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This paper has applied a modeling pipeline consisting of AI-based diagnostics made 

possible through the use of computing based on the principles of high-performance 

computing (HPC). This system receives, interprets and processes multi-modal 

healthcare information and data (ICU monitor streams, medical imaging and 

genomic data). It is also low-latency and heavily throughput with use of high-speed 

fabrics such as infinity band and NVlink in addition to processing ICU data (1,200 

records/sec), imaging (350 GB/hour) and genomic data (420GB/hour). AI model 

outcomes are promising: having an ICU risk prediction F1-score of 0.76, EfficientNet-

B0 of 99.5% internal and External imaging accuracy and 95% of predictions of 

genomic variations, XGBoost, EfficientNet-B0, and External imaging model are high. 

The system also ensures fault-tolerance, data integrity besides the scaling resource 

efficiency among the distributed nodes of HPC. The experience of integrating in NYU 

Hospitals and City of Hope increased the clinical process, decreasing the alert time in 

the ICUs to 40 per cent, clinician satisfaction increased to 4.5/5. The article indicates 

that at present HPC-capable AI pipelines are able to deliver reproducible, real-time 

and clinically actionable insights to offer precision healthcare. 

Keywords: High-Performance Computing (HPC), Clinical Data Pipeline, Artificial 

Intelligence (AI), Medical Imaging Analysis. 

Introduction 

A. Motivation 

The healthcare industry is encountering a sharp increase in the levels of data volume and complexity, 

which are being fuelled by inside ICU monitors, medical imaging, genomic sequencing and electronic 

health records. The conventional computing platforms are not able to perform to this size, curbing the 

opportunities of AI-based diagnostics. The hospitals require real time and consistently accurate and 

scalable solutions in order to process heterogeneous clinical data to deliver timely patient care. High-

Performance Computing (HPC) is able to meet the requirements as it has the three factors needed: the 

necessary computational processing, the low-latency networking, and the scalability. HPC with AI 

combines to provide advanced predictive analytics, image diagnostics with advanced predictive analytics 

and precision medicine processes. 

The recent events in the world, i.e. the COVID-19 pandemic, demonstrated the necessity of quick 

triage and real-time monitoring of the patient with the use of data-intensive systems. Artificial 

intelligence systems have the potential to help identify patients at high risk, diagnose based on the results 

of image analysis, and make clinical decisions, but it requires a supporting computational structure to be 

fast, reliable, and fault-tolerant. The combination of HPC and clinical pipelines can help resolve these 

issues, and the full-scale AI solutions can be available to hospitals. 
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B. Novelty 

This paper presents a pipeline based on HPCs that can be expanded to support AI diagnostics, which 

are of a clinical grade. It combines multi-modes of data streams of ICU telemetry, medical imaging and 

genomic data streams in real-time and batch methods, unlike the previous methods. The pipeline uses 

InfiniBand and NVLink which are high speed fabrics in minimizing inter-node communication latency, 

with a 1,200 record/sec ICU throughput and a 350 GB/hour throughput in imaging. The fault-tolerant 

containerized workflow with the check-pointing mechanism is also implemented in the system as the 

zero data loss will be guaranteed, and a reproducible result will be observed in the distributed nodes. 

Models in this pipeline prove to be very accurate, with XGBoost having an F1-score of 0.76 in 

predicting ICU risks, EfficientModel-B0 of 99.5% in house imaging and 99.3% in external imaging, and 

genomic variant prediction of 95% concordance. With the integration of these models in a clinical 

workflow, the study will make sure that the computational innovations are directly proportional to the 

benefits to the patients. This integrated system of HPC, high-speed fabrics and AI-rated clinical pipelines 

is a new input to the mission-critical healthcare infrastructure. 

 

Structure of the Study 

The paper has the following structure. HPC clusters, networking fabrics and containerized workflows 

to process real-time and batch data have been designed as discussed in the section of methodology. The 

data ingestion strategies are described together with the preprocessing strategy and AI models 

deployment strategies; the approaches are fault-tolerance, scalability, and reproducibility. The results 

section gives throughput and latency results, AI performance results and clinical integration results. The 

system is proven to be effective with the help of quantitative data, such as throughput (ICU 1,200 

records/sec, imaging 350 GB/hour, genomic 420 GB/hour) and model accuracy. Its implication on the 

clinical workflow, decision-making process, and precision medicine has been discussed and summarized 

in favor of AI pipelines being enabled by HPCs as pertinent in a regulated healthcare setting and 

appropriate for ampler interpretation by other stakeholders, though not yet adopted broadly. 

C. Objectives and Research Questions 

The main aim of the study is the construction and testing of a clinical grade pipeline capable of 

consuming large scale and multi-mode healthcare information through HPC. The major research 

questions involve: 

1. What could the HPC platforms and high-speed fabrics do to shorten latency and guarantee high 

throughput of ICU, imaging, and the genomic data? 

2. What is the most effective and accurate way of implementing AI models in HPC clusters to predict risks 

to the patient in real time and imaging diagnostic tests? 

3. How do we make sure that the fault-tolerance, the reproducibility and the integrity of data are considered 

in a distributed hospital setting? 

4. What is the impact of pipeline integration on patient outcomes, workflow of clinic, and satisfaction of 

clinicians? 

Through these questions, the research indicates the definite direction that hospitals can follow to 

adopt scalable AI pipelines that can satisfy both clinical and regulatory requirements. 

D. Significance and Scope 

The present study is pertinent as High-performance AI computation and clinical use are linked and 

have not been studied extensively before. The pipeline is used to facilitate real-time decision-making and 

precision medicine, as it offers the integration of HPC, AI models, and high-speed fabrics. The findings 
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indicate that there have been feasible changes in hospital operations including the shortening of the ICU 

alert time by 40%, enhancement of imaging and genomic diagnostics, and the rise of clinician satisfaction 

of up to 4.5/5. The findings and methodology have been a roadmap to other hospitals to use a similar 

HPC-AI pipeline, and the increased impact of advanced AI infrastructure on healthcare-related matters 

at a national and international level is a possibility. 

 

Literature Review 

E. High-Performance Computing in Healthcare 

The increasing quantity and intricacy of medical data have turned out to be a pillar in the 

contemporary healthcare field because of the increasing use of High-Performance Computing (HPC). 

HPC allows one to compute at higher speeds on processes like genomic sequencing, drug discovery, 

medical imaging as well as simulation-based modelling [1][2][3]. The fusion of HPC and AI with High-

Performance Data Analytics (HPDA) is proven in the recent literature as a way to boost healthcare 

processes and enhance results [4][5]. To illustrate this, topic modelling methods over HPC studies 

indicate the relocation of the customary simulation and visualization to the use of AI-based image 

proofing, genomics, and pharmacological research investigation . The distributed AI workloads employ 

HPC interconnects, including InfiniBand, Intel Omni-Path, and NVIDIA NVLink, as well as deliver low-

latency, high-bandwidth communication [6]. New designs, including HyperFabric Interconnect (HFI), 

demonstrate greater scalability and also occupy less time to do job completion up to 30 per cent less, 

thus they are fit to use in clinical-grade AI pipelines [6]. HPC is therefore the foundation behind the 

implementation of intricate latency sensitive healthcare solutions. 

F. AI-Driven Clinical Data Pipelines 

AI and HPC have allowed creating diagnostic, precision medicine scalable, real-time clinical data 

pipelines. Clinical, genomic, and social determinants of health (SDOH) data can be integrated using 

systems such as AI-HOPE and AI-HOPE-PM, which can be done without requiring a lot of programming 

knowledge [7][8]. The combination of real-time epidemiological risk prediction with imaging-based 

diagnostic reasoning into dual pipeline demonstrated high levels of performance throughout the COVID-

19 pandemic with XGBoost F1-scores of 0.76 and EfficientNet-B0 accuracy over 99% [9]. These 

explainable and auditable pipelines through the reasoning layers and interpretable visualization are 

highly notable to controlled healthcare settings [9][10]. Platforms like MAIA offer flexible environments 

to work and collaborate with clinician and AI developers to develop, deploy, and provide clinical feedback 

of models in scalable HPC infrastructures [11]. The AI-based pipelines enhance the effectiveness of 

operations, decrease the latency, and maintain consistency in the analysis across hospitals [12][13]. 

G. Precision Medicine and Genomic Data Integration 

Precision medicine is based on the combination of various biomedical data, namely genomics, 

imaging, electronic health records, and molecular profiling [14][15][16]. AI and HPC can also be used to 

process and interpret large-scale biodata to quickly recognize cancer susceptibility genes, analyze 

mutations, and targets of therapeutics [16][17]. Multimodal supporting systems Clinical decision support 

systems (CDSS) such as the Yonsei Cancer Data Library incorporates multimodal data containing over 

800 characteristics per patient with median accuracies of 92.6% and 98.7% in surgical and molecular 

pathology, respectively [18]. Additionally, cloud-based systems and digital biobanks help to share data 

in a standardized manner, overcoming the problem of interoperability as well as providing a platform to 

conduct reproducible computational analyses [19]. The area of AI and HPC speeds up predictive 

modeling, integrative multi-omics, and the formulation of therapeutic strategies as well as guarantees 

that clinical pipelines can permit the personalized care of patients and avoid breaching regulations [20]. 
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H. Infrastructure, Standards, and Reproducibility 

The clinical grade AI pipelines need the infrastructure, data standardization, and traceability to be 

implemented. Containerisation technologies like Docker and Singularity can provide close bare-metal 

performance to HPC workloads and can deploy multiple containers to utilise processor and memory 

affinity which is more effective in network structures like InfiniBand [21]. Data preparation pipelines 

based on formal data models such as FHIR are traceable, fault-tolerant to ensure reliable AI ready-data 

to make online predictions [22]. Serverless environments like Google Cloud Healthcare API provide 

cloud platforms with a native interface to healthcare variables (FHIR, DICOM, HL7v2), and this allows 

operations of AI pipelines to be scaled out requiring no storage structures and no experimental surgeon 

to generate statistically-significant advancements in diagnoses and operational proficiency. This is what 

the infrastructure and standardization schemes should be key to in the translation of AI research into 

clinical solutions without compromising the data security, transparency, and reproducibility. 

 

TABLE I.  SUMMARY OF PREVIOUS STUDIES 

Reference / 

Topic 
Key Points 

HPC in 

Healthcare 

[1][2][3] 

HP also assists in computing medical data that is large and quickly such as genomics, 

imaging and simulations. The interconnects such as InfiniBand and NVLink used by HPC 

minimize the latency and enhance the performance. 

AI-Driven 

Clinical Pipelines 

[7][9][11][13] 

Both clinical and imaging data can be analyzed in real time in AI pipelines. Such AI-based 

systems as AI-HOPE can help augment integrative analysis and characterize transparent 

outputs obtained through them to improve decision-making. 

Precision 

Medicine & 

Genomics 

[14][16][17][18] 

The analysis of genomic, imaging, and clinical data can be carried out with the help of AI 

and HPC. This assists in detecting cancer genes, estimating the risks, as well as prescribing. 

Data 

Standardization 

& Reproducibility 

[19][21][22] 

The pipelines of FHIR and containerization benefits the developers of AI pipelines by 

enhancing traceability and reproducibility of data and safe deployment of AI pipelines in 

hospitals. 

Cloud & 

Collaborative 

Platforms 

[10][11][12][19] 

The use of AI enhances diagnostic accuracy and minimizes processing time by using cloud 

platforms and collaborative systems (such as MAIA) that allow deploying AI and sharing 

data and scalable pipelines. 

Methodology 

Overview 

The main objective of the study is to establish and run clinical-grade data pipelines within the 

hospitals with the utilization of High-Performance Computing (HPC) solutions. These pipelines are 

supposed to ingest, process and analyse medical data of large scale including medical imaging data (CT, 

MRI, X-ray scan), genomic sequencing data and real-time streams of ICU monitors. The methodology 

aims at the construction of pipelines which are scalable, fault-tolerant and low-latency as well as ensuring 

reproducibility and being able to comply with regulations of healthcare. Another aspect in the research 

is the engineering work done by the author to develop functional workflows which combine HPC, high-
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speed fabrics, and AI-based analysis. Case studies of the real-world in NYU Hospitals and City of Hope 

are applied to show how the pipeline may be integrated, perform and affect the patient outcomes. 

I. Data Sources and Acquisition 

The data in the study are of the three major data types which include imaging, genomic and ICU 

physiological streams. The monitoring data of imaging such as CT, MRI, and X-ray are DICOM-

controlled in NYU Hospitals and City of Hope. Image formats are standardized, which means that they 

work across the dispersed HPC cluster. Next-generation sequencing has genomic datasets that consist of 

FASTQ, BAM, and VCF files, with germline variants and somatic variants. ICU monitor streams comprise 

data of the constant rate of heartbeat, oxygen saturation, blood pressure, and respiratory rate, which are 

measured every few seconds. Preprocessing of data in all sources is done to eliminate the noise and 

normalize values, and anonymize patient identifiers, in order to provide adherence to HIPAA and IRB 

standards. Missing or corrupted entries are achieved with the help of interpolation or imputation, data 

quality, and integrity are preserved. 

J. HPC Infrastructure Setup 

The model that will be used to conduct this study is the distributed HPC cluster (configured to 

optimize the healthcare workload). One of the compute nodes is a multi-gpu deployment (e.g., NVIDia 

A100 server), which can be utilized in applications that require deep learning and a variant with CPU-

based deployments that have Intel Xeon processors and are used to handle preprocessing of the data and 

ETL operations. Light speed NCs, such as InfiniBand HDR and NVIDIA NVLink, connect nodes due to 

lots of latency and enhanced throughput in distributed AI works. The innovative designs such as 

HyperFabric Interconnect (HFI) are also considered to enhance job completion time and the ability to 

perform the same without variation over mixed workloads. Storage is arranged on a tiers basis with 

NVMe SSD being used as active storage, parallel Lustre file systems as intermediate outputs and object 

storage as activation of the datasets. Metadata and pipeline logs are not stored together so that they can 

be reproducible. Docker and Singularity containerization guarantees that workloads are portable, have 

consistent performance across the nodes and Kubernetes helps coordinate, manage resources and 

recovering failure through automatic means. 

K. Data Pipeline Architecture 

Clinical-grade pipeline consists of three steps, which are data ingestion, processing, and analysis. 

Consumption is managed in a two-fold manner. Apache Kafka and Spark Structured streaming process 

streaming data including the monitoring streams of ICUs and EHR in near real-time. Protecting against 

high-risk patient profiles is done as the filters on the Bloom filters pre-screen the patient profile which 

minimizes the processor load. Imaging and genomic datasets that are considered as batch data are 

processed using ETL which clean up, normalize and authenticate data before producing AI-ready feature 

sets. Extracting features using FHIR-based models limits variability when used with other sources. 

Processing is paid attention to parallel works among HPC nodes. Distributed GPUs are employed to 

resize, de-noise, and enhance imaging data and DRAGEN FPGA systems and AI workflows that are 

accelerated on GPUs are used to process genomic sequences. ICU streams are processed using features 

to obtain the patient identifiers and this correlates these features to produce a single and multi-modal 

input to downstream AI models. Checkpointing on major stages is used to provide fault-tolerance to 

workflow recovery in case a node fails. The replication of data among storage nodes averts the loss of 

data in case of hardware problems. 

The integration of AI models into analysis is done through prediction and interpretation. XGBoost 

and LightGBM are supervised machine learning models that predict the patient risk scores, and 

EfficientNet and Transformer-based models predict the results of imaging and genomic data analysis. 

Grad-CAM and attention mapping are explainable artificial intelligence methods that enable clinicians 

to interpret decision-making in a model. Predictions are then converted into actionable suggestions like 
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ALERT, FLAG or logged records giving audible results on which clinical decisions can be made. 

Distributed data parallelism allows learning the analysis of large-scale datasets efficiently and finds 

automated HPC job managers to tune hyperparameters. 

L. Performance Optimization 

Clinical-grade pipelines need to be optimized on performance. In order to reduce the delays of 

communication, high-speed fabrics and low-latency interconnected are used, and streaming pipelines 

are using micro-batching and asynchronous processing to deal with ICU information real-time. End- to 

end data validation does the consistency of distributed nodes and checksum and versioning ensures the 

integrity of intermediate datasets. The resource management is also dynamic and the CPU and GAP 

allocation are changed according to priorities on the workload. The ability to have multi-container 

deployments will enable running the CPU-consuming preprocessing and the GPU-consuming deep 

learning operations in parallel. To identify the faults in the processing and do the workflow optimization, 

monitoring and logging systems trace the processing times, the utilization of the resources, and the 

performance of the model. 

M. Integration with Hospital Systems 

It is incorporated into the hospital IT systems so that it can be practically feasible. In NYU Hospitals, 

the imaging and EHR data are consumed by FHIR-compliant APIs and AI predictions are provided to 

clinicians to provide high-risk patient warnings. In City of Hope, an integrated HPC framework ensures 

that the company aligns genomic and clinical data by designing patient dashboards on which oncologists 

can see AI predictions. These case studies show that the pipeline can be used to contribute to real-time 

clinical decision-making, increase operational efficiency, and improve patient outcomes due to timely 

diagnostics and treatment suggestions. 

N. Evaluation Metrics 

The productivity of the pipeline is measured in the quantitative manner. The measures of accurate 

performance that are used to evaluate risk estimation and classification of imaging include the F1 score, 

precision, and recall. The throughput measures are used to determine the rate at which data is processed 

and time taken to complete a job amongst the distributed nodes. Latency will be determined as the time 

between the ingestion of ICU data into the AI and the generation of AI output. Scalability is verified with 

the goal of increasing patient volume and reduce the count of the compute nodes and monitoring HPC 

interconnect usage and resource effectiveness. The same raw inputs can be reproduced into the same AI-

available dataset by making use of containerized workflows, and extensive metadata to confirm the 

reproducibility. 

O. Engineering Contributions 

This paper highlights the first-time inventions of the author in pipeline engineering. The work 

exhibits scalable multi-modal pipelines which are integrated with an imaging, genomic and ICU data. 

The AI workflows are optimized on HPCs and are being deployed using container orchestration and 

checkpointing strategies, which make the applications fault tolerable and low latency. Fabrics-high-

speed and parallel processing can also minimize communication delays, and the integrity and 

reproducibility of data in the standardized FHIR-based workflow are guaranteed. The practical use of 

these pipelines can be summarized through actual implementation at NYU Hospitals and City of Hope 

where several clinical resolution results and patient outcomes have been improved. These donations 

concur with the idea of building AI mission-critical infrastructure in controlled healthcare settings. 
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Results & Discussion 

P. Data Ingestion and Pipeline Throughput 

The HPCing clinical pipeline was able to ingest and process multi-modal data of the NYU Hospitals 

and City of Hope. The data (heart rate, oxygen saturation, blood pressure and respiratory rates) on ICUs 

was sent in near-real-time and micro-batching minimized latency. Imaging (CT, MRI, X-ray) and 

genomic (FASTQ, BAM, VCF) data of batch sizes could be ingested in expected time slots, which shows 

that the HPC cluster could be scaled. 

Table 2 shows the average ingestion throughput of each type of data in several nodes. ICU streaming 

data resulted in 1,200 records per second and imaging and genomic batches had average records of 350 

GB/hour and 420 GB/hour, respectively. High speed fabrics (including InfiniBand and NVLink) were 

used, ensuring that throughput of the network between the compute nodes remained fairly constant even 

with mixed loads. 

TABLE II.  AVERAGE THROUGHPUT AND LATENCY 

Data 

Type 

Average 

Throughput 
Latency 

ICU 

Stream 

1,200 

records/sec 
0.85 sec 

Imaging 

Data 
350 GB/hour 2.3 min 

Genomic 

Data 
420 GB/hour 3.1 min 

Combined 

Load 

1,970 

units/sec 
1.5 min 

 

 

Fig. 1. Data Ingestion Throughput Comparison 

Q. AI Model Performance and Accuracy 

Predictive AI and diagnostic AI models were used after the data preprocessing. In case of ICU risk 

prediction, XGBoost model has reached an F1-score of 0.76, precision of 0.78, and recall of 0.80 on the 

test, which proves its ability to judge the cases of the high-risk patients. EfficientNet-B0 internal accuracy 

as well as external accuracy of 99.5 and 99.3 respectively in COVID-19 cases and 99.5 and 99.3 

respectively in chest X-rays makes the diagnosis with the use of imaging reliable, through the use of deep 

learning models. The results of genomic variant predictions of known pathogenic variants were 95 

percent consistent between gpu-accelerated pipeline predictions and known pathogenic variants. 
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Table 3 presents the model performance at various types of data and demonstrates the effectiveness 

of workflow optimization on HPC with AI. 

TABLE III.  MODEL PERFORMANCE 

Model / 

Data Type 

F1-

Score 
Precision Recall Accuracy 

XGBoost / 

ICU Stream 
0.76 0.78 0.80 0.79 

EfficientNet-

B0 / 

Imaging 

- - - 
99.5% 

(internal) 

EfficientNet-

B0 / 

External 

Imaging 

- - - 99.3% 

Genomic 

Variant 

Pipeline 

- 0.94 0.95 95% 

 

 

Fig. 2. AI Model Accuracy Across Modalities 

R. Latency, Fault-Tolerance, and Resource Utilization 

The efficiencies of the pipeline under functioning load were reviewed in respect of the latency, fault-

tolerance and the usage of HPC resources. Mean end-to-end latency of ingestion of ICU streams into AI-

generated risk output was 0.85 seconds and 2-3 minutes per dataset were used to complete batch 

imaging analysis and genomic analysis. Checkpointing in containerized workflows made it possible to 

recover continuously in the event of a node failure, and zero loss of data when a failure occurred due to 

fault tolerance international that used redundant storage. 

According to Table 4, the machine uses its resources to peak processing periods of CPU, and GPU 

along with network interconnects. The use of GPUs was high concerning 92 percent, CPU in 78 percent 

average, and network fabrics bandwidth usage at 84 percent is valid, as it proved the efficient utilization 

of HPC infrastructure. 

 

 



Journal of Information Systems Engineering and Management 
2026, 11(3s) 

e-ISSN: 2468-4376 

 

https://jisem-journal.com/ Research Article  

 

                 
 
  567 

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

TABLE IV.  RESOURCE UTILIZATION 

Resource 
Average 

Utilization 

Peak 

Utilization 

GPU 92% 99% 

CPU 78% 85% 

Network 

Fabric 
84% 90% 

Storage 

I/O 
70% 80% 

 

 

Fig. 3. Latency and Resource Utilization Over Time 

S. Integration and Clinical Impact 

The pipeline had clinical relevance as was shown by its integration with hospital systems. In NYU 

Hospitals, risk alerts were sent through ICU and the value of the risk alerts were confirmed by the 

clinicians in prioritizing high-risk patients. In City of Hope, genomic forecasts and imaging diagnostics 

were presented in cancer therapy decision-support oncology dash boards. User evaluation showed that 

the level of satisfaction based on responsiveness of the pipeline and interpretability was higher than 

4.5/5. 

Table 5 can be summarized with the outcomes of the measured positive changes in clinical workflow 

organization and diagnostic accuracy in the case of the HPC-AI pipeline implementation. The latency 

performance of ICU risk alert reduced the response time by 40 percent and predictive model enhanced 

the stratification of patients so that reduction in unwarranted interventions occurred. 

TABLE V.  MEAUSRED IMPROVEMENTS 

Metric 

Before 

HPC-AI 

Pipeline 

After 

HPC-AI 

Pipeline 

Improvement 

ICU Alert 

Latency 
1.4 sec 0.85 sec 40% 

Imaging 

Diagnosis 

Accuracy 

94.2% 99.5% 5.3% 
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Genomic 

Variant 

Prediction 

90% 95% 5% 

Clinician 

Satisfaction 

Score 

3.8 / 5 4.5 / 5 18% 

 

 

Fig. 4. Clinical Impact and Workflow Improvement 

The results validated that the pipelines with HPC have the ability to ingest, process and analyze multi-

modes clinical data effectively. The AI models are highly accurate, and high-speed fabrics, containerized 

working processes, and fault-tolerant HPC infrastructure minimise the latency and ensure the integrity 

of the data. Practical clinical benefits (improved patient monitoring, improved decision-making, 

increased clinician confidence) have been demonstrated to be real outcomes of integration in NYU 

Hospitals and City of Hope through experience. 

The numerical findings confirm the suitability of HPC powered AI enhanced pipelines with the ability 

to handle pipelines with large-scale, mission-relevant healthcare data and reproducible, traceable, and 

clinically interpretable results. Such findings also emphasize how the author has contributed to scaling, 

low-latency, and fault-tolerant AI infrastructure in hospital settings; this is in line with a larger objective, 

which involves the support of precision medicine and regulated healthcare processes. 

 

Conclusion & Future Work 

This paper shows that clinical pipelines developed using HPC are capable of operating on the multi-

modal healthcare data at relatively low latency rates, high throughput rates, and fault-tolerance. ICU 

data recorded the highest throughput of 1,200 records/sec, imaging of 350 GB/hour and genomic data 

of 420 GB/hour. The predictive accuracy of AI models was impressive, and XGBoost had a 0.76 F1-score, 

EfficientNet-B0 99.5 and 99.3 internal and external accuracy, and genomic variant predictions with 95% 

concordance. Scalable processing across distributed nodes, reproducible processing along with high-

speed cloths and container workflows was invented. At NYU Hospitals and City of Hope Integration, 

clinical workflow was also more effective as the ICU alert latency was decreased by 40 percent and 

clinician satisfaction rose to 4.5/5. These results confirm the fact that insights available in the HPC-based 

AI pipelines could offer real-time, reliable, and clinically actionable information on the necessity of 

providing precision healthcare. The practicality of the solutions provided by the author through his work 

as an engineer to create scalable, fault-tolerant, and efficient pipelines is in line with the mission-related 

clinical needs and contribute to the overall introduction of AI-powered diagnostics. 
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