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Abstract- — Digital health data grows fast. From patient files to scans, genes, fitness trackers, and billing logs - each piece adds 

up quick. Not just more information - but faster flows, messier formats. Yet within that chaos sit chances to do things differently. 

Hidden patterns start showing when tools can keep pace. Big data analytics steps into that role. Instead of static reports, it offers 

insights that shift as new facts arrive. Systems built on platforms like Hadoop or Spark handle loads regular software cannot. 

Cloud storage keeps the doors open for constant updates. Machine learning digs through noise to spot trends. Deep learning 

maps complex relationships in images or signals. Language parsers decode doctor notes once locked in freeform text. Five areas 

see clear change. One: guessing illness before symptoms show. Two: guiding long-term conditions day by day. Three: smoothing 

how hospitals run - from beds to staff shifts. Four: tracking drug effects after release. Five: treatments shaped around individual 

biology. Evidence comes from sifting 112 studies published between 2015 and 2024. Patterns emerge only when scale meets smart 

design. Raw power alone does nothing. It takes thoughtful layers - a stack where speed, structure, and smarts connect. Tests on 

standard collections like MIMIC-III, NIH Chest X-Ray, and eICU show accuracy between 87.6% and 94.1% for core predictions. 

Yet problems remain - privacy concerns linger just as much as biased models do. Different systems still struggle to work together 

while rules keep shifting. On top of that, new paths are forming: shared learning setups pop up alongside tools making AI clearer 

and analysis at the device level grows more common. For those working in health data, science, or hospital operations, this piece 

lays out how to grasp, judge, fit in big data methods where things never stay simple. 

Keywords: big data analytics, electronic health records, machine learning, healthcare informatics, predictive modelling, deep 

learning, federated learning, data privacy.

 

 

I. INTRODUCTION 

 
Every year, the world’s healthcare system produces more than 

2,314 exabytes of information, a number expected to climb 

steadily by about 36 percent each year until 2030 [1]. Coming 

into view from many different places - electronic health 

records, scans like CTs and MRIs, gene sequencers, wearable 

monitors, drug distribution logs, billing documents, even 

neighbourhood-level health factors - this flood of details keeps 

expanding. Because it arrives so fast, in such massive amounts, 

across wildly different formats, with mixed reliability and 

uneven usefulness, old-style databases and standard math 

methods cannot keep up. Handling this load demands entirely 

new approaches beyond what conventional software offers. 

Though built for structure, those tools buckle under complexity, 

speed, and scale unlike anything seen before. 

 

Giant piles of information need special tools to make sense of 

them, since regular software cannot handle such volume. 

Healthcare now uses these tools to spot problems early instead 

of waiting for symptoms to appear. One example begins with 

computers warning doctors about possible sepsis more than 

half a day ahead of crisis points. Machines trained to see tiny 

lung spots on scans perform better than most human experts at 

catching early signs. Another approach tracks entire 

populations, sorting people instantly based on how likely they 

are to develop long-term illnesses. 

 

Beyond the hype, real-world use of big data analytics in 

hospitals stalls - scattered records between facilities make 

sharing hard. Poor consistency in collected information slows 

things down even more. When algorithms work like closed 

boxes, doctors struggle to trust their outputs. Tough privacy 

laws, including HIPAA and Europe's GDPR, add layers of 

complexity. Together, these forces hold back progress where it 

matters most: at the patient's side. 

 

A fresh look at big data setups in medicine forms the start here 

- breaking down old methods into three kinds: slow updates, 

live feeds, fast blends. One path leads through tools that make 

things work, matched carefully to actual hospital needs. Tests 

run on smart algorithms used five separate health areas, open 

data only. Problems pop up often, so clear patterns in 
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roadblocks appear, along with ways people try to move past 

them. Later thoughts drift toward what comes next - shared 

learning without moving data, clearer AI choices, devices 

working close to patients during care. 

 

What comes next unfolds piece by piece. Following that, 

Section 2 walks through how things were done. Moving on, 

Section 3 looks at BDA setups alongside the tech that makes 

them work. After those points, Section 4 shows what the tests 

revealed. What comes next is a look at the hurdles, along with 

  

some ideas to move past them. Coming up after that, what 

might be explored later takes center stage. Rounding things off, 

the final part wraps up the discussion. 

 

II. METHODOLOGY 
 

Literature Search Strategy 

Out of nowhere, a structured scan of past studies began using 

the PRISMA framework. PubMed showed up alongside IEEE 

Xplore, ACM Digital Library, ScienceDirect, and Google 

Scholar as key sources tapped. Instead of stacking terms, 

phrases like “big data” or “large-scale data” linked to 

healthcare topics by way of logical groupings. On one hand, 

ideas tied to analytics - say, machine learning or deep learning 

- hooked into medical themes through Boolean logic. Time-

wise, only works published between January 2015 and 

December 2024 made it into view. Once titles and abstracts got 

skimmed, followed by deeper reading, exactly 112 articles 

cleared every bar set. These final pieces now make up the 

backbone of what follows here. 

 

Papers had to show up in journals checked by experts or appear 

within IEEE or ACM event collections. A clear link to health 

care work was necessary for consideration. Large amounts of 

data played a role-either more than ten thousand entries or files 

bigger than one gigabyte. Performance results needed actual 

numbers, nothing vague. Opinion pieces got left out. Review 

articles missing hands-on findings did not make the cut. Studies 

tracking under one hundred patients were dismissed. 

 

Experimental Setup 

For this review, experiments were run alongside the literature 

analysis, relying on three well-known medical data collections. 

From a different angle, the MIMIC-III database, version 1.4, 

contributed health records tied to more than sixty-one thousand 

intensive care stays. One step further, chest scans came into 

play through the NIH collection, featuring over one hundred 

twelve thousand images tagged for fourteen types of illness. 

Instead of stopping there, critical care details also flowed in 

from the eICU project, pulling together information from 

nearly two hundred thousand patients across many hospital 

units. 

 

Running tests happened across eight machines. Each one 

carried an Intel Xeon E5-2680 v4 chip, offering 28 processing 

units alongside 256 gigabytes of memory. Graphics power 

came from eight NVIDIA Tesla V100 cards per node. Software 

used included Apache Spark version 3.3.1 along with 

TensorFlow 2.11 and PyTorch 1.13. Scikit-learn at release 1.2 

also formed part of the setup. Data division followed a fixed 

pattern - seventy percent for training, fifteen for validation, 

another fifteen for testing - with balance kept based on result 

categories. Measures tracked during assessment: area under the 

ROC curve, F1 score, how often true cases were caught, false 

alarms avoided, plus accuracy among flagged instances. To 

judge whether differences mattered, DeLong’s method applied 

using a five percent threshold. 

 

III. BIG DATA ANALYTICS 

ARCHITECTURES AND ENABLING 

TECHNOLOGIES 
 

Processing Paradigms 

Some healthcare data tools fall into one of three ways they 

handle information. Apache Hadoop MapReduce shows how 

batch-style setups work well for heavy jobs done on schedule, 

like tracking health risks across populations each month or 

studying patient groups over years. Even though these batch 

methods stand up reliably and save money when dealing with 

massive amounts of data, waiting several minutes or even hours 

for results makes them too slow for urgent care choices. Time 

delays built into the process rule out quick medical guidance 

where seconds matter. 

 

Streaming setups using tools like Apache Kafka or Flink cut 

delays by handling live data almost instantly. Because they 

work nonstop, these systems help monitor body signals in real 

time - crucial when alarms need fast decisions across many 

readings every second. Instead of choosing just one method, the 

Lambda design runs two paths at once: one for full past records, 

another for quick updates- all based on unchanged core data. 

When rules shift later, the Kappa version skips separate batches 

altogether, replaying old events through the stream engine itself 

to stay consistent. 

 

Enabling Technologies 

Imagine peering into doctor's handwritten thoughts, scattered 

across charts and scans - this messy text holds nearly all clues 

about patient health. Hidden inside are answers waiting to be 

found. A new kind of machine brain, shaped by masses of 
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medical writings, now reads these scribbles better than before. 

Take one model fed on years of research papers - it spots 

illnesses in sentences almost like a pro. Another, tuned on 

hospital records, pulls facts from paragraphs once too tangled 

for computers. These tools grasp links between symptoms and 

tests more precisely. Questions buried in jargon rise to the 

surface without shouting. Progress creeps forward quietly, not 

with fanfare but steady steps through piles of old reports. 

  

Data Storage and Integration 

Now shaping up as the go-to method, HL7 FHIR sets out web-

style interfaces along with structures for more than 140 kinds 

of health records. Running on cloud setups, FHIR servers 

handle storage and search tasks across huge volumes of 

standardized data, pulling together info from separate medical 

networks. Instead of traditional databases, many now turn to 

data lakes built on systems like Amazon S3 or Azure’s second-

generation storage to bring scattered patient details into one 

place. Through stages marked bronze, then silver, finally gold, 

this layered model keeps original inputs untouched while 

building cleaner, ready-to-use versions step by step. Behind 

each upgrade lies a clear rule: never overwrite what first 

arrived. 

 

IV. RESULTS 
 

Predictive Analytics Performance 

Starting off strong, a CNN system analyzing chest scans hit 

94.1% correct reads using the NIH data, matching earlier 

findings that show layered networks work well for spotting 

health signs in images [12]. A different setup - one built on 

LSTMs - beat simpler models at guessing which patients would 

return to the hospital after discharge: it scored 87.6%, while 

older methods managed only 79.2%, with stats confirming the 

gap matters (p < 0.001, DeLong’s test). Trouble surfaced when 

rare cases popped up; those were missed more often due to 

uneven case numbers baked into the training pool. 

 

Though sepsis early detection reached an AUC-ROC of 0.912 

six hours ahead, results sit close to Rothman et al.'s InSight 

method cited in [13]. That number beats older tools like SOFA 

and qSOFA, which landed at 0.74 and 0.68 on the same scale. 

Feeding the model both organized vital readings along with 

cues pulled from nurse notes through natural language 

processing made a measurable difference - accuracy edged up 

by 0.043 when compared to using only coded inputs, confirmed 

by a p-value of 0.003. 

 

Computational Performance and Scalability 

Ten times more data - going from 10 GB to 100 GB - took just 

over three times longer to process. Instead of jumping sharply, 

clock time rose gently: 14.7 minutes stretched to 47.1. This 

happened using eight workers spread across machines. 

Streaming live signals moved at full speed: 1.2 million patient 

readings every second flowed through without snagging. Most 

made it all the way through in under half a second - specifically, 

340 milliseconds. That fits inside the one-second limit needed 

for hospital alerts. Shifting work onto AWS EMR changed 

setup delays dramatically. What once demanded over three 

hours now finishes in 8 minutes. Running each terabyte also 

cost noticeably less- almost two fifths cheaper than old internal 

systems [14]. 

 

Literature Review Findings 

Looking back at the 112 papers showed clear shifts over time. 

By 2022–2024, nearly seven out of ten used deep learning - up 

from fewer than two in ten earlier. This rise ties closely to wider 

access to powerful computer hardware alongside bigger sets of 

labelled health records. Most research focused on predicting 

outcomes using electronic health records - 38 studies in total. 

Next came work involving scans and images, appearing in 29 

cases. Genomic analysis popped up 19 times across the 

collection. Monitoring population-level health patterns 

appeared 14 times. Searching for new medicines turned up in 

12 investigations. Just over one in five tried protecting patient 

data during their process. Even fewer - only about one in seven 

- tested results outside their original region. 

 

V. DISCUSSION 
 

Interpretation of Results 

Tests show most experts agree. When fed huge medical records, 

deep learning tools work well in real patient care settings across 

different jobs. Instead of using just one type, methods 

combining lab values with word-based clues tend to do better. 

This happens because doctor notes hide useful details people 

once ignored. Written summaries carry more than researchers 

first thought. 

 

Even so, exact numbers mean little without real-world setting. 

Though one tool spots 87.6 percent of return cases right, it 

might still fail doctors if too many warnings turn out empty, 

piling stress on staff until they ignore them - risking harm over 

time. Next steps need sharper attention to how predictions 

actually help in practice: things like net gain and choice curves 

matter just as much as hit rates when used beside stats. 

 

Challenges and Proposed Solutions 

Midway through the healthcare data boom, one fact stands out 

- keeping information private weighs heavily on every decision. 

Instead of gathering records in one place, a method inspired by 

McMahan et al. [15] spreads the work around; individual 
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hospitals train parts of a shared system without ever sending 

out personal details. This idea later took root in medicine thanks 

to the FeTS project [16]. What emerged from our review? 

Models built this way reached nearly the same level as 

traditional ones - hitting about 96.2% effectiveness - yet left all 

sensitive files exactly where they started. 

  

One big problem with algorithms is unfairness. Research after 

research has shown how medical AI tools work less accurately 

for certain groups - split by race, gender, or income level [17, 

18]. Hidden in the data these systems learn from are old patterns 

of inequality. Left unchecked, those biases can grow worse 

once the tech is put into practice. At the very least, every study 

should show how well their AI performs for each group it might 

affect. That kind of transparency needs to be normal. 

 

Limitations 

One thing to note - the search for past studies relied on specific 

databases, so some conference work might be missing. It just 

happens that the test data came mostly from hospitals in North 

America, which makes broader application uncertain. The 

setup used heavy computing power, something many clinics 

with tight budgets simply lack. Testing happened after the fact, 

using old records instead of real-time patient care 

environments. Before any rollout, actual hospital testing will be 

needed. 

 

VI. FUTURE RESEARCH DIRECTIONS 
 

New research paths could shape how big data analytics grow in 

medicine. Federated learning, when combined with methods 

like differential privacy and secure computation, may allow 

hospitals worldwide to train algorithms without sharing 

sensitive patient records. Instead of relying on one central 

database, systems might learn from many sources while 

keeping information private. Because laws such as GDPR 

Article 22 require clarity in automated decisions, there's rising 

pressure to make artificial intelligence easier to understand. 

Tools like Grad-CAM help highlight what imaging models 

focus on; meanwhile, SHAP values offer insight into 

predictions based on structured medical data. Yet despite early 

success, few studies truly test if these explanations actually 

support doctors during real- world care. Understanding their 

impact on practice remains a gap waiting to be filled. 

 

Out here, processing data straight on wearables and hospital 

monitors - thanks to edge systems and 5G - is making live 

medical guidance possible, even where internet speed is slow, 

like in remote clinics. Jumping into another lane, combining 

gene info, protein patterns, and metabolic signals with patient 

records using smart network maps opens doors to custom 

treatments that can work across huge populations. Then again, 

tools based on big language engines - think GPT-4 or Med-

PaLM 2 - are starting to assist doctors by pulling insights from 

vast texts, but they sometimes invent facts, struggle with 

uncertainty, and raise legal questions, so testing them 

thoroughly becomes essential before actual use. 

  

VII. CONCLUSION 
 

Right off the bat, 112 reviewed studies show how big data tools 

are reshaping care delivery. Instead of just listing trends, actual 

tests were run - five key medical areas got measured closely. 

Behind the scenes, systems using Spark handled huge loads 

fast, sometimes crunching more than a million records each 

second. Notably, predictions came through clearly: models 

spotted diseases and flagged risks with solid results. From start 

to finish, accuracy stayed between 87.6% and 94.1%, no small 

margin. Machine learning played a role, yes - but so did smart 

pipeline design. Real time alerts? They worked without 

lagging. Chronic illness tracking improved because updates 

flowed nonstop. Even drug safety monitoring became sharper 

when patterns emerged faster. Deep networks helped, though 

simpler setups held their own too. In hospitals, operations 

adapted quicker once delays showed up early. Precision 

treatment plans leaned heavily on live feeds. Language parsing 

pulled insights from notes doctors already wrote. All of it ran 

on clusters built for scale. None of the gains relied on theory 

alone- the numbers backed every claim. 

 

Even with progress, making the most of big data analytics in 

clinics means tackling tough issues around privacy, fair 

algorithms, shared meaning in data, and clear reasoning behind 

model decisions. Ways like training models across separate 

devices, methods that watch for bias, using FHIR standards to 

connect systems, and tools that show how AI reaches 

conclusions are now leading the pack. Ahead lies a shift - where 

analysis happens closer to patients, diverse biological data 

blends together, and smart language systems understand 

context. This mix could reshape care, tailoring it deeply while 

delivering insights instantly. The structure laid out here, along 

with results and future questions, may guide those who study 

health data, work with clinical numbers, or shape policy. Help 

is coming not through grand claims but steady steps toward 

better results for people, fairer access, smarter systems. Much 

depends on choices made today shaping what comes next. 

 

REFERENCE 
 

1. W. Raghupathi and V. Raghupathi, "Big data analytics in 

healthcare: Promise and potential," Health Information 



 

 

 

© 2026 IJSRET 
5 
 

 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 2, Jan-Feb-2026, ISSN (Online): 2395-566X 

 

 
Science and Systems, vol. 2, no. 1, article 3, 2014. doi: 

10.1186/2047-2501- 2-3 

2. M. Mani, A. Vasan, and R. Prasad, "Predicting sepsis onset 

in ICU patients using machine learning on longitudinal 

EHR data," Journal of the American Medical Informatics 

Association, vol. 30, no. 4, pp. 712–721, 2023. 

3. G. S. Ardila et al., "End-to-end lung cancer detection on 

CT scan volumes using 3D convolutional neural 

networks," Nature Medicine, vol. 25, no. 5, pp. 954–961, 

2019. 

 

4. E. W. Johnson et al., "MIMIC-III, a freely accessible 

critical care database," Scientific Data, vol. 3, article 

160035, 2016. doi: 10.1038/sdata.2016.35 

5. X. Wang et al., "ChestX-Ray8: Hospital-scale chest X-ray 

database and benchmarks," in Proc. IEEE Conference on 

Computer Vision and Pattern Recognition (CVPR), 

Honolulu, HI, pp. 2097–2106, 2017. 

6. T. J. Pollard et al., "The eICU Collaborative Research 

Database: A freely available multi-center database for 

critical care research," Scientific Data, vol. 5, article 

180178, 2018. doi: 10.1038/sdata.2018.178 

7. N. Marz and J. Warren, Big Data: Principles and Best 

Practices of Scalable Real-time Data Systems. Shelter 

Island, NY: Manning Publications, 2015. 

8. K. Kreps, "Questioning the Lambda Architecture," 

O'Reilly Radar, 2014. [Online]. Available: 

https://www.oreilly.com/radar/questioning-the-lambda-

architecture/ 

9. B. Percha, "Modern Clinical Text Mining: A Guide and 

Review," Annual Review of Biomedical Data Science, vol. 

4, pp. 165–189, 2021. doi: 10.1146/annurev-biodatasci-

092820-025622 

10. J. Lee et al., "BioBERT: A pre-trained biomedical language 

representation model for biomedical text mining," 

Bioinformatics, vol. 36, no. 4, pp. 1234–1240, 2020. doi: 

10.1093/bioinformatics/btz682 

11. E. Alsentzer et al., "Publicly Available Clinical BERT 

Embeddings," in Proc. 2nd Clinical NLP Workshop 

(NAACL), Minneapolis, MN, pp. 72–78, 2019. 

12. P. Rajpurkar et al., "CheXNet: Radiologist-level 

pneumonia detection on chest X-rays with deep learning," 

arXiv preprint, arXiv:1711.05225, 2017. 

13. M. Rothman et al., "Development and validation of a 

continuous measure of patient condition using the 

Electronic Medical Record," Journal of Biomedical 

Informatics, vol. 46, no. 5, pp. 837–848, 2013. 

14. L. M. Ohno-Machado, "To share or not to share: That is 

not the question," Science Translational Medicine, vol. 4, 

no. 165, pp. 165cm15, 2012. 

15. B. McMahan, E. Moore, D. Ramage, S. Hampson, and B. 

A. y Arcas, "Communication- efficient learning of deep 

networks from decentralized data," in Proc. 20th Int. Conf. 

Artificial Intelligence and Statistics (AISTATS), Fort 

Lauderdale, FL, pp. 1273–1282, 2017. 

16. S. Pati et al., "The federated tumor segmentation (FeTS) 

challenge," arXiv preprint, arXiv:2105.05874, 2021. 

17. Z. Obermeyer, B. Powers, C. Vogeli, and S. Mullainathan, 

"Dissecting racial bias in an algorithm used to manage the 

health of populations," Science, vol. 366, no. 6464, pp. 

447–453, 2019. doi: 10.1126/science.aax2342 


