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Abstract  

 

Clinical Interaction Networks represent workflows in real-time clinical settings, enabling the generation of up-to-date metrics and 

risk estimations that monitor the quality and safety of care and provide decision-support capabilities. These networks act as a 

clinical control tower, providing notifications and recommendations to improve the effectiveness, efficiency, and safety of 

healthcare delivery. Without the integration of data governance and model feedback loops into their development, the networks 

risk becoming disconnected from the changing realities in the health environment for which they are designed. 

In addressing these considerations, a reliable architecture for ensuring data quality, adapting automatically to changes in data 

streams and clinical processes, and creating mechanisms for timely clinician feedback and validation has been presented. Self-

evolving Clinical Interaction Networks enable data-fusion services that process streaming health data, machine-learning approaches 

that utilise online or continual learning to produce adaptable network structures, and quality-control procedures capable of 

integrating clinician judgement into the models, thus enhancing their clinical relevance. 

Keywords :Clinical interaction networks, care optimization, real-time risk-aware analytics, data stream monitoring, health data 

integration. 

1. Introduction 

The Connected Health paradigm emphasizes high-quality 

care at lower costs through real-time monitoring and 

predictive treatment. Clinical Interaction Networks (CINs) 

aggregate the interactions of patients, providers, spaces, 

devices, and other contextual factors to create temporal 

graphs of real-time care delivered in a transparent and 

interpretable manner. Optimal care and patient risk under 

these conditions are often addressed by Quality Indicators, 

Anomaly Detection or Risk Scoring Methods. However, 

established CINs may not provide accurate analyses or 

support decision-making for real-time care, due to the A) 

complex multi-node nature of CINs, B) demanding 

requirements on analytics frequency and latencies, and C) 

validation typically driven by CAUSAL or EXPLAINABLE 

MACHINE LEARNING. 

To fill this gap, a Self-Evolving Clinical Interaction Network 

(SECIN) is proposed, which provides quality, safety, anomaly 

detection and risk scoring analytics for real-time care and 

adapts to the LOCAL CARE OPTIMIZATION AND RISK-

AWARE ANALYTICS needs. SECINs support multiple 

feedback mechanisms to adapt to local care dynamics, 

detecting changes in SELECTED PROCESS STAGE 

EFFECTIVENESS OR RISK MODEL DRIFT. A recent 

SECIN deployment in a Hospital Ward illustrates the 

approach, including rapid construction, understandability of 

the streaming analytics, and mapping of error sources.An end-

to-end architecture for real-time monitoring and risk scoring 

of health conditions, medical procedures, and care quality fills 

a gap in clinical analytics. The methods are assessed within a 

ward environment and used for predictive monitoring of care 

quality. 
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            Fig 1: Self-Evolving Clinical Interaction Networks  

1.1. Background and Significance 

Clinical interaction networks consist of nodes representing 

clinical actors, activities, and patients, temporally connected 

by event logs that detail care processes. Real-time care 

optimization continuously monitors workflow safety and 

quality across several dimensions and alerts clinicians to 

possible quality and safety issues. Seamless integration of 

these two concepts enables the creation of interactive data 

streams that provide support for operational decision-making. 

Although many real-time analytics are deployed in clinical 

environments, they are seldom integrated into clinical 

workflows and decision-making processes. A self-evolving 

clinical interaction network is proposed that adapts itself 

based on clinician feedback and continuous analysis of 

interaction logs through lightweight mechanisms. It supports 

care quality and safety through alerts, health-related risk 

scores, and a continuum of care indicator. A pilot deployment 

in a hospital ward surrounding internal medicine 

demonstrated the feasibility of the proposed approach, and 

lessons learned during this deployment paved the way for 

future developments and applications. 

Table 1. Core Components of Self-Evolving Clinical 

Interaction Networks (SECIN) 

Component Description 
Function in 

Healthcare 

Clinical 

Interaction 

Networks 

(CINs) 

Temporal graphs 

representing interactions 

among patients, 

clinicians, devices, and 

workflows 

Enable real-time 

monitoring and 

analytics 

Self-Evolving 

Mechanism 

Adaptive learning 

process using continual 

feedback and online 

learning 

Handles model 

drift and 

workflow 

evolution 

Risk-Aware 

Analytics 

Predictive risk scoring 

and anomaly detection 

models 

Supports early 

intervention and 

patient safety 

Data Fusion 

Layer 

Integration of EHRs, 

sensors, logs, and 

external systems 

Creates unified 

healthcare 

intelligence 

Feedback 

Loops 

Clinician validation and 

governance mechanisms 

Improves trust, 

explainability, 

and adaptability 

Decision 

Support 

Engine 

Generates alerts, 

recommendations, and 

workflow insights 

Enhances 

operational and 

clinical decisions 

1.2. Research design 

The study addresses the approach and aims of the present 

investigation. The overarching goal is to equip clinical 

environments with self-evolving clinical interaction networks 

capable of providing actionable feedback aimed at improving 

the quality, efficiency, and safety of care. The analysis 
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encompasses real-time data streams, risk models of clinical 

decisions and actions, and real-time monitoring of care 

quality and safety. Feedback from clinicians forms a crucial 

component. 

The design is an empirical investigation of real-time 

monitoring methods with self-evolving networks deployed in 

a hospital ward environment. Multiple data sources provide 

direct feeds from the electronic health record system, medical 

sensors, and clinical logbooks.  

Equation 1: Risk Score Function for Patient Monitoring 

The paper discusses continuous patient risk scoring for 

adverse outcomes. A generalized clinical risk model can be 

expressed as: 

𝑅𝑖(𝑡) = ∑𝑤𝑗

𝑛

𝑗=1

⋅ 𝑥𝑖𝑗(𝑡) 

 

Where: 

 𝑅𝑖(𝑡)= risk score of patient 𝑖at time 𝑡 

 𝑥𝑖𝑗(𝑡)= clinical feature 𝑗(vitals, lab values, 

symptoms)  

 𝑤𝑗= learned importance weight of feature 𝑗 

1.3. Scope and Objective 

The study formally applies Self-Evolving Clinical Interaction 

Networks (SECIN) methodologies to optimize care in two 

high-stakes clinical settings. A ward-based pilot project, 

aimed at testing the approach, explores its formal and 

informal validation mechanisms and makes explicit the 

ethical, legal, and social implications of such networks. The 

second SECIN application investigates the emergency 

department of a major teaching hospital, addressing the 

CEDC model of queue management, the role of senior 

clinicians in the triage of CEDC patients, and their putative 

impact on patient outcomes. The third evaluation of a primary 

care SECIN examines chronic disease management, 

continuity of care, and health service utilization costs. 

Performance metrics assess system quality, but the open-loop 

nature of traditional SECIN also renders them suitable for 

risk-aware monitoring. Anomaly detection and risk scoring, 

primary contributions of a recent publication, are now 

extended to continuously deployed SECIN. Indices draw on 

machine learning methods previously validated in clinical 

studies or, when these are lacking, other regulated sectors. 

Assessment thresholds are calibrated to avoid both false 

alarms and missed opportunities for intervention. The 

combination of these innovations into a coherent framework 

seeks to render SECIN —hitherto academic proposals—fit for 

serious use by the clinical community. 

 

2. Theoretical foundations of clinical 

interaction networks 

Clinical workflows can be represented as networks capturing 

the main components of care delivery—patients, healthcare 

providers, clinical services, related resources, and time 

ordering—collaboratively interacting with each other and the 

health information systems supporting them. Patient 

treatment records, sensor logs, and audit trails from the 

supporting systems continuously generate the data needed to 

instantiate care delivery networks as temporal graphs, 

allowing real-time monitoring and analysis of effectiveness, 
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efficiency, safety, and patient experience. User-defined 

thresholds on these metrics enable timely detection of 

problematic situations and the exploration of possible 

solutions, such as risk scoring or danger warning. These self-

evolving clinical interaction networks are thus suitable for 

real-time care process optimization, with the potential to 

improve the patient experience when combined with risk-

aware analytics. 

Self-evolving clinical interaction networks have recently been 

reported and evaluated in a hospital ward context, where the 

feature-rich nature of the data enabled a wealth of relevant 

quality and safety metrics. Here, the focus is on their 

deployment in other clinical environments. interaction 

networks for risk-aware analytics that predicts floods and 

informs new developments in flow-forecasting models. Such 

analytics require the integration of external data sources with 

an attention on produce forecasting across space and time. 

Clinical treatment outcomes can also be positively impacted 

by the timely and seamless detection of potential issues for 

patients and healthcare staff, together with decision support 

and forthcoming intervention guidance. Day-to-day clinical 

operations, when modelled as a service network, allow 

scanning alternative routes to explore the bene- ficial effects 

on response time and patient outcome. 

Table 2. Data Sources Used in SECIN Architecture 

Data Source Type of Data Purpose 

Electronic Health 

Records (EHR) 

Clinical notes, lab 

results, 

prescriptions 

Patient monitoring 

and workflow 

reconstruction 

Medical Sensors 

Vital signs, 

physiological 

streams 

Continuous patient 

monitoring 

Clinical 

Logbooks 

Staff actions and 

workflow events 

Process mining and 

care analysis 

Data Source Type of Data Purpose 

Administrative 

Systems 

Scheduling, 

admissions, 

discharge data 

Resource 

optimization 

External Data 

Streams 

Disaster alerts, 

environmental 

factors 

Context-aware risk 

prediction 

Historical 

Databases 

Archived patient 

records 

Model training and 

validation 

2.1. Network representation of clinical workflows 

A clinical workflow can be grasped as the series of steps and 

procedures followed by caregivers in managing patients’ 

health conditions. A network-based representation allows 

explicitly modelling all the actors involved, including patients 

and the actions they take, as well as their states, needs, and 

requirements. For each patient, the actors are represented as 

workflow nodes, and the communications required for the 

patient’s safety and well-being are represented as directed 

edges, that is, arcs connecting pairs of nodes. The edges are 

labelled according to the nature of the duties being performed 

(that is, examinations, prescriptions, therapeutic procedures) 

and are either activated by the respective reasoners or 

triggered by other nodes on the network. The resulting 

multipartite network is either static or dynamic, depending on 

the length of the examination. 

Three main categories of elements are represented: (1) 

caregiver-patients pairs, (2) clinical sub-processes, and (3) 

clinical complications within the examination of a patient. 

Caregiver-patient pairs represent patients within the 

examination period and all caregiver roles performing actions 

for the patient. Each node represents a role of nursing staff (or 

nursing teams) acting for the patient during the examination. 

Edges may also represent the state of a patient and a nurse’s 

need of drug or laboratory examination results when attending 

the patient. Secondary and parallel complications of a patient 
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during a clinical process are also integrated in the network to 

avoid unnecessary major disruption of the workflow. 

The representational framework readily integrates 

heterogeneous clinical data, capturing both continuous time-

series streams (such as blood pressure) and discrete events 

(such as lab-test results) in a temporal graph format. An EHR 

acts as a hub for data fusion. Continuously streaming sensor 

data support process anomaly detection, risk scoring, and 

other real-time analytics, while historical data are used for 

longer temporal horizons. Risk models are formulated as 

landmarks that augment the patient-care continuum with risk-

aware decision support for clinicians, enabling timely 

adjustments of the standard care path in response to rapidly 

evolving clinical situations. 

 

             Fig 2: Simulation and Improvement of Patients' 

Workflow 

2.2. Real-time data streams in healthcare environments 

Real-time data streams arrive from a variety of sources. The 

most prominent, and in many settings the most data-rich, 

source is the electronic health record (EHR). The EHR stores 

temporally organized clinical notes produced during 

interactions with patients. It also functions as an information 

gateway, providing clinicians access to test results, images, 

and reports stored elsewhere. In addition, patients are 

sometimes tracked remotely with sensors that provide 

information streams on their status. Complete clinical 

workflows can be reconstructed using process-mining 

techniques on event logs that record the progress of patients 

through the clinical environment. 

Data velocity presents a major quality- and analytical-

integration challenge: a steady stream of clinical data is 

generated while a workflow is ongoing, making quality-

control and preprocessing decisions difficult. Node features 

from risk models that reflect patient characteristics (age, lab 

test results, etc.) and temporal trends (e.g., declining kidney 

functions) can be computed in a straightforward manner. 

However, other aspects are much more intricate, sometimes 

requiring model output design and validation. The importance 

of external factors that do not appear in standard EHR data is 

exemplified by the severely reduced quality of clinical-

decision support for patients presenting in the aftermath of a 

disaster. In these cases, networks model real-time risk-

perception and decision-support responses as uncertainty-

neutral. For learning purposes, labels for care-quality 

indicators are derived from the association of demographic 

characteristics of patients and temporal periods with the 

performance indicators of interest. 

Equation 2: Anomaly Detection Threshold Equation 

The paper emphasizes threshold-based anomaly detection for 

identifying unsafe clinical patterns. A statistical anomaly 

rule is: 

𝐴(𝑡) = {
1, if ∣ 𝑥(𝑡) − 𝜇 ∣> 𝑘𝜎
0, otherwise

 

 

Where: 

 𝐴(𝑡)= anomaly indicator  

 𝑥(𝑡)= observed clinical metric  

 𝜇= mean expected value  

 𝜎= standard deviation  
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 𝑘= sensitivity constant  

2.3. Risk awareness and decision support 

Risk and decision support in health systems relies on the 

capability of workflows to quantify risks for the patients 

under treatment and evaluate the associated costs–benefits of 

applying different treatment options. Arguably, risk-aware 

decision support is highly desirable in any health setting, yet 

difficult to realize in practice because it typically requires 

specialized models tailored for the different health conditions 

encountered during the care processes delivered by the 

institution. Risk assessment and decision support should thus 

be an integral part of clinical interaction networks, with risk 

models incorporated dynamically into the networks and 

updated following changes in health conditions, treatment 

protocols, or clinical staff. 

Similarly to the quality of care assessment, risk modeling is 

not an explicit component of care process optimization. Risk-

aware decision support should therefore focus on patient-level 

optimization, taking the cost–benefit analysis a step further by 

assessing the hazard of not being seen in time. Risk-calibrated 

machine-learning models thus combine risk and timing into a 

single score that summarizes how well an incoming patient is 

doing relative to the crowd and can be used to trigger clinician 

intervention even when time conditions are satisfied. Behind 

the scenes, these models allow the construction of such risk-

aware decision support tools by identifying the patient factors 

that drive treatment decisions and quantifying the impact of 

the interaction and timing rules on risk. 

3. Architecture of self-evolving networks 

for care optimization 

The architecture of self-evolving networks supporting real-

time care optimization relies on three elements: data 

governance and interoperability, learning mechanisms that 

enable adaptability, and feedback loops that facilitate clinical 

validation. A cohort of self-evolving networks supports the 

quality, safety, and efficiency of an intensive care ward, and 

a dedicated control loop monitors emerging risks. 

Supporting the data governance layer is a data ecosystem 

made up of the data available in the organization and 

complementary data sources, as well as data streams from 

patients and continuously learning knowledge representations 

built upon these sources and streams. Interoperability is 

achieved through established standards, common formats and 

vocabularies, privacy controls and access policies, and audit 

mechanisms that ensure action traceability and data 

provenance. 

Data streaming velocity, timing windows, noise, burstiness, 

and importance for healthcare decisions are critical factors 

influencing the end-to-end pipeline architecture. Online 
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learning addresses model drift by detecting concept drifts and 

replacing affected models via continual learning. The models 

serving workflow-processing decision points are regularly 

validated by clinicians to ascertain their relevance and 

usefulness. Integrating these validations into clinical 

governance ensures controlled and transparent updates. 

Table 3. SECIN Functional Capabilities 

Capability Description Clinical Benefit 

Real-Time 

Monitoring 

Continuous observation 

of workflows and 

patients 

Faster response to 

deterioration 

Anomaly 

Detection 

Identification of 

abnormal care patterns 

Prevention of 

adverse events 

Risk Scoring 
Predictive estimation 

of patient risk 

Better triage and 

prioritization 

Workflow 

Optimization 

Analysis of bottlenecks 

and delays 

Improved 

efficiency 

Continual 

Learning 

Dynamic model 

updates using new data 

Sustained 

accuracy 

Explainable 

Analytics 

Transparent reasoning 

behind predictions 

Increased 

clinician trust 

3.1. Data governance and interoperability 

The design and operation of self-evolving clinical interaction 

networks depend on a data-governance framework that 

ensures standards-compliant data sharing while respecting the 

privacy concerns of patients and healthcare professionals. 

Such a framework covers four aspects: the specification of 

standards for data formats and protocols, the controls 

necessary for reliable privacy protection, the definition of 

access policies specifying the intended uses of the data, and 

the implementation of mechanisms capable of tracking the 

provenance of each insight generated by the network. By 

specifying the conditions under which these insights may be 

released, the loop that feeds them back into the networks can 

be construed as a collaborative learning mechanism. 

The large diversity of data types used implies that the network 

must be built on a service-oriented architecture that comprises 

various modules, each dedicated to producing one or several 

data types. Specificities of these modules include not only the 

required data formats but also the vocabularies or ontologies 

they conform to, the processing of the data and knowledge 

they generate, and their readiness to accept incoming data in 

real-time. Module specifications are associated with privacy 

enablers or supervisory systems that guarantee that the 

intended privacy guarantees can be delivered. In turn, these 

enablers deploy privacy controls (e.g., de-identification, 

anonymization, access control, disclosive policies) and audit 

functions that check new data coming to be integrated into the 

module against the guarantees that can be achieved. 

 

            Fig 3: Self-Evolving Networks (SEN) 

3.2. Learning mechanisms and adaptability 

Self-evolving clinical interaction networks are designed to 

operate in dynamic environments characterized by open-

ended data and requirements. They therefore need learning 

mechanisms capable of continually integrating new 

information, whether from standard real-time data streams or 

from recorded events that can be retrospectively analyzed. 

Such learning can also be considered in relation to factors that 

create discontinuities in clinical workflows or care quality. 

Equation 3: Care Efficiency Metric 
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The paper defines healthcare efficiency in terms of resource 

usage and waiting time. A queue-efficiency equation is: 

𝐸 =
𝜆

𝜇
 

 

Where: 

 𝐸= system utilization efficiency  

 𝜆= patient arrival rate  

 𝜇= service rate  

3.3. Feedback loops and clinical validation 

The emergence of self-evolving clinical interaction networks 

enables the development of pragmatic frameworks for real-

time care quality and risk-aware safety monitoring, analytics, 

and optimization. Evidence from an operational network in a 

hospital ward setting demonstrates the feasibility of real-time 

data governance, UNIX-like commands for defining, 

configuring, managing, and monitoring networks, and 

automatic generation of the feedback loops needed for 

continual learning. Efforts toward deploying such networks in 

diverse healthcare environments and use contexts can 

facilitate setting up the feedback loops required for validation-

of-effectiveness, safety, and generalization in the clinical 

domain and enhance the networks’ alignment with clinician 

experience and the evolving clinical reality. 

Real-world clinical environments are populated by expert 

human clinicians and health workers who continually adapt 

and respond to subtle and complex disturbances and 

challenges in a probabilistic manner. In turn, real-world 

clinical networks can be viewed as a collection of persistent 

workflows that profoundly and visibly impact the lives of a 

broad range of people, including patients, clinicians, family 

and friends, and the entire health system. Self-evolving 

clinical interaction networks enable the creation of pragmatic 

frameworks for real-time monitoring and optimization of care 

quality and safety and considerable spatiotemporal-scale 

diversity across the healthcare domain. 

 

4. Methods for real-time analytics and 

monitoring 

Performance metrics develop care quality and safety, 

particularly effectiveness, efficiency, and safety. They should 

directly reflect patient experience, ideally encouraging 

feedback through channels acceptable in the respective 

cultural contexts. Continuous monitoring triggers anomaly 

detection for preventive interventions when feasible. Risk 

scores relate to adverse outcomes, such as deaths or 

unanticipated transfers, enabling risk-aware decisions 

regarding care quality. Model calibrations control score 

distributions, and thresholds are identified through available 

outcomes. High-risk patients require particular attention, and 

low-risk patients require more resources, especially for 

chronic diseases. Transparency enables prudent resource 

allocation, avoids clinical drift, or signals potential issues that 

risk exposure analysis might not capture. End-to-end latency 

targets are derived from clinical needs, with persistent 

feedback determining the acceptable degradation of 

timeliness in the face of latency constraints. Patient 

experience data influence risk models, anomaly-detection 

algorithms, and clinical decision support. 

Risk-awareness has three major aims. First, it detects patients 

at higher risk for adverse outcomes, triggering targeted 

attention or preventive actions. Second, it assesses patients’ 
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clinical or treatment progress relative to expectations given 

their risk. Third, it informs risk-aware decisions involving 

trade-offs between quality indicators, such as patient safety, 

timeliness, continuity of care, and the achievement of clinical 

targets, and other patient outcomes that indirectly depend on 

resource allocation, such as overall clinical or functional 

status and patient experience. 

Table 4. Metrics for Care Quality and Safety 

Metric 

Category 
Definition 

Example 

Indicators 

Effectiveness 

Degree to which 

expected clinical 

outcomes are achieved 

Recovery rate, 

readmission rate 

Efficiency 
Optimal use of 

healthcare resources 

Waiting time, 

bed occupancy 

Safety 
Reduction of adverse 

clinical events 

Medication 

errors, ICU 

transfer 

Timeliness 
Speed of clinical 

response and analytics 

Alert latency, 

intervention 

delay 

Continuity of 

Care 

Consistency of long-term 

patient management 

Follow-up 

adherence 

Patient 

Experience 

Satisfaction and 

perceived care quality 
Feedback scores 

4.1. Metrics for care quality and safety 

Quality and safety of clinical care can be assessed along 

multiple dimensions such as effectiveness, efficiency, safety, 

and patient satisfaction and experience. Existing methods for 

quantifying these dimensions can be adapted and formalized 

into real-time analytics, supporting the monitoring of the 

quality of care delivery, and the design of decision-support 

tools. 

Effectiveness of clinical care can be quantified as the degree 

of achievement of expected outcomes. Many clinical 

decision-support tools, including acute-deterioration warning 

systems, are designed to enhance clinical effectiveness by 

alerting clinicians of an increased probability of an adverse 

event. A warning with a low positive predictive value is 

nevertheless useful if timely, as it allows preventive measures 

to be put in place. By analogy, a low negative predictive value 

is acceptable if the alerts have a critical time window. The 

adequacy of any such warning system depends on the 

particular medical condition and clinical context. 

Consequently, clinical workflows incorporating such systems 

need to be deployed and validated by clinicians. 

Equation 4: Latency Constraint Equation for Real-Time 

Analytics 

The architecture requires strict latency constraints for 

streaming analytics: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑖𝑛𝑔𝑒𝑠𝑡 + 𝐿𝑝𝑟𝑜𝑐𝑒𝑠𝑠 + 𝐿𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 

 

Where: 

 𝐿𝑡𝑜𝑡𝑎𝑙= total end-to-end latency  

 𝐿𝑖𝑛𝑔𝑒𝑠𝑡= data acquisition latency  

 𝐿𝑝𝑟𝑜𝑐𝑒𝑠𝑠= analytics computation latency  

 𝐿𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛= clinician alert/response latency  

4.2. Anomaly detection and risk scoring 

The analytics framework supports detection of anomalous 

care delivery patterns and scores patients’ risk profiles with 

respect to specified clinical endpoints. Multiple algorithms 

have been employed to identify potential anomalies, including 

threshold-based methods, control charts, time series 

abnormality detection techniques, and clustering and 

classification approaches. Patient-centered metrics are 

expressed as a composite of multiple indicators, involving 

data fusion, normalization, and aggregation across clustered 
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patients. The performance of these scores for risk 

stratification is evaluated through a risk-score–outcome 

association test. 

Timeliness is critical for models supporting care monitoring 

and anomalous pattern detection. An end-to-end latency target 

dictating the frequency of the main analytics operations has 

been set at 10 minutes for hospital wards. Such short latencies 

usually necessitate streaming architectures and the use of 

dedicated online algorithms tailored to each task. When these 

additive constraints are examined for various tasks, it is 

further discovered that the absence of a streaming approach in 

a single task can substantially degrade the end-to-end latency. 

 

             Fig 4: Anomaly-based threat detection in smart 

health 

4.3. Timeliness and latency considerations 

In many healthcare settings, real-time analytics can provide 

significant clinical value. However, the information provided 

must be timely. While data streaming technologies have 

matured to support end-to-end latency on the order of 

seconds, many analytics methods have been designed for 

offline use only—these may still be practical if the latency can 

be tolerated or if the results can be cached for later use. 

Therefore, latency targets can be classified as follows. 

End-to-end latency targets specify performance goals for the 

system as a whole—from raw data generation to consumption 

of the analytics results. Where a patient receives care through 

multiple stages, such as in an emergency department context, 

the subprocesses must be executed in order but need not be 

finished nearly at the same time. Latency targets for each of 

the subprocesses may therefore be less stringent than would 

be the case for a parallel process. The targets for individual 

subprocesses, however, must still be considered, since delays 

in any one of them can lead to degradation of the overall 

system. 

Real-time analytics check temporal conditions within sliding 

time windows, either counting occurrences of events or 

estimating statistics. Other algorithms for time-to-event 

inference, risk scoring, and anomaly detection may employ a 

warming-up phase; once the system has entered a steady state, 

the condition checks can be performed with the desired 

frequency. 

In other contexts such as hospital wards, clinical groupings 

may change more slowly. Moreover, patients receive care 

continuously rather than in successive stages. Timeliness is 

nevertheless important—while care workers may decide not 

to check their phones, they expect alerts to have been received 

and acted upon when they next consult the system. For such 

situations, streaming architectures provide a promising 

solution. 
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5. Case studies and empirical evaluations 

A hospital ward in an educational hospital served as the 

setting for preparing self-evolving care-optimization 

networks, followed by deployment experiments. Data from 

Electronic Health Records (EHR) and other administrative 

sources were used for network learning, covering 23393 

hospitalizations from July 2011 to June 2017. A self-evolving 

network enabled real-time evaluation support for care safety, 

effectiveness, and efficiency, with negative feedback 

refreshing the underlying network. During a one-month 

deployment, caregiver interaction data provided feedback on 

the derived care-quality-monitoring streams, and the system 

was iterated to improve usefulness. 

A previously developed clinical-interaction network for the 

Accreditation Canada accreditation activities of an 

Emergency Department was capable of evolving through 

feedback from clinical supervision. The use of queueing 

theory analysis validated its support on waiting times. A self-

evolving triage-model network highlighted the effect that 

changing the distribution of different triage categories had on 

the ED throughput and 24-h readmissions. Moreover, 

negative feedback by caregiver interaction allowed the 

adaptation of the model for representing triage monitoring and 

reducing the burden of monitoring. 

A chronic-disease-management clinical-interaction network 

for a Family-Health-Team (FHT) nurse practitioner was 

created and self-evolved using data from 2014 to 2019. The 

indicator of continuity of care for adult-care-users increased 

with the number of previous years and lower cost for the FHT. 

For pediatric patients, continuity of care was negatively 

associated with the risk of hospitalization and emergency 

department visit, whereas the maintenance of prescribed 

medication for asthma patients, were found to be positively 

correlated with the risk of hospitalization. The obtained 

results suggest that assigning a family physician to every 

community should be the ultimate goal to optimize these 

services. 

Table 5. Risk-Aware Analytics Methods 

Method Technique Used Application 

Threshold-Based 

Detection 

Rule-based 

monitoring 

Critical vital sign 

alerts 

Control Charts 
Statistical 

monitoring 

Workflow 

stability tracking 

Time-Series 

Analysis 

Sequential pattern 

recognition 
Trend prediction 

Clustering 

Algorithms 

Grouping similar 

patient behaviors 

Population 

stratification 

Classification 

Models 

Predictive machine 

learning 
Risk scoring 

Explainable AI 
Feature attribution 

methods 

Transparent 

decision support 

5.1. Hospital ward deployment 

The first real-world application was deployed in a hospital 

ward, leveraging a heterogeneous data stream from the 

electronic health record (EHR), combined with clinical and 

nursing logs, sensors, and the contextual signalling of daily 

work routine elements. Algorithm calibration and tuning 
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based on clinical expertise remained mandatory for all 

involved processes, although their presence during operations 

was a matter of submission to the processes’ alert signals or 

their low-volume monitoring. 

Despite being mainly a validating pilot test of the connection 

between data flow structure and quality monitoring 

indication, results showed areas where early warning of 

deterioration (within the rediagnosis time frame of a few 

hours) could produce better-than-usual outcomes in terms of 

readmissibility, pressure sore incidents, psychosis-related 

outcomes, prolonged stay duration, and dead 

multilocalization. A queuing network connected to the ward 

and representing its only admission point showed timeliness, 

triage-dependence on patient choice, and monitoring of both 

throughput and typical-service-duration outcomes, providing 

indications on when the number of patients waiting was 

producing a negative effect on care quality. 

Equation 5: Continual Learning / Model Drift Update 

Equation 

Self-evolving networks continuously adapt using online 

learning: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝐽(𝜃𝑡) 
 

Where: 

 𝜃𝑡= model parameters at time 𝑡 

 𝜂= learning rate  

 ∇𝐽(𝜃𝑡)= gradient of loss function 

5.2. Emergency department workflow optimization 

The case study illustrates optimization of emergency 

department workflows through modeling and real-time 

monitoring of a clinical process. High admission rates and 

care delays in the clinical center from the study would benefit 

from system performance improvement, yet timeliness and 

risk-awareness indicators have not been previously 

considered together. A queueing model evaluated the impact 

of triage configuration on waiting times. Comparative 

evaluation also focused on patient safety and quality of care: 

a high ratio of abandoned treatment in the emergency 

department highlighted the need for mitigating—rather than 

just monitoring—this phenomenon. Insights led the unit 

manager to reconfigure the service, temporarily shifting an 

available physician from specialized care to ensure immediate 

first contact. The adaptation, supported by observational data, 

was reflected in EHRs, and the corresponding feedback 

indicated improved patient experience. Continuous 

monitoring subsequently confirmed the decrease in waiting 

times. These analyses validate computational support for 

decision making in emergency departments and their 

incorporation into the clinical workflow. 

Operational decisions in emergency departments rely on the 

timely interpretation of complex patterns in multiple 

information sources, such as waiting queues, staffing ratios, 

abandoned treatment rates, acuity levels, workload, and 

clinical outcomes. The literature proposes static analysis 

approaches—e.g., capacity allocation and service scheduling 

models—but does not examine the real-time monitoring of 

such indicators nor the integration of prediction and 

optimization tools. 

 

                Fig 5: Emergency Department Simulator  
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5.3. Chronic disease management in primary care 

In the third case study, the Self-Evolving Clinical Interaction 

Networks are deployed within a Primary Healthcare setting, 

where it provides indicators of patient treatment continuity 

and disease closeness, detecting high-risk patients. The 

healthcare flow is characterized by permanent electronic 

records centralized in the primary disease health service 

agencies in a national public health system. These diseases 

require permanent monitoring, and the analysis considers 

mainly the integration of the same clinical teams performing 

the consultations, examinations, interventions and 

maintaining the electronic records. The seeking of continuity 

in their use is more considered as an indicator of opportunity 

in the use of the system. It is in serious consideration the 

analysis of the closeness of the patients, in the searching of 

the control of the disease and indication to return to the 

clinician. However, in the final analysis, it considers also the 

decrease of the cost of the health assistance, evidencing the 

increase of the consultations of the patients in the year after 

using the indication system. 

In chronic diseases such as diabetes mellitus, systematic 

annual checkups with appropriate examinations serve as 

important indicators of disease management. Regular 

monitoring and assisting patients with pressure ulcers also 

reduce costs. The analysis indicates the ability to identify 

patients at risk of reduced continuity of healthcare. Based on 

two consecutive years of data, the calibration of suggestions 

for the decrease in expected costs shows agreement between 

the model and reality: the direction of the financial impact is 

verified. All of these demonstrate the multivariate outcome of 

the self-evolving networks: the aid in risk using the healthcare 

service is improved, and at the same time, it gives unified and 

relevant evidence of the continuity of use of the service. 

 

6. Ethical, legal, and social implications 

Privacy concerns, data stewardship and security of surfaces 

remain paramount. The utility of data for optimising service 

delivery needs to be balanced with privacy considerations. 

During an ethics workshop, recommendations were made for 

privacy, consent and data stewardship. A layered model of 

consent for sharing patient data with a Care Optimisation 

System — based on broad consent, service-related transaction 

flow consent and ad-hoc consent for secondary studies — was 

proposed. Provided privacy and identity-protection measures 

are strictly observed, the benefits of continued analyses and 

broad utility of historical patient data far outweigh the risks 

and costs of such analyses. 

Since the models inferred from the historical data undergo 

continuous validation and small-scale testing, there is 

sufficient transparency provided to the users of the models to 

ensure that model support does not lead towards a black-box 

effect. Traceability of all decisions is also considered critical 

for preventing black-box effects. Transparency is further 

enhanced by empowering clinicians to add relevant 

information at the time of model use. The integration of these 

elements with access logs is of paramount importance for 

building trust in such models, and is along expected lines. 

Appropriate explainability measures beyond these actions 

remain important aspects in such decision-aiding solutions. 
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Evaluation of data questioned the risk of discrimination with 

respect to race and sex, revealing no negative correlations. 

Nevertheless, sensitivity analysis remains of utmost 

importance since even small biases can induce discrimination. 

Incorporating bias detection fairness filters in the model-

building pipeline also assists in preventing introduction of 

such bias. Additional monitoring during the testing phase, and 

the flexibility of involving Minority and Women-owned 

Business Enterprises in determining model-exposure levels, 

further reduce bias and discrimination risks. The cognitive 

challenges involved in the interpretation of algorithms were 

also duly considered, and solutions along these areas 

explored. 

Table 6. Architecture Layers of SECIN 

Architecture 

Layer 

Main 

Responsibilities 
Technologies/Methods 

Data 

Governance 

Layer 

Privacy, 

interoperability, 

provenance 

Access control, 

anonymization 

Integration 

Layer 

Data ingestion and 

fusion 

APIs, HL7/FHIR 

standards 

Analytics 

Layer 

Risk scoring and 

anomaly detection 

ML models, streaming 

analytics 

Learning 

Layer 

Continual learning 

and adaptation 

Drift detection, online 

learning 

Validation 

Layer 

Clinical feedback 

and governance 

Human-in-the-loop 

systems 

Visualization 

Layer 

Dashboards and 

alerts 

Real-time monitoring 

interfaces 

6.1. Privacy, consent, and data stewardship 

Privacy and data stewardship are paramount when designing 

decision support systems in healthcare environments, 

particularly those using personal data and offering automated 

decisions. Addressing ethical, legal, and social implications 

must be an integral part of the design, and not an ad-hoc 

consideration after technology demonstration. Key aspects of 

privacy, de-identification, consent and usage policies, access 

control, and auditability are outlined below. 

The data steward of a deployed self-evolving clinical 

interaction network governs privacy and data usage. If the 

produced analytic modules have no legal or operational 

authority, decision-making may remain with clinicians, but 

stewards still need to inform patients of the purposes and 

scope of the data usage and decide on consent models. When 

personal data is used to train or refine a module with decision-

making authority, protective measures should ensure that 

patient exposure during model application is minimized, by 

detecting sensitive patient groups and applying risk-averse 

strategies. De-identification is crucial, as the high re-

identification risk of relational data may endanger not only the 

patients involved, but also their relatives and acquaintances. 

Therefore, patient data enters the system through a clearly 

defined pipeline and with the approval of the data steward. 

The data provenance trace allows auditing to verify that data 

has been used only for legitimate and authorized purposes. 

Depending on the authorizations granted by the steward, 

different data ensemble policies can be designed. A standard 

policy requires that patient data can only be used for their own 

care and for staff training. More permissive policies are also 

possible, with appropriate matching of patience exposure and 

risk. 

 

            Fig 6: Privacy, consent, and data stewardship 
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6.2. Transparency and explainability 

Automated decision-support systems are often considered 

“black boxes,” and some citizens may reasonably question the 

ethics of employing these systems for important societal 

functions such as driving, hiring, and criminal sentencing. 

Explanations of how a model makes predictions may increase 

its perceived fairness, and the risk of unanticipated or harmful 

consequences can be reduced if users understand how 

recommendations were derived. The selection of advisable 

actions may also be better informed when human decision-

makers understand the underlying computational process, and 

this can increase their confidence in the decisions. 

Consequently, explainability emerges as a key ELSI theme. 

Technical strategies include the automatic generation of 

model narratives that summarize system operation; recording 

model inputs, predictions, and advice; retention of decision 

traces that explain source element relevance; and 

visualizations that highlight the effect of different data 

elements on predictions. Exposure to the decision points and 

predictive feature relevance of a model may build 

understanding and trust among recipients. Biased training 

data can lead to biased models, and information about the 

populations represented during training can help alleviate 

these concerns. Transparency and explainability can therefore 

be enhanced through an inclusive design process that ensures 

representation of different groups during development and 

deployment. Approaches for detecting these issues in risk 

models are being investigated, and opportunities can be seized 

to bring any undesirable properties of models to the attention 

of domain experts and request corrective action. These 

principles can be implemented in a range of domains, 

implementing equity and bias mitigation measures as needed. 

6.3. Equity and bias mitigation 

Concern for equity in AI presents a range of challenges at 

different stages of a model’s life cycle. Initial data collection 

must ensure that individuals belonging to different social 

groups have a chance of being exposed to the phenomenon 

under study; for example, people belonging to a non-majority 

ethnic/cultural group must nevertheless suffer the 

disease/condition in significant numbers if their medical 

needs are to be addressed by a risk model. Once a model is 

developed, tools are becoming available for measuring bias 

across different social groups, thereby allowing developers to 

safeguard against perpetuating systemic disadvantages. In a 

further step, bias can be actively mitigated through 

appropriate preprocessing of the training data, in-processing 

adjustments during model building, and postprocessing 

realignment of outputs. All these approaches are 

complementary and can be applied when necessary, as the 

specific means of addressing bias can differ across problems 

and social contexts. 

A specific aspect of equity in risk-aware monitoring systems 

concerns sensitivity to external risk factors not recorded in the 

data. For example, being a member of a specific ethnic or 

cultural group can increase the risk score for a condition, 

independently of how accurately the overall risk model is 

trained. In addition, model predictions should be expressed in 

terms of diagnosis or treatment considerations that, if not 

addressed, could lead to worse treatment or outcomes for 
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minority patients. Evaluation of Real-World Health 

Technologies In recent years, and especially since the 

COVID-19 pandemic, the demand for natural language 

processing (NLP) models, such as ChatGPT, capable of 

assisting patients and medical specialists across thousands of 

requests in multiple languages has grown tremendously. With 

its launch, OpenAI simultaneously published two papers 

showing that the AI—trained on vast corpora of web data, 

books, and human interactions— demonstrated impressive 

zero-shot performance on several NLP benchmarks, including 

the Stanford Question Answering Dataset. Subsequent 

releases of the model have also sought to enhance capabilities 

for visualizing, analyzing, and converting multimodal query 

responses.  
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Self-Evolving Feedback Layer 

7. Challenges, limitations, and future 

directions 

Scalability and integration with existing systems present 

difficult challenges for data-centric approaches. The 

successful deployment of practical analytics usually requires 

end-to-end data governance, yet the absence of standard 

formats and vocabularies for exchange, access, and synthesis 

of patient journey data remains a key obstacle. Migration 

paths that incrementally integrate evolved monitoring and 

analytics on top of existing legacy systems would lower 

barrier to entry. Highly modular system designs facilitate 

phased implementations. Open-source efforts such as the 

Knowledge Graph Toolkit and their role in fostering seamless 

integration should be further pursued and built upon. 

The robustness of data-centric adaptive systems to natural 

variations remains to be seen. Data streams in clinical settings 

possess a unique temporal characteristic: they are 

simultaneously non-stationary, with many changing 

distributional or relationship-oriented properties, and highly 

variable in data quality (e.g., missingness, noise, class 

imbalance, class rarity). Mitigating these natural properties—

and in particular the drop in data quality during a large event 

such as an epidemic—remains central to many system 

designs. In particular, a proper longitudinal monitoring 

mechanism should examine both treatment and patient 

outcomes over time to assess whether the developed analytics 

or monitoring add genuine clinical value. 

7.1. Scalability and integration with existing systems 

Commercial solutions for specific tasks, such as anomaly 

detection and risk scoring, are already widely available. 

Future developments will therefore focus on building large-

scale, modular networks for real-time monitoring and 

decision support that integrate these individual components. 

A major challenge is the availability of timely and high-

quality data. Despite current efforts to leverage EHR data for 

automated clinical process monitoring and configuration 

using private hospital data, the labor-intensive nature of such 

techniques has restricted their use to a limited number of 

clinical processes that are monitored without major 

configuration. Deployment for public services in the context 

of a regional health system will likely face even greater 

hurdles in this regard. However, establishing an efficient and 

effective configuration of the approach for a given process is 

a necessary step before any operational deployment. 

Integration with existing systems in order to use them as data 

suppliers is thus a priority. Beyond the obvious gain in 

timeliness and potentially quality of the data, this would ease 

the burden of adoption for prospective users. Support for real-

time analytics in areas such as monitoring or decision support 

could then be provided to such interconnected systems, 

potentially with added feedback loops that take the data 

configuration of the system into account. The developed 

architectural design, built upon formal independent 

components, aims to enable such an integration while 

providing a migration path toward a full networking solution. 
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Real-Time Care Optimization Layer 

7.2. Robustness to data quality variability 

Data quality in real-time healthcare systems varies due to 

factors such as incompleteness, noise, and sample imbalance. 

Missing data arise when patients do not undergo certain 

measurements, sensor failures occur, or actions are not 

logged/recorded. Stream data may be labeled as incomplete 

or erroneous or contain incorrect values, resulting in noisy 

training samples. Time-dependent models may receive 

imbalanced samples at different times, for example, limited 

numbers of patients in a certain risk range. Moreover, the 

proportions of individuals in different risk groups may vary 

significantly over time. Learning systems must therefore be 

robust to these factors. 

Model-agnostic resilience to sample imbalance can be 

achieved by two methods: over-sampling from under-

represented categories and under-sampling from over-

represented ones. Sensitivity to missing data can be reduced 

using methods such as mean/mode imputation and 

interpolation or employing robust algorithms such as tree-

based methods for prediction tasks. A simple disaster 

recovery technique can be used even when the underlying 

anomaly detection mechanism is not robust to missing data: 

risk scores should ideally be re-evaluated when late or 

incomplete data appear. However, it may be difficult to 

recover valuable information on the importance of certain 

factors. Deep learning-based approaches may further improve 

robustness to imbalanced or noisy data samples. 

7.3. Longitudinal impact assessment 

Despite growing interest in examining these risks, little work 

has rigorously assessed the application of the general NLP 

model to specific patient-centered health-domain queries. 

Primarily descriptive analyses have raised concerns such as 

unreliable or incorrect answers, presentation of harmful 

clinical advice, generation of biased or prejudiced responses, 

and nonsensical visual outputs. The findings underline the 

need for further longitudinal evaluation of the model's 
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performance over time, addressing a range of medical queries, 

hypotheses, and applied objectives guided by recognized 

ethical principles for health technologies. These principles 

assert that for a technology to be considered responsible and 

thus trustworthy, it must be efficacious and supportive of the 

patient's best interests; patient-centered health outcomes must 

be continually monitored; and support for minimizing 

inequities must be both explicit and active. 

8. Conclusion 

Numerous innovations and discoveries in information and 

communication technologies and artificial intelligence have 

improved healthcare delivery. Nevertheless, increasing 

demand, rising costs, and chronic workforce shortages present 

unprecedented challenges. One promising response is to 

leverage the vast amount of real-time data generated in 

clinical environments to optimize care processes and facilitate 

evidence-based decision making. Research concentrates 

primarily on improving performance in specific areas such as 

quality, efficiency, and safety. Self-evolving clinical 

interaction networks seeking to monitor all aspects of care in 

real time are an attempt to systematically address such 

demands across diverse attributes and care categories. 

Following an objective, scholarly synthesis, the work 

identifies several critical components that must be addressed 

for networks to be effective in real-world settings: careful 

governance of data generation, storage, and sharing; 

continuous learning of network representation; incorporation 

of feedback mechanisms to facilitate clinical validation and 

acceptance; definitions of data streams, quality indicators, and 

performance metrics to meet real-time requirements; and 

validation through deployment in diverse clinical situations. 

Addressing these aspects represents a step toward the 

development of self-evolving clinical interaction networks 

that optimize care processes, improve patient outcomes, and 

enhance the performance of clinical support systems such as 

risk assessment models and decision-support tools. 
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