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Abstract

Objective: Self-Evolving Clinical Interaction Networks (SE-CIN) for optimization and risk-aware analysis. Gaps: Prevention
seldom prioritized in real-time care. A dynamic architecture is needed. Hypothesis: SD-CIN self-evolve during learning.
Contribution: General principles of self-evolution and SD-CIN Open-source implementation based on real data. Prior Work:
Interaction networks support care pathway optimization but change too seldom for episodic care.

Human behaviour is mainly driven by past experiences and affects future decisions. Dynamic Bayesian networks are a statistical
tool to incorporate dynamic time-dependence in graphical models and can thus also reflect the aforementioned learning mechanism
Natale et al. (2014). Timeliness, uncertainty, and a-priori reliability are taken into account in identification, together with the
dependence on recent data labels (diseases or outcomes of treated patients) to adapt the SD-CIN in the shortest possible time. When
properly tuned, DM-VaLIDE-MI permits separating the noise and focusing on the dynamically changing part of the problem.
Timeliness improves reliability in care pathway optimization by reducing noise.

Keywords: Adaptive Clinical Interaction Networks,Real-Time Healthcare Optimization,Self-Evolving Health Analytics,Risk-
Aware Clinical Intelligence,Dynamic Patient Care Systems,Al-Driven Clinical Decision Support,Predictive Healthcare Risk
Modeling, Intelligent Care Coordination Networks,Continuous Clinical Learning Systems,Smart Real-Time Medical Analytics.

1. Introduction

Achieving health benefits from the increasing volume of continuously collected clinical data is a key challenge for healthcare
organizations worldwide. Clinical data repositories contain information about numerous healthcare activities across multiple
patients, providing significant opportunities for improving care quality. Dynamic interaction networks have been proposed as a
means of analyzing such complex systems, enabling evidence-based decision-making. A growing body of literature examines the
optimization of patient care pathways to ensure patients receive the right treatments at the right time. However, automated care-
pathway optimization has seldom been addressed. That this important technology area remains undeveloped is concerning. The
accurate functioning of these networks and the timely delivery of optimal care pathways depend on the self-evolution of the
underlying networks.

A lack of self-evolution can severely limit the accuracy of clinical-pathway optimization, as these pathways often have varying
structures, conditions, and particularities across patients with the same health problem. Therefore, it is important to research the
dynamism of clinical interaction networks and, in particular, the self-evolution of networks and related algorithms for optimizing
care pathways in real time. Creating a formal procedure for optimizing care pathways in real time instead of only analyzing
historical networks and pathways is essential. The vast majority of work in the field of network analysis has been devoted to
developing static networks and testing algorithms on those networks. Unquestionably, much remains to be explored in terms of
network dynamism and evolution, particularly self-evolution.
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Table 1. Core Components of Self-Evolving Clinical Interaction Networks (SE-CIN)

Component Function Key Inputs Expected Outcome

Dynamic Clinical Models evolving patient-care EHR streams, clinical events, Adaptive interaction graph

Interaction Engine interactions department transfers generation

Risk Modeling Module Predicts adverse clinical Risk gcpllres, patient history, co- Early risk detection
outcomes morbidities

Clinical latency, resource utilization,

. . Reduced treatment delays
patient severity

Care Pathway Optimizer ~ Optimizes treatment sequencing

Data Intearation Laver Aggregates heterogeneous Hospital systems, public health Unified healthcare
9 y healthcare data feeds, financial data intelligence
Supports clinicians with

. Optimized pathways, risk alerts Improved clinical decisions
recommendations

Decision Support System

Immediate adaptation
capability

Real-Time Monitoring Tracks system evolution

Layer continuously Streaming hospital events

1.1. Network Dynamism and Self-Evolution

In the current context, Dynamism in a network setting refers to its capability of changing, either by the addition, deletion or
changing of its components. These modifications can be generated either due to self-evolution or evolution triggered by exogenous
factors. Self-evolution indicates a change of the network due to processes happening in the network itself. Clinical Interaction
Networks for example are inherently dynamic in nature, where the interactions evolve due to the changing nature of clinical visits
performed by the patient population. Self-evolution is a key aspect of Clinical Interaction Networks: it allows these Networks to
accurately represent the latest, real-time, snapshots of the health interactions among patients and their clinical departments without
depending on temporally separated Network instances. The self-evolution of Clinical Interaction Networks is governed by the
internal dynamics of the network-clustered Interaction Groups—when the underlying Groups evolve, the edges of the Clinical
Interaction Network self-evolve through edge-creation and edge-deletion.

Modifications of the Clinical Interaction Networks due to exogenous factors can be envisaged when trying to adapt the Network to
specific types of analyzers. In these scenarios the focus is not so much in the erasing of edges related to seldom occurring low-
weight paths but rather to adapt the connectivity weighted-paths to reflect current patterns of use. Theoretical aspects of these
adaptation mechanisms lie within the Network theory area. The reasons or triggers for the change of the Clinical Interaction
Networks are related to changes, mainly in the usage, of the clinical structure that offers medical visits—either an enlargement or
a reduction in its number of available clinical-lateral departments or Interaction Groups.
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2. Foundations of Clinical Interaction Networks

Clinical interaction networks are defined and discussed in the context of care pathways. Knowledge-driven and data-driven methods
are distinguished, and the types of data sources in clinical interaction networks are outlined.

A clinical interaction network formalizes relationships among healthcare entities based on data that describe their interactions, such
as image captures taken during surgeries or the administration of the same medication to patients in a hospital unit. The nodes of
such networks represent healthcare entities, including patients, relatives, nursing staff, physicians, support staff, and external
organizations. Interactions among these entities are represented as edges in the network. A variety of interaction types can be
distinguished, e.g., those that describe bids placed by patients and insurers, transfers of patients between physicians in a unit, or
communications among support staff. The interaction type represented by a multi-relational network is often relayed by the context
it is derived from, such as the elements in a data integration workflow. Interactions may be enriched with additional information,
such as the length of a transfer between rooms or the time elapsed between a prescription and the subsequent medication
administration. Clinical interaction networks may be derived from diverse types of data sources, including administrative data, data
exchanges, data captured by imaging or audio-visual devices, and external contents such as comments published by patients in
social networks.
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Privacy, security, and ethical concerns must be addressed across all processes that deal with patient data. The analysis must have a
tangible benefit for patients in order to comply with accepted ethical standards in clinical research. The analysis must also comply
with national and institutional laws, and actions must be taken to obtain approval from the local review board. Finally, the
integration of network data with other types of data must respect community standards in data exchange and sharing.

Table 2. Clinical Data Sources Used in the Proposed Framework
Data Source Type of Data Frequency Purpose

Electronic Health Records (EHR) Patient demographics, diagnosis, treatment Real-time  Clinical monitoring

Clinical Intervention Logs Procedures and interventions Continuous Care pathway analysis
Hospital Expense Records Cost and billing information Daily Cost optimization
Government Care Budgets Healthcare funding allocations Periodic Resource prioritization
Social & Environmental Signals Pandemic alerts, mobility patterns Event-driven Context-aware risk analytics
Sensor & External Feeds 10T devices, wearable data Streaming  Predictive health monitoring

Mathematical Formulas:
1. Dynamic Clinical Interaction Network Evolution
The evolving clinical network at time tis represented as:
Ge = Ve, Ec, Wp)

Where:

e V,=set of clinical entities (patients, physicians, departments)

e  E,=interaction edges

e  W,=dynamic interaction weights
The edge evolution rule:

Eppq = E, + AEf — AET

Where:
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e AE;/=newly created interactions
e AE;=removed/expired interactions
2. Real-Time Care Pathway Optimization Function

The framework minimizes total treatment and delay cost:
N
min J = Z (CFreat + AD; + uR;)
i=1

Where:

e  (Cfreat=treatment cost

e D;=clinical delay penalty

e  R;=risk severity score

e ), mu= balancing coefficients
3. Dynamic Bayesian Risk Prediction

Patient risk probability using Bayesian updating:

P(X: | R)P(R)
P(Xy)

P(RI1X) =
Where:
e  R=adverse clinical outcome
e  X,=observed temporal clinical evidence
Sequential temporal update:

P(Rey1) = aP(R) + (1 — a)P(Xy)

Where:
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e o= temporal adaptation coefficient
4. Risk-Aware Clinical Priority Score
Clinical prioritization score:

Priority; = w1S; + w,U; + w3C;

Where:

e S;=severity index

e  U;=urgency factor

e ;= comorbidity score

e = weighting parameters
5. Temporal Interaction Strength
The adaptive interaction strength between clinical entities:

Wi(t) = BWi(t — 1) + (1 = B)I;(t)

Where:

e  W;;(t)= updated interaction weight

e [;;()= current interaction event

e = memory retention coefficient
6. Clinical Resource Capacity Constraint

Hospital node capacity restriction:

N
Z' xij < Capj
i=1

Where:
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7. Multi-Objective Optimization Model
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Joint optimization for delay, resource utilization, and risk:

F= Vlfdelay + V2 fresource T Vafrisk

Where:
®  faeiay= Pathway latency objective
®  fresource= resource consumption

e f.ig= adverse event probability

8. Predictive Adverse Outcome Function

Adverse outcome prediction using logistic learning:

PY=11X)=

Where:
e Y= adverse event occurrence
e x,.= clinical features
e  @,.=learned coefficients
9. Longitudinal Care Transition Probability

Transition probability between care states:

Where:
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e  S,=current clinical state

e  S,.,=future clinical state
10. Network Risk Propagation Model

Propagation of clinical risk through interaction graph:

RED - Z}_EN(O W, R

Where:

. RL.(Hl): updated patient/node risk

e N(i)= neighboring interaction nodes
11. Care Delay Penalty Function
Penalty associated with delayed interventions:

Penalty; = n - max(0, TActuel — 7/4T9¢%)

Where:

o TActual= ghserved treatment time

target
T, "

o = expected treatment threshold

12. Self-Evolving Learning Update
Adaptive learning rule for network evolution:
041 = 0; — pVL(O;)
Where:
e  ©,= model parameter set

e p=learning rate
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e L(Theta,)= optimization loss
13. Survival Risk Estimation
Healthcare survival probability:
() = o= Jy haau
Where:
e h(u)=hazard function
e  S(t)=survival probability
14. Dynamic Data Reliability Function
Timeliness-aware reliability estimation:
Rel(t) = e~8(t-to)
Where:
e  §=data decay factor
e t,=acquisition timestamp
15. Clinical Pathway Utility Function

Overall healthcare pathway utility:

Where:
e  B;=expected patient benefit
e  (;=operational cost

e  R;=associated risk
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2.1. Optimization Algorithms for Care Pathways

The implemented optimization algorithms focus on real-time care pathways modeled as dynamic, directed interaction networks in
which the nodes represent patients and the edges represent clinical interactions. The formulated task is to identify an optimal set of
interactions over a rolling planning horizon t that minimizes the associated cost function, subject to a set of hardness constraints.
The first category of cost function aims at minimizing the expected clinical cost. The defined clinical cost accounts for the severity
of each patient’s condition and the latency of clinical interactions; delays are tolerated without penalty for patients with lower
priority. The second category of cost function addresses the risk of exceeding the capacity of a node and the resources potentially
wasted by planning more interactions than what is actually necessary.

Different variants of the care pathway optimization algorithms have been implemented. Empirical analysis indicates that the
directed care pathway optimization typically converges in few iterations, and the processes for real-time care pathways with
planning horizons of up to one week terminate within the same timeframe as the undirected variants with fully utilized node
capacities. The complexity of the optimization algorithms increases substantially when additional conditions are imposed,
especially the utilization of node capacities.

Dual-Layer Self-Evolving Clinical Interaction Framework

o @)

o Sy b g0 e bodty -
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3. Real-Time Care Optimization Framework

Real-Time Care Optimization Framework. Clinical Interaction Networks can be continuously optimized to respond to emerging
clinical priorities, improve care delivery, and minimize associated costs. Such a capability is particularly useful in patient cohorts
characterized by heterogeneous health status where individuals at different risk levels require adaptive and goal-directed treatments.
In preparation for real-time adaptation, optimization processes follow a two-phase approach involving lateral and longitudinal
dynamic interactions among hospital and community stakeholders. The first phase provides an updated cost-efficient care structure
that accounts for risk stratification and ensures the prioritization of resources for the most-critical patients, thus achieves lateral
optimization. The second further simulates the likely evolution of the cohort over its lifetime, aiming to minimize the expected
treatment cost and underpinning the path through the risk space that a fully-connected care system would ideally follow over time,
thereby achieving longitudinal optimization.

The framework consists of four interacting modules that enable continuous data acquisition and integration, function-based query
formulation, optimization, and decision support. Data from four sources—patient electronic health records, clinical intervention
logs, hospital expenses, and governmental care budgets—are updated in real-time and integrated with quality assurance and
timeliness controls. The continuously acquired database enables the periodic generation of function-based queries for continuous
pathway optimization. The “Decision Support and Execution” module manages the execution of the optimization process and
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oversees the care system, controlling for emerging patient priorities, the associated expected treatment cost, and all the ingredients
required to periodically activate the Risk Modeling and Prioritization component.

Table 3. Risk-Aware Analytics Parameters in Healthcare Systems

Risk Factor Description Analytical Technique Clinical Benefit

Mortality Risk Probability of patient death Bayesian Risk Modeling Early intervention planning
Length of Stay Estimated hospitalization duration ~ Predictive Analytics Bed capacity optimization
Readmission Probability Chance of re-hospitalization Machine Learning Classification Reduced recurrence
Treatment Delay Risk  Delays in critical care delivery Temporal Network Analysis Faster care coordination
Resource Exhaustion  Over-utilization of medical resources Capacity Optimization Efficient allocation
Disease Progression Clinical deterioration prediction Dynamic Interaction Networks —Preventive care guidance

3.1. Data Acquisition and Integration

The success of any data-driven processing pipeline hinges on the continuous acquisition of quality data in a timely manner. In the
context of healthcare analytics, a variety of data from different sources are routinely collected by hospitals, either manually or
automatically. These correspond to distinct nodes of the institutional CGM, namely the patients, professionals, and
wards/departments, and are aggregated in two dedicated databases in the hospital information system. Additional data are generated
either externally or in a redundant fashion through different channels. These include both clinical and non-clinical data concerning
the broader health and socio-economic context of patients, encompassing elections, sport world cups, and pandemics. Temporal
data from publicly available geographic services give insight into travel constraints, supplying further elements to the evolving
context of a hospital. Analyses based on these features are performed to ensure the adherence of the acquisition analogue to the
quality standards, governing aspects of timeliness, privacy and governance.

Timeliness is optimally guaranteed by the constant monitoring of hospital information systems, where fresh data are constantly
flowing and are directly available. The acquisition of external elements is governed by factors such as the relevance of the data
source, with respect to the given clinical target, and the confidence level of each data provider. Ideally, high-validated and high-
resolution data should be preferred, while data from unstable environment should be used to signal a possible change in the care
quality behavior of the institution. In the case of sensors such as Twitter, data quality strongly relies on both governance and
privacies aspects. These aspects are better assured by the reduction of the data sources, hence using social networks wisely and in
a limited way. Data privacy is finally governed through a non-disclosure agreement concerning both hospital and university aspects,
ensuring that only properly anonymized data will be released.

12| Page



ISSN : 3049-2122

JOURNAL OF INNOVATIVE
AGADEMIC RESEARCH

VOLUME: 03 ISSUE: 01

RECEIVED: JANUARY 24 REVISED: FEBRUARY 08 * PUBLISHED: MARCH 05

Mean Performance by Measure and Collection Type

0015SP 134 1345SP 236 23655P
Measure ID

80
Collection Type

. COMs
70 s eCQMs

Mean Performance (%)
w - w
o o o

N
o

10

4. Risk-Aware Analytics in Healthcare

Risk-aware analytics is necessary in any decision-making field to deliver the optimal results within a comprehensive range of
circumstances, providing the best expected value (in some or all criteria). Health-related domains are no exception: decisions can
result in vastly different outcomes depending on (a subset of) the risk factors that influence their success. Risk awareness in decision
making requires the analysis of hazards associated with taking the alternative choices available—both beforehand, to choose among
them; and once a choice has been made, to assess the level of risk taken. Achieving this awareness entails predicting the outcomes
of the various alternatives under diverse conditions and mapping these outcomes to the space of risk factors.

Addressing these requirements requires statistics, which is at the heart of risk assessment, and risk mitigation. Successful risk-
aware analytics thus includes a focus on diagnosis as important as on prognosis and considers risk mitigation as well as risk
avoidance. Solutions fulfilling these needs are valuable for high-stakes decisions, namely those for which a single failure may entail
serious effects. Patients are much more likely to suffer serious adverse effects than those undergoing low-stakes interventions (e.g.,
wart removal). Other high-risk cases can be those whose management is intrinsically risky (e.g., lung transplant) or with large
intervention resources involved (e.g., liver transplant). Risk-aware analytics may also explore causal analysis through condition
monitoring to evaluate how change in the environment or state may aid in improving success rate.
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Table 4. Optimization Objectives in Real-Time Care Pathways
Obijective Description Optimization Metric  Expected Improvement

Delay Minimization Reduce waiting time for critical patients Average clinical latency Faster treatment

Resource Efficiency Avoid unnecessary resource usage Utilization ratio Lower operational cost
Risk Reduction Minimize adverse events Risk score reduction Improved patient safety
Pathway Adaptability Adapt pathways dynamically Network evolution rate Real-time responsiveness
Clinical Accuracy  Improve care recommendations Prediction precision Better diagnostic support
Cost Optimization ~ Reduce treatment expenditure Expected clinical cost  Financial sustainability
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Risk-Aware Healthcare Analytics Architecture
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Updates
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v
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.

Climical Decision
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4.1. Risk Modeling and Prioritization

Expansion modeling, prioritization of patients at risk for severe outcomes, and, ultimately, guideline fulfillment are crucial for
maximizing patients' chances of good outcomes. In principle, any identified, clinically relevant risk factor should be algorithmically
converted into a clinical risk model. Simple prognostic scores admitting public availability but immediate latent state undergoes
the yet unstudied refinement of Bayesian risk maps to for which the testing of a real clinical scenario. Recent years have witnessed
a substantial increase in prognostic models derived from an examination of diverse clinical materials. A recent overview highlights
the general improvement of prognostic scores in detecting short-term mortality. A probabilistic risk approach for major
cardiovascular events remains a key therapeutic target. With respect to acute coronary syndrome, a radially reduced eased a
personalized estimation based on a machine-learning approach. Uncertainty in risk modeling is inherently related to the clinical
data on which the model is based, and can thus be taken into account while properly using a probabilistic model. Uncertainty
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becomes important especially in health care. A Bayesian decision-theoretical framework is advocated for dealing with health care
under uncertainty and thereby incorporated into an acute coronary syndrome scenario.

Prioritization processes involve predictive models based on sophisticated risk factors and numerous risk detection systems.
Therefore quantifying the effectiveness of these systems in anticipating patient leisure events improves the scale of patient risk
management. Recent studies underline the clinical perspective about mortality resulting from chronic disease by relating the risk
factors with overall mortality. Survival analysis contributes to patient disposition by indicating a high probability of remaining
pacemaker. The approach detects the presence of risk among clinical samples and evaluates a number of predictive stratum's
magnitude into a simplified point-of-care approach; it expresses risk propensity by a simple yes-or-no answer. Exploring patient
health, patient management over time and treatment outcome all at once on a single principal component offers an improvement in
guidance for health care decision makers. The examination of various composite end points in cardiovascular disease remains a
challenge with no definitive conclusion. Addressing therapeutic objectives under uncertainty helps to clarify the influence of
uncertainty about the values of the parameters on the reservation price and, eventually, the therapeutic decision for unrelated
diseases.

5. System Architecture and Implementation

The system architecture of the proposed real-time care optimization and risk-aware health analytics framework is deliberately
structured as a cooperative assembly of independent modules. While each subsystem operates with specific objectives, their
interactions create a holistic and intelligent information ecosystem. Scalability is achieved by decoupling performance requirements
and developing algorithms of low individual complexity, thereby allowing sufficient computation to address peak loads. Security
safeguards are implemented across all modules, with separate system components governing data access and use.

The complete framework is ultimately deployed on a cloud-based infrastructure, with multiple development stages supported by a
range of testing platforms. Evaluation of the Self-Evolving Clinical Interaction Networks is conducted using both high-fidelity
real-world and low-fidelity simulation techniques, with the latter employed in the majority of analyses. Synthetic electronic health
record data are produced via a chain of models, with quality ensured through adherence to clinical benchmarks. The full-body
simulation closes the testing loop, comparing the Self-Evolving Clinical Interaction Networks against a number of alternative
decision support solutions.

A concise overview of the entire system, depicted in Figure 3, illustrates the generation, flow, and use of data. A specific pathway
initiates with the acquisition of health system interaction information, which is routed via a dedicated module for optimization of
care pathways. These routes are then processed by additional decision-making components to enable risk modeling and
prioritization of patient samples, as well as testing for care-delivery delays. The resulting outputs are directed back to the clinical
domain in a format and time frame suitable for the identified end users. Further connections indicate an independent module capable
of providing risk-aware health analytics based on input health data alone.

Table 5. Simulation and Validation Metrics
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Metric Description Validation Purpose
Sensitivity True positive detection rate Measures detection capability
Specificity True negative identification Evaluates false alarm reduction
Calibration Accuracy Alignment between prediction and outcome Risk model validation
Pathway Completion Rate ~ Successfully optimized pathways Workflow reliability

Resource Consumption Amount of utilized healthcare resources Efficiency assessment
Negative Outcome Frequency Count of adverse patient outcomes Clinical safety measurement
Patient Satisfaction Proxy Fulfillment of care expectations Quality-of-care evaluation

5.1. Architecture Overview

Data flow through the framework is described, components are mapped to the four functional modules introduced earlier, the
pattern of interactions is explained, resilience mechanisms are identified, and compliance with interoperability standards is pointed
out. Real-time care optimization and risk-aware health analytics are implemented as modular services that reside on a shared
architectural foundation, by means of a network-based self-evolving clinical interaction model, acting as a decision-support engine
for automatic care-pathway adjustment. Data sources include routine administrative records of hospitals and long-term care
facilities, and of both public and private organizations responsible for outpatient services.

The development of optimized clinical interaction networks—including care pathways, prognostic and risk factor models, and
moreover clinical, demographic, social, environmental, and territorial driver factors—contributes to the prediction of expected (or
expected-loss) values of the facilities for a defined time horizon. In medical care, risk-aware health analytics applies to the
classification, calibration, validation, and ranking of care facilities, as well as to the supporting prediction of the number of
admissions, with or without diagnosis-related group (DRG) definition. For care safety, robustness analyses have been performed
on the real-time care optimization service.
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6. Evaluation and Validation

A combination of simulation studies and real-world application assesses the proposed concepts, deployed as modules of a broader
system that realizes real-time clinical risk assessment and adaptive learning of Clinical Interaction Networks. Simulations are on
virtual patients in synthetic hospital environments where clinical interactions and pathways are sampled from Clinical Interaction
Networks. The context favors controlled scenarios but remains sufficiently realistic that results carry external validity. Two key
aspects of system modules constitute the study design: care-pathway optimization under multiple objectives that reflect different
clinical concerns, and a risk-aware framework for hospitalization that formally assesses danger in real-world adult patients with
clinical account files. The main source of Clinical Interaction Network changes in the simulations is disease progression simulation,

but risk-aware performance also evaluates the influence of a Bayesian model that learns which expected events manifest
unexpectedly often.

Table 6. Comparative Analysis of Traditional vs SE-CIN Healthcare Systems
Feature Traditional Clinical Systems SE-CIN Framework

Adaptability Static workflows Self-evolving workflows
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Feature Traditional Clinical Systems SE-CIN Framework

Decision Making Reactive Predictive and proactive

Data Processing Batch processing Real-time streaming

Risk Assessment Limited scoring models Dynamic probabilistic models
Optimization Capability Manual adjustments Automated pathway optimization
Learning Mechanism  Historical only Continuous self-learning
Resource Allocation Fixed planning Dynamic prioritization
Scalability Moderate Cloud-native scalable architecture

6.1. Simulation Studies

The performance of the clinical interaction networks in terms of risk-aware analytics and real-time care optimization has been
investigated using clinical and epidemiological data collected during the COVID-19 pandemic. A synthetic dataset covering more
than 20,000 hospitalizations in Switzerland has been generated to simulate a risk-aware system for health analytics. Additionally,
two simulation scenarios, based on infectious disease modeling, allow assessing how such network-based solutions can improve
the care of future epidemics. Several metrics quantify the impact of the proposed approach on clinical interaction networks and
guarantee reliable clinical outcomes for the simulated healthcare systems.

By taking advantage of the well-established epidemiology of COVID-19 disease, a synthetic dataset has been generated that
resembles hospitalization records for the entire country of Switzerland between March 2020 and March 2021. Co-morbidities,
mortality, length of stay, infection source, and clinical pathways have been modeled. The dataset has been used to test a risk-aware
analytics framework capable of producing Frenchay Activity Index and Electronic Frailty Index scores for every patient before
admission and subsequently evaluating the risk of adverse outcomes for the patient during the hospitalization. Sensitivity,
specificity, and calibration have been assessed against the true-outcome labels of the clinical records.
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7. Conclusion
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Self-evolving Clinical Interaction Networks (CINs) have been identified as an innovative concept allowing resource optimization
in clinical environments. The Self-Organizing Maps method enables the exploration, modeling, and mapping of data. Several
studies suggest that information about past interactions can significantly improve predictive models. Finally, studies have been
proposed to predict therapeutic pathways of chronic patients based on the transformations of clinical outcomes using dynamic
multiclass models. Merging the dynamic transformations of clinical data and the clinical interaction networks makes it possible to
consider the temporal aspect of the therapeutic pathways, simultaneously modeling the effect of time.

NICE-CIN, a Self-Evolving Clinical Interaction Network orchestration system, is conceived as part of a larger effort toward the
development of self-evolving Clinical Interaction Networks. Real-Time care optimization and Risk-aware Health Analytics
modules provide an ideal operational laboratory for the full cycle of creating interaction networks, optimizing clinical pathways in
real time, and undertaking operational risk analysis. Risk Management has thus far increasingly adopted the classical Top-Down
approach with a principal focus on Risk Avoidance and Risk Transfer, while building a strong foundation also for the Bottom-Up
approach based on Risk Reduction and Risk Acceptance.
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