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Abstract 

  

 

Medicine is increasingly moving toward a personalized approach, with the goal of delivering the right treatment to the right patient at the 

right time. In critical care settings such as the intensive care unit and the emergency department, timely assessment of mortality risk or the 

need for curative-intent therapy is central to clinical decision-making. This goal is supported by the passive surveillance of patients who are 

continuously monitored and routinely tested. Translational efforts in this space combine clinical data engineering with machine-learning 

methods to build real-time systems capable of detecting patient deterioration and informing clinical decisions. The growing availability of 

data stored in electronic health record systems has fueled strong interest in automated patient management, with the potential to augment 

clinical judgment or, in some cases, trigger risk-averse intervention automatically. 

To realize this potential, decision-support systems must be developed and validated to reliably and rapidly estimate a patient's risk of 

various outcomes over the course of a hospital admission. Carefully designed stopping criteria determine when such a system should issue 

a confident prediction versus remain in a "wait and see" state. These criteria evaluate not just predictive accuracy but also the validity of a 

committed prediction over time. Consistency analysis plays a key role here, ensuring that predictions align with expected clinical behavior 

— they should not flip or drift unpredictably, and most patients should not remain indefinitely in an active waiting state. 

 

Keywords :Electronic Health Record (EHR) Analytics,Precision Medicine,AI-Driven Clinical Data Engineering,Deep Healthcare 

Architectures,Real-Time Healthcare Analytics,Clinical Decision Support Systems (CDSS),Healthcare Big Data 

Integration,Predictive Healthcare Modeling,Machine Learning in Healthcare,Intelligent Clinical Data Management. 
 

1. Introduction 

 
Medicine is gradually shifting from a one-size-fits-all 

approach to a precision paradigm tailored to individual 

patients; this transition requires accurate models, validated 

decision-making processes, and supportive systems. Such 

precision is particularly critical for evolving and time-

sensitive situations, such as healthcare monitoring, diagnosis, 

prognosis, treatment planning, and therapy selection for 

chronic diseases. Timely, data-driven support can greatly 

enhance decision making and patient outcomes, as evidenced 

by the successful application of real-time analytics in other 

fields. Real-time clinical decision-support systems, with low 

latency, high data exchange timeliness, uncertainty quantification, 

and risk stratification, would be greatly beneficial in many medical 

areas, including personalized clinical treatment, patient surgical 

procedure planning, prediction of clinical treatment effect, and 

real-time many-task adaptation and pre-operative/operative 

indication identification. 
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Real-time clinical analytics use CLIs as a driving force 

for change, yet no comprehensive end-to-end architecture 

for timely support has been presented. The lack of 

accepted architectures arises from the need for 

longitudinal streaming data and real-time prediction of 

clinical models. TyML principles help overcome the 

challenge using edge-cloud hybrid systems, an extension 

of the Medicity model for real-time analytics. Data 

engineering is foundational to timely healthcare analytics, 

as performance depends on data quality, processing Are 

suitable and relevant to the clinical problem at hand. Data 

integration, governance, quality management, and 

transformation into analytical components that are finally 

converted into intelligent clinical systems are thus 

necessary. 
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Component Function 
Technologies/Met 

hods 

Clinical 

Benefit 

 

Data 

Ingestion 

Layer 

Collects 

real-time 

EHR 

streams 

 

HL7 V2, FHIR, 

Apache NiFi 

 

Continuous 

patient 

monitoring 

Data 

Transformat 

ion Layer 

Cleans and 

standardize 

s data 

 
ETL Pipelines, 

Semantic Mapping 

 
Improved 

data quality 

 
Interoperabil 

ity Engine 

Integrates 

heterogene 

ous systems 

 
SNOMED, 

LOINC, NIEM 

Unified 

healthcare 

records 

 

AI Analytics 

Engine 

Generates 

predictive 

insights 

 

Deep Learning, 

Online Learning 

Early 

disease 

detection 

Decision 

Support 

Layer 

Supports 

clinicians 

in real time 

 

CDSS, Risk 

Stratification 

Faster 

clinical 

decisions 

Edge-Cloud 

Hybrid 

Layer 

Enables 

low-latency 

analytics 

 

Edge AI, Cloud 

Computing 

Real-time 

responsiven 

ess 

 

 

Table 1. Core Components of AI-Driven Clinical Data 

Engineering Architecture 

 

 

2. Background and Theoretical 

Foundations 

Relevant theories of clinical data engineering, characteristics of 

EHR data, interoperability support, and decision-support theory 

provide the foundation for real-time analytics. A review of 

previous work contextualizes the discussion of causality, 

uncertainty, and risk stratification in clinical scenarios. 
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2.1. Precision Medicine and Real-Time Decision Support 

 

Analytics products based on conventional analytical 

paradigms, such as retrospective models or dashboards, 

are often referred to as the future. Unfortunately, for at-

risk patients and time-sensitive problems, a more 

appropriate term is “delayed.” Nevertheless, by using 

real-time data NLP-XL-R and machine-learning models 

with low latency, timely, interpretable, quality-checked 

predictions can be provided, thereby enabling a broad 

spectrum of analytic services. With respect to causality, 

patients receiving a new treatment are monitored in a 

similar way to patients administered a new, constrained 

treatment. Although the second group is not randomized 

A/B testing, and inferring causality remains a challenge, 

the direction of change in risk can be interpreted as 

treatment effect indication. Uncertainty and risk 

quantification represent two of the most common pitfalls 

in clinical analytics. Uncalibrated or poorly calibrated 

models lead to inadequate alert prioritization, incorrect 

resource allocation, or wasted efforts in patient follow-

up. Rubin Causal Markov Condition and Causal-Marking 

Base classifiers are scientific concepts proposed to detect 

bad worlds. When clinical presentation reflects a predeath 

state, the observations need only to survive causality 

checks. 

 
Pipeline 

Stage 
Input Data 

Processing 

Method 
Output 

EHR Data 

Collection 

Clinical records, 

vitals 

Streaming 

ingestion 

Raw patient 

streams 

Data 

Validatio 

n 

 
Structured/unstruct 

ured data 

Data 

quality 

checks 

 
Trusted 

datasets 

Feature 

Engineeri 

ng 

 

Patient risk factors 

ML 

preprocessi 

ng 

 

Predictive 

variables 

 
Predictive 

Modeling 

 
Time-series 

healthcare data 

Deep 

neural 

networks 

 
Risk 

predictions 

 
Clinical 

Inference 

 
AI-generated 

insights 

Decision 

support 

logic 

Treatment 

recommendati 

ons 

Monitorin 

g & 

Feedback 

 

Outcome data 

 

Drift 

detection 

 

Model 

adaptation 

 

 

Table 2. Real-Time EHR Analytics Pipeline 
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Real-Time EHR Analytics Pipeline 

 

2.1. Precision Medicine and Real-Time Decision Support 

 

Therapeutic and preventive strategies tailored to each 

individual are essential for enhancing patient outcomes and 

quality of life. Thus, the concept of precision medicine aims 

to deliver the right intervention to the right patient at the right 

time. However, timely access to the required intervention 

remains elusive for many. Precision medicine does not apply 

only to therapeutics; it also encompasses preventive decision 

support. Providing timely decision support for preventive 

treatment, when early warning signs may not be obvious, 

requires different research considerations compared to 

therapeutic decisions. Patients and physicians do not often 

think about the required intervention until a specific event is 

in the near future: for cardiac disease, probably within the next 

year; for stroke, maybe within the next week or month; for 

sepsis, within a few hours; for admission on an on-going 

outbreak, within a few days. Indeed, for patients already 

hospitalized, providing a real-time decision support system is 

crucial for guiding correct management decisions. Hence, 

real-time decision support for precision medicine seeks to 

predict the required intervention in the near future, supporting 

patients and medical professionals in addressing the 

appropriate warning signs. Current systems focus 

predominantly on therapeutic interventions but generally 

neglect on preventive strategies. 

 

Real-time inference remains an underexplored area in the 

precision medicine space. Nevertheless, providing timely 

inference that serves as a trigger for action changes the 

dynamic of the problem. Timelines shorten, the requirement 

for frequent updates increases, and causality, uncertainty, and risk 

become central considerations. Most real-time predictive modeling 

systems in the literature address therapeutic interventions; the 

focus here lies predominantly on preventive decision support in 

anticipation of natural events. Innovation typically occurs at the 

edges of the healthcare system; for instance, supply chain 

companies advancing fast access to vaccines. These industry 

players often engage with hospitals to assess demand for products 

and services on the short end of the operations planning horizon. 

The need for real-time planning transcends products, extending to 

management on the healthcare provider side. Early warning for 

admittance to 
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a hospital or preventive treatment on the near horizon 

alerts both patients and medical providers: the underlying 

requirements of timely information that fuels operations 

on the product side is not dissimilar to what exists on the 

offer side of the healthcare system. 

 
 

 

3. Data Engineering for Real-Time 

EHR Analytics 

Real-time analytics require data stewards to proactively 

detect and resolve data problems using a variety of 

resources, including data governance, tools for data 

quality, and a system for data transformation. Traditional 

decision-support systems for healthcare are seldom 

reliable because of long model lifecycles and the 

complicated interactions between clinical variables and 

outcomes, yet health records typically contain the full-

time history of a wide variety of clinical factors. The 

challenge therefore is not to engineer a full-scope model 

but to engineer the data passage in such a way that any 

combination of risk factors is valid for high-quality 

inference. 

 

Data from electronic health records (EHR) is typically 

ingested in batches, yet ongoing analytics need data in a 

timely way. Hence, ingestion pipelines use a streaming 

model for real-time environments. Health records 

generally follow the HL7 V2 message format, which uses 

a communication protocol to define presentation 

segments, orders, and events between health systems. A 

tailored HLS Data Stream Messaging system was 

developed with provisional use of the traditional HL7 V2 

specification for early simulation. The full HLS Data 

Stream Messaging design remains on the roadmap, 

responding to a high-level abstraction called HL 

Messaging in HL7 Fast Health Interoperability Resources 

(FHIR). 
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Mathematical Formulas: 

 

1. Real-Time Clinical Risk Prediction 

𝑇𝑜= output response time 

𝑇𝑖= input arrival time 

 

5. Predictive Survival Probability 

 

𝑆(𝑡) = 𝑒−𝜆𝑡 
 

 
Where: 

𝑆(𝑡)= survival probability 

𝜆= hazard rate 

𝑡= time duration 

 

6. Model Calibration Error 

 
𝑛 

1 𝐶𝐸 =  ∑( 𝑝 − 𝑦 )2 

𝑅 = 𝑃(𝑌 = 1 ∣ 𝑋 ) 𝑛 𝑖 𝑖 

𝑡 𝑡 𝑡 𝑖=1 

 

Where: 

𝑅𝑡= predicted patient risk at time 𝑡 

𝑋𝑡= real-time EHR feature vector 

 

2. EHR Streaming Data Velocity 

Where: 

𝑝𝑖= predicted probability 

𝑦𝑖= observed outcome 

 

7. Healthcare Data Quality Score 

 

𝑁𝑒 
𝑉𝑑 = 

𝑇 

 
𝑄𝑑 = 

𝐶 + 𝑉 + 𝐼 

3 

 

Where: 

𝑉𝑑= data ingestion velocity 

𝑁𝑒= number of EHR events 

𝑇= processing time 

 

3. Clinical Decision Support Accuracy 

Where: 

𝐶= completeness 

𝑉= validity 

𝐼= integrity 

 

8. Edge-Cloud Processing Efficiency 

 

𝑇𝑃 + 𝑇𝑁 
𝐴 = 

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

 

𝐸𝑝 
𝐷𝑝 

= 
𝑢 𝐵 
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Where: 

𝑇𝑃= true positives 

𝑇𝑁= true negatives 

𝐹𝑃= false positives 

𝐹𝑁= false negatives 

 

4. Inference Latency Model 

 

𝐿 = 𝑇𝑜 − 𝑇𝑖 
 

 
Where: 

𝐿= inference latency 

Where: 

𝐸𝑝= processing efficiency 

𝐷𝑝= processed data 

𝐵𝑢= bandwidth usage 

 

9. Real-Time Throughput Metric 

 
𝑁𝑟 

𝑇ℎ = 
𝑡 

 

 
Where: 

𝑇ℎ= throughput 
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𝑁𝑟= number of requests processed 

𝑡= execution time 

 

10. AI-Based Precision Medicine Utility 

 

𝑈𝑝 = 𝛼𝐴 + 𝛽𝑇 + 𝛾𝑆 
 

 
Where: 

𝐴= accuracy 

𝑇= timeliness 

𝑆= survivability 

𝛼, 𝛽, 𝛾= weighting coefficients 

 

3.1. Data Ingestion and Interoperability 

 

Open systems based on Internet protocols are crucial for 

eHealth, yet in practice, medical data sources often follow 

proprietary syntaxes, ontologies, and data models. The 

challenge lies in integrating disparate data sources and data 

streams so as to give the utmost benefit to a real-time 

decision-support system. A reliable solution shields the 

consumer from the complexities. A parse library and a 

sitemap definition sit at the ingestion endpoint. The parse 

library handles local files, database connections, secured web 

scrapping, and streaming input. Each new source that 

conforms to a sitemap opens an input channel. 

 

Sitemaps follow an arcs-and-nodes definition. The arcs 

abstract the real-time transport mechanism and the nodes 

define the exploitable data structure. Data arriving in standard 

form that fits the definition feed directly into an information 

model. Early mapping to SNOMED or LOINC formalizes the 

local semantics, prevents drift, and enforces structure. 

Mapping onto clinically-relevant aspects of the shared model 

facilitates clinical join with low overhead. 

 

Schemas evolve dynamically based on the least-dynamic 

stream of the set. Pulling the most stable structure from a map 

index eases future mapping and joins. Open-source SIEM 

solutions provide the surrounding infrastructure. An Apache 

NiFi flow routes the data according to the sitemap and passes 

plaintext or XML data to a Llamacast connection. An 

Elasticsearch cluster stores the data and index, enables future 

searching, feeds a Kibana dashboard, and forwards events to an 

Azure Logic App. NIEM supplies the final semantic integration 

layer. 
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Precision Medicine Decision Framework 

 
AI 

Technique 
Purpose 

Healthcare 

Application 
Advantage 

 
Deep 

Learning 

 
Pattern 

extraction 

 
Disease 

diagnosis 

High 

predictive 

accuracy 

 

Online 

Learning 

 

Continuous 

adaptation 

 

ICU 

monitoring 

Real-time 

model 

updates 

Survival 

Models 

Temporal risk 

prediction 

Mortality 

estimation 

Prognostic 

assessment 

 

Ensemble 

Learning 

 

Multi-model 

inference 

Chronic 

disease 

prediction 

 

Improved 

robustness 

 
Drift 

Detection 

Detects 

distribution 

changes 

Population 

health 

analytics 

 
Sustained 

reliability 

Explainable 

AI 

Transparent 

predictions 

Clinical 

diagnostics 

Increased 

clinician trust 

 

 

Table 3. AI Techniques for Precision Medicine 

 

 

4. AI Methods for Real-Time 

Clinical Analytics 

Algorithms and workflows are described. dependence on 

clinical data streams and the need for timely, incremental 

inference, adaptation, and decision support through clinical 

analytics for EHR data are emphasized. Methods 

accomplishing these objectives in formally defined real-time 

settings are covered. 

 

Specific methods are presented for time-sensitive modeling 

applications in which clinical analytics deliver timely, low-

latency predictions for indications such as disease onset, 

disease-course progression, and survival likelihood 

estimation. Novelty hinges on the ability to produce timely, 



 

11 | P a g e  

 

yet reliable, inferences from such time-sensitive modeling 

tasks. With clinical inferences predominantly derived from 

batch-processing paradigms, the reliability of predictions 

from time-sensitive models operating under formal real-time 

constraints remains less established in clinical literature. 

Research contributions therefore extend beyond algorithmic 

engineering; the associated evaluation methodology and set of 

real-time metrics for assessing model accuracy—explicitly 

accounting for the temporal aspects of clinical inference—

also represent important advancements in this area. 

 

Time-sensitive modeling techniques featuring algorithmic 

engineering, design decisions, and evaluation mechanisms 

suited for the time-sensitive setting are discussed. 

Consideration of concepts such as online-learning formalism 

and drift detection are complemented with discussion of novel 

low-latency inference algorithms supporting online time-

sensitive models in deployed settings. Research topics 

addressing validation procedures for time-sensitive inference 

tasks and development of model portfolios in which the 

predictive signals support real-time validation processes are 

highlighted. Detailed also are measures of reliability suited for 

time-sensitive clinical inferences, particularly calibration and 

the richer notions of timeliness, survivability, and safety that 

capture the clinical stakes involved in timely prediction tasks. 

 

 

 

4.1. Time-Sensitive Modeling Techniques 

 

Key AI methods supporting precision medicine in real-time 

encompass online learning for smooth adaptation, drift detection 

to identify shifts in data distributions, validation procedures 

tailored for low-latency contexts, and techniques promoting 

robustness to missing values or noise in key variables. An 

approach to offline learning that approximates the speed of online 

schemes is also presented, as well as an ensemble-based method 

for adaptation. 

 

While a variety of classification and regression algorithms support 

time-sensitive applications, other types of models 
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also play important roles. In particular, survival models 

are key to quantifying temporal risk in clinical settings. 

Their real-time use in precision medicine requires special 

consideration with respect to model establishment. 

Different time-sensitive problems apply depending on 

whether ensemble solutions or single models are 

employed. In the first case, multiple models are trained on 

distinct regions of the time-varying distribution, while in 

the latter case, a single model is continuously adapted to 

the evolving distribution. Marker pathways are 

particularly relevant for prognostic prediction, since 

endpoint labels are fixed for given individuals. The 

associated latent survival models therefore necessitate 

assessment of calibration (how well predicted 

continuities agree with actual outcomes), timeliness (how 

soon before the endpoint a prediction can be made), and 

survival of individuals with low predicted risk (which 

seeks reassurance that those deemed relatively safe 

actually go on to survive). 

 
Deployment 

Layer 
Responsibilities Advantages Challenges 

 

Edge Devices 
Local sensing 

and inference 

 

Low latency 
Limited 

computation 

Cloud 

Infrastructure 

Large-scale 

analytics 

 

Scalability 
Network 

dependency 

Hybrid 

Systems 

Distributed 

intelligence 

Balanced 

performance 

Complex 

orchestration 

Mobile 

Health Nodes 

Remote patient 

monitoring 

 

Accessibility 
Security 

concerns 

AI 

Coordination 

Layer 

 

Event 

synchronization 

 

Real-time 

alerts 

 

Data 

consistency 

 

 

Table 4. Edge-Cloud Hybrid Deployment Characteristics 

 

 

AI Model Lifecycle for Clinical Analytics 

 

 

5. System Architecture for Real-Time 

Precision Medicine 
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An end-to-end architecture enables timely clinical analytics 

throughout decision support life cycles. It includes a scrubbed 

raw data layer for all EHR records, a clean data layer 

supporting generic online analytics, and a deployed Daily 

Decision Support for Data-Driven AI-Driven Decision 

Support. A collection of services (anonymization and de-

identification, data governance, quality assurance, machine 

learning, and mining) directly connected to the raw layer 

provide periodic insights for internal validation and for 

decision support, methods, and plug-ins requiring longer 

processing cycles. 

 

The architecture spans from an edge device collecting, 

grooming, context-adding, and transforming audio for input 

via natural language processing through a pipeline to non-

EHR sources, such as streaming weather data and face 

recognition for mobile users. Coordination and corroboration 

of mobile, on-site, and other modalities support outbound 

multichannel detection of abnormal health conditions and 

triggers for at-risk populations. Most deployment patterns 

align with high-bandwidth and low-latency edges. The cloud 

serves late-triggering and aggregation systems, where it 

addresses additional privacy and bandwidth deficiencies and 

weakens real-time requirements. Cyber-risk tolerance 

significantly influences hybridization patterns. 

 

 

5.1. Edge and Cloud Hybrid Deployments 

 

For time-sensitive applications, latency is paramount. Edge 

devices such as cameras, microphones, and motion sensors are 

physically closer to their associated events, thus requiring shorter 

reaction times and less internet bandwidth. Edge devices can 

automatically react to detected events—emitting warnings, 

triggering alarms, or turning off leaks. Video and sound analysis 

often can be performed on the device, as only abnormal events 

need to be sent across the network for further analysis. Therefore, 

camera networks often include the ability to discern a potential 

danger such as a fire, heat detection, or smoke. Compressing this 

event along with supporting video frames optimises transcoding 

time and reduces network impact.  These  use  cases  balance  

the  investment  in 
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decentralised architecture with the economic and 

architectural complexities, bonded by tight expectations 

of reaction time. 

 

Other decision-support applications require careful 

consideration of information lifecycle latency. At one 

extreme are recommendations for the immediate future, 

such as emergency detection, diagnosis, and triage 

models. Some warnings need to be seen by first 

responders within minutes or seconds; the decisions 

should be straightforward and crowned with only the best 

signals to avoid potentially unsafe actions. Performance 

requirements also apply during the maintenance of the 

monitoring toolset, including the risk-drift detection and 

dynamic calibration processes. Periodically redistributing 

a predictive health state classifier based on recent events 

and focused on future survivability of all users’ safe status 

is meant to avoid model/technique degradation for 

temporally repetitive and long-lasting events, for 

example flooding during monsoons in India. Other 

applications address the middle-term horizon, where 

managing resource allocation and risk assessment systems 

requires more data and the ready examination of several 

solutions to minimize downtime. 

 

Metric Description 
Clinical 

Importance 

 

Latency 

 
Time required for 

inference 

Critical for 

emergency 

response 

 

Throughput 

 

Frequency of 

generated predictions 

Supports 

continuous 

monitoring 

 

Accuracy 
Correctness of 

predictions 

Ensures safe 

interventions 

 

AUROC 

 

Signal-versus-noise 

discrimination 

Improves 

diagnostic 

reliability 

 

Calibration 

Agreement between 

prediction and 

outcome 

 
Reduces false 

alarms 

 

Timeliness 
Prediction before 

adverse event 

Enables preventive 

action 

Survivability 

Metric 

Survival consistency 

validation 

Enhances 

trustworthiness 

 

 

Table 5. Evaluation Metrics for Real-Time Clinical AI 

Systems 
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6. Evaluation Frameworks and Validation 

 
Approaches for evaluation, validation, and performance 

assessment provide insights into quality attributes and support 

recommendations for practical deployment. Methodologies 

exist for assessing the functioning of predictive models and 

risk stratification methods under conventional latency 

constraints; that is, those that impose no requirement on the 

maximum time taken to complete the analysis. For models 

operating under real-time conditions—whereby the 

information needed for analysis arrives in a continuous 

stream, the model is exposed to a sequence of analysis 

requests, and the analysis results should be returned as soon 

as possible—the situation is more complex. 

 

Timely inference—defined as satisfying a pre-defined upper 

limit on the time required for inference to be made—becomes 

a central quality attribute, both for the inference itself and in 

the context of assisting clinical decision making in time-

sensitive situations. The throughput of the method can also 

become consequential, since the information to be modeled 

arrives in a continuous stream. The obvious metric for 

assessing risk stratification under real-time conditions is 

whether the predictions made for individuals fell into the 

predicted terminal classes (e.g., survival / death) at the time at 

which the predictions would be available, although more 

graceful measures also exist. 

 

 

Healthcare Data Governance and Security 

 

 

6.1. Metrics for Timely and Accurate Inference 



 

16 | P a g e  

 

Evaluation Frameworks and Validation: establish 

rigorous methods to assess performance, reliability, and 

clinical impact under real-time constraints. 

 

Designing machine learning models to formally reason on 

the relationships between real-time data, decision-

making, and patient outcomes presents a unique 

challenge for clinical artificial intelligence. An 

appropriate research strategy mandates thorough 

examination of properties like performance, reliability, 

and clinical impact, with a particular eye toward ensuring 

satisfactory behavior when deployed in practice across 

real-time settings. Consequently, the performance of each 

algorithm must be carefully evaluated in conjunction with 

the anticipated endpoints. 

 

The overarching goal is to maintain foresight on event 

occurrence and facilitate timely intervention. With that in 

mind, the following aspects must be considered: Latency 

— the time to produce an output following new input; 

Throughput — the frequency with which decisions can 

be generated; and Accuracy — the proportion of outputs 

among all instances of a certain decision. Given the 

general motivation around predictive predictive 

modeling, additional criteria could include the area under 

the receiver operating characteristic curve (AUROC) 

when distinguishing signal from noise and the calibration 

of predictions. Surviving the test of timeliness naturally 

encompasses the other concepts. 

 
Challenge Impact Proposed Solution 

Data 

Heterogeneity 

Inconsistent 

clinical records 

Standardized 

interoperability 

Missing Clinical 

Data 

Reduced prediction 

reliability 

Robust imputation 

methods 

 

High Latency 
Delayed 

interventions 

Edge computing 

deployment 

 

Model Drift 
Reduced AI 

accuracy 

Continuous 

retraining 

 

Privacy Risks 
Exposure of patient 

data 

 

Federated learning 

Scalability 

Constraints 

 

System overload 
Cloud-native 

architectures 

Explainability 

Issues 

 

Clinician distrust 
Explainable AI 

frameworks 

 

 

Table 6. Challenges and Solutions in Real-Time Precision 

Medicine 
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7. Conclusion 

 
Real-time clinical inference from automation-modified 

EHRs, such as prediction of readmissions or outcomes, 

presents a new and much-needed dimension of clinical 

decision support and is emerging as a principal and possibly 

game-changing application. Analytically proven convincing 

success in the real-time paradigm would support other real-

time applications broadly and precision medicine more 

generally. The analytical methods, for rapid inference and 

claims-validating real-time decision support, additionally 

represent a new analytic dimension for a wider variety of 

decision-support prediction analyses, including patient desks 

and clinical framing, where dependable accuracy has 

potentially life-or-death implications. All indications are that 

timely real-time assistance would be consummately 

welcomed by clinicians. Addressing the models broadly, the 

overriding goal is to afford clinicians predictive decision 

support that minimizes time-of-day drive signal confusion 

confounding predictive accuracy. Confusion minimization 

will support data-based validation, scientific integrity, and 

operational effect. 

 

End-to-end precision-medicine architecture enables real-time 

analytics for EHR renovation success and future use, linking 

causally headline-supported determinant triads with 

prescriptive data signals. The architecture accommodates the 

real-time constraints of widely distributed and continually 

observing depth-2 insiders in, for example, prospectively 

predicting stall-time factors of cardiac arrest and automating-

tested surfactant and pneumatic-actuated-intubation 

interventions training. Causal true-share linking of 

determinant triads across all predicted-stall-time groups for 

prospectively-trained survival framing would equilibrate 

statistical survivability with effective ANN-survivorship 

intensity-based database confidence, assurance, and real-time 

requests. For greatest live-patient gain, attrition risk must be 

borne by surrogate-action signal alleviation rather than 

survival insurance. 
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