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Abstract

Scalable graph intelligence offers a way to integrate clinical
knowledge in real time to support immediate clinical
decision-making — particularly knowledge expressed as
feature-extraction rules for clinical risk stratification tasks
such as early detection of acute disease. By modeling
entities as graphs, structured data streaming from multiple
hospitals can be represented as a temporal graph, capturing
either the temporal or causal structure of the data
depending on whether it is used for rapid, real-time risk
stratification or stored for later analysis. Both
representations serve a dual purpose: meeting the
immediate need to extract features for risk stratification,
and subsequently supporting unified, real-time integration
of clinical knowledge.

Existing research on applying graphs to clinical data
typically adopts one of two narrow perspectives —
knowledge graphs for integrating clinical rules, or temporal
graphs for risk stratification — treating them as largely
separate problems. In practice, however, the two are closely
linked: clinical knowledge is readily translated into
features, and risk-stratification rules inevitably carry an
implicit temporal structure. As a result, clinical knowledge
is often captured concisely in rule form, and rule-based risk
stratification approaches remain widely used. Yet these
rules remain constrained by the limitations of manual
knowledge engineering, underscoring the need for
pathways that enable real-time, automated knowledge
integration. Moreover, the feature sets produced by current
approaches often prove insufficient for the early detection
of acute, life-threatening conditions.
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temporal graphs, risk stratification, causal inference, event
sequencing, ensemble learning.

1. Introduction

Scalable graph intelligence aims to facilitate real-
time integration of clinical knowledge across heterogeneous
distributed sources for patient risk stratification. The
hypothesis is that risk features may be efficiently extracted
from an evolving temporal graph encompassing core
entities, interrelations, and events known to influence risk.
Current approaches to clinical knowledge integration and
patient risk prediction are largely based on SQL, limiting the
ability to leverage knowledge and data across
institutional/organizational boundaries. This
underutilization of established clinical terminologies and
ontologies may contribute to unsatisfactory predictive
performance for many common diseases. A scalable
architecture for integrating clinical knowledge across
schema-mapped heterogeneous distributed data sources is
proposed.

Table 1. Core Concepts of the Proposed System
Concept Short Description

Scalable Graph
Intelligence

Integrates clinical knowledge from
multiple sources in real time

Represents patient events, diagnoses,

Temporal Graph .
P p procedures, and outcomes over time



Concept Short Description

Risk Stratification Rredlct§ p.atlen.t risk Ie_vels within a
fixed clinical time horizon
Combines rules, features, and
ontologies into a unified graph
model

Clinical Knowledge
Integration

Real-Time Decision Supports fast clinical inference for
Support early disease detection

Graphed schemas support knowledge integration
and enable encoding of rich temporal patterns and causal
structures for risk stratification. Recent graph-based
knowledge representation methods offer important
advantages: a single distributed knowledge repository may
support knowledge representation, inference, and reasoning
while remaining open to future enhancements and
extensions. Knowledge graphs merge data across sources
within a unified graph schema, enabling symbol
manipulation capability anticipated by the creators of
artificial intelligence and easily extending to other domains
of human knowledge.

1. Clinical Graph Representation

Ge = (Ve Ep, Xp)

A. Entity and Relationship Modeling
for Healthcare

Entity-relationship modeling offers a tractable
approach to graph schema structuring. Core entities typically
include patients, healthcare providers, diagnoses,
procedures, medications, laboratory test results, and
outcome markers. Relationships of immediate concern
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include the mapping from a patient to a diagnosis, the
mapping from a healthcare provider to an administered
procedure, and the mapping from a test result to a diagnosis
indicating elevated risk. Refinements of these relationships
based on data provenance can enable expanded use of time-
stamped data, for example by incorporating lab result time
stamps into risk stratification. By systematically expanding
the core entity set to include such relationships or capturing
additional entities of interest, such as comorbidities and risk
factors, the risk stratification model can potentially be made
more accurate.

Table 2. Major Clinical Entities in the Graph Model

Entity Role in the System
Patient Central node for risk prediction
. . Indicates disease conditions and clinical
Diagnosis .
history
Procedure Captures clinical interventions
Medication Represents prescribed or administered
drugs
Laboratory Provides measurable clinical evidence
Result
Outcome Supports risk classification and
Marker prediction

Use of a medically aligned graph schema can
facilitate integration of domain knowledge with patient
temporal data on demand. A PROMIS SF score
corresponding to at least a moderate level of pain in the past
seven days could be indicated as clear data, for example, by
a proven, actively monitored diagnosis for chronic pain. In
contrast to post hoc, machine-learning strategies, the graph-
based approach offers natural opportunities for rule-based
reasoning. For example, if a patient has had a principal



diagnosis of heart disease for ten years and another of
diabetes for five years, one might assign those conditions an
indication of poor status on the basis of known relationships
rather than on a less interpretable inductive model.

2. Patient Risk Score

R; = f(X;,Gy)

2. Background and Motivation

Existing efforts for real-time clinical decision
support rely on machine learning models that consume rich
data streams to infer clinical knowledge. The present
approach  considers ~ knowledge integration,  risk
stratification, and a full representation of reasoning
capabilities as first-class citizens and exploits graph-based
representations. Moreover, temporal information and the
causes of clinical events are captured, enabling either
investigative queries or refinements to static temporal
knowledge for risk stratification. Graph-based approaches
frequently regard their temporal dimension as superfluous or
implement it as a straightforward Boolean predicate.
Temporal graphs, however, enforce strict constraints on
edges and can ease reasoning by explicitly representing the
ordering of events. Temporal graphs can be used to align
heterogeneous data sources, while machine learning models
trained on such sources can infer possible future clinical
events. The underlying causal structures of these events can
then be identified and used to reason about their potential
occurrence.

Table 3. Data Sources Used for Clinical Integration
Data Source Purpose

Electronic Health Patient history and clinical
Records events
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Data Source Purpose

Laboratory Information Test results and lab observations
Systems

Health Information Cross-institutional patient data
Exchanges sharing

Rule-based and model-based
recommendations

Clinical Decision
Support Systems

Streaming patient condition

Monitoring Systems updates

Two types of clinical decision support are
considered: the integration of clinical knowledge and the
stratification of risk for a specific clinical outcome within a
fixed time horizon. Both share the objective of capturing the
interaction  between patients and their healthcare
environment. Clinical knowledge integration identifies
relationships among entities through observation, while
stratification seeks to predict future entities and
relationships. These capabilities encompass a wide range of
temporal reasoning in graphs; some specialized categories
such as workflow automation are not investigated here.

3. Temporal Edge Relation

eitj = (v, ), t)

A. Temporal and Causal Reasoning in
Graphs

Temporal graphs are commonly used when
temporal information is important for the semantics of the
model. In such cases, ML algorithms can benefit from
having the temporal dimension present in the graph itself. A
temporal graph is a graph whose edges are active at certain
points in time. In a temporal graph, it is a special case when



edges are active in continuous intervals. The temporal graph
can be regarded as a graph stream where a constant number
of vertices is kept in memory. Graphs with such temporal
knowledge can also be used for enumerating time-
constrained sub-graph patterns in temporal graphs. For risk
stratification, events are often sequenced into a temporal-
ordering treatment pathway to include longitudinal time-
ordering information for patients.

Table 4. Real-Time Inference Architecture Components
Component Function

. Collects clinical data from multiple
Data Ingestion .
endpoints

N Cleans and harmonizes heterogeneous
Normalization

data
Graph Store Mamtams_temporal clinical
relationships
Feature Converts graph patterns into risk
Extraction features

Predicts risk category or clinical

Classification
outcome

Generates real-time clinical decision

Inference Engine
support

When performing causal inference operations on
temporal data, the main goal is to examine whether it is
possible to infer causal information from the non-
experimental data when expert knowledge about the
problem domain is unavailable or incomplete. Counter-
factual reasoning is a particular form of causal inference that
allows the system to derive plausible explanations for
uncertain nodes in a causal graph by making successive,
forced-explanation-requests. Another issue with temporal

4|Page

ISSH : 3849-2122

JOURNAL OF INNOVATIVE
AGADEMIC RESEARCH

G

data such as those in health care is the presence of various
forms of uncertainty.

4. Graph Feature Extraction

Zi = (G, V)

3. Graph-Based Knowledge
Representation in Clinical Domains

The knowledge underlying risk stratification has a
temporal aspect and is often accumulated gradually over
long time spans. It is therefore advantageous to maintain an
easy-to-query graph representation of clinical events—
diagnoses, procedures, medication administration and
prescription—recorded in electronic health records. Such a
representation can also support the integration of knowledge
from predictive and other clinical models whose risk factors
map to events in the electronic health record.

Real-Time Clinical Event Stream Growth
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Fig 1: System Architecture — the six-component pipeline
(ingestion — normalization — graph store — feature
extraction — classification — inference engine) with the 5-
second real-time target.
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Temporal reasoning supports the designation of
different realistic temporal relations among events (e.g.,
generally preceding a future event, preceding a future event
in only a few instances, or determining the occurrence of a
future event). Causal reasoning enables causal discovery
from observational clinical data. It addresses questions
involving “what-if” scenarios (counterfactual reasoning): for
example, how a given event would have affected the
outcome if it had taken place or been absent from the
patient's clinical history.

5. Risk Probability

A. Ontologies and Shared
Vocabularies

Domain-appropriate  ontologies and shared
vocabularies are key to effective and reliable Al methods in
the healthcare domain, and mapping these standards for
alignment should be a priority. A semantic monitoring and
reasoning engine for risk stratification could operate a
temporal graph containing the patients, procedures,
medications and/or devices administered or engaged along
with timestamps. Potential sources for risk could include the
International Statistical Classification of Diseases and
Related  Health  Problems  (ICD), Systematized
Nomenclature of Medicine Clinical Terms (SNOMED CT),
Logical Observation Identifiers Names and Codes (LOINC),
and the Fast Healthcare Interoperability Resources (FHIR)
vocabulary standard. The fact that different healthcare
providers tend to favour different vocabularies leads to
coordination challenges in heterogeneous health information
deployments. Methods for governance and versioning would
establish a semantically coherent ontology-process in the
sense of aligning health risk with semantic severity levels in
the language of health conditions.
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Clinical Entity Distribution in Graph Schema

4000

3000

Node Count

2000

1000

e & & ©

o

& © 3
o 2 o
487 2 <@
o
o Q!

o &

i & & e
« o b o & B
Entity Type

Fig 2: Entity-Relationship Schema — core patient-
centered graph (provider, diagnosis, procedure, medication,
lab result, outcome, comorbidity).

Mappings supplied by the Health Level Seven
(HL7) standards  organization ensure  Semantic
Interoperability between FHIR and the various
classifications, categorizations and terminology standards of
HL7, including the LOINC, SNOMED CT, and
International Classification of Nursing Practice (ICNP). A
mapping project executed by the National Library of
Medicine was enabled to further align SNOMED CT content
with most aspects of ICD-10-CM, producing the designated
subsets of SNOMED CT-ICD-10-CM map files.
Additionally, the Eclipse Foundation provided a FHIR-to-
ICD-10-CM mapping for US health data.

6. Event Sequence Modeling

Si={ey, ez ...,en}

4. System Architecture for Real-Time
Inference

The architecture for real-time inference is
composed of six primary components: data ingestion,
normalization, the graph store, feature extraction,
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classification, and the inference engine (the last two together
represent a real-time inference pipeline). Data are streamed
into the real-time pipeline, processed, and aggregated into
the graph store. Toward real-time knowledge integration,
ready-to-use knowledge is extracted from the graph:
knowledge in the form of features or rules is fed into a
classification model or rules engine, respectively.

Data from clinical environments arrive at
specified endpoints and undergo data ingestion and
normalisation, all described systematically in the following
subsections. Security is paramount; all personal health
information is kept within a secured infrastructure, without
touching outside systems, and is cryptographically
encrypted to mitigate the risk of leaks. The objective is to
clean, normalise, align, and update the graph-anonymized
data ready for fast and high-availability access.

Contribution of Heterogeneous Clinical Sources
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Fig 3: Temporal Graph Pathway — a time-ordered patient
treatment sequence illustrating the paper's "treatment
pathway" concept.

A. Data Ingestion and Normalization
Real-time clinical knowledge integration, risk
stratification, and decision support require up-to-date

clinical data from diverse heterogeneous sources within the
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clinical environment. To this end, relevant data must be
continuously ingested, normalized, and integrated into a
common representational model, such as a temporal graph.
The data ingestion component includes all mechanisms and
processes for continuously extracting, cleaning, and
harmonizing clinical data, thus preparing it for further
processing by temporal graph engines.
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Fig 4: Causal/Counterfactual Graph — DAG showing
causal structure plus the counterfactual "what-if" reasoning
branch discussed in Section 2.A.

Clinical data are notoriously challenging to
integrate due to inconsistencies, differences in schemas,
heterogeneous sources, and temporal misalignment.
Provenance disclosures, audit trails, and difficulty in
handling schema evolution also exacerbate the problem.
Common sources of clinical data are Electronic Health
Records (EHRs), health information exchanges, Laboratory
Information Systems (LIS), and Clinical Decision Support
Systems (CDSS), among others. In addition to identification
of common entities (patients, providers, locations, etc.), data
integration involves resolving naming and representation
variations among common entities and a temporally
coherent merging of data from multiple sources.

7. Ontology Mapping Function

M:OS_)Ot



5. Conclusion

The proposed approach contributes a model for
clinic-level knowledge integration and risk stratification,
based on scalable graph intelligence. It unites the strengths
of existing temporal graph-based systems: simultaneously
representing a clinical knowledge base, a feature set for real-
time classifiers, and a logic for reasoning over the
knowledge base, feature set, and patient temporal histories.
The approach satisfies functional, operational, and
performance requirements for integration and stratification
within real-time clinical decision support. Assembling
patient features and inferring patient outcomes within
seconds of change at the underlying data sources positions
the solution at the center of a typical real-time decision-
support workflow.

8. Real-Time Update Rule
Gey1 = G + AE, + AV,

A methodology for aligning different views of the
same core concept in a graph context is also proposed. In
contrast to standard ontology-based alignment, which forces
equivalence between notions in different source graphs, the
presented procedure coordinates naming patterns, model
scales, and ontological commitments, and also governs
versioning of a shared list of entity categories. Seven
ontologies from clinical decision-support research form one
coordinate graph, while a support vector machine model for
heart-attack risk prediction based on temporal medical
histories becomes the second. Future work will apply the
expanding body of temporal-graph—based causality-
inference techniques to the clinic-level knowledge-graph
integration case.
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