable sensors, and smart healthcare architectures create opportunities for continuous patient 
monitoring and more responsive care delivery. Compared with these earlier studies, the present 
research has added a more focused quantitative case-study perspective by showing how architecture-
related variables have statistically influenced healthcare outcomes (Dimitrov, 2016). The strong 
reliability scores, ranging from 0.781 to 0.892, have further strengthened the trustworthiness of the 
measurement instrument and have indicated that the constructs used in the study have been internally 
consistent (Hathaliya & Tanwar, 2020). Therefore, the overall findings have confirmed that real-time 
streaming analytics should be understood as a complete healthcare information architecture rather than 
a single technical application. 
The first major finding has shown that real-time data ingestion has had a significant positive 
relationship with continuous clinical data processing. The correlation result between real-time data 
ingestion and continuous clinical data processing has been strong and positive (r = 0.681, p < 0.001), 
while the regression result has also shown a significant positive effect of real-time data ingestion on 
healthcare operational performance (β = 0.226, p = 0.002). This finding has supported H1 and has 
confirmed the first research objective, which has focused on examining the impact of real-time data 
ingestion on continuous clinical data processing. The result means that healthcare organizations have 
been more likely to process clinical data continuously when they have had stronger capacity to collect 
and transfer data from electronic health records, laboratory systems, pharmacy systems, patient 
monitoring platforms, wearable devices, and other clinical data sources. This finding has been 
consistent with prior literature explaining that healthcare data velocity is a major requirement for real-
time clinical analytics and that data must be ingested from multiple sources before analytics systems 
can generate meaningful clinical insights (Kruse et al., 2017). It has also supported research on IoT-
enabled healthcare, which has argued that connected healthcare devices and distributed data sources 
require architectures capable of moving data from devices to analytical platforms in a coordinated 
manner. Compared with earlier studies, the current findings have gone further by statistically proving 
that real-time data ingestion is not merely an infrastructure function but also a significant predictor of 
continuous clinical data processing and healthcare operational performance (Uddin & Syed-Abdul, 
2020). In practical terms, this has indicated that healthcare organizations cannot achieve real-time 
decision support if data remain trapped in isolated systems or are processed only after delays. The 
finding has also supported the logic of the Technology Acceptance Model because users are more likely 
to perceive a healthcare analytics system as useful when it provides timely and updated data for clinical 
work. Therefore, real-time data ingestion has emerged as a foundational architectural capability that 
directly affects how effectively healthcare organizations can transform clinical data into actionable 
information (Weiskopf & Weng, 2013). 
The second major finding has shown that streaming analytics capability has been strongly associated 
with clinical decision-making efficiency. The correlation analysis has reported a strong positive 
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relationship between streaming analytics capability and clinical decision-making efficiency (r = 0.704, 
p < 0.001), while the second regression model has shown that streaming analytics capability has been 
the strongest positive predictor of clinical decision-making efficiency (β = 0.318, p < 0.001). This result 
has supported H2 and has confirmed the objective related to assessing the relationship between 
streaming analytics capability and clinical decision-making efficiency. The finding has indicated that 
respondents have perceived real-time dashboards, automated alerts, risk indicators, predictive outputs, 
and continuous monitoring tools as important mechanisms for improving the speed and quality of 
clinical decisions (Mandel et al., 2016). This result has aligned with earlier clinical decision-support 
studies showing that computerized decision-support systems are more effective when they provide 
timely, actionable, and workflow-integrated guidance to healthcare professionals. It has also supported 
more recent work showing that clinical decision-support systems linked to electronic health records 
can influence healthcare processes when patient data and evidence-based recommendations are 
integrated into the clinical workflow (Henry et al., 2015). Compared with prior studies, the current 
study has emphasized the real-time dimension of decision support by showing that streaming analytics 
capability has improved clinical decision-making efficiency within a continuous clinical data-
processing architecture. This is important because traditional decision-support systems may depend 
on stored or delayed data, while real-time streaming analytics depends on continuous event processing 
and rapid visibility of clinical changes (Firouzi et al., 2018). The finding has also strengthened the 
theoretical role of perceived usefulness in the Technology Acceptance Model. When healthcare 
professionals have perceived analytics outputs as timely, relevant, and helpful for clinical judgment, 
they have been more likely to accept the system as valuable for their work. Therefore, the study has 
demonstrated that streaming analytics capability is central to transforming raw clinical data into timely, 
usable, and decision-supportive information (Beam & Kohane, 2018). 
The third major area of discussion has involved system interoperability, data security, privacy controls, 
and their relationship with continuous clinical data processing and real-time analytics adoption. The 
results have shown that system interoperability has been positively correlated with continuous clinical 
data processing (r = 0.642, p < 0.001), and regression analysis has shown that interoperability has had 
a significant positive effect on healthcare operational performance (β = 0.184, p = 0.009). These findings 
have supported H3 and have confirmed that integrated healthcare systems have improved the ability 
to process clinical data continuously. This result has been consistent with prior interoperability research 
showing that fragmented healthcare information systems create barriers to data exchange, integration, 
and meaningful use of clinical information (Benjamens et al., 2020). It has also supported studies on 
FHIR-based interoperability, which have shown that standardized data exchange can improve 
integration across electronic health records, healthcare applications, and research or analytics 
platforms. The results have also shown that data security and privacy controls have been positively 
associated with real-time analytics adoption and trust (r = 0.619, p < 0.001), and regression analysis has 
confirmed a significant positive effect on healthcare operational performance (β = 0.157, p = 0.018). This 
has supported H4 and has shown that healthcare professionals are more likely to trust and support 
real-time analytics systems when privacy, authentication, access control, encryption, audit trails, and 
governance procedures are perceived as strong (Garg et al., 2005). This finding has aligned with earlier 
studies emphasizing that healthcare data security and privacy are essential for electronic health 
records, cloud-based health systems, IoT-enabled healthcare, and Healthcare 4.0 environments. 
Compared with prior work, the current study has connected interoperability and security directly to 
measurable analytics outcomes, showing that healthcare streaming analytics requires both integration 
and trust. From a theoretical perspective, these findings have expanded the Technology Acceptance 
Model by showing that perceived usefulness and ease of use are strengthened when systems are 
interoperable, secure, and trusted (Krittanawong et al., 2017). 
The fourth key finding has involved continuous clinical data processing, architecture readiness, and 
clinical event latency perception. Continuous clinical data processing has shown a strong positive 
relationship with healthcare operational performance (r = 0.697, p < 0.001), and regression analysis has 
identified it as the strongest predictor of healthcare operational performance (β = 0.301, p < 0.001). This 
result has supported H5 and has confirmed that the ability to process clinical data continuously has 
improved operational outcomes such as workflow responsiveness, patient monitoring, decision 
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visibility, and resource coordination (Obermeyer et al., 2019). The Real-Time Clinical Streaming 
Architecture Readiness Index has further shown that the case-study environment has achieved high 
readiness overall (M = 4.12), with the highest readiness dimension being security and governance 
readiness (M = 4.26) and the lowest being interoperability readiness (M = 3.92). This has indicated that 
while the healthcare environment has been generally prepared for real-time streaming analytics, 
interoperability has remained a comparatively weaker architectural area (Topol, 2019). The Clinical 
Event Latency Perception Analysis has shown that overall perceived latency has been low to moderate 
(M = 2.31), and regression analysis has confirmed that clinical event latency perception has had a 
significant negative effect on clinical decision-making efficiency (β = -0.263, p < 0.001). This has 
supported H6 and has shown that delays in the visibility of clinical events reduce decision-making 
efficiency. These findings have been consistent with earlier research showing that clinical decision 
support is most effective when it delivers recommendations at the time and place of decision-making. 
They have also aligned with real-time early warning and predictive healthcare studies showing that 
timely clinical data processing can support risk identification and patient deterioration monitoring. 
Compared with earlier literature, the present study has provided a creative contribution by measuring 
latency perception and architecture readiness as unique result areas (Vorisek et al., 2022). This has made 
the study more specific to real-time streaming analytics because latency and readiness are central to 
whether a healthcare analytics architecture can function successfully in practical clinical environments. 
The practical implications of the findings are important for healthcare organizations, hospital 
managers, clinical leaders, healthcare IT departments, and policymakers. First, the results have shown 
that real-time data ingestion must be treated as a strategic healthcare infrastructure priority. Healthcare 
organizations should therefore invest in systems that can continuously capture data from electronic 
health records, patient monitoring systems, laboratory platforms, pharmacy systems, emergency 
departments, and connected medical devices (Mandel et al., 2016). Second, the strong effect of 
streaming analytics capability on clinical decision-making efficiency has suggested that healthcare 
organizations should develop real-time dashboards, automated alerts, predictive risk indicators, and 
clinically understandable visualization tools. Such systems should be designed to reduce information 
overload and support direct clinical action. Third, the findings on interoperability have shown that 
healthcare organizations should prioritize standardized data exchange, system integration, and cross-
platform compatibility. Interoperability readiness had the lowest score in the readiness index, which 
has suggested that fragmented systems may still limit the full performance of real-time analytics. 
Fourth, the findings on security and privacy controls have shown that analytics adoption depends on 
trust. Healthcare organizations should therefore strengthen encryption, role-based access, 
authentication, privacy governance, audit trails, and data-use accountability. These implications have 
aligned with prior studies showing that healthcare technology success depends on technical capability, 
organizational readiness, workflow fit, and user trust (Hathaliya & Tanwar, 2020). The findings also 
suggest that healthcare managers should not implement real-time analytics as a purely technical 
project. It should be treated as a socio-technical transformation involving clinicians, IT specialists, 
administrators, data governance teams, and patients. Training and change management should 
accompany system deployment so that users understand alerts, dashboards, latency limitations, data 
quality issues, and privacy responsibilities (Dimitrov, 2016). Theoretical implications have also 
emerged because the Technology Acceptance Model has been supported in this study. The findings 
have shown that perceived usefulness is strengthened when streaming analytics improves decision-
making and operational performance, while perceived ease of use is strengthened when systems are 
interoperable, secure, and aligned with clinical workflows. Therefore, the findings have extended 
technology acceptance reasoning into a real-time healthcare analytics context. The limitations of the 
study must be revisited carefully because they shape how the findings should be interpreted and how 
future studies can improve the research model. The first limitation has been the cross-sectional design, 
which has collected data at one point in time. This has allowed the study to examine relationships 
among variables, but it has not allowed the research to prove long-term causal effects. Future studies 
should therefore use longitudinal designs to examine how real-time streaming analytics adoption 
changes over time and whether improvements in data ingestion, interoperability, latency reduction, 
and clinical decision-making remain stable across different implementation stages. The second 
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limitation has been the case-study-based design, which has allowed deep analysis of a specific 
healthcare context but may limit generalization across hospitals, regions, and healthcare systems. 
Future research should apply multi-site comparative designs involving public hospitals, private 
hospitals, telehealth providers, emergency departments, intensive care units, and rural healthcare 
systems. 

 
Figure 10: Future-Oriented Model for Continuous Clinical Data Processing and Healthcare 

Performance 
 

 
 
 

The third limitation has involved self-reported Likert-scale data. Although the survey responses have 
provided valuable professional perceptions, future studies should combine survey data with system-
generated evidence such as actual alert response time, dashboard use logs, data ingestion latency, 
patient monitoring indicators, and operational performance records. The most important future 
research direction is to develop and test an advanced model called the Real-Time Clinical Analytics 
Maturity and Latency Optimization Model. This future model should combine four layers: architectural 
maturity, data-quality maturity, user-acceptance maturity, and latency optimization maturity. The 
proposed model can be expressed as a future research pathway where real-time data ingestion, 
interoperability, analytics capability, security governance, workflow fit, and AI-based event 
prioritization jointly predict continuous clinical data processing, clinical decision-making efficiency, 
patient safety outcomes, and operational performance. Future researchers may also integrate machine 
learning, edge computing, federated learning, and privacy-preserving analytics to reduce latency while 
protecting clinical data. This future model would allow researchers to move beyond perception-based 
readiness and test real-time analytics performance using both human evaluation and technical system 
metrics. Such work would strengthen the evidence base for real-time streaming analytics in healthcare 
and support the development of more reliable, secure, and clinically meaningful continuous data-
processing systems. 
CONCLUSION 
This study has examined real-time streaming analytics for healthcare as an architecture for continuous 
clinical data processing using a quantitative, cross-sectional, case-study–based research design. The 
study has focused on how real-time data ingestion, streaming analytics capability, system 
interoperability, data security and privacy controls, continuous clinical data processing, and clinical 
event latency perception have influenced clinical decision-making efficiency and healthcare 
operational performance. Based on the findings, the research has concluded that real-time streaming 
analytics architecture has played a significant positive role in improving healthcare data processing 
and decision-making outcomes. The descriptive statistics have shown high mean scores for the major 
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constructs, including real-time data ingestion, streaming analytics capability, interoperability, security 
and privacy controls, continuous clinical data processing, clinical decision-making efficiency, and 
healthcare operational performance. These results have indicated that respondents have generally 
agreed that real-time analytics is valuable for modern healthcare environments where patient-related 
data are generated continuously from electronic health records, monitoring devices, laboratory 
systems, pharmacy systems, wearable technologies, and other digital platforms. The reliability results 
have confirmed that the questionnaire items have been internally consistent, while the correlation 
analysis has shown significant relationships among the study variables. Real-time data ingestion has 
been positively related to continuous clinical data processing, streaming analytics capability has been 
positively related to clinical decision-making efficiency, system interoperability has supported 
continuous clinical data processing, and data security and privacy controls have increased trust in real-
time analytics adoption. The regression findings have further confirmed that the architectural 
components of real-time streaming analytics have significantly explained healthcare operational 
performance and clinical decision-making efficiency. Continuous clinical data processing has emerged 
as the strongest predictor of healthcare operational performance, while streaming analytics capability 
has emerged as the strongest predictor of clinical decision-making efficiency. The study has also 
introduced two unique result areas: the Real-Time Clinical Streaming Architecture Readiness Index 
and the Clinical Event Latency Perception Analysis. The readiness index has shown that the case-study 
healthcare environment has demonstrated high readiness for real-time streaming analytics, especially 
in the areas of data source availability, analytics and decision support, and security governance. The 
latency analysis has shown that higher perceived delay in clinical event visibility has reduced clinical 
decision-making efficiency, confirming that timeliness is central to the value of real-time healthcare 
analytics. The study has therefore concluded that healthcare organizations can improve continuous 
clinical data processing and operational performance when real-time data ingestion, analytics 
capability, interoperability, and privacy safeguards are integrated into a coherent healthcare data 
architecture. Overall, the findings have supported the study objectives and hypotheses, and they have 
shown that real-time streaming analytics should be understood as a strategic healthcare information 
system that connects technology, clinical workflow, data governance, and decision-making 
performance. 
RECOMMENDATIONS 
Based on the findings of this study, healthcare organizations should strengthen their real-time 
streaming analytics architecture by improving data ingestion, analytics capability, interoperability, 
data security, workflow integration, and latency management. First, healthcare organizations should 
invest in real-time data ingestion infrastructure that can continuously collect data from electronic health 
records, laboratory systems, pharmacy systems, patient monitoring devices, wearable sensors, 
emergency departments, and other clinical sources. This will allow clinical data to move into analytics 
platforms without unnecessary delay and will improve the ability of clinicians and administrators to 
monitor patient conditions continuously. Second, healthcare organizations should improve streaming 
analytics capability by developing real-time dashboards, automated alerts, clinical risk indicators, early 
warning systems, and decision-support tools that are clear, actionable, and aligned with clinical 
workflows. Analytics systems should not only display large volumes of data but should also organize 
information in a way that supports rapid interpretation and effective clinical action. Third, healthcare 
leaders should prioritize interoperability because the study has shown that system integration has 
supported continuous clinical data processing, while interoperability readiness has remained one of 
the comparatively weaker readiness dimensions. Hospitals and digital health organizations should 
adopt standardized data exchange practices, integration engines, application programming interfaces, 
and structured data formats that allow electronic health records, laboratory systems, pharmacy 
platforms, monitoring systems, and analytics tools to communicate smoothly. Fourth, data security and 
privacy controls should be strengthened across all layers of the analytics architecture. Healthcare 
organizations should implement role-based access control, strong authentication, encryption, audit 
trails, privacy governance, secure data-sharing protocols, and staff awareness programs to ensure that 
sensitive clinical data are protected during collection, transmission, analysis, storage, and visualization. 
Fifth, healthcare organizations should actively monitor and reduce clinical event latency. Since the 
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findings have shown that higher perceived latency has reduced decision-making efficiency, hospitals 
should measure the time taken for vital-sign abnormalities, laboratory results, medication alerts, 
emergency triage signals, and patient deterioration warnings to become visible to healthcare 
professionals. Sixth, healthcare professionals should receive training on how to interpret real-time 
dashboards, respond to automated alerts, understand analytics limitations, and use data-driven 
insights responsibly. Seventh, healthcare managers should treat real-time streaming analytics as a 
socio-technical system rather than only a technical investment. This means that successful 
implementation should involve clinicians, IT teams, administrators, data governance officers, and 
decision-support specialists. Finally, future system development should consider the integration of 
artificial intelligence, edge computing, cloud analytics, predictive modeling, and privacy-preserving 
technologies to make real-time healthcare analytics more responsive, secure, and scalable. These 
recommendations can help healthcare organizations improve patient monitoring, reduce delays, 
support evidence-based decision-making, strengthen operational performance, and create a more 
reliable architecture for continuous clinical data processing. 
LIMITATIONS OF THE STUDY 
This study has several limitations that should be considered when interpreting the findings. First, the 
study has used a cross-sectional research design, meaning that data have been collected at one point in 
time. This design has allowed the study to examine relationships among real-time data ingestion, 
streaming analytics capability, system interoperability, data security and privacy controls, continuous 
clinical data processing, clinical decision-making efficiency, and healthcare operational performance, 
but it has not allowed the researcher to establish long-term causal relationships. The results have shown 
statistically significant associations and predictive relationships, but they have not fully explained how 
these relationships may change over time as healthcare organizations upgrade their systems, train their 
employees, or expand analytics adoption. Second, the study has followed a case-study–based design, 
which has allowed a focused examination of a healthcare-related environment but may limit the 
generalizability of the findings to all healthcare organizations. Different hospitals, clinics, telehealth 
platforms, and public health systems may have different levels of infrastructure, financial resources, 
interoperability maturity, cybersecurity capacity, and workforce readiness. Third, the study has relied 
on self-reported questionnaire responses using a five-point Likert scale. Although this approach has 
been useful for measuring professional perceptions, it may have introduced response bias, social 
desirability bias, or differences in how respondents interpret survey items. Some respondents may have 
overestimated or underestimated the actual performance of real-time analytics systems based on their 
own experience, role, or familiarity with healthcare technologies. Fourth, the study has measured 
perceived clinical event latency rather than actual system-generated latency. Therefore, the findings 
have captured how respondents perceived delays in vital-sign alerts, laboratory updates, medication 
alerts, emergency triage signals, and patient deterioration warnings, but they have not measured the 
exact technical time taken for data to move from source systems to dashboards or decision-support 
tools. Fifth, the study has focused mainly on architecture, adoption, data processing, and operational 
performance, but it has not directly measured patient-level clinical outcomes such as mortality 
reduction, readmission reduction, medication error reduction, or treatment response improvement. 
Sixth, the sample has included healthcare IT professionals, clinicians, administrators, informatics 
specialists, and data analysts, but it may not fully represent all healthcare workers, patients, caregivers, 
or external technology vendors involved in real-time clinical analytics. Seventh, the study has used 
SPSS-based descriptive statistics, reliability analysis, correlation analysis, and regression modeling, but 
it has not applied more advanced methods such as structural equation modeling, longitudinal 
modeling, machine-learning validation, or system log analysis. Therefore, future studies may improve 
on these limitations by using larger multi-site samples, longitudinal designs, actual system 
performance data, mixed-method approaches, and advanced statistical modeling to provide deeper 
evidence on the effectiveness of real-time streaming analytics in healthcare. 
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