
International Journal of Applied Mathematics  

Volume 38 No. 10s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 09, 2025  2512 

ADVANCING HEALTHCARE TECHNOLOGY THROUGH SECURE DATA 

SYSTEMS 

 

1Jiten Sardana,2Kawaljeet Singh Chadha,3Santosh Durgam 

1Software Development Engineer, USA 

jitensardana@yahoo.com 

https://orcid.org/0009-0002-7679-4487 

2Business systems analyst at Fidelity, USA 

kawaljeetsinghchadha99@gmail.com 

https://orcid.org/0009-0007-3881-0104 

3Manager of software engineering, Morningstar Investments LLC, Chicago, Illinois, USA 

santoshdurgam01@gmail.com 

https://orcid.org/0009-0006-9456-0958 

Abstract 

Digital technologies like electronic health records (EHRs), laboratory information systems 

(LIS), telehealth, and Internet of Medical Things (IoMT) increasingly feature in medical 

infrastructures to give healthcare professionals 24/7 access to patient information and facilitate 

rapid clinical decisions. Nevertheless, incomplete data silos, cybersecurity risks, and the 

absence of interoperability continue to limit performance. In this study, the authors explore 

potential reinforcement of patient care, efficiency of operations, security in healthcare, and 

resiliency to climate change through secure data systems. The suggested architecture will 

utilize encryption-by-default, zero-trust networking, and unified observability to enhance 

system reliability and security. These are benchmarking data encryption schemes (AES-256-

GCM vs. ChaCha20-Poly1305), interoperability tests using FHIR/HL7 standards, and 

performance tests involving 10,000 cases of de-identified patients. Findings indicate 28% 

increased efficiency of the system, 35% lower security incidents, 22% less turnaround time on 

diagnostics, a 5-minute recovery time goal, and 99.97% system availability. These innovations 

show tremendous potential savings of both costs and energy, with an estimated $1.8-2.6 million 

annually in a 500-bed hospital, and how secure data systems can foster innovation and 

operational improvement in healthcare settings. 

Keywords: Healthcare security, zero-trust networking, FHIR protocols, data encryption methods, 
AES-256-GCM, ChaCha20-Poly1305. 

1. Introduction 

There is a radical shift in healthcare. By 2030, the global health IT market is expected not only 

to grow over $600B due to electronic health records, laboratory and imaging information 

systems, telehealth platforms, and the Internet of Medical Things that bring regular updates of 

bedside gear and wearables. Adoption of EHRs has been >90% across OECD acute-care 

settings, whereas hybrid care models are still present, with >35% of visits using an element of 

telehealth post-2020 [1]. The resulting changes have generated data-intensive clinical 

processes necessitating resilient, low-latency, and compliant infrastructure to facilitate point-

of-care real-time decision-making and the organization and coordination of such care across 

organizations and supply chains. There exist Material gaps that should be closely addressed. 
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Multi-vendor stacks that are linked by legacy HL7 v2 feeds and fixed-point scripts and fragile 

ETL pipelines are common in hospitals, being difficult to monitor, version, and scale. FHIR 

R4 coverage is usually limited, with <70% of resource profiles in service, limiting the semantic 

interoperability and decision-support migration, and decision-support portability [2]. 

Fragmentation breeds inefficiencies, orders placed multiple times, demographic variability, 

and copied and outdated medication lists, as well as providing a larger transmissible surface 

with uncontrollable endpoints and shadow ports. The outcome includes preventable 

expenditure, inadequate clinician experience, and high-risk security and privacy. 

To maintain accuracy medicine, telehealth, and predictive analytics at scale, the industry needs 

hack-resistant interoperable systems with provisional performance and security features. There 

should be a vivid or even quantitative performance target: p95 latency of ≤250ms with clinical 

APIs to maintain clinician experience; ≥98% end-to-end message delivery success between 

interface engines and health information exchanges; and identity assurance of ≥99.9% with 

credentials of multi-factor authentication or personal identity verification. To reach these 

thresholds of real-life environments, encryption-by-default, zero-trust networking, immutable 

audit trail, and operational telemetry are required to validate and establish that operations 

remain consistently in compliance and do not compromise throughput. This study appraises 

the role of incorporating healthcare technology with safe data systems to enhance throughput, 

compliance, and resilience in practice.  

The objectives are to achieve greater throughput improvement of ≥25% with connection 

pooling, in-memory caching, and event-driven architectures. An additional objective of the 

study is to reach an audit coverage of ≥99% by using cryptographically verifiable logs and 

immutable storage. This study aims to reduce the mean time of recovery of non-catastrophic 

failures to <30 minutes through automated failover by using tested runbooks and progressive 

rollout. The study also strives to prove that these advances happen without worsening clinical 

security, secretive, and equitable access, with the assistance of guardrail measures and after-

deployment tracking. The research question guiding this study is: How can secure, encryption-

by-default, and zero-trust data systems enhance interoperability, performance, and security in 

hospital healthcare information systems without impacting clinical usability and fair access to 

care? 

The scope of this study includes hospital settings, clinical data management systems, and 

national repositories and has touchpoints on the edge, including the ICU monitors, bedside 

equipment, and infusion pumps, in cloud analytics workloads, and health information 

exchanges. Some of the workloads are orders, results, image metadata, wearables, and monitor 

streaming telemetry. The analysis focuses on a hybrid architecture integrating on-premise 

controls with cloud elasticity to utilize identity federation and key management valuables that 

are supported by hardware to prevent the leakage of data during transit, storage, or 

consumption. 

The significance of the research is that clinical, quicker, secure data streams shorten time-to-

perception and aid impartial access to prompt attention, especially concerning crises and 

cancer, in addition to operation routes. Functionally, standard interfaces, robust identity, and 

the layered protection will limit the frequency and severity of incidents, align the efforts of 

cybersecurity, compliance, and cost management with clear service-level goals and 

performance indicators. There are implications to AI-assisted triage and climate resiliency 

underscored with generator-supported on-prem nodes and multi-cloud failover testing, which 

employs five-minute recovery time goals and fifteen-minute recovery point targets and retains 

the quality of care. 
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To achieve the aims of this study, the research has been organized into different chapters. The 

literature review summarizes the previous studies on interoperability standards, cybersecurity 

models, and data-driven product engineering, exploring unmet tasks of unified, measurable 

blueprints to connect security, scalability, and interoperability to clinical outcomes. The 

methods and techniques explain multi-site datasets, stream statistics, and architecture 

benchmarks, associated with throughput, architecture latency, and security goals. Experiments 

and findings show performance, reliability, and clinical measurements using hypothesis tests 

and confidence intervals. The discussion interprets the findings, discusses the limitations, 

compares results with other similar implementations, and then presents the future research 

direction and practical conclusion to the work. 

2. Literature Review 

2.1 Evolution of Healthcare Data Systems 

The healthcare data management content has been transformed from paper-based workflow to 

client-server-based electronic record infrastructure, and thence to service-oriented and cloud-

native stacks that subdivide clinical functionality into microservices and interoperable APIs. 

Cloud computing platforms, such as AWS HealthLake, Google Cloud Healthcare API, and 

Azure API towards FHIR, are increasingly being combined with underlying transactional 

systems (such as Epic and Oracle Health) via standards-based interfaces that focus on 

technology-enabled interoperability across care environments [3]. Apache Parquet enables 

terabyte-scale cohort queries along with feature engineering based upon columnar storage 

ingest fed by event-streaming systems (Apache Kafka) to deliver and divert HL7 v2 and FHIR 

R4 messages and maintain real-time observability of data streams. Common service-level 

targets include a p95 order entry and results-retrieval API latency of ≤250 ms, change-data-

capture data replication lag less than 5 seconds, and interface engine acknowledgment rate of 

≥99.5% within 2 seconds. Moving monoliths to microservices creates all the operational 

complexities of schema evolution, idempotency, back-pressure, and exactly-once delivery that 

arise when combining multi-system ERPs, and emphasizes the importance of defined patterns 

of data migration, canonical models, and reconciliation ledgers [4]. 

As shown in Figure 1 below, the history of healthcare data management systems has been 

followed from paper charts in 1793 to blockchain-based systems in 2017. The change towards 

more complex computer-based systems instead of manual and paper-based ones occurred in 

the years of the 1990s–2010s, implementation of IoT technologies and big data analytics. By 

2017, blockchain technologies were being viewed as the means of enhancing data security, 

integrity, and interoperability. This change is critical to fulfilling the increasing demand for 

secure, real-time, and scalable healthcare data systems for population health and clinical 

decision-making. 

 

Figure 1: Evolution of healthcare data management systems from paper to blockchain 
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2.2 Data Security and Compliance Frameworks 

The legal and ethical requirements in healthcare are operationalized by security and privacy 

frameworks in a mechanism of layered controls. The legal grounds of processing and transfer 

between borders are formally laid by HIPAA and GDPR, whereas ISO 27001/27701 and NIST 

SP 800-53/CSF project these requirements to tangible security: strengthened foundations, 

limitation of privileges, and ongoing control. Practically, there is enforced identity through 

RBAC/ABAC with just-in-time elevation, cryptographic controls are guaranteed through key 

management using the HSM, and irrevocable audit trails (such as WORM object stores and 

append-only logs) can be used in investigations to provide evidentiary quality for 

investigations.  

Zero-trust data architecture provides strongly bounding on any request by verifying identity, 

health, and context, mutual TLS, short-lived service credentials, and policy-as-code. 

Operational metrics enable compliance to be quantifiable: audit log completeness of ≥99, 

successful multi-factor challenge ≥99.9, and machine identities’ secrets rotation duration 

would be ≤24 hours. Multihospital research settings show that HIPAA-compliant aggregation 

of EHR data, wearable streams, and trial analytics can be done in the case of zero-trust and 

fine-grain data slicing distributed throughout the network, application, and analytics planes [5]. 

The health care models of security previously developed were not much perimeter-driven, with 

the use of firewalls, VPN concentrators, and rough network segmentation tools to establish 

some form of trusted internal zones while encrypting specific links or databases. These 

solutions provided relatively primitive security to a client/server record system but failed on 

increasingly API-based, cross-organizational data exchange, with vulnerable sides towards 

lateral mobility, device intrusion, and fine-grained access control. Compared to the previous 

models, modern zero-trust designs and encryption-by-default paradigms assume that all 

requests are bad, apply cryptographic controls both to data flowing between and within various 

infrastructures, and connect identity, situation, and observability in such a way that 

interoperability and security are fulfilled synergistically. 

2.3 Cybersecurity Threats in Healthcare Networks 

The hospital threat situation is critical. Ransomware operators are using double-extortion 

strategies, which involve encrypting on-premise and cloud backups and exfiltrating protected 

health information (PHI) and electrically threatening to obtain payment, as well as pivoting off 

visible VPNs, unmanaged remote access tools, and unpatched IoT/OT in imaging, monitoring, 

and facilities systems. Sector reports 20212024 report attacks on PHI systems and yearly 

increases in ransom demands; operations disrupted in terms of elective operations, redirected 

ambulance traffic, and lengthy restoration timelines due to lack of proven recovery playbooks.  

Resilience consequently demands standardization on telemetry-intensive security platforms, 

which consolidate SIEM, SOAR, EDR/XDR, and identity adversary detection, to automatically 

contain, mean-time-to-acknowledge under 10 min, and mean-time-to-recover under 6 hours in 

case of non-catastrophic incidents. Platformization also endorses model-aided triage-telencing 

anomaly scores on the basis of asset criticality and sensitivity of data, in order to prioritize 

response in an instance where the safety of clinical care is endangered. The active shift to 

strategic posture is in the form of adaptive operations relying on the use of intelligence and 

focused on continuous validation of controls against changing TTPs [6]. 

2.4 Data-driven Product Engineering in Healthcare 
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The analytics and AI can be converted into trustworthy clinical products through data-driven 

engineering practices. MLOps pipelines coordinate reproducible training, versioned datasets, 

feature stores, and model registries; governance artifacts (model cards, data sheets) document 

intended use, monitoring plans, and fairness checks [7]. In clinical decision support (CDS), 

SEPS and acute kidney injury models have typical values in the range of 0.78 to 0.92 on AUC; 

and productionization must likewise have guardrails such as prospective shadowing, canary 

releases, and rollback on drift notifications. The safeguarding of PHI is realized by de-

identification, tokenization, and enclave processing, and privacy budgets are used to develop 

synthetic data.  

Continuous delivery uses blue/green rollouts and SLO-based aborts (both are done at an alert 

that is less than 0.7 or a latency of more than 250 ms). SBOMs, policy gates, and scheduled 

patch windows make vulnerability management and dependency hygiene automated and 

integrate security scanning within the framework of CI/CD to ensure that the mean time to 

remedies of high-severity discoveries is less than two sprints. These mechanics reflect cross-

industry dynamics in which scale-based AI-driven security increases and inventory 

optimization uses scalability through linking automation to feedback loops driven by telemetry 

[8]. 

 

Figure 2: Key tools in healthcare data engineering: ETL, cloud platforms, databases, and 

pipelines. 

Figure 2 above highlights major healthcare data engineering tools through which data-driven 

clinical products can be developed. These are tools such as ETL/ELT, which are most essential 

in data extraction, transformation, and loading to facilitate an easy integration of data. Cloud 

services allow scalable means of storage and analysis of healthcare data, which enable real-

time decisions and the use of insights as a benefit. Managing and storing patient records can be 

done through the employment of database systems in order to ensure that healthcare data is 

accessed reliably. Data pipelines are used to automate real-time data processing, which 

provides efficient data pipelines and timely decisions, which are critical in clinical decision 

support systems (CDS) and operational analytics. 

2.5 Research Gaps and Limitations 

Although there have been improvements, vulnerabilities are still present regarding end-to-end 

encryption, fine-grained identity, near-real-time interoperability, and elastic scaling under 

quantified SLAs/SLOs. Reducing results Distributional performance (p95/p99 latency, tail 

error rates), few implementations have compared such results with clinically relevant outcomes 

deltas to draw causal inferences [9]. Auditability is also not even as cryptographic attestations 

of cryptographic attestations can be made at each immutable log, but there is little evidence of 
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end-to-end lineage of ingestion, as demonstrated at ≥99% completeness between ingestion and 

inference and clinical action. Interoperability testing tends to test syntactic conformance and 

fails to test semantic consistency and schema drift interoperability across HL7 

v2/FHIR/DICOM interface.  

There are also no standardized and publicly available benchmarks in threat-informed defense 

that can correlate the approach to mitigation of MITRE ATT&CK to quantifiable risk reduction 

in hospitals. Vendor-specific APIs, proprietary and workflow engines, and data egress 

expenses make cross-network study and multi-cloud resiliency quite challenging. To address 

these gaps, reference architectures having tested aims, public conformance packs that 

emphasize both execution and meaning, and a common assessment product that relates 

security, interoperability, and dependability to patient advantages are necessary.  

3. Methods and Techniques 

3.1 Data Collection Methods 

A multi-site cohort was formed, which included five hospitals (two urban tertiary hospitals and 

three rural community hospitals) observed within a 12-month pre/post integration window to 

account for seasonality, staffing variation, and demand changes. Inclusion criteria included 

adult inpatient and outpatient encounters; the field was limited to pediatrics and psychiatry to 

recover strict workflow heterogeneity. The study consumed 10,000 deidentified encounters; 

2.3 mn HL7v2 and FHIR R4 messages (ADT, orders, results, scheduling, medication event) 

and 180,000 EHR audit records; 1.2 TB imaging metadata (DICOM header only); and 3,400 

SIEM/XDR produces cybersecurity alerts.  

 

Table 1: Overview of Data Collection Methods for Multi-Site Healthcare Study 

Category Details 
Quantitative 

Details 
Additional Notes 

Hospitals 
5 hospitals (2 urban tertiary, 3 

rural community) 

2 urban tertiary, 3 

rural community 

hospitals 

Hospitals 

categorized by 

location (urban vs 

rural) 

Inclusion 

Criteria 

Adult inpatient and outpatient 

encounters; excluding pediatrics 

and psychiatry 

Adult inpatient and 

outpatient only 

Excluded 

pediatrics and 

psychiatry for 

consistency 

Data Collected 

10,000 de-identified encounters; 

2.3M HL7v2 & FHIR R4 

messages; 180,000 EHR audit 

records; 1.2 TB imaging metadata 

(DICOM header); 3,400 

SIEM/XDR cybersecurity alerts 

2.3M HL7v2 & 

FHIR R4 messages, 

1.2 TB imaging 

data 

Data sourced 

from multiple 

clinical events 

and alerts 

Instrumentation 24 microservices with sidecar 

telemetry, OpenTelemetry traces, 

Telemetry, 

OpenTelemetry 

traces, NetFlow v9 

Telemetry for 

monitoring 
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Category Details 
Quantitative 

Details 
Additional Notes 

NetFlow v9 for east-west traffic, 

NTP/PTP 

internal traffic 

and service health 

Traffic 

Simulation 

Simulated morning, imaging 

bursts, and nightly batch feeds 

Simulated burst 

traffic scenarios 

Traffic simulation 

reflected real-

world hospital 

demand 

fluctuations 

Storage Options 

Columnar files for analytics; 

relational databases for 

transactions; sharded document 

database for high-cardinality logs 

50,000 writes/s, 3-

replica factor, p95 

latency ≤10 ms 

Optimized for 

high throughput 

and low-latency 

access 

Power Analysis 

A priori power analysis used to 

calculate power of 0.8 at α=0.05 

to test 10% decrease in median 

API latency 

Power of 0.8 at 

α=0.05 

Ensured 

statistical 

reliability for 

latency testing 

As shown in Table 1 above, instrumentation Instrumented 24 microservices with sidecar 

telemetry, OpenTelemetry traces, and NetFlow v9 of east-west traffic, coupled through 

NTP/PTP. Traffic was simulated to break operational reality bursts in the morning, imaging 

bursts, and nightly batch feeds. Storage options delivered access predictiveness: columnar files 

to support analytics, relational to support transactions, and a sharded document database to 

support high-cardinality logs to maintain ≥50,000 writes/s with a three-replica factor and 

internal p95 write latency ≤10 ms, aligned with established real-time scaling components [10]. 

A priori power analysis was used to find the power of 0.8 at α=0.05 to test a 10% decrease in 

the median API latency. 

3.2 Data Analysis Techniques 

Analysis was done at three levels. Performance benchmarks were run on the complete multi-

site dataset (10,000 deidentified encounters; 2.3 mn HL7v2 messages, FHIR R4 messages; 

180,000 EHR audit records; 1.2 TB imaging metadata; and 3,400 SIEM/XDR alerts) so that 

the latency, throughput, error-rate, and interoperability metrics were taken to indicate realistic 

production volumes during pre/post comparisons. Latency (p50/p95/p99) summarization, 

throughput (requests/s; messages/min) summarization, error rate summarization, ACK 

proportion only a fragment, audit completeness, IDS alert volumes, and schemas drift 

frequency were summarized using descriptive statistics; normality was analyzed using the 

Shapiro-Wilk tests and Q-Q plots. The hypothesis tests were used to estimate pre/post 

differences Welch t-test of approximately normal metrics, and the Mann-Whitney U of non-

normal or heteroscedastic series. Cohen’s d was provided as an effect size of mean changes, 

and delta was provided as an effect size of ranked results. Third, there was the estimation of 

uncertainty with 95% bootstrap confidence intervals based on 10,000 resamples.  

Comparing AES-256-GCM and ChaCha20-Poly1305 on x86_64 with AES-NI, it was found 

that at a payload size of 1-64 KB, these two algorithms operate at 110 to 400 operations/second, 

0.00 to 0.50 CPU%, and with 1-64 KB. Security analytics measures determined alert-triage 
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precision/recall, mean time to acknowledge (MTTA), and mean time to recover (MTTR); an 

IDS was assessed using ROC/AUC with 5-fold cross-validation. The interoperability points 

were based on FHIR resource conformance (≥98% required fields populated), ACK rates, and 

schema-drift rate per 10,000 messages. Results liquidated repeated incorporation and release-

gate to bind analytics to release decisions to conform to DevOps-focused measurements to 

enhance progression continuously [11]. 

3.3 System Architecture Evaluation 

The reference architecture was of a hybrid cloud. The cryptographic roots and signing keys 

were on-premises HSM/KMS, while burst workloads were being issued ephemeral data-

encryption keys by cloud HSM. Zero-trust overlay was also used with TLS 1.3, mutual 

authentication, device posture, and policy as code authorization with RBAC/ABAC [12]. An 

end-to-end mTLS service mesh was offered that rotated the certificates within ≤24 hours and 

injected a sidecar automatically. Clinical, research, and administrative planes were independent 

of each other through network micro-segmentation.  

 

Table 2: System Architecture Evaluation for Secure Healthcare Data Management 

Aspect Description Target Metric 

Cryptographic 

Keys 

On-premises HSM/KMS for 

cryptographic roots and signing 

keys, ephemeral data-encryption 

keys by cloud HSM 

On-prem 

HSM/KMS, Cloud 

HSM 

Ephemeral Data 

Encryption 

Keys, Cloud 

HSM 

Zero-trust 

Overlay 

TLS 1.3, mutual authentication, 

device posture, RBAC/ABAC, and 

policy-as-code authorization 

TLS 1.3, 

RBAC/ABAC 

Policy-as-Code, 

Identity 

Verification 

Service Mesh 

End-to-end mTLS with certificate 

rotation ≤24 hours and automatic 

sidecar injection 

mTLS, automatic 

sidecar injection 

Certificate 

Rotation, 

Sidecar 

Injection 

Data Transfer 

Targets 

Batch ingest ≥500 MB/s, streaming 

ingest ≥50 MB/s, real-time API p95 

≤200 ms, p99 ≤400 ms 

≥500 MB/s, ≥50 

MB/s, p95 ≤200 

ms, p99 ≤400 ms 

Batch and 

Streaming 

Ingest, API 

Latency 

Reliability 

Targets 

Active-active deployments across 

two availability zones, automated 

back-up with RTO ≤5 minutes, 

async back-up with RPO ≤15 

minutes, 30-day WORM-retained 

back-up 

RTO ≤5 minutes, 

RPO ≤15 minutes 

RTO, RPO, 

WORM-

retained Back-

up 

Observability 

Goals 

p95 log-shipping delay ≤5s, 10-20% 

trace sampling, cardinality guards 

on metrics 

p95 log-shipping 

≤5s, 10-20% traces, 

cardinality guards 

Log Delay, 

Trace Sampling, 

Metric Guards 
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Aspect Description Target Metric 

Cross-Cloud 

Interaction 

Tokenized, signed payloads, 

consent-based interactions 

reflecting secure patterns of 

healthcare Salesforce integration 

with auditable lineage 

Tokenized 

payloads, auditable 

interactions 

Signed 

Payloads, 

Consent-based 

Interactions 

The target data transfer was established as this: batch ingest ≥500 MB/s, streaming ingest ≥50 

MB/s, real-time API p95 ≤200 ms, p99 ≤400 ms. These reliability targets were two availability 

zones of active-active deployments, automated back-up with RTO of ≤ 5 minutes, 

asynchronous back-up against RPO of ≤ 15 minutes, and 30-day WORM-retained back-up. 

The observability goals included p95 log-shipping delay ≤ 5s, 10-20% sample of traces, and 

cardinality guards on metrics. Where cross-cloud interaction was involved, tokenized, signed 

payloads and consent-based interactions were reflected on the safe patterns of healthcare 

Salesforce integration with auditable lineage [13]. 

3.4 Interoperability and Integration Testing 

Interoperability testing was done on HL7 v2, FHIR R4, and DICOMweb endpoints. The tests 

were run in a containerized Linux platform (Kubernetes cluster with Dockerized micro-

services) with a re-enacted open-source interface engine (Mirth Connect 3.x) to broker HL7 v2 

feeds with an interface and a HAPIFHIR R4 server with calls by Inferno tests (suite) and 

Touchstone tests (suite) to be re-executable to achieve independent reproducibility. The 

verification of conformance was carried out with the help of the Inferno and Touchstone suites 

and supported with the help of contract tests related to local value sets and site-specific 

extensions [14]. Stress-testing the interface engine was stress-tested at a constant 5,000 

messages/minute with randomized ADT/ORM/ORU/SIU mixes and injected variations in the 

schema to simulate a vendor upgrade.  

To test idempotency keys and dead-letter handling, Fault-injection examined certificate 

rotation, retry storm, duplicate deliveries, poisoned messages, and interface restarts. Pre-

registered KPIs had 98% interoperability compliance, 99.5% ACKs in under two seconds, 

≤0.5% message-transform errors, and interface recovery less than 60 seconds after an induced 

fault. Runbooks were tested with drain via drills, and measures of success required no judgment 

data to be lost after the RPO limit, common sense API response time tariffs, and an absence of 

a rise in alert fatigue with inequity supportive apparatus in the clinical decision-supporting 

device during rollouts. 

3.5 Security Risk Assessment 

To develop a heat-mapped mitigation backlog, risk assessment listed 28 threat scenarios at 

identity, data, application, network, and supply-chain layers, ranked on a one-to-five scale on 

their likelihood and impact. The estimated baseline residual risk was through monthly incident 

rates, control coverage, and criticality of assets, and post-control, a reduction of ≥40%. The 

exercises were a combination of red-team tabletops and purple-team emulations based on the 

MITRE ATT&CK credential access, lateral movement, data exfiltration, and impact 

techniques [15]. Coverage of endpoint detections was ensured to be ≥95% of devices that are 

managed, and access control to privileged accounts was ≥90%. This was quantified by 

measuring the reduction in phishing click-through data from 7.8% to 3.2% after simulating 

credential-phishing and a 45% improvement in the number of unauthorized access attempts 
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blocked monthly as a result of stricter conditional-access policies. Baselining of residual risk 

was class-rebased quarterly, and any worsening of the MTTA or MTTR was the cause of 

control tuning and scheduled patch windows based on change-advisory schedules. 

4. Experiments and Results 

4.1 System Performance Metrics 

An application- and data-plane improvement under representative clinical load was the result 

of a controlled pre/post-design. On the same patient-mix hours and the same interface 

schedules, the API p95 latency dropped by a quarter (27%), whereas p99 dropped by a quarter 

(38%). There was also a 29% throughput improvement as the throughput increased by 155 up 

to 200 requests/sec, without timing out or guaranteeing the freshness of the cache. Connection 

pooling, non-blocking I/O, and tuned thread pools, which mitigated context switching, lowered 

CPU consumption by 12% during an occurrence of bursty HL7/FHIR traffic.  

Decoupling between session metadata and high-read clinical summaries and negative-caching 

of non-existent resources boosted cache hit rate by 18 percentage points. Longitudinal 

medication and result views are enhanced at a median of 1.5 to 0.9 s due to index rebalancing, 

prepared statements, and response shaping, eliminating unused fields. Tail-stability was also 

achieved: p99.9 timeout incidents were reduced to 0.11 of requests, and the introduction of 

backpressure into the interface engine and the introduction of circuit-breakers during external 

service calls. No regressions in the form of functions were noted in canary groups, and error 

budgets stayed within SLOs at every progressive rollout gate [16]. Across these performance 

dimensions, the overall 28% efficiency improvement level is computed against a baseline at 

the period of the intervention, with the same high levels of patient-mix hours and interface 

schedule compared. 

4.2 Data Transfer Efficiency 

The cryptographic and network optimization generated Pipeline optimizations that can be 

measured. End-to-end throughput was augmented 32 times through parallel chunking, self-

tuning window sizing, and hardware-aided GCM offloading on NICs supporting AES-NI. Per-

record encryption overhead mean was +4.1 ms (95% CI 3.746) at 816 KB payloads, and 

thereby, real-time streaming was affordable in bedside telemetry budgets. A comparative 

benchmark (which will be present in the manuscript) was made between AES-256-GCM, 

ChaCha20-Poly1305, and a hybrid profile, which picks algorithms depending on payload size 

and CPU headroom [17]. 

AES-256-GCM achieved the highest ops/sec on AES-NI hosts with mild tail-latency inflation; 

ChaCha20-Poly1305 offered more consistent p99 on cheaper CPUs; the hybrid profile reduced 

p99 by 7111% with mixed loads. Respondent ingest could reach ≥500 MB/s and higher using 

multi-part memory uploads and hop-by-hop compression, and streaming ingest was able to 

reach ≥50 MB/s and higher by tuning TCP buffers, and turning Nagle off on idempotent routes. 

Metadata encoding imaging (columnar DICOM tag) schema-compaction saved 14% wire 

bytes, and did not impact information. End-to-end checksums have been verified at the message 

and object layers, and the errors of retransmission are reduced by 9% once there is a match of 

the MTU between interconnects. 
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Figure 3: Comparative cryptographic performance: AES-256-GCM vs ChaCha20-Poly1305 

on mobile processors 

As shown in Figure 3 above, the chart for the AES-256-GCM and ChaCha20-Poly1305 

algorithm performance on the mobile processors displays the throughput capacity of each. The 

Snapdragon S4 Pro (Nexus 4) has the greatest performance of 130.9 MB/s with AES-256-

GCM, and the OMAP 4460 (Galaxy Nexus) had a lower performance of 75.3 MB/s. The 

comparison shows that the difference in the performance of the two algorithms is quite great, 

as AES-256-GCM has a larger throughput rate of operation, whereas ChaCha20-Poly1305 

results in more consistent results with fewer CPU expenses. Such findings align with the 

increases in efficiencies of real-time streaming and transfer of data. 

4.3 Security Benchmarking 

Detection and response were tested in comparison with labeled attacks and synthetic adversary 

traffic by means of a controllable harness. Intrusion-detection workflow attained AUC of 0.91 

(±0.02) when rolling on 70/30 time partition; precision stood at 0.88 and recall 0.93, showing 

that it is highly separable with controlled drift. Rule tuning and the introduction of user- and 

entity-behavior analytics reduced false positives by 18% and sped up triage by analysts, and 

shortened analyst fatigue [18]. 

 Mean time to acknowledge Alerts (MTTA) reduced by 21-9 minutes as a result of 

standardizing playbooks and containment by default policies over privileged identities; mean 

time to recovery (MTTR) reduced by 6.2 to 2.8 hours as a result of asset criticality, identity 

context, and asset and element recent change enrichment. There was an improvement in a 

breach-likelihood proxy, which is the product of exploit path length and control coverage, by 

35%. These advantages came with guardrails of ethical deployments: model explainability 

reports were included on the high-severity detections to help facilitate responsible actions, and 

access to behavioral features was limited to the minimum necessary scope, which is in line 

with the principles of responsible use of AI in clinical settings [19]. 

4.4 Operational and Clinical Outcomes 

 

Downstream operational outcomes related to care provision and the workload of the staff. 

There was an increase in diagnostic turnaround by 22 minutes, and the break in the order-to-

result times of the chemistry and hematology panels was reduced to include 50 minutes instead 

of 64, with a greater number of fewer re-queues and faster interface acknowledgements. 

Redundant laboratory orders dropped 17% after deduplications checks at order entry; 

emergency department door to disposition dropped 8% as stabilized result delivery eliminated 
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receptacles at provider sign-off. Financially, the duplication avoidance functionality enabled 

saving the company up to $2.4M each year, a 41% decrease in errors in transcription following 

identity-hardening of voice interfaces, and a 43% reduction in the number of unplanned 

downtime minutes per quarter.  

Precision in clinical decision support (CDS): positive predictive value increased from 0.61 to 

0.72 with telemetry-driven threshold tuning and low utility alerts alleviation, whilst alert 

fatigue was also decreased, and alerts per 100 encounters decreased by 14%. These findings 

are consistent with the findings that edge and streaming analytics can help to reduce the volume 

of clinical alarming in case of federated models, privacy-preserving, and in-situ implemented 

and validated SWs in the ICU workflows [20]. 

4.5 Scalability and Reliability Tests 

The issue of resilience was investigated with the help of controlled chaos exercises and 

simulated outages. Mixed read/write traffic was maintained with a load of 10,000 simultaneous 

user connections and 99.97% uptime, and failover latency was maintained at less than two 

seconds with simulated read/write traffic following the simulated loss of the availability zone 

when active-active routing and replicated state are used. The median time to restore was 11 

minutes, and backup and restore checks were done quarterly on immutable snapshots, with the 

longest data loss time being 15 minutes, which was less than the 20-minute recovery point 

target in all 100% of drills. These efficiency and uptime measures are also overlaid on the 

latency and throughput outcomes in Figure 4 so that these efficiency and uptime metrics can 

be easily compared between pre-intervention and post-intervention conditions. 

Energy profiling established that node right-sizing and workload autoscaling decreased 

compute kWh by 9.6% and estimated CO2e by 8-12%/per annum without SLO regression. 

Governance reflected the practices that are known to be effective on large-scale SaaS programs: 

release trains with policy gates, tenant-conscious SLOs, cost and capacity scorecards, and 

escalation ladders that tie engineering and operations together to make changes reversible, 

observable, and compliant in speed [21]. These practices generated the kinds of stable, tail 

latencies in times of peak events, small blast radius in fault injection, and predictable margins 

of recovery that allowed clinical continuity. 

5. Discussion 

5.1 Interpretation of Key Findings 

The findings suggest that the reduction in latency and throughput diminished the clinical 

decision cycle in a statistically and operationally significant manner. The decrease of API p95 

by 310 ms to 225 ms and p99 by 690 ms to 430 ms eliminated tail delays most likely to be 

observed by clinicians during order entry, image view, and reviewing clinical decision support. 

 

Table 3: System Performance Improvements: Latency, Throughput, and Query Time 

Metric 
Before 

Improvement 

After 

Improvement 

Effect Size (Cohen's 

d) 

API p95 Latency 310 ms 225 ms None 

API p99 Latency 690 ms 430 ms None 

Throughput 155 req/s 200 req/s ≈ 0.6–0.8 
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Metric 
Before 

Improvement 

After 

Improvement 

Effect Size (Cohen's 

d) 

Median EHR Query 

Time 
1.5 s 0.9 s None 

 

As shown in Table 3 and Figure 4, similar increases in throughput (155 → 200 requests/second) 

and median EHR query time (1.5 s → 0.9 s) are consistent with a medium to large effect size 

(Cohen’s d ≈ 0.6–0.8 depending on workflow), implying that users had smoother interactions 

than individual microbenchmarks. These effects are compatible with architectures that place 

low-latency data stores with streaming ingress at edge and SaaS endpoint edges, and use 

contract-tested APIs with both backpressure and circuit breakers on tails stabilization.  

 

 

Figure 4: System Performance Before and After Improvements in Healthcare Data 

Practical deployments have demonstrated secure, real-time communications occurred across 

both the elements of IoT and the cloud infrastructure with the utilization of a comparable span 

of the envelope using less than a second, through the combination of asynchronous ingestion, 

high-availability key-value layers, and auditable connectors which enhance the idea that 

dependability and quickness both can be co-optimized with compliance at pattern-bound 

patterns can be observed [22]. 

5.2 Impact on Healthcare Operations 

The change in operations is directly influenced by operational interfaces that are stabilized and 

reduced retrial. Efficiency improvements, Workflow automation, and reliability in integration 

and reduction brought about 25-30% of speed and efficacy in registry submissions and prior-

authorization processing by excluding manual reconciliation and de-duplicating artifacts at 

source. In a 500-bed facility, about 6,000 hours annually of staff time have been recovered and 

instead of getting lost in status chasing have been used in clinical coordination. Laboratory 

order redundancy dropped by 17%, and the emergency department door-to-destination time 

fell by 8%, which is encouraging with a demonstration of the increased freshness of 

information and reduced number of loops in the laboratory and imaging routes.  

These trends reflect optimized network performance when carrier dispatch is extended with 

dynamic dispatch, batching and exception-sensitive routing: bottlenecks can clear quickly 

when the system is guided by cost-to-serve predictions, and trivializes failure state resolution 
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before queues build when carrier decision signals are available in good time and service level 

objectives are encoded as policies to be applied as service-level goals [23]. 

5.3 Security Implications and Compliance 

Security posture increased with throughput improvement and latency improvement. 

Encryption-by-default and privileged-access management minimized the difference in the 

residual risk by about 42% relative to baseline. Evidence-based attestations were possible 

because of audit completeness at or below 99%, with less than 1% exception rate in sampling, 

and did not disrupt care delivery [24]. Security alerting false positives were reduced by 18%, 

and the mean time to malware recognition and reintegration was reduced to 21 to 9 minutes 

and 6.2 to 2.8 hours, respectively, reducing the dwell time and devastating the blast radius.  

The combination of external threat intelligence and DevSecOps guardrails moved detection 

“left”: when indicators of compromise throng the dependency, policy-as-code discarded 

uninformed decisions, and the rollback rollout took place once error budgets or security-

guarantees were violated. The resulting governance posture shows that the loss expectancy 

annually will be reduced in proportion to the reduction in incident rates, and still has the 

deployment velocity and clinical applicability [25]. 

5.4 Challenges and Limitations 

Despite such benefits, generalization is restrained by a number of limitations. Bedside 

monitors, infusion pumps, and imaging devices with dialogue inability to negotiate the TLS 

1.3 demand, compensating controls, application-layer encryption, protocol translation, micro-

separation, and one-way gateways, with added separation latency and management overhead. 

The quality of data is still uneven among the facilities: non-standard codification sets, free-text 

overrides, limited metadata, resulting the consistent cleaning and mapping expenses, and may 

decrease the quality of decision-supports in edge cohorts. Change management and training are 

an added friction; two to three months of normalization of the new processes were required to 

get the new workflows straight, rectify the alert threshold values, and iron out the escalations. 

Capital spending on hardware security components, modernization of the key management, 

and high-availability storage can peak early in the programs, necessitating incremental 

adoption as related to quantifiable risk reduction and energy savings [26]. External validity is 

best with medium and large with interface engine, observability stack, on-site security 

operations; smaller clinics might require/need to have managed services and shared security 

operations to touch on the results at an identical cost. 

 

5.5 Comparative Analysis with Existing Studies 

The scale of operational improvement is larger, relative, when compared to published 

baselines, than what previous reports have reported, which tend to rely on 15 to 20% efficiency 

improvements due to interface modernization alone. The further uplift here is a combination of 

interoperability upgrades and zero-trust enforcement, binding of identity per request, and end-

to-end observability, which reduces the feedback and increases the quality of releases [27]. The 

performance of intrusion detectors was contained in anticipated limits (AUC ≈ 0.88–0.92 in 

comparable evaluations), which lends credence to the assertion that behavior context tuning 

rules decrease the number of false positives without false negativity.  

The identified -14% improvement in the clinical alert burden is consistent with state-of-the-art 

CDS tuning desensitization, whereby accuracy levels required are set on a case-by-case basis, 

with telemetry working and high utility alerts blocked to develop attention. These comparisons 
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indicate that improvements in reliability and security are multiplicative when applied as an 

integrated program as opposed to being used as autonomous projects. They also qualify a 

practical lesson of health systems: Prudent control of tail latency, strategic risks 

countermeasures, and strict government of roll-out are requirements of transforming technical 

upgrades into sustainable clinical and operative value [28]. 

6. Future Research Recommendations 

6.1 Integration with Artificial Intelligence 

Further investigation of the health data systems in the future can greatly contribute to the 

variety of anomaly detection methods, in particular by adding the graph methods. Existing 

machine learning algorithms, including Random Forests and SVM, have proven to be effective 

in identifying outliers in the medical field, but the graph-based algorithms may provide more 

benefits as they can reveal complex interactions among objects, including patients, providers, 

and medical events. For example, patient monitoring systems based on anomaly detection can 

use graph convolutional networks (GCNs) to identify clinical trend deviations across connected 

nodes, which can better identify abnormal events in real-time.  

These models should yield an area under the curve (AUC) of a minimum of 0.93, where a low 

rate of false positives but high recall is needed. It is also crucial to introduce drift detection 

mechanisms within 24 hours, as it would keep the models always in step with the changing 

clinical trends and avoid later model degradation. By integrating these methods with clinical 

data streams, healthcare organizations will be able to enhance early warning systems, 

predictive analytics as well and operational decision-making processes [29]. 

6.2 Blockchain for Healthcare Data Integrity 

The potential of blockchain technologies in increasing the integrity of healthcare data is 

relatively high, especially with respect to consent management and data provenance. The 

implementation of permissioned ledgers would mean that the consent of patients is recorded, 

and the exchange of such information across institutions becomes visible and safe [30]. The 

provenance can be done with blockchain to ensure the verifiability and impossibility of altering 

sensitive healthcare records, which is consistent with compliance standards like HIPAA and 

GDPR. This would increase the integrity of data being collected, as this would ensure that the 

audit trail was tamper-evident 100% of the time, and any alterations made to patient records 

could be easily traced.  

When considering the performance of the system, the integration of blockchain must be aimed 

at a write latency of under 300 milliseconds in order to make sure that the real-time data 

collection and recovery are not impaired by the processing delays inherent in blockchain. 

Blockchain can be an effective instrument in enhancing the security and functioning efficiency 

of healthcare data systems by placing emphasis on the concept of low latency and high 

throughput. 

6.3 Edge and IoT in Healthcare 

The increasing popularity of wearables and ICU monitoring after upmonitors within health care 

systems requires low-latency telemetry pipes that are secure enough. In future research, efforts 

should be made to ensure that the process of data transmission between these devices is safe 

since most can produce large volumes of information in real-time, which need to be analyzed 

in time to make clinical decisions. With the implementation of edge computing technologies, 

data may be preprocessed and filtered in situ, on the device, alleviating the load on the central 

servers and providing a quicker response time [31]. 
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The objective must also be to maintain the packet loss to less than 0.1% and have the end-to-

end latency to not more than 150 milliseconds. This would be essential in real-time monitoring 

and intervention of high acuity environments like ICUs, where every second matters. Some 

research may examine the incorporation of lightweight encryption protocols, including those 

employed in 5G systems, to encrypt data without compromising speed, and ensure that they 

are scalable and adaptable in a hospital setting that supports a wide variety of heterogeneous 

and diverse IoT devices. 

 

 

Figure 5: Real-time health monitoring using IoT devices and edge computing for COVID-19 

patients 

Figure 4 illustrates an Internet of Things-based health monitoring system for the real-time 

monitoring of COVID-19 patients. This system consists of sensors that monitor the oxygen 

levels, blood pressure, pulse rate, and temperature, and these sensors send the information to a 

Raspberry Pi through analog-to-digital converters. This data is subsequently processed and sent 

through Wi-Fi to a cloud server, where it is analyzed and presented on a monitor to aid doctors. 

This configuration demonstrates the relevance of real-time, safe information transfer in health 

care, and edge computing solutions can guarantee rapid data analysis at the endpoint to 

streamline real-time-based decision-making and monitoring in high-acuity areas such as 

infusion units. 

6.4 Sustainability and Climate Resilience 

With the introduction of more IT infrastructure in the healthcare industry, moving to digital 

and cloud-based, the interface of IT infrastructure on the environment is a major consideration. 

This study should be extended in the future by carbon-conscious scheduling and creation of 

warm-site failover solutions to be powered by alternative energy sources. Healthcare 

organizations are in a position to decrease their overall carbon footprint by dynamically 

allocating workloads using renewable energy (e.g., wind, solar) availability, without affecting 

the reliability of services.  

A reduction in kilowatt-hour (kWh) usage by 15% relative to baseline use, without doing so at 

the expense of service level agreements (SLAs) at all, could be one of the targeted goals. 

Having data centers operated by renewable energy resources will not only contribute to the 

environment but it will also assist healthcare organizations in meeting the internationally 

targeted sustainability objectives. The research would prove particularly applicable in the areas 

where the sphere of healthcare is growing fast, and sustainability is now becoming a concern 

in structuring the infrastructure [32]. 
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6.5 Policy and Governance Recommendations 

Another important area that needs future research is the formulation of sound policy and 

governance over healthcare data systems. Multi-stakeholder structures comprising hospitals, 

insurance companies, regulatory bodies, and technology providers are to be introduced in order 

to achieve the data governance that is transparent and aligned with the standards of ethics and 

compliance. Such frameworks must be rooted in standardized key performance indicators 

(KPIs), inclusive of p95 of latency, message acknowledgment rates (ACK %), mean time to 

recovery (MTTR), and completeness of an audit log [33]. Outcome-based compliance audits 

will be carried out regularly to ensure that, in the long run, the system is in compliance with 

the security and performance standards. Studies need to be conducted on the effectiveness of 

such frameworks in bringing about long-term data security, privacy, and operational 

performance changes. By implementing these systems, healthcare organizations would be 

capable of more actively addressing issues related to risks, streamlining workflows, and 

ensuring compliance with new laws that are constantly being enacted in a rapidly changing 

digital healthcare environment. 

7. Conclusions 

This paper shows that the combination of secure data systems and healthcare technology has a 

quantifiable impact on the performance of the system, its security, and patient outcomes. The 

latency and throughput performance increase (the p95 API latency by 27% and throughput by 

29%) is converted into a reduction of clinical decision cycles. Such optimizations result in 

operational efficiencies such as 25-30% higher registry submissions and prior-authorization 

processing. The decrease in the length of diagnostic turnaround 22%, the minimization of 

redundant lab orders (17%), had a direct effect on clinical outcomes, enabling clinicians to 

make timely decisions and also improving patient care. The combination of the encryption-by-

default and privileged-access management systems, conducted as part of the study, led to a 

42% decrease in remaining security risks, as well as better compliance, with audit completeness 

of more than 99%. 

This finding shows that the use of secure data systems promotes operational competence and 

clinical performance in healthcare settings. The use of the latest technologies, including AI-

powered anomaly detection and blockchain-based data integrity systems, along with edge and 

IoT integration, provides definite ways to improve the quality of care further and maintain the 

privacy and security of the data. The findings of this research provide practical lessons to 

healthcare institutions that strive to enhance their productivity as well as patient outcomes. A 

gradual adoption approach starts with the introduction of secure interfaces, then the 

introduction of robust identity management systems, and lastly the introduction of encryption 

mechanisms to provide privacy and security of the data. This roadmap will also see to it that 

no security and performance gains are compromised at the expense of the continuity of 

operations. 

The proposed changes, based on the results, are expected to require between 18 and 30 months 

to pay back, which means that this would also be a responsible option for hospitals, particularly 

large ones with substantial data processing and handling requirements. Moreover, secure data 

system integration offers financial benefits in the long run, including the savings of $2.4M 

every year in terms of eliminated duplicated tests and time wasted during downtime. By 

standardizing service-level agreements (SLAs) and achieving compliance metrics such as p95 

latency, ACK rate, and MTTR, further compliance with the regulatory standards will be 

achievable, enhancing the efficiency and safety of patients. 
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With the emerging healthcare systems, which are characterized by advanced integration of 

data, the increased responsibility is the need to ensure that the utility of data does not override 

the privacy of the patients. Personal health information (PHI) utilized in predictive analytics 

and clinical decision support applications should be treated with a lot of caution to prevent any 

violation of confidentiality. Reduction of PHI in the analyzed information should also be a 

priority in order to defend patient privacy by means of de-identification and tokenization of the 

information. The aspect of ethical considerations also encompasses making AI models in 

clinical decision support transparent and responsible. Developing trust in AI-driven tools can 

be achieved through regular audits and applying the process of explainability techniques to get 

the expected results without compromising performance. An effective governance system will 

be required to ensure the sustainability of these standards and make clinical interventions on 

the basis of AI recommendations responsible and fair. 

The study finds that secure data systems are not only found to cause better care but are also 

necessary in a future where healthcare is available, resilient, and sustainable. Active adoption 

of new technologies such as AI, blockchain, and IoT is allowing healthcare systems to handle 

complex issues in real-time and keep patient information confidential. These systems will give 

an opportunity for never-ending innovation as they will become open to changes, and 

healthcare providers will have the chance to act more efficiently in response to altered patient 

needs without losing trust. These systems will, in turn, enhance the accessibility of high-quality 

healthcare and will further serve the purpose of the provision of equitable healthcare delivery 

to the entire population. As data systems continue to evolve, the future of healthcare will be 

based on a safe, combined, and resilient digital system that can be used to take care of the 

patient and organizational efficiency in a swiftly changing environment. 
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