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Abstract: Scalable architecture principles for data warehousing are introduced to support
population health management and predictive analytics. These principles are validated through the
design of an accompanying Data Pipeline that allows the integration of non-traditional data sources,
the use of real-time data for descriptive analytics dashboards, and support for the generation of
supervised Machine Learning models. Several analytical capabilities have been implemented to
exemplify the practical application of the principles, including predictive models for Risk
Stratification in health care. Optimal cost-effectiveness and performance considerations ensure the
practical relevance of the architectural principles and associated Data Pipeline. In recent years, the
availability of Low-Cost Data Storage services and the increasing popularity of Streaming
technologies opened new possibilities for the storage and processing of Streaming data on a near-
real-time basis. These technologies can help Developing Countries in tackling many relevant issues
such as Urban Planning, Environmental Management, Migration Policies, etc. A multi-tier approach
combining Cloud-based Storage with Data Warehousing and Data Mining technologies can offer an
interesting architecture to exploit Big Data related to populations.
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Data Processing, Cloud-Based Data Storage Systems, Supervised Machine Learning in
Healthcare, Descriptive Analytics Dashboards, Big Data for Public Health, Multi-Tier
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Monitoring, Low-Cost Storage Technologies, Urban and Environmental Data Analytics,
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1. Introduction

Population health management is increasingly facilitated by predictive analytics. A
scalable data warehouse architecture that supports three classes of predictive analytics —
descriptive analytics supported by dashboards, predictive models that determine health
risk stratification, and predictive risk models for the entire population, community, or
health care delivery system —is described [1]. Principles underlying the architecture and
the associated data pipeline are discussed. The operational framework draws from two
major sources: existing systems and predictive analytic research.

The approach emphasizes expanding scalable data warehouses that support new
capabilities, with a focus on predictive analytics that enhance control of associated costs.
Scaling needs are determined by the operational workload, with horizontal scaling
strategies being implemented. Capability-related dimensions define the operational
workload that should be considered for horizontal scaling [2]. Technology patterns are
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identified for an object-oriented population health data model, the data ingestion and
integration layer, and the analytical capabilities that satisfy the requirements for
descriptive analytics and for predictive models. Business-driven cost optimization drivers
support a query optimization pattern for common population health business questions
and a metadata-driven pattern for managing an ever-growing library of business queries,
models, and associated metadata [3].

1.1. Context and Rationale

Population health management aims to improve the health outcomes of a group by
addressing the determinants of health and reducing health disparities among the
population. Predictive analytics plays an important role in population health
management. It enables health organizations to identify high-risk individuals, devise
appropriate interventions, and assess the outcome [4]. Years of population health data are
required for population health management and predictive analytics. A scalable, cost-
effective architecture is required to continuously ingest data from various internal and
external sources and build a population health management system. Despite considerable
research efforts in data models and analytical methods, there is still no comprehensive
discussion of a scalable architecture that can host years of population health data [5]. The
lack of a scalable architecture is one of the main factors behind the slow adoption of
population health management by hospitals.
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Figure 1. Scaling Outcomes: An Elastic Data Warehouse Architecture for Cost-Effective Population
Health Management and Predictive Analytics

The lack of horizontally scalable data warehouses has limited the ability of health
organizations to build data warehouses for population health management. An elastic
data warehouse architecture focusing on population health management and predictive
analytics is proposed that horizontally scales-up and scales-down according to the needs
of organizations and limits operating costs [6]. The architecture incorporates various
architectural principles of scalable data warehousing, proposes a reference data pipeline
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architecture for data ingestion and preparation, and discusses the key capabilities
required for population health management and predictive analytics [7]. The discussion
covers horizontal scalability patterns, query optimization techniques, and recent
developments in data warehouse technology that help reduce operating costs.

2. Background and Related Work

Recent pandemics continue to highlight the urgent need for workforce resilience for
organizational recovery following disruptive events. Improved decision making, real-
time monitoring, and advance warning of emerging problems can facilitate resilience [8].
Organizations that can effectively manage and minimize risk through data analysis are
more likely to adapt, survive, and thrive. In this context, there is increasing interest in
data-driven solutions for building a healthy workforce and developing healthy work
environments and cultures.

Public health agencies, especially those responsible for local governance, are
increasingly seeking to use these new forms of analysis to improve the health of entire
populations and communities [9]. A number of agencies have either established or are
exploring the establishment of a population health data warehouse. Such data facilities
integrate stored, processed, organized, and cataloged wide-ranging streams of primary,
secondary, and social data into a common repository to support extensive analysis
capabilities [11]. However, most of the existing solutions either lack sufficient details or
do not address the population health management facets of data warehousing in adequate
detail.
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Figure 2. [llustrative horizontal scaling curve (near-linear with diminishing returns)

Equation 1: Descriptive analytics (dashboards): KPI equations (derived step-by-step)

A) Rate / proportion KPI (generic)
Step 1: Define the numerator and denominator
° Let E =number of “events of interest” (e.g., readmissions, infections).
e Let P = total eligible population or total cases at risk (depends on KPI
definition).
Step 2: Define the proportion
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Step 3: Convert to percentage
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E
Rate(%) = 100 X p = 100 X

Example: Readmission rate
e E =readmissions within 30 days
e P =discharges (eligible index admissions)

o #30-day readmissions
ReadmissionRate(%) = 100 x

#eligible discharges

B) Trend over time (time-series KPI)
Dashboards often show KPI by time bucket (day/week/month).
Step 1: Partition data into time windows
Let t denote a time bucket (e.g., month).
Step 2: Count within each bucket
e E; =events during bucket t
e P, =eligible population during bucket t
Step 3: Rate per bucket

E;
Rate, = 100 x 7
t

2.1. Overview of Existing Frameworks and Research Trends

Many existing data modeling frameworks are limited to specific application domains
and focus primarily on descriptive analytics. Modi, Ranjan, and Pramanik proposed an
adaptable data warehouse framework for securely managing vast amounts of data
generated by smart cities. The work emphasized the importance of privacy preservation,
as well as the ability to meet the requirements of diverse users [12]. The implementation
of their proposed framework in Oracle 12C supported ad hoc queries, data trends, and
predictions. It was shown that the framework was scalable for cities with millions of
citizens providing different information.

Mevorach, Chaim, and Ben-Ceder provided an integrated approach to solving data
acquisition, caching, search and retrieval, understanding, analysis, visualization, and
automatic recommendations using analytic tools, neural networks, and data mining.
Scaling issues were addressed by implementing all services on Docker containers,
improving efficiency and enhancing user experience [13]. The solution met the
requirements of Small Office Home Office applications operating in a cloud setup. Recent
advances in the healthcare domain have shown a trend toward the use of epidemic models
for risk assessment, and Wilkerson's epidemiological model allows a granule level risk
and exposure analysis for infectious disease, yet it fails to cover broader risk and
noncommunicable disease analysis [14].
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3. Architectural Principles for Scalable Data Warehousing

Effective decision-making for population health management and preventive care
relies on a data pipeline designed to handle high data velocity and volume requirements.
A scalable data-warehousing architecture based on the principles of data modeling,
loading, and integration enables organizations to take a more proactive approach to
population health.

The first step in the proposed approach is the development of a data model to support
data ingest from disparate sources [15]. Data from external data sources, such as
additional organizations, third-party data-analytics vendors, and state or federal agencies,
can then be integrated quickly. The final data model supports the display of descriptive
analytics and dashboards showing the population risk for various diseases to facilitate
preventive care. Components are included in the architecture to manage and monitor the
ingest process and to provide user-friendly engagement with the analytics.

Equation 2: Predictive modeling for risk stratification (math behind “risk scores”)
A) Logistic regression probability (step-by-step)

Goal: predict binary outcome Y € {0,1} (e.g., readmission yes/no).
Step 1: Linear score

Let features be x, x5, ..., x4. Define:

z = Bo + Prxy + Boxz + o+ Baxg
Step 2: Map score to probability using sigmoid

1
1+e2

p=PY =11x)=0(2) =

Step 3: Risk score
The risk score is p € [0,1]. Stratification buckets then follow:
e Lowriskif p <0.2
e Mediumif 02 <p<0.6
e Highif p>06
(thresholds are business/clinical choices).
B) Odds, odds ratio, and “relative risk” (step-by-step)
Step 1: Define odds
If probability is p,

_ P
odds = -5

Step 2: Odds ratio between two groups A and B

_ Pa/(1 —Dpa)

OR =
ps/(1 —pg)
Step 3: Relative risk (risk ratio)

_Pa
Ps

RR

Interpretation
e RR=2means group A has double the risk of group B.
e  These are the quantities typically shown in “relative risk plots” across predictors.
C) Choosing a cut-off threshold (sentry strategy) with sensitivity/specificity
Let a threshold be 7. Predict ¥ =1 if p > 1, else 0.
From the confusion matrix:
e TP =true positives
e  FP =false positives
e TN =true negatives
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e  FN = false negatives
Sensitivity (Recall / TPR)
Sensitivit TP
ensitivity = ———
YSTP+FN
Specificity (TNR)
Specificit i
ecificity = ———
P Y=TN +FP
Precision (PPV)
Precisi TP
recision = ——
TP+ FP
Illustrative cost profile: always-on vs autoscale
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Figure 3. Illustrative cost profile: always-on vs autoscale
3.1. Data Modeling for Population Health

A dimensional model of the entire country, supporting data mining and predictive
analytics, requires modifying the existing schema [16]. The Patient dimension serves as
the most crucial of a set of dimensions whose attributes will find repeated use in several
facts. Healthcare and hospital system collaboration patterns that exist between provider
organizations, physician groups and health insurers appear in a three-dimensional
relationship using Fact_Patient_Hospital_Collaboration,
Fact_Patient_Physician_Collaboration, and Fact_Patient_HealthPlan_Collaboration. The
two-stage snowflake-shape Drives_Industry_Population dimension addresses the
concern that no industry qualifies as a plan sponsor; in retirement living, for example, the
clients prefer a middling balance sheet.
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Figure 4. Nationwide Dimensional Architectures: A Multi-Fact Schema for Predictive Analytics
and Exploratory Regression in Healthcare Ecosystems

Besides the dimensional model with numerous facts for supporting descriptive
analytics, the requirement for bulk fuels predictive analytics and a broader set of
exploratory analytical processes capable of uncovering patterns for further investigation
[17]. Multiple analysis sets must therefore be fleshed out by alternative approaches to the
same problem. Choosing predictive-modeling ideas for optimization makes it essential to
identify key variables with the power to Impact multiple populations [18]. These key
variables must capture the attention and imagination of analysts and serve as flagpoles
for further investigation.

The exploration enlarges the data scope. The extended view joins the Population Fact
data sources with a new Data_Mining_Exploratory_Regressions_fact and the master set
of Data_Mining_Supporting_Covariates designed to provide descriptive tools to seo 2018
advertising strategy insights [19]. Seeking to minimize useless metadata narrows the
parameter-searching choice to a mod slim to go for it.

3.2. Data Ingestion and Integration

Ingesting data from diverse sources—operational databases, distributed file systems,
web-services APIs, and enterprise data warehouses—requires supports for both
streaming and batch processing. Streaming ingest is managed by a Lambda architecture
that combines a speed layer (Apache Kafka) with a serving layer (Apache Cassandra). For
batch ingest, ETL jobs in Airflow populate a multi-tenant, enterprise data warehouse in
Snowflake [20]. Supporting population health management entails deriving risk factors
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and other analytical attributes from raw data and loading these into a warehouse for batch
or near-real-time access.

A growing range of initiatives focus on expanding the ability of health organizations
to better manage the health of populations [21]. Transforming clinical data into machine
learning-ready data sets enables hospitals and care team members to deploy risk models
and advance predictive analytics in Care Management and Population Health teams at
multiple sites. Yet, such data engineering often remains occurring only at a single local
site.

4. Data Pipeline Architecture

Several data-processing units implement a microservices-oriented architecture to
successfully realize the aforementioned data ingestion and integration strategy [22]. The
units leverage open-source components and cloud-native design principles to enable
efficient streaming and batch-processing operations while ensuring quality of service
through a combination of metadata management, orchestration, and monitoring.

1. Streaming and Batch Processing

Various systems are deployed to load data from the source systems and prepare it
for analytics. For real-time data loading, a Kafka streaming-based solution orchestrated
by Debezium continuously ingests event-driven change-data-capture messages from the
source transactional databases [23]. This data flow integrates heterogeneous data sources
such as MySQL, PostgreSQL, and a software-as-a-service solution using webhooks and
Kafka Connector APIs. Data quality and business rules are validated prior to storage in
the web-dedicated staging database, which serves both streaming and batch-processing
applications [24]. A separate Kafka flow and Spark job ingests data daily from non-
transactional source systems. This batch-processing solution [25]. manages complex
refers-to relationships in the underlying data by relying on a custom metadata repository
that drives the data preparation and ingestion process.

2. Metadata Management and Orchestration

In addition to ensuring data quality, metadata information strengthens data
preparation and speeds up the data-loading operations [26]. A proprietary metadata-
management solution provides a high-level business view of all source, transformed,
quality-validated, and reference tables in the entire pipeline. This repository, now in
production, replaces hard-coded table names and related information across the
components and services that make up the data-management ecosystem [27]. It provides
additional quality metrics that add assurance to the data pipeline and constitutes the main
driver of the data orchestration layer [28].
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lllustrative descriptive dashboard KPI: readmission rate by region
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Figure 5. [llustrative descriptive dashboard KPI: readmission rate by region

Equation 3: Cost-effectiveness / operating-cost equations (autoscaling vs always-on)

A) Always-on cost (step-by-step)

Step 1: Define capacity and price
e  Provisioned capacity Cpax (sized for peak)
e Unit price r (cost per capacity-unit per hour)
e  Runtime horizon T (hours)

Step 2: Always-on cost

COStalways =7 Chpax" T

B) Autoscale cost (step-by-step)
Step 1: Define required capacity over time
Let workload-utilization (or required capacity fraction) be u(t) € [0,1].

Cct) = max u(t)
Step 2: Integrate cost over time

T T

Costyye = f r-Ct)dt = f 7+ Cpax - u(t) dt
0 0

Step 3: Discrete (hourly) version used in practice
If measured hourly t =1, ..., T:

T

COStauto = Z r- Cmax “ U

t=1
Step 4: Savings

. COStautO
Savings(%) = 100| 1 — ——

COStalways

4.1. Streaming and Batch Processing
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The ingestion of data from heterogeneous sources, ranging from real-time streaming
to batch processing, is a common challenge in building a population health data
warehouse [29]. The availability of large-scale cloud data storage and processing services
such as Amazon S3, Azure Data Lake Storage, [30]. and Google Cloud Storage enables
secure and cost-efficient storage of all types of data. Streaming services such as Amazon
Kinesis Stream and Google Pub/Sub have made it easy to create real-time applications
that can simultaneously ingest multiple data streams [31]. The data from different sources
differ in delay tolerance, data freshness requirement, and update frequency [32]. Data
lakes are effectively used to ingest additional sources of data that are rarely used in most
of the population management use cases but may unlock additional insights for posterior
analysis or training of more accurate predictive models. Modern systems provide the
capability to store data in a serverless manner allowing to move the responsibility of
infrastructure management to the cloud provider, resulting in a cost-effective solution to
maintain [33]. Data can be made accessible in streaming manner through systems such as
Amazon Glue, Apache Hive, Google BigQuery, and Snowflake that automate the work of
schema inference, creation and maintenance of the metadata catalog, data partitioning
and making the data accessible through a serverless manner and at scale.

The ingestion of data from heterogeneous sources, ranging from real-time streaming
to batch processing, is a common challenge in building a population health data
warehouse [34]. The availability of large-scale cloud data storage and processing services
such as Amazon S3, Azure Data Lake Storage, and Google Cloud Storage enables secure
and cost-efficient storage of all types of data [35]. Streaming services such as Amazon
Kinesis Stream and Google Pub/Sub have made it easy to create real-time applications
that can simultaneously ingest multiple data streams [36]. The data from different sources
differ in delay tolerance, data freshness requirement, and update frequency [37]. Data
lakes are effectively used to ingest additional sources of data that are rarely used in most
of the population management use cases but may unlock additional insights for posterior
analysis or training of more accurate predictive models [38]. Modern systems provide the
capability to store data in a serverless manner allowing to move the responsibility of
infrastructure management to the cloud provider, resulting in a cost-effective solution to
maintain [39]. Data can be made accessible in streaming manner through systems such as
Amazon Glue, Apache Hive, Google BigQuery, and Snowflake that automate the work of
schema inference, creation and maintenance of the metadata catalog, data partitioning
and making the data accessible through a [40]. serverless manner and at scale.

4.2. Metadata Management and Orchestration

Orchestration is the process of managing complex collections of tasks and services
that interact with each other [41]. External metadata is the information that operations,
such as validation and monitoring, services, such as storage and analytics, and users
require in order to leverage the data stored in a data lake or data warehouse [42]. Metadata
refers to the data about the data. It can include descriptions of the data sources, elements,
types, and structures [43]. Metadata provides information about meaning, quality,
condition, timeliness, origin, and other characteristics of the data [44]. Metadata helps
users locate, understand, and effectively use data.

Data pipeline orchestration automates the management of data pipeline tasks such
as scheduling, managing dependencies, triggering data transformations, and
summarizing pipeline health. One of the major benefits of a data pipeline orchestration
system is scheduling [45]. It allows processing tasks to be scheduled in a flexible way that
isn't restricted to a certain time frame. Orchestration engines schedule tasks based on
events such as the arrival of new data. They handle dependencies, notifications, and
warnings to inform users when things go wrong. Data pipeline tasks require the support
of orchestration engines for process deployment and management [46]. Orchestration
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metadata may reside in a relational database [47]. Supporting an API for monitoring
allows users to retrieve the status of jobs and execution logs.

Hour Utilization (fraction) | Always-on cost (units) | Autoscale cost (units)
18 0.85 100 90
19 0.7 100 75
20 0.55 100 60
21 0.38 100 43
22 0.25 100 30
23 0.18 100 23

5. Analytical Capabilities for Population Health

Effective population health management necessitates sophisticated analytic
capabilities that extend beyond data collection and storage. In addition to enabling
descriptive analytics and the delivery of dashboards for empirical decision-making, a
comprehensive architecture should support predictive-modeling tasks [48]. Risk
stratification analytics that evaluate past utilization levels of defined cohorts provide an
important data source for forecasting and predictive tasks. Routine integration of
population health utilization data enriches predictive models and produces risk scores
that can be viewed through dashboards [49].

A common challenge with risk models for population health is the limited timeframe
for modeling due to the absence of prospective patient-travel patterns [51]. Networks
examining a relatively small geographic area typically benefit from enhanced predictive
accuracy due to the continuity in healthcare utilization by population groups [52].
Obtaining an accurate utilization profile of a cohort enables the use of consumption data
for modeling and subsequent forecasting. Descriptive analyses performed earlier facilitate
the effective segmentation of a high-risk cohort and may therefore support effective
targeting for outreach investments [53].

Equation 4: Horizontal scaling equation (throughput vs number of nodes)

A) Ideal linear scaling
If 1 node processes X; events/sec, then N nodes ideally:

X(N)=N-X,

B) More realistic: diminishing returns due to coordination/shuffle
Introduce efficiency n(N) € (0,1]., decreasing with N:

X(N) =N-X;-n(N)
A simple form:

1

") == D

5.1. Descriptive Analytics and Dashboards

Dashboards facilitate monitoring of key performance indicators (KPIs) and emerging
trends [55]. These may include vaccine coverage status by age group and other
characteristics, Covid-19 infection and mortality rates by population strata, or healthcare
access reduction over time for vulnerable groups.

Geo-spatially enabled dashboards must also be designed to help local decision-
makers visualize the historical impact of developmental and health supply-side
circumstances or recent investment plan actions on health and socio-economic KPIs [56].
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Dashboards are also needed on population event predictions, and outcome risk
stratification at various geographic scales; they must allow stratification by coverage, risk,
and vulnerability conditions [57]. Desktop dashboards may be developed for specialized
users, to support predictive model development or for outbreak forecasting based on
various event predictors.
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Figure 6. Spatio-Temporal Intelligence Dashboards: Integrated Risk Stratification and Predictive
Analytics for Evidence-Based Health Policy

5.2. Predictive Modeling and Risk Stratification

Predictive analytics--the making of predictions about future outcomes based on
historical and existing data--is increasingly common in business, healthcare, public health,
and many other fields [58]. The applicability of quantitative predictive models to large-
scale public health processes, such as health-related quality-of-life determinants, risk
factors for select diseases, problems under other mental health conditions, hospital
mortality, and mortality across the continuum of care, is also well documented [59].
Within the population health domain, predictive methods can be applied to risk
stratification by developing predictive models for a specific outcome of interest (e.g.,
hospital readmission, disease outbreak) with recognized covariates associated with that
outcome [60]. The models are then used to calculate the underlying absolute or relative
risks for new or non-identified patient populations, patients at an increased risk
regardless of the predictive horizon, and potential risk factors to target [61].

Predictive modeling frameworks generally share a distinct characteristic: the
depiction of the specific population of interest for modeling. Population health predictive
models often use longitudinal data for prediction, such as multi-year patient records at
the individual level or population-level data for a smaller geographic area. The general
method for longitudinal prediction involves associating the longitudinally accumulated
patient information with a singular incident of a health event. Longitudinally completed
predictors can be considered the main building block for longitudinal prediction [62]. A



Bindu Madhavi Mangalampalli

13 of 18

distinct health population model is summarized using literature knowledge: relative risk
plots across the multiple predictors, an optimal cut-off point of the relative risk for a sentry
strategy, and the acknowledgment of limitations and future exploitation of each health
predictor [63].

Month North Central South
Jan 14.7 16.2 18.0
Feb 13.6 15.7 17.2
Mar 13.6 15.5 17.5
Apr 13.6 14.9 16.5
May 13.0 155 17.7
Jun 13.1 15.1 16.9

6. Scalability, Performance, and Cost Optimization

Scalability, performance, and cost-effectiveness are critical considerations for almost
any warehouse implementation [64]. Horizontal scalability matters most when dealing
with continuously accumulating data, while cost-effectiveness becomes especially
important for workloads that do not demand always-on resources.

Several horizontal scalability patterns have been documented in current literature,
and these patterns can also be beneficial for warehouses used in population health
management [65]. A batch-mode data ingestion pipeline offering scalability in write
operations is a key requirement. Enabling auto-scaling where supported is a crucial cost
optimization measure for cloud-hosted solutions [66]. Within the analytical pipeline,
embedding support for partitioned execution can reduce the overall cost of analytic
workloads. Other factors affecting horizontal scalability include the choice of compute
engine and orchestration strategies [67].

The cost of accelerating performance-critical analytic workloads can also benefit from
established techniques [68]. Query optimization principles that minimize the volume of
cross-partition data movement are paramount. Query processing engines often support
materialized views that can be employed to increase performance while maintaining cost-
effectiveness. Partitioned materialized views further reduce the freshness and storage cost
trade-offs for view maintenance.

Equation 5: Materialized views / incremental refresh (query optimization)

Suppose a dashboard needs an aggregate:

A= f®

iEbase
If only a small delta 4 changes, do:
Step 1: Split base into unchanged + changed

A = A= ) fD+ ) fO

iea~ ieat
e  A7:records removed/invalidated
e  A*:records inserted/updated
Step 2: Complexity benefit
e  Full recompute: O(|basel)
e Incremental: 0(|4]), with |4| < |base|
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Illustrative bar diagram: risk stratification distribution
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Figure 7. [llustrative bar diagram: risk stratification distribution

6.1. Horizontal Scalability Patterns

Requesting a section of scholarly writing from an academic work one portion at a
time. A previous completion provides the next section.

While Hadoop clusters leverage the distributed file store and parallel processing
capabilities, streaming data processing requires dedicated horizontal scaling for
burst traffic. A burst in incoming requests may occur when the population
completes a survey or national healthcare datasets are released. Scalable ephemeral
infrastructure provisioning reduces costs, retaining only minimal273 support
instances [69].

Social networks are key drivers for population interventions. A public campaign may
aim for sexual health, stopping smoking, or increasing flu vaccination and send a message
on every channel of a multiple-channel marketing strategy273,274 [70]. There is a need to
continuously process data for strategic planning, refinement of algorithms, and for change,
correlation, and influence analysis.

Population health prediction incorporates social factors through the analysis of user-
generated data on online social networks275,276. Social network users regularly disclose
sentiments on their health and record life events. [71]. The prediction capability is based
on models that learn the correlations between emotive expressions of social network users
and health indicators258. By including change, correlation, and influence analysis in a
recommendation engine, it is possible to craft and deliver campaigns to populations most
affectable by health issues or behaviours. Real-time social media monitoring is necessary
to warn and intercept changes277 [72].

6.2. Query Optimization and Materialized Views

Optimizing query performance is essential for data warehouse architecture because
population health management is an interactive analytical task where users frequently
need to re-query the data [73]. One simple but effective way to optimize repeated query
execution is by caching and maintaining a materialized view of the query results.
Materialized views can improve query performance and support so-called re-execution of
queries by taking advantage of previously computed sub-expressions [74]. Furthermore,
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in a population health management context, it is common to create dashboards for
descriptive analytics that provide insights into important metrics over time, such as
hospital readmission rates or disease case counts across geospatial regions.

Maintaining a materialized view that keeps the last k values by some dimension can
therefore greatly improve performance because these aggregates are typically calculated
for different combinations of attributes at differing granularities of time and geospatial
location. Support for incremental refreshment based on data change patterns can also
speed up maintenance time [75]. For example, a materialized view supporting hospital
readmission over time may be refreshed on an hourly or daily basis. During such periods,
stored procedure invocation of the refreshment can simply retrieve before and after
counts of patients readmitted to a hospital within 30 days rather than scanning the entire
base table to compute the aggregate [76].

7. Conclusion

The increasing volume and variety of data from social determinants of health and
Internet-of-Things devices requires a new type of data warehousing architecture to
support population health management and predictive analytics [77]. Horizontal
scalability and automated management of streaming and batch workloads are key
architectural features of a suitable approach. Scalable Data Warehousing provides a
framework for reusable enterprise data models, ingestion and integration pipelines,
predictive modeling, performance tuning, and cost optimization [78].

The implementation of scalable data warehousing principles within a population
health-focused data pipeline architecture illustrates their effectiveness. The combination
of a generic data-modeling capability, technologies that facilitate ingestion of large
datasets, and tools for monitoring and orchestrating end-to-end execution helps satisfy
the diverse requirements of multiple stakeholders [79]. Successful provision of descriptive
and predictive analytics at scale—in particular, cost-effective risk stratification for
precision population health management—demonstrates the approach's value at a time
when society is struggling to cope with increasing levels of service demand.

Key Scalable Warehouse Features

100 | 99.2% 98.5% 06.4% 97.8% 98.7%

80 7

60

Architectural Criticality (%)

20+

Honzontal Streaming Batch Automated Performance Cost
Scalability Workloads Processing Management Tuning Optimization

Figure 8. Key Scalable Warehouse Features
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7.1. Summary of Key Findings and Future Directions

The architecture of a scalable data warehouse for population health management and
predictive analytics has been developed following four key principles: 1) a data model
that serves as a framework for defining data ingested from different sources; 2) an ingest
process that involves the use of streaming and batch processes and helps pre-validate and
harmonize the data; 3) metadata management that not only captures business terms used
in the model but also manages the execution plan of data flows and tools like [80].
Apache Airflow; and 4) readily available descriptive analytics with the option of
developing predictive models using tools like R and Python, linked to the database.
Together, these elements provide horizontal scalability and help with cost and
performance optimization.

Population health management and analytics are becoming increasingly important
in the healthcare domain [81]. However, existing data warehousing and analytical
frameworks do not offer a sufficiently scalable architecture or are restricted to a specific
scale. While cloud-based databases can achieve some level of auto-scaling, they often
remain unutilized during off-peak hours, leading to increased operational costs. An
affordable, highly scalable, [82]. and predictive data warehouse architecture that supports
both batch and streaming data ingestion while providing real-time dashboards and the
capacity to develop predictive analytics model on historical data is therefore very much
needed [83]. Future research will extend the work by providing a multi-tier architecture
that integrates a data lake with the existing framework to support the ingest of
unstructured, streaming, and other data that either cannot be addressed or requires more
complex processing.
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