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Abstract— Dynamic systems with interdependent feedback 

loops can, in principle, converge toward an equilibrium in 

which pressure levels remain stable. Coverage decisions 

based on a fixed set of current indicators are necessary for 

allocating limited resources, but they tend to produce static 

allocations: coverage levels in under-served areas go 

unadjusted, and little effort is made to augment coverage 

where it remains inadequate. Moreover, such decisions are 

typically revised only after problems become evident — that 

is, once one or more indicators have diverged or deteriorated 

beyond an acceptable threshold. 

This paper proposes a framework that analyzes population 

health services at the system level, rather than at the level of 

individual health service provider agencies. The framework 

introduces a dynamic care coordination analytic capability 

that draws on data regarding care demand, cost, and service 

provision, as well as care alternatives and local capacity. 

From this data, it generates analytics that support the adaptive 

mechanisms needed for population health coverage decisions 

to respond to changes in the sector’s capacity to sustain good 

health outcomes across the population. In doing so, this work 

extends population health services analysis into a new 

domain — one that strengthens the field’s capability for a 

dynamic, feedback-based systems approach. 
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1. INTRODUCTION 

Static processes for determining population health 
coverage decisions, including benefits design, do not capture 
surges in demand and other short-term variation in health-
service utilization. Timely, ongoing analysis of other types of 

population health signals, related to the effectiveness of those 
services, does not feed back substantively into coverage 
decision processes. These concerns appear in the health 
services research and policy–health economics interface 
literature but are rarely addressed in combination. 

Table I. Core Components of the Proposed Framework 

Component Primary Function 

Adaptive Coverage 

Decisions 

Dynamically modifies health-service 

coverage based on population needs. 

Care Coordination 

Analytics 

Evaluates continuity, utilization, 

demand, and service performance. 

Population Health 

Analytics 

Identifies vulnerable groups and 

forecasts future health needs. 

Data Architecture 
Integrates utilization, cost, 

demographic, and provider data. 

Governance 

Mechanism 

Ensures privacy, ethics, quality, and 

regulatory alignment. 

Decisions about the coverage of population health 
services — including their design and the incentives aligned 
with their use — have a direct impact on how the services are 
ultimately delivered and the associated health outcomes. Care 
Coordination Analytics constitute a newly developed class of 
analytical approaches that enable richer decision-relevant 
insights into short-term dynamics in preventive service-
demand signal accidents — taking account of both signal 
magnitude and seasonality. The Importance of the 
Development of Care Coordination Analytics Framework 
and Availability of Bayesian Aroma and Boosted 
Multinomial Application programming interfaces highlight 
the potential to use these signals in a more practice-relevant 
way. When combined with mechanisms for assessing the 
cost-effective coverage of specific population health services, 
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the foundation of an intelligent care-coordination framework 
is laid down. 

Population Health State 

𝐻𝑡 =∑𝑤𝑖

𝑛

𝑖=1

𝑥𝑖,𝑡 

 

Where 𝐻𝑡is the population health state at time 𝑡, 

𝑥𝑖,𝑡represents individual health indicators, and 𝑤𝑖represents 

their weights. 

A. Adaptive Coverage Decision Mechanisms 

Exemplar process for adaptive coverage decision 
mechanisms. Each component comprises a distinct dataset 
(green boxes). Relationships and dependencies are indicated 
by arrows and event-time ordering (orange shading): 
Population Health Analytics informs Coverage Decision 
Analytics, which in turn drives Care Coordination 
Analytics.A generalizable population-coverage synthesis 
directs informed, data-driven coverage decisions that are able 
to respond to population health indicators Auto-adaptive 
coverage decisions translate population health analytics into 
led indicator-specific policy-action profiles that direct 
epidemiology and health resource shortages Auto-adaptive 
coverage decisions direct the application of the intelligent 
care coordination framework to mitigate deficiencies and 
prepare for forecasted health service demand and delivery 
shortages. 

Table II. Major Data Sources for Care Coordination 

Data Source Information Provided 

Population Health 

Data 

Disease prevalence and 

demographic health indicators 

Administrative Health 

Records 

Service utilization and clinical 

encounters 

Census Data 
Population and socioeconomic 

characteristics 

Data Source Information Provided 

Cost and Funding Data 
Healthcare expenditures and 

resource allocation 

Provider Supply Data 
Workforce availability and service 

capacity 

A population-health-maintaining care coordination 
pathway that can apply any of several care coordination 
frameworks is generated from the preceding population-
health forecast These lowered health-deficit Care About the 
Pathway Areas sustainability thresholds indicate the labour 
force areas’ non-epidemiological obstetric care status and 
subsequent requirement of care-resources funding of either 
existing labour force area service Short-term Ministry of 
Health and Long-term Unscheduled Deficit forecasted 
clinical discharges. The pathways serve as the evidence-
based basis for optimising age- and sex-disaggregated 
specialised-health workforce numbers for the health service 
delivery labour force area. 

Health State Forecast 

𝐻̂𝑡+1 = 𝑓(𝐻𝑡 , 𝐷𝑡 , 𝐶𝑡) 
 

Where 𝐷𝑡is healthcare demand and 𝐶𝑡represents care 

capacity. 

2. Background and Rationale 

The rapidly evolving body of evidence in health services 
research and health economics has generated demand for 
policies that go beyond mere provider incentives and seek to 
adapt the care delivery system to changes in health needs. The 
need for support to responsiveness is particularly prominent 
in the health technology coverage decision domain, as 
coverage recommendations are primarily based on the 
clinical-technical performance of technologies. These 
recommendations rarely consider population morbidity 
directly, their responsiveness rests on the science’s ability to 
identify and cost-effectively assess new technologies, and 
feedback mechanisms for evaluating their impact on 
morbidity and mortality are virtually absent. As a result, 
many covered technologies provide only minor marginal 
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improvements. Adaptive mechanisms that enlist health 
services research and forecasting for the coordinated 
evaluation of a range of services are only beginning to 
emerge, despite their evident IRRAM potential. 

Table III. Adaptive Coverage Decision Indicators 

Indicator Decision Relevance 

Disease Burden Identifies high-need population groups 

Service Demand Supports capacity planning 

Care Cost Assists budget optimization 

Provider 

Availability 
Detects potential service shortages 

Health Outcomes 
Measures effectiveness of coverage 

policies 

Even where such adaptive mechanisms exist, population 
signs of need are only weakly tied to decision-making. An 
intelligent-care-coordination-analytics framework is 
proposed to bolster the use of population health indicators in 
monitoring and forward-looking care-coordination decisions, 
thereby enhancing the responsiveness of the health 
technology-coverage decision-making process. The utility of 
the resulting tool for the identification, forecasting, and 
impact evaluation of such health indicators complements the 
growing body of work on demand-side care-coordination 
mechanisms that dynamically deploy scarce resources. 

 

Healthcare Demand Prediction 

𝐷̂𝑡+1 = 𝛼𝐷𝑡 + 𝛽𝐻𝑡 + 𝛾𝑆𝑡  
 

Where 𝑆𝑡represents seasonal or temporal effects. 

A. Population Health Insights Synthesis 

Well-formulated evidence-based policy interventions rely 
on accurate forecasting of the impact of interventions on 

population state Y over time. Insights into the characteristics 
of the population and its endemic severity guide the planning 
of preventive services and the fine-tuning of coverage rules. 
Back-of-the-envelope estimates can be derived from the 
process dynamics. However, ongoing forecasting of the 
likely state of the population Y, and consequently of the 
future demand for care and health, is usually infeasible. 
Hence, responding to emerging situations requires more than 
simply reacting; proactive planning is essential. 

Table IV. Care Coordination Analytical Functions 

Analytical Function Expected Outcome 

Risk Identification 
Early detection of vulnerable 

populations 

Demand Forecasting 
Prediction of future healthcare 

utilization 

Cost Prediction 
Estimation of expected care 

expenditure 

Scenario Analysis 
Comparison of alternative coverage 

strategies 

Resource 

Optimization 

Improved allocation of healthcare 

services 

Health services research supports the definition of 
population health indicators and their targets, but without 
such forward-looking assessment—often termed "health 
management" or "health economics"—the policy and 
planning literature can be limited to evaluating musculature 
risks estimations Y and considering them as simply 
population characteristics, denying or limiting knowledge of 
how service coverage should be driven by and adapt 
dynamically to reflect the population state. Addressing these 
limitations allows the posed research question to be 
considered, specifically focusing on the population-level 
prevention and cure coverage rules or targeting dynamics. 
Optimal.  

Demand–Supply Gap 

𝐺𝑡 = 𝐷𝑡 − 𝑆𝑡 
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Where 𝐷𝑡is service demand and 𝑆𝑡is available service 

supply. 

3. Conceptual Framework 

The proposed framework comprises three core 
components: mechanisms for adaptive coverage decisions, 
analytics supporting care coordination, and a supporting data 
architecture. Their interaction drives population-level health 
and economic performance, with population health indicators 
used to forecast short- to medium-term future performance 
and define care coordination strategies that improve coverage 
decision quality. 

 

Fig 1: Population Health Indicator Trends (2016–2025) — 
chronic condition prevalence vs. service utilization and care 
coordination indices 

Adaptive mechanisms enable care service coverage 
decisions to be modified to maximize desired population 
health outcomes within specified budget constraints. The 
population-health-driven analytics use multiple data sources 
to facilitate the identification of vulnerable subpopulations, 
forecast changes in their health services utilization and costs, 
and support intelligent coordination of care services across 
multiple service providers. Such analytics create the 
foundation for identifying how changes in care services for 
vulnerable subpopulations impact future population health, 
care costs, and net societal utility. Flexible data architecture 
enables the design and maintenance of an integrated data set 
of health service utilization, cost, and performance data over 
time. 

Coverage Adjustment 

𝐶𝑡+1 = 𝐶𝑡 + 𝜆𝐺𝑡 
 

Where 𝜆is the adaptation rate. 

A. Care Coordination Analytics 

Care coordination analytics enable coverage decisions to 
adapt annually using rapidly available indicators of health 
system performance. People spend the largest share of their 
lives with chronic conditions, and these ongoing health 
problems are exacerbated by discontinuities in care. Poor care 
continuity lowers patients’ quality of life, increases 
complications, and raises costs. Thus, effective care 
continuity across health services is a prerequisite for 
ameliorating population health. The guiding question is: 
which coverage attributes best support care continuity for 
chronic conditions? 

 

Fig 2: Care Coordination Score vs. Coverage 
Restrictiveness — illustrates the inverse relationship the 
paper notes between coverage attributes and coordination 
outcomes 

Analytical methods comprise a systematic coverage 
decision framework, two-part care coordination modeling, 
and elementary coverage-choice indexes. In particular, care- 
coordination modeling develops the first empirical 
relationships linking health system attributes to care 
coordination. The focal outcome is the share of potential 
years of life lived with serious chronic conditions for men 
aged 65 and older. Population health estimates suggest 
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coordination difficulties in adapting to patient needs. 
Compromise is necessary—indicators of care coordination 
and the associated coverage attributes move in opposite 
directions. 

Resource Allocation 

𝑅𝑖 =
𝐷𝑖

∑ 𝐷𝑗
𝑛

𝑗=1

𝑅𝑇 

 

Where 𝑅𝑖is the resource assigned to population group 𝑖and 

𝑅𝑇is the total available resource. 

4. Methodology 

Data originate primarily from Alberta, Canada, 
encompassing postal code-level population health, census, 
tax, and administrative health data on service utilization, 
provider supply, and funding. Additional data of comparable 
granularity from Elsewhere augment Alberta data to facilitate 
validation of the population-level health analytics. For the 
coverage decision supports, Allonte et al.’s FFS-AMI-DST 
analysis provides the necessary clinical domain and 
stakeholder foundation, complementing volume-to-value 
perspectives in Adams et al. and Wong et al. There, the data 
sources are those required by the complete mechanism, and 
the only research involvement is accessing the primary 
databases and sharable outputs. 

 

Fig 3: Projected Chronic Care Demand by Age/Sex 
Cohort — supports the age- and sex-disaggregated 
workforce planning discussion 

For the coverage decision supports, an adaptive service 
allocation mechanism (i.e., demanding more services in some 
locations and fewer in others) and a population-health-driven 
reconciliation method of burdens, benefits, and rewards 
influence the use of optimization-based analytics in Allonte 
et al.’s Haven model—using the amalgamated “costs” from 
Wong et al. rather than service volumes. The influence of 
demand-supply balance on care coordination metrics deemed 
relevant by the health services research and policy literatures 
then supports evaluation using forecast or scenario-based 
analytics; hence, the final methodological inputs draw from a 
volume-to-value-complementing FFS-AMI-DST analysis. 
Governance of the health and economic data requires 
concordance among the local Alberta research team and the 
institutions that house the Alberta and Elsewhere services 
data. For the support of the adaptive coverage decision 
mechanism, Anderson et al.’s and Ramanathan et al.’s work 
on sensitivity analysis under risk inform the selection of a 
group of care coordination metrics—deviations from evenly 
distributed (zero) values—deemed pertinent by health 
services research and policy literatures. Validation traces the 
population-health-driven analytics of the Alberta data against 
the earlier Elsewhere data, and areas of potential sensitivity 
are adopted from the request-for-support design of an 
evidence scan. 

Care Coordination Score 

𝐶𝐶𝑆 =∑𝑤𝑖

𝑛

𝑖=1

𝑞𝑖  

 

Where 𝑞𝑖represents individual coordination-quality 

indicators. 

A. Data Architecture and Governance 

Dynamic health care coverage decision mechanisms 
focus on the adaptive allocation of people-centred services 
based on local epidemiological context and disease burden. 
Such coverage decisions are supported by a framework for 
care coordination analytic processes that rely on a set of 
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population-data and population-model decision-support 
resources. 

 

Fig 4: Demand–Supply Balance by Labour Force Area — 
visualizes the under/over-served region identification 
described in the methodology 

The framework’s population-data and population-model 
resources require consideration of data availability and 
quality and alignment with privacy and ethical governance 
requirements. Decision-support processes provide insights 
about the impacts of care coordination on people’s health and 
well-being. They comprise the empirical-analytic processes 
of health services research, health policy, and health 
economics, and they include empirical studies, natural 
experiments, evaluative research that implements and 
operationalizes coverage decisions and testing of 
mechanisms using scenario analyses. Decision-support 
processes and their respective inputs are described first, 
followed by the required data architecture and governance for 
population-data and population-model resources. 

Healthcare Cost 

𝑇𝐶 =∑𝑐𝑖

𝑛

𝑖=1

𝑥𝑖 

 

Where 𝑐𝑖is the unit cost and 𝑥𝑖is the quantity of healthcare 

service 𝑖. 

5. Conclusion 

Sustainable improvements in population health require 
intelligent care coordination and demands for additional 
public coverage of high-value, low-cost health services that 
are currently mainly private. Coverage decisions are typically 
made at a point in time for a defined period and seldom 
revised before the next scheduled review, despite evidence 
suggesting that monitoring population health indicators can 
improve decision quality. The proposed data-supported 
framework extends policy-relevant analytical capabilities, 
addressing coverage decisions, population health forecasting, 
and the evaluation of alternative scenarios, with a focus on an 
aging population. 

The proposed framework incorporates three core 
components: intelligent mechanisms for adaptive health 
services coverage decisions; care coordination analytics 
using microsimulation to assess the implications of different 
coverage policies on a range of outcome indicators; and the 
underlying data architecture. In assessing the expected 
demand for health services, the health services consumed in 
the previous year by cohort members under different age and 
sex categories provide a guide, with different demand curves 
varying by service class, and with temporal indicators 
controlling for long-term trends. Implementation draws on a 
rich but generally untapped set of data sources collated within 
the Australian Longitudinal Study on Women's Health 
(ALSoWH). 
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