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Abstract

Healthcare predictive analytics involves the integration of large data volumes from
heterogeneous sources together with Al algorithms to yield predictions in the form of risk levels,
timelines, or progression forecasts. The ClintelliBase architecture synthesizes these components
to formalize the entire predictive healthcare lifecycle and its generalization into other healthcare
domains. It encompasses data ingestion, governance, compliance, security, storage, analysis,
external client access, and the execution of predictive models. The proposed predictive
healthcare methodology complements the formative work, empowering the ClintelliBase
architecture to address predictive healthcare as a whole.

Formative work developed predictive models for hospital readmission risk and disease
progression forecasting for several diseases, converging the findings with that of other works and
the underlying architecture to provide a comprehensive overview. Altogether, predictive
healthcare has been demarcated into a dedicated natural SLOPE space, establishing supporting
elements relative to the two specific innovations on error and clinical utility.
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1. Introduction

Healthcare data are continuously accumulating in vast quantities, united by an extensive
network of computers and devices. Pinnacle technologies in telecommunications, computing,
and medicine are producing new types of medical data at blistering speeds. Moreover, the timely
integration of such widely diverse datasets and their further exploitation with Al techniques over
the data lifecycle remain immense technological challenges. Al can potentially make use of these
infrastructures for powering predictive medicine in an unprecedented scale, leveraging predictive
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models that can timely and accurately anticipate patients’ disease conditions. However, timely
predictions across various time horizons are still missing in predictive medicine.

Such timely medical predictions, together with clinicians’ main needs, are the
fundamental drivers behind ClintelliBase, a Big Data architecture integrated with Al services
designed for predictive healthcare and tailored for real environments of complex clinical
operations. The first challenge is to efficiently host the diverse data sources that can enable
predictions with future clinical utility. The underlying assumption is that the integration of Big
Data from numerous hospitals will enhance predictive power, supporting the Al hypothesis that
more data are better. Whether such integration indeed leads to better predictions remains to be
empirically assessed at each temporal horizon, but the hypothesis is that integration should
improve predictive medicine driven by generalized machine learning.

Conceptual Readmission Risk Decay Across Time Horizons
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2. Theoretical Foundations of Al-Driven Predictive Healthcare

Although artificial intelligence plays a crucial role in several healthcare applications such
as clinical images and patient records processing, operational management, and medical data
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safety and security, the peak of its contribution is evident in predictive healthcare. Al,
particularly machine learning, feeds on sufficient and appropriate data to deliver high accuracy,
reliability, and robustness.

Therefore, the demand for a unified data architecture that integrates diverse healthcare
big data sources aligned with predictive analytics requirements and the desired level of
prediction utility becomes paramount. Predictive healthcare moves beyond the routine prediction
of readmission, mortality, or rare disease occurrence in a human subject, representation of
clinical risk factors in a target population, or detection of input feature influences on the outcome
to include prediction of a probable adverse condition profile of the patient at a given point in
time, during the following day, week, month, or season in a secondary fusion matrix, and
forecast of disease progression through the life span of an ailment or the probability profile of a
patient undergoing disease progression during a temporal horizon.

The success of predictive healthcare using Al is marked not merely by the achievement
of high accuracy but by its clinical utility: a putative technological tool would enjoy acceptance
only when its predictions materially assist healthcare practitioners in effective clinical decision-
making at some level, aim for timeliness of prediction, and synchronize the output with the
clinical action required. Although predictive accuracy is important in healthcare-oriented
prediction problems, the expected accuracy with respect to clinical actionability depends on the
action performed and the action perceivable by the model in the respective clinical profile at any
particular point in time.

A comprehensive overview of ClintelliBase—the underlying data architecture necessary
to achieve such predictive healthcare—is presented in this section and the associated case
studies.

2.1. Foundational Concepts in Al-Powered Predictive Medicine

Predictive medicine leverages Al and machine learning to foresee disease onset,
progression, and patient outcomes, supporting early prevention, timely intervention, and optimal
treatment choice. These predictive capabilities remain underexplored but critical for holistic
patient care. The growing clinical deployment of Al systems underscores their relevance,
alongside increased data availability and ubiquitous sensing capabilities.

Machine learning, comprising supervised, unsupervised, and reinforcement learning
paradigms, excels at data pattern extraction and inference. Supervised learning models are
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conventional for predictive tasks, but unsupervised learning categories emerging techniques
within detection, clustering, and representation learning. Predictive medicine implicitly
acknowledges clinical significance but lacks defined practical criteria typically adopted for
machine-learning models. A subset of predictive systems incorporate clinical utility assessment
alongside accuracy, achieving consideration beyond academic settings.

Clinical Decision
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Fig 1: Al And Predictive Analytics In Healthcare
3. Methodology

A system engineering methodology underpins this research initiative, spanning the entire
data lifecycle involved in predictive healthcare analytics. The process commences with the
consolidation of the ClintelliBase big-data ecosystem and continues with the development and
real-time deployment of an Al-driven predictive healthcare model, culminating in an evaluation
of its prediction capabilities and long-term integration within healthcare operations. The two
critical steps found in most analytics projects—model development and evaluation—are
subsequently divided into four sub-steps each, leading to the establishment of an exhaustive
evaluation plan. The development and validation of readmission risk prediction models serve as
the first comprehensive use case for the ClintelliBase architecture.
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A set of tailored methodologies then support the underlying architecture and the
predictive models' calibration, evaluation, and validation. Specific performance indicators
provide a multidimensional view of the models' capabilities, including predictive quality,
reliability, robustness, fairness, and overall clinical utility. Furthermore, a user-oriented testing
methodology mimics the interactions of clinical staff and incorporates practical scenarios during
system deployment. The ClintelliBase architecture's integration with the EnTrust framework
formalizes ongoing operations, ensuring secure, private, fair, and trusted Al analytics within the
healthcare context.

Equation A. Readmission risk probability equation

The readmission-risk prediction and probabilistic outputs for future healthcare events. A standard
binary-risk equation is:

z = Po + P1xy + Boxy + -+ Prxy
Here:

e Xx1,X,, ..., X, are patient features such as demographics, labs, discharge variables, and
history

e [, isthe intercept
e 3, measures how strongly feature x; influences risk

A linear score z can be any real number, but a risk probability must lie between 0 and 1. So we
transform z using the sigmoid:

_ 1
T 14e

p

Substitute z:

1
p= 1 + e~ Bo+Pax1++Pnxn)

This is the final event-probability equation for readmission.
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Why this form is used
1. Start with a weighted sum of predictors:
z=Po+ Xz Bix;
2. Convert that score to odds:
odds = e”

3. Convert odds to probability:

odds
1+odds

4. Replace odds with e?:

eZ
1+e?

p:

5. Divide numerator and denominator by e?:

1
p=

T 14eZ
3.1. System Architecture and Data Flow

A System Engineering and Data-Centric Big Data Lifecycle Methodology Guides
Development of ClintelliBase

The architecture of ClintelliBase is designed to integrate large volumes of
heterogeneous health-related data from multiple sources into an optimized big data
ecosystem and analysis platform that will support numerous predictive healthcare use cases.
A generic data lifecycle ascribed to big data, starting with Introduction/Ingestion and
continuing through Preparation, Storage, Analysis, and Use and Impact, is used to outline
the required systems and services. Although the precise flow of real data is complex and
continually evolving, it essentially follows the five interconnected steps of Assured
Acquisition, Sensor- and Data-source-specific Preprocessing, Big Data Layer (BDL) Storage
Management, Adding Intelligence, and Believing the Prediction.—Camara et al.
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The Input, Ingestion, and Acquisition Workstreams providing data to ClintelliBase are
also formalized, including major sources, roles, purpose, physical storage, acquisition
mechanisms, expected frequency and timeliness, related data protection measures, semantic
interoperability, and additional treatment needed during or after loading. Input data can be either
original or derivative. Supporting models, primarily in the Assured Acquisition workstream,
represent the desired Trusted Data Sources and Applicable Guided Data Sources 121 flow
pathways, connecting ongoing data generation sources with ClintelliBase data-flow
requirements.

4. Objective of the Study

ClintelliBase integrates disparate healthcare Big Data and establishes a robust
architecture for Al-powered predictive analytics. It streams processed data into ClintelliBase,
where data integration strategies unite data from diverse sources. Proposed Al models use
dedicated features drawn from ClintelliBase, and model performance informs medicine's Al
predictive capacity. The architecture's objectives are threefold: consolidate Big Data for
predictive analytics; harness Al techniques for predictive outcomes; and promote Big Data
technologies to enhance predictive healthcare. Research questions centre on ClintelliBase's
creation as a converged base for predictive analytics, realising predictive models of readmission
risk and disease progression for selected diseases, and augmenting predictive accuracy and
timeliness, as well as clinical decision support.

Healthcare Al is an emerging domain. Many research initiatives centre on developing Al
models that learn from historical patient data to produce clinically relevant predictions regarding
disease, risk, prognosis, or treatment outcome. Despite sustained effort, these models often have
limited clinical uptake. Several related factors negatively affect predictive maintenance and
deployment. Healthcare Al is an emerging domain. Many research initiatives centre on
developing Al models that learn from historical patient data to produce clinically relevant
predictions regarding disease, risk, prognosis, or treatment outcome. Despite sustained effort,
these models often have limited clinical uptake. Several related factors negatively affect
predictive maintenance and deployment.
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4.1. Aims and Goals of the Research

The primary aim of the work is to contribute towards an integrated architecture that
minimizes the formal steps involved in the use of predictive models for clinical actions such as
patient readmission and disease progression. A designated architecture should provide the data
foundation required by a growing number of predictive models while offering the required
analytical capabilities in a way that integrates data generation and consumption. Indeed, the
absence of a persistent predictive healthcare platform is frequently identified as a major obstacle
to the integration of predictive healthcare into routine clinical practice. The research questions
guiding this study are as follows: what constitutes an architectural foundation for predictive
healthcare? What level and form of integration are required to support artificial intelligence-
driven predictive healthcare? What are the promising large datasets whose integration and
interoperability are fundamental to attaining these objectives? Who are the stakeholders
involved?
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The work is intended to address a difficult research problem known to have extensive
real-world significance and an urgent practical need, namely the population-scale integration of
large heterogeneous datasets suitable for predictive modeling and the resulting capability gains
with regard to predictive accuracy, timeliness of prediction delivery, and support for clinical
decision-making. The objective is not to fulfill these goals in any manner but rather through
logical integration that minimizes the manual steps necessary to deliver the predictive model
input and output.

Radiologist

Bio-
speciment

-------------

Fig 2: Al and Blockchain Impact Big Data Analytics in the Healthcare Industry

5. Research Summary

The ClintelliBase architecture provides the foundation and supporting mechanisms for a
comprehensive ecosystem enabling predictive healthcare analytics. A summary of the
component landscapes, data flow patterns, and findings to date highlights the system and the
effectiveness of the supporting methods.
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ClintelliBase is an integrated big-data architecture designed for predictive healthcare
analytics leveraging Al, machine learning, and Al technologies. Stakeholders include healthcare
institutions, practitioners, patients, researchers, and policy makers. Datasets currently integrated
include those supporting readmission risk prediction, disease progression forecasting, and
regional disease mapping. Analytical pipelines are being developed to predict the onset-time of
Chronic Kidney Disease, support Diabetes mellitus Disease progress forecasting, and predict
Seasonally Affected Disorders. Dedicated methodologies and performance metrics have been
devised to enable external validation in terms of predictive accuracy, timeliness, and clinical
decision-support utility.

Equation B. Multi-horizon prediction equation
The temporal horizons: 30 days, 90 days, 6 months, and short-/medium-/long-term progression.
For horizon-specific prediction:
ph=PY,=11X)

where:

e h = prediction horizon

e Y, = 1 means the event occurs by horizon h
Using logistic form:

B 1
Pr=Trem
with
Zp = Bon + BrnXs + -+ BunXn
This means each horizon can have its own model.
So:

e 30-day model:

1
1+e~%30

P30 =
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e 90-day model:

1
Poo = Tie=za0

e 180-day model:

1

P1so = T .=71s0

5.1. Comprehensive Overview of ClintelliBase Architecture

ClintelliBase Architecture ClintelliBase is an architecture designed for big data
integration and Al-based predictive analytics. Presented in a high-level diagram, the architecture
illustrates four data flows: (i) data acquisition for ingestion into the architecture; (ii) data
analytics by AIML entities; (iii) resulting predictive products; and (iv) application of outcomes
into healthcare practice.

Big data technologies allow for massive and heterogeneous data integration, paving the
way for predictive Al. Recent studies have argued that the reliability and quality of predictive
outputs depend strongly on the quality of their input features. In a clinical context, these features
can be derived from a myriad of sources (e.g., external, publicly available, or generated by third-
party vendors). Nevertheless, existing applications often do not leverage this wealth of available
data due to the accompanying needs for identification, cleansing, transformation, enrichment,
and/or combination. Addressing this gap, the ClintelliBase architecture makes available these
underlying data, identification, and requirements for consumption by downstream AIML models.
Yin et al. assert that the improvement in Al outputs comes not only from the Al itself, but also
from the Internet and the wealth of data that it provides. ClintelliBase seeks to support this vision
through a tighter integration with additional data sources.

The predictive analytics performed by ClintelliBase focus on anticipating healthcare
events that could impact patient prognosis or quality of care. Users therefore receive predictive
products that present risks of patients experiencing a specific event in the future, with a set of
input features highlighted. The produced probabilistic scores indicate the likelihood of an
individual patient experiencing the predicted event at the aforementioned moment in the future.
Transparency in healthcare is a crucial issue, and from a practical perspective, additional input
features may be obtained and integrated for a particular patient or a group of patients before a
decision-making point, thereby improving the predictive model results.
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Table 1 — Core equations directly related

Topic Main equation Use in article context
Binary risk prediction 1 Readmission risk / event probability
P=1te=
e
Linear predictor z = Bo + B1xq + -+ + Bnx, | Combines clinical features
Precision TP Positive prediction quality
TP + FP
Recall TP Sensitivity to actual positives
TP+ FN
F1-score 2PR Balance of precision and recall
P+ R
Brier score 1 Probability calibration + accuracy
NZ(pi —¥)?
RMSE 1 Regression error
=23 —y)?
N
MAE (\frac{1}{N}Hsum \haty i-y i
MAPE ( \frac{100}H{ NHsum\left \frac{y_i-\naty_i}{y i}\right

Survival / progression

S(t) = P(T > t)

Time-to-event interpretation

Hazard he) = f) Instantaneous event risk
S
Equal opportunity gap TPR, — TPRyg Fairness comparison across groups

6. Architectural Overview of ClintelliBase

The ClintelliBase architecture encompasses numerous components fulfilling a variety of

requirements and serving a range of stakeholders. For better clarity, the architecture is
partitioned into data ingestion, storage and management, and analytics functions. The data
ingestion module defines the processes by which data from internal systems or third-party
sources enter ClintelliBase, allowing for efficient and controlled ingest of large volumes of
frequently released big data.
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Data is ingested in two major ways. First, data is continuously harvested from
transactional source systems using a set of custom ingestion processes designed for dedicated use
on those source databases. These processes efficiently support transfer of large volumes of
frequently updated data. The second source is externally sourced data other than social media
data. Given that these storages are not usually under the direct control of the healthcare provider,
ingesting data from these third-party data providers is a manual process. Such external data
sources are polled at predefined intervals, after which any creative new data released since the
previous poll are imported into ClintelliBase.

Both ingestion mechanisms include a data preprocessing step before transfer of data into
storage management. Using data profiling and validation rules defined in previous phases, these
steps remove or correct any known errors that may affect the quality of data. The preprocessed
data are then stored in the ClintelliBase database using the centralized storage management
schema.

6.1. Data Ingestion and Acquisition

Proposed data ingestion and acquisition workflows are illustrated in Fig 7 . Data
acquisition utilizes simple Internet of Things (10T) sensors responsible for extracting low-level
information from the environment, e.g., atmospheric pressure, temperature, humidity, etc.; and
also incorporates more complex heterogeneous sources such as (i) standard medical databases,
e.g., Medicare, Healthcare Cost and Utilization Project (HCUP), ClinicalTrials.gov; (ii) publicly
accessible datasets associated with topics of interest in the context of COVID-19, the
radiological mapping of neurodegenerative diseases, or the mobility of different populations over
time; and (iii) articles published in scientific journals. The latter sources are acquired via
powerful technigues using heterogeneous and high-dimensional data-processing capabilities,
such as natural language processing (NLP) for full-text publications, and computer vision for
images and videos. 10T sensor data are subject to de-duplication, value imputation, data-
labelling, and standardized product-based processes and data quality assessments. Lastly, the
acquired datasets are curated to ensure conformity with data-management requirements and best
practices.

13|Page



Volume: 01  Issue: 01

RECEIVED: OCTOBER 26 REVISED: NOVEMBER 07

lllustrative Evaluation Metrics Mentioned in the Article

0.8 4

e
o
A

e
S

Illustrative score

0.2 1

0.0~
AUC AUCPR F1 Brier RMSE MAE MAPE
{lower=better) (lower=better) (lower=better) {lower=better)

6.2. Data Storage and Management

A well-defined data storage architecture is the foundation for efficient data management,
facilitating timely data access and exploitation by analytics and Machine Learning (ML)
algorithms. For ClintelliBase, data is managed at three levels: storage schema, metadata and data
management, and data lineage and versioning.

Semantic Data Model and Storage Schema

Data is stored in line with a generic conceptual semantic data model defining the
ClintelliBase system. Data for each logical entity are isolated in specialized data stores using a
tailored storage schema to optimize analytic performance. Data stores are linked through foreign
keys and realized using SQL for relational databases, Parquet format for Hadoop-based systems,
or ES for document-oriented stores. Each data store can be optimized for within-store queries or
multidimensional analysis at the risk of impeding opposite query types. Storage and indexing are
tuned according to data characteristics, access patterns, and volume, with careful management of
compression settings.
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Metadata Management

Metadata management enables data discoverability, extraction, understanding, and
exploitation. A comprehensive metadata repository details each data store and its contents, data
dependency relationships, data producers, data consumption frequency, data freshness,
conditions for exploiting data, and syntactic and semantic structure. Metadata are updated
automatically during data execution, augmented through periodic queries assessing records, and
completed through a combination of static and dynamic methods. Additional indicators measure
data fitness for particular models, including temporal correlation, missing probability, and
univariate discretization. Integrating these indicators into data provenance expands traditional
concepts, with training, testing, validation, and application data identified and enriched through
model metadata.
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Fig 3: Healthcare 5.0-Driven Clinical Intelligence
7. Interoperability and Standards in Healthcare Data

Privacy, security, and compliance with regulations governing the collection and storage
of sensitive personal information are paramount in healthcare applications. Healthcare data is
nearly always governed by confidentiality, privacy, and data protection regulations such as
HIPAA or GDPR. Therefore, access is restricted to a subset of the application users. The security
framework incorporates multilayer access control to manage data access at different levels and
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for multiple user groups, such as health administrators, analyzers, and model providers.
Auditability is critical in ensuring compliance with privacy and security regulations.
Consequently, audited attribute storage tracks all data changes, including who made what
changes, what data was changed, previous values, and change timestamps.

Semantic interoperability is enabled by employing structured data models based upon a
specialized healthcare ontology. Where required, dictionaries supply standardized business
semantics to the data model. When engaging with unconsolidated or raw data sources, processes
assign standardized terms based upon business rules. For example, when reading address-related
information from the Australian Bureau of Statistics Census Database, it is assigned terms from a
corresponding dictionary that adheres to Australian Address standardization. In such cases,
external mapping services are contacted to validate and, if possible, rectify the information with
the address business semantics.

7.1. Data Privacy, Security, and Compliance

Privacy, confidentiality, security, risk, and regulatory compliance are paramount in
healthcare services and predictive healthcare. Pragmatic clinical Al systems must meet ethical,
legal, cultural, and institutional policies and regulations, include best practices and guidelines for
responsible Al, and comply with relevant legislation such as the Health Insurance Portability and
Accountability Act Privacy Rule for patient and medical data privacy and security. Predictive
healthcare based on ML predictions must additionally feature appropriate risk- and public-
policy-oriented assurance. Development policies, processes, and supporting software libraries
must address these requirements and associated issues.

Controlling access to patient data throughout the Al and predictive-model-life cycles is
central to addressing privacy and confidentiality issues. Security mechanisms (such as encrypted
communications, controlled network architecture, strong user authentication and authorisation,
and remote-access logging) help ensure that predictive-services-internal data retained within
stored readmission risk, progression-of-change, and other non-virtual clinical-data repositories
does not become public. However, controlling access to such data bots remains fundamental.
Predictive healthcare must document such controls effectively so that internal and external test
cases can practically simulate proper clinical Al operations involving patient data access and
associated risk compliance.

7.2. Semantic Interoperability and Ontologies
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Achieving semantic interoperability remains a considerable challenge due to the
complex, heterogeneous nature of healthcare data produced and stored in information systems.
Ontologies provide an effective solution to modelling and defining the domain knowledge, and
to achieve semantic interoperability. They also yield significant benefits in enabling machine-
readable specification of data schemas in order to facilitate and automate machine learning
model training and validation, and to establish a robust data integration and analytics capability.

In predictive healthcare, suitable ontologies for key clinical domains must be identified
and relevant key concepts modelled, and for concepts that risk being insufficiently defined
within existing ontologies or that could benefit from such definitions, an additional ontology
must be created. Standardized clinical terminologies such as SNOMED CT can be employed to
annotate the domain ontologies. Where no appropriate ontological source or mapping exists,
correspondences must be created to semantically link to input data sources. The development of
reliable, Al-ready models can be further streamlined by expressing training and validation data
requirements as machine-readable queries.

Equation C. Disease progression probability equation

For disease progression forecasting, a standard smooth risk-growth function is the logistic
growth form:

PO = e

where:
o t=time
e t, = midpoint time where progression chance is 50%

e k = steepness of progression

Step-by-step derivation idea

Start from the assumption that growth rate is proportional both to current progression and
remaining progression capacity:

18| Page



Volume: 01 Issue: 01

RECEIVED: OCTOBER 26 REVISED: NOVEMBER 07

Z—IZ =kP(1-P)
Separate variables:
d—P =kdt
P(1-P)
Use partial fractions:
1 1 1

PA-P) P 1-P
So:

(1+ 1 )dP—kdt
P 1-—P -

Integrate both sides:
1 1
deP+fmdP=fkdt
This gives:
In|P| —In|1 —P|=kt+C

Combine logs:

1 ( F )—kt+C
"\1-p/ "

Exponentiate:

Solve for P:

Aekt
1+Aekt

P = (1 — P)Ae*t P + PAekt = Aekt P(1 + Aekt) = Aekt p =
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Reparameterize constant A = e, then:

PO = T

8. Use Cases and Case Studies

Towards validation and demonstration of ClintelliBase functionality and performance,
predictive models predicting the risk of hospital readmission following heart attack and
forecasting the progression of COVID-19 disease have been built and are detailed in this section.
The corresponding Al engines, built and validated as separate readmission prediction and disease
prognosis modules, are integrated and deployed to support an operational proof of concept within
clinical settings.

8.1. Predicting the Risk of Readmission Following Myocardial Infarction

As it is a relatively common occurrence, hospital readmission for heart failure within 30
days of discharge has been proposed and established as a core quality measure for heart failure.
Studies have shown that factors affecting readmission can be categorized into those that relate to
the index hospitalization, those that exist prior to the index hospitalization, and those that occur
following the discharge. Predictive models have been developed to estimate the risk of a patient
being re-hospitalized within 30 days following discharge for acute myocardial infarction or heart
failure. The features of these models encompass demographic, medical history,
echocardiography, laboratory, and discharge characteristics.

Methods involving the generation of multiple candidates using arbitrary choices, choice
of the “least useful” feature, the addition of candidate features, and bagging or full ensemble
search help reduce concerns raised with single models. Fairness concerns are addressed
following a range of techniques, including resampling, equalized odds, and the addition of
sensitive attributes. The predictive performance improves steadily as more external sources are
introduced, and localized models address the simple fact that readmission is not homogenous
across clinical practice patterns, social surround, and geography. Integrated models also utilize a
wider feature set and are thus better aligned to clinicians’ needs. The challenge is providing
clinicians the audience they need in a tested, appropriate operational clinical setting.
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Fig 4: Leveraging big data analytics in healthcare enhancement
8.2. Forecasting the Progression of COVID-19 Disease

Several elements are pivotal in forecasting a pandemic’s development, including
accurately assessing states such as peaking, cyclical nature, and endemicity; detecting
geographical hotspots; predicting eventual trajectories; and understanding why some countries
have been more severely affected. Predicting epidemic infected cases many days ahead helps
authorities mitigate the impact on population’s health by preparing healthcare systems and
minimize afflicted individuals and their relatives’ suffering. Forecasting the evolution of the
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COVID-19 disease is vital for governments and healthcare professionals. Several countries’
COVID-19 graphs provide at least three months of data, enabling prediction three months ahead.

The machine learning-based system is composed of: selection of those countries/states
who’ve completed a cycle; construction of a global model based on those countries/states;
construction of individual models for other countries/states; rejection of delayed cases; and
addition of time as a safety feature. Indicative explorations further try to establish whether health
mitigation measures, such as vaccine administration or border closures for infected countries,
affect prediction. A map showing progressive updates about all models’ predictions facilitates
assessment of any effects of climate or seasonality and draws insights about the predictability of
virus behavior. Such forecasting efforts help decision making as new virus strains are discovered
or when other similar viruses emerge.

8.1. Readmission Risk Prediction

An established objective of the ClintelliBase approach is to facilitate the prediction of
healthcare readmission risk in order to deploy timely interventions. Risks of hospital readmission
within 30 days, 90 days, and 6 months are particularly pertinent. Risk of readmission within 30
days of discharge has been associated with impaired quality of care, increased healthcare costs,
repetitive hospitalizations, and death. Readmission risk prediction makes use of the full set of
ClintelliBase data sources to predict the event. Predicting readmission risk beyond 30 days has
proven challenging, attributed to external factors influencing continuity of care. Prediction of 3-
month readmission risk has made effective use of clinically relevant features extracted from
notes.

Data-driven modelling of the risk of hospital readmission within 30 days of hospital
discharge has been supported by traditional machine learning classifiers and strategies that
account for temporal and/or complex relationships among contributing factors, including
semantic features extracted through knowledge graph embedding, multi-objective optimization,
and deep learning techniques. Near-real-time samples have been sourced from a streaming
platform to provide the latest data, enabling the identification of patients at high risk for
readmission and timely intervention.

Fourteen demographics and laboratory tests acquired 48 hours prior to hospital discharge
were sufficient to achieve a reasonable compromise between prediction accuracy and
interpretability using gradient-boosted trees. Identifying abnormalities in laboratory test values
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using interval mapping assisted by automatically generated level 1 readmission risk models
contributed to setting a necessary but insufficient condition for low-risk status.

Conceptual ClintelliBase Component Load Distribution
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8.2. Disease Progression Forecasting

Analyses in the ClintelliBase architecture have established predictive models for disease
progression across time scales. The objective is to inform clinical care and resource allocation by
accurately and timely assessing changes in patient condition. Validation tests have been carried
out for models predicting the temporal metastasis of colorectal cancer and the deterioration of
chronic kidney disease. Ongoing efforts focus on estimating the risk of length-of-stay exceeding
the hospital average 20 days post-admission for COVID-19.

In predictive healthcare, the concept of temporal horizon denotes the moment in time
when predictions are made for a specific prediction target. Based on the instantaneous value of
the input features, a prediction is made for the value it will take after that time. If the target is a
time-to-event, the temporal horizon is a positive number. A disease progression forecasting task
considers several horizons for the same effects for the same cohort. Three distinct time scales are
defined for modeling different stages in the temporal progression of chronic diseases: short-term,
medium-term, and long-term. For each scale, the model utilizes a specific dataset containing
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patients whose clinical records provide an explicit prediction in that horizon. The short-term
horizon corresponds to predictions made at the moment of hospital admission, where the models
operate with a more complete set of features in order to produce prediction capabilities during
the early stages of the disease.

Equation D. Survival and time-to-event equations
The time-to-event disease progression and temporal horizons.

Let T be the event time.

Survival function
S(t)=P(T>1t)

This means the patient has not yet experienced the event by time t.

Cumulative distribution
F(t)=P(T <t)
Since either the event has happened by t or not:

FO)+S@) =1

Thus:
F(t)=1-5(t)
Density form
If F(t) is differentiable:
dF(t)
f@© =—

24| Page



Volume: 01 Issue: 01

RECEIVED: OCTOBER 26 REVISED: NOVEMBER 07

Hazard function

Hazard is the instantaneous event rate conditional on surviving until t:

Why
Because:

Pt<T<t+At|T>1)

h(t) ~ At

Using conditional probability:

P(t<T<t+At)
PE<T<t+At|IT=t)=

P(T>t)
As At - 0,
Pt<T<t+A4t) = f(t)At
and
P(T=t)=S5()
So:
h(t) = ]S%

9. Evaluation and Validation Methodologies

The study introduces new predictive models enabling risk assessment of imminent
hospital readmissions and time-to-event forecasting of severe disease progression. Practical
utility demands rigorous evaluation of prediction accuracy, calibration, and fairness. Healthcare
datasets are typically imbalanced and heterogeneous, exposing models to distorted features,
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labels, or outcomes. New evaluation methodologies address these concerns and instil an
additional layer of credibility through external validation.

Readmission risk quantiles over the predictive horizon are essential for clinical decision
support and personalization of preventive response. The prediction tool developed for 30-day
readmission risk assessment is built on a recurrent neural network architecture and integration of
learnings from multiple models. Readmission predictions are complemented by the Medical
Information Mart for Intensive Care disease progression database, which enables hospitalisation
outcome forecasting over varying temporal horizons. A clinical event-discovery approach
clusters hospitalisations into distinct progression paths for a patient group. The time-to-event
disease progression modelling exercise demonstrates the relation between clinical features and
modelled temporal horizon, while supporting custom predictions for individual patients.

Hlustrative ROC Curve for Readmission Classification

1.0 4 — lllustrative model ROC
- — - Random classifier
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9.1. Performance Metrics for Predictive Healthcare
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Evaluation of predictive models generally combines performance, calibration, fairness,
and clinical utility aspects. Major predictive tasks—classification and regression—typically
adopt Area Under the Receiver Operating Characteristic Curve (AUC), Area Under the
Precision-Recall Curve (AUCPR), Brier Score, and F1-Score metrics for classification, and Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE) metrics for regression. While useful for measuring prediction accuracy, these
performance metrics may not sufficiently demonstrate whether models operate fairly, accurately
representing all demographic groups.

Tests for reliability and robustness of predictive models so far have been mostly tackled
in application-specific ways, comprising domain expertise, out-of-distribution data, adversarial
attacks, interpretability analysis, or other methods. After radiation therapy, the likelihood of
receiving surgery has been estimated using a model having a relatively small AUC of 0.68,
however, the probabilities of model predictions were used to determine health care payment
disparities between Black and White patients. Their conclusions suggest that health care
disparities as measured by the model can be leveraged to assess multiple sources of inequity,
even for variables not being included in its building. Another study performed leave-p-out cross-
validation by conducting the assessment N times, each time validating on a distinct subgroup of
true diseased subjects, considering it a reliability test of predictive soundness even if not
achieving any practical purpose.
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Fig 5: Healthcare Al & Data Platform Architecture

9.2. Reliability and Robustness Testing

Testing reliability and robustness are crucial for Al models used in critical areas like
healthcare, where predictive errors can be highly damaging. Since it is impossible to explore all
possible scenarios during model development, out-of-distribution testing is often employed to
analyze model performance resilience against Heaven-and-Earth type scenarios that can lead to
erroneous predictions. Such testing typically makes use of predominately seen data, information
missing during training or testing, or data exhibiting different characteristics.

Two well-established approaches of out-of-distribution testing have been utilized. In the
first approach, partly seen scenarios make use of the constituents of the available feature space —
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in this case the demographic and clinical features — that are predominant in the training set while
simulating the situation when the remaining features are missing. Consequently, the training
feature set is comprised of demographics and clinical features that are well represented, while the
testing feature set is formed by selecting one of the constituents and examining the behaviour of
the prediction model when that distinctive information is not accessible. Unhealthy patients, i.e.
patients with at least one readmission event, were retained in the test set. Such partly seen
scenarios were rehearsed in other scenarios. In these situations a different set of features that are
well represented is left out, and so on, in a round-robin style. This process was continued till all
features were employed as the sole modelling information, thereby creating a scenario where the
model was functioning in a junto-like mode.

10. Deployment and Operational Considerations

Successful deployment and operationalization of predictive technologies in real-world
environments are critical factors for clinical acceptance. Key aspects of predictive healthcare
deployment and operational considerations include scalability, fault tolerance, ongoing
monitoring and maintenance, and integration and support of active clinical decision-making
workflows. Beyond technical aspects, ethical and governance concerns like responsible Al, risk
assessment, and fairness in clinical usage establish a benevolent organisational framework and
shape community perception.

Real-time prediction applications require the capability to support an operational
environment in which new clinical data points become available for input at any moment and
outcomes must be predicted at sufficiently short notice for them to remain clinically relevant;
predicted outcomes must also be made accessible for clinical consumption within a
corresponding time frame. Relative to these interacting requirements, two potential deployment
patterns exist for the prediction applications: one that requires and enables prediction at arbitrary
points in time, and a second that limits prediction to a specially defined event horizon, which is
thus the only time point at which a prediction must be made. In turn, the set of all input data
features can either be invariant in all deployed prediction pipelines, or can vary across such
pipelines.

Less predictable are considerations of integration and support of active clinical decision-
making workflows. A successful deployment will not merely subject the clinical prediction
output to static evaluation; it will also assist in guiding the clinical decision-making process; it
will strive to subject the prediction to just-in-time clinical scrutiny; and it will operate within a
larger clinical data ecosystem, and thus benefit from predictive features produced elsewhere
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within, even in other prediction applications. Predictive and prescriptive clinical decision support
tools must thus jointly enrich the clinical experience and realise mutual synergistic benefits from
one another.

Table 2 — Symbol meanings

Symbol Meaning

X input feature i

Bi coefficient/weight of feature i

linear score before sigmoid

predicted probability

Z
p
y true outcome
hY predicted numeric outcome

TP true positives

FP false positives

FN | false negatives

N number of observations

T time-to-event random variable

S(t) | survival probability beyond time t
f(t) | event-time density
h(t) | hazard attimet

10.1. Scalability and Fault Tolerance

Predictive healthcare applications are expected to be heavily utilized, with high data
volume and query frequency. Many models are intended to be continuously available across
multiple hospitals, serving a wide range of temporal horizons. Hence, the ClintelliBase
architecture has been provisioned for horizontal scalability and fault tolerance. These properties
can be achieved using distributed frameworks, computing clusters, and cloud deployment.

For specific applications, especially those implemented within hospitals, more localized
deployment patterns may need to be considered to enable low latency and efficient integration
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with existing clinical systems. In these cases, it is important to ensure that the maintenance effort
required to support the operational readiness of the product is not prohibitive. Moreover, the
provision of specialized tooling and collaboration amongst multiple hospitals can facilitate the
seamless development, deployment, governance, and operation of predictive healthcare
applications.

10.2. Governance, Ethics, and Responsible Al

Governance mechanisms guide the development of Al systems actively used in hospitals
or other healthcare delivery settings and comprise the medical-field stakeholders responsible for
ensuring safe, appropriate, and correct adoption within operational procedures. The proposed,
trained, and tested predictive healthcare models, as well as any analytics process impacting
clinical operations, should undergo appropriate governance processes prior to operational use,
acceptance, and integration into information systems, applications, or Decision Support Systems.
The models and processes should also be governed while in use to confirm that results remain
consistent, reliable, and useful for clinical practitioners. The responsible use of Al—defined as
the minimization of bias, reduction of discrimination and unfairness, avoidance of harm,
promotion of fairness, establishment of accountability, assurance of robustness and safety, and
enhancement of privacy—remains a key area of focus.

Bias has the potential to influence model training, development, and eventual error rates.
Bias, which can lead to discrimination and harmful prediction errors, should thus be tracked and
assessed for all modeled classes related to protected aspects such as gender, ethnicity, and age by
using fairness metrics proposed in the fairness literature. The assessment may prompt model re-
training or establishment of alternative solutions to mitigate identified biases. An appropriate
governance mechanism is needed to track, assess, and eliminate bias and resulting unfairness
during model development and operational deployment phases. Other, clear, and well-
communicated accountability structures should also be formed around the models under
consideration. As predictive models are used to guide long-term clinical decisions, such as end-
of-life care and possible intubation, a transparent approach provides clinicians and patients with
reassurance that Al models ultimately support, rather than replace, human judgment. Clear lines
of accountability are thus an essential enabler of appropriate operational use and support by
Decision Support Systems in hospitals.

Equation E. Confusion-matrix equations
For binary event prediction:
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e True Positive = model predicts readmission and readmission occurs
e False Positive = model predicts readmission but it does not occur

e False Negative = model misses an actual readmission

e True Negative = model predicts no readmission and none occurs

These are the building blocks for the paper’s classification metrics.

Precision

TP
TP + FP

This is: of all positive predictions, how many were correct?

Precision =

Recall

TP
TP+ FN

This is: of all actual positives, how many did the model detect?

Recall =

F1-score

Start with harmonic mean:

_ 2 - Precision - Recall

F1=
Precision + Recall
Substitute P = ———and R = ———:
TP+FP TP+FN
B 2PR
~P+R
11. Results
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ClintelliBase provides an integrated architectural framework to facilitate the use of big
data Al analytics for predictive healthcare. Components include data ingestion workflows,
architecture for interoperability, and Al evaluation methodologies, with applications in hospital
readmission risk and disease development prognosis. Key characteristics incorporate a unified
Al-acquisition-validation data lifecycle, compliance with data protection regulation and technical
standards, opportune predictive accuracy with clinical significance and fairness for marginalised
cohorts.

Architecture reinforces the importance of responsible Al considering bias detection and
reference implementation for quality assurance and clinical trustworthiness. Predictive healthcare
resources are made available through ClintelliBase, a big data knowledge ecosystem envisaged
for the healthcare domain. Data-driven inference emerges as the primary paradigm at the
intersection of Al and predictive services. The initial focus is on community-acquired pneumonia
patients, leveraging clinical and social determinants, temporal evolution of conditions affecting
the respiratory system, and multiclass classification to stratify follow-up performance into status
groups.

240444 s LILTM

Fig 6: Al-Driven Predictive Analytics Built for Healthcare
12. Conclusion

Al has made significant advances in predictive medicine by introducing clinical decision
support systems that estimate future events associated with patients and help practitioners deliver
better service through early interventions. Throughout the years, the necessity of building models
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with higher predictive accuracy that also evaluate calibration and fairness has been highlighted.
Furthermore, the concerns of non-clinical practitioners developing models and their applicability
in real situations can be pushed aside if prediction systems are designed and delivered as tools
for enabling clinical staff to leverage such models integrated into software associated with the
daily professional routine.

Such predictive systems are still not widely adopted in clinical practice. The strategy
followed to reduce such gap has been to build an integrated big data architecture capable of
ingesting and managing data from a greater number of sources. Such data can be used by the
combined model that sits on top of the newly integrated ClintelliBase: a Big Data architecture
designed to enable Al-driven predictive medicine using healthcare data collected from multiple
hospitals and sources. The architecture aims to provide data for classifiers and other non-Al
approaches that predict future events from historical records of hospitalized patients. Thus, the
results of the tools presented can potentially improve predictive accuracy and timeliness and
establish more solid clinical decision support systems for predictive healthcare.
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