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Abstract

A healthy community is fundamental to a nation's vitality,
economic growth, and security, and birth and death records
are among the most important indicators of national well-
being. Predictive Health seeks to identify the health
determinants that shape a community's quality of life and life
cycle, drawing on indicators such as population, economic,
employment, birth, and death forecasts. It rests on predictive
modeling, a methodology that uses historical data to
anticipate future outcomes, with forecasting as one of its core
components.

The Predictive Health data architecture is designed to
support the generation of Health Determinant Indices,
thematic maps, forecasts, predictions, and analyses. It
supplies vital information for health service planning, policy
making, budget preparation, and  socio-economic
development. By drawing on multiple predictors and a broad
range of health determinants, it helps clarify how those
determinants affect disease occurrence and how disease
vectors can be controlled for prevention. Its emphasis is on
forecasting, prediction, and management of health-related
matters in order to sustain the health of the whole community.

Predictive modeling of Health Determinant Indices thus
contributes  significantly to human welfare, enabling
governmental and non-governmental health agencies to plan
and implement effective measures that promote healthy lives
for all.
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1. INTRODUCTION

Over the past decade, the volume of clinical data, such as
electronic health records, clinical notes, images, genomics,
and multi-omics, is rapidly growing and remains complex
and diverse. Mining insights from this body of data across
diverse populations can support preventive, predictive, and
precision health. A flexible architecture allows clinical
predictive insights and population health evidence to support
individual predictive care decisions in a timely manner. Data
ingestion and integration pipelines help populate the
architecture's core components.

Predictive health data architecture integrates predictive
and machine learning models that generate clinical insight of
character, generating time- and event-related predictions of
disease course and outcomes through data lake layering.
Individual patients can be linked to discrete population health
insights that predict risks and high-need periods, such as
hospital admission within 12 months. Probabilistic models in
the predictive health data architecture support the
translational pathway from predictive health insights at the
population level to care decision support at the individual
level, augmenting clinical decision support to provide insight
into patient risk and need at points of care.

Mathematical Formulas:

The following short equations formalize concepts introduced in the
architecture and predictive-modeling discussion.
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Eq. (1) — Composite data-quality score DQ, averaged across the
five governance quality dimensions in Table I1.
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Eg. (2) — Ensemble aggregation used to translate population-level
model outputs Mi into a weighted individual-level prediction,
consistent with the "many models" principle.
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Eqg. (3) — Rate of change of a patient's state S(t) in the two-
dimensional risk—protection phase space as a function of risk and
protection exposures.
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Eq. (4) — Logistic form used by risk-scoring models to estimate
the probability of an adverse clinical event given feature vector x.

A. Data Ingestion and Integration pipelines

Data ingestion and integration are crucial for predictive
health data architecture that analyses historical and current
data for insights enabling health-care decision support. Data
are sourced from electronic record systems using standard
data formats, extracted in bulk and periodically updated in a
staging service for organization into a lake/warehouse
structure.

TABLE I. CORE LAYERS OF THE PREDICTIVE HEALTH
DATA ARCHITECTURE (PHDA)

Representative

LR Components

Primary Function

Transfers raw data Hospital DB
Data connectors,
from source systems

Ingestion & staging service,
Integration ona sch_eduled_or HL7/FHIR
streaming basis
adapters
Long-term, native- Raw EHR
format storage for extracts, clinical
Data Lake D
exploratory and notes, imaging,
experimental use genomic files
Curated, query- Conformed
Data optimized storage dimensions,
Warehouse for production quality-checked
analytics fact tables
EaieEs Risk-scorin
Predictive population- and . g
. i g survival, and
Modeling individual-level -
S generative models
insights
Cll_nlcal Exposes model APIs, dashboards,
Insight / outputs to care- L -
. - clinical decision-
Service delivery and SUDDOTt tridgers
Layer decision workflows PP 99

TABLE Il. FIVE LEVELS OF DATA QUALITY
ASSURANCE IN PHDA

Quality Level Focus

eData Quality

Accuracy, completeness, consistency,
currency, and freedom from bias at the
point of capture

Quality Level Focus

Data Source Reliability and validity of the

Quality originating system or device
Data - .
Conformance to organizational policy,
Governance
- standards, and access controls
Quality
Data Precision  Granularity and resolution adequate for
Quality the intended clinical use
Cllnlc_al Fitness of the data to support safe,
Integrity . L L
- evidence-based clinical decisions
Quality

2. Foundations of Predictive Health Data
Architecture

Predictive health data architecture, enabling clinical
insights derivation from predictive analytics service
components, relies on ingestion, Integration of different data
sources, and exposure capabilities of relevant clinical data.
These aspects encompass built-in data governance quality
checks, predictive health model development predictive
health models built on quality-checked data covering the
population in an organized way, and subsequently exposed as
services for supporting care delivery activities. Besides,
meta-data-driven model orchestration control and adaptable
servicing governance are further important domains to enable
scaling up to wider sets of models.

Data governance and quality are critical enablers for an
organization wanting to provide value to their data assets.
Governance defines what data the organization needs in order
to be able to serve its internal and external customers in the
most efficient and effective manner and organization and
operationally set up for the implementation of the governance
decisions. Data quality deals with verifying that the data
consumed in the Insight Generation process is in line with the
requirements stated by the governance decisions. Predictive
health offers a wide spectrum of insights for decision-makers
ranging from population health to individual advice. Above
presented components are addressing these two important
aspects of organization and predictive health model
development.

TABLE I11. SIX CATEGORIES OF PREDICTIVE INSIGHT-
GENERATION MODELS

Model

# Category Insight Produced
. Reveal potential underlying
1 Generative conditions from patterns in the
Models

data

Risk Prediction / Estimate probability of an

Scoring adverse outcome
Cohort-Trained A .
3 Diagnostic Target-specific diagnostics

learned from disease cohorts
Models
Forecast expected time-to-event

4 Survival Models
at the group level




Model :
# Category Insight Produced

Support faster, individualized
recovery trajectories

Recovery /
Healing Models

Early-Warning
6 Detection
Models

Flag deterioration (e.g., septic
death) ahead of clinical
presentation

A. Data Governance and Quality

Provision of predictive health data that enables the
generation of clinical insights—supporting evidence-based
precision care—requires appropriate data governance and
quality infrastructure. The Predictive Health Data
Architecture expects data use across a range of clinical,
therapeutic, and pharmaceutical domains (substance abuse,
CPD, TBI, CRC, ADHD, etc.) and has therefore established
associated protocols and standards for a spectrum of
respective data sources and data types.

Adherence to specific protocols, standards, and
controls—in  particular,  evidence-based,  academic,
regulatory, legal, ethical, and privacy considerations
supported by the principle of Fair Information Practices
(FIP)—secures the quality of the data ingested and integrated
into the predictive health data architecture. Quality is assured
at five levels: eData quality, data source quality, data
governance quality, data precision quality, and clinical
integrity quality. eData quality is a concept that conveys both
the quality of the data being collected and the quality of the
manner in which it is being collected. It comprises accuracy,
completeness, consistency, currency, credibility, privacy,
freedom from bias, and security. The quality of the data
sources ingested into the architecture is the degree to which
they satisfy the desirable characteristics for reliability and
validity.

Predictive Health Data Architecture (PHDA) — End-to-End Pipeline

Predictive Clinical
Modeling Insights

Ingestion &
Integration

Data
Warehouse

Population-level insight — transiated to — Individual precision-care support

Fig. 1. Layered data flow of the Predictive Health Data
Architecture, from raw source ingestion through to individual
precision-care insight.
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Fig. 2. Conceptual trajectory of an individual patient across the
risk—protection phase space described in Section 4.

3. Core Components of the Architecture

The predictive health data architecture is composed of
core and enabling components, as well as three supporting
cross-cutting perspectives that provide cohesion and
guidance. Data ingestion and integration pipelines represent
the first layer within the architecture and provide a means of
data transfer to a data lake. The lake is designed primarily for
long-term storage of the ingested data. A data warehouse
presents an additional layer above the lake to facilitate
optimized access for diverse stakeholders.

The heart of the architecture, consisting of additional
components and perspectives, is focused on the creation and
management of analytical products for clinical insight
generation. A layering approach to predictive modeling
decomposes the health data landscape into predictable
components. Models that generate insights at the population
level become the basis for individual-level predictions
through a spatial-temporal version of the “many models”
principle underpinning Ensemble Learning methods.

A. Data Lake and Data Warehouse Layering

Data lakes and data warehouses serve different purposes
but are both necessary for a data-driven organization. Both
provide a central repository for a company's data, but they
have different designs, architectures, and requirements. A
data lake is also a collection of data, but the data is stored in
its native format, rather than requiring lengthy extract,
transform, load (ETL) processes. Because organizations can
quickly store raw data, data lakes act as a kind of archive
where users can keep more data than they routinely analyze.
Data lake wusage is sometimes experimental. Data
warehouses, on the other hand, usually contain curated data
that is in a prepared state when loaded, required for efficient
access by business intelligence tools.

The Data Lake is intended to remove any barriers to data
access for approved users. Usage can be experimental. If
users find valuable relationships or patterns in the data that
reside in the lake, IT will then create a formal Data
Warehouse extraction and data delivery process so that the
tools embedded in the proper production execution
environment can then use the patterns/formulas for reliable
daily results. Data analysts can explore any relationship or
pattern they hypothesize and if duplicated are expected to



export the findings into the production Data Warehouse
environment.

4. Predictive Modeling for Clinical Insight

Generative data analysis methods in predictive medicine
typically depend on processed and curated patient-centric
data for population health analysis, while predictive models
for risk or disease diagnosis and progression often use
machine learning and artificial intelligence on high-
dimensional data. When predictive health data architecture
(PHDA) integrates these methods, toolsets enable the
development of generative models on different data levels,
with patient or individual-centric models providing support
for personalized precision health interventions as patients
engage with the healthcare system.

Six categories cover available insight generation by
predictive models: generative models revealing potential
conditions, risk prediction or scoring models estimating
probability for adverse outcomes, model developed by
training with disease cohorts enabling target-specific
diagnostics, survival models forecasting expected time to
event on group basis, or even helping achieve faster recovery
or healing process; all these insights support individual-
centred care for precision health. For instance, a predictive
PHDA-designed mortal detection pipeline has generated four
separate models: supported by clinical data resource feeding
relevant data for earlier prediction of septic death.

A. Population Health to Individual Care Translation

Contrary to the population-centric views of precision
health, individual patient care is the major goal. The entire
ecosystem can be thought of as a pipeline that produces
predictive models capable of generating insights that help
individual patients, drug candidates, clinical exam subjects,
and experimental model subjects such as animals. Insight
generation requires a synthesis step in which the pipeline
moves from population health to individual patients. The
need for such insight for individual patients has been a spur
to the construction of the entire predictive architecture for
health.

People develop disease through the interaction of high
dimensional health risk with low dimensional health
protection. Individually people therefore travel across
populations in a health risk—protection phase space defined
by these two opposing influences as a trajectory that can be
modelled statistically. Teleological sensing of their positions
in this emergent risk—protection progression phase space will
predict when and how disease will develop. Trained
prediction will detect future risk before the person is aware
of any problem. With the help of clinicians, patients will be
able to take the required actions outlined in the associated
predictive insight, preventing disease. These actions could
also include play-books or similar guides for these at risk.
The cost of such sensing is expected to be the most important
aim of health financing in future.

5. Conclusion

Section A Predictive Health Data Architecture
supporting the translational pipeline from population health
to precision individual care is needed to deliver meaningful
predictive insights into clinical and social determinants of
health, disease, and treatment response. Such an architecture
must support the development of models and other clinical
insights that improve decision making, inform healthcare
delivery, and enable more effective population health
management. Key characteristics include robust data
governance that assures data quality, detailed planning of
data ingestion and establishment of integration pipelines that
allow for timely model training and evaluation, and a Data
Lake that can accommodate the ingestion of new data types
as needed. The core components therefore comprise Data
Governance, a Data Lake, a Data Warehouse, and Predictive
Modeling for Clinical Insight Generation.

Predictive modeling capabilities supporting the
translational pipeline from population health to precision
individual care characterize the Predictive Health Data
Architecture. A proven Ability to deliver timely, reliable
clinical insights directly to decision-making personnel and
processes is essential for the meaningful modeling of health
and treatment-related phenomena. Predictive insights that
help guide healthcare delivery and enable effective
population health management warrant prioritization,
drawing directly on the available resources. The evolution of
Analytical Server capacities and the establishment of a secure
Data Lake for experimental work must be closely
coordinated. Well-planned population health research
contributes to model development and evaluation, leading to
the identification of relevant clinical insights for timely,
accurate population health reporting.
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