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Abstract:  The intricacy of chronic illnesses, the quick expansion of clinical data, and the need for early, data-

driven interventions pose growing challenges to traditional healthcare systems. A scalable big data 

architecture for distributed AI pipelines aiming at real-time predictive patient risk stratification is presented 

in this study. The system combines temporal patient histories with structured electronic health information by 

integrating Random Forest and Temporal Convolutional Network (TCN) models into a stacked ensemble 

architecture. Final risk scores are produced by aggregating model outputs using a logistic regression meta-

learner. Explainable AI modules are integrated to improve the interpretability of model decisions to guarantee 

openness and clinical trust. The architecture supports high-throughput ingestion and real-time inference 

through distributed and containerized technologies like Docker, Kubernetes, Apache Spark, and Apache 

Kafka. This novelty is used to unify static and temporal data modelling within a scalable AI framework, 

enabling intelligent and timely risk prediction in complex hospital environments. 
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1. Introduction  

The need to create scalable infrastructures that can analyze healthcare data in real time has grown due to the 

constant expansion of data from wearable sensors, diagnostic imaging, electronic health records (EHRs), and 

hospital systems. Predictive patient risk stratification has become essential as healthcare systems shift from 

reactive to proactive and individualized care. Using previous and current clinical data enables physicians to 

pinpoint patients most likely to experience unfavourable outcomes. However, present healthcare 

infrastructures frequently lack the processing power and adaptability to support large-scale predictive 

analytics. 

 

Daily data, speed, and diversity are too much for traditional healthcare systems to manage. Particularly when 

dealing with high-dimensional and temporal datasets, these systems suffer from fragmented data streams, 

delayed calculations, and a limited capacity to provide dynamic updates [2], [4], and [5]. Furthermore, as 

learning health systems proliferate and continuously use clinical outcome feedback to enhance care delivery, 

the demand for real-time analytics increases [1]. Big data platforms that enable high-throughput data 

ingestion, processing, and model training at scale must be integrated to support this. 

 

Massive healthcare datasets may now be ingested and analyzed in batch and streaming modes because to 

recent advancements in distributed computing platforms like Apache Kafka, Hadoop, and Spark [11], [16]. 

These platforms facilitate responsive and scalable analytics across institutional systems by supporting feature 

engineering, model deployment, and real-time data integration [9], [10], and [13]. Healthcare practitioners 

can improve care coordination and decrease treatment delays by using these technologies to convert 

unstructured clinical data into useful indicators for early risk detection. 
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Most current research concentrates exclusively on algorithm development rather than system-level 

integration, even though machine learning techniques like gradient boosting are used. Deep learning has 

demonstrated significant promise in identifying intricate patterns within clinical data [17]. Deploying such 

models in situations with real-time restrictions, changing medical records, and varied data formats requires 

infrastructure often overlooked in studies. How to construct scalable systems that can handle sequential and 

organized data across hospital networks is still poorly understood. 

 

Most healthcare AI techniques currently in use concentrate mostly on algorithmic design and model 

correctness, frequently ignoring the infrastructure-level difficulties associated with implementing predictive 

systems in busy, real-time clinical settings. An end-to-end system that combines scalable processing, 

distributed data intake, and ensemble modelling that can manage both structured and temporal patient data is 

lacking in current research. Using Temporal Convolutional Networks (TCNs) for sequential data, Random 

Forests for structured clinical features, and a stacked ensemble with logistic regression for optimal prediction, 

this paper proposes a scalable and reliable big data architecture for predictive patient risk stratification. The 

architecture enables real-time risk scoring in cloud-native environments by leveraging Apache Spark for 

distributed processing and Apache Kafka for streaming ingestion. This solution bridges the gap between 

model development and real-world clinical deployment by emphasizing infrastructure readiness and data 

variety, enabling fast and intelligent medical treatments at scale. 

 

2. Literature Review 

The growing demand for intelligent healthcare delivery has led to the evolution of learning health systems, 

which continuously utilize patient-level data to refine treatment strategies and clinical workflows [1]. Within 

this context, predictive patient risk stratification has become essential for identifying individuals who are most 

likely to experience unfavourable health events, enabling early and targeted intervention. However, the 

implementation of such predictive frameworks is hindered by data fragmentation, infrastructural constraints 

and the inability of conventional systems to process high-dimensional information at scale [2].  

 

Real-world healthcare datasets, which frequently include structured records, unstructured notes, imaging data, 

and streaming sensor outputs, are difficult for traditional models based on logistic classifiers, linear regression, 

and statistical heuristics to handle [4], [5]. When requested to record changes in a patient's health over time 

or combine information from many sources, these systems typically fall short. More flexible systems that 

facilitate ongoing data flow and decision-making are required as proactive care replaces reactive treatment. 

 

Researchers have suggested scalable big data platforms that can manage contemporary healthcare data's 

volume, velocity, and diversity to get beyond these restrictions. Apache Hadoop, Spark, and Kafka provide 

distributed frameworks for streaming, batch processing, and parallel computation. These frameworks enable 

the effective transformation and integration of large datasets [11], [16]. These systems facilitate the real-time 

ingestion of test findings, sensor readings from clinical settings, and electronic health records [9], [10], and 

[13]. They are the foundation of real-time risk assessment engines. Despite these developments, model 

innovation prevails over system-level deployment in much of the current work. For instance, studies in 

cardiovascular and critical care prediction have introduced deep learning architectures that perform well on 

retrospective datasets but frequently lack the infrastructure needed for live integration [17], [18]. Additionally, 

current frameworks do not fully address temporal streaming and multi-hospital interoperability, which 

restricts generalizability across various care settings. 

 

Anonymization methods such as k-anonymity [6], federated learning [9], and secure data exchange 

mechanisms [10] have been the focus of isolated efforts; however, few studies provide a unified architecture 

that unifies distributed ingestion, real-time transformation, and predictive modelling under a single scalable 

pipeline. A strong big data infrastructure is becoming increasingly important as healthcare institutions desire 

quicker reaction times and more individualized risk scoring. This paper builds upon this foundation by 

emphasizing the architectural and infrastructural aspects necessary for predictive healthcare systems. It draws 

from the strengths of distributed computing, scalable data pipelines and real-time analytics to propose a 

practical solution for patient risk stratification. Unlike previous works that emphasize algorithmic 

performance alone, this study focuses on integrating big data tools that can sustain-high throughput predictive 

pipelines in live clinical environments. 
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Table 1: Literature Review Summary Table 

 

Research 

Papers 

Focus Area Contribution Technology/Method Relevance to This 

Study 

Etheredge [1] Learning Health 

Systems 

Concept of 

adaptive systems 

for continuous care 

improvement [1] 

Feedback loops, real-

time data learning 

Foundation for 

real-time patient 

monitoring 

Yang & Wu [2] Data Mining 

Challenges in 

Healthcare 

Identified critical 

limitations in 

traditional 

predictive 

modelling [2] 

Algorithmic 

bottlenecks, data 

integration issues 

Highlights the 

need for scalable 

architecture 

Hillestad et al.  

[3] 

EMR and digital 

infrastructure 

Discussed EMR 

systems as enablers 

of healthcare 

transformation [3] 

Electronic Medical 

Records 

Forms the 

structured data 

source for 

modelling 

Ghahramani; 

Berwick et al. 

[4], [5] 

 

Predictive 

Modelling 

Limitations 

Highlighted 

limitations of 

conventional 

models in dynamic 

clinical scenarios 

[4], [5] 

Logistics models, 

statistical approaches 

Justifies shift to 

temporal models  

Sweeney 

(2002, 2002) 

[6], [10] 

Data Privacy in 

Healthcare 

Emphasized need 

for anonymization 

while preserving 

analytical 

capability [6], [10] 

K-anonymity, 

generalization 

Addresses data 

governance in big 

data pipelines 

Stell et al., Park 

et al. [9], [13] 

 

Distributed Clinical 

Data Integration 

Federated learning 

and infrastructure 

for multi-centre 

predictive analytics 

[9], [13] 

Federated 

frameworks, 

distributed databases 

Relevant for 

scalable risk 

prediction across 

hospitals 

Bates et al., 

Park et al. [11], 

[13] 

 

Big Data 

Infrastructure 

Proposed 

distributed tools for 

large-scale health 

data processing 

[11], [13] 

Apache Kafka, Spark, 

Hadoop 

Forms the core 

architecture of the 

proposed system 

Tsay & 

Patterson; Chen 

et al. [17], [18] 

ML in 

Cardiovascular & 

Critical Care 

Showed 

effectiveness of 

deep learning in 

predicting critical 

patient events [17], 

[18] 

TCN, Random Forest, 

ensemble learning 

Basic for model 

choice in temporal 

risk scoring 

 

3. Proposed System Architecture 

This part's scalable and adaptable architecture uses big data technologies to facilitate real-time predictive 

patient risk classification. The suggested method addresses the difficulties of ensemble-based prediction, 

temporal risk modelling, and the intake of large amounts of clinical data in hospital settings. It uses distributed 

systems to manage time-series and organized medical records from many sources in an efficient manner. The 

architecture combines cutting-edge models like Random Forest for static feature analysis and Temporal 

Convolutional Networks (TCN) for sequential pattern capture, all integrated through a stacked ensemble 

framework to enable intelligent and infrastructure-ready decision-making in dynamic clinical scenarios. 
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3.1 Architectural Overview 

The proposed architecture adopts a modular, layered design, enabling scalable and real-time predictive patient 

risk stratification. Every layer is in charge of a distinct task, which might range from distributed processing 

and multimodal data ingestion to AI-based deployment, prediction, and ongoing monitoring. Both batch and 

streaming pipelines are supported by the design, which makes it ideal for dynamic clinical settings that 

demand high-throughput, low-latency insights. The following describes the system's main layers: 

 

 

1. Data Acquisition and Integration Layer 

This layer gathers clinical data from various sources, including hospital information systems, wearable 

sensors, electronic health records (EHRs), insurance claim systems, and diagnostic platforms. The 

system supports both batch ingestion and real-time streaming, and data is entered by REST APIs, 

Apache NiFi, or Apache Kafka. Data normalisation and format mapping guarantee consistency and 

interoperability across diverse sources. 

 

2. Big Data Pipeline Layer 

Once collected, Apache Spark and Hadoop are used to process the data in a distributed setting. This 

layer is responsible for handling: 

 ETL (Extract, Transform, Load) workflows: to cleanse, filter and join patient tables 

 Feature engineering: creating predictive characteristics, such as the number of diagnoses, 

frequency of lab tests, and previous hospital stays 

 Temporal windowing: Structuring time-sequenced patient records for downstream modelling 

of risk trends  

 

3. AI Prediction Engine 

Risk categorization is carried out by this fundamental intelligence layer utilizing a layered machine 

learning ensemble. It consists of: 

 Random Forest (RF): Developed to model baseline patient risk using structured, static data, 

including demographics, diagnoses, and test results. 

 Temporal Convolutional Network (TCN): Used to identify changing clinical trends in 

sequential health data (e.g., vital signs, medication schedules). 

 

 The final risk score for each patient is generated by combining the outputs from the two models using 

a logistic regression meta-learner. Our stacked ensemble technique improves prediction accuracy by capturing 

both static and temporal cues in patient data.  

 

 

4.  Deployment and Streaming Layer 

The trained models are containerized using Docker and deployed on Kubernetes clusters for fault-

tolerant execution. Real-time scoring is accomplished by exposing RESTful APIs and linking the 

system with Kafka streams. This facilitates smooth connectivity with alarm systems, hospital 

dashboards, and decision-support systems for prompt clinical response. 

 

5.  Monitoring and Logging Layer 

This layer guarantees system dependability and operational transparency. Ingestion throughput, 

prediction delay, and model performance indicators are tracked in real time using Elasticsearch, 

Grafana, and Kibana. Logs are kept to facilitate audits, anomaly identification, and adherence to 

healthcare quality standards. 
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Figure 1: Scalable Big Data Architecture for Real-Time Predictive Patient Risk Stratification 

 

The novelty of this architecture lies in its end-to-end integration of scalable big data technologies with a 

stacked machine learning ensemble for real-time predictive patient risk stratification. This system combines 

explainable inference, distributed deployment, and both structured and temporal data processing into a single 

production-ready pipeline, in contrast to previous frameworks that only addressed algorithmic enhancements. 

Using a logistic regression meta-learner to merge Random Forest and Temporal Convolutional Network 

(TCN) models, the architecture integrates dynamic risk scoring to improve prediction accuracy across a range 

of patient profiles. Technologies like Apache Kafka and Spark offer stream-based processing and high-

throughput data intake. Additionally, a specialised monitoring and logging layer guarantees clinical 

transparency, traceability, and compliance using Grafana and Kibana. An AI-driven, infrastructure-centric 

solution that facilitates quick, wise, and scalable decision-making in real-time hospital settings is provided by 

this innovation. 

 

3.2 Mathematical Formulation  

 

Let: 

 

 X = {x1,x2,…,xn} represents the patient feature vector (e.g., demographic, diagnosis codes). 

 H = { h1,h2,…,ht} denotes a temporal sequence of patient history ( e.g., vitals or diagnosis 

over time ) 

 y ∈ {0,1} be the predicted label (0 = low-risk, 1 = high-risk)   

 𝑦̂ be the predicted risk probability score  

 

1. Random Forest-based Risk Component: 

𝑦̂𝑅𝐹 =  𝑓𝑅𝐹(𝑋) 

Where 𝑓𝑅𝐹 is a trained Random Forest classifier that learns from structured features. 

 

2. TCN-based Temporal Risk: 

Let H ∈ 𝑅𝑡 𝑥 𝑑 be the temporal input matrix where t is the number of time steps and d is the 

dimensionality of each record. 

𝑦̂𝑇𝐶𝑁 =  σ(𝑊𝑡𝑐𝑚  ⋅  TCN (H)+𝑏𝑡𝑐𝑛) 

Where: 

 𝑇𝐶𝑁(𝐻) represents the output from the temporal convolutional network after sequence 

modelling. 

 σ is the sigmoid activation for binary classification 

 𝑊𝑡𝑐𝑚, 𝑏𝑡𝑐𝑛 are learned weights 
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3. Stacked Ensemble with Logistic Regression: 

Both model outputs are concatenated and passed to a logistic regression meta-learner: 

𝑦̂ =  σ ( 𝑊1  ⋅  𝑦̂𝑅𝐹 +  𝑊2  ⋅  𝑦̂𝑇𝐶𝑁 + 𝑏 
 

Where, 

 w1 and w2 are learned coefficients during ensemble training 

 b is the bias term  

 σ ensures output in the range [0,1] 

  

4. Classification Decision: 

The final prediction class is determined using a threshold τ: 

𝑦 = {
1, 𝑖𝑓 𝑦̂  ≥  τ 
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

Where τ is turned for optimal sensitivity-specificity balance during validation. 

 

4. Result Analysis 

The suggested architecture was tested using real-time healthcare data in a production-grade simulation 

environment. An Intel Xeon Gold 6240 CPU (40 cores), 256 GB of RAM, and 4 TB of SSD storage powered 

the Ubuntu 22.04 operating system. An NVIDIA A100 40 GB GPU was used for accelerated deep learning. 

Apache Kafka and Apache NiFi handled streams and fed data in real time, while Apache Spark 3.4 made 

distributed data processing and feature engineering easier. The Scikit-learn, TensorFlow, and Keras libraries 

in Python 3.10 were used to create the machine learning models Random Forest (RF), Temporal 

Convolutional Network (TCN), and a stacked ensemble based on logistic regression. Model scoring services 

were deployed using Kubernetes after being containerized using Docker for scalable, fault-tolerant inference 

via RESTful APIs. Grafana and Kibana dashboards were used for system monitoring and performance 

visualization. The architecture was verified in batch and streaming modes to evaluate ingestion throughput, 

prediction latency, and concurrent workload handling for real-time patient risk stratification. All experiments 

were conducted on AWS EC2 instances to simulate cloud-native scalability and infrastructure preparedness. 

 

The performance of the suggested architecture was evaluated using the MIMIC-III-10k dataset in three 

different modelling configurations: Random Forest (RF), Temporal Convolutional Network (TCN), and a 

stacked ensemble that combined the two using logistic regression. With an F1 score of 88.7%, recall of 90.7%, 

and precision of 86.8%, the Random Forest model trained on structured clinical features showed good baseline 

efficacy in identifying static risk indicators. With a precision of 85.1%, a recall of 92.2%, and an F1 score of 

88.5%, the TCN model, which was created to capture longitudinal patient trends, performed well. Although 

it successfully identified dynamic clinical shifts, it occasionally produced false-positive results. The stacked 

ensemble achieved the highest metrics with an F1 score of 91.7%, precision of 89.4%, and recall of 94.1%, 

outperforming both basic models. These outcomes demonstrate the efficiency of integrating static and 

temporal information using a layered learning strategy and validate the system's correctness and robustness 

under real-time streaming situations. 

 

 

Dataset Link: https://www.kaggle.com/datasets/bilal1907/mimic-iii-10k/data 

 

Table 2: Result Analysis Summary Table 

 

Model Precision 

(%) 

Recall (%) F1 Score (%) Accuracy (%) 

Random Forest 86.8 90.7 88.7 88.2 

Temporal 

Convolutional 

Network (TCN) 

85.1 92.2 88.5 87.6 

Stacked Ensemble 

(Logistic 

Regression) 

89.4 94.1 91.7 90.8 
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Figure 2: Comparative Analysis of Performance Metrics Across Random Forest, TCN, and Stacked 

Ensemble Models 

 

The stacked ensemble model is undoubtedly the most effective technique for predicting patient risk 

classification in a Big Data healthcare scenario. The system successfully captures static clinical risk signals 

and changing patient trajectories by fusing the advantages of Random Forest and Temporal Convolutional 

Networks (TCN). Accurate generalization across a range of patient profiles and dynamic clinical 

circumstances is made possible by this dual-model architecture. With an F1 score of 91.7%, precision of 

89.4%, and recall of 94.1%, the stacked ensemble outperformed all other configurations regarding 

classification ability. These outcomes demonstrate its efficacy, stability, and dependability when managing 

large amounts of real-time healthcare data. These characteristics make the model incredibly well-suited for 

patient risk stratification in contemporary clinical systems that are scalable, intelligent, and responsive. 

 

 

5. Conclusion and Future Scope 

 

A scalable big data architecture for real-time predictive patient risk stratification was presented in this work, 

meeting the urgent need for healthcare systems that are both intelligent and ready for deployment. By 

combining stacked machine learning ensembles, distributed data intake, and high-throughput processing, the 

suggested platform proved to be successful in facilitating the early identification of high-risk patients. Using 

Random Forest and Temporal Convolutional Network (TCN) models, the architecture effectively merged 

temporal and structured data, allowing for dynamic risk assessment. This was accomplished through the 

employment of a logistic regression meta-learner. The system provided a real-time, end-to-end risk 

assessment pipeline using cloud-native deployment tools, Apache Spark, and Apache Kafka. The MIMIC-III-

10k dataset verified accuracy, efficiency, and scalability in real-world streaming scenarios. This design 

provides a solid basis for implementing data-driven, scalable, and responsive clinical decision support 

systems, which is important given the demands of contemporary healthcare contexts. 

 

There are numerous chances to increase the current architecture's influence and capabilities, even with the 

encouraging outcomes it has produced. Additional data modalities like wearable sensor outputs, unstructured 

clinical notes, and medical imaging could be included in future system versions to improve the contextual 

knowledge of patient risk. The model may learn from dispersed datasets from several institutions without 

jeopardizing patient privacy by integrating federated learning techniques, increasing generalizability. 
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Furthermore, integrating adaptive retraining techniques and real-time feedback loops in dynamic clinical 

settings may facilitate ongoing learning and dynamic performance optimization. With these additions, the 

architecture has a great chance of becoming the basis for high-throughput, privacy-preserving, intelligent risk-

stratification systems in future healthcare ecosystems. 
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