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Care management is one of the core components of comprehensive primary care, which
represents the future direction of primary care in the United States. Nearly twenty percent of
Medicare beneficiaries experience 30-day readmissions. While primary care is uniquely
positioned to provide care management services associated with reducing readmissions, only 50
percent of older adults who have experienced 30-day hospital readmissions receive outpatient
care.

The goal of this dissertation was to identify structural and process components associated
with the delivery of care management services to Maryland fee-for-service (FFS) Medicare
beneficiaries, to examine geographic variation in the delivery of care management services, and
to examine the association between the provision of care management services and patient health

outcomes.



This dissertation explores the relationship between structural and process components of
care delivery and the delivery of care management services with three aims: (1) examine the
association between primary care practice structural and process capabilities and the delivery of
care management to Medicare beneficiaries and whether this association is altered by primary
care practice medically underserved area (MUA) designation, (2) examine the association
between Health Equity Advancement Resource and Transformation (HEART) payments and
care management comprehensiveness and whether this association is altered by primary care
practice care management delivery option, and (3) identify unique trajectories of comprehensive
care management performance and examine the association between care management
trajectories and readmission rates.

Several key findings and implications are identified through the exploration of these
aims. Increased primary care practice-level capabilities were associated with increased care
management comprehensiveness. There was geographic variation in the provision of care
management services among Maryland FFS Medicare beneficiaries. Next, prospective HEART
payments were associated with increased care management comprehensiveness, and this
association varied according to MUA designation and care management delivery options.
Additionally, intensive partnerships between care transformation organizations (CTOs) and
primary care practices improved access to comprehensive care management services. Finally,
four unique classes of comprehensive care management performance were identified, and these
care management performance classes had distinct patient characteristics and geographic
locations. Among the low care management performance class, increased comprehensiveness
among care management services was associated with decreased unplanned readmissions over

time.



This dissertation provides evidence that geographic variation in the provision of care
management exists and includes guidance on how to assess geographic variation in care
management services across the United States. These results also provide valuable evidence
about how prospective equity-based payments can transform care delivery in primary care
settings. Lastly, this dissertation presents a novel method of program performance evaluation that

can be applied to all evaluations of Medicare demonstrations.
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Chapter 1: Introduction

Introduction

Almost 20 percent of Medicare beneficiaries experience 30-day hospital readmissions
(Jencks, Williams & Coleman,2009; Karrison et al., 2011; Graham et al., 2017) costing Medicare
nearly $26 billion annually (National Opinion Research Center (NORC), 2018). Hospital
readmissions among older adults are associated with negative health outcomes, such as increased
risk of mortality after initial hospital discharge (Lum et al.,2012). Though primary care is
uniquely positioned to provide care management services associated with reducing readmissions,
many older adults fail to receive outpatient care after their initial hospital discharge (Jencks,
Williams & Coleman, 2009; Rodriguez-Gutierrez et al., 2019). In a statewide primary care
assessment, the Maryland Department of Health recognized that the limited use of care
management services among high-risk and rising-risk patients was a serious health care issue
(Maryland Primary Care Program, 2019).

Care management encompasses a wide range of services; however, these services
generally include activities focused on improving health outcomes and decreasing unnecessary
use of health care, such as avoidable readmissions (Peikes et al., 2021). Care management
activities such as care plans (Spivack et al., 2021), transitional care management (Spivack et al.,
2021; Latifi et al., 2021; Moneme et al., 2023; Toth et al., 2017; Ballard et al., 2018; Termnan et
al., 2018; Tak et al., 2019; Tak et al., 2021; Brooke et al., 2014; Anderson et al., 2015)
comprehensive medication management (Spivack et al., 2021), and social needs management
(Spivack et al., 2021; Devoe et al., 2016; LaForge et al., 2018; Frehn et al., 2022), have all been

associated a reduction in readmission rates. Primary care practice-based care management



interventions that apply multi-process approaches have demonstrated greater reductions in
readmission rates when compared to primary care practice-based care management interventions
that include less comprehensive care management processes (Spivack et al., 2021). Due to the
complex nature of care management interventions and the diverse patient populations they target,
it is difficult to separate which intervention components contribute to improved health outcomes.
This complexity also makes it challenging to identify which resources or services to prioritize
when care management services are being implemented in primary care practices with limited
(Spivack et al., 2021).

The evidence about whether primary care-based care management interventions reduce
hospital readmissions is mixed. In some instances, care management interventions were
associated with a reduction in readmissions among rural patients and patients initially admitted
for emergency general surgery (Burdick, 2022; Moneme, 2023); however, an intensive care
management intervention targeting older adults was unsuccessful in reducing readmission
(Nelson, 2012). National comprehensive primary care demonstrations such as the CPC+ and the
CMS State Innovation Models Initiative did not reduce hospital readmissions (Dale et al., 2016;
Singh et al., 2024; Rodriguez, 2020). Additionally, an assessment of the CMS State Innovation
Models Initiative found that the demonstration did not improve practice-level care management
capabilities.

The Maryland Primary Care Program (MDPCP) is a voluntary Medicare demonstration
modeled after the national Medicare demonstration Comprehensive Primary Care Plus (CPC+).
The MDPCP is designed to transform primary care practices to provide comprehensive primary
care (Machta et al., 2021). Care management services represent one of the five core components

of comprehensive primary care (Machta et al., 2021). While national, state, and site-specific care



management assessments have been conducted, there is little information about the types of care
management Maryland Medicare FFS beneficiaries receive, and there is little information about
whether primary care practices in Maryland have the structural and process capabilities to
provide care management services.

Medically underserved areas (MUAs) are federally assigned locations with a shortage of
primary care providers, high infant mortality, high poverty, or a high elderly population (Health
Resource & Services Administration, 2023). These locations can include entire counties or arcas
as small as census tracks (Health Resource & Services Administration, 2023). Currently,
1,023,454 (16.9%) Maryland residents live in Maryland’s 42 MUAs (Primary Care Office,
2021).

Racial and ethnic minorities and rural communities are overrepresented in these areas.
As a result, they are more likely to experience disparities in access to care and their quality of
care (Kim, 2020). Geographic location affects health care infrastructure by limiting access to
quality health providers, financial resources, and technical resources (Kind, 2014; Hu, 2018;
Johnson., 2021). For example, Black communities are more likely to be medically under-
resourced, and primary care practices in these communities have difficulties hiring high-quality
providers and have difficulties referring patients to quality specialists (Friedberg, 2010).
Individuals living in MUAs often have fewer post-discharge treatment options, which might
cause people to return to the emergency department or hospital (Kim, 2020).

The goal of this dissertation was to identify structural and process components associated
with the delivery of care management services to Maryland FFS Medicare beneficiaries, examine
geographic variation in the delivery of care management services, and examine the association

between the provision of care management services and patient health outcomes.



Theoretical Framework

This research will be guided by the Donabedian Model, the Center for Health Care
Strategies (CHCS) Care Management Framework, and the Consolidated Framework for
Implementation Research (CFIR). The Donabedian Model provides a framework that enables the
evaluation of health care quality (Donabedian, 1988). Within this model, three care quality
categories, structure, process, and outcome, explain how health care impacts health outcomes
(Donabedian, 1988). The structure category includes characteristics about where patients receive
their health care (Donabedian, 1988). For instance, structural factors can consist of staff type,
electronic medical systems, and funding. These structural factors impact the processes of care
that are accomplished. The processes category represents actions or the care provided to patients
(Donabedian, 1988). Process measures enable the evaluation of whether excellent or appropriate
health has been provided (Donabedian, 1988). For this analysis, the processes being measured
are care management services. The patient health outcome being assessed is 30-day unplanned
hospital readmissions (Donabedian, 1988). This framework will be used to guide understanding
of how specific structures and processes facilitate care management delivery.

The CHCS Care Management Framework outlines core care management components
and services (CHCS, 2007). The CHCS developed this framework in collaboration with states
(California, Indiana, Nevada, New York, Pennsylvania, and Washington) participating in the
Managed Care for People with Disabilities Purchasing Institute (CHCS, 2007). This
collaboration sought to improve Medicaid’s managed care programs. This collaboration
developed a core definition of care management, a framework that outlines core components of
care management and effective management tools and strategies (Center for Health Care

Strategies, 2007). This Framework also includes a list of resources and office structures



associated with facilitating care management (Center for Health Care Strategies, 2007). The
framework’s processes of care management were used to identify, in conjunction with the
literature, care management services. The CHCS Care Management Framework contains four
core components: (1) member identification, population stratification and prioritization, (2) care
management intervention, (3) evaluation, and (4) payment and financing. In this model, member
identification, population stratification and prioritization explain that clinical and non-clinical
sources should be used to identify high-risk patients who will most benefit from care
management. The care management intervention component of the model states that care
management interventions should be patient-centered, multi-faceted, improve patients’ quality of
care, and include care coordination. Care management interventions should also be tailored to
meet the unique needs of patients. The evaluation component assesses whether the intervention
results in improved quality of care (CHCS, 2007). Lastly, the model states that payment and
financing should be organized to support care management improvement efforts, quality, and
patient and provider participation rewards. The framework’s outlined tools and strategies were
used to identify structural components associated with successfully providing care management.
The CFIR was developed in 2019 by implementation researchers affiliated with the
Veterans Affairs Diabetes Quality Enhancement Research Initiative. The CFIR assesses the
barriers and facilitators associated with implementing interventions. The CFIR contains five
domains and 26 subdomains of implementation factors. The intervention characteristics domain
assesses aspects of interventions that facilitate or impede the implementation of that specific
intervention (Damschroder et al., 2009). The outer setting domain assesses outside factors that
influence implementation (Damschroder et al., 2009). The third domain, inner setting, assesses

factors within the intervention setting that are proven to impact implementation (Boccuti &



Casillas, 2017). Domain four assesses the characteristics of the individuals involved with the
intervention implementation. Domain five assesses intervention processes (Damschroder et al.,
2009). Primary care practice resources and capabilities will be mapped to this model to
understand how these factors contribute to an office’s ability to provide care management. This
framework will be used to inform how specific structures and processes facilitate the
implementation of care management.

When paired with the Donabedian Model, the CHCS Care Management Framework
provides scientifically proven ‘structures’ and ‘processes of care’ associated with the ability to
provide care management services, while the CFIR explains how specific primary care office

resources and capabilities impact the ability to provide care management.



Figure 1.1: MDPCP — Comprehensive Care Management Framework
Primary Care Practice Structural and Process Capabilities

Outer Setting: Inner Setting:
Primary Care Practice
Community Enabling Resources MDPCP Enabling Resources Enabling Resources
Hospitals Performance-based incentive payments Care team composition and activities
Specialists Comprehensive primary care payments Enhanced access to care
= Clinics, Labs Care Management payments Continuity of care
Process Pharmacies HEART payments Planned care and population health
Eap— Local Health Departments CTO collaboration Referral management
Food, Housing, Transportation Resources Practice coach, consultant collaboration Quality improvement infrastructure

Comprehensiveness and coordination

@ Aim 1 & Aim 2
\\/

Care Management Services
Intervention: CHCS Care Management Processes

Risk stratified care management, Self-management support, Transitional care management, Comprehensive medication management,

Social needs management
@ Aim3

Practice-level Unplanned 30-day Hospital Readmission Rates

Health Outcome
Health
Outcomes

Legend

The Donabedian Model
The Consolidated Framework for Implementation Research (CFIR)

The Center for Health Care Strategies (CHCS) Care Management Framework

Literature Review

Readmissions:

Readmissions occur when patients discharged from hospital care are readmitted to the
hospital within a specific period (Boccuti & Casillas, 2017). Readmissions are often measured by
30, 90, and 180 days. Medicare uses a 30-day readmission period to measure the quality of care
provided to patients (Boccuti & Casillas, 2017). This measure defines a 30-day readmission as a

hospital stay within 30 days of an initial hospital stay (Boccuti & Casillas, 2017)



30-Day Readmissions:

Among Medicare beneficiaries, 18 percent of those discharged from hospitals are
readmitted to a hospital again within 30 days (Hochman & Asch, 2017). The Patient Protection
and Affordable Care Act enacted incentives to reduce hospital 30-day readmission (Grabowski et
al., 2012). Centers for Medicare & Medicaid Services (CMS) Hospital Readmissions Reduction
Program allows CMS to reduce hospital payments with excessive readmissions. The program
targets and penalizes hospitals with higher-than-expected 30-day readmission rates for specific
clinical conditions (Grabowski et al., 2012; Kripalani et al., 2014; Zuckerman et al., 2016; Rocca
et al., 2020).

CMS uses 30-day all-cause readmissions as a quality measure of care offered in hospital
settings, transitional care, and coordination (Zuckerman et al., 2016). There is disagreement
around which type of readmission and which readmission period best measures health care
deficiencies. Some believe that 30-day readmissions are generally attributable to insufficient
hospital care and poor discharge process, while others point to additional factors outside of
hospitals’ control and reason that The Hospital Readmissions Reduction Program is flawed
because it assumes that 30-day all-cause readmissions solely reflect the quality of care hospitals
provide (Zuckerman et al., 2016). Opponents of the measure reason that readmissions after seven
days post-discharge might be more reflective of patient-level management, quality of ambulatory
care, access to community resources, or the development of new complications (Kripalani et al.,
2014). There is an existing debate about whether readmissions can be prevented. It is also
difficult to know what portion of readmissions are preventable with estimates ranging from five
percent to 79 percent (Kripalani et al., 2014; Auerbach et al., 2016). One study found that among

the five most common primary diagnoses, infection, neoplasm, heart failure, gastrointestinal



disorder, and liver disorder, associated with potentially avoidable 30-day readmissions, all were

exacerbated by the presence of underlying chronic conditions (Donz¢ et al., 2013).

Chronic conditions and health disparities:

1UHSTS() S, (88-8. /8, " OS((S/- (4% 4L M2 7430, -+, "MB (S 7" 8EOk: / ; ~#i<=>7ik
AU RBIOIC , *-, *ii<=>DIE" )1 -685 . /O) (/-89UC'+  * (Bh<=>FCH 1, "% . ; People 2020 defined a
health disparity as a health difference linked to economic, social, or environmental disadvantage
(Healthy People 2020, n.d.). Health disparities disproportionately impact those who
systematically experienced greater obstacles to health based on characteristics historically linked
to discrimination or exclusion and include racial/ethnic minorities, amongst others (Braveman,
2014).

While there is some debate about whether racial and ethnic disparities in hospital
readmissions among Medicare beneficiaries with multimorbidity exist (Yancy et al., 2008),
research finds that black and Hispanic Medicare beneficiaries with multimorbidity were more
likely to be readmitted to the hospital post-discharge than white Medicare beneficiaries
(McHugh, Carthon, & Kang, 2010). Those who experience both 30-day and 90-day readmissions
are more likely to be racial and ethnic minorities (Kim et al., 2010; Rodriguez-Gutierrez et al.,
2019). Racial and ethnic disparities in hospital readmissions also exist among Medicare
beneficiaries with specific chronic conditions. For instance, 23 percent of African Americans
hospitalized with Chronic Obstructive Pulmonary Disease (COPD) experienced 30-day
readmissions compared to 20 percent of white patients (Elixhauser, Au & Podulka, 2006; Prieto-
Centurion et al., 2013).

African Americans with end-stage renal disease, as well as African Americans with

chronic kidney disease, have a higher likelihood of experiencing 30-day readmissions at 38



percent than whites with end-stage renal disease (36 percent) (Saran et al., 2015). Similar
readmission disparities among racial and ethnic minorities exist for Medicare beneficiaries with
acute myocardial infarction, congestive heart failure, chronic kidney disease, and pneumonia
(Saran et al., 2015; Joynt, Orav, & Jha, 2011a; Joynt, Orav, & Jha, 2011b). Older adults with
multiple chronic conditions have a greater risk of experiencing all-cause 30-day readmissions
post-hospital discharge (Joynt, Orav, & Jha, 2011a; Joynt, Orav, & Jha, 2011b; Coleman et al.,

2004; Basu, Hanchate & Koroukian, 2018; Facchinetti et al., 2020).

Complex Care Management:

Care management programs generally target high-needs, high-risk, and high-use patients
who usually have multiple chronic conditions; however, there are also care management
interventions that target individuals based on medication use (Hong, Siegel & Ferris, 2014).
While each intervention’s definition of these terms may vary, they all share common goals and
intervention components: the use of multi-disciplinary care teams that seek to improve patient
health outcomes and minimize unnecessary health care use. These interventions all (1) identify
and engage patients at risk for adverse health outcomes and unnecessary health care use; (2)
conduct health assessments in order to identify issues, that once addressed via intervention, will
improve health outcomes and minimize unnecessary health care use; (3) collaborate with care
team, patients and caregivers to delivery necessary interventions; and (4) respond dynamically to
patient’s needs and changes in patients’ conditions in order to provide appropriate care (Hong,

Siegel & Ferris, 2014).
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Complex Care Management Intervention Setting:

According to CMS, providing care management to high-risk and high-cost patients is the
gold standard of comprehensive primary care. Generally, care management is described as
organized interventions that seek to improve health outcomes and diminish unnecessary health
care use (CMMI, 2020). Complex care management programs vary not only by target population
and intervention components but also by setting. Vendor-supported complex care management
programs are usually conducted by nurses who interact with patients remotely via telephone and
have minimal face-to-face interaction with patients or providers (Bodenheimer & Berry-Millett,
2009). Under the commercial disease management model, nurses provide care management
remotely via telephone. This can be challenging, however, because the nurses do not have face-
to-face encounters with their patients (Bodenheimer & Berry-Millett, 2009). Integrated
multispecialty group complex care management programs usually have a separate department
responsible for care management and coordinating with patients and their providers
(Bodenheimer & Berry-Millett, 2009). Hospital-based care management begins in the hospital
setting and is limited to complex patients being discharged from the hospital. In these programs,
care managers usually meet with patients prior to being discharged and follow up with patients
via telephone post-discharge(Bodenheimer & Berry-Millett, 2009). Home-based care
management programs provide all care management services in peoples’ homes, and the target
population is usually restricted to those who are home-bound (Bodenheimer & Berry-Millett,
2009). Lastly, primary care complex care management interventions either provide care at the
primary care practices or, more often, are provided by a care manager who is embedded within

patients’ primary care providers’ offices and works closely with primary care providers in order
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to deliver care management services (Bodenheimer & Berry-Millett, 2009). The rest of this

literature review will focus exclusively on primary care-based care management interventions.

Primary Care-Based Care Management and Readmissions:

The literature demonstrates that the most successful complex care management programs
are embedded within providers’ offices (Powers, Chaguturu & Ferris, 2015). This is largely
because this intervention location enables care managers to build strong relationships with
patients and enables better care coordination (Powers, Chaguturu & Ferris, 2015). While primary
care physicians are uniquely positioned to provide comprehensive and long-term care
management to Medicare beneficiaries at risk for hospital readmissions, in some instances, only
50 percent of older adults who experienced 30-day hospital readmissions had received outpatient
care within those 30 days (Jencks, Williams & Coleman, 2009). The evidence on whether
primary care-based care management interventions reduce hospital readmissions is mixed.
Generally, complex care management interventions have little to no effect on hospital
admissions and readmissions (Nelson, 2012). The following sections will discuss distinct care
management intervention characteristics and their association with hospital admissions and

readmissions.

Care Managers:

While the presence of care managers alone within complex care management
interventions was not associated with decreased hospital use, interventions where care managers
had intensive face-to-face interactions with patients successfully reduced hospital admissions and
readmissions among participants (Nelson, 2012; McCall, Cromwell & Urato, 2010; Brown et al.,

2012; Hayes & McCarthy, 2016; McCall et al., 2010; Peikes et al., 2009; Maeng et al., 2012a;
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Maeng et al., 2012b; Chu & O’Brien, 2013; Klein & McCarthy, 2010; Claffey et al., 2012; Peikes
et al., 2012; McCarthy, Waugh & Paige Nong, 2021; Boult et al., 2013; Hostetter et al., 2016;
California Improvement Network. Inc, 2018)."

In interventions where care managers had intensive face-to-face interactions with
patients, care managers were often physically located in physicians’ offices or near physician
offices, which enabled care managers to frequently accompany patients to provider visits
(Nelson, 2012; McCall, Cromwell & Urato, 2010; Brown et al., 2012; Maeng et al., 2012a;
Maeng et al., 2012b; Chu & O’Brien, 2013). Interventions where care managers had extensive
face-to-face interaction and intensive interaction with providers were even more successful at
reducing hospital admissions and readmissions (Nelson, 2012; McCall, Cromwell & Urato,
2010; Brown et al., 2012; Peikes et al., 2009; Maeng et al., 2012a; Maeng et al., 2012b; Chu &
O’Brien, 2013; Klein & McCarthy, 2010; Claffey et al., 2012; Peikes et al., 2012; McCarthy,
Waugh & Paige Nong, 2021; Boult et al., 2013; Hostetter et al., 2016; California Improvement
Network. Inc, 2018). While the inclusion criteria for these interventions varied, all successful
interventions specifically targeted patients with multimorbidity and a high risk of hospital
overuse. The most common targeted conditions included but were not limited to congestive heart
failure, COPD, diabetes, and hypertension (Nelson, 2012).

Intensive care manager face-to-face interaction is not always associated with decreased
hospital use. Two interventions with this characteristic were associated with increasing patient
hospital admissions by 10% or more (Nelson, 2012). Both interventions had patient populations
that were older than most of the interventions included in this analysis, with one intervention

having almost 45 percent of its participants 85 years old or older. The two programs that
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increased hospital admissions by at least 10 percent are Charlestown and Jewish Home and
Hospital (both from the Coordinated Care Demonstration) (Nelson, 2012).

Many complex care management interventions did not have integrated care managers
who interacted face-to-face with patients. Also, many of these interventions rarely facilitated
communication and coordination between care managers and providers. The majority of
interventions employed offsite care managers who primarily contacted patients by telephone
(McCall et al., 2010; McCall et al., 2011; Esposito et al., 2008)."

Interventions where care managers had extensive remote interaction via telephones did
not successfully reduce hospital admissions and readmissions among participants (Nelson, 2012).
The literature demonstrates that among both privately and publicly funded programs, complex
care management interventions were more successful in reducing hospital admissions and
readmissions when care managers were embedded in physician offices and had extensive face-
to-face interaction with patients (Bodenheimer & Berry-Millett, 2009).!

The overwhelming majority of successful interventions provided the following services:
patient risk stratification, care plans, self-management support, comprehensive medication
management, social needs management, and transitional care. The following sections will detail

how these interventions used these services.

Risk stratification:

Risk stratification is a method used by CMS and providers to identify patients with
complex medical conditions and a history or risk of being high-use or high-cost. This method is
used to segment patient populations into groups with similar medical complexities and care
needs, enabling providers to direct resources, such as care management, toward those who would

benefit most from them (National Association of Community Health Centers, 2019). MDPCP
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applies the CMS risk categories: low-risk (01-24 percentile), medium-low risk (25-49
percentile), medium-high risk (50-74 percentile), high-risk beneficiaries (75-89 percentile), and
complex risk (90+ percentile). A regional pool of Medicare FFS beneficiaries is used to identify
risk categories. This quarterly prospective process applies beneficiaries’ demographics,
diagnoses, and medical expenditures from the previous year to generate current scores (CMMI,
2018).'Patient risk stratification is a known readmission reduction activity (Spivack et al., 2021).
Successful complex care management interventions where care managers engaged in
comprehensive interaction with patients and at times providers, risk stratification based on
diagnoses, medications, and utilization data to identify, support and reduce hospital admissions and
readmissions among complex patients (Nelson, 2012; Hayes & McCarthy, 2016; Peikes et al., 2009;
Maeng et al., 2012a; Maeng et al., 2012b; Chu & O-Brien, 2013; Claffey et al., 2012; Peikes et al.,
2012; McCarthy, Waugh & Nong, 2021; Boult et al., 2013; Hostetter et al., 2016; California

Improvement Network, 2018).

Care Plans:

Care plans document mutually agreed-upon care instructions and guidance detailing
patients’ health care goals, their health needs, self-management activities, and beneficial health
interventions. Care plans should be made accessible to the patient and the entire care team.™ The
use of care plans in complex care management has also been identified as a readmission
reduction activity (Spivack et al., 2021). In successful interventions where care managers
engaged in comprehensive interaction with patients and, at times providers, individual care plans
that contained patient needs assessments, goals, and treatment preferences were used to provide

care management (Nelson, 2012; Peikes et al., 2009; Maeng et al., 2012a; Maeng et al., 2012b; Chu
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& O-Brien, 2013; Peikes et al., 2012; McCarthy, Waugh & Nong, 2021, Boult et a., 2013;

California Improvement Network, 2018).

Self-management and Support:

The Institute of Medicine (IOM) defines self-management support as staff-led organized
interventions that seek to improve patients’ ability to manage their own health (Pearson et al.,
2020). These interventions include structured goal setting, trouble shooting, and progress
evaluations (Pearson et al., 2020). Ultimately, self-management and support interventions seek to
change patient behavior by improving their self-efficacy and knowledge, which is expected to
improve their ability to manage health conditions (Pearson et al., 2020). Interventions that
successfully reduced hospital admissions or readmissions among Medicare beneficiaries used
self-management and support programs and interventions to promote positive behavioral changes
such as healthy eating or smoking cessation and for disease management of conditions such as
congestive health failure and diabetes (Nelson, 2012; Peikes et al., 2009; Klein & McCarthy, 2010;
Claffey et al., 2012; McCarthy et al., 2021, Boult et a., 2013; Hostetter et al., 2016; California

Improvement Network, 2018).

Comprehensive medication management:

Medicare beneficiaries with multiple chronic illnesses see an average of 13 different
physicians, have 50 different prescriptions filled per year, account for 76 percent of all hospital
admissions, and are 100 times more likely to have a preventable hospitalization than those with
no chronic conditions (Mclnnis, Strand & Pharm, 2012). During comprehensive medication
management, patients’ medications are assessed to ensure each is appropriate for the patient, for

the medical condition the medication is prescribed for and is safe. Comprehensive medication
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management is usually supported with an individualized care plan that is reviewed during
scheduled follow-ups to assess mediation use and health outcomes (Mclnnis, Strand & Pharm,
2012). here are four general steps that take place during comprehensive medication management.
During step one, patients’ medication needs are assessed. Providers or care managers review
existing medications and assess patients’ beliefs and attitudes about their medications (Mclnnis,
Strand & Pharm, 2012). During step two, any existing problems that might impede patients’
ability to take their medications successfully are discussed. The following criteria are discussed
for each medication: appropriateness, effectiveness, safety, and adherence (Mclnnis, Strand &
Pharm, 2012). Next, care plans are developed, and therapy goals for each medication are
outlined, as well as appropriate follow-up time frames (Mclnnis, Strand & Pharm, 2012). Last,
an evaluation of comprehensive medication management takes place (Mclnnis, Strand & Pharm,
2012). Comprehensive medication management in complex care management has also been
identified as a readmission-reduction activity (Mclnnis, Strand & Pharm, 2012). Interventions
that successfully reduced hospital admissions or readmissions among Medicare beneficiaries
used comprehensive medication management. In many instances, care managers had direct
access to patients’ electronic health records and, while less common, also coordinated with
patients’ pharmacists (Nelson, 2012; McCall, Cromwell & Urato, 2010; Brown et al., 2012;
Peikes et al., 2009; Maeng et al., 2012a; Maeng et al., 2012b; Chu & O’Brien, 2013; Klein &
McCarthy, 2010; Claffey et al., 2012; Peikes et al., 2012; McCarthy, Waugh & Nong, 2021;

California Improvement Network, 2017; Liu et al., 2019).

Social needs management:

It is well known that over 40 percent of health outcomes can be attributed to social

determinants of health, behavioral factors, and economic factors, which are not usually addressed
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within traditional healthcare systems (Kim et al., 2021). Research demonstrates that addressing
factors such as access to housing, transportation and food can significantly improve older adult
health outcomes and prevent avoidable hospital admissions (Kim et al., 2021). An American
Association of Retired Persons (AARP) Foundation survey found that 34% of older adults lived
in low-income households and that nearly 22% of respondents reported having difficulties
affording their monthly expenses(Kim et al., 2021). Another analysis found that social needs,
such as lack of transportation or financial challenges, were increased among older adults with
multiple chronic conditions (Valaitis et al., 2020). Partnerships between health care providers,
social services, and community resources have resulted in successfully decreasing readmissions
among older adults (Kim et al., 2021; Szanton et al., 2011; Bradley et al., 2016; Brewster et al.,
2016; Mays, Mamaril & Timsina, 2016). Social needs management has also been identified as a
readmission reduction activity (Spivack et al., 2021; Devoe et al., 2016; LaForge et al., 2018;
Frehan et al., 2022). A large portion of successful complex care interventions went beyond
simply addressing Medicare beneficiary health needs but also coordinated social needs
management by connecting patients to community programs and resources and by addressing
transportation, social support, and financial challenges (Hayes & McCarthy, 2016; Peikes et al.,
2009; Maeng et al., 2012a; Maeng et al., 2012b; Chu & O’Brien, 2013; Peikes et al., 2012;

McCarthy, Waugh, Nong, 2021; Boult et al., 2012; Hostetter et al., 2016)."

Transitional care management — Intervention:

Transitional care management has been associated with a lowered risk of hospital
readmissions. CMS defines transitional care management as the coordination of a Medicare
patient’s transition to a community setting after discharge from an acute care setting such as a

hospital or an emergency department visit (Toth et al., 2017; Ballard et al., 2018; Terman et al.,
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2018; Tak et al., 2019; Latifi et al., 2020; Spivack et al., 2021; Tak et al., 2021; Brooke et al.,
2014; Anderson et al., 2015). Transitional care management is a specific type of episodic care
management where practitioners manage and coordinate patients’ health care and daily living
needs following hospital or skilled nursing facility discharge. Transitional care management has
three distinct components: interactive contact, face-to-face visits, and non-face-to-face services.
For the interactive contact component, primary care providers are required to contact the patient
within seven days of their health care encounter or discharge. Next, for the interactive contact
component, providers are required to meet with patients in person. During this face-to-face visit,
the following services take place:

1.! Review the discharge information: Providers must obtain and review patient discharge

information, including instructions on necessary follow-up, test results and treatment
plans.

2.1 Medication reconciliation: Providers also Conduct medication reconciliation or

medication management,

3.! Patient Education: Providers are responsible for educating patients and caregivers on
current or updated health status and health management needs.

4.1 Screening for community resources:; Providers must also screen for and make referrals to

community resources.
5.1 Referrals: Lastly, providers are required to facilitate referrals for necessary medical
services.
Within the MDPCP, transitional care management is required for beneficiaries discharged from

the hospital, emergency department, or skilled nursing facility.
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These interventions successfully decreased readmissions within various timeframes;
however, the most common readmission timeframe was 30-day readmissions (Toth et al., 2017;
Ballard et al., 2018; Tak et al., 2019; Latifi et al., 2020; Spivack et al., 2021; Takahashiet al.,
2016; Nall et al., 2020). Some primary care interventions did not reduce hospital readmissions
among general Medicare beneficiaries during these six years. These interventions used methods
such as primary care follow-up, comprehensive primary care initiatives, and interdisciplinary
care teams and were unable to statistically significantly reduce 30-day readmissions (Nall et al.,
2020; Noel et al., 2020; Bailey et al., 2019; Peikes et al., 2018; Gaskin et al., 2018). Two primary
care interventions resulted in an increase in 30-day hospital remissions among Medicare
beneficiaries within the experimental arm of the studies and call into question whether all

readmissions are unnecessary (Huckfeldt et al., 2019; Lalani et al., 2019).

Transitional care management — readmissions:

Current evidence on the impact of outpatient visits post-hospital discharge on hospital
readmissions among Medicare beneficiaries is mixed. In many instances, primary care follow-up
visits post-hospital discharge have been associated with decreased readmissions (Latifi et al.,
2020; Anderson et al., 2015). Primary care interventions where patients received outpatient visits
within seven days, 14 days, and 30 days post-hospital discharge were associated with a decrease
in 30-day and 60-day readmissions (Tak et al., 2021; Toth et al., 2017; Latifi et al., 2020;
Terman et al., 2018; Tak et al., 2019).

In some instances, outpatient visits post-hospital discharge have not been associated with
decreased hospital readmissions among Medicare beneficiaries (Nall et al., 2020). Outpatient
follow-up visits in urban settings had little impact on hospital readmissions (Sinha, Seirup &

Carmel, 2017). Care management interventions have successfully reduced readmissions in urban
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and rural settings (Toth et al., 2017). Among Medicare beneficiaries initially admitted to the
hospital due to ischemic strokes also did not benefit from outpatient follow-up visits (Leppert et
al., 2020). When evaluating the impact of patient follow-up conducted via telehealth the
evidence shows that telehealth did not decrease readmissions among Medicare beneficiaries
(Leppert et al., 2020; Noel et al., 2020). Unfortunately, many studies evaluating outpatient visit
follow up use secondary-level data such as claims data and are unable to capture specific details

about the care being received.

Primary care based multicomponent care management:

As previously discussed, in some instances, primary care use is associated with a
decrease in hospital readmissions among Medicare beneficiaries. This section will take a closer
look at the various methods used to successfully reduce hospital readmissions. Research
demonstrates that the more readmission reduction activities practices engage in the more likely
they are to successfully reduce readmissions. The literature identified core activities that if
conducted in conjunction with each other, increase the likelihood of successfully reducing
readmissions;**$%owever, when these activities are conducted independently, they do not have
any effect on hospital readmissions on Medicare beneficiaries (Patel et al., 2021; Spivack et al.,
2021; Ballard et al., 2018; Russo et al., 2017). These activities include but are not limited to:

-l Routinely screening for social needs such as food insecurity, housing and/or

transportation needs,

-l Stratifying patients into different subgroups for targeted interventions, identifying

complex patients and providing them with care managers or care coordinators, and/or
conducting medication adherence,

-I' Notifying physicians when complex patients are admitted to the hospital,
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-I' Conducting the following for complex patients when they are discharged from the
hospital: referrals to community health-related social services, follow-up with patients
within 72 hours of discharge, conduct home visits, provide primary care clinicians
discharge summaries and have procedures in place to reconcile medications,

-I' Collecting patient-reported measures, conducting shared decision making, and/or
providing culturally tailored interventions, and

-I' Conducting practice level quality improvement efforts.

As a result of reducing access to care barriers, multicomponent primary care interventions that
conduct home visits have generally been successful in reducing readmissions among older adults
with multimorbidity and or functional limitations;*” however, this same effect was not seen
among Medicare beneficiaries initially admitted to the hospital for heart failure (Warren,
Lemieux & Phoenix Bittner, 2019; Schamess et al., 2017; Murtaugh et al., 2017; Takahashi et

al., 2016 .

Even when primary care interventions apply the previously mentioned intervention
components, there is still a possibility that the intervention will fail to successfully decrease
readmissions. While some interventions assessed the impact of 12 or more primary care
intervention components associated decreasing interventions national interventions only required
the implementation of five components. The Comprehensive Primary Care Initiative (CPC) was
initiated by CMS in 2012 (Peikes et al., 2018). The program sought to evaluate alternative
approaches to delivering primary care (Peikes et al., 2018).'As of 2018, this program was
unsuccessful in decreasing readmissions among Medicare beneficiaries (Peikes et al., 2018).

Multicomponent primary care interventions conducted in communities with high ADI scores
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unsuccessfully reduced readmissions (Gaskin et al., 2018).'As previously discussed, the built
environment has unique avenues that impact patient outcomes independent of individual-level
SDOH. Primary care interventions seeking to decrease readmissions within community with high
levels of resource deprivation might need to increase the intensity or number of primary care
intervention components associated decreasing interventions. Conducting multicomponent
primary care readmissions interventions among adults 75 years of age and older have also been
unsuccessful in reducing readmissions and in some instances, has increased readmissions among

those receiving the intervention (Huckfeldt et al., 2019).

Social determinants of health:

Evidence suggests that that nearly 80 percent of patient health outcomes can be attributed
to social, behavioral, and economic factors and the other 20 percent can be attributed to health
care (Murray et al., 2021). Social determinants of health (SDOH) are the conditions in which
people are born into, grow up in, live, work and age, and the systems which shape these
circumstances, including economics, social policies, and politics (WHO, 2010). SDOH are
associated with higher rates of hospital readmissions(Murray et al., 2021).'Low health literacy
and the inability to maintain self-care needs are also associated with increased hospital
readmissions (Murray et al., 2021; Joynt Maddox et al., 2019). In some studies, having low
income was associated with increased readmissions, while in others there was no significant
relationship between earning low income and readmissions (Murray et al., 2021; Joynt Maddox
et al., 2019; Arbaje et al., 2008).

While there is evidence that patient-level socioeconomic status impact hospital
readmission rates, there is research that also demonstrates the opposite. An evaluation of

hospitals that treat large percentages of patients with low socioeconomic status, found that
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controlling for patient-level socioeconomic status did not significantly impact readmission rates
at these hospitals and found little difference in readmission rates between hospitals serving
populations with lower socioeconomic status compared to hospitals serving populations with
higher socioeconomic status (Bernheim et al., 2016). These differences were attributed to
patients with lower socioeconomic status being more likely to have greater clinical severity
(Bernheim et al., 2016). Even when these conditions are not associated with the primary reason
for admissions, research demonstrates that the presence of multimorbidity leads to post-discharge
complications (Kwok et al., 2019). Low levels of education, housing instability and
homelessness are also associated with higher rates of readmissions (Joynt Maddox et al., 2019;
Arbaje et al., 2008).'Research demonstrates that increased social risk is associated with increased
hospital readmissions due to increased difficulties with post-discharge care (Murray et al., 2021;
Joynt Maddox et al., 2019). These difficulties include, but are not limited to, accessing primary
care, affordability of prescriptions, accessing transportation for follow-up care, adhering to care
regimens, which is exacerbated by increase social risk (Murray et al., 2021; Joynt Maddox et al.,
2019).

The built environment greatly impacts hospital readmissions. One study found that 58
percent of variation in hospital readmissions was explained by the specific county hospitals were
located in (Herrin et al., 2015). More specifically, county-level demographics such as increased
concentration of Medicare beneficiaries, low county-level rates of education and low
employment rates were all associated with increased readmission rates(Herrin et al., 2015).
These findings are consistent with the literature which also demonstrates the association of
increased unemployment rates and county-level income with increased hospital readmissions

(Joynt Maddox et al., 2019; Joynt, Orav & Jha, 2011a; Joynt, Orav & Jha, 2011b). It is well
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documented that health care affordability is a barrier to those who are unemployed or have
limited incomes. There is also proof of an association between low neighborhood-level access to
public transportation, grocery stores and pharmacies and increased hospital readmissions and that
individuals living in high-poverty neighborhoods had higher rates of readmissions than those
living in lower-poverty neighborhoods (Hu, Gonsahn & Nerenz, 2014).

Factors such as increased access to general practitioners and more nursing homes per
capita are associated with lower hospital readmissions, while increased access to specialists and
hospital beds per capita are associated with increased hospital readmissions (Kim, 2020).
Patients living in communities with a limited number of general practitioners have access fewer
post-discharge treatment options and might return to the emergency department or hospital in the
event of a post-discharge event, rather than general practitioners (Kim, 2020). A non-linear
relationship was identified while assessing the how the ratio of general practitioners to specialists
impacts hospital readmissions. The middle quintile ratio was associated with decreased
readmission rates comparable to the lowest quintile (Kim, 2020).

Many MUAs are located in rural areas for instance, nearly 66 percent of all Primary Care
Health Professional Shortage Areas (HPSAs) are present within rural locations and only 12
percent of all health care providers within the United States practices in rural areas (Rural Health
Information Hub, 2024; Seshamani et al., 2023). Often individuals living in rural locations with
limited access to primary care services substitute these services with specialists or emergency
use (Bolin et al., 2015). For instance, 34 percent of adults in urban areas used the emergency
department while nearly 44 percent of adults in rural settings used emergency department
services and many believe the increased use of emergency department services among rural

adults is an indicator or limited access to primary care services (Bolin et al., 2015). Even
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instances where rural adults are accessing primary care services their health outcomes are worse
than adults in non-rural settings. When compared to urban practices, rural practices providing
care to Medicare beneficiaries had similar care delivery, capabitilities, their patients still had

higher hospital readmissions rates (Fraze et al., 2022).

Overview

Chapter 2, Primary Care Practice Capabilities, examines the association between primary
care capabilities and the delivery of care management services and whether this association is
altered by primary care practice medically underserved area (MUA) designation.

Chapter 3, HEART Payments and Comprehensive Care Management, examines the
association between HEART payments and care management services and whether this
association is altered by primary care practice care management delivery option. Additionally,
this aim seeks to assess the association between HEART payments and care management
services among practices within and outside of medically underserved areas (MUA).

Chapter 4, Comprehensive Care Management and Primary Care Practice-Level
Readmission Rates, identifies unique trajectories of comprehensive care management
performance among MDPCP primary care practices and to examine the association between
comprehensive care management performance trajectories and practice-level unplanned
readmission rates.

Chapter 5, Conclusion and Future Direction, provides an overview of the results found in

chapters 2, 3, and 4 and explores policy implications and suggestions for future research.
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Background

The Maryland Primary Care Program (MDPCP) is a voluntary Medicare demonstration,
modeled after the Comprehensive Primary Care Plus (CPC+) program. The MDPCP is designed
to facilitate the delivery of comprehensive primary care which includes care management
(Machta et al., 2021). Care management is a patient-centered approach, used in various health
care settings, that seeks to help patients better manage their health (Center for Health Care
Strategies Inc, 2007). Previous scholarship identifies primary care office-led care management as
an avenue to reduce readmissions; however, there is a gap in understanding how primary care
office structural and process capabilities impact the capacity to provide care management,
specifically within Maryland.

Care management is generally described as activities that seek to improve patient ‘quality
of life and health outcomes and to reduce high utilization’ (Peikes, Swankoski, O’Malley, and
Timmins, 2021). Practices employing a multi-process care management approach have
demonstrated greater readmission reductions than those using a single care management process
(Spivack, DeWalt, Oberlander et al., 2021). Findings such as these make it difficult to
understand how these care management processes interact and make it difficult for primary care
offices with limited resources to prioritize the implementation of specific management services
(Spivack, DeWalt, Oberlander et al., 2021). Little information exists about whether Maryland
Medicare beneficiaries receive care management services or the types of care management they
receive. Furthermore, little is known about whether Maryland primary care offices have the
structural and process capabilities to provide these services or what capabilities Maryland

primary care offices use to provide care management to Medicare beneficiaries.
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While several studies document the association between community-level resources and
hospital quality, little is understood about how community-level resources impact primary care
quality. Geographic location and the built environment greatly impact health care infrastructure
and access to human capital, financial resources, and technical resources (White et al., 2021;
Jung et al., 2018; Landon et al., 2021). It is important to understand how health care disparities
are mediated or moderated through place of care. For instance, primary care offices with higher
shares of vulnerable patients are more likely to receive lower performance-based payments
(Friedberg et al., 2010). Another study highlights that primary care offices in primarily black
communities might struggle to attract high-quality providers and found that black patients
generally saw providers who were less likely to be board-certified. These providers were more
likely to have difficulty referring patients to quality specialists (Bach et al., 2004). While it is
generally accepted that limited access to resources, such as high-quality providers and funding,
contribute to safety-net hospitals providing lower quality of care (Kaplan et al., 2019; Hasnain-
Wynia et al., 2007) further research is needed to assess how the built environment moderates
primary office infrastructure and the ability to provide quality care such as care management.
Lastly, research is needed to evaluate geographic variation in care management provided to
Medicare beneficiaries.

This analysis examines the association between primary care capabilities and the delivery
of care management services and whether this association is altered by primary care practice
MUA designation. We hypothesize that controlling for practice-level characteristics, certain
primary care practice process and structural capabilities will be associated with the provision of
care management, that practices with increased structural and process capabilities will provide

more comprehensive care management services, and that practices with an MUA designation
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will have less structural and process capabilities and as a result will provide less comprehensive

care management services.

Methods

Data

Several secondary data sources are utilized in this analysis: Maryland Primary Care
Program data, Chesapeake Regional Information System for our Patients (CRISP) data, and
hMetrix data. All data are aggregated at the primary care practice level. Data from 2021 is used
for this analysis. MDPCP data provides rosters of participating practices and rosters of
participating Care Transformation Organizations (CTOs). MDPCP Care Transformation Reports
provide practice-level care delivery transformation data and practice structural and process
capabilities. These reports provide practice-level data on care delivery changes made in order to
address the five Comprehensive Primary Care Functions: (1) Access and Continuity, (2) Care
Management, (3) Comprehensiveness and Coordination, (4) Patient and Caregiver Engagement,
and (5) Planned Care and Population Health. The reports also include practice-level care
management implementation, the type of care management provided, and the types of care
management processes used. MDPCP data provide practice ownership in formation, federally
qualified health centers (FQHC) status, size, and practice MDPCP participation track status.
MDPCP data also provide practice-level provider and staff demographic information. CRISP
data provide beneficiary demographics and data. CPRISP uses Medicare Fee-For-Service claims
and Claim Line Feed (CCLF) data to provide MDPCP primacy care offices health information
technology tools that capture attributed Medicare beneficiary patient summaries and reports.
CRISP data provide beneficiary demographic information such as age, race and ethnicity,

H#S%B&!"& %' (&) +",")* (&% #HEC) risk tier, chronic conditions, preferred language, Medicare
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eligibility, and enrollment characteristics. CRISP data also provide beneficiary-level claim
payments, and service use such as hospital admissions and readmissions. HMetrix data provide
practice-level per beneficiary per month MDPCP Care Management payment, Comprehensive

Primary payment, and Performance Based Incentive payment information.

Study Sample

MDPCEP eligible primary care practices must have a minimum of 150 attributed Medicare
beneficiaries and must fall under the following provider categories: General Practice, Family
Medicine, Internal Medicine, Obstetrics and Gynecology, Pediatric Medicine, Geriatric
Medicine, and co-located Psychiatry. This analysis only includes MDPCP Medicare fee-for-
service (FFS) attributed beneficiaries. Attribution is a process that assigns beneficiaries to
specific providers who are then held accountable for the assigned beneficiaries’ care and health
outcomes (Fiesinger, 2016). This analysis includes primary care practices participating in the
MDPCP in 2021 and those who participated in the MDPCP 12 months prior and 12 months after
the implementation of the HEART payments on January 1, 2022. The final sample in this
analysis is 490 of the total 608 primary care practices that participated in the MDPCP between

January 1, 2019 to March 31, 2023

Dependent Variables

The dependent variable is a composite measure assessing the comprehensiveness of primary
care practice-level care management. The measure captures five care management categories and
is standardized to range between 0-5. Each care management category was also standardized to
range from 0-1:

(1)!Risk-stratified care management: (0 — 1 Points)
¥ Risk stratification — Methods
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o! (1) Intuition only; (2) Data-driven algorithm only; (3) Two-step
¥ Risk stratification — Factor complexity
o! (1) Claims variables; (2) Clinical variables from the EHR; (3) Computed risk
scores; (4) Pre-AH Tool (Likelihood for Avoidable Hospital Events report);
(5) Other methods
¥ Risk stratification — The percent of beneficiaries risk stratified out of the total
empaneled patient population
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Lead Care Manager
o! (1) Yes; (0) No
¥ Longitudinal Care Management — The percent of beneficiaries under care
management out of total empaneled
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Care Plan — The percent of beneficiaries under longitudinal care management with
care plans
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Care Plan — Document & storage
o! (0) No; (1) Care plans are stored but not health IT integrated; (2) Care plans
are EHR or HIT integrated)

(2)!Self-management and support (SMS): (0 — 1 Points)
¥ Populations that receive SMS
o! (1) All beneficiaries with targeted conditions; (2) Risk status; (3) Poorly
controlled disease; (4) Data from a formal self-management assessment tool;
(5) Beneficiary interest; (6) Clinician referral/identification; (7) Other
¥ Self-management support activities
o! (1) No activities; (2) encourage beneficiaries to choose goals that are
meaningful to them; include family/caregivers in goal setting and care plan
development; (3) Connect or provide beneficiaries and caregivers with formal
self-management support services at our practice or in the community; (4)
measure beneficiaries' skills and progress; (5) Staff are trained in self-
management support techniques

(3)! Transitional care management (TCM): (0 — 1 Points)
¥ The percent of patient follow-up within one week post emergency department
discharge

o! (0) None (0%); (1) Some (Up to 50%); (2 Most (51-95%); (3) All (96-100%)
¥ The percent of patient follow-up within 72 hours post-hospital discharge

o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Admission/discharge/transfer information EHR/HIT system integration

o! (1) Yes; (2) No

(4)!Comprehensive medication management (CMM): (0 — 1 Points)
¥ Delivery of CMM
o! (1) Yes; (0) No
¥ Populations that receive CMM
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o! (1) Active medication issues (e.g., adverse reactions, adherence, not reaching
intended treatment outcomes); (2) Potential therapy issues (e.g., high-risk
medications, polypharmacy, multi-therapy drug interactions, high-cost
medications); (3) Referred by practitioner or care team

(5) Social needs management (SNM): (0 — 1 Points)
¥ Populations that receive SNM
o! (0) Do not screen beneficiaries; (1) Targeted subpopulation; (2) All
beneficiaries
¥ Types of social needs screened for
o! (1) Food insecurity; (2) Housing instability; (3) Utility needs; (4) Financial
resource strain; (5) Transportation; (6) Social isolation; (7) Safety or
interpersonal violence; (8) Other
¥ Inventory of social service resources
o! (1) Yes; (0) No
¥ Established relationship with social resources
o! (1) Food insecurity; (2) Housing instability; (3) Utility needs; (4) Financial
resource strain; (5) Transportation; (6) Employment; (7) Social isolation; (8)
Safety or interpersonal violence

Independent Variable

In this analysis, the primary independent variables represent primary care practices' structural

and process care management capabilities. The literature identified each capability as a facilitator

of care management delivery (Ryvicker, 2018; Lee et al., 2019; Jang et al., 2021). Participating

MDPCP practices are required to report care delivery transformation efforts and practice

structural and process characteristics biannually. Primary care office structural care management

capabilities are captured via seventeen variables in the following categories (1) programmatic

payments, (2) care team activities, (3) enhanced access to care, (4) continuity of care, (5) planned

care and population health, (6) referral management, and (7) quality improvement infrastructure.

The seventeen variables are as follows:

>i Comprehensive Primary Care (Average Per Beneficiary Per Month) Payments,
<fl Care Management (Average Per Beneficiary Per Month) fees,

Ji' Performance-Based Incentive Payments (PBIP),
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Al

KH!

L!

Mi!

DH!

Fh!

Multidisciplinary care team composition,
Multidisciplinary care team activities,
Twenty-four-hour access to patient electronic records,
Twenty-four-hour coverage,

Enhanced appointment and communication capabilities,

Alternative approaches to care,

>=H! Patients are seen by the provider or care team they are empaneled to,

>>Hl Offices use data to plan the care they provide,

><fl How often offices use data to plan the care they provide,

>JH! Referral management arrangements with specialists,

>?41 Use of cost measures to engage in continuous quality improvement efforts,

>KH! Use of patient experience measures to engage in continuous quality improvement efforts,

>LH Use of measures to engage in continuous quality improvement efforts,

>\ Engagement in culture of improvement efforts.

Covariates in this analysis fall into two categories: practice-level beneficiary characteristics and

practice organization-level characteristics. Covariates: Practice-level beneficiary characteristics

covariates include beneficiary information: age (the percentage of patients that are 64, 65-69, 70-

74, 75-79, 80-84), race (percentage of black patients), HCC risk scores (practice average score),

and dual eligibility status (yes; no). Practice organization-level characteristics covariates

include: total number of providers, percent of providers that are general practitioners and family,

MDPCP participation track (L,ILIII), CTO collaboration (yes; no), county (Allegany, Anne

Arundel, Baltimore, Calvert, Caroline, Carroll, Cecil, Charles, Dorchester County, Frederick,
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Garrett, Harford, Howard, Kent, Montgomery, Prince George’s, Queen Anne’s, Saint Mary’s,

Somerset, Talbot, Washington, Wicomico, and Worcester), and MUA status (yes; no).

Statistical Analysis

We employ Principal Component Analysis (PCA) to reduce the number of primary
practice capabilities variables being used in the analysis by categorizing the 17 capabilities
variables into latent themes. PCA is a linear dimensionality reduction and factor identification
statistical procedure that reduces the dimensionality of datasets with large numbers of variables
that are correlated by creating principal components which as linear combinations of the
variables of interest that retain the majority of the variation found in the original variables
(UCLA: Statistical Consulting Group, n.d.; Penn State, n.d.; Kripalani et al., 2014). The overall
goal of PCA is to summarize the information within large datasets by creating a smaller set of
summary indices or principal component variables (Sartorius, 2020). For PCA, a sample size of
100 is considered ‘poor,” a sample size of 200 is considered ‘fair,” a sample size of 300 is
considered ‘good,” a sample size of 500 is considered ‘very good,” and a sample size of 1000 or
more is considered ‘excellent’ (Tabachnick and Fidell, 2001). This analysis utilizes 490 primary
care practices, which is considered appropriate based on these standards. We employ the

following steps:

Step 1: Variable Standardization. The range of the initial variables must be standardized
so that variables with larger ranges do not bias the results by representing greater variance than
variables with smaller ranges. For this analysis each variable will be divided by its total so that

the range of each variable will be transformed to span from zero to one (Sartorius, 2020).
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Step 2: Correlation Analysis. PCA requires the presence of correlation among the initial
variables (Mertler and Reinhart, 2017). This step identifies existing relationships between the
variables such as whether an increase or decrease in variable A results in an increase or decrease
in variable B. A covariance matrix of all the standardized variables will be calculated to assess
the presence of pairwise correlation among variables of interest. Covariance ranges from zero
which represents no relationship between two variables, to one or negative one, which represents
strong correlation (Patil, 2020). The presence of variables with a score of .30 indicate that high
enough pairwise correlation exists and that PCA can be conducted (Penn State, n.d; Sartorius,

2020; Jaadi, 2024).

Step 3a: Principal Component Identification. During this step we calculate the
eigenvalues and eigenvectors of the covariance matrix are calculation to identify the principal
components. Step 3al. Generate matrix): First a matrix is constructed with dimensions equal to
the number of variables in the model and each observation is placed within the dimensional
space. For this analysis there are 17 variables so there will be 17 dimensions and the scaling

criterion will be based on unit variance (Penn State, n.d; Sartorius, 2020; Jaadi, 2024).

Step 3a2. Mean centering: Next the average of each variable is generated and a vector of
all the variables averages is generated. This vector or point in space is transformed into the
center of variation among the data and now becomes the origin point (Penn State, n.d; Sartorius,

2020; Jaadi, 2024).

Step 3a3. Linear transformation: The data undergoes an orthogonal linear transformation
which transforms the original data to lay on a new coordinate system (Yang, Teng & Chen,

2020). The eigenvectors represent the direction of the linear transformation and eigenvalues are
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the coefficients of the linear transformation and represent the variance captured in each principal
component (Khan Academy, n.d.). The number of eigenvectors and eigenvalues generated is
always equal to the number of variables or dimensions included in the model. For example, this
analysis includes 17 variables and each variable represents a dimension. Since there are 17
dimensions, the analysis will generate 17 pairs of eigenvectors and eigenvalues (Penn State, n.d;

Sartorius, 2020; Jaadi, 2024).

Step 3b: When multiplied, eigenvectors and eigenvalues represent principal components.
This also means that if there are 17 dimensions that 17 principal components will be generated.
Principal components represent the new ‘index’ variable comprised of the linear combinations of
the initial variables. The first principal component captures the most variance present in the data
and the second principal component is orthogonal in relation to the first component and captures
the remaining maximum variance among the data. This process continues so that the first
principal component contains the most variance and the 17th principal component contains the

least variance (Penn State, n.d; Sartorius, 2020; Jaadi, 2024).

Step 4: Create feature vector. During this step dimension reduction takes place when you
decide which principal components to keep in the analysis. A feature vector is a matrix that
contains the eigenvectors of the principal components that remain in the analysis. Organizing
eigenvectors by their eigenvalues in descending order, organizes principal components by level
of variance captured. (Sartorius, 2020; Jaadi, 2024). This is the initial dimensionality reduction
process because the number of principal components that are retained represent the number of
dimensions that remain as well Jaadi, 2024). Principal components will be kept in the analysis if

their eigenvalues are above one, which is based on Kaiser’s rule. According to this rule retaining
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a factor that represents less variance that an initial variable is not a reasonable practice when
developing instruments or assessment tool (Kaufman and Dunlap, 2000). Additionally, PCA
scree plot of eigenvalues, confirmatory factor analysis, iterated principal component analysis,
maximum likelihood principal component analysis, and parallel analysis will also be assessed to
confirm the appropriate number of principal components to keep (Penn State, n.d; Sartorius,
2020; Jaadi, 2024).

Step 5: Transform the original matrix. It is expected that correlation will be present
among the principal components so Promax, which is an oblique rotation method, will be applied
to estimate rotated factor loadings (Brown, 2009; Rodriguez et al., 2016). This method will
reorient the original standardized variables onto the retained principal components or
dimensions. In order to complete the final data transformation, the original data is multiplied by
the eigenvectors of the principal components that are retained in the analysis (Sartorius, 2020;
Jaadi, 2024; DataCamp, 2023).

Regression analysis. Poisson regression models were employed to assess whether there
are differences in the comprehensiveness of care management services primary care practices
provide. Model 1 includes the outcome variable comprehensive primary care and the principal
components of the primary care process and structural capabilities variables. Model 2 includes
all the variables present in Model 1 as well as primary care practice patient-level characteristics:
age, race, HCC risk scores, and dual eligibility status. Model 3 includes all the variables present
in Model 2 as well as practice-level characteristics: total number of providers, percent of
providers that are family and general physicians, MDPCP participation track, CTO collaboration,
county, and MUA status. Lastly, Model 4 includes of the variables in Model 3 as well as

interaction terms between each primary care practice process and structural capability principal
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component analysis and MUA designation in order to assess whether primary care practice MUA
designation impacts the association between the provision of comprehensive care management
and primary care capabilities.

Model 1: Crude
PHER () * MH&( Y L - e Berer((, 868-10/(12,

Model 2: Patient level characteristics
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Model 3: Patient and practice level characteristics
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Model 4: Patient and practice level characteristics with interaction terms between primary care

practice care management capabilities and MUA status.
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Where the model terms represent the following: log(E(y)) = comprehensive primary care practice
care management services score. The Bonferroni correction, a multiple-comparison correction,
will be used to account for multiple simultaneous tests. The correction which will lower alpha
values in order to account for the number of performed comparisons and to avoid spurious
positives (Weisstein, n.d.). Collinearity will be assessed and any variables with a score of five or

more will not be included in the models. For all analyses, statistical significance will be set as p

< .05 (2-sided) and will be performed using Stata version MP 17.0.
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Results

Table 2.1. Assesses whether there were significant differences between MUA and non-

MUA in primary care practice patient-level demographics, primary care practice-level MDPCP

funding, and primary care practice-level geographic characteristics. During 2021, 27 percent

(n=134) of MDPCP primary care practices operated in MUAs. MUA MDPCP primary care

practices had a greater percentage of patients under 65 (13.7% vs. 9.3%, p<0.001), Dual-eligible

patients (25.1% vs. 16.3%, p<0.001), black patients (30.1% vs. 23.5%, p<0.001), and MUA

MDPCP primary care practices were more likely to practice in rural areas (54.5% vs. 25.4%,

p<0.001), compared to non-MUA MDPCP primary care practices. Non-MUA MDPCP primary

care practices, on average, had a greater number of attributed Medicare beneficiaries (766.4% vs.

725.8%, p<0.001), white patients (66.4% vs. 63.4%, p<0.001) and a higher percentage engaged

in CTO partnerships (79.8% vs. 73.3%, p<0.001).

Table 2.1: Characteristics of MDPCP Primary Care Practices by MUA Designation, 2021
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Table 2.2. Describes differences between MUA and non-MUA in care management

services. MUA MDPCP primary care practices had a greater comprehensive care management

composite score; however, this difference was not statistically significant (3.60 vs. 3.43,

p<0.001). Non-MUA practices had higher risk-stratified care management scores (0.74 vs. 0.72,

p<0.001). MUA practices had higher self-management support (0.67 vs. 0.66, p<0.037),

#/0)*, . ,~($8,10, "$#"1$/-10"-"W, 0, ~+40.73 vs. 0.67, p<0.01668"- "4(/#"~, , " (10"-"W, 0, -+40.77

vs. 0.64, p<0.0126i(#/*, (1

Table 2.2: Care Management Characteristics of MDPCP Primary Care Practices by MUA

Designation, 2021
& 5/+"% QRS O/-2QRS§ | ! "#$%&'
N"O)¥, & -P>J7% -PJKLS
OP?F=& 4<MHITGE AM<HMT Gh
78, %" 00" -"W, O, —+68S BWik JH?D4 JHL=4 JH?234 =HL=J¢
A>GE Y S(L2(+*"43V8, "i'™*,00"-"W, O, -+t S8WE =iMJ4 =iM<§ =iM?% =H===
A<GN,W20"-"W, 0, -#"-"4(3) ) /*+6S8Wi =HLL& =HLM& =HLL& =H=IMg
AJGE5*"" - ($$/ "t " ,4O"-"W, O, -+ S BW§ =iM=4 =L D4 =HM>4 =H=DM¢
4266A/0)*, ., -(88,40, "#"+§/-40"-"W, O, -+6tS8Wk =HLF4 =iMJ4 =HLM& =H=>L4
AKGIN/#$"" -, , " (RO"-"W, O, -+t S8WE =HLM& =iMM& =HL?% =f=><{

Table 2.3. shows descriptive statistics of the seventeen variables included in the Principal

Component Analysis. Each variable was normalized by rescaling the range from zero to one.

Standardizing the standard deviation of each variable and setting the means to zero was explored;

40




however, normalizing each variables’ response range was a better fit for this analysis (UCLA:

Statistical Consulting Group, n.d.).

Table 2.3: Principal Component Analysis Descriptive Statistics after Scaling
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Table 2.4. shows the hypothesized care transformation categories that each variable was

expected to belong to. Fourteen of the variables included in the PCA represent survey questions

that are currently categorized into the following categories: (1) care team composition and

activities, (2) enhanced access to care, (3) continuity of care, (4) planned care and population

health, (5) referral management, and (6) quality improvement infrastructure. The remaining three

variables were placed into the MDPCP cost category and represent the three distinct funding

streams each practice receives for participating in the MDPCP.
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Table 2.4: Hypothesized Variables and Care Transformation Categories
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The six principal components extracted from the primary care structural and process

capabilities variables are shown in Table 2.5. Each of the principal components extracted had

eigenvalues greater than one. The first principal component explained 14.91% of the variance,

the second principal component explained 14.25% of the variance, the third principal component

explained 11.85% of the variance, the fourth principal component explained 11.61% of the

variance, the fifth principal component explained 11.47 % of the variance, and the sixth principal

component explained 8.58% of the variance. All six principal components collectively

represented 72.7% of the variance within the primary care practices.
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Table 2.5: Principal Component Analysis of Primary Care Structural and Process Capability Variables
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The scree plot, depicting each of the initial 17 principal components’ eigenvalues, clearly

visualizes the number of principal components with eigenvalues greater than one (Figure 2.1).

Figure 2.1: Scree plot of eigenvalues after Principal Component Analysis
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Table 2.6. shows the variable loadings for each primary care capability variable after

Promax rotations were applied.

Table 2.6: Variables Loadings after Promax Rotations
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The Kaiser-Meyer-Olkin measure (KMO) of sampling adequacy (Table 2.7.) generated a

statistic that estimated the correlation between the 17 variables included in the analysis (Kaiser,

1974). The KMO statistic ranges from zero to one, with greater values indicating that factor

analysis is an appropriate method. High KMO statistics indicate that the correlation between

variables is high enough to capture the common factors that influence them or the principal

components. In this analysis, the KMO statistic was 65.2, which is above the accepted threshold

of 50.0 (Kaiser, 1974).

Table 2.7: Kaiser-Meyer-Olkin Measure of Sampling Adequacy
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Table 2.8. depicts updated primary care capability categories based on the results of the
PCA. This table also shows that each of the 17 variables included in the analysis contributed
over 30% to the variance of each component and that all but two variables contributed to over
47% of component variance. While the variables included in the PCA were hypothesized to
represent, the PCA identified six principal components. All but one variable, ‘24/7 access to
patient electronic records,” remained in their original groupings. Additionally, PCA combined
the ‘referral management’ and ‘quality improvement infrastructure’ categories into a single
principal component.

The first principal component measures ‘referral management + quality improvement
infrastructure.” This component was positively and strongly associated with all three variables
assessing whether primary care practices used cost, use, and patient experience measures to
support quality improvement efforts, as well as the single referral management variable, which
captured the number of specialist types a primary care practices have referral arrangements with.
This principal component might capture primary care practice-level ability to organize
information and then the ability to use this information to inform practice, whether it be quality
improvement efforts or connecting patients with specialty providers.

The second principal component measures ‘MDPCP payments’ and was positively and
strongly associated with all three variables assessing MDPCP related payments: (1) care
management fees, (2) performance-based incentive payments, and (3) comprehensive primary
care payments. The third principal component ‘planned care and population health’ was
positively associated with both ‘planned care and population health’ variables. This principal
component captures the types of data used to plan patient care and how often data are reviewed

to provide informed care.
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The fourth principal component measures ‘continuity of care + enhanced access to care’
and was positively and strongly associated with the single continuity of care variable that
captures whether patients are consistently treated by the provider or care team that they are
empaneled to, and an enhanced access to care variable that captures whether patients have 24/7
access to their electronic health records. While initially categorized in separate categories, these
variables capture primary care practice-level ability to provide continuous access to consistent
treatment and information. This principal component might also capture consistent
communication between providers and patients since some electronic health record platforms
facilitate emails between patients and providers. The fifth principal component measures ‘care
team composition and activities’ and was positively and strongly associated with all three
variables in this original category. This principal component captures whether primary care
practices use team meetings to discuss patients, review quality improvement data, and plan
actions of care. Lastly, the sixth principal component measures ‘enhanced access to care’ and
was positively and negatively associated with three of the four variables originally in this

category. Each variable captured patients’ ability to seek care outside of traditional office hours.
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Table 2.8: Variables and Care Transformation Categories based on Principal Component Analysis Results.

Care transformation Contribution to Variables Variables
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Over 30% of
Components (%)
>SN >k | 5,"0k.3" ", (W/#3(, "W/-1U, -, V#8™ 1™, & KJH?F
XAIKHA™ &+, " O #3888, (8 &' <t | 5,"040, ,t5-Wer/8" $(#3( (4. SW. 2*8 (LU, -, VSH#8"*3, (& KFH<K§
Ji | 5,"0(tO, ,-Wet/t*, 8%, 14d3"i$t;880)*/8,0, -+ " "+" PMi<<d
" 24| <PeMEUHE, ((78) 48, 4, b, #/ -SH*  # /"4 LJIH?J%
XA&?H&A/_+$_3$+;&/V&# *,9&& >>HL>& " T Il - * " %) Jk0HNI% " - ik
N\, U (L ) Di XO+§,"-_+(UZ 'é&(” U6t ,0)*/88"™ /"™ b, " Okt ., 8™ .4 LKHI>E
no wgm Ké | X84, 85 ,0)* /88", (4<?eMi#/8,*"W, & L?HMJ&
KPR~ T (A DHKDI Li | \o."#,"0))/5-+0 , "~ #/ O03-5E" 5/ —#") U, (8 23=AI<L
’ M | Sht,*-"4§8,8'"))*/"#. , (&/8#"™* & K<HDF§
XAGIHEXH" - -, "4#'"™* 4" - "4 SSIDKE Fo | 0720V, -0/ WSt (3" " /)N -8t . 8™ & ., ;0)*/88" 4 LKHD<§
)/) 348/ -4, "Lk >=f | C., . W, (B34 G /D)W -8 8" b, ;0)* /88" & L<HL>§
>4 1V, *"HO"-"W,0,-#1et(),#5"8(+( PME?2%
1.\ =gt -
é’gﬁgi ) &éé’)* //Ugoo _VY&’ O,-+ >HF>4 ><§ | RGA/Vi#/ (HO, " (3%, (8 KIK>Di
§-ye( +;3 e T & >Jb | R( A/ VE3$H8F'+6/-00 , " (3*, (Bik K>HM<§
’ >?% | R(,/VB)"S,-4,C),*,-#,80," (3%, (& J2HMME
>Ki | A™ 80"-"W,0, -V, , (k& KFHFLS
L1 . - ? b b b 7
IAHQIXAC0, g >Li | X, %/*0"-#,0"(, "8-#,-198,0)"; 0, ~1(k KIBKDL
SMi | A/O)*, . ,-(88,0)*0™; #"*,0)"; 0, - KIHMFS

48




Table 2.9 shows the results of six separate Poisson regression models that assessed
whether the principal components of primary care capabilities were associated with providing
comprehensive care management, risk-stratified care management, self-management and
support, transitional care management, comprehensive medication management, and social needs
management. PC 1. Referral management/Quality improvement infrastructure was positively
associated with comprehensive care management (Incidence rate ratio [IRR] 1.03, p=0.000, 95%
Confidence Intervals [CI] 1.02, 1.03), comprehensive medication management (IRR 1.07,
p=0.000, 95% CI 1.05, 1.09) and social needs management (IRR 1.07, p=0.000, 95% CI 1.04,
1.09) and negatively associated with risk-stratified care management (IRR 0.99, p=0.000, 95%
CI10.98, 0.99). PC 3. Planned care and population health was positively associated with all care
management categories except social needs management. PC 4. Continuity of care/ Enhanced
access to care was positively associated with all care management categories except self-
management and support. PC 5. Care team composition and activities was only associated with
transitional care management (IRR 1.03, p=0.000, 95% CI 1.01, 1.05). PC 6. Enhanced access to
care was negatively associated with comprehensive care management (IRR 0.98, p=0.000, 95%
CI10.97, 0.99), risk-stratified care management (IRR 0.98, p=0.000, 95% CI 0.97, 0.99),
comprehensive medication management (IRR 0.92, p=0.000, 95% CI 0.90, 0.95), and social
needs management (IRR 0.96, p=0.025, 95% CI 0.90, 0.95). MUA primary care practice
designation was associated with a decrease in the comprehensiveness of the comprehensive care
management composite score (IRR 0.94 p=0.046, 95% CI 0.89, 0.99) as well a decrease in the

comprehensiveness of risk-stratified care management (IRR 0.94 p=0.032, 95% CI 0.89, 0.99).
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Table 2.9: MDPCP primary care practice principal component capabilities associated with care management, Poisson regression models
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Table 2.10 shows the results of six separate Poisson regression models that assessed the
impact of the interaction between the principal components of primary care capabilities and
primary care practice MUA status on comprehensive care management, risk-stratified care
management, self-management and support, transitional care management, comprehensive
medication management, and social needs management. Interaction terms between primary care
practice MUA designation and PC 1. Referral management/Quality improvement infrastructure
was statistically significantly associated with transitional care management (IRR 1.06, p=0.020,
95% CI 1.00, 1.11). Interaction terms between primary care practice MUA designation and PC 3.
Planned care and population health was statistically significantly associated with comprehensive
care management (IRR 0.97 p=0.032, 95% CI 0.94, 0.99), self-management and support (IRR
0.95 p=0.021, 95% CI 0.91, 0.99), comprehensive medication management (IRR 0.92 p=0.005,

95% CI10.87, 0.97), and social needs management (IRR 0.94 p=0.037, 95% CI 0.89, 0.99).
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Table 2.10: The impact of the interaction between MDPCP Primary care practice principal component capabilities and primary care
ractice MUA status on care management, Poisson regression models

i A/O)*,.,~(38,L | N,H2O"—"W,0, - | 5" —($6/—"Wt™ 4| Q, $#8/—k | /&=, , (0
#7 10"-"W,0, -4 | "-"i(3))/* 0"-"W,0,-# | O"="W,0,-# | O"="W,0,-4
i TVURKTAG | TIUFKTAG | TVAFKTAGE | T VWFKTAGE 1 VUFKTA G
o S=Jiiil SN i She= ~HFDL SN i il
é@ﬁ:ﬁ ' &éé’)* /0/”2?0', _VY&’;_)V;.‘. Ef&s 3 I>h=<bioH=J6k ) IHFDRoH=<G | A=HFLE>H==GL 4>H:?6g>H:FG&
o= N She= =<l She=
XAIKQXAXD)"; 0, ~+(t I=HFDBISH=> I=HEKBI=HF L IHFDRSH=<G | A=HFFRSIEKGE | A=HFMBisH=<Gl
i i i
SKi il SKi il =<l NS =21
XALHRXS" -, "™ 1= "0) /) 348/ ~L.. " .4 I5h=J>H>H=L =6k I>h=J6H=MGE Ih==hoH=KGE | ASHEMESHSLGE | dAsH==hioH=DGl
i i i i i
XALHAT =33 V™ eN- " #, " #, (/1 =Dl Sh=>l =211l STEIT SLiiil
ey ISH=L FoioH=F G I=HEFboH=J6k IH=SHSHEMG | ASHCLESHPIGE | Asio>hishe<Gl
. . Sh==21 NS S=Jiil ~4FD DL
XAIKHA™, &, "OW/ Q) / (/-1"- "1 #4859, (& I=HEE 6o =26k I=HEFSoH=<Gh ISh=>HoH=KEE | A=HFKESHS | A=HFKRSH==GL
SEVEiiid == =Y SF<iiil SHFLid
XAILHN= "=, "0, (0 I=HFL Féi=HFDFG} I=HFDbiH=<t IHFESH=IG | A=HF=HSHEOGE | A=HE?B=HEFG
i i i i i
QRSIN"13(l i i D i i
o/ TR TR TR TR
e ~iFKL TN ~HFDL She= ~FL
: I=HDFBiH=>64 I=HD>bioH=>6 IIDLEI><G | A=DFE>HSIGE | A=HD=hi>H=DGL
QRSINTBQIXABHT T, 40", 0, i i D i i
B3"i§:180)*/8, 0, -V (#3443 1
QRSIN"3(l I i 0 0 D
o/ TR TR TR TR
e 2% 20 St=L ik 22 2
’ I>h==Hio>>0
QRSINT 3 XALXE —, "B =" i i i 0 D
V)KL,
QRSIN"13(d i i D i i
o/ TR TR TR TR

52




a, (&

=fFM G
4=HF?66=HF FG&

4=HF>B8=HF FC4

=HFKTé

2%

=HF<iid
4=HDMB§=HFMCt

=iF?1é
4=HDFe§=HFFC4

i) Di=H=Kegi 1) D=H=>600 i 1) DI=H==>HSUU*,88"+8/-(hk" ¥ TH6S-#5" , —#, &*S([&*"'+8/ (BRAHRRA/ V™ , —#,8 -+, *8"H(BQRSHRO, "§# " ;3- ", *(,*8, "i"™*, "

Models:iX*"#45#, 20,8, 16U, -, VE#E"™ ;& . "+t SRS (N"W, 8+ . L&), *#, =" W, 8/VB) 48, —+(kt . """ , ALK 2L FOM=2M26EMK2MFGED=2D 2668+ "# , 64) , *#, —+"W, &/ VAU # [ &

)8, — (G0 B AAGS([R(H/*, (M) *"#:8#,8"8, ¥ W, &(#/* , 668" - "™ 34, WOWSUSHS+ ; 4(+"'+3(84 5 , (B8 ZGOEXH "8, &/ *W" —$F""+8/ -2, 8, it . """ H+ , *§ (1 (hit/+"%-30U, *4/ Ve
V887 K(6R) 4, —HAVE)* /88" F (bt LV OSH 6-TAW, -, X)) - 5 (S8 - (BRQ I XAXK) "*18#8) 18/ -&t*"" #4668 " CRRADS 78/ U/*"18/ -4 ; , (8- /C6k#/ 3434

ASHH, W - 08S--,4S*3- ", ¥8Z SO /* , BLA™H8 , *H6A"* /18— , A" */HHELA , #SHBLA . ", (BT /*#. , (+,A/3-4560_*, " *S#[6hm™** #1661 ™V/*"66 1 / 1™ "RE , -+6¢

Q/-tW/0,*; 6X*$-#,tm, /*W,n(6B3, , -4S-- ,n(&N"$-+#Q"*; n(&N/ O, *(, 65" WU/RC " (. §-Wt/-GLCH/ OS#/GC /*#, (+,*A/ 3-+; 06" - "tQRSE(+""+3(84; , (B¢

- /CHe

(
(

53




Table 2.11 shows the results of six Poisson regression models that assessed whether the
number of primary care capabilities was associated with the provision of care management.
Increased primary care capabilities were positively associated with comprehensive care
management, risk-stratified care management, self-management and support, transitional care
management, comprehensive medication management, and social needs management. MUA
primary care practice designation was associated with a decrease in the comprehensiveness of
the risk-stratified care management score (IRR 0.94 p=0.047, 95% CI 0.88, 0.99).

Table 2.12 shows the results of six separate Poisson regression models that assessed
whether primary care practice MUA designation changed the association between the number of
primary care capabilities and care management comprehensiveness. The interaction between
primary care practice MUA designation and the number of primary care capabilities was only
significantly associated with risk-stratified care management (IRR 0.94, p=0.018, 95% CI 0.90,

0.99).

b
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Table 2.11: The number of MDPCP primary care practice capabilities and care mana

sement, Poisson regression models

A=HDFE>H==G4

4=HDDB§=HFF G4

i AJO)*, ,-(88,k | YS(L2(*"9%8, "k | N,W20"-"W,0,-H | 5*'-(#6/-"H"* 1 | Q, S8/t | N/#"-,," (&
£ 10"-"W, 0, -4 | #*,10"-"W,0, -4 | "-"i(3))/* 0"-"W,0,-4 0"-"W,0,-#% | 0"-"W,0,-#
i TUIUFKTAGE | YYWFKTAGE | TIWFKTAGE | TVWMFKTAG | T VMFKTATGH| 1 VMFKTA G
SHEL ik NN SH=Di 1 4k Sh=L1 1k SEDRT MMk | >H=Fiiidi
030U, H/VE) 0" ; "+ | i e i e - _
Y s YU (1 I>H=KBEH=MGH I>H==bioH=<Cl [SH=L B> H>=Gld 4>H=J6i>H=DGH 4>H—K6§>H>>G&& 4>H—M6§>H><G&&
QRSINF"+3 (i i i i k k k
o/t JUVL*, —# K JUVL*, K JUVL*, K JULF | JUV5 -8k | JUV5 K
a. =HF2l =il =HF<id =HFMiL =HFLiL HF<id
: I=HD<BI>H=<CL I=HDKBI>H>>GL U=HD 26iH>=Gl

4=HD=64E>H=LG&4

1) Di=ti=Keka 1 1) D===>{SUU*,8§"+8/-(ht" ¥ THuS-#5" , —#, LS [4+""+8/ (BRAHRRA/ V8™, -#,8 -+, *8"H(BRQRSHRO, "$#"h;83- ", *(,*8, "4"*, "HModels:LX*"#18# , 2
h,8, WU, -, VBHS™* s . "* " XSS (NEW, 64t - L&) , *H, -+ W, &/VE) 48, —+ (bt - "4 ALK 2L F6M=2M26EMK2MF6D=2D 266¢*""# ,84) , *#, —+""W , &/VRUR""# [£) "*+8, —+(G6& | AAE*S([&

(%, (1) 2" 588 18 ¥ W, B/ GER = ™67 37, KSWSUSISH s 6+ +3 (84, (A= /GBX"4488 /W =SF 48/ =20, 8 it """t XS (sSH(N/+" - 30U, AVE) /88" , *(BL) , *#, ~+
JVEY*/88™ * (i H A OSh 30", -, ¥ . 3 (8- (BRQ T XAXE) ™4$#8) ™48/~ # [14°60 6 CHRAB 7t /M U/ =" 48/ 145 , (B /GRS 3+ 1ASHE, W' ;B1S -, &
S*3-" MHZ"HSO/* A"HE, HEA" /18—  BA™/HEA  HSIIA ", (] /4. , (4, FBA/3-+360_ %, " SELM™* #6155 1 /1 BE , ~461Q/ -/ O, *;
X¥$—#,Im , /40, n(8B3, , -4S-- ,n(BIN"$-HQ"*;n(BIN/O , *(, 5" SU/HIC " (. $-We/ -8CSH/ OSKINC /44 , (+, AL 3+ 61" - "IQRSI(+"+3 (14 , (Bi—/ Gt

b

Table 2.12: The impact of the interaction between the number of MDPCP primary care practice capabilities and primary care practice
MUA status on care management, Poisson regression models
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Tables 2.13 —2.19 are located in the appendix. These tables show results of the
association between individual primary care practice capabilities and all six care management

categories as well was crude, intermediate and full models for reach of the regression models.

Discussion

While the primary care structural and organizational capabilities variables were originally
grouped based on widely known primary care delivery transformation areas, the PCA results
demonstrate the importance of evaluating data for latent factors, especially when the sample is
specialized and or not nationally representative. Four of the six principal components extracted
were associated with the provision of care management. Principal component 1. Referral
management + quality improvement infrastructures’ positive association with the provision of
care management is supported by existing literature. Practices’ ability to organize information
and the ability to use the information to care for patients is often associated with information
technology capacity, which has also been associated with care management and more
specifically, social needs screening (Frehn et al., 2022). Additionally having a strong quality
improvement culture has also been identified as a facilitator of care management (Bodenheimeret
et al., 2004).

The positive association between PC4. Continuity of care + Enhanced access to care and
the provision of care management is also supported by the literature. This principal component
captures primary care practice-level continuity of communication and treatment. While
continuity of provider treatment has been identified as important function of quality care, this
principal component might also capture the importance of patients being able to continue

communication with their providers after and or between doctor’s visits (Lustman, 2016).
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While PC 5. Care team composition and activities was not statistically associated with
increased comprehensiveness within the comprehensive care management composite variable
but was associated with increased comprehensiveness among the risk-stratified care management
and the transitional care management variables. These results are consistent with existing
literature that states relational coordination and improved communication among care teams is
associated with improved care management (Cramm & Nieboer, 2012). In this program, the
ability to capture, monitor and share patient information might be a better indicator of a practices
ability to provide care management. This might explain why PC 1.&1,V,*"%O"-"W, O, -+B3"+;4
$0)*/8,0, -H§-V*"(+*3#3*, , XALIHXE" -~ , "6#"™* 4" - "8) /) 348/ -4 , "t ., and XALPHAS —+§- 3+ ; &/ V"™ el
\-_ -, T, (@78, were all associated with increased provision of care management. Patient
characteristics and geographic location had greater associations with the provision of care
management. High patient HCC average was associated with increased provision of care
management than all six primary care practice capabilities variables. This could be an
implication of practices prioritizing existing resources in order to provide patients with necessary
care.{

Traditionally, primary care practices operating in communities with lower resources are
less likely to participate in quality improvement demonstrations Fraze et al., 2018; Lewis et al.,
2012; Lewis et al., 2017; Rubin, 2018; Yasaitis et al., 2016). This analysis provides an
opportunity to better understand how primary care practices operating in MUAs that have opted
into the MDPCP, provide care management. While MDPCP MUA primary care practices are
shown to provide more comprehensive care management in two-way analysis, once practice

capabilities, patient, staff and geographic location are controlled for, non-MUA primary care
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practices provided more comprehensive risk-stratified care management and social needs

management.

Strength and Limitations

This analysis has several limitations. First, only MDPCP primary care practices are
included in this analysis. While this may limit the generalizability of our findings, importantly
these results may further the development of future state and national care management
demonstrations by offering guidance on what resources might be needed to implement care
management services.

Second, the MDPCP is a voluntary program and participants may not be representative of
primary care offices across the state of Maryland or the nation. Of note, however, over 40
percent of all Maryland practices participated in the MDPCP in 2021 ( Schrader et al., 2021).
Though this program is voluntary, when compared to other Medicare demonstrations this
analysis also includes an extremely diverse sample. This sample includes a larger percentage of
small practices, which is more representative of the national distribution of primary care practice
size (Rubio et al., 2023; Singh et al., 2020). Notably, these analyses also include one of the
largest percentages of rural primary care practices in a state or national level Medicare
demonstration to date (Singh et al., 2020). Additionally, the primary care practices in these
analyses have higher percentages of black patients than previous state and national Medicare
demonstrations (Rubio et al., 2023; Singh et al., 2020).

A third limitation is that the COVID-19 pandemic overlaps study period and most likely
impacted care delivery and utilization. Lastly, this is a cross-sectional study and the results found
in 2021 might be different from results found in a different year; however, the primary care

capabilities there were associated with care management comprehensiveness were similar to
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those in previous studies (Frehn et al., 2022; Spivack et al., 2022; Rodriguez et al., 2016;
Murray, Rodriguez, & Lewis, 2020).

The strengths of this analysis outweigh the identified limitations. This analysis is
extremely comprehensive in its assessment of which primary care practice capabilities are
associated with care management comprehensiveness. Additionally, this is the only study to
assess five different care management services and provides a comprehensive understanding of
which care management capabilities are associated with each care management service. Lastly,
this is the first study to identify that MUA-designated primary care practices might use resources
differently than non-MUA practices when delivering care management in the state of Maryland.
This is also the first study to demonstrate that disparities in access to comprehensive care

management are present in the state of Maryland.

Conclusion

These results provide more evidence about differences in the primary care structural and
process capabilities with specific care management services. XAWJHXH"'-—, “@#"*, &~ "1) /) 348/ -4
.,""it., was the only capability that was positively associated with increased comprehensiveness
in self-management and support, transitional care management, comprehensive medication
management and social needs management. Additionally, this analysis demonstrates the
existence of geographic variation in the provision of care management and that in certain
instances non-MUA-designated primary care practices provide more comprehensive care

management services.
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Chapter 3: HEART Payments and Comprehensive Care Management

Background
Nearly 80 percent of patient health outcomes are attributed to social, behavioral, and

economic factors, while the other 20 percent are a result of health care services (Murray et al.,
2021). Social determinants of health (SDOH) are the conditions in which people are born into,
grow up in, live, work and age, and the systems which shape these circumstances, including
economics, social policies, and politics (WHO, 2010). SDOHs, such as low income, low
education, low health literacy, unemployment and housing instability, and homelessness are also
associated with increased hospital readmissions (Murray et al., 2021; Joynt et al., 2019; Joynt et
al., 2011a; Joynt et al., 2011b; Arbaje et al., 2008). Difficulties with post-discharge care, such as
accessing primary care, affordability of prescriptions, accessing transportation for follow-up
care, and adhering to care regimens, are exacerbated by increased social risk and are associated
with increased readmission rates (Murray et al., 2021; Joynt et al., 2019). Additionally, where
one lives greatly impacts hospital readmissions. Neighborhood-level deprivation is also
associated with health outcomes such as readmissions. Due to low neighborhood-level access to
public transportation, grocery stores, and pharmacies, individuals living in high-poverty
neighborhoods had higher readmission rates than those living in better-resource communities
(Hu, Gonsahn, & Nerenz, 2014). Over 50 percent of hospital variation in readmissions can be
attributed to the specific county hospitals are located in (Herrin et al., 2015). Difficulties with
post-discharge care, such as accessing primary care, affordability of prescriptions, accessing
transportation for follow-up care, and adhering to care regimens, are exacerbated by increased

social risk and are associated with increased readmission rates (Murray et al., 2021; Joynt et al.,
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2019). While it is widely accepted that SDOHs greatly impact health outcomes, there is
uncertainty in health care’s role in addressing them.

The Maryland Primary Care Program (MDPCP) is a voluntary Medicare demonstration
modeled after the Comprehensive Primary Care Plus (CPC+) program. The MDPCP facilitates
the delivery of the five comprehensive primary care, including access and continuity, care
coordination, risk-stratified care management, planned care for population health and patient and
caregiver engagement (Machta et al., 2021). Care management is comprised of activities that
seek to improve patient health outcomes and reduce high health care utilization (Peikes,
Swankoski, O’Malley, and Timmins, 2021). Multi-component primary care practice-based care
management interventions have demonstrated greater reductions in readmissions (Spivack,
DeWalt, Oberlander et al., 2021; Powers, Chaguturu, & Ferris, 2015). Little is known about the
types of care management services provided to Maryland Medicare beneficiaries. Furthermore,
little is known about what resources Maryland primary care practices need to comprehensive
care management services to Medicare beneficiaries.

The MDPCEP is at the forefront of supporting primary care practices in their efforts to
address SDOH Primary care practices that receive value-based payments are more likely to
screen for social needs than primary care practices that do not receive value-based payments
(Horstman and Lewis, 2023). Prospective value-based payments give providers the flexibility to
tailor the care they provide. In 2022 the MDPCP began distributing Health Equity Advancement
Resource and Transformation (HEART) Payments to practices for each attributed patient in the
4™ or 5" Hierarchical Condition Categories (HCC) risk tiers (Centers for Medicare & Medicaid
Service (CMS), 2023; MDPCP, 2023). HEART payments are not tied to quality indicators and are

more flexible in nature. Practices are encouraged to use these funds to improve their infrastructure

62



to better provide services that support the five components of comprehensive primary care. These
funds can also be used to improve the ability to screen for social needs and provide social services.
In some instances, these funds can be used to directly address patients’ social needs. HEART
payments are innovative because payments are based on the severity of patients’ health burdens
as well as neighborhood socioeconomic disadvantage (CMS, 2023; MDPCP, 2023). HEART
payments push the needle in health care’s ability to support providers that provide care to
extremely burdened patients. To date, little is known about whether non-fee-for-service payment
models, such as HEART payments, facilitate care management and social needs service delivery to
Medicare beneficiaries.

This analysis examines the association between HEART payments and care management
services and whether this association is altered by primary care practice care management
delivery option. Additionally, this aim seeks to assess the association between HEART payments
and care management services among practices within and outside of MUAs. We hypothesize
that, controlling for practice-level characteristics, practices that receive higher levels of HEART
payments will increase comprehensives of care management services provided and that the
association between HEART payments and increased delivery of care management services will

be reduced among MUA practices.

Methods

Data

This analysis uses several secondary data sources: Maryland Primary Care Program data,
Chesapeake Regional Information System for our Patients (CRISP) data, and hMetrix data. In

this analysis, all data are captured at the primary care practice level. MDPCP data include

63



participating practice rosters, CTO rosters, and Care Transformation Reports. Care
Transformation reports provide practice-level structural and process capabilities and care
management information. MDPCP data also include practice ownership in formation, FQHC
status, size, practice participation track status, and practice-level provider information. CRISP
data include beneficiary demographics and Medicare FFS Claim Line Feed (CCLF) data. CRISP
data provide beneficiary demographic information such as age, race and ethnicity, HCC risk tier,
chronic conditions, preferred language, Medicare eligibility, enrollment characteristics, and
beneficiary-level service use such as hospital admissions and readmissions. hMetrix data provide
practice-level average per beneficiary per month: MDPCP Care Management payment,
Comprehensive Primary payment, Performance Based Incentive payment information, and

quarterly HEART payments.

Study Sample

To participate in the MDPCP primary care practices need at least 150 attributed Medicare
beneficiaries and must be in one of the following provider categories: General Practice, Family
Medicine, Internal Medicine, Obstetrics and Gynecology, Pediatric Medicine, Geriatric
Medicine, and co-located Psychiatry. Only Medicare FFS attributed beneficiaries can participate
in the MDPCP. The final sample includes primary care practices that had at least 12 months of
HEART payments between January 1, 2022, and March 31, 2023, as well as practices with no
missingness among the variables included in the model. The final sample included in this

analysis was 468 of the total 608 primary care practices that participated in the MDPCP.
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Dependent Variables

The dependent variable is a composite measure assessing primary care practice-level care
management comprehensiveness. The five types of care management included in this measure
include: (1) Risk stratification care management, (2) Self-management and support, (3)
Transitional care management, (4) Comprehensive medication management, and (5) Social needs
management. Components of the comprehensive care management variable are as follows:

(1)!Risk-stratified care management:
¥ Risk stratification — Methods
o! (1) Intuition only; (2) Data-driven algorithm only; (3) Two-step
¥ Risk stratification — Factor complexity
o! (1) Claims variables; (2) Clinical variables from the EHR; (3) Computed risk
scores; (4) Pre-AH Tool (Likelihood for Avoidable Hospital Events report);
(5) Other methods
¥ Risk stratification — The percent of beneficiaries risk stratified out of total empaneled
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Lead Care Manager
o! (1) Yes; (2) No
¥ Longitudinal Care Management — The percent of beneficiaries under care
management out of total empaneled
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Care Plan — The percentage of beneficiaries under longitudinal care management with
care plans
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Care Plan — Document & storage
o! (0) No; (1) Care plans are stored but not health IT integrated; (2) Care plans
are EHR or HIT integrated)

(2)!Self-management and support (SMS):
¥ Populations that receive SMS
o! (1) All beneficiaries with the targeted condition; (2) Risk status; (3) Poorly
controlled disease; (4) Data from a formal self-management assessment tool;
(5) Beneficiary interest; (6) Clinician referral/identification; (7) Other
¥ Self-management support activities
o! (1) No activities; (2) encourage beneficiaries to choose goals that are
meaningful to them; include family/caregivers in goal setting and care plan
development; (3) Connect or provide beneficiaries and caregivers with formal
self-management support services at our practice or in the community; (4)
measure beneficiaries' skills and progress; (5) Staff are trained in self-
management support techniques
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(3)! Transitional care management (TCM):
¥ The percent of patient follow-up within one week post emergency department
discharge

o! (1) None (0%); (2) Some (Up to 50%); (3) Most (51-95%); (4) All (96-100%)
¥ The percent of patient follow-up within 72 hours post hospital discharge

o! (1) None (0%); (2) Some (Up to 50%); (3) Most (51-95%); (4) All (96-100%)
¥ Admission/discharge/transfer information EHR/HIT system integration

o! (1) Yes; (2) No

(4)!Comprehensive medication management (CMM):
¥ Delivery of CMM
o! (1) Yes; (2) No
¥ Populations that receive CMM
o! (1) Active medication issues (e.g., adverse reactions, adherence, not reaching
intended treatment outcomes); (2) Potential therapy issues (e.g., high-risk
medications, polypharmacy, multi-therapy drug interactions, high-cost
medications); (3) Referred by practitioner or care team

(5) Social needs management (SNM):
¥ Populations that receive SNM
o! (1) Do not screen beneficiaries; (2) Targeted subpopulation; (3) All
beneficiaries
¥ Types of social needs screened for
o! (1) Food insecurity; (2) Housing instability; (3) Utility needs; (4) Financial
resource strain; (5) Transportation; (6) Social isolation; (7) Safety or
interpersonal violence; (8) Other
¥ Inventory of social service resources
o! (1) Yes; (2) No
¥ Established relationship with social resources
o! (1) Food insecurity; (2) Housing instability; (3) Utility needs; (4) Financial
resource strain; (5) Transportation; (6) Employment; (7) Social isolation; (8)
Safety or interpersonal violence;

Independent Variables

MDPCP provides HEART payments to participating primary care practices based on the

demographic characteristics of the patients served by the practices. Practices in MDPCP tracks I

and II receive HEART payments as a part of their care management fees, and MDPCP practices

in track III receive HEART payments separately. HEART payments are based on patients’ CMS-

Hierarchical Condition Category (HCC) score as well as their Area Deprivation Index (ADI)
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scores (CMS, 2023; MDPCP, 2023). ADI is a validated measure describing census block-level
neighborhood socioeconomic disadvantage (CMS, 2023; MDPCP, 2023). Practices receive
HEART payments based on the number of attributed patients that are in the highest quintile of
area deprivation index (ADI) and are also in the 4" HCC risk tier, which encompasses those in
the 75" to 89" HCC risk score percentiles, or the 5" HCC risk tier, which encompasses those in
the 90th to 99th HCC risk score percentiles (CMS, 2023; MDPCP, 2023). MDPCP practices
receive $110 per eligible beneficiary per month (MDPCP, 2023). These payments are
prospective and are distributed quarterly (MDPCP, 2023). Beneficiary eligibility status is
evaluated quarterly and is adjusted as needed (MDPCP, 2023). HEART payments can be spent

on both practice-level infrastructure and patient-level services.

Care Management Delivery Option:

Care Transformation Organizations (CTOs) are comprised of interdisciplinary care
management teams equipped to provide comprehensive primary care services such as care
management. CTOs provide the following services: pharmacist services, community health
workers, health and nutrition counseling services, behavioral health specialist services, referrals
and linkages to social services (MDPCP, n.d.). CTOs are generally owned by health insurance
companies, Accountable Care Organizations (ACOs), managed service organizations (MSOs), or
hospitals (MDPCP, n.d.).

Table 3.1 describes the care management services provided under each CTO option.
Within the MDPCP, primary care practices have three main options in terms of how they deliver
care management. In the first option, 100/0, primary care practices provide all care management
services by themselves. With this option, primary care practices retain 100% of care

management and HEART payments (MDPCP, 2020). In the second option, 70/30, primary care
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practices provide full-time care managers and the CTOs provide care management services

(CMS, 2023). This option allows primary care practices to retain 70% of care management and

HEART payments while sharing 30% with the partnered CTOs (MDPCP, 2020). In the third

option, 50/50, CTOs provide full-time care managers and provide care management services.

Under this agreement, CTO care managers collaborate with primary care practice staff, and

CTOs are required to provide additional care management professionals to provide prespecified

services such as comprehensive medication management (CMS, 2023). With this option, primary

care practices retain 50% of care management and HEART payments while sharing 50% with

the partnered CTO (MDPCP, 2020).

Table 3.1: MDPCP Care Management Services by Care Management Delivery Agreement Option
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Covariates in this analysis fall into two categories: practice-level beneficiary
characteristics and practice organization-level characteristics. Covariates: Practice-level

beneficiary characteristics covariates include: age (the percentage of patients that are 65-69, 70-

74, 75-79, 80-84), race (percentage of black patients), HCC risk scores (practice average score),

and dual eligibility status (yes; no). Practice organization-level characteristics covariates
include: total number of providers, percent of providers that are general practitioners and family,

MDPCP participation track (I, II, IIT), and MUA status (yes; no).

Statistical Analysis

Descriptive statistics were used to examine the distribution of practice-level patient,
practice, and geographic characteristics across MDPCP care management delivery options using
chi-square tests and t-tests for tests of independence. Regression analysis. Poisson mixed-effects
models were employed to assess whether there is an association between MDPCP HEART
payments and primary care practice-level comprehensive care management composite measure
scores. Poisson mixed-effects models were also employed to assess whether there is an
association between MDPCP HEART payments and primary care practice-level social needs
management composite measure scores. Additionally, Poisson mixed-effects models with
interaction terms between HEART payments and care management delivery options were
included to assess whether care management delivery options altered the association between

HEART payments’ association with primary care practice-level comprehensive care
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management scores as well as social needs scores. Poisson models are preferred for the analysis
because the outcome variable is a nonnegative count variable that is not normally distributed.
The outcome variable met the Poisson variable assumption because the outcome variable’s
variance and mean were nearly identical (Wooldridge, 2015). Standard errors were clustered
within primary care practices and were included as the random effect and patient and practice
covariates were included in the models as fixed effects. Unstructured covariance matrices
accounted for correlation within primary care practices (Barnett et al., 2010).

Models 1 through 6 assess the association between primary care practice-level
comprehensive care management composite score and log HEART payments. Model 1 includes
the outcome variable comprehensive care management, log HEART payments, care management
delivery options, practice-level patient characteristics: age, race, HCC risk scores, and dual
eligibility status, practice-level characteristics: total number of providers, percent of providers
that are family and general physicians, MDPCP participation track, CTO collaboration, and
county. Model 2 includes all the variables included in Model 1 as well as an interaction term
between HEART payments and care management delivery options. Model 3 is a stratified model
that only includes MUA-designated practices and includes the outcome variable comprehensive
primary care primary care, HEART payments, care management delivery options, practice-level
patient characteristics: age, race, HCC risk scores, and dual eligibility status, practice-level
characteristics: total number of providers, percent of providers that are family and general
physicians, and MDPCP participation track. Model 4 includes all the variables included in
Model 1 as well as an interaction term between HEART payments and care management
delivery options. Model 5 is a stratified model that only includes non-MUA-designated practices

and includes the outcome variable comprehensive primary care primary care, log HEART
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payments, care management delivery options, practice-level patient characteristics: age, race,
HCC risk scores, and dual eligibility status, practice-level characteristics: total number of
providers, percent of providers that are family and general physicians, and MDPCP participation
track. Model 6 includes all the variables included in Model 1 as well as an interaction term

between log HEART payments and care management delivery options.

Model 1: Full Model:

log(um) =10+ Bi1(log HEART paymentsr) + ! »(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristics)

Model 2: Full Model with interaction term:

log(ur) =10+ f1(log HEART paymentsr) + | 2(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristicsi) + ! s(log HEART paymentsy#* Care
management delivery options)

Model 3: MUA Only - Full Model:

log(um) =10+ Bi1(log HEART paymentsr) + ! »(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristics)

Model 4: MUA Only - Full Model with interaction term:

log(ur) =10+ f1(log HEART paymentsr) + | 2(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +
l4(Primary care practice— level characteristicsr) + | s(log HEART paymentsr+* Care
management delivery options)

Model 5: Non-MUA Only - Full Model:

log(ur) =10+ f1(log HEART paymentsr) + | 2(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristics)

Model 6: Non-MUA Only - Full Model with interaction term:

log(ur) =10+ f1(log HEART paymentsr) + | 2(Care management delivery options) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristicsi) + ! s(log HEART paymentsy#* Care
management delivery options)
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Where log(ur) represents comprehensive care management composite score count, i represents
primary care practice and, ¢ represents time or more specifically six-month intervals. Models 7
through 12 assess the association between primary care practice-level social needs management
composite score and log HEART payments. Model 7 includes the outcome variable social needs
management, log HEART payments, care management delivery options, practice patient-level
characteristics: age, race, HCC risk scores, and dual eligibility status, practice-level
characteristics: total number of providers, percent of providers that are family and general
physicians, and MDPCP participation track. Model 8 includes all the variables included in
Model 7 as well as an interaction term between log HEART payments and care management
delivery options. Model 9 is a stratified model that only includes MUA-designated practices and
includes the outcome variable social needs management, log HEART payments, care
management delivery options, practice-level patient characteristics: age, race, HCC risk scores,
and dual eligibility status, practice-level characteristics: total number of providers, percent of
providers that are family and general physicians, and MDPCP participation track. Model 10
includes all the variables included in Model 7 as well as an interaction term between log HEART
payments and care management delivery options. Model 11 is a stratified model that only
includes non-MUA-designated practices and includes the outcome variable social needs
management, log HEART payments, care management delivery options, practice-level patient
characteristics: age, race, HCC risk scores, and dual eligibility status, practice-level
characteristics: total number of providers, percent of providers that are family and general
physicians, and MDPCP participation track. Models 12 includes all the variables included in
Model 7 as well as an interaction term between log HEART payments and care management

delivery options.
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Model 7: Full Model:

log(um) =10+ Bi1(log HEART paymentsr) + ! »(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristics)

Model 8: Full Model with interaction term:

log(ur) =10+ f1(log HEART paymentsr) +!2(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristicsi) + ! s(log HEART paymentsy#* Care
management delivery options)

Model 9: MUA Only - Full Model:

log(um) =10+ Bi1(log HEART paymentsr) + ! o(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristics)

Model 10: MUA Only - Full Model with interaction term:

log(ur) =10+ f1(log HEART paymentsr) +!2(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practicer) + log(Adjusted population — level characteristicsr) + | s(log HEART
paymentsry* Care management delivery optionsr)

Model 11: Non-MUA Only - Full Model:

log(um) =10+ Bi1(log HEART paymentsr) + ! »(Care management delivery optionsr) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristics)

Model 12: Non-MUA Only - Full Model with interaction term:

log(ur) =10+ f1(log HEART paymentsr) + | 2(Care management delivery options) + ! 3(Care
management capabilitiesr) + | 3(Primary care practice — level patient characteristicsr) +

I 4(Primary care practice — level characteristicsi) + ! s(log HEART paymentsy#* Care
management delivery options)

Where log(u) represents social needs management composite score count, i presents primary
care practice and, ¢ represents time or more specifically six-month intervals between January 1,
2022 and March 31, 2023. Separate models were also run for the four other care management

variables: risk-stratified care management, self-management and support, transitional care

management, and comprehensive medication management; however, these models were not

73



included in the final analysis since all models were statistically insignificant. Sensitivity analyses

were conducted by running all models on the individual care management components, as well

as only with primary care practices that have three data points. All analyses were conducted

using STATA, version 17.0 (StataCorp, College Station, Texas).

Results

There were 338,358 unique patients in quarter 1 2022 and quarter 2 2022 and 339,393

patients in quarter 1 2023. Table 3.2 summarizes characteristics of MDPCP primary care

practices by level of HEART payments. Primary care practices with high HEART payments on

average had a greater percentage of HEART payment recipients (14.17%), patients in the HCC

complex level (17.39%), dual-eligible patients (20.51%), and over 40% of primary care practices

in this category had rural or MUA designations.

Table 3.2: Characteristics of MDPCP Primary Care Practices by Level of HEART Payments,
January 1, 2022 — March 31, 2023
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Table 3.3 summarizes characteristics of MDPCP primary care practices by care

management options (50/50 vs. 70/30 vs. 100/0). Practices in the 50/50 category had higher

average HEART payments ($14,241.91 vs. $11,597.74), average percent of non-English

speaking patients (8.20% vs 5.10%), and average percent of dual-eligible patients (19.36%

vs.15.00%) compared to practices in the 100/0 category. Over 30% of practices in the 100/0
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category had MUA designations. There was no difference in the percentage of practices with
low, moderate, or high HEART payments across the three care management delivery options.

Table 3.3: Characteristics of MDPCP Primary Care Practices by Care Management Delivery
Options, January 1, 2022 — March 31, 2023
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Table 3.4 summarizes care management characteristics of MDPCP primary care

practices by HEART payment level. Primary care practices with high HEART payments on

average had greater comprehensive care management composite scores (49.07) and on average

had greater percentage of patients in risk-stratified care management (18.03%). Practices in the

low HEART payment category had higher average comprehensive medication management

scores (6.37 vs. 6.11) compared to practices in the high HEART payment category.

Table 3.4: Care Management Characteristics of MDPCP Primary Care Practices by HEART
Payment Level, January 1, 2022 — March 31, 2023
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Table 3.5 summarizes care management characteristics of MDPCP primary care

practices by care management options (50/50 vs. 70/30 vs. 100/0). Practices in the 50/50

category had higher average risk-stratified care management scores (15.55 vs. 13.58) and higher

average social needs management scores (14.69 vs. 11.12) compared to practices in the 100/0

category. Practices in the 100/0 option on average had higher comprehensive medication

management scores (6.70).

Table 3.5: Care Management Characteristics of MDPCP Primary Care Practices by Care
Management Delivery Options, January 1, 2022 — March 31, 2023
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Figure 3.1. depicts MDPCP HEART payments by care management delivery options
among all practices and stratified by MUA designation. Among all practices and practices with
MUA designations care management delivery option 50/50 received the highest average HEART
payments while primary care practices in the 70/30 category had the lowest average HEART

payments.
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Figures 3.2. — 3.3 depict MDPCP comprehensive care management composite scores and

social needs management score by care management delivery options among all practices and

stratified by MUA designation. Primary care practices in the 100/0 care management delivery

category consistently had the lowest average complex care management and social needs

management scores.

Figure 3.1: MDPCP HEART Payments by Care Management Delivery Options among All
Practices, MUA-designated Practices, and Non-MUA-designated Practices, 2022 — 2023
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Figure 3.2: Comprehensive Care Management Score by Care Delivery Management Options
among All Practices, MUA-designated Practices, and Non-MUA-designated Practices, 2022 — 2023
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Figure 3.3: Social Needs Management Score by Care Delivery Management Options among All
Practices, MUA-designated Practices, and Non-MUA-designated Practices, 2022 — 2023
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Table 3.6. show the results of the Poisson mixed-effects model 1 and model 2, which
assessed whether HEART payments were associated with increased comprehensive care
management composite scores and whether this association was altered by care management
delivery options respectively. In Model 1, HEART payments were not statistically significantly
associated with changes in primary care practice-level comprehensive care management scores;
however, care management delivery options were. Primary care practices in the 100/0 care
management delivery option (IRR .95, 95% confidence interval [CI]: 0.99-0.98) had lower
comprehensive care management scores compared to primary care practices in the 50/50 care
management delivery option. In Model 2, the interaction term between log HEART payments
and care management delivery option was statistically significantly associated with increased
primary care-level comprehensive care management scores among primary care practices in the
100/0 care management delivery option (IRR 1.02, CI: 0.99- 0.98). The slope of the interaction
term is 0.02, which suggests that as HEART payments increase, care management scores among
primary care practices in the 100/0 care management delivery option increase as well.

Table 3.6: Comprehensive Care Management, Poisson mixed-effects models, 2022 — 2023
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Table 3.7. show the results of the MUA designation stratified Poisson mixed-effects
models which assessed whether HEART payments were associated with increased
comprehensive care management scores and whether this association was altered by care
management delivery options. Model 3 and model 4 are stratified models that only include 123
primary care practices with MUA designations. In Model 3, HEART payments were not
associated with changes in primary care practice-level comprehensive care management scores;
however, care management delivery options were. Primary care practices in the 100/0 care
management delivery option (IRR 1.02, CI: 0.88- 0.98) had lower comprehensive care
management scores compared to primary care practices in the 50/50 care management delivery
option. In Model 4, the interaction terms between HEART payments and care management

delivery options were not statistically significant.

Model 5 and model 6 are stratified models that only include 345 primary care practices
with non-MUA designations. In Model 5, HEART payments and care management delivery
options were not statistically significantly associated with changes in primary care practice-level

comprehensive care management scores. In Model 6, the interaction term between HEART

85



payments and care management delivery options 50/50 (IRR 1.03, CI: 1.00- 1.04) and 70/30

(IRR 1.02, CI: 1.00- 1.05) were associated with increased primary care-level comprehensive care

management scores. The slope of the interaction term between HEART payments and care

management option 100/0 was 0.03, which demonstrates that as HEART payments increase, care

management scores among primary care practices in the 100/0 care management delivery option

increase as well. The slope of the interaction term between HEART payments and care

management option 70/30 was 0.02, which suggests that as HEART payments increase, care

management scores among primary care practices in the 70/30 care management delivery option

increase as well.

Table 3.7: Comprehensive Care Management, Poisson mixed-effects MUA Designation Stratified

Models, 2022 — 2023
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Table 3.8. shows the results of the Poisson mixed-effects model 7 and model 8, which
assessed whether HEART payments were associated with increased social needs management
composite scores and whether care management delivery options altered this association. In
Model 7, HEART payments were not statistically significantly associated with changes in
primary care practice-level comprehensive social needs management scores; however, care
management delivery options were. Primary care practices in the 100/0 care management
delivery option (IRR .81, CI: 0.74- 0.88) had lower comprehensive care management scores than
those in the 50/50 care management delivery option. In Model 8, the interaction term between
HEART payments and care management delivery option 100/0 (IRR 112, CI: 1.07- 1.18) was
statistically significantly associated with primary care-level social needs management scores.
The slope of the interaction term between HEART payments and care management option 100/0
was 0.12, which suggests that as HEART payments increase, social needs management scores

among primary care practices in the 100/0 care management delivery option also increase.
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Table 3.8: Social Needs Management, Poisson mixed-effects models, 2022 — 2023
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Table 3.9. shows the results of the MUA-designation stratified Poisson mixed-effects

models 9, 10, 11, and 12, which assessed whether the association between HEART payments and

social needs management scores was altered by care management delivery options. Model 9 and
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model 10 are stratified models that only include 123 primary care practices with MUA
designations. In Model 9, HEART payments were not statistically significantly associated with
changes in primary care practice-level comprehensive care management scores. In Model 10, the
interaction term between log HEART payments and care management delivery options was not
statistically significant.

Models 11 and 12 are stratified models that only include 345 primary care practices with
non-MUA designations. In Model 11, HEART payments were not statistically significantly
associated with changes in primary care practice-level social needs management scores;
however, care management delivery options were. Primary care practices in the 100/0 care
management delivery option (IRR .78, 95% confidence interval [CI]: 0.71- 0.88) had lower
social needs management scores compared to primary care practices in the 50/50 care
management delivery option. In Model 12, the interaction term between log HEART payments
and care management delivery option was statistically significantly associated with increased
primary care-level social needs management scores among primary care practices in the 100/0
care management delivery option (IRR 1.12, CI: 1.05- 1.20). The slope of the interaction term
between HEART payments and care management option 100/0 is 0.12, which suggests that as
HEART payments increase, social needs management scores among primary care practices in

the 100/0 care management delivery option also increase.

Table 3.9: Social Needs Management, Poisson mixed-effects models, 2022 — 2023
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Figure 3.4. shows the average marginal effect of care management delivery options on
primary care practice-level comprehensive care management scores at various amounts of
HEART payments. Among all MDPCP primary care practices, the largest difference in the
predicted mean care management scores between the 50/50 and 100/0 care management delivery
options is -11.7 points when HEART payments are set to zero. As HEART payments increase,
the difference in the predicted mean care management scores decreases to -1.99 points.

Figure 3.5. shows the average marginal effect of care management delivery options on
primary care practice-level comprehensive care management scores at various amounts of
HEART payments among MUA-designated practices. While the largest difference in the
predicted mean care management scores between the 50/50 and 100/0 care management delivery
options is when HEART payments are set to zero among MUA primary care practices, these
differences were only statistically significant closer to the higher levels of HEART payments.

Figure 3.6. shows the average marginal effect of care management delivery options on
primary care practice-level comprehensive care management scores at various amounts of
HEART payments among non-MUA-designated practices. Among non-MUA MDPCP primary
care practices, the largest difference in the predicted mean care management scores between the
50/50 and 100/0 care management delivery options, -12.6 points, and the 50/50 and 70/30 care
management delivery option, -8.76, is when HEART payments are set to zero. As HEART
payments increase, the difference in the predicted mean care management scores between 50/50

and 100/0 decreases to -2.16 points and -0.82 points between 50/50 and 70/30.
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Figure 3.4: Marginal Probabilities of Comprehensive Care Management, January 1, 2022 — March
31,2023
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Figure 3.5: Marginal Probabilities of Comprehensive Care Management among MUA-designated
Practices, January 1, 2022 — March 31, 2023
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Figure 3.6: Marginal Probabilities of Comprehensive Care Management among Non-MUA-

designated Practices, January 1, 2022 — March 31, 2023

Q/ " HLKO/-2QRSI7-h;4 Q7" WAL .& —+,*"#3/-15 , *Old-htJI 2K 7U(,*8"+8/ - (h>b=>L4

Difference in Care Management Score by Care Management Delivery Option
o |

Predicted Mean of Care Management Score
-10

8, .
0 1 2 3 4 5 6 7 8 9 10 N 12
HEART Payments (log)
——@—— Care Management 70/30 ——@&—— Care Management 100/0
I A57h | A57hiN=eJ=l A5 7h>==¢=
K=eK=
I\S 15§ & X*, "8, "t N+"HE p-valuet | X*,"$#, "4 N+"HE p-valuet
X";0,-t(t Q,"-tA"™ ¢ , e Q,"-tA"™ ¢ , e
14/ W66 Q"-"W,0, -+ Q"-"W,0, -+
N#/*, (& N#/*, (&
& &
=4 & 2DHMLE JHFFS =H=<Dé 2><HL?% PH?=4 =H==2%
> & 2MHMKE JHK<§ =H=<Dé 2>>H13?% JHF<§ =H==2%
<4 & 2LHMKéE JH=Mé =H=<Dé 2>=H=K§ JH?J4 =H==Jk
Ji & 2KHMLE <HL>§ =H=<Di 2DHM 28 <HFKE& =H==Jk
% & 2?2HMLE <{>L§ =H=<Di MH?72% <H?Mg =H==Jk
K& & 2JHMME >iMIk =H=<F¢ 2LE>Jé SHFFE =H==<§
L& & 2<iMF& >HI>4 =H=JJk 2?2HD>4 SHKKE =H==<§
Mg & 2>HD=4 =HF2% =H=KK& 2JH?FE >H>LE =H==Jk
D& & 2=HD<K§ =HM=§ =H<?>4 2<i>Lé =HFJ4 =H=<=4
Fé & =H>K¢§ =HM2% =HDIM& 2=HDJ& =HFD& =HIFL&
>=4 & SH><§ >H=<§ =H<M=¢ =HK>4 SH<Fg =HLF2%
>>4 & <H>=4 SH?>4 =H>JIMe >HDK§ >HM28 =H<DDé&
><g & JH=L4 >iD?% =H=FL& JH<=4 <H<L§ =H>KL&

SUU*, 88""+8/-(MAS 7HRA"*,45*"' - (V/*O"+8/-47*W" -§F""+8/- (5 I \S T 5t 1 , "+ . &\d3%+;4S"8"-#,0, -4
U, (/3%,8"-"15*" = (V/*O"§/ 6N+ "H, ¥ (+"" = = "* "8, ** /44

94




Figure 3.7. shows the average marginal effect of care management delivery options on
primary care practice-level social needs management scores at various levels of HEART
payments. Among all MDPCP primary care practices the largest difference in the predicted mean
social needs management scores between the 50/50 and 100/0 care management delivery options
is -11.5 points, when HEART payments are set to zero. As HEART payments increase the
difference in the predicted mean social needs management scores decrease to -2.23 points.

Figure 3.7: Marginal probabilities of social needs management, January 1, 2022 — March 31, 2023
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Figure 3.8. shows the average marginal effect of care management delivery options on

primary care practice-level social needs management scores at various levels of HEART

payments among MUA-designated practices. Among MUA MDPCP primary care practices, the

largest statistically significant difference in the predicted mean social needs management scores

between the 50/50 and 100/0 care management delivery options was -7.57 points, when HEART

payments were set to 3. As HEART payments increased, the difference in the predicted mean

social needs management scores between 50/50 and 100/0 decreased to -3.24 points.
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Figure 3.8: Marginal probabilities of social needs management among MUA-designated practices,
January 1, 2022 — March 31, 2023
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Figure 3.9. shows the average marginal effect of care management delivery options on

primary care practice-level social needs management scores at various levels of HEART
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payments among non-MUA-designated practices. Among non-MUA MDPCP primary care
practices, the largest difference in the predicted mean social needs management scores between
the 50/50 and 100/0 care management delivery options is -11.08 points, when HEART payments
are set to zero. As HEART payments increase the difference in the predicted mean care
management scores between 50/50 and 100/0 decreases to -2.09 points.

Figure 3.9: Marginal probabilities of social needs management among non-MUA-designated
practices, January 1, 2022 — March 31, 2023
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Discussion

HEART Payments are innovative because they apply our understanding of the interaction
between SDOH and health outcomes to provide additional support to primary care practices that
treat patients with high disease burden and relative privilege. These payments align with expert
recommendations, which encourage the exploration of alternative payment models that consider
measures such as the Area Deprivation Index (ADI) (Phillips et al., 2023). Congress and the
Secretary of Health and Human Services also recommend using measures such as ADI to adjust
payments to primary care providers (Breslau et al., 2022). Recently, Medicare programs such as
Accountable Care Organization Realizing Equity, Access, and Community Health and the
Medicare Shared Savings Program began providing payments adjusted by patient ADI scores
(Phillips et al., 2023). A survey of primary care providers found that two of the top three
recommendations to transform primary care in the United States centered on changing how
primary care is financed and moving away from fee-for-service reimbursement models (Phillips
et al., 2023; Etz and Kurt et al., 2021). Unfortunately, non-fee-for-service payment models are
far from the norm, with less than 50 percent of primary care providers in the United States
receiving any form of value-based payments (Horstman and Lewis, 2023).

HEART payments’ impact on care management and social needs service delivery varies
by care management delivery option. CTOs provide the most comprehensive care management

and social needs services; however, increased heart payments are associated with increasing
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access to care management services among primary care practices that delivery care management
in-house. These practices, on average, tend to have higher percentages of Black (25.16%) and
Hispanic patients (1.83%), lower percentages of HCC complex level (14.87%), and dual-eligible
patients (15.00%) and 32.90% have MUA designations, versus the total sample (26.06%). A
recent study found that among physician practices, only 16 percent screened for social needs, and
another found that practices, on average only screen for 2.4 social needs (Brewster et al., 2020 &
Fraze et al., 2019). MDPCP practices surpass these results. On average, practices screen for six
social needs and have established relationships with six social needs service providers.

While value-based program participation is more common among larger and urban
practices, this is not necessarily the case with MDPCP participation, which has a robust sample
of small and rural practices (Horstman and Lewis, 2023). MDPCP HEART payments provide
additional support to providers that generally do not have room to risk entering value-based plans
with downside risk. Though historically, there has been debate about the concept of adjusting
payments based on socioeconomic factors, and early efforts to do so had mixed results, more
recent discussions focus on the correct way to implement these adjustments rather than whether
they should be done or not (Durfey et al., 2017). The association between increased HEART
payments and increased delivery of social needs management aligns with the literature. While
HEART payments are not value-based payments, primary care providers receiving value-based
payments are generally more likely to screen their patients for social needs (Davidson and

Kemper, 2020).

Another important takeaway is that without taking HEART payments into account, CTOs

provide more comprehensive care management than primary care practices that provide care
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management entirely on their own. CTOs are a relatively new care delivery entity that
successfully provide care management services for primary care practices that do not have the
infrastructure to provide comprehensive care management. Future research should explore the
use of CTOs in other states attempting to expand primary care infrastructure.

Primary care practices with MUA designations consistently provided higher
comprehensive care and social needs services. These results are similar to those assessing social
needs screening among FQHCs, which found that FQHCs were more likely to screen for social
needs than non-safety-net providers (Lewis et al., 2021). Heart payments remove the difference
in care management comprehensiveness between 50/50 and 100/0 practices. HEART payments
may help to standardize care management and social needs services provided to Medicare
beneficiaries in MUA areas by increasing CM services among practices that provide care
management in-house. Over half of all federally designated primary care shortage areas overlap
with high-poverty census tracks (Thomas, 2014). Primary care practices in these areas are also
generally understaffed and provide care to patients that are more likely to have lower income,
and less likely to have employment, transportation, or access to healthy foods (Thomas, 2014). In
order to improve the quality of care received by those in greatest need, it is extremely important
to gain a better understanding of how these practices operate, often with fewer resources and
lower levels of reimbursements.

Over 40 percent of practices receiving high HEART payments have MUA designations,
meaning that more than half of primary care practices serving high portions of HEART
beneficiaries are not located in medically underserved areas. Knowing where high-needs patients
receive care will improve equitable distribution of resources to better support primary care

practices that disproportionately serve high-needs patients. We find a positive association

101



between HEART payments and delivering comprehensive care management and social needs
services to Medicare beneficiaries in non-MUA areas. Practices that treat high-needs patients
dwell in a range of communities. Non-MUA practices that treat high-need patients might be less
equipped to treat high-need patients when compared to MUA practices that have larger high-
need patient populations. More research is needed to understand whether meaningful differences
exist between the care management services provided in MUA-designated health care facilities

versus facilities without MUA designations.

Strength and Limitations

There are several limitations associated with this analysis. This analysis only includes
MDPCP primary care practices, and the alternative payment model being assessed is currently
only available in Maryland. While this limits result generalizability, these results further our
understanding of how primary care practices use alternative payment forms. More specifically,
these results provide much needed sense of how primary care practices use alternative payment
models to increase the types of care management services they provide. These results can also
guide other states looking to diversify funding options for primary care practices.

The voluntary nature of the MDPCP means that the primary care practices in the program
might not be representative of primary care practices in Maryland and across the United States;
however, over 40 percent of all Maryland practices participated in the MDPCP during the
analysis period which (Maryland Primary Care Program, 2022). MDPCP practices are extremely
diverse when compared to previous Medicare demonstrations. This analysis includes a large
number of small practices, which is more similar to the national distribution of primary care
practice size (Rubio et al., 2023; Singh et al., 2020). The sample includes a large percentage of

rural primary care practices. The percentage of rural practices is larger than Medicare
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demonstrations (Singh et al., 2020). This sample also includes primary care practices with a
higher percentage of black patients than previous Medicare demonstrations (Rubio et al., 2023;
Singh et al., 2020). Another limitation is that the analysis period overlaps with

The COVID-19 pandemic changed care delivery and utilization in primary care practices.

Some additional strengths include the study’s longitudinal design and the use of multiple
data sources. This study is one of the first to assess, at the state level, the association between an
alternative payment model and the delivery of five different care management services and is
also the first study to assess whether the HEART payments are associated with the delivery of

care management services.

Conclusion

Our results provide guidance on how patient socioeconomic information can be used to
provide enhanced financial support to primary care practices supporting high-need patients.
Additionally, our results demonstrate that ADI adjusted payments can improve access to care
management and social needs services in primary care settings. Finally, our results provide a
better understanding of how CTOs can enhance the delivery of care management services to FFS

Medicare beneficiaries.
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Chapter 4: Comprehensive Care Management and Primary Care Practice-Level
Readmission Rates

Background

Nearly 20 percent of Medicare beneficiaries discharged from hospitals are readmitted
within 30 days (Hochman and Asch, 2017). There is disagreement on which providers should be
held responsible for patient readmissions. Some argue that unplanned 30-day readmissions can
be attributed to poor hospital discharge processes, while others reason that many of the factors
associated with hospital unplanned readmissions are outside hospitals’ control (Zuckerman et al.,
2016). For instance, readmissions that take place over a week after post-discharge could be more
indicative of patient-level self-efficacy and the ability to manage their health management, the
quality of care delivered in ambulatory care settings, and access to community resources
(Kripalani et al., 2014) Additionally, post-discharge access to primary care are is associated with
increased readmission rates (Murray et al., 2021; Joynt et al., 2019). While primary care is
uniquely positioned to provide care management only, 50% of older adults that experienced 30-
day hospital readmissions receive outpatient care Tak et al., 2020; Lum et al., 2012). When
assessing gaps in necessary care, the Maryland Department of Health identified low care
management use among high-risk and rising-risk patients as a major health care issue (Latif et
al., 2020).

The Maryland Primary Care Program (MDPCP) is a voluntary Medicare demonstration
modeled after the national Medicare demonstration program Comprehensive Primary Care Plus
(CPC+). The MDPCP seeks to increase the delivery of comprehensive primary care, which is
comprised of five care delivery areas: care management, access and continuity, care
coordination, planned care for population health, and patient and caregiver engagement (Machta

et al., 2021). Care management generally encompasses activities focused on improving patient
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quality of life, patient health outcomes, and reducing unnecessary use of health care services
(Peikes, Swankoski, O’Malley, and Timmins, 2021). The success of primary care interventions
relies on a variety of factors. Generally, primary care practice-based care management
interventions that are more comprehensive are associated with a decrease in readmissions. The
most successful complex care management programs were also embedded in primary care
practices, which enabled care managers to build strong relationships with patients and coordinate
their care better (Spivack, DeWalt, Oberlander et al., 2021; Powers, Chaguturu, & Ferris, 2015;
Powers et al., 2015). Successful care management interventions also facilitated intensive face-to-
face interaction between care managers and patients and extensive interaction between care
managers and providers (Spivack, DeWalt, Oberlander et al., 2021; Powers, Chaguturu, & Ferris,
2015). While primary care-based care management has been identified by both the state of
Maryland and the federal government as a vital resource when seeking to reduce readmissions,
there are gaps in our understanding of the types of care management services Maryland Medicare
beneficiaries receive and whether MDPCP care management services are associated with
decreased readmission rates among Medicare beneficiaries.

This analysis seeks to identify unique trajectories of comprehensive care management
performance among MDPCP primary care practices and to examine the association between
comprehensive care management performance trajectories and practice-level unplanned
readmission rates. We hypothesize that there are distinct care management performance groups
among MDPCP primary care practices and that primary care practices that provide higher levels
of comprehensive care management will experience greater reductions in practice-level

unplanned readmission rates
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Methods

Data

This analysis uses three main secondary data sources: Maryland Primary Care Program
data, Chesapeake Regional Information System for our Patients (CRISP) data, and hMetrix data.
All data in this analysis are measured at the primary care practice level. This analysis includes
data from July 1, 2020, to March 31, 2023. MDPCP data includes rosters of participating
practices and rosters of participating Care Transformation Organizations (CTOs). MDPCP Care
Transformation Reports include practice-level care delivery transformation data and practice
structural and process capabilities. MDPCP Care Transformation Reports also include details on
practice-level care management. MDPCP data includes practice ownership in formation, FQHC
status, size, practice MDPCP participation track status, and practice-level provider information.
CRISP data include beneficiary demographics and claims. The claims data captured in CPRISP
are Medicare Fee-For-Service claims and Claim Line Feed (CCLF) data. CRISP data also
provide beneficiary age, race and ethnicity, HCC risk tier, chronic conditions, preferred
language, Medicare eligibility, enrollment characteristics, and hospital readmissions. hMetrix
data provide practice-level payment information such as MDPCP Care Management payment,

Comprehensive Primary payment, and Performance Based Incentive payment information.

Study Sample

MDPCEP eligible primary care practices must have at least 150 attributed Medicare
beneficiaries and be in one of the listed provider categories: General Practice, Family Medicine,
Internal Medicine, Obstetrics and Gynecology, Pediatric Medicine, Geriatric Medicine, and co-

located Psychiatry. Additionally, among participating practices, only Medicare fee-for-service
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(FFS) attributed beneficiaries are allowed to participate in the program. This analysis includes
primary care practices participating in the MDPCP between July 1, 2020, and March 31, 2023.
The sample was further restricted to primary care practices that participated in the MDPCP for at
least two years and to primary care practices with zero missingness among the variables included
in this analysis. A final sample of 475 primary care practices out of the total 608 primary care

practices were included in this analysis.

Dependent Variables

The dependent variable is primary care practice-level 30-day unplanned readmission
rates. CRISP defines readmissions as an unplanned admission to the same or a different acute
care hospital following a discharge from the same or a different acute care hospital within 30
days (CRISP, 2022). Readmissions not included in the analyses include readmissions for
psychiatric disorders and planned readmissions for services such as transplant surgery,
maintenance chemotherapy immunotherapy, rehabilitation, and non-acute readmission for
scheduled procedures (CRISP, 2022). Readmission rates are created by dividing short-term acute
care hospital admissions within 30 days of initial discharge by all admissions categorized as
eligible for being considered a readmission. Readmissions are captured monthly at the primary

care practice level (CRISP, 2022).

Independent Variables

The primary independent variable is a composite measure assessing the comprehensiveness of
primary care practice-level care management. The measure captures five care management
categories and is standardized to range between 0-5. Each care management category was also

standardized to range from 0-1. Please see a more detailed information about the components of
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the comprehensive care management variable: Comprehensive Care Management -
Standardized: (0 — 5 Points):

(1)!Risk-stratified care management: (0 — 1 Points)
¥ Risk stratification — Methods
o! (1) Intuition only; (2) Data-driven algorithm only; (3) Two-step
¥ Risk stratification — Factor complexity
o! (1) Claims variables; (2) Clinical variables from the EHR; (3) Computed risk
scores; (4) Pre-AH Tool (Likelihood for Avoidable Hospital Events report);
(5) Other methods
¥ Risk stratification — The percent of beneficiaries risk-stratified out of total empaneled
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Lead Care Manager
o! (1) Yes; (2) No
¥ Longitudinal Care Management — The percent of beneficiaries under care
management out of total empaneled
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Care Plan — The precent of beneficiaries under longitudinal care management with
care plans
o! (0) None (0%); (1) Some (Up to 50%); (2) Most (51-95%); (3) All (96-100%)
¥ Care Plan — Document & storage
o! (0) No; (1) Care plans are stored but not health IT integrated; (2) Care plans
are EHR or HIT integrated)

(2)!Self-management and support (SMS): (0 — 1 Points)
¥ Populations that receive SMS
o! (1) All beneficiaries with targeted condition; (2) Risk status; (3) Poorly
controlled disease; (4) Data from a formal self-management assessment tool;
(5) Beneficiary interest; (6) Clinician referral/identification; (7) Other
¥ Self-management support activities
o! (1) No activities; (2) encourage beneficiaries to choose goals that are
meaningful to them; include family/caregivers in goal setting and care plan
development; (3) Connect or provide beneficiaries and caregivers with formal
self-management support services at our practice or in the community; (4)
measure beneficiaries' skills and progress; (5) Staff are trained in self-
management support techniques

(3)! Transitional care management (TCM): (0 — 1 Points)
¥ The percent of patient follow-up within one week post emergency department
discharge

o! (1) None (0%); (2) Some (Up to 50%); (3) Most (51-95%); (4) All (96-100%)
¥ The percent of patient follow-up within 72 hours post hospital discharge

o! (1) None (0%); (2) Some (Up to 50%); (3) Most (51-95%); (4) All (96-100%)
¥ Admission/discharge/transfer information EHR/HIT system integration

o! (1) Yes; (2) No
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(4)!Comprehensive medication management (CMM): (0 — 1 Points)
¥ Delivery of CMM
o! (1) Yes; (2) No
¥ Populations that receive CMM
o! (1) Active medication issues (e.g., adverse reactions, adherence, not reaching
intended treatment outcomes); (2) Potential therapy issues (e.g., high risk
medications, polypharmacy, multi-therapy drug interactions, high cost
medications); (3) Referred by practitioner or care team

(5) Social needs management (SNM): (0 — 1 Points)
¥ Populations that receive SNM
o! (1) Do not screen beneficiaries; (2) Targeted subpopulation; (3) All
beneficiaries
¥ Types of social needs screened for
o! (1) Food insecurity; (2) Housing instability; (3) Utility needs; (4) Financial
resource strain; (5) Transportation; (6) Social isolation; (7) Safety or
interpersonal violence; (8) Other
¥ Inventory of social service resources
o! (1) Yes; (2) No
¥ Established relationship with social resources
o! (1) Food insecurity; (2) Housing instability; (3) Utility needs; (4) Financial
resource strain; (5) Transportation; (6) Employment; (7) Social isolation; (8)
Safety or interpersonal violence;

Covariates in this analysis include practice-level beneficiary characteristics: age (the

percentage of patients that are 65-69, 70-74, 75-79, 80-84), race (percentage of black patients),

HCC risk scores (practice average score), and dual eligibility status (yes; no); practice

organization-level capabilities: care management fees, performance-based incentive payments,

and comprehensive primary care payments, MDPCP participation track (I, I, III) and care

management delivery options (50/50, 70/30, 100/0); and practice organization-level

characteristics: total number of providers, percent of providers that are family and general

physicians, ownership status (system, independent), county, medically underserved area (yes;
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Statistical Analysis

The distribution of practice-level characteristics across MDPCP primary care practice
care management performance classes was assessed using descriptive statistics such as chi-
square tests and t-tests for tests of independence. Trajectory analysis. Group-based trajectory
modeling (GBTM) was used to identify comprehensive care management performance groups
among MDPCP primary care practices. GBTM is a specific type of finite mixture modeling that
puts individuals, or in this care, primary care practices, with statistically similar trajectories into
defined groups (Shearer et al., 2016; Nagin and Odgers, 2005). GBTM uses maximum likelihood
estimation to identify the probability of an individual belonging to an identified group (Shearer et
al., 2016; Nagin and Odgers, 2005). The identified groups are latent strata and capture primary
care practices following similar comprehensive care management performance distribution
trends or patterns rather than actual subpopulations (Shearer et al., 2016; Nagin and Odgers,
2010; Nagin and Odgers, 2005). Comprehensive care management GBTM was modeled using a
censored normal distribution with the censored values set to capture the range of the
unstandardized comprehensive care management variable (0 — 66). Censored normal distribution
is generally chosen for survey-generated or composite score outcome variables (Nagin &
Odgers, 2010). During sensitivity analyses, censored normal distribution was also applied to the

standardized comprehensive care management variable (0-5).

GBTM:
@

081,23456 A * 7 890&L,B456 5;<]
@B
Where P(Yi |Timei ) represents the distribution of the outcome variable comprehensive care

management which is conditional on time. Yi represents primary care practices’ 1’s care

management score sequence, Time represents time, which is measured by quarters complex care
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management scores were reported, J represents the number of groups, o represents a primary

care practices’ probability of belonging to group j, and BJ represents the conditional distribution
of Yi, comprehensive care management, given primary care practice assignment to j and also
determines the specific shape of each group-based trajectory. The following tests were used to
identify the best model fit: the Bayesian information criterion (BIC), entropy, estimated group
proportions, average posterior probabilities (APP), and the odds of correct classification (OCC)
(Shearer et al., 2016; Nagin and Odgers, 2010).

Regression analysis. Mixed-effect negative binomial regression models were employed
to assess whether there was an association between MDPCP primary care-level comprehensive
care management and primary care-practice-level all-cause 30-day readmission rates. Mixed-
effect negative binomial regression models also assessed whether primary care-practice-level all-
cause 30-day readmission rates varied between care management performance groups. Standard
errors were clustered at the primary care practice level. Primary care practices were included in
the model as the random effect, while patient and practice covariates were fixed effects.
Unstructured covariance matrices were used in each regression model to account for primary
care practices correlation (Jones and Nagin, 2013; Jones and Nagin, 2012; Barnett et al., 2010;
Nagin and Odgers, 2010; Nagin, 2005; Nagin,1999).

Models 1 through 3 assess the association between primary care practice-level 30-day all-
cause readmission rates and primary care practice-level comprehensive care management. Model
1 is a crude model that includes the outcome variable primary care practice-level 30-day all-
cause readmission rates, comprehensive care management performance trajectories, and time.
Model 2 includes all the variables included in Model 1 as well as practice patient-level

characteristics: age, race, HCC risk scores, dual eligibility status, practice-level characteristics:
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total number of providers, percent of providers that are family and general physicians, MDPCP
participation track, care management delivery options, county, and MUA designation. Model 3
includes the variables in Model 2 and an interaction term between comprehensive care

management performance trajectoriesand time.

Model 1: Crude Model:

log Yir="10; + ! i((Comprehensive care management performance trajectoriesr) + ! »(Time)
1,228 :@)

Model 2: Full Model:

log Yir="10;i + ! i((Comprehensive care management performance trajectoriesr) + | »(Primary
care practice — level patient characteristics) + | 3(Primary care practice-level characteristics)
+ 1 4(Time)

1,>7&, @)

Model 3: Full Model with Interaction Term between trajectories and time:

log Yir="10i + ! 1((Comprehensive care management performance trajectoriesr) +

I »(Comprehensive care management performance trajectoriesr * time) + | 3(Care management
capabilitiesi) + | 4(Primary care practice — level patient characteristicsr) + | s(Primary care
practice-level characteristics) + | ¢(Time)

1,228 :@)

Where Y represents Primary care practice-level 30-day all-cause readmission rates, i represents
primary care practices, and t represents time, which is measured by six-month intervals.
Sensitivity analyses were conducted by running all three models on comprehensive care
management, risk-stratified care management, self-management and support, transitional care
management, comprehensive medication management and social needs management. All

analyses were conducted using STATA, version 17.0 (StataCorp, College Station, Texas).

Results

The final trajectory model with four groups was chosen based on the criteria in Table
4.1. The four-model option had the least negative BIC, which demonstrates the best model fit.

When comparing model BICs, a model being smaller by a score of 10 or more indicates that the
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model is a better fit (Nagin & Odgers, 2010; Lerch, 2020). Entropy assesses the accuracy of
classifying primary care practices in trajectory groups (Mésidor et al., 2022; Herle et al., 2020;
Nylund-Gibson K, Choi AY, 2018). The four-model option had an Entropy value of 0.92, and an
entropy value greater than 0.80 indicates that there is less uncertainty about the model’s
classification (Mésidor et al., 2022; Herle et al., 2020; Nylund-Gibson K, Choi AY, 2018).
GBTM also requires that a trajectory group must be greater than five percent of the total sample,
and the smallest group in the four-model option represents 18.3% of the total sample (Andruff et
al., 2009; Nagin & Odgers, 2010). Model adequacy was also assessed using post-estimation
assessments. Posterior probabilities represent the probability that a primary care practice belongs
to a trajectory group. The average of these scores represents trajectory group-level membership
internal reliability (Andruff et al., 2009). In the four-model option, the average posterior
probabilities were all above .93, which is over the recommended threshold of .70 (Nagin &
Odgers, 2010; Lerch, 2020). Additionally, the odds of correct classification for each group in the

four-model were greater than five (Nagin & Odgers, 2010; Lerch, 2020).

Table 4.1: Comprehensive Care Management Performance Trajectory Post Estimation Model Fit
Assessment and Group Assessment

m*/3) | X/%;-/08"| m*/3)k | \($0™, "t | Z Al \-#/);4[ S8,*"W,1 7 (Ve
030U, *( 7**, %/ | #/3-4 | W/3)L XIGS$/% | A/ i
WP /3)1 V)14~ (& XE/UMUSKSHS, (6| AR (V8487 -
) B/%3
< JudK SIPi>=Lk| >IPI<<i? Tt | 2DF=L#>=t | =#FKDk | >IPHFMKE >IPI>JKH> 24
<IPLILFL| <tPIMVHKT? <IPHFF= <IP4J=HKDk
Ji JUKWEKE | >WPIDDE | >IPE>DH=T& | 2DM>JWDDE | =HDF<t | >WPHFL=L SIPI>>>h==
<iPi><Jt | <iPi<MDT? <IPHFIJ <IPLILHK=k
JiPI<L2t| JIPIK 2> T JUPHF2M JiPE>KH<Lilg
A JUAKIUKM<t | >UPUDDE | >IPE>DRITE | 2DKKIMD<k | =HF<Jk | >UPUFMME SIPE>FJr=K{
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JiPi>=>4 | JiPi<>HL T JIPHF2LE JiPILJIDFY
2P>DME| 24PLIFH=T 2UPHFLKG 2APE2JHR<

Abbreviation: BIC, Bayesian information criterion
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The GBTM two-group option identifies high and low performers (Figure 4.1.Panel I),

the GBTM three-group option identifies an additional group showing rapid improve (Figure

4.1.Panel II), and in the final model the GBTM four-group option identifies an additional group

of decliners (Figure 4.1.Panel III).

Figure 4.1: Comprehensive Care Management Performance Trajectories, July 1, 2020 — March 1,

2023

Panel I: GBTM — two-group optioné
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Table 4.2. assess comprehensive care management scores among each trajectory group
over time. Except for the baseline time point 2020 Q3, each trajectory's average comprehensive
care management scores significantly differed at each time point. Additionally, the average
change in comprehensive care management score among trajectories is significantly different.

Table 4.2: Two-way Analysis of Comprehensive Care Management Score and Time by Care
Management Performance Trajectory, July 1, 2020 — March 31, 2023, N=475

5, /%3050 5, /% 3i<l 5, /%2401 5, #/*5 170 IH$%&.
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<=<<iBJi Ji><i JHDFi JHKJ o<l h===
<=<JiB>l JH=Ki JHDFi JHKL H=di h===
| "H$%8: H=== h=== h=== H=== i

Table 4.3 summarizes the characteristics of MDPCP primary care practices by
comprehensive care management trajectories. The Low trajectory group had, on average, the
highest percent of patients 85 years and older (16.98%), black patients (30.33%), and high-needs
patients (31.77%). The Low trajectory group also had the lowest average of Care Management
Fees ($46K) and Performance-Based Incentive Payments ($32K). Additionally Low trajectory
group practices were less likely to have MUA designations (17.24%), were overrepresented in
Southern Maryland (15.52), and were not present in Western Maryland regions. On average, the
Improved trajectory group had the highest percent of Medicaid patients (14.27%). The Improved
trajectory group had the highest average Performance-Based Incentive Payments ($67K).
Additionally, Improved trajectory group practices were less likely to have MUA designations

(17.97%) and were overrepresented in Central (58.43%) and Western (11.24%) Maryland
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regions. On average, the Declined trajectory group had the largest percent of patients 64 and

younger (11.70%) and Hispanic (1.66%) patients. Additionally, Declined trajectory group

practices were more likely to have MUA designations (33.68%). The High trajectory group had,

on average, the highest percent of non-English speaking (9.22%) patients while also having, on

average, the lowest percent of patients 64 years and younger (9.74%) and black (21.93%)

patients. Additionally, High trajectory group practices were more likely to have MUA

designations (33.90%) and were overrepresented in Capital (34.48%) and Eastern(13.79%)

Maryland regions.

Table 4.3: Baseline Characteristics of MDPCP Primary Care Practices by Care Management

Performance Trajectories, 2020
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Table 4.4 summarizes MDPCP primary care practice-level care management

characteristics by comprehensive care management trajectories at baseline. The High trajectory

group had the highest average risk-stratified care management (0.76), highest self-management

and support (0.72), and social needs management (0.85) scores. The Declined trajectory group

had the highest average scores for transitional care management (0.74) and comprehensive

medication management (0.76). Only 40 percent of primary care practices in the Improved

trajectory group provided comprehensive medication management compared to 98 percent of

practices providing comprehensive medication management in the High trajectory group.

Table 4.4: Baseline Care Management Characteristics of MDPCP Primary Care Practices by
HEART Payment Level, January 1, 2020
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Table 4.5. show the results of the negative mixed-effects models, which assessed the
association between care management trajectories and unplanned readmission rates. In Model 1,
the Decline trajectory group had statistically significantly higher unplanned readmission rates
than the High trajectory group (Odds Ratios [OR] 1.84 95% confidence interval [CI]: 1.24-
2.72). In Model 2, there was no statistically significant difference in unplanned readmission rates
between trajectory groups Low, Improved, or Declined and the High trajectory group. In Model
3, the interaction term between the comprehensive care management trajectories and time was
statistically significantly associated with decreased primary care-level unplanned readmission
rates among primary care practices in the Low trajectory group when compared to practices in

the High trajectory (OR 0.97, 1.02, CI: 0.99- 0.98). The slope of the interaction term was - 0.03,
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which demonstrates that as time progressed, primary care practice-level unplanned readmission

rates decreased when compared to the High trajectory group.

Table 4.5: Comprehensive Care Management Performance Trajectories, Negative Binomial Mixed-

Effects Regression Models, July 1, 2020 — March 31, 2023
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Figure 4.2. Shows the average marginal effect of comprehensive care management
performance trajectories on primary care practice-level unplanned readmission rates between
July 1, 2020 — March 31, 2023. The Low trajectory had statistically significant higher predicted
mean practice-level unplanned readmission rates than the High trajectory during 2020 Q3 and

2021 Q1 however, as time progressed the difference in unplanned readmission rates became
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insignificant. While not statistically significantly different at all timepoints from the High
trajectory, as time progresses practice-level unplanned readmission rates decrease among all
comprehensive care management performance trajectories. Tables 4.6 —4.11 are located in the
appendix and include separate negative binomial mixed-effects regression models assessing the
association between comprehensive care management score, risk-stratified care management,
self-management and support, transitional care management, comprehensive medication
management, and social needs management and primary care practice-level unplanned

readmission rates.
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Figure 4.2: Marginal Probabilities Comprehensive Care Management Performance Trajectories Interacted with Time, July 1, 2020 —
March 31, 2023 - N: 475; Observations: 2,596
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Discussion

When assessing the impact of an intervention, there is a benefit in identifying
performance groups among intervention participants. GBTM identified four clear categories of
MDPCP primary care comprehensive care management performance. This information provided
insight into why we saw a proportional association between comprehensive care management
score and readmission rates over time in the analysis that did not control for comprehensive care
management performance trajectory groups. Relative to the High trajectory group, primary care
practices in the Low trajectory group experienced a steeper decline in primary care practice-level
unplanned readmission rates. Primary care practices in the Low trajectory group had, on average,
the highest percent of older, black, and high-needs patients, while primary care practices in the
High trajectory group had, on average, the highest percent of non-English speaking patients and
the lowest percent of black patients. The MDPCP has an additional three years until it concludes,
and further analyses should be conducted with these additional years included.

The COVID-19 pandemic overlaps this analysis period. Maryland’s first three COVID-
19 cases were confirmed on March 5, 2020, and the baseline point for this analysis is July 2020
(Moore & Hartner, 2021). While the COVID-19 pandemic might impact readmission rates in
Maryland, variation in the rate of readmission reductions among the trajectory groups might
indicate the COVID-19 pandemic did not wholly negate the association between MDPCP care
management services and unplanned readmission rates.

The MDPCP is a subcomponent of the Maryland Total Cost of Care (TCOC) Model
which also began on January 1, 2019. The model includes three parts: the Hospital Payment
Program, the Care Redesign Program, and the Maryland Primary Care Program. While these

other TCOC programs also seek to reduce admissions, the TCOC is a statewide program, and
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patients, providers, and primary care practices in the MDPCP were exposed to the same
intervention.

Though this analysis assesses the association of care management and readmissions at the
primary care practice level and employs care management performance trajectories to evaluate
the association between care management performance and readmission rates, the results of this
analysis align with existing literature. Improvement in care management score among the Low
trajectory resulted in a decrease in primary care practice-level unplanned readmission rates,
which is similar to other care management interventions associated with readmission reductions.
A recent causal analysis of the PCP+, the national equivalent of the MDPCP, found the program

did not reduce unplanned readmissions (Singh et al., 2024).

Strength and Limitations

This analysis includes several limitations as well as strengths. While this analysis only
includes MDPCP primary care practices and MDPCP participation is voluntary, which limits its
generalizability, over 40 percent of primary care practices in Maryland participated in the
MDPCP (MDPCP, 2020; MDPCP, 2022; Schrader et al., 2021). Additionally, the primary care
practices that participated in the MDPCP are more diverse than practices that traditionally
participate in Medicare demonstration programs (Rubio et al., 2023; Singh et al., 2020). For
instance, this analysis includes a larger percentage of small practices and rural practices than
demonstrations such as the PCP+ (Singh et al., 2020). Practices in this analysis also have a
higher percentage of black patients compared to primary care practices that have participated in
previous Medicare demonstrations (Rubio et al., 2023; Singh et al., 2020).

Using multiple data sources, such as self-reported care transformation data and claims

data, enhances our understanding of how primary care practices use alternative forms of payment
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to increase the types of care management services they provide. An additional limitation is that
COVID-19 overlaps the analysis period. Research has demonstrated that COVID-19 did alter
care delivery practices in ambulatory settings. For instance, there was increased use of telehealth
services throughout the pandemic (Shaver, 2022). Additional strengths of this analysis include
the longitudinal design and the use of a novel approach to identify MDPCP care management
performance classes, which can be used to better understand what contributes to the successful

implementation of future Medicare demonstrations.

Conclusion

These results provide a better understanding of MDPCP primary care practice
comprehensive care management performance and the association between primary care
practice-level ability to provide complex care management and unplanned readmission rates.
Comprehensive care management performance was inconsistent among MDPCP primary care
practices, and heterogeneity of comprehensive care management performance over time impacts

the association between care management and readmission rates.
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Chapter 5: Conclusion and Future Direction

Summary

Results from Chapter 2 demonstrate that increased primary care practice capabilities were
associated with increased comprehensiveness among the comprehensive care management
composite, risk-stratified care management, self-management and support care management,
transitional care management, comprehensive medication care management, and social needs
management. Additionally, the association between primary care capabilities and care
management comprehensiveness varied across each of the five care management services.
Chapter 2 also shows that, within Maryland, there is geographic variation in the level of care
management comprehensiveness.

Results from Chapter 3 demonstrate that patient-level ADI adjusted payments can
improve access to care management and social needs services in primary care settings.
Additionally, chapter 4 shows that MDPCP primary care practices that chose the 50/50 CTO care
management delivery option provided the most comprehensive primary care. These results
reinforce the success and necessity of CTOs when trying to transform primary care-based care
management services. Lastly, this chapter provides guidance to other states on how to direct
funds to primary practices that serve high percentages of high-needs patients living in high-
deprivation areas.

Results from Chapter 4 provide a detailed understanding of how MDPCP primary care
practices performed in their ability to provide care management over time. Clear classes of care
management performance were identified, and variations in levels and directions of care
management performance were identified. Understanding how primary care practices performed

gives the state an opportunity to better support practices that underperform. Chapter 4 also
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demonstrates an association between comprehensive care management and primary care practice

unplanned readmission rates among certain care management performance classes.

Policy Implications and Future Research

This section outlines four key areas of focus as policy implications and for future
research: (1) the identification of geographic variation in primary care practice capabilities'
association with the delivery of care management services, (2) the use of prospective payments
such as HEART payments, (3) partnerships with care transformation organizations, and (4) the
identification of performance classes within Medicare demonstration programs.

Based on the results, additional research is needed to assess whether geographic variation
in the provision of care management exists nationally. CMMI should use primary care practice
capabilities that have been proven to be associated with the provision of care management
services to assess care management readiness among applicants in future demonstrations, such as
Primary Care First and the Making Care Primary Model (Frehn et al., 2022; Spivack et al., 2022;
Rodriguez et al., 2016; Murray, Rodriguez, & Lewis, 2020). If gaps in care management
capabilities are identified, then CMMI should offer tailored support to address the identified
gaps. This will also ensure more equitable inclusion of lower-resourced primary care practices,
which generally disproportionately service racial and ethnic minorities, in care transformation
efforts. Steps such as these will ensure we move away from the lack of diversity among primary
care practices participating in national care transformation demonstrations such as the CPC+
(Rubio et al., 2023; Miller-Rosales et al., 2023).

While CMS and CMMI are beginning to roll out equity-centered value-based
reimbursements via the Rewarding Excellence for Underserved Populations (REUP) initiative,

only 46 percent of primary care practices currently receive any form of value-based payments
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(Horstman, 2023; Jacobs, 2023). Federal and state governments should continue exploring how
to redirect financial support to high-needs patients via alternative payment models. Primary care
practices in burdened areas disproportionately serve high-needs patients. These results
demonstrate that alternative payment models, such as the HEART payments, improve MUA-
designated practices' ability to deliver care management services. More research is needed to
better understand how alternative payments such as the HEART payments transform other
comprehensive primary care components. Causal inference analyses would also improve our
understanding of how HEART payments directly impact care delivery transformation efforts in
primary care settings.

Partnerships with care transformation organizations (CTOs) should be explored in future
Medicare primary care demonstrations. CMS has set a goal of having all FFS Medicare
beneficiaries participate in primary care transformation programs; however, as of June 2023, less
than 50% of US primary care practices participated in these programs (Rawal, 2023). Within the
MDPCP, CTOs helped primary care practices increase patient access to services without the
financial resources and time commitment generally needed to provide these services internally.
Federal and state governments could facilitate CTO partnerships among under-resourced primary
care practices. Partnerships like this would improve access to enhanced services among under-
resourced. This could also allow under-resourced primary care practices to pool resources by
sharing CTO services.

The identification of performance classes within Medicare demonstration programs
provides a better understanding of MDPCP comprehensive care management performance and
the association between primary care practice-level ability to provide care management services

and unplanned readmission rates. Comprehensive care management performance was not
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consistent among MDPCP primary care practices, and heterogeneity of comprehensive care
management performance over time impacts the association between care management and
readmission rates. Performance classes should be identified in future Medicare demonstrations as
well. Identifying performance classes will improve our understanding of how these interventions
are implemented in real-world settings and will enable us to better support participating practices
that are consistently identified as low performers.

Additionally, identifying and evaluating high-performing practices can improve our
understanding of what primary care practice-level structural and process capabilities are needed
to provide comprehensive primary care successfully. Assessing the association between primary
care intervention performance class and patient health outcomes is extremely important. We
cannot expect these interventions to impact practices and patients similarly. Using GBTM to
identify variation in adherence and even treatment effects will improve our understanding of
which populations need additional support and whether the intervention is reaching the desired
population. For instance, analyses such as GBTM could identify that under-resourced primary
care practices with high-risk and high-burdened patients have lower program adherence over
time, which might indicate that the intended target population does not truly have access to the
intervention. Practices with high adherence to the intervention design should be assessed

separately, and subpopulation analyses should also be included in formal evaluations.
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Appendix A: Chapter 2

Appendix Table 2.13: Individual MDPCP primary care practice capabilities associated with comprehensive care management, Poisson

regression models
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Appendix Table 2.14: MDPCP primary care practice principal component capabilities with MDPCP practice provision of comprehensive
care management, Poisson regression models
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Appendix Table 2.15: MDPCP primary care practice principal component capabilities associated with MDPCP practice provision of risk-

stratified care management, Poisson regression models
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Appendix Table 2.16: MDPCP primary care practice principal component capabilities associated with MDPCP practice provision of self-
management and support, Poisson regression models
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Appendix Table 2.17: MDPCP primary care practice principal component capabilities associated with MDPCP practice provision of
transitional care management, Poisson regression models
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Appendix Table 2.18: MDPCP primary care practice principal component capabilities associated with MDPCP practice provision of
medication management, Poisson regression models
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Appendix Table 2.19: MDPCP primary care practice principal component capabilities associated with MDPCP practice provision of
social needs management, Poisson regression models
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Appendix B: Chapter 4

Appendix Table 4.6: Comprehensive Care Management, Negative Binomial Mixed-Effects
Regression Models, , July 1, 2022 — March 31, 2023
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Appendix Table 4.7: Risk-stratified care management, Negative Binomial mixed-effects regression
models, July 1, 2020 — March 31, 2023
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Appendix Table 4.8: Self- management and support, Negative Binomial mixed-effects regression
Models , July 1, 2020 — March 31, 2023
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Appendix Table 4.9: Social needs management, Negative Binomial mixed-effects regression Models,
July 1, 2020 — March 31, 2023

& Q/" HMAR3"iQ/ ", il Q/"Hi<hi_3MQ/"  Hiqt
ONPMKE7U(,*8™48/-(h<6KFLL | Oh?MKi7U(, *8" 48/ - (hi<tKFL
i 7 VUFKTAGL 7 VUFKTAGL
N/#5"%-, , " (10"-"W,0, -4 HEMid=HL>B>HK J6k =HM284=H?DS>H> 76k
i i i
550, —HFFi4=HFDbi>H==G4 SH=>U=HFFa>H=<GL
i i i
1"="/02, W, # (X0, 1, (i i i
XH$O™ S IA™  IXF"#6#, i SHIFM>=26>HDKGh =H=JU=H==h<II>GL

SUU*, 88"/~ (W7 YHl/ ™ * ("8 (BA Tt/ -\5" , —#, 15—+, *8"i(liModel LiN/#"Hi-, , " (10"="W, 0, -H"-"10,
Model 2:0X*"#18# 20,8 40U, = VSHS"™ -4 "<t *SCSH(O"W, it . &) 8, "W, 1/VE) ™8, —+(k . "™ , ALK2L FoiM=2M 26k
MK2MFSD=2D2660""#, i4) , 4, —+"W, L/VIUR"#[£) ™43, (66 | AALS(LRGH/*, (1) "8 , "8, "W, B(H/* , Ghi"= " 4" 3"
HOWSUSKSH 5 A+ 438, (Bh-/OR0X* B8 L/ W —SF"46/~28 , 8 Wit """t XS (s$H (hi /4" M- 30U, AV */ 88", *(BL) , 4, 4
JVEY*/8S" % (k. H A OSh; -IW, —, ¥ 3 (8- (B L -, *( (3G ¢+, OBS-" ) , - ", ~EHQ T XAX

) SHS) S/ TS B 10" -"W, O, — 1", 188, * ;1) 18/ - (MK=eK=biM=eJ=6>==e=Ci#"* 10"'-"W, O, -+
V,,60) ,¥U/*0"-#,1U"(, "18-#,-4$8,0)"; O, i/ Q)*, . ,-(88,0) 80" ; 1™, 0)"; O , ~+i#t/ 3-+; HQRSI(+"+3(k
45, B/ G

i i

139



Appendix Table 4.10: Comprehensive medication management, Negative Binomial mixed-effects
regression Models, July 1, 2020 — March 31, 2023
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Appendix Table 4.11: Transitional care management, Negative Binomial mixed-effects regression
Models, July 1, 2020 — March 31, 2023

& Q/" HMAR3"iQ/ ", il Q7" Hi<hi_3HQ/ ", il
ONPMKE7U(,*8"48/-(h<6KFLL | Oh?MKi7U(, *8" 48/ - (h<tKFL
i 7 VUFKTAGL 7 VUFKTAGL
5*'-(§8/-"HA"™ 1Q"-"W, 0, -4 =HD<i=r? 26>HK 26k HM=I4=RIFG>H<JGL
i i i
550, —HFFi4=HFDbi>H==G4 SH=>Ut==hiot=<6il
i i i
1"="/02, W, # (X0, 1, (i i i
XH$O™ S IA™  IXF"#6#, i SH?=W>r=K6i>HDLGH =H=JU=H==6>HFNGE

1) Hi=H=KHSUU, 8848/~ (W7 THL/ ™ = (457 (A Wi/ -VS™ , —#, 15—+, *8"h(HModel 16"~ ($8/~"Hitt"™ 1
0"-"W,0,-4"- "0, HModel 2:6X*"#:$# 26,8 MU, — VSHS"™* & . "+t *SCSH(N"W, 8. ,0) ,*, "W, 1/VE)"™S, —+(d
£ LKL FSM=2M26IMK2MISD=2D 2G50 #, 4 , ¥, 4" W , L/ VRUR"#[£) ™48, —+(G6L I AABS([G(H/* , (1) *"H8#, &

"G K DG/, 6 - "L 3T, KONSUSHSH S B(+ 38 , (Bl /ORXH"t /M-S F 18/ - 20, 8 Mt "Xt XSS (hie/ 4
30U, H/VE)*/88" ,*(60) , 4, —H/VE)*/88" *(b+ . I O8h; 4" = "0, -, *"8) - ; (S8 - (6/ L -, *( . )A(+"+3(d

4 (+, OB8=") =" , ~1UQ T XAXL) "*$H8) 18/ -4+ # [14 60 60 W™ 10" ="W, O, " , 188, *; 1/ )18/ - (K =eK =
M=eJ=§>==e=Gii#"*,40"="W, O, -V, ) , N/*O"=#,4U"(, "18-#,-188,1)"; O, ~#i#/0)*, . , - ($8,4) SO ; 4#t"* |
)'"; 0, -46lt/3-+; QR SU(H"+3(8; , (B~ /G

140



Bibliography

Agarwal, A., Zhang, W., Kuo, Y., & Sharma, G. (2016). Process and Outcome Measures among
COPD Patients with a Hospitalization Cared for by an Advance Practice Provider or
Primary Care Physician. PLoS ONE, 11(2), e0148522.
https://doi.org/10.1371/journal.pone.0148522

Anderson, G. F., Ballreich, J., Bleich, S., Boyd, C., DuGoff, E., Leff, B., Salzburg, C., & Wolff,
J. (2015). Attributes common to programs that successfully treat high-need, high-cost
individuals. The American Journal of Managed Care, 21(11), €597-600.

Anglin, G., Tu, H. A., Liao, K., Sessums, L., & Taylor, E. F. (2017). Strengthening Multipayer
Collaboration: Lessons From the Comprehensive Primary Care Initiative. The Milbank
quarterly, 95(3), 602—633. https://doi.org/10.1111/1468-0009.12280

Arbaje, A. 1., Wolff, J. L., Yu, Q., Powe, N. R., Anderson, G. F., & Boult, C. (2008).
Postdischarge Environmental and Socioeconomic Factors and the Likelihood of Early
Hospital Readmission Among Community-Dwelling Medicare Beneficiaries. The
Gerontologist, 48(4), 495-504. https://doi.org/10.1093/geront/48.4.495

Auerbach, A. D., Kripalani, S., Vasilevskis, E. E., Sehgal, N., Lindenauer, P. K., Metlay, J. P.,
Fletcher, G., Ruhnke, G. W., Flanders, S. A., Kim, C., Williams, M. V., Thomas, L.,
Giang, V., Herzig, S. J., Patel, K., Boscardin, W. J., Robinson, E. J., & Schnipper, J. L.
(2016). Preventability and Causes of Readmissions in a National Cohort of General
Medicine Patients. JAMA Internal Medicine, 176(4), 484—493.
https://doi.org/10.1001/jamainternmed.2015.7863

Ayanian J. Z. (2023). Transforming Primary Care Through Innovations in Medicare. JAMA

health forum, 4(12), €235071. https://doi.org/10.1001/jamahealthforum.2023.5071

141



Bach, P. B., Pham, H. H., Schrag, D., Tate, R. C., & Hargraves, J. L. (2004). Primary care
physicians who treat blacks and whites. The New England Journal of Medicine, 351(6),
575-584. https ://doi.org/10.1056/NEJMsa040609

Bailey, J. E., Surbhi, S., Wan, J. Y., Munshi, K. D., Waters, T. M., Binkley, B. L., Ugwueke, M.
0., & Graetz, 1. (2019). Effect of Intensive Interdisciplinary Transitional Care for High-
Need, High-Cost Patients on Quality, Outcomes, and Costs: A Quasi-Experimental
Study. Journal of General Internal Medicine, 34(9), 1815-1824.
https://doi.org/10.1007/s11606-019-05082-8

Ballard, J., Rankin, W., Roper, K. L., Weatherford, S., & Cardarelli, R. (2018). Effect of
Ambulatory Transitional Care Management on 30-Day Readmission Rates. American
Journal of Medical Quality, 33(6), 583—589. https ://doi.org/10.1177/1062860618775528

Basu, J., Hanchate, A., & Koroukian, S. (2018). Multiple Chronic Conditions and Disparities in
30-Day Hospital Readmissions Among Nonelderly Adults. The Journal of Ambulatory
Care Management, 41(4), 262—-273. https://doi.org/10.1097/JAC.0000000000000246

Basu, S., Berkowitz, S. A., Phillips, R. L., Bitton, A., Landon, B. E., & Phillips, R. S. (2019).
Association of Primary Care Physician Supply With Population Mortality in the United
States, 2005-2015. JAMA internal medicine, 179(4), 506-514.
https://doi.org/10.1001/jamainternmed.2018.7624

Bernal, J. L., Cummins, S., & Gasparrini, A. (2017). Interrupted time series regression for the
evaluation of public health interventions: A tutorial. International Journal of Epidemiology,
46(1), 348-355. https://doi.org/10.1093/ije/dyw098

Bernheim, S. M., Parzynski, C. S., Horwitz, L., Lin, Z., Araas, M. J., Ross, J. S., Drye, E. E.,

Suter, L. G., Normand, S.-L. T., & Krumholz, H. M. (2016). Accounting For Patients’

142



Socioeconomic Status Does Not Change Hospital Readmission Rates. Health Affairs
(Project Hope), 35(8), 1461—1470. https://doi.org/10.1377/hlthaff.2015.0394

Boccuti, C., & Casillas, G. (2017.). Aiming for Fewer Hospital U-turns: The Medicare Hospital
Readmission Reduction Program. 12.

Braveman, P. (2014). What Are Health Disparities and Health Equity? We Need to Be Clear.
Public Health Reports, 129(Suppl 2), 5-8.

Bodenheimer T. (2022). Revitalizing Primary Care, Part 1: Root Causes of Primary Care's
Problems. Annals of family medicine, 20(5), 464—468. https://doi.org/10.1370/afm.2858

Bodenheimer, T., & Berry-Millett, R. (2009) Care Management of Patients With Complex
Health Needs. Princeton, NJ: Robert Wood Johnson Foundation.

Bodenheimer, T., Wang, M. C., Rundall, T. G., Shortell, S. M., Gillies, R. R., Oswald, N.,
Casalino, L., & Robinson, J. C. (2004). What are the facilitators and barriers in physician
organizations' use of care management processes?. Joint Commission journal on quality
and safety, 30(9), 505-514. https://doi-org.proxy-
um.researchport.umd.edu/10.1016/s1549-3741(04)30059-6

Bolin, J. N., Bellamy, G., Ferdinand, A. O., Kash, B. A., & Helduser, J. W. (2015). Rural
Healthy People 2020 Volume 1. Texas A&M Health Science Center School of Public
Health, Southwest Rural Health Research Center

Brooke, B. S., Stone, D. H., Cronenwett, J. L., Nolan, B., DeMartino, R. R., MacKenzie, T. A.,
Goodman, D. C., & Goodney, P. P. (2014). Early Primary Care Provider Follow-up and
Readmission After High-Risk Surgery. JAMA Surgery, 149(8), 821-828. https

://doi.org/10.1001/jamasurg.2014.157

143



Boult, C., Leff, B., Boyd, C. M., Wolff, J. L., Marsteller, J. A., Frick, K. D., Wegener, S., Reider,
L., Frey, K., Mroz, T. M., Karm, L., & Scharfstein, D. O. (2013). A matched-pair cluster-
randomized trial of guided care for high-risk older patients. Journal of general internal
medicine, 28(5), 612—621. https://doi-org.proxy-
um.researchport.umd.edu/10.1007/s11606-012-2287-y

Bradley, E. H., Canavan, M., Rogan, E., Talbert-Slagle, K., Ndumele, C., Taylor, L., & Curry, L.
A. (2016). Variation In Health Outcomes: The Role Of Spending On Social Services,
Public Health, And Health Care, 2000-09. Health affairs (Project Hope), 35(5), 760—768.

https://doi-org.proxy-um.researchport.umd.edu/10.1377/hlthaff.2015.0814

Brewster, A. L., Cherlin, E. J., Ndumele, C. D., Collins, D., Burgess, J. F., Charns, M. P.,
Bradley, E. H., & Curry, L. A. (2016). What Works in Readmissions Reduction: How
Hospitals Improve Performance. Medical care, 54(6), 600—607. https://doi-org.proxy-
um.researchport.umd.edu/10.1097/MLR.0000000000000530

Brown, J. D. (2009). Choosing the Right Type of Rotation in PCA and EFA. Shiken: JALT Testing
& Evaluation SIG Newsletter., 3(13), 6.

Brown, R. S., Peikes, D., Peterson, G., Schore, J., & Razafindrakoto, C. M. (2012). Six features
of Medicare coordinated care demonstration programs that cut hospital admissions of
high-risk patients. Health affairs (Project Hope), 31(6), 1156—1166. https://doi-
org.proxy-um.researchport.umd.edu/10.1377/hlthaff.2012.0393

Buhr, R. G., Jackson, N. J., Kominski, G. F., Dubinett, S. M., Mangione, C. M., & Ong, M. K.
(2020). Readmission Rates for Chronic Obstructive Pulmonary Disease Under the Hospital
Readmissions Reduction Program: An Interrupted Time Series Analysis. Journal of General

Internal Medicine, 35(12), 3581-3590. https://doi.org/10.1007/s11606-020-05958-0

144


https://doi-org.proxy-um.researchport.umd.edu/10.1377/hlthaff.2015.0814

Cabrera-Barona, P., Blaschke, T., & Gaona, G. (2018). Deprivation, Healthcare Accessibility
and Satisfaction: Geographical Context and Scale Implications. Applied Spatial Analysis
and Policy, 11(2), 313-332. https://doi.org/10.1007/s12061-017-9221-y

California Improvement Network. (2017). Complex care management program overview.
https://www.chcf.org/wpcontent/uploads/2017/12/PDF-
ComplexCareManagementOverviewsRegional.pdf.

Center for Health Care Strategies, Inc. Care management definition and framework. 2007.
Available at: https ://www.chcs.org/media/Care_Management Framework.pdf

Center for Medicare & Medicaid Innovation U.S. Department of Health & Human Services
(2013). CPC+ Payment Methodologies: Beneficiary Attribution, Care Management Fee,
Performance-based Incentive Payment, and Payment Under the Medicare Physician Fee
Schedule for Program Year 2018. https://innovation.cms.gov/files/x/cpcplus-
methodology.pdf

Chaiyachati, K. H., Qi, M., & Werner, R. M. (2018). Changes to Racial Disparities in
Readmission Rates After Medicare’s Hospital Readmissions Reduction Program Within
Safety-Net and Non—Safety-Net Hospitals. JAMA Network Open, 1(7), e184154.
https://doi.org/10.1001/jamanetworkopen.2018.4154

Chu, B. K., & O’Brien, J. G. (2013). Engaging Health Care Users: A Framework for Healthy
Individuals and Communities. Chicago: American Hospital Association, 2012 Committee
on Research. https://www.wsha.org/wp-

content/uploads/engagement AHA Engaging Health Care Users.pdf

145



CFIR Research Team-Center (n.d.). The Consolidated Framework for Implementation Research
— Technical Assistance for users of the CFIR framework. CFIR Research Team-Center
Retrieved June 3, 2022, from https ://cfirguide.org/

Claffey, T. F., Agostini, J. V., Collet, E. N., Reisman, L., & Krakauer, R. (2012). Payer-provider
collaboration in accountable care reduced use and improved quality in Maine Medicare
Advantage plan. Health affairs (Project Hope), 31(9), 2074-2083. https://doi-org.proxy-
um.researchport.umd.edu/10.1377/hlthaff.2011.1141

Coleman, E. A., Min, S., Chomiak, A., & Kramer, A. M. (2004). Posthospital Care Transitions:
Patterns, Complications, and Risk Identification. Health Services Research, 39(5), 1449—
1466. https://doi.org/10.1111/5.1475-6773.2004.00298.x

Coleman, E. A., Parry, C., Chalmers, S., & Min, S. (2006). The Care Transitions Intervention:
Results of a Randomized Controlled Trial. Archives of Internal Medicine, 166(17), 1822—
1828. https://doi.org/10.1001/archinte.166.17.1822

Cramm, J. M., & Nieboer, A. P. (2012). In the Netherlands, rich interaction among professionals
conducting disease management led to better chronic care. Health affairs (Project Hope),
31(11), 2493-2500. https://doi-org.proxy-
um.researchport.umd.edu/10.1377/hlthaff.2011.1304

Dale, S. B., Ghosh, A., Peikes, D. N., Day, T. J., Yoon, F. B., Taylor, E. F., Swankoski, K.,
O'Malley, A. S., Conway, P. H., Rajkumar, R., Press, M. J., Sessums, L., & Brown, R.
(2016). Two-Year Costs and Quality in the Comprehensive Primary Care Initiative. The
New England journal of medicine, 374(24), 2345-2356.

https://doi.org/10.1056/NEJMsa1414953

146



Damschroder, L. J., Aron, D. C., Keith, R. E., Kirsh, S. R., Alexander, J. A., & Lowery, J. C.
(2009). Fostering implementation of health services research findings into practice: A
consolidated framework for advancing implementation science. Implementation Science,
4(1), 50. https ://doi.org/10.1186/1748-5908-4-50

Devoe, D. J., Wong, B., James, M. T., Ravani, P., Oliver, M. J., Barnieh, L., Roberts, D. J.,
Pauly, R., Manns, B. J., Kappel, J., & Quinn, R. R. (2016). Patient Education and
Peritoneal Dialysis Modality Selection: A Systematic Review and Meta-analysis.
American Journal of Kidney Diseases: The Official Journal of the National Kidney
Foundation, 68(3), 422—-433. https ://doi.org/10.1053/j.ajkd.2016.02.053

Disparities Solutions Center at Massachusetts General Hospital and the National Opinion
Research Center (NORC) at the University of Chicago. (2018). Guide to Reducing
Disparities in Readmissions. Centers for Medicare & Medicaid Services Office of
Minority Health (CMS OMH). Available at: https ://www.cms.gov/About-CMS/Agency-
Information/OMH/Downloads/OMH_Readmissions Guide.pdf

Esposito, D., Stewart, K. A., & Brown, R. (2008). Evaluation of Medicare Disease Management
Programs: LifeMasters Final Report of Findings. Mathematica Policy Research.
https://www.cms.gov/files/document/esposito102008reportpdf.

Donabedian, A. (1988). The Quality of Care: How Can It Be Assessed? JAMA, 260(12), 1743—

1748. https://doi.org/10.1001/jama.1988.03410120089033

Donz¢, J., Lipsitz, S., Bates, D. W., & Schnipper, J. L. (2013). Causes and patterns of

readmissions in patients with common comorbidities: Retrospective cohort study. BMJ,

347, f7171. https://doi.org/10.1136/bmj.f7171

147



Elixhauser, A., Au, D. H., & Podulka, J. (2006). Readmissions for Chronic Obstructive
Pulmonary Disease, 2008: Statistical Brief #121. In Healthcare Cost and Utilization
Project (HCUP) Statistical Briefs. Agency for Healthcare Research and Quality (US).
http://www.ncbi.nlm.nih.gov/books/NBK 65392/

Facchinetti, G., D’Angelo, D., Piredda, M., Petitti, T., Matarese, M., Oliveti, A., & De Marinis,
M. G. (2020). Continuity of care interventions for preventing hospital readmission of
older people with chronic diseases: A meta-analysis. International Journal of Nursing

Studies, 101, 103396. https://doi.org/10.1016/.ijnurstu.2019.103396

Farrell, T. W., Tomoaia-Cotisel, A., Scammon, D. L., Brunisholz, K., Kim, J., Day, J., Gren, L.
H., Wallace, S., Gunning, K., Tabler, J., & Magill, M. K. (2015). Impact of an integrated
transition management program in primary care on hospital readmissions. Journal for
Healthcare Quality: Official Publication of the National Association for Healthcare
Quality, 37(1), 81-92. https ://doi.org/10.1097/01.JHQ.0000460119.68190.98

Fiesinger T. (2016). Patient Attribution: Why It Matters More Than Ever. Family practice
management, 23(6), 25-30.

Fraze, T. K., Fisher, E. S., Tomaino, M. R., Peck, K. A., & Meara, E. (2018). Comparison of
Populations Served in Hospital Service Areas With and Without Comprehensive Primary
Care Plus Medical Homes. JAMA network open, 1(5), e182169.

https://doi.org/10.1001/jamanetworkopen.2018.2169

Fraze, T. K., Lewis, V. A., Wood, A., Newton, H., & Colla, C. H. (2022). Configuration and
Delivery of Primary Care in Rural and Urban Settings. Journal of general internal

medicine, 37(12), 3045-3053. https://doi.org/10.1007/s11606-022-07472-x

148


https://doi.org/10.1016/j.ijnurstu.2019.103396
https://doi.org/10.1001/jamanetworkopen.2018.2169
https://doi.org/10.1007/s11606-022-07472-x

Frehn, J. L., Brewster, A. L., Shortell, S. M., & Rodriguez, H. P. (2022). Comparing health care
system and physician practice influences on social risk screening. Health Care
Management Review, 47(1). https ://doi.org/10.1097/HMR.0000000000000309

Friedberg, M. W., Safran, D. G., Coltin, K., Dresser, M., & Schneider, E. C. (2010). Paying For
Performance In Primary Care: Potential Impact On Practices And Disparities. Health
Affairs, 29(5), 926-932. https ://doi.org/10.1377/hlthaff.2009.0985

Fu, N., Singh, P., Dale, S., Orzol, S., Peikes, D., Ghosh, A., Brown, R., & Day, T. J. (2022).
Long-Term Effects of the Comprehensive Primary Care Model on Health Care Spending
and Utilization. Journal of general internal medicine, 37(7), 1713—-1721.

https://doi.org/10.1007/s11606-021-06952-w

Galiatsatos, P., Follin, A., Alghanim, F., Sherry, M., Sylvester, C., Daniel, Y., Chanmugam, A.,
Townsend, J., Saria, S., Kind, A. J., & Chen, E. (2020). The association between
neighborhood socioeconomic disadvantage and readmissions for patients hospitalized
with sepsis. Critical Care Medicine, 48(6), 808—814.
https://doi.org/10.1097/CCM.0000000000004307

Gaskin, D. J., Vazin, R., McCleary, R., & Thorpe, R. J. (2018). The Maryland Health Enterprise
Zone Initiative Reduced Hospital Cost And Utilization In Underserved Communities.
Health Affairs, 37(10), 1546—1554. https://doi.org/10.1377/hlthaff.2018.0642

Grabowski, D. C., Huckfeldt, P. J., Sood, N., Escarce, J. J., & Newhouse, J. P. (2012). Medicare
Postacute Care Payment Reforms Have Potential to Improve Efficiency, but May Need
Changes to Cut Costs. Health Affairs (Project Hope), 31(9), 1941-1950.

https://doi.org/10.1377/hlthaff.2012.0351

149


https://doi.org/10.1007/s11606-021-06952-w

Graham, K. L., Dike, O., Doctoroff, L., Jupiter, M., Vanka, A., Davis, R. B., & Marcantonio, E.
R. (2017). Preventability of early vs. Late readmissions in an academic medical center.
PLoS ONE, 12(6), e0178718. https ://doi.org/10.1371/journal.pone.0178718

Harrison, P. L., Hara, P. A., Pope, J. E., Young, M. C., & Rula, E. Y. (2011). The Impact of
Postdischarge Telephonic Follow-Up on Hospital Readmissions. Population Health
Management, 14(1), 27-32. https://doi.org/10.1089/pop.2009.0076

Hasnain-Wynia, R., Baker, D. W, Nerenz, D., Feinglass, J., Beal, A. C., Landrum, M. B., Behal,
R., & Weissman, J. S. (2007). Disparities in health care are driven by where minority
patients seek care: Examination of the hospital quality alliance measures. Archives of
Internal Medicine, 167(12), 1233—1239. https ://doi.org/10.1001/archinte.167.12.1233

Hayes S. L. & McCarthy D. (2016). Care Management Plus: Strengthening Primary Care for
Patients with Multiple Chronic Conditions, The Commonwealth Fund.

Healthy People 2020. (n.d.). Health Disparities Widget | Healthy People 2020. Retrieved
November 20, 2021, from https://www.healthypeople.gov/2020/data-search/health-
disparities-data/health-disparities-widget

Herrin, J., St Andre, J., Kenward, K., Joshi, M. S., Audet, A.-M. J., & Hines, S. C. (2015).
Community Factors and Hospital Readmission Rates. Health Services Research, 50(1),
20-39. https://doi.org/10.1111/1475-6773.12177

Higgins, T. C., O'Malley, A. S., & Keith, R. E. (2021). Exploring and Overcoming the
Challenges Primary Care Practices Face with Care Management of High-Risk Patients in
CPC+: a Mixed-Methods Study. Journal of general internal medicine, 36(10), 3008—

3014. https://doi.org/10.1007/s11606-020-06528-0

150


https://doi.org/10.1007/s11606-020-06528-0

Hochman, M., & Asch, S. M. (2017). Disruptive Models in Primary Care: Caring for High-
Needs, High-Cost Populations. Journal of General Internal Medicine, 32(4), 392-397.
https://doi.org/10.1007/s11606-016-3945-2

Hong, C. S., Siegel, A.L., & Ferris, T.G. (2014). Caring for High-Need, High-Cost Patients:
What Makes for a Successful Care Management Program? The Commonwealth Fund.
https://www.commonwealthfund.org/sites/default/files/documents/  media files public
ations_issue brief 2014 aug 1764 hong caring for high need high cost patients cc
m_ib.pdf

Hostetter, M., Klein, S., McCarthy, D., & Hayes, S. L. (2016). Guided Care: A Structured
Approach to Providing Comprehensive Primary Care for Complex Patients, The
Commonwealth Fund.

Huckfeldt, P. J., Reyes, B., Engstrom, G., Yang, Q., Diaz, S., Fahmy, S., & Ouslander, J. G.
(2019). Evaluation of a Multicomponent Care Transitions Program for High-Risk
Hospitalized Older Adults. Journal of the American Geriatrics Society, 67(12), 2634—
2642. https://doi.org/10.1111/jgs.16189

Hu, J., Gonsahn, M. D., & Nerenz, D. R. (2014). Socioeconomic Status And Readmissions:
Evidence From An Urban Teaching Hospital. Health Affairs, 33(5), 778-785.
https://doi.org/10.1377/hlthaff.2013.0816

Hu, J., Kind, A. J. H., & Nerenz, D. (2018). Area Deprivation Index Predicts Readmission Risk
at an Urban Teaching Hospital. American journal of medical quality: the official journal
of the American College of Medical Quality, 33(5), 493-501. https://doi-org.proxy-

um.researchport.umd.edu/10.1177/1062860617753063

151



Jaadi, Z. (2024). A Step-by-Step Explanation of Prinical Component Analsyis (PCA). Builtin.
https://builtin.com/data-science/step-step-explanation-principal-component-analysis

Jacobs, D. B., Schreiber, M., & Seshamani, M. (2023). The CMS Strategy to Promote Equity in
Quality and Value Programs. JAMA health forum, 4(10), e233557.
https://doi.org/10.1001/jamahealthforum.2023.3557

Jang, B. N., Youn, H. M., Lee, D. W., Joo, J. H., & Park, E.-C. (2021). Association between
community deprivation and practising health behaviours among South Korean adults: A
survey-based cross-sectional study. BMJ Open, 11(6), e047244.
https://doi.org/10.1136/bmjopen-2020-047244

Jencks, S. F., Williams, M. V., & Coleman, E. A. (2009). Rehospitalizations among Patients in
the Medicare Fee-for-Service Program. New England Journal of Medicine, 360(14),
1418-1428. https://doi.org/10.1056/NEJMsa0803563

Johnson, A. E., Zhu, J., Garrard, W., Thoma, F. W., Mulukutla, S., Kershaw, K. N., & Magnani,
J. W. (2021). Area Deprivation Index and Cardiac Readmissions: Evaluating Risk-
Prediction in an Electronic Health Record. Journal of the American Heart Association:
Cardiovascular and Cerebrovascular Disease, 10(13), €020466.
https://doi.org/10.1161/JAHA.120.020466

Joynt, K. E., Orav, E. J., & Jha, A. K. (2011a). Patient race, site of care, and 30-day readmission
rates among elderly Americans. Jama, 305(7), 675—-681.
https://doi.org/10.1001/jama.2011.123

Joynt, K. E., Orav, E. J., & Jha, A. K. (2011b). Thirty-Day Readmission Rates for Medicare
Beneficiaries by Race and Site of Care. JAMA, 305(7), 675—-681.

https://doi.org/10.1001/jama.2011.123

152



Joynt Maddox, K. E., Chen, L. M., Zuckerman, R., & Epstein, A. M. (2018). Association
Between Race, Neighborhood, and Medicaid Enrollment and Outcomes in Medicare
Home Health Care. Journal of the American Geriatrics Society, 66(2), 239-246.
https://doi.org/10.1111/jgs.15082

Joynt Maddox, K. E., Reidhead, M., Hu, J., Kind, A. J. H., Zaslavsky, A. M., Nagasako, E. M.,
& Nerenz, D. R. (2019). Adjusting for social risk factors impacts performance and
penalties in the hospital readmissions reduction program. Health Services Research,
54(2), 327-336. https ://doi.org/10.1111/1475-6773.13133

Jung, D., Kind, A., Robert, S., Buckingham, W., & DuGoff, E. (2018). Linking Neighborhood
Context and Health in Community-Dwelling Older Adults in the Medicare Advantage
Program. Journal of the American Geriatrics Society, 66(6), 1158—1164.
https://doi.org/10.1111/jgs.15366

Kaiser, H. F. (1974). An Index of Factorial Simplicity. Psychometrika 39 (1): 31-36.

Kandel, Z. K., Rittenhouse, D. R., Bibi, S., Fraze, T. K., Shortell, S. M., & Rodriguez, H. P.
(2021). The CMS State Innovation Models Initiative and Improved Health Information
Technology and Care Management Capabilities of Physician Practices. Medical Care
Research and Review : MCRR, 78(4), 350-360.
https://doi.org/10.1177/1077558719901217

Kaplan, C. M., Thompson, M. P., & Waters, T. M. (2019). How Have 30-Day Readmission
Penalties Affected Racial Disparities in Readmissions?: An Analysis from 2007 to 2014
in Five US States. Journal of General Internal Medicine, 34(6), 878—883. https

://do1.org/10.1007/s11606-019-04841-x

153



Kasper, E. K., Gerstenblith, G., Hefter, G., Van Anden, E., Brinker, J. A., Thiemann, D. R.,
Terrin, M., Forman, S., & Gottlieb, S. H. (2002). A randomized trial of the efficacy of
multidisciplinary care in heart failure outpatients at high risk of hospital readmission.
Journal of the American College of Cardiology, 39(3), 471-480.
https://doi.org/10.1016/s0735-1097(01)01761-2

Kaufman, J. D., & Dunlap, W. P. (2000). Determining the number of factors to retain: a
Windows-based FORTRAN-IMSL program for parallel analysis. Behavior research
methods, instruments, & computers : a journal of the Psychonomic Society, Inc, 32(3),
389-395. https://doi.org/10.3758/bf03200806

Khan Academy. (n.d.). Introduction to eigenvalues and eigenvectors. Linear Algebra.
https://www .khanacademy.org/math/linear-algebra/alternate-bases/eigen-
everything/v/linear-algebra-introduction-to-eigenvalues-and-
eigenvectors#:~:text=Think%2001%20it%20this%20way,or%20shrinking%20values%20
are%?20eigenvectors.

Kim, H., Ross, J. S., Melkus, G. D., Zhao, Z., & Boockvar, K. (2010). Scheduled and
Unscheduled Hospital Readmissions among Diabetes Patients. The American Journal of
Managed Care, 16(10), 760-767.

Kim, J., Pacino, V., Wang, H., Recher, A., Jain, I., Mone, V., Ma, J., Spurgin, M. J., Jeffrey, D.,
Mohring, S., & Potter, J. (2021). System Redesign: The Value of a Primary Care Liaison
Model to Address Unmet Social Needs among Older Primary Care Patients. International
Jjournal of environmental research and public health, 18(21), 11135. https://doi-

org.proxy-um.researchport.umd.edu/10.3390/ijerph182111135

154



Kim, S. J., Peterson, C. E., Warnecke, R., Barrett, R., & Glassgow, A. E. (2020). The Uneven
Distribution of Medically Underserved Areas in Chicago. Health equity, 4(1), 556-564.
https://doi.org/10.1089/heq.2020.0023

Kind, A. J., Jencks, S., Brock, J., Yu, M., Bartels, C., Ehlenbach, W., Greenberg, C., & Smith,
M. (2014). Neighborhood Socioeconomic Disadvantage and 30 Day Rehospitalizations:
An Analysis of Medicare Data. Annals of Internal Medicine, 161(11), 765-774.
https://doi.org/10.7326/M13-2946

Kind, A. J. H., & Buckingham, W. R. (2018). Making Neighborhood-Disadvantage Metrics
Accessible—The Neighborhood Atlas. New England Journal of Medicine, 378(26),

2456-2458. https://doi.org/10.1056/NEJMp1802313

Klein, S. & McCarthy, D. (2010). Genesys HealthWorks: Pursuing the Triple Aim Through a
Primary Care-Based Delivery System, Integrated Self-Management Support, and
Community Partnerships, The Commonwealth Fund.

Koehler, B. E., Richter, K. M., Youngblood, L., Cohen, B. A., Prengler, I. D., Cheng, D., &
Masica, A. L. (2009). Reduction of 30-day postdischarge hospital readmission or
emergency department (ED) visit rates in high-risk elderly medical patients through
delivery of a targeted care bundle. Journal of Hospital Medicine, 4(4), 211-218.
https://doi.org/10.1002/jhm.427

Kripalani, S., Theobald, C. N., Anctil, B., & Vasilevskis, E. E. (2014). Reducing Hospital
Readmission: Current Strategies and Future Directions. Annual Review of Medicine, 65,
471-485. https://doi.org/10.1146/annurev-med-022613-090415

Kwok, C. S., Seferovic, P. M., Van Spall, H. G., Helliwell, T., Clarson, L., Lawson, C.,

Kontopantelis, E., Patwala, A., Duckett, S., Fung, E., Mallen, C. D., & Mamas, M. A.

155


https://doi.org/10.1056/NEJMp1802313

(2019). Early Unplanned Readmissions After Admission to Hospital With Heart Failure.
The American Journal of Cardiology, 124(5), 736-745.
https://doi.org/10.1016/j.amjcard.2019.05.053

LaForge, K., Gold, R., Cottrell, E., Bunce, A. E., Proser, M., Hollombe, C., Dambrun, K.,
Cohen, D. J., & Clark, K. D. (2018). How 6 Organizations Developed Tools and
Processes for Social Determinants of Health Screening in Primary Care: An Overview.
The Journal of Ambulatory Care Management, 41(1), 2—14. https
://doi.org/10.1097/JAC.0000000000000221

Lalani, H. S., Ephraim, P. L., Apfel, A., Yeh, H.-C., Durkin, N., Andon, L., Dunbar, L., Appel,
L. J., Hill-Briggs, F., & Johns Hopkins Community Health Partnership. (2019).
Association of care management intensity with healthcare utilization in an all-condition
care management program. The American Journal of Managed Care, 25(12), €395—402.

Landon, B. E., Onnela, J.-P., Meneades, L., O’Malley, A. J., & Keating, N. L. (2021).
Assessment of Racial Disparities in Primary Care Physician Specialty Referrals. JAMA
Network Open, 4(1), €2029238. https ://doi.org/10.1001/jamanetworkopen.2020.29238

Latifi, N; Stuver, R; Skorupa, T; Fradinho, J; Brett, M; Graham, K; Rebecca, G.Timely Primary
Care Follow-up and 30 day readmission rates: a retrospective analysis from a resident-
based primary care clinic. Abstract published at Hospital Medicine 2020, Virtual
Competition. Abstract 1208 Journal of Hospital Medicine. https
://shmabstracts.org/abstract/timely-primary-care-follow-up-and-30-day-readmission-
rates-a-retrospective-analysis-from-a-resdient-based-primary-care-clinic/. June, 2nd

2022.

156



Lee, H., Shi, S. M., & Kim, D. H. (2019). Home Time as a Patient-Centered Outcome in
Administrative Claims Data. Journal of the American Geriatrics Society, 67(2), 347-351.
https://doi.org/10.1111/jgs.15705

Lee, K. K., Thomas, R. C., Tan, T. C., Leong, T. K., Steimle, A., & Go, A. S. (2020). The Heart
Failure Readmission Intervention by Variable Early Follow-up (THRIVE) Study.
Circulation: Cardiovascular Quality and Outcomes, 13(10), e006553.
https://doi.org/10.1161/CIRCOUTCOMES.120.006553

Leppert, M. H., Sillau, S., Lindrooth, R. C., Poisson, S. N., Campbell, J. D., & Simpson, J. R.
(2020). Relationship between early follow-up and readmission within 30 and 90 days
after ischemic stroke. Neurology, 94(12), e1249—e1258.
https://doi.org/10.1212/WNL.0000000000009135

Lewis, V. A., Fraze, T., Fisher, E. S., Shortell, S. M., & Colla, C. H. (2017). ACOs Serving High
Proportions Of Racial And Ethnic Minorities Lag In Quality Performance. Health affairs
(Project Hope), 36(1), 57-66. https://doi.org/10.1377/hlthaff.2016.0626

Lewis, V. A., Larson, B. K., McClurg, A. B., Boswell, R. G., & Fisher, E. S. (2012). The promise
and peril of accountable care for vulnerable populations: a framework for overcoming
obstacles. Health affairs (Project Hope), 31(8), 1777-1785.
https://doi.org/10.1377/hlthaff.2012.0490

Linden, A. (2015). Conducting Interrupted Time-series Analysis for Single- and Multiple-group
Comparisons. The Stata Journal, 15(2), 480-500.
https://doi.org/10.1177/1536867X1501500208

Liu, V. C., Mohammad, 1., Deol, B. B., Balarezo, A., Deng, L., & Garwood, C. L. (2019). Post-

discharge Medication Reconciliation: Reduction in Readmissions in a Geriatric Primary

157



Care Clinic. Journal of Aging and Health, 31(10), 1790-1805.
https://doi.org/10.1177/0898264318795571

Lloyd Sieger, M. H., & Rebbe, R. (2020). Variation in States’ Implementation of CAPTA’s
Substance-Exposed Infants Mandates: A Policy Diffusion Analysis. Child Maltreatment,
25(4), 457-467. https ://doi.org/10.1177/1077559520922313

Lum, H. D., Studenski, S. A., Degenholtz, H. B., & Hardy, S. E. (2012). Early Hospital
Readmission is a Predictor of One-Year Mortality in Community-Dwelling Older
Medicare Beneficiaries. Journal of General Internal Medicine, 27(11), 1467-1474. https
://doi.org/10.1007/s11606-012-2116-3

Lustman, A., Comaneshter, D., & Vinker, S. (2016). Interpersonal continuity of care and type
two diabetes. Primary care diabetes, 10(3), 165-170.

https://doi.org/10.1016/1.pcd.2015.10.001

Machta, R., Peterson, G., Rotter, J., Stewart, K., Heitkamp, S., Platt, I., Whicher, D., Calkins, K.,
Kranker, K., & Barterian, L. (2021). Evaluation of the Maryland Total Cost of Care
Model: Implementation Report (p. 131). Mathematica. https
://www.mathematica.org/publications/evaluation-of-the-maryland-total-cost-of-care-
model-implementation-report

Maeng, D. D., Graf, T. R., Davis, D. E., Tomcavage, J., & Bloom, F. J., Jr. (2012a). Can a
patient-centered medical home lead to better patient outcomes? The quality implications
of Geisinger's ProvenHealth Navigator. American journal of medical quality : the official
journal of the American College of Medical Quality, 27(3), 210-216. https://doi-

org.proxy-um.researchport.umd.edu/10.1177/1062860611417421

158



Maeng, D. D., Graham, J., Graf, T. R., Liberman, J. N., Dermes, N. B., Tomcavage, J., Davis, D.
E., Bloom, F. J., & Steele, G. D., Jr. (2012b). Reducing long-term cost by transforming
primary care: evidence from Geisinger's medical home model. The American journal of
managed care, 18(3), 149—155.

Markovitz, A. A., Murray, R. C., & Ryan, A. M. (2022). Comprehensive Primary Care Plus Did
Not Improve Quality Or Lower Spending For The Privately Insured. Health affairs

(Project Hope), 41(9), 1255—1262. https://doi.org/10.1377/hlthaff.2021.01982

Maryland Primary Care Program. (2020). MDPCP at a Glance Program Year 2 Snapshot — 2020.
Maryland Department of Health Maryland Primary care Program.
https://health.maryland.gov/mdpcp/Documents/2020%20MDPCP%20Snapshot.pdf

Maryland Primary Care Program. (2022). MDPCP at a Glance Program Year 4 Snapshot —2022.
Maryland Department of Health Maryland Primary care Program.
https://health.maryland.gov/mdpcp/Documents/2022%20MDPCP%20Snapshot.pdf

Masica, A. L., Koehler, B. E., Richter, K. M., Youngblood, L., Cohen, B. A., Prengler, I. D.,
Cheng, D., & Masica, A. L. (2009). Reduction of 30-day postdischarge hospital
readmission or emergency department (ED) visit rates in high-risk elderly medical
patients through delivery of a targeted care bundle&lt;link
href=&quot;#fn3&quot;/&gt;&lt;link href=&quot;#fn4&quot;/&gt; Journal of Hospital
Medicine, 4(4). https://doi.org/10.1002/jhm.427

Mays, G. P., Mamaril, C. B., & Timsina, L. R. (2016). Preventable Death Rates Fell Where
Communities Expanded Population Health Activities Through Multisector
Networks. Health affairs (Project Hope), 35(11), 2005-2013. https://doi-org.proxy-

um.researchport.umd.edu/10.1377/hlthaff.2016.0848

159


https://doi.org/10.1377/hlthaff.2021.01982

McCarthy, D., Waugh, L., & Nong, P. (2021). Living Independently with GRACE: The Geriatric
Resources for Assessment and Care of Elders Model. Commonwealth Fund.
https://doi.org/10.26099/y9s0-c314

McHugh, M. D., Carthon, J. M. B., & Kang, X. L. (2010). Medicare Readmissions Policies and
Racial and Ethnic Health Disparities: A Cautionary Tale. Policy, Politics & Nursing
Practice, 11(4), 309-316. https ://doi.org/10.1177/1527154411398490

Mclnnis, T., Strand, L.M., & Pharm, C.E.W. (2012). The Patient-Centered Medical Home:
Integrating Comprehensive Medication Management to Optimize Patient Outcomes
Resource Guide. The Patient-Centered Primary Care Collaborative (PCPCC).

https://www.pcpcc.org/sites/default/files/media/medmanagement.pdf

Mertler, C. A., Reinhart, R. V. (2017). Advanced and Multivariate Statistical Methods: Practical
Application and Interpretation, 6th Edition. Routledge.

Miake-Lye, .M., Chuang, E., Rodriguez, H.P. et al. Random or predictable?: Adoption patterns
of chronic care management practices in physician organizations. Implementation Sci 12,
106 (2017). https ://doi.org/10.1186/s13012-017-0639-z

Miller-Rosales, C., Brewster, A. L., Shortell, S. M., & Rodriguez, H. P. (2023). Multilevel
influences on patient engagement and chronic care management. The American journal
of managed care, 29(4), 196-202. https://doi.org/10.37765/ajmc.2023.89348

Moneme, A. N., Wirtalla, C. J., Roberts, S. E., Keele, L. J., & Kelz, R. R. (2023). Primary Care
Physician Follow-Up and 30-Day Readmission After Emergency General Surgery
Admissions. JAMA surgery, 158(12), 1293—-1301.

https://doi.org/10.1001/jamasurg.2023.4534

160


https://www.pcpcc.org/sites/default/files/media/medmanagement.pdf

Moore, J. Hartner, Z. (2021). Timeline: 1 year into the COVID-19 pandemic in DC, Maryland
and Virginia. Wtopnews. https://wtop.com/coronavirus/2021/03/coronavirus-timeline-
key-dates-as-the-virus-spread-in-dc-maryland-and-virginia/

Murray, F., Allen, M., Clark, C. M., Daly, C. J., & Jacobs, D. M. (2021). Socio-demographic
and -economic factors associated with 30-day readmission for conditions targeted by the
hospital readmissions reduction program: A population-based study. BMC Public Health,
21,1922 https ://doi.org/10.1186/s12889-021-11987-z

Murray, G. F., Rodriguez, H. P., & Lewis, V. A. (2020). Upstream With A Small Paddle: How
ACOs Are Working Against The Current To Meet Patients' Social Needs. Health affairs
(Project Hope), 39(2), 199-206. https://doi.org/10.1377/hlthaff.2019.01266

Nall, R. W., Herndon, B. B., Mramba, L. K., Vogel-Anderson, K., & Hagen, M. G. (2020). An
Interprofessional Primary Care-Based Transition of Care Clinic to Reduce Hospital
Readmission. The American Journal of Medicine, 133(6), €260—e268.
https://doi.org/10.1016/j.amjmed.2019.10.040

MccCall, N., Cromwell, J., Urato, C. Evaluation of Medicare Care Management for High-Cost
Beneficiaries (CMHCB) Demonstration: Massachusetts General Hospital and
Massachusetts General Physicians Organization (MGH), Final Report. RTI International
https://www.cms.gov/research-statistics-data-and-systems/statistics-trends-and-
reports/reports/downloads/mccall mgh cmhcb final 2010.pdf

MccCall, N., Cromwell, J., Urato, C., Eng, T. (2010). Evaluation of Medicare Care Management
for High Cost Beneficiaries (CMHCB) Demonstration: Care Level Management (CLM),
Final Report. RTI International.

www.cms.gov/reports/downloads/CMHCB CLM McCall 2010.pdf.

161



McCall, N., Cromwell, J., Urato, C., Smith, K. (2011). Evaluation of Medicare Care
Management for High Cost Beneficiaries (CMHCB) Demonstration: Montefiore Medical
Center’s Care Guidance Program (CGP), Revised Final Report. RTI International
https://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-
Reports/Reports/downloads/McCall MontefioreFinalReport May 2011.pdf

National Association of Community Health Centers. (2019) Value Transformation Framework
Action Guide. https://www.nachc.org/wp-content/uploads/2019/03/Risk-Stratification-
Action-Guide-Mar-2019.pdf

The National Opinion Research Center (NORC) at the University of Chicago and Disparities
Solutions Center at Massachusetts General Hospital. (2018). Guide to Reducing
Disparities in Readmissions. Centers for Medicare & Medicaid Services Office of
Minority Health (CMS OMH). Available at: www .cms. gov/About- CMS/Agency-
Information/OMH/Downloads/OMH_Readmissions Guide.pdf

Naylor, M. D., Brooten, D., Campbell, R., Jacobsen, B. S., Mezey, M. D., Pauly, M. V., &
Schwartz, J. S. (1999). Comprehensive Discharge Planning and Home Follow-up of
Hospitalized EldersA Randomized Clinical Trial. JAMA, 281(7), 613—620.
https://doi.org/10.1001/jama.281.7.613

Nelson L. (2012). Lessons from Medicare's Demonstration Projects on Disease Management and
Care Coordination: Working Paper 2012-01. Congressional Budget Office.

Noel, K., Messina, C., Hou, W., Schoenfeld, E., & Kelly, G. (2020). Tele-transitions of care
(TTOC): A 12-month, randomized controlled trial evaluating the use of Telehealth to
achieve triple aim objectives. BMC Family Practice, 21, 27.

https://doi.org/10.1186/s12875-020-1094-5

162



Ouayogodé, M. H., Mainor, A. J., Meara, E., Bynum, J. P. W., & Colla, C. H. (2019).
Association Between Care Management and Outcomes Among Patients With Complex
Needs in Medicare Accountable Care Organizations. JAMA Network Open, 2(7),
€196939. https ://doi.org/10.1001/jamanetworkopen.2019.6939

Patel, S. K., Miller, A., Chen, S., Lindsay, A., Gray, M., & Su, Y.-P. (2021). Transitional care
management visits to improve coordination of care. The American Journal of Managed
Care, 27(4), e130—e134. https://doi.org/10.37765/ajmc.2021.88622

Patient Self-Management Support Programs: An Evaluation. Content last reviewed April 2020.
Agency for Healthcare Research and Quality, Rockville, MD.
https://www.ahrq.gov/research/findings/final-reports/ptmgmt/index.html

Patil, A. (2020). Principal Component Analysis (PCA). Medium. https://medium.com/analytics-
vidhya/principal-component-analysis-pca-8a0fcba2e30c

Marjorie L. Pearson, M. L., Mattke, S., Shaw, R., Ridgely, S., Wiseman, S. H. (2020). Patient
Self-Management Support Programs: An Evaluation. Agency for Healthcare Research
and Quality, Rockville, MD. https://www.ahrq.gov/research/findings/final-
reports/ptmgmt/index.html

Peikes, D., Chen, A., Schore, J., & Brown, R. (2009). Effects of care coordination on
hospitalization, quality of care, and health care expenditures among Medicare
beneficiaries: 15 randomized trials. JAMA, 301(6), 603—618. https://doi-org.proxy-
um.researchport.umd.edu/10.1001/jama.2009.126

Peikes, D., Peterson, G., Brown, R. S., Graff, S., & Lynch, J. P. (2012). How changes in

Washington University's Medicare coordinated care demonstration pilot ultimately

163



achieved savings. Health affairs (Project Hope), 31(6), 1216—1226. https://doi-org.proxy-
um.researchport.umd.edu/10.1377/hlthaff.2011.0593

Peikes, D., Dale, S., Ghosh, A., Taylor, E. F., Swankoski, K., O’Malley, A. S., Day, T. J., Duda,
N., Singh, P., Anglin, G., Sessums, L. L., & Brown, R. S. (2018). The Comprehensive
Primary Care Initiative: Effects On Spending, Quality, Patients, And Physicians. Health
Affairs, 37(6), 890—899. https://doi.org/10.1377/hlthaff.2017.1678

Peikes, D., Taylor, E. F., O'Malley, A. S., & Rich, E. C. (2020). The Changing Landscape Of
Primary Care: Effects Of The ACA And Other Efforts Over The Past Decade. Health
affairs (Project Hope), 39(3), 421-428. https://doi.org/10.1377/hlthaff.2019.01430

Peikes, D., Swankoski, K., O’Malley, A., & Timmins, L. (2021). Independent Evaluation of the
Comprehensive Primary Care Plus (CPC+): Third Annual Report. Retrieved June 21,
2022, from https ://www.mathematica.org/publications/independent-evaluation-of-the-
comprehensive-primary-care-plus-cpc-third-annual-report

Penn State. (n.d.). Lesson 11: Principal Components Analysis (PCA). STAT 505 Applied
Multivariate Statistical Analysis. https://online.stat.psu.edu/stat505/book/export/html/670

Petersen, D. M., O'Malley, A. S., Felland, L., Peebles, V., Rittenhouse, D. R., Powell, R. E.,
Rich, E. C., Sarwar, R., Sorensen, A., Hoag, S., Finucane, M., Lipman, E., Gellar, J.,
Machta, R. M., & Keith, R. E. (2023). Reducing Acute Hospitalizations at High-
Performing CPC+ Primary Care Practice Sites: Strategies, Activities, and
Facilitators. Annals of family medicine, 21(4), 313-321. https://doi.org/10.1370/afm.2992

Powers, B. W., Chaguturu, S. K., & Ferris, T. G. (2015). Optimizing high-risk care
management. JAMA, 313(8), 795-796. https://doi-org.proxy-

um.researchport.umd.edu/10.1001/jama.2014.18171

164



Prieto-Centurion, V., Gussin, H. A., Rolle, A. J., & Krishnan, J. A. (2013). Chronic Obstructive
Pulmonary Disease Readmissions at Minority-serving Institutions. Annals of the
American Thoracic Society, 10(6), 680—684. https://doi.org/10.1513/AnnalsATS.201307-
2230T

Poole, P. J., Chase, B., Frankel, A., & Black, P. N. (2001). Case management may reduce length
of hospital stay in patients with recurrent admissions for chronic obstructive pulmonary
disease. Respirology (Carlton, Vic.), 6(1), 37—42. https://doi.org/10.1046/j.1440-
1843.2001.00294.x

Rahman, M., Gozalo, P., Tyler, D., Grabowski, D. C., Trivedi, A., & Mor, V. (2014). Dual
Eligibility, Selection of Skilled Nursing Facility, and Length of Medicare Paid Postacute
Stay. Medical Care Research and Review: MCRR, 71(4), 384—401.
https://doi.org/10.1177/1077558714533824

Rasmussen, L., Grode, L. B., Lange, J., Barat, 1., & Gregersen, M. (2021). Impact of transitional
care interventions on hospital readmissions in older medical patients: A systematic
review. BMJ Open, 11(1), €040057. https://doi.org/10.1136/bmjopen-2020-040057

Rea, H., McAuley, S., Stewart, A., Lamont, C., Roseman, P., & Didsbury, P. (2004). A chronic
disease management programme can reduce days in hospital for patients with chronic
obstructive pulmonary disease. Internal Medicine Journal, 34(11), 608—614.
https://doi.org/10.1111/j.1445-5994.2004.00672.x

Rich, M. W., Beckham, V., Wittenberg, C., Leven, C. L., Freedland, K. E., & Carney, R. M.
(1995). A multidisciplinary intervention to prevent the readmission of elderly patients
with congestive heart failure. The New England Journal of Medicine, 333(18), 1190—

1195. https://doi.org/10.1056/NEJM199511023331806

165



Rocca, H.-P. B.-L., Peden, C. J., Soong, J., Holman, P. A., Bogdanovskaya, M., & Barclay, L.
(2020). Reasons for readmission after hospital discharge in patients with chronic
diseases—Information from an international dataset. PLOS ONE, 15(6), €0233457.
https://doi.org/10.1371/journal.pone.0233457

Rodriguez, H. P., Fulton, B. D., & Phillips, A. Z. (2020). The Early Impact of the CMS State
Innovation Models Initiative on 30-Day Hospital Readmissions among Adults with
Diabetes. Medical Care, 58(Suppl 6 1), S22-S30. https
://doi.org/10.1097/MLR.0000000000001276

Rodriguez, H. P., McClellan, S. R., Bibi, S., Casalino, L. P., Ramsay, P. P., & Shortell, S. M.
(2016). Increased Use of Care Management Processes and Expanded Health Information
Technology Functions by Practice Ownership and Medicaid Revenue. Medical care
research and review : MCRR, 73(3), 308-328.
https://doi.org/10.1177/1077558715613233

Rodriguez-Gutierrez, R., Herrin, J., Lipska, K. J., Montori, V. M., Shah, N. D., & McCoy, R. G.
(2019). Racial and Ethnic Differences in 30-Day Hospital Readmissions Among US
Adults With Diabetes. JAMA Network Open, 2(10), €1913249.
https://doi.org/10.1001/jamanetworkopen.2019.13249

Rubin R. (2018). How Value-Based Medicare Payments Exacerbate Health Care
Disparities. JAMA, 319(10), 968—970. https://doi.org/10.1001/jama.2018.0240

Rubio, K., Fraze, T. K., Bibi, S., & Rodriguez, H. P. (2023). Racial-Ethnic Composition of
Primary Care Practices and Comprehensive Primary Care Plus Initiative
Participation. Journal of general internal medicine, 38(13), 2945-2952.

https://doi.org/10.1007/s11606-023-08160-0

166



Rural Health Information Hub. (2024). Healthcare Access in Rural Communities Overview.
Rural Health Information. https://www.ruralhealthinfo.org/topics/healthcare-access

Russo, A. N., Sathiyamoorthy, G., Lau, C., Saygin, D., Xiaozhen Han, Xiao-Feng Wang, Rice,
R., Aboussouan, L. S., Stoller, J. K., & Hatipoglu, U. (2017). Impact of a Post-Discharge
Integrated Disease Management Program on COPD Hospital Readmissions. Respiratory
Care, 62(11), 1396-1402. https://doi.org/10.4187/respcare.05547

Ryvicker, M. (2018). A Conceptual Framework for Examining Healthcare Access and
Navigation: A Behavioral-Ecological Perspective. Social Theory & Health: STH, 16(3),
224-240. https://doi.org/10.1057/s41285-017-0053-2

Sajana K. Patel, M. P. H., Andrew Miller, M. D., Sue Chen, M. S., Andrew Lindsay, M. P. H.,
Melody Gray, B. S. N., & Ya-Ping Su, P. (2021). Transitional Care Management Visits to
Improve Coordination of Care. The American Journal of Managed Care, 27(04). http
://[www.ajmc.com/view/transitional-care-management-visits-to-improve-coordination-of-
care

Sartorius. (2020). What Is Principal Component Analysis (PCA) and How It Is Used? Sartorius.
https://www.sartorius.com/en/knowledge/science-snippets/what-is-principal-component-
analysis-pca-and-how-it-is-used-507186

Schamess, A., Foraker, R., Kretovics, M., Barnes, K., Beatty, S., Bose-Brill, S., & Tayal, N.
(2017). Reduced emergency room and hospital utilization in persons with multiple
chronic conditions and disability receiving home-based primary care. Disability and
Health Journal, 10(2), 326-333. https ://doi.org/10.1016/j.dhjo.2016.10.004

Schrader, D., Haft, H., Perman, C., Sowinski-Rice, A., Anand, R., Gruber ,E., Morrison, C.,

Hope, K., Grisham, R. (2021). The 2021 Maryland Primary Care Program (MDPCP)

167


https://www.ruralhealthinfo.org/topics/healthcare-access

Annual Report. The Maryland Department of Health.
https://health.maryland.gov/mdpcp/Documents/2021%20Annual%20Report.pdf

Seshamani, M., Jacobs, D., Moody-Williams, J., & Fleisher, L. (2023). Addressing Rural Health
Inequities in Medicare. CMS Blog. https://www.cms.gov/blog/addressing-rural-health-
inequities-medicare

Shaver J. (2022). The State of Telehealth Before and After the COVID-19 Pandemic. Primary
care, 49(4), 517-530. https://doi.org/10.1016/j.pop.2022.04.002Murtaugh, C. M., Deb,
P., Zhu, C., Peng, T. R., Barrdn, Y., Shah, S., Moore, S. M., Bowles, K. H., Kalman, J.,
Feldman, P. H., & Siu, A. L. (2017). Reducing Readmissions among Heart Failure
Patients Discharged to Home Health Care: Effectiveness of Early and Intensive Nursing
Services and Early Physician Follow-Up. Health services research, 52(4), 1445-1472.
https://doi-org.proxy-um.researchport.umd.edu/10.1111/1475-6773.12537

Singh, P., Fu, N., Dale, S., Orzol, S., Laird, J., Markovitz, A., Shin, E., O'Malley, A. S., McCall,
N., & Day, T. J. (2024). The Comprehensive Primary Care Plus Model and Health Care
Spending, Service Use, and Quality. JAMA, 331(2), 132—146.
https://doi.org/10.1001/jama.2023.24712

Singh, P., Orzol, S., Peikes, D., Oh, E. G., & Dale, S. (2020). Participation in the Comprehensive
Primary Care Plus Initiative. Annals of family medicine, 18(4), 309-317.
https://doi.org/10.1370/afm.2544

Sinha, S., Seirup, J., & Carmel, A. (2017). Early primary care follow-up after ED and hospital
discharge—Does it affect readmissions? Hospital Practice (1995), 45(2), 51-57.

https://doi.org/10.1080/21548331.2017.1283935

168


https://www.cms.gov/blog/addressing-rural-health-inequities-medicare
https://www.cms.gov/blog/addressing-rural-health-inequities-medicare

Spivack, S. B., DeWalt, D., Oberlander, J., Trogdon, J., Shah, N., Meara, E., Weinberger, M.,
Reiter, K., Agravat, D., Colla, C., & Lewis, V. (2021). The Association of Readmission
Reduction Activities with Primary Care Practice Readmission Rates. Journal of General
Internal Medicine. https ://doi.org/10.1007/s11606-021-07005-y

Swankoski, K. (2022). Independent Evaluation of Comprehensive Primary Care Plus (CPC+)
Fourth Annual Report. Mathematica. https://innovation.cms.gov/data-and-
reports/2022/cpc-plus-fourth-annual-eval-report

Szanton, S. L., Thorpe, R. J., Boyd, C., Tanner, E. K., Leff, B., Agree, E., Xue, Q. L., Allen, J.
K., Seplaki, C. L., Weiss, C. O., Guralnik, J. M., & Gitlin, L. N. (2011). Community
aging in place, advancing better living for elders: a bio-behavioral-environmental
intervention to improve function and health-related quality of life in disabled older
adults. Journal of the American Geriatrics Society, 59(12), 2314-2320. https://doi-
org.proxy-um.researchport.umd.edu/10.1111/j.1532-5415.2011.03698.x

Tabachnick, B. G., & Fidell, L. S. (2001). Using multivariate statistics (4th ed.). New York:
HarperCollins College Publisher.

Tak, H. J., Chen, L.-W., Wilson, F. A., Goldsweig, A. M., Oleynikov, D., Hawking, M., & Shih,
Y.-C. T. (2019). Post-Discharge Services for Different Diagnoses Than Index
Hospitalization Predict Decreased 30-Day Readmissions Among Medicare Beneficiaries.
Journal of General Internal Medicine, 34(9), 1766—1774. https
://doi.org/10.1007/s11606-019-05115-2

Tak, H. J., Goldsweig, A. M., Wilson, F. A., Schram, A. W., Saunders, M. R., Hawking, M.,

Gupta, T., Yuan, C., & Chen, L.-W. (2021). Association of Post-discharge Service Types

169



and Timing with 30-Day Readmissions, Length of Stay, and Costs. Journal of General
Internal Medicine, 36(8), 2197-2204. https ://doi.org/10.1007/s11606-021-06708-6

Takahashi, P. Y., Naessens, J. M., Peterson, S. M., Rahman, P. A., Shah, N. D., Finnie, D. M.,
Weymiller, A. J., Thorsteinsdottir, B., & Hanson, G. J. (2016). Short-term and long-term
effectiveness of a post-hospital care transitions program in an older, medically complex
population. Healthcare, 4(1), 30-35. https://doi.org/10.1016/j.hjdsi.2015.06.006

Terman, S. W., Reeves, M. J., Skolarus, L. E., & Burke, J. F. (2018). Association Between Early
Outpatient Visits and Readmissions After Ischemic Stroke. Circulation. Cardiovascular
Quality and Outcomes, 11(4), €004024. https
://doi.org/10.1161/CIRCOUTCOMES.117.004024

Toth, M., Holmes, M., Van Houtven, C., Toles, M., Weinberger, M., & Silberman, P. (2017).
Rural-Urban Differences in the Effect of Follow-Up Care on Postdischarge Outcomes.
Health Services Research, 52(4), 1473—1493. https ://doi.org/10.1111/1475-6773.12543

Transforming Clinical Practice Initiative. (n.d.). Managing Referrals — Providing a Patient-
Centered Referral Experience. Centers for Medicare & Medicaid Services.
https://innovation.cms.gov/files/x/tcpi-changepkgmod-referrals.pdf

Tsai, T. C., Orav, E. J., & Joynt, K. E. (2014). Disparities in Surgical 30-Day Readmission Rates
for Medicare Beneficiaries by Race and Site of Care. Annals of Surgery, 259(6), 1086—
1090. https://doi.org/10.1097/SLA.0000000000000326

UCLA: Statistical Consulting Group. (n.d.). Principal Components Analysis | SPSS Annotated
Output. Retrieved September 10, 2022, from https

://stats.oarc.ucla.edu/spss/output/principal components/

170



Valaitis, R., Cleghorn, L., Ploeg, J., Risdon, C., Mangin, D., Dolovich, L., Agarwal, G., Oliver,
D., Gaber, J., & Chung, H. (2020). Disconnected relationships between primary care and
community-based health and social services and system navigation for older adults: a
qualitative descriptive study. BMC family practice, 21(1), 69. https://doi-org.proxy-
um.researchport.umd.edu/10.1186/s12875-020-01143-8

Wagner, A. K., Soumerai, S. B., Zhang, F., & Ross-Degnan, D. (2002). Segmented regression
analysis of interrupted time series studies in medication use research. Journal of Clinical
Pharmacy and Therapeutics, 27(4), 299-3009. https ://doi.org/10.1046/j.1365-
2710.2002.00430.x

Warren, C., Lemieux, A. A., & Phoenix Bittner, N. (2019). Excellence in Population Health: A
Successful Community-Based Care Transitions Program Model. Professional Case
Management, 24(1), 39—-45. https://doi.org/10.1097/NCM.0000000000000303

Weisstein, E. W. (n.d.). Bonferroni Correction. Wolfram Research, Inc. Retrieved September 15,
2022, from https ://mathworld.wolfram.com/BonferroniCorrection.html

White, K., Haas, J. S., & Williams, D. R. (2012). Elucidating the Role of Place in Health Care
Disparities: The Example of Racial/Ethnic Residential Segregation. Health Services
Research, 47(3 Pt 2), 1278—1299. https ://doi.org/10.1111/j.1475-6773.2012.01410.

Yancy, C. W., Abraham, W. T., Albert, N. M., Clare, R., Stough, W. G., Gheorghiade, M.,
Greenberg, B. H., O’Connor, C. M., She, L., Sun, J. L., Young, J. B., & Fonarow, G. C.
(2008). Quality of care of and outcomes for African Americans hospitalized with heart
failure: Findings from the OPTIMIZE-HF (Organized Program to Initiate Lifesaving
Treatment in Hospitalized Patients With Heart Failure) registry. Journal of the American

College of Cardiology, 51(17), 1675-1684. https://doi.org/10.1016/j.jacc.2008.01.028

171


https://doi.org/10.1016/j.jacc.2008.01.028

Yang, J.,Teng, Y., & Chen, Y. (2020). Principal Component Analysis. Computer Science,
University of Illinois Urbana-Champaign.

https://courses.engr.illinois.edu/cs357/fa2023/notes/ref-18-pca.html

Yasaitis, L. C., Pajerowski, W., Polsky, D., & Werner, R. M. (2016). Physicians' Participation In
ACOs Is Lower In Places With Vulnerable Populations Than In More Affluent
Communities. Health affairs (Project Hope), 35(8), 1382—1390.
https://doi.org/10.1377/hlthaff.2015.1635

Zuckerman, R. B., Sheingold, S. H., Orav, E. J., Ruhter, J., & Epstein, A. M. (2016).
Readmissions, Observation, and the Hospital Readmissions Reduction Program. New
England Journal of Medicine, 374(16), 1543—1551.
https://doi.org/10.1056/NEJMsal513024

Zurovac, J., Peterson, G. G., Stewart, K. A., Kranker, K., Wells, K., Gilman, B., Blue, L., Day,
T., Hoag, S., & Moreno, L. (2019). Effects of a Behavioral Health and Chronic Illness
Care Intervention on Patient Outcomes in Primary Care Practices in the Dakotas. Journal
of Health Care for the Poor and Underserved, 30(2), 702—-720.

https://doi.org/10.1353/hpu.2019.0051

172


https://courses.engr.illinois.edu/cs357/fa2023/notes/ref-18-pca.html

