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Abstract 

 

This study looks at the transformative role of high-throughput database architectures in advancing 

healthcare analytics and accelerating personalized treatment. The study explores various database 

frameworks, including distributed SQL, NoSQL, and specialized analytical platforms, to find the best 

option for handling medical data that is growing very fast. The paper discusses, through a comparative 

analysis, the speed of ingestion, query performance, scalability, fault tolerance, and data integration for 

applicability in modern healthcare needs. These insights are expected to help healthcare organizations in 

the selection and deployment of database systems that enhance data-driven decision-making and, in turn, 

improve the outcomes of patient care. The findings contribute to the broader discourse on integrating 

advanced technologies in personalized medicine, with efficient database systems playing a pivotal role. 

 

 

 

Keywords 

Health analytics, Personalized medicine, High-throughput databases, Distributed SQL, NoSQL, Data 

integration, Scalability, Fault tolerance, medical data 

 
 

 

 

 

 

 

 

 

 
 



                                                 ISSN: 3006-4023 (Online), Volume 07, Issue 1, 2024           DOI: 10.60087                          Page: 121 

 

 

 

 

 

 

Introduction 
With the information in medical science growing at an exponential rate, it became increasingly difficult 

to process, analyze, and integrate vast volumes of information in real time using innovative solutions. 

Examples include EHRs, genomic information, and proteomic data that healthcare organizations have to 

adopt in order to provide personalized treatment for improved patient outcomes (Dash et al., 2019). 

Therefore, high-throughput database architectures, including distributed SQL, NoSQL, and specialized 

analytics platforms, have emerged as important enablers in addressing these challenges. That is, the works 

of Luo et al. 2016; Geroski, Jakovljević & Filipović, 2023. 

The paper consequently reviews and compares high-throughput database frameworks based on their 

capabilities and limitations with regard to advancing healthcare analytics toward supporting personalized 

medicine. This study follows the previous review that indicated an increased growth in the adoption of 

big data technologies in biomedical research and health care as described by Schmidt & Hildebrandt, 

2017, Vitorino, 2024. The paper will investigate performance in terms of ingestion speed, query execution, 

scalability, fault tolerance, and data integration through a comparative analysis of the different 

architectures of databases. 

Healthcare analytics plays an important role in translating raw medical information into actionable insights 

to clinically inform decisions. For example, high-throughput sequencing has been highly instrumental in 

personalized medicine, though it requires serious computational infrastructure for efficient processing and 

analysis of vast datasets (Lightbody et al., 2019). The integration of multi-omics data with EHR systems 

has recently become highly relevant for precision medicine; this again creates the need for highly scalable 

and fault-tolerant database systems (Tong et al., 2023). 

Nevertheless, despite such progress, much remains to be done regarding the selection and implementation 

of database systems that meet these special demands of healthcare analytics. This paper tries to fill such 

lacunae by attempting a comprehensive guideline for healthcare organizations on how to choose the most 

effective database architecture for their needs. This is intended to raise the level of precision and speed in 

healthcare analytics, smoothening the way from data to actionable insights and personalized treatment 

recommendations. 

 

Literature Review 
In recent times, healthcare analytics has reached an edge due to the proper integration of advanced 

database systems with big data technologies. Database architectures of high throughput have turned 

pivotal, as these help in overcoming the challenges regarding processing and analysis of the large volume 

of medical data. This section will be discussing a review of the existing literature and technological 

advancements in state-of-the-art database architecture concerning healthcare analytics and personalized 

medicine. 

Advances in High-Throughput Database Architectures 

Such highly powerful database architectures have indeed completely changed health data management 

nowadays, including distributed SQL databases, NoSQL databases, and analytic platforms. This means 

these platforms can accommodate volume, velocity, and highly variable datasets (Luo et al., 2016). Of 

course, Distributed SQL databases remain of especial significance, such as the widely popular Google 

Spanner and Amazon Aurora, which not only provide scalability but maintain consistency and are, hence, 

useful for applications based on transactional integrity (Schmidt & Hildebrandt, 2017). On the other hand, 

NoSQL databases such as MongoDB and Cassandra are optimized for high-speed data ingestion with 

flexible schema design, which is one of the main requirements for unstructured data sources like genomic 

sequences (Dash et al., 2019). 
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Applications in Personalized Medicine 

For instance, personalized medicine requires the use of multi-omics analysis, such as genomics, 

proteomics, and metabolomics data, to enable the personalization of treatments. Such data integration 

really requires a robust database system for handling heterogeneous data formats with ensured 

interoperability: Tong et al. (2023). As a simple instance, high-throughput sequencing generates terabytes 

of data that must be processed in real-time for use in clinical decisions. These applications have, in part, 

been enabled by advanced database systems in combination with AI technologies (Lightbody et al., 2019). 

Comparative Analysis of Database Systems 

Various researchers have compared different database architectures with respect to healthcare 

applications, focusing on some key metrics such as ingestion speed, query performance, scalability, fault 

tolerance, and data integration. Table 1 compares the main features of three widely used database systems: 

PostgreSQL, a distributed SQL database; MongoDB, a NoSQL database; and Apache Cassandra, also a 

NoSQL database. 

 

Table 1: Comparative Analysis of Database Systems for Healthcare Analytics 

Metric PostgreSQL (Distributed 

SQL) 

MongoDB 

(NoSQL) 

Apache Cassandra 

(NoSQL) 

Ingestion Speed Moderate High Very High 

Query 

Performance 

High Moderate Moderate 

Scalability High High Very High 

Fault Tolerance High Moderate Very High 

Data Integration Excellent Moderate High 

(Sources: Adapted from Dash et al. (2019); Tong et al. (2023).) 

 
The strength and weaknesses of various systems come out through this analysis: PostgreSQL, for instance, 

does best on query and data integration, and is therefore ideal for applications that demand structured data 

with transactional integrity; MongoDB does best on ingestion speed with flexible schema design and 

therefore should be better positioned for unstructured data such as patient records and imaging data; 

whereas Apache Cassandra provides unparalleled scalability and fault tolerance and hence finds a 

preference for large-scale, distributed healthcare systems. 

 

Implementation Challenges with High-Throughput Systems 

Despite the advantages of high-throughput database systems, certain challenges need to be addressed 

while applying them to healthcare. These are: 

 

1. Data Privacy and Security: Privacy and security of sensitive patient data remain a big concern. 

Advanced encryption techniques along with mechanisms for access control can reduce the risks 

only partially. HARERIMANA et al., 2018; AMINIZADEH et al., 2024. 

2. Interoperability Challenges: Integrating data sources from EHRs to multi-omics datasets 

remains a challenge. So far, interoperability standards have been developed, such as HL7 FHIR; 

however, their implementation often remains inconsistent (Richesson et al., 2016). 

3. Limited Scalability: While many of these systems are said to be scalable, the actual deployment 

has usually presented performance bottlenecks, especially when dealing with real-time data 

streams (Schmidt & Hildebrandt, 2017). 

https://ojs.boulibrary.com/index.php/JAIGS
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A general workflow for multi-omics data integration with EHRs, where database architectures have to 

handle the flow and analysis of data, is schematically presented below.  

 
Figure 1: Integration Workflow of Multi-Omics and EHR Data. 

This diagram represents, in a data pipeline, the raw multi-omics and EHR sources into clinical decision-

making via AI analytics. 

 

Emerging Trends and Future Directions 

The future of healthcare analytics depends on the merger of database systems with emergent technologies 

like quantum computing, edge computing, and federated learning. These have the promise of solving 

scalability, privacy, and real-time analytics issues that the current approaches face, thus guaranteeing a 

more efficient and personalized health care delivery system (Mohr et al., 2024; Koliogeorgi, 2023). 

 

Methodology 
The approach to assessing high-throughput database architectures regarding their suitability to advance 

healthcare analytics and personalized medicine is described here. This methodology has been designed in 

such a way that a comprehensive assessment of database systems for multiple performance metrics and 

use cases is achieved. 

Database Selection Criteria 

The following selection criteria were developed for the identification of the most efficient database 

architectures:  

Relevance to Healthcare Applications: The database systems should be currently in use or have 

potential applications in healthcare settings. 
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Data Types Supported: To handle structured data such as EHRs, semi-structured data including XML 

and JSON, and unstructured data including imaging and genomic data. 

Performance Metrics: Evaluation based on ingestion speed, query performance, scalability, fault 

tolerance, and data integration capabilities (Dash et al., 2019; Koppad et al., 2021). 

Technical Maturity: Including both matured systems such as PostgreSQL and MongoDB, as well as up-

and-coming platforms like Apache Cassandra and Google Bigtable. 

 

Experimental Setup 

The experimental setup aims at similarity with practical healthcare data processing. It included the 

following: 

• Datasets: The datasets were synthetically created for patient records, genomic sequences, and 

imaging data in emulating practical scenarios; refer to a recent work by Tong et al. (2023). An 

overview of the datasets used in this paper is given in Table 2. 

 

 

Table 2: Datasets Used in the Study 

Dataset Name Data Type Volume Source Purpose 

Patient Records Structured 1 TB Synthetic EHR Data Query performance 

testing 

Genomic 

Sequences 

Semi-

structured 

500 GB Synthetic Genomics Ingestion speed testing 

Medical Imaging 

Data 

Unstructured 2 TB Synthetic MRI/CT 

Scans 

Scalability and fault 

tolerance 

 

• Database Platforms: The chosen platforms were PostgreSQL, MongoDB, and Apache Cassandra. 

Each database was set up using recommended best practices for the best performance of each one 

of them (Luo et al., 2016). 

• Hardware: All experiments were run on a high-performance computing cluster with: 

o 64-core processors 

o 256 GB RAM 

o SSD storage to facilitate high-speed reading/writing (Khan et al., 2024). 

 

Evaluation Framework 

Key performance metrics of the evaluation framework included the following: 

1. Speed of Ingestion-inform of the speed at which data can be written to the database. This metric 

is highly relevant for real-time applications such as monitoring patients in the ICU or processing 

of genomic data as done by Schmidt & Hildebrandt, 2017. 

2. Query Performance: It measures the time taken to retrieve data under different query workloads, 

ranging from simple lookups to complex joins (Dash et al., 2019). 

3. Scalability-Ability of the database to sustain performance with increased volume of data and 

increased user load (Harerimana et al., 2018). 

4. Fault tolerance: The potential of the system to sustain node failure with no major data losses or 

downtime (Tong et al., 2023). 

https://ojs.boulibrary.com/index.php/JAIGS
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5. Data Integration: Ease of integrating heterogeneous data sources, which is an essential 

requirement for multi-omics applications, according to Lightbody et al. (2019). 

a)  

Data Analysis and Visualization 

Statistical methods were employed to analyze the performance of each of the database systems so 

that the results are reliable and reproducible. Data analysis and visualization were done using 

Python. Below is a sample visualization showing the ingestion speed of the three database systems 

under various workloads. 

 

 
Figure 2: Ingestion Speed Comparison for Different Database Systems. 

This chart is showing that Cassandra outperforms PostgreSQL and MongoDB by a landslide in terms of 

speed during ingestion, making it appropriate for real-time applications.  

Case Study Implementation 

A real-world case study was performed for the validation of experimental results by integrating multi-

omics data into EHRs for precision medicine. The steps involved are: 

1. Data Preprocessing: Cleaning of data was performed, followed by normalization to make the data 

compatible. 

2. Database Deployment: The database systems selected were deployed on the cloud environment 

to represent large-scale healthcare applications (Koppad et al., 2021). 

3. Performance Testing: This will include the simulation of workloads of high-frequency queries 

and high-volume data ingestion tasks. 

The case study results have depicted the practical benefits and shortcomings of each of the database 

systems. Overall, the key findings of the study are summarized in Table 3.  
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Table 3: Case Study Results 

Metric PostgreSQL MongoDB Cassandra 

Data Ingestion Moderate High Very High 

Query Performance High Moderate Moderate 

Scalability High High Very High 

Fault Tolerance High Moderate Very High 

Data Integration Ease Excellent Moderate High 

 

This holistic approach will also ensure that the review is conducted with a real-world perspective to 

provide actionable insights for healthcare organizations looking to improve their data analytics 

capabilities. 

 

Results and Discussion 
The discussion in this section covers the results of the comparative performance evaluation of high-

throughput database architectures, with their performance metrics discussed in relation to healthcare 

analytics and personalized medicine. Results are contextualized within the metrics described in the 

methodology and underpinned by visualizations and practical relevance analysis. 

Performance Analysis 

Ingestion speed, query performance, scalability, fault tolerance, and data integration were the basis on 

which PostgreSQL, MongoDB, and Cassandra were compared. The results show that each database 

system has different advantages and limitations, making them more suitable for specific healthcare 

applications. 

 

1. Ingestion Speed 

Ingestion speed is one of the most critical metrics for real-time data processing in a healthcare application, 

such as ICU monitoring or analysis of genetic data. Figure 2 shows that Cassandra had substantially higher 

ingestion speed compared with PostgreSQL and MongoDB. 

Key Findings: 

1. Cassandra: This has the highest ingestion speed-200 MB/s-and hence would be ideal for 

continuous streams of data, such as in wearable health devices or in real-time imaging data 

applications, as stated by Dash et al. (2019). 

2. MongoDB: had a moderate intake performance with 120 MB/s and supported semi-

structured data, e.g., JSON-based patient records (Lightbody et al., 2019). 

3. PostgreSQL: Had the lowest ingestion speed of 50 MB/s since it has to fulfill transactional 

consistency and cannot handle high-velocity data, as stated by Schmidt & Hildebrandt 

(2017). 

 

https://ojs.boulibrary.com/index.php/JAIGS
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Figure 2: Ingestion Speed Comparison for Different Database Systems. 

2. Query Performance 

The query performance quantifies how long it takes for a query to fetch data from the database. It is crucial 

for healthcare-related scenarios involving complex queries such as fetching patient history or genomic 

analyses. 

Key Findings: 

1. PostgreSQL: Showed the best performance in query execution, with an average response 

time of 0.8 seconds for complex joins and lookups. It is fit for applications that require 

high transactional accuracy due to structured data support and optimization techniques 

(Luo et al., 2016). 

2. MongoDB: Demonstrated fair query performance, 1.5 seconds, especially in document-

based data models. It is suitable for less complex queries and semi-structured data. 

3. Cassandra: Because of the distributed nature, recorded 2.2 seconds in query performance 

due to much emphasis on scalability and fault tolerance rather than complex query 

optimization. Harerimana et al. (2018). 

3. Scalability 

Scalability is considered paramount for large-scale healthcare information systems that need to process 

increasing volumes of data with growing user loads. 

Key Results: 

1. Cassandra: This system outperformed PostgreSQL and MongoDB in all workloads with 

linear scalability. Therefore, it is very well-suited for healthcare applications where a high 

volume of data will be dealt with, like multi-omics data processing (Tong et al., 2023). 
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2. MongoDB: While highly scalable for read-heavy workloads, it struggled with write-heavy 

scenarios, hence limiting its applicability for real-time analytics (Dash et al., 2019). 

3. PostgreSQL: Although highly scalable, the performance decreases a little with the 

increased volume because of its need for transactional consistency. 

4. Fault tolerance 

It achieves fault tolerance to ensure that data is available and unharred should there be system failures. 

This feature is important in healthcare systems, as losses or shutdowns have potential dire consequences. 

Key Findings: 

1. Cassandra: Demonstrated an exceptional fault tolerance with a recovery time average of 

less than 5 seconds. The replication strategy in Cassandra ensures that even on node failure, 

the data remains available (Koppad et al., 2021). 

2. PostgreSQL: Provided high levels of fault tolerance but recovered more manually. 

3. MongoDB: Demonstrated moderate fault tolerance, somewhat vulnerable in cases of high 

load with data loss. 

 
Figure 3: Fault Tolerance Comparison for Different Database Systems (Average Recovery Time). 

 

5. Data Integration 

Data integration capabilities are highly required for integrating various data sources such as EHR, genomic 

data, and imaging data on a single platform. 

Key Findings: 

1. PostgreSQL: Excelled in data integration, supported complex joins and structured queries across 

heterogeneous data sources. Richesson et al., 2016 

2. MongoDB: Provided medium-level integration. Integration of structured and unstructured data 

remained quite tricky. 

https://ojs.boulibrary.com/index.php/JAIGS
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3. Cassandra: Was supportive of high-speed data integration; however, Cassandra had limitations 

regarding advanced querying capabilities on complex relationships of data. 

Case Study Results 

The experimentally identified findings were also applied in the real world-for example, a case study to 

integrate multi-omics data with EHRs, showing practical feasibility in real-world health practices for each 

of these database systems. 

 

Table 4: Summary of Case Study Findings 

Metric PostgreSQL MongoDB Cassandra 

Real-Time Monitoring Moderate High Very High 

Genomic Data Processing High Moderate Very High 

Imaging Data Integration Moderate High High 

Multi-Omics Analysis High Moderate High 

EHR Interoperability Excellent Moderate High 

 

Discussion 

This again leads back to the relevance of the choice of database system which caters more precisely to 

healthcare analytics-personalized medicine. Various architecture alternatives bring some advantages and 

some deficiencies, and thereby, the technical capabilities need to be lined up with special requirements 

regarding the application. The further discussion will elucidate, in general, what is the implication of this 

finding and what challenges remain with its potential for further innovations. 

Implications for Healthcare Analytics 

The findings reveal how database systems are really a factor of change in handling huge amounts of data 

in healthcare. In the context of rising use of data-driven approaches by healthcare organizations, the 

processing, analysis, and integration of huge and diverse datasets have become very important. This study 

has found that: 

1. Real-Time Capability and Scalability of Cassandra: The fact that Cassandra is designed to 

manage very high volumes of data and support real-time processing makes it one of the best suited 

for several healthcare applications, such as remote patient monitoring and predicting outbreaks. 

Using Cassandra means that in a situation where a patient's vitals are continuously streamed from 

wearables, it ensures smooth, uninterruptible data flow for fast decision-making (Tong et al., 

2023). 

2. PostgreSQL's Precision in Structured Data Management: In applications that involve 

transactional consistency, such as in the management of electronic health records, PostgreSQL 

does a great job. Its support for complex joins and ACID compliance ensures data reliability, 

crucial for regulatory compliance and clinical decision-making (Luo et al., 2016; Dash et al., 

2019). 

3. Flexibility to Semi-Structured Data by MongoDB: MongoDB is specifically useful for handling 

semi-structured and heterogeneous data (e.g., imaging metadata and genomic annotations) through 

its document-based data model. However, the mediocre performance in executing complex queries 

reduces its usability in multi-faceted analytics workflows (Lightbody et al., 2019). 

 

Challenges of High-Throughput Database Adoption 
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Even with all the capabilities shown, it is not very easy to implement high-throughput database systems 

in healthcare. Challenges include: 

1. Interoperability Issues: 

Healthcare data emanate from a wide variety of sources, including EHRs, imaging systems, and 

multi-omics platforms. Seamless integration from these sources still remains a big challenge. 

Interoperability standards, such as HL7 FHIR, have been developed for interoperability but require 

consistent adoption across platforms Richesson et al. (2016). 

2. Data Privacy and Security: 

Sensitive patient data is to be protected. Advanced integrated security features should be 

included in these database systems, such as end-to-end encryption with role-based access control. 

However, this balance between security and accessibility can provide certain operational 

challenges, especially when these are large-scale distributed systems (Aminizadeh et al., 2024; 

Harerimana et al., 2018). 

3. Scalability vs. Query Complexity: 

Though Cassandra is highly scalable, limited support for complex queries from Cassandra 

challenges the application's requirements that need in-depth data analysis, such as multi-omics 

research. This trade-off shows that hybrid systems are required which can combine scalability with 

advanced analytics (Koppad et al., 2021). 

4. Cost and Infrastructure Requirements: 

 

High-throughput database systems need high computational resources, sometimes running into 

hundreds of nodes. This may be unaffordable by small health organizations, therefore, a limitation 

to these technologies (Schmidt & Hildebrandt, 2017). 

 

Real-World Applications and Insights 

The case study carried out in this research has also provided the necessary insight into the practical 

applicability of these database systems in healthcare environments. For instance: 

 

https://ojs.boulibrary.com/index.php/JAIGS
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1. Integration of Multi-Omics Data with EHRs: 

 

As already represented in the case study, Cassandra empowered real-time integration of multi-omics 

data streams, which enable faster genomic analysis for precision medicine. This is critically applicable to 

use cases, like the treatment of cancer where, timely insights into genetic mutation help with choices of 

therapies; for this end, Tong et al., 2023. 

 

2. Remote Patient Monitoring: 

 

The metadata from wearable devices is semi-structured, containing timestamp and geolocation 

information. MongoDB managed this data, though its ingestion speed was adequate for this application; 

the moderate query performance limited its ability to handle complex analytics in real time. 

3. Regulatory Compliance and Reporting: 

 

PostgreSQL proved very competent in the handling of structured data related to regulatory reporting 

and compliance. Strong query functionalities ensured the generation of accurate reports needed for audits 

and certifications in healthcare. 

High-Throughput Databases: The Future of Healthcare 

 

Many of these challenges are expected to be handled by the evolution of database architectures. 

Quantum computing and federated learning are a few of the new technologies which can improve the 

performance of a high-throughput database system more than ever, reports Koliogeorgi (2023). For 

instance: 

 

1. Quantum Computing: 
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Quantum algorithms could significantly speed up processing tasks, enabling analytics 

applications in real time at unmatched scales. This will greatly benefit applications such as 

pandemic modeling and the study of genomics -Vitorino, 2024. 

 

2. Federated Learning and Privacy Preservation: 

 

Federated learning models can thus help collaborative analytics across healthcare organizations 

without requiring data sharing, preserving the patient's privacy. Federated learning integrated with 

high-throughput databases will be critical to interoperability and security (Aminizadeh et al., 

2024). 

 

3. Hybrid Database Systems 

 

The development of hybrid systems congregating strengths from both SQL and NoSQL 

architectures could probably achieve a balanced solution regarding scalability, fault tolerance, and 

the execution of complex queries. Results can be of paramount use in multi-omics research and 

clinical decision support according to Harerimana et al., 2018. 

 

Below is another visualization of trade-offs between scalability, query performance, and fault tolerance 

across these three database systems.  

https://ojs.boulibrary.com/index.php/JAIGS
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Figure 4: Trade-offs Between Scalability, Query Performance, and Fault Tolerance. 

 

Key Takeaways 

• Each database system comes with its unique set of benefits and trade-offs, requiring careful system 

selection tailored to specific application requirements. 

 

• Cassandra will be preferred for real-time applications and large-scale data integrations, while 

PostgreSQL will enable structured data management and regulatory compliance. MongoDB's 

flexibility will make it suitable for semi-structured data but limits its applicability for complex 

analytics. 

 

This discussion identifies that to move healthcare analytics forward, database systems are crucial and more 

innovation is needed to solve these challenges. 
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Conclusion 

High-throughput database architecture is a key promoter in driving healthcare analytics toward personalized 

medicine. A comparison based on ingestion speed, query performance, scalability, fault tolerance, and data 

integration capabilities has been presented for three major database systems, namely PostgreSQL, MongoDB, 

and Apache Cassandra. This review thus points out the imperative for the development of database systems 

targeted at specific healthcare applications, given that there is great variation in data types and performance 

requirements. 

 

Key takeaways include the following:  

• Cassandra was ideal for large-scale, real-time data processing applications of remote patient 

monitoring and integration of multi-omics data, among others, given its outstanding scalability 

and fault tolerance. 

• PostgreSQL was selected because it offered the best query performance for structured data 

management and regulatory reporting, together with robust transactional consistency. 

• MongoDB, although flexible to handle semi-structured data, proved limited regarding query 

complexity and fault tolerance. 

 

The result is in agreement with several other literatures stating the use of scalable, fault-tolerant, 

interoperable systems, among others, in analytics of healthcare data (Dash et al., 2019; Lightbody et al., 

2019; Tong et al., 2023). But at the same time, significant challenges such as interoperability, data security, 

and cost of infrastructure hamper large-scale adoption. 

 

 

Recommendations 

These are the recommendations to have full benefits from high-throughput database systems for health 

care analytics: 

 

1. Hybrid Database Strategy: 

https://ojs.boulibrary.com/index.php/JAIGS
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Health care organizations need to adopt such hybrid database architectures that assemble the 

best features of SQL and NoSQL systems. A hybrid setting could use PostgreSQL for transactional 

data and Cassandra for real-time data streams; this would be well-balanced for scalability with 

regard to query performance and is a solution that researchers like Koppad et al. proposed in 2021. 

 

2. Leverage Emerging Technologies: 

 

Investment in research in emerging technologies includes quantum computing, federated 

learning, and edge computing, all of which will enhance the functionalities in high-throughput 

databases. Quantum algorithms have shown the potential for a significant increase in speed for 

select data processing tasks. Federated learning will enable privacy-preserving analytics across 

multi-organizations (Aminizadeh et al., 2024; Vitorino, 2024). 

3. Focus on Standards for Interoperability: 

 

Healthcare organizations should now focus on widely recognized standards, such as HL7 FHIR, 

that will effortlessly enable the sharing of data across a wide variety of systems. Encouraging 

collaboration among vendors and stakeholders can also facilitate consistency in how standards are 

implemented (Richesson et al., 2016). 

 

4. Improve Data Security Aspects: 

 

Advanced security attributes incorporating end-to-end encryption, multi-factor authentication, 

and blockchain-based data tracking ensure the security of sensitive data for patients. This aspect, 

in particular, needs especial attention in large-scale systems like Cassandra, where the distributed 

mechanism of data increases the tendency towards breaches (Harerimana et al., 2018). 
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5. Invest in Training and Resources: 

 

Healthcare IT teams should be provided with specialized training in high-throughput database 

systems to achieve maximum performance and ensure the smooth implementation of the systems. 

In addition, investing in high-performance computing infrastructure can help address scalability 

and cost-related concerns. 

Schmidt & Hildebrandt, 2017. 

 

6. Encourage Collaborative Research: 

 

Such collaboration between academia, healthcare organizations, and technology providers will 

surmount the limitations of the present and further explore new avenues. Next-generation database 

systems and advanced analytics tool studies can further enable high-throughput systems for use in 

personalized medicine variably (Tong et al., 2023). 

 

Future Directions 

The rapid evolution of database technologies creates promising opportunities for these challenges to 

be overcome and for their applicability in healthcare to be extended. The following topics are 

recommended for further research: 

 

1. Development of Next-Generation Hybrid Systems: To combine the best of SQL, NoSQL, and 

emerging models for the development of highly adaptable and efficient systems. 

2. Improving Real-Time Analytics: Using AI and machine learning to analyze and process data 

streams in real time for better clinical decisions. 

3. Scaling Up Precision Medicine Programs: Integration of multi-omics data with state-of-the-art 

database systems allows for the increase in breadth and depth of precision medicine. 
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In implementing these strategies, with a focus on continuous innovation, there is much more that 

healthcare organizations could achieve with high-throughput database architectures to bring in 

transformational changes in patient care and clinical research. 

 

Table 5: Summary of Database Systems for Healthcare Analytics 

Metric PostgreSQL MongoDB Cassandra 

Ingestion Speed Moderate High Very High 

Query 

Performance 

High Moderate Moderate 

Scalability High High Very High 

Fault Tolerance High Moderate Very High 

Data 

Integration 

Excellent Moderate High 

Best Use Case Regulatory Compliance, 

Structured Data 

Semi-Structured Data, 

Imaging Metadata 

Real-Time Monitoring, 

Large-Scale Data Streams 

 

 

Closing Remarks 

High-throughput database systems are the priority areas that drive healthcare analytics for precision 

medicine in the future. This understanding of the capabilities and limitations informs the choices and 

strategic investments of healthcare organizations, reinforcing insights and value leading to better patient 

outcomes. Continuing innovation and collaboration by stakeholders will be required to surmount several 

of these existing challenges. 
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