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Chapter 1: Introduction

The National Diabetes Prevention Program (NDPP), an evidence-based lifestyle change
program, has been shown to be more effective in delaying the onset of diabetes compared to the
medication metformin for individuals with prediabetes or at risk for developing diabetes.>? Since
the program’s inception in 2010, substantial investments in training, program standardization,
and coverage for NDPP have been made to increase the capacity to deliver NDPP across states,*
7 yet program participation and retention remains low. Individuals with diabetes are at an
increased risk of developing comorbidities such as hypertension and kidney failure, certain
cancers and experience higher medical costs.2 NDPP is a key population health strategy for
diabetes prevention.

Most of the evidence on NDPP has focused on patient outcomes,®*! cost,>1" and
organizational challenges!®-2* related to access such as training, recruitment, retention, and health
care provider engagement and referrals. Effective engagement in NDPP requires a substantial
time commitment and resources from participants to remain engaged. Transportation has been
identified as a barrier to NDPP access,? but has not been well established in the literature. Long
travel times have been linked to poor glycemic control?® and reduced use of medication therapy?’
for individuals with diabetes. However, the association between travel time and access to NDPP
has not been well studied.

Neighborhood socioeconomic disadvantage has been used to describe areas challenged
by limited economic, human capital, or material resources,?®?° and is associated with lacking a
usual source of care, limited access to preventative health screenings,?® higher rates of
comorbidities,®® and progression from prediabetes to diabetes.®! Although limited, some research

has shown that NDPPs are rarely located in areas that are socioeconomically disadvantaged.®?33
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This creates disparities in access to a widely promoted diabetes prevention intervention, which
likely to disproportionately impact minoritized racial and ethnic groups who often live in under
resourced communities.®* Therefore, it is critical to establish the extent to which neighborhood
socioeconomic disadvantage contributes to access to the NDPP.

To my knowledge, this research will be the first to explore the relationship between
neighborhood socioeconomic conditions and NDPP access and utilization. The objective of this
research is to understand how neighborhood socioeconomic conditions affect access to NDPP by
examining the geographic proximity of primary care practices and patients with prediabetes to
the nearest NDPP and utilization of diabetes prevention interventions (i.e., NDPP and
metformin). The State of Maryland has been chosen to explore these relationships due to its
primary care transformation work®® and extensive investments in diabetes prevention and NDPP
which has spurred a myriad of cross-sector partnerships to support NDPP delivery.®¢-38 Primary
care providers play a critical role in making referrals to community-based NDPPs,?*% however
their referral patterns may be influenced by factors such as geographic proximity to referral
sites,*%-%2 which could impact NDPP participation.*3
To explore how neighborhood socioeconomic characteristics may contribute to inequitable

access to NDPP the following aims will be pursued:

1. Examine the relationship between neighborhood socioeconomic disadvantage and
potential access to the NDPP using primary care providers geographic proximity to the
nearest NDPP site (in Maryland).

2. Examine the relationship between neighborhood socioeconomic disadvantage and
potential access to the NDPP based on geographic proximity of individuals with
prediabetes to the nearest NDPP site (in Maryland).



3. Examine the relationship between neighborhood socioeconomic disadvantage and
utilization of diabetes prevention interventions such as NDPP, metformin, or both among
individuals with prediabetes (in Maryland).



Chapter 2: Literature Synthesis

The National Diabetes Prevention Program (NDPP) has been widely promoted as an
evidence-based intervention to prevent the onset of diabetes. After the landmark randomized
clinical trials demonstrated a lifestyle modification intervention was more effective in delaying
and preventing the onset of diabetes compared to traditional pharmacotherapies (i.e. metformin)
for 10 or more years®2 federal and state initiatives focused on building the program infrastructure
to implement lifestyle change programs. In 2010, the Prevention and Public Health Fund,
financed by the Affordable Care and Patient Protections Act, established the NDPP within the
Center for Disease Control and Prevention (CDC), which developed the curriculum and training
for local NDPP sites. Two years later the CDC established the Diabetes Prevention Recognition
Program (DPRP) to set and oversee national standards for the curriculum, delivery and program
recognition of local NDPPs.* NDPP has been endorsed by the US Preventative Services Task
Force, which gave a “B” recommendation for the use of lifestyle change programs such as
NDPPs to prevent type 2 diabetes.® In addition CDC has collaborated with professional
organizations such as the American Medical Association (AMA) to increase awareness of the
benefits of NDPP, while public and private payers have helped promote the program as a first

line evidence-based intervention to manage prediabetes and prevent the onset of diabetes.*

Diabetes Burden & Prediabetes

The diagnostic criteria for type 2 diabetes is defined as having a hemoglobin A1C equal
to or greater than 6.5%, while an A1C of 5.7-6.4% is defined as prediabetes.** According to
recent estimates 37.3 million adults in the U.S. have diabetes, while more than twice as a many

adults are estimated to have prediabetes (96 million) have prediabetes.? Individuals with diabetes



area at an increased risk for developing co-morbidities such as renal failure and cardiovascular
disease.*® These comorbidities are associated with higher health care cost related to increased

hospitalizations and disease management.*®

The National Diabetes Prevention Program

NDPP is a lifestyle change program designed for non-pregnant adults with a body mass
index > 25kg/m?, positive screening for prediabetes or clinical diagnostic markers for prediabetes
(e.g., fasting glucose of 100 to 125 mg/dl or hemoglobin A1C of 5.7% to 6.4%), with the goal of
losing 5-7% of baseline body weight and completing 150 minutes of physical activity per
week.*” This lifestyle change program was also designed to be delivered in a group setting to
provide participants with social support. Prior to the NDPP being established a partnership
between UnitedHealth Group and YMCA of USA (2010-2011), which spanned 46 communities
and 23 states, helped develop what would come to be known as the NDPP. This partnership
implemented as a group-based model of lifestyle change programming with 16 core sessions
spanning 12-months, and was designed to be delivered in community settings in collaboration
with health care organizations.” This early partnership between UnitedHealth Group and the
YMCA of USA demonstrated program scalability and retained about 73% of the 2369
participants for nine or more core sessions, which helped to inform NDPP standards.” According
to the CDC DPRP standards should be delivered over 12 months and includes weekly in-person
meetings for the first 6-months (with a minimum of 16 sessions required) followed by monthly
sessions during the last 6-months. NDPP sites that deliver the program as outlined by DPRP are

eligible to reach one of three tiers, Preliminary, Pending, or Full recognition status.*’

Meeting reporting requirements defined by the DPRP is an essential aspect of ensuring
NDPP sites maintain standards for recognition. Reporting requirements generally include the
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submission of weight and physical activity data for participants in each programs cohort every 6-
months*® Although individuals who do not have a diagnosis of prediabetes or positive screening
for prediabetes may participate in the program, NDPP sites received the most benefits from
reporting if their cohorts are predominately made up of individuals with a diagnosis of
prediabetes or positive screening for prediabetes. The DPRP designations of preliminary or fully
recognized position NDPP sites to benefit from being a preferred provider for the Medicare
Diabetes Prevention Program, which was established in 2017 as a covered benefit for Medicare
beneficiaries.*” However, reaching preliminary or full recognition status can take programs a

minimum of 18 to 36 months.*’

Program Outcomes

Several large-scale demonstrations and translational studies also provided evidence to
support the efficacy of NDPP, particularly in community-based settings. The YMCA-USA
Medicare Demonstration (2013-2015) showed desirable patient outcomes, with NDPP
participants having fewer inpatient and emergency department visits per 1,000 participants per
quarter,'® while the CMS Medicaid MCO Demonstration Project (2016-2019) showed on
average DPP participant weight loss of 4.5% of their body weight.*® In terms of costs, evidence
has demonstrated both NDPP and metformin (a medication for diabetes prevention and
management) have been found to be cost effective and cost saving over a 10-year period
respectively.’® Translational studies have shown that costs associated with NDPP start-up,
delivery, and maintenance varies. For example, the CMS Medicaid Demonstration Project
leveraged Managed Care Organizations (MCOs) and Coordinated Care Organizations to
implement NDPP for their Medicaid beneficiaries in Maryland and Oregon and found that direct

($205,962) and indirect ($44,888) startup costs averaged $250,850.*° This demonstration also



found that cost per enrolled patient varied based on whether the DPP site was new ($1,704),
established ($1,529), or delivered online ($556).%° While some studies have shown that
metformin use can be cost-saving, evidence-based lifestyle change programs are still more cost-
effective long term.>® However, the American Diabetes Association recommends the use of
metformin for individuals with prediabetes who are high risk due to history of gestational
diabetes, body mass index >35 or have not had desirable outcomes with lifestyle change
interventions, it is not FDA approved to treat prediabetes.>! These cost outcomes associated with
large scale demonstrations have also driven states, payers, and health care systems to increase

NDPP capacity and delivery with the goal of long-term cost savings from delayed diabetes onset.

Barriers to the National Diabetes Prevention Program

Despite the infrastructure in place to establish program sites, standardize programming,
and increase the number of sites, challenges in recruitment and retention of eligible participants
in NDPP remains some of the many barriers to implementation. Several state funded initiatives
have reported challenges with recruiting eligible patients which has often resulted in low
enrollment and retention, across multiple types of settings including community-based and
employer-based NDPPs.>? While DPP retention rates have varied nationally, they are relatively
low. National estimates from the CDCs DPRP from 2012 through 2017 showed that of the
41,203 in-person participants during this period, about 63% were retained through week 18 when
many transition to monthly sessions, and 32% were retained at week 44.1® When considering the
number of eligible participants across nationally, these participation and retention estimates are

very low.



NDPP as a Population Health Strategy for Diabetes Prevention

NDPP is well designed to incorporate population health approaches to reduce the burden
of diabetes and achieve the goals of the triple aim by improving health care quality, health
outcomes and reducing costs.!® Within the context of CDC’s 3 buckets of prevention framework
(see Figure 1), NDPP promotes innovative clinical prevention by facilitating collaboration
between the health care and public health sectors to create clinical-community linkages that
provide preventive services outside of traditional clinical settings.>® NDPP providers are not
required to be licensed clinicians, instead they are required to be trained Lifestyle Coaches to
deliver the program and can be non-clinicians such as individuals from faith-based or
community-based organizations.*” Although NDPP has been delivered in a variety of settings

such as health systems, clinics, and pharmacies, it has been widely promoted as an ideal program

The 3 Buckets of Prevention

Traditional Clinical Innovative Clinical Community-Wide
Prevention Prevention Prevention

Increase the use of Provide services that /mPlcmenr
clinicol preventive extend care outside interventions thot reach
services the clinicol setting whole populations

Health Care - Public Health

Fiaure 2.1 Centers for Disease Control and Prevention Three Buckets of Prevention

for community-based organizations (CBOs) and settings to deliver. The relaxed criteria
for NDPP provider eligibility helps to expand the NDPP capacity in terms of provider types.

States that implement policies and guidance that prioritizes and promotes the use of NDPP can



integrate this program into their population health strategies to reduce the burden of diabetes. To
date there are 35 states that have a Diabetes Action Plan,>* and 22 cover NDPP through their
state Medicaid agency to some degree.> Still, a concertize effort is needed to ensure NDPP is
promoted by health care providers as a diabetes prevention intervention, and to ensure NDPP
sites have adequate administrative support, resources, and infrastructure necessary to deliver the

program and meet reporting requirements.

Prediabetes Screening & Referrals

A large part of the strategy to increase NDPP access and availability has focused on
educating health care providers and developing resources to support referrals to the program.
National partnerships between the CDC and AMA helped developed an online learning platform
entitled, Prevent Diabetes STAT-Screen, Test, and Act Today™, which is intended to target
health care professionals and provide resources on how to identify, refer, and enroll patients into
NDPPs.%® In 2019, only 19% of individuals with prediabetes were aware of their diagnosis.®’
This reinforces the need to engage health care providers in screening for prediabetes to ensure
early interventions to prevent the development of diabetes among individuals who may be
unaware of their prediabetes status. A national survey of primary care providers revealed that
only 27% of them screened patients for prediabetes and were more likely to refer patients to
NDPP if they were aware of NDPP and the AMA Prevent Diabetes STAT resource.? Public
payers have also been invested in incentivizing health care providers to screen, diagnose, and
refer patients. In addition, national demonstrations and policies, including the establishment of
the Medicare Diabetes Prevention Program in 2018 and Medicaid NDPP Demonstrations
projects in Oregon and Maryland from 2016 to 2019 helped to expand coverage for NDPP to

incentivize the utilization of this evidence-based program and expand access to the program.>®



Primary care providers (PCPs) are well positioned to increase referrals to NDPP sites in
community-based settings since they still serve as gatekeepers for many patients, particularly for
referrals to specialist. While evidence suggest that health care providers are better with screening
or testing patients for prediabetes, rather than referring patients to NDPP 2 they have also been
show to influence patient engagement. Early research on NDPP found program sites that
received referrals from healthcare providers or health systems had higher attendance and
retention long-term.?* Integrated health systems that established partnerships with local YMCASs
have found that using patient’s provider information in patient recruitment letters and follow-up
calls have been effective in improving program retention.® Although some strategies to recruit
eligible participants used large advertising and awareness campaigns, these have not been as
effective as referrals from health care providers.?* National estimates have shown that health care
provider referrals to NDPP are about 4%, which is extremely low considering the prevalence of

prediabetes in the population.*8

Community-Clinical Linkages

Health system and NDPP demonstration projects have emphasized the need for
community-based program sites to establish partnerships with health care systems, practices, and
providers, that can drive patient recruitment and referrals to local NDPP sites. However, heath
care systems and practices may be hesitant to establish partnerships with community partners
due to concerns regarding program quality, and capacity to deliver the program. Evidence from
health system-community partnerships have shown that organizations delivering NDPP
experienced delays in program start dates for patients which reduce the likelihood of patient

enrolment and attendance.>®
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Some health systems also created preferred partnerships with community-based
organizations and developed mechanisms to deliver the program within the health system.
Evidence from an integrated health system that partnered with YMCA found they were better
positioned to negotiate higher reimbursement for patients based on risk adjustment, improved
tracking of DPP participation, and were able to use internal billing and electronic health record
referrals from providers when they offered NDPP onsite.>® However, for the health system this
resulted in a limited return on investment and high upfront costs for a small number of eligible
patients. This makes it difficult to justify delivering NDPP within a health care system rather
than a community-based setting. Though there may be some challenges in cross-sector
partnership development, delivering NDPP in community-based settings has been shown to be
effective for program outcomes, specifically maintaining weight loss and routine physical

activity.” 246061

Maryland Innovation

The state of Maryland has been invested in using NDPP as a population health strategy
for diabetes prevention since their participation in the 2016 Medicaid Demonstration,*® where
they created NDPP networks and multi-sector partnerships between MCOs and NDPPs.. In
Maryland, it is estimated that 1.6 million adults (34%) have prediabetes.®® Maryland was also
able to leverage the findings from their Medicaid CMMI demonstration to secure NDPP
coverage for one of the largest Medicaid managed care organizations in the state, Health Choice,
by extend their efforts through a Medicaid 1115 waiver in 2019.3 Maryland has also integrated
diabetes prevention in broader statewide health care initiatives by investing in primary care, with

the Maryland Primary Care Program, which is intended to reduce Medicare’s total cost of care,
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improve health care quality by reducing avoidable hospitalizations, and includes a focus on

diabetes prevention strategies such as NDPP.®

Gaps in the Literature

Barriers to NDPP access and utilization have focused largely on programmatic barriers.
However, less focus has been given to how neighborhood socioeconomic conditions and
environmental context such as travel time may be associated with access to NDPP.
Transportation has been frequently noted as a barrier to NDPP access and utilization but
evidence is scarce, with some studies showing shorter driving time to NDPPs encourages
program participation.®? Geographic proximity to sites that receive referrals has been identified
in the literature as a facilitator for health care provider referrals**® and cross-sector
partnerships.*®42 There has also been evidence that shows neighborhood socioeconomic
conditions can contribute to how accessible health care resources are to referring providers,

specifically in areas with higher levels of uninsured patients.%*

Neighborhood socioeconomic conditions have also been associated with limited
availability of health care resources.?® Several studies that used geographical information
systems approaches nationally and within specific states found NDPP sites were often not
located in counties with high rates of diabetes. In addition, counties higher proportions of low
household income or unemployment have been found to be associated with less available
NDPPs.323385 Social drivers of health care such as low educational attainment and income have

also been associated with the development of diabetes.®!
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Conceptual Framework

Access is multidimensional and has been described by Penchansky and Thomas using

five dimensions, which include: availability (e.g.,. number of physician supply), accessibility

(e.g.,. relationship between location of supply and location of clients/patients-travel time,

distance costs), adequacy, affordability, and acceptability (of care by patients).%® %" This research

focuses primarily on the accessibility of NDPPs in relation to PC practice locations and patient

residence by examining the proximity of nearest NPP as measured by travel time. Potential

access is defined as the presence of enabling resources which increase the likelihood of health

care use, while realized access described the utilization of health care services.88°

Outcomes

e o8 gilg Health
Contextual Characteristics Individual Characteristics &
Behaviors
Predisposing — Enabling —— Need Predisposing — Enabling — Need Personal health
Aim 1 practices
Demographic Health policy Environmental | Demographic Financing Perceived I
Aim 2
— e Process of >
Social Financing Population Social Organization Evaluated medical care
health indices l
Belicls Organization Beliefs Use of
[ personal
- health services
Aim 3 |

A

Perceived
health

Evaluated
health

Consumer
satisfaction

Fiaure 2.2 Andersen’s Behavioral Model of Health Services Use and Research Aims
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This research is informed by the 6" iteration of the Andersen’s Behavioral Model of
Health Services Use which recognizes the role of contextual characteristics that describe the
communities or neighborhoods where health services are used, and include demographics (i.e.,
age, gender), social characteristics (i.e., education level racial and ethnic composition) and
beliefs (i.e., political perspectives regarding how health services should be organized).%® Aim 1
will examine contextual characteristics, specifically the relationship between predisposing social
characteristics (i.e., neighborhood socioeconomic disadvantage) and potential access as

measured by enabling variables (i.e., organization-travel time to the nearest NDPP). Aim 2

examines predisposing contextual factors (social characteristics-neighborhood
socioeconomic disadvantage) and individual enabling characteristics (i.e., organization-travel
time to the nearest NDPP). Finally, Aim 3 investigates the relationship between predisposing
contextual characteristics (i.e., social characteristics- neighborhood socioeconomic disadvantage)

and health behaviors (i.e., use of NDPP).
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Chapter 3: Neighborhood Socioeconomic Characteristics of Provider
Practices and Potential Access to the National Diabetes Prevention
Program: A Maryland Perspective

Abstract

Background: Establishing clinical-community linkages between primary care providers (PCPs)
and the National Diabetes Prevention Program (NDPP) sites is a population health strategy being
used across various states to reduce the incidence of diabetes. PCPs are an essential referral
source for NDPPs, which targets adults with prediabetes or at risk for developing type 2 diabetes.
While geographic proximity to referral recipients has been shown to facilitate provider referrals,
an adequate supply of referral recipients is also needed to support provider referrals. However,
neighborhoods with higher levels of socioeconomic disadvantage have a limited supply of
NDPPs.

Purpose: The purpose of this study is to examine the relationship between neighborhood
socioeconomic disadvantage of primary care practice locations and geographic proximity to
NDPP sites and using travel time to the nearest NDPP from primary care practices.

Methods: Data from the 2019 Maryland Medical Care Data Base Active Providers Directory
were used to identify primary care practice locations and was linked to social deprivation index
(SDI) 2015 data and population level characteristics. Google Maps Platform and Google
Distance Matrix Application Programming Interface were used to calculate travel time estimates
from primary care practices to the nearest NDPP site. Adjusted log-linear regression models
were fitted to predict the log transformation of travel time using SDI quintiles (from least to most
disadvantaged). The log transformation of travel time in minutes for driving and public
transportation modes were estimated and population estimates for race and ethnicity, obesity and

rurality were controlled for. We also performed stratified analyses that compared PC practices in
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areas with the percentage of Non-Hispanic Black populations greater than 45% to those with
Non-Hispanic Black populations less than 45%, and counties with higher concentrations of PC
practices to those with a lower concentration of PC practices.

Results: Primary care practices located in areas with SDI scores in the 5™ quintile (most
disadvantaged) had significantly shorter drive times (by 51%) to the nearest NDPP compared to
PC practices located in areas with SDI scores in the 1% quintile (least disadvantaged). For
primary care practices in areas with SDI scores in the 51" quintile, public transportation travel
times were significantly shorter (by 65% ) compared to practices in areas with SDI scores in the
1%t quintile. For PC practices located in areas with the percentage of Non-Hispanic Black
populations greater than 45% SDI scores in higher quintiles (2", 3, 4" and the quintiles) were
significantly associated with longer drive times to the nearest NDPP compared practices in areas
with SDI scores in the 1% quintile (least disadvantaged).

Conclusion: PC practices located in areas with higher levels of socioeconomic disadvantage
were associated with significantly shorter drive times to the nearest NDPP site. These findings
were consistent for both modes of transportation (driving and public transit). This study is
limited to the state of Maryland but reveals the benefits of long-term statewide innovation
efforts in primary care transformation and diabetes prevention, including the 2016 Medicaid

Demonstration project.
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Introduction

It is estimated that 96 million (38.0%) adults in the U.S. have prediabetes, which
increases their risk for developing type 2 diabetes.® The Centers for Disease Control (CDC)
National Diabetes Prevention Program (NDPP) has been offered for over two decades and is well
established as an intensive evidence-based lifestyle change program that can delay the onset of
type 2 diabetes.!:24° Despite substantial federal and state investments to increase capacity to
deliver NDPP, program recruitment and retention remains challenging.®*® A unique feature of
NDPP is that non-clinical persons can be trained as lifestyle coaches to deliver this program.
This has positioned NDPP to thrive in community-based settings and leverage population health
strategies that encourage establishing clinical-community linkages between health systems,
health care providers and community-based NDPP suppliers.® Evidence from translational
studies have demonstrated that participants using NDPP in community-based settings have
maintaining weight loss and routine physical activity. 24606

Primary care providers (PCPs) are essential in providing access to preventative care and
can improve population health by connecting patients to community-based interventions. While
referrals to NDPPs from health care providers have been associated with higher rates of program
attendance and retention, on average health care providers refer about 5% of patients diagnosed
with prediabetes to NDPP.824 Geographic proximity has been shown to facilitate provider
referrals and cross-sector collaboration.*®%37° Health care providers in closer proximity to
referring sites are often more likely to make referrals to those specialist, including mental health
services.*1'% Given these dynamics, it is likely that other contextual factors may contribute to

provider referral patterns.
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Neighborhood socioeconomic disadvantage has been shown to influence the availability
of community-based organizational resources.’* Though there has been a national effort to
increase the availability of NDPPs, evidence suggest that NDPPs are rarely located in areas that
are socioeconomically disadvantaged.323* Neighborhood socioeconomic disadvantage has been
used to describe areas challenged by limited economic, human capital, or material resources®®
and is associated with not having a usual source of care, limited access to preventative health
screenings,?® higher rates of comorbidities, and progression from prediabetes to diabetes.®

Evidence exploring neighborhood socioeconomic disadvantage and the availability and
accessibility of health care referral resources for providers is scarce. However, the number of
NDPPs available for PCPs to refer patients to is important for ensuring patients gain access to
this program. Primary care practices located in neighborhoods with higher levels of
socioeconomic disadvantage may have more challenges with the supply of NDPPs to support
referrals. Geographic proximity may support the development of clinical-community linkages
and referral networks between PCPs and NDPP sites, which can improve potential access to

NDPP.

Potential access has been defined as the presence of enabling resources, which increase
the likelihood of health care use®®’ and being in the space and time with a healthcare system
that is willing and available to provide health care to those in need.” The later encapsulates two
dimensions of access to health care, specifically the availability (i.e., supply of health resources)
and accessibility (i.e., travel time or distance) of health care services.% Prior research has
measured potential access using travel time estimates to the nearest heath care facility or

resource.’
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Study Aims and Hypotheses

This study examines the association between neighborhood socioeconomic characteristics
of PC practice locations and travel time to the nearest NDPP from PC practice locations. Using
travel time rather than distance will account for variations in traffic patterns which can produce
inconsistent travel times to destinations that have the same distance. We were specifically
concerned with whether travel time to the nearest NDPP would be longer for PC practices
located in areas with higher levels of socioeconomic disadvantage. Understanding factors that
influence travel time between PC practices and NDPPs is important due to the significant role
PCPs play as gatekeepers in facilitating patient access to healthcare resources, and their role as
an essential referral source for NDPP providers. We hypothesize that travel time between PC
practices and NDPPs is longer for PC practices located in areas with higher levels of

socioeconomic disadvantage.

The state of Maryland (MD) is an ideal setting to explore this relationship due to its
extensive work in primary care transformation®® and statewide investments in NDPP which have
helped to support educating health care providers on diabetes prevention and promoting referrals
to NDPPs.” In prior research examining neighborhood socioeconomic disadvantage has not
established a universal definition for conceptualizing neighborhood.”®"® A variety of geographic
units have been used to quantify a neighborhood and includes smaller geographic units such as
census-block group, census tract, and ZIP tabulation areas (ZCTAs).” Our study explores the
intersection of health care (i.e., PC practices) and public health (i.e., NDPPs) resources which are
often organized by state and local public health departments. In MD county health departments
are self-governed and direct diabetes prevention efforts such as the availability of community

based NDPPs. Therefore, we examine PC practice locations at the ZCTA level since these are
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typically well defined within county-level geographic borders. This approach will help make our

findings more meaningful for translation across health care and public health sectors.

Study Data and Methods

Our sample included PC practice locations in MD, which were specified by unique
addresses using the 2019 Maryland Medical Care Data Base (MCDB) Active Providers
Directory file. The MD 2019 MCDB Active Provider Directory file provides administrative data
for licensed health care providers (including primary care physicians, nurse practitioners and
physician assistants) who had claims in the MD MCDB, which includes commercial, Medicaid,
and Medicare claims, and information on provider NPl number, practice address, and taxonomy
codes. The file was restricted to unique PCP addresses by identifying primary taxonomy codes
for primary care. Primary care was defined based on the definition used by the Maryland Primary
Care Program (MDPCP). The MDPCP is intended to improve the quality of care delivery and
spur innovation in primary care across the state, and defines PCPs using primary taxonomy
codes for the following areas of practice: General Practice, Family Medicine, Internal Medicine,
Obstetrics and Gynecology, Geriatric Medicine, Nurse Practitioner, Physician Assistant, and
Preventive Medicine. & Specialty related internal medicine practices (e.g., cardiology) and nurse
practitioners and physician assistants that were specialist (e.g., critical care) were excluded. The
PC practice location data included full unique addresses (i.e., street, city/town, state, zip code)
which were used to link with population survey data to describe PC practice location area-level
characteristics using ZCTAs.

Travel time
Potential access to NDPP was measured using travel time (in minutes) from PC practice

locations to the nearest NDPP site and was the primary outcome of interest. To understand the
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variability in travel time estimates by mode of transportation, we used two outcome variables: a)
drive time (primary outcome) and b) public transportation time (secondary outcome). Travel
time estimates for both travel modes were calculated using the Google Distance Matrix
Application Programming Interface (API) key with the Google Maps Platform, which allows
users with a unique API key to request distance and travel time data for various travel modes
(i.e., driving, transit, walking, and biking) while accounting for road congestion, peak and off-
peak hours in traffic patterns in their estimates.®* Travel times were not specified with the
Google Distance Matrix API key but were pulled during typically business hours (Monday
through Friday 9am to 5pm EST). For unspecified departure times the Google Maps Platform
default route and duration are based on road network and average time-independent traffic
conditions, which may vary between nearly-equivalent routes at any time.8? Users can input
origin and destination information that converts to latitude/longitude coordinates and
communicates with Google Maps Platform using the Google Distance Matrix API key to
generate travel time in minutes. This process was done to calculate travel time to the nearest
NDPP for all PC practice locations in our sample. NDPPs that were within the county of the PC
practice location or adjacent counties were compiled, then the shortest drive times and public
transit travel times were identified and linked to the corresponding PC practice location. To
obtain addresses for the nearest NDPP, the CDC NDPP registry, which compiles site name,
address and contact information for all NDPP sites and the Diabetes Prevention Recognition
Program (DPRP) status (i.e., preliminary, pending, or full) was used. DPRP sets the program
standards for delivering NDPP and is the reporting body for NDPP sites to gain and maintain

recognition status, which positions programs to become preferred providers. Destinations for
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travel time calculations included 51distinct NDPP sites that had CDC recognition (pending,

preliminary, or full) in 20109.

Neighborhood Socioeconomic Characteristics

The social deprivation index (SDI) was used to measure neighborhood socioeconomic
disadvantage. SDI is a geographic composite measure of area-level deprivation that was
developed by Butler and colleagues at the Robert Graham Center and was originally used to
measure the association between health care access and outcomes for primary care service
areas.®*8 using the SDI is a continuous variable ranked from 1 (least disadvantaged) to 100
(most disadvantaged) and is calculated using factor analysis directly at the ZCTA level, as well
as other geographic units (e.g., census tract) using the following variables from the American
Community Survey (ACS) 5- year estimates: percent living in poverty, percent with less than 12
years of education, percent single parent household, percent living in rented housing unit,
percent living in overcrowded housing unit, percent of households without a car, and percent
non-employed adults under 65 years of age. The ACS collects data on population level
demographics, socioeconomic, and housing characteristics for the U.S.2 The most recent
publicly available SDI data uses ACS (2011-2015) 5-year estimates and were linked to PC
practice locations using ZCTAs. There were three ZCTA that did not have SDI scores and 226
that did not have a PC practice located in the area. These ZCTAs were excluded from our

analyses.

Area-Level Demographics
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Population level characteristics were used to describe PC practice locations and control
for ZCTA characteristics. To predict travel time to the nearest NDPP from PC practice locations
using of the level of neighborhood socioeconomic disadvantage in PC practice locations we
controlled for population level estimates of race and ethnicity, obesity, and rurality. Obesity is a
strong risk factor for prediabetes and diabetes,®” which may impact local public health diabetes
prevention strategies, including NDPP placement. County level obesity prevalence estimates
were obtained from the MD Behavioral Risk Factor Surveillance System (BRFSS) 2015-2019 5-
year estimates, which collects data on health-related behaviors and conditions that place adults at
risk for chronic diseases, injuries, and preventable infectious diseases.®®

ACS (2015-2019) 5-year estimates files were used to include demographics, such as the
percentage of the population that were Non-Hispanic Black, Hispanic, and age 65 years and
older. These variables were linked to PC practice locations using ZCTA. The Medicare Diabetes
Prevention Program is designed for participants aged 65 years and older, therefore it was
important to control for any public health initiatives that may have placed NDPPs in areas with a
larger proportion of older adults. Population level race and ethnicity data were used as a proxy
measure for residential racial segregation, which has been associated with reduced access and
utilization of health care services.8*° To account for urban rural variation, the 2010 Rural Urban
Commuting Area (RUCA) codes were used to define level of rurality. RUCA codes use a census
tract-based classification for commuting flow information to characterize all U.S. census tracts as
metropolitan core to rural areas based on population density, urbanization and daily commuter
flow.®* RUCA code available at the ZCTA level were used to create a three-level categorical
variable that was linked to PC practice locations and defined as: 0) metropolitan, 1)

micropolitan, or 2) rural..
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Statistical Analyses

Descriptive analyses of SDI scores for PC practice locations were performed and
included population level demographics, obesity prevalence, rurality and number of NDPPs in
PC practice locations. Travel time for driving and public transit we both skewed to the right, so
the log transformation for these outcome variables were used. A multivariate log-linear
regression model was used to examine the relationship between SDI scores of PC practice
locations and travel time (i.e., driving and public transit) to the nearest NDPP site from PC
practice locations. SDI scores were categorized into quintiles for ease of interpretation and used
to predict travel time in our log-linear regression models. The first quintile (least disadvantaged)
was designated as the referent group and our models controlled for population-level variables
(i.e., percentage Non-Hispanic Black, percentage Hispanic, percentage age 65 years and older,
and rurality). We also used robust clustered standard errors at the ZCTA level to adjust for
heteroskedasticity (i.e., the variance of unobserved factors not being constant) and
autocorrelation which may be a concern for PC practice locations in the same ZCTAs.
Additional analyses were performed to compare differences in travel time between counties with
the most PC practice locations and all other counties in MD. Finally, to explore the impact that
racial residential segregation might have on our findings additional models were run to examine
differences in travel time between based on the proportion of minoritized racial and ethnic
groups within PC practice locations. Racial and ethnic composition of zip codes has been found
to be associated with the use of health care provider services.*® Statistical significance was
evaluated at p<0.05. Data analyses and mapping were performed using Stata MP17
(STATACorp LP, College Station, TX). This study was approved by the University of Maryland

Institutional Review Board.
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Study Results

Our analytic sample included 1,680 unique PC practice locations in MD for 2019, which
represented 242 of the 468 ZCTAs included in the 2010 census. PC practice locations were
represented across all 24 counties and jurisdictions in MD.. For travel time by public transit
(secondary outcome) our sample size was reduced to 1,530 PC practice locations since the
Google Cloud Platform was unable to generate public transit estimates for some areas of the
state.. PC practice locations were predominately in metropolitan areas (95%) (see Table 1.). This
is to be expected since there tends to be a shortage of primary care providers in rural areas

compared to metropolitan areas. Overall, the average driving time from PC practice locations to

the nearest NDPP was 15 minutes (driving) and 58 minutes (public transit).

Figure 3.1 Social Deprivation Index Score of Primary Care Practice Location ZCTAs in Maryland
by SDI Quintiles (Q5=most disadvantaged).
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Table 3.1 Neighborhood (ZCTA-Level) Characteristics of Primary Care Practice Locations by Social

Deprivation Index Quintile

Neighborhood Ql Q2 Q3 Q4 Q5 Overall
Characteristics (1to 17) (18 to 34) (35 to 50) (51 to 72) (75 to 100)
N=366 N=307 N=359 N=385 N=263 N=1680

Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Driving (mins) 18.70 (12.79) 14.18 (16.52) 15.10 (16.00) 15.54 (21.39) 11.79 (14.25) 15.30 (16.76)
LogDriving (mins) 2.72 (0.68) 2.31(0.80) 2.31(0.95) 2.31(0.88) 2.10 (0.82) 2.37(0.86)
Public Transit (mins) 67.42 (69.53) 53.74(74.89) 67.07 (170.89) 61.40(114.82) 37.61(67.75) 58.40 (111.40)
LogPublic Transit (mins)+ 3.90 (0.83) 3.60 (0.89) 3.55 (1.04) 3.55 (0.94) 3.09 (0.98) 3.55 (0.97)
Non-Hispanic Black (%) 0.13 (0.19) 0.23(0.22) 0.19 (0.15) 0.34 (0.19) 0.45 (0.25) 0.26 (0.23)
Hispanic (%) 0.06 (0.04) 0.06 (0.05) 0.10 (0.08) 0.11 (0.10) 0.14 (0.08) 0.09 (0.09)
Age 65 years or older (%) 0.16 (0.04) 0.17 (0.07) 0.18 (0.05) 0.14 (0.03) 0.13 (0.04) 0.16 (0.05)
Obesity Prevalence (%) 0.29 (0.05) 0.30 (0.06) 0.30 (0.04) 0.32 (0.05) 0.35 (0.04) 0.31 (0.05)

n (%) n (%) n (%) n (%) n (%) n (%)

Rurality
Metropolitan 364 (99.45) 285 (92.83) 321 (89.42) 383 (99.48) 240 (91.25) 1,593 (94.82)
Micropolitan 2 (0.55) 20 (6.51) 20 (5.57) 2 (0.52) 11 (4.18) 55 (3.27)
Rural 0(0) 2 (0.65) 18 (5.01) 0(0) 12 (4.56) 32 (1.90)
NDPP sites
0 316 (86.34) 216 (70.36) 116 (32.31) 230 (59.74) 173 (66.78) 1,051 (62.56)
1 50 (13.66) 73 (23.78) 168 (46.80) 126 (32.73) 90 (34.22) 507 (30.18)
2 0(0) 10 (3.26) 48 (13.37) 29 (7.53) 0(0) 87 (5.18)
3 0(0) 8(2.61) 27 (7.52) 0(0) 0(0) 35 (2.08)

Note: Higher quintiles indicate higher socioeconomic disadvantage. Driving time sample size: N=1,680. tPublic transportation time

sample size: N=1,530.

Travel time averages prior to and post log transformation are reported to provide

additional insight on the range of estimates by SDI quintile. PC practices located in

neighborhoods with SDI score in the 1% SDI quintile (least disadvantage) had the highest

average drive time (19 minutes). PC practices in neighborhoods with SDI scores in the 5th SDI

quintile (most disadvantage) had the highest average proportion of Non-Hispanic Black (45%)

and Hispanic (14%) populations. PC practices in neighborhoods with SDI scores in the 3rd SDI

quintile had the highest percentage of PC practice locations with at least one NDPP site within its

neighborhood boundary (47%).

In our adjusted log-linear regression model showed the PC practices in neighborhoods

with SDI scores in the 2", 3, 4" and 5" SDI quintiles were statistically significantly associated
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with shorter drive times to the nearest NDPP site compared to PC practices in neighborhoods
with SDI scores in the 1% quintile (least disadvantaged) (see Table 2.). The magnitude of this
relationship appears to increase across SDI quintiles, with PC practices in neighborhoods with
SDI scores in the 5™ SDI quintile (most disadvantaged) having the shortest drive times to the
nearest NDPP. PC practices in neighborhoods with SDI scores in the 5 quintile (most
disadvantaged) has significantly shorter drive times to the nearest NDPP (by 51%: exp(-0.71)-
1)*100= 50.83) compared to PC practices in neighborhoods with SDI scores in the 1% quintile
(least disadvantaged). When we consider the average drive time (15 minutes), this percentage
decrease in drive time translates to a reduction in drive time by about 8 minutes. This
relationship was similar for public transit trave time estimates. PC practices in neighborhoods
with SDI scores in the 5th quintile had significantly shorter public transit travel time to the
nearest NDPP (by -63% : exp(-0.98)-1) *100= 62.50) compared to PC practices in
neighborhoods with SDI scores in the 1% quintile. When we consider the average public transit
time (58 minutes), this percentage decrease in public transit time translates to a reduction in

public transit time by about 38 minutes.

Each increase in the percentage of Non-Hispanic Black populations in PC practice
neighborhoods were associated with a decrease in the percentage of drive time and an increase in
the percentage of public transit travel time to the nearest NDPP. However, each increase in the
percentage of Hispanic populations in PC practice neighborhoods had a significant increase in
both driving and public transit travel times to the nearest NDPPs. Geographic differences were
also found, and PC practices located in micropolitan areas were associated with statistically
significantly shorter drive times (by -37%; exp(-0.46)-1)*100= 36.87) to the nearest NDPP site

compared to PC practices located in metropolitan areas.
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Table 3.2 Associations Between Neighborhood Socioeconomic Disadvantage of Primary Care
Practice Locations and (Log)Travel Time to the Nearest National Diabetes Prevention Program

2nd Quintile (18 to 34)
3rd Quintile (35 to 50)

4th Quintile (51 to 72)
5th Quintile (75 to 100)

Non-Hispanic Black (%)
Hispanic (%)
65 years or Older (%)
Obesity Prevalence (%)
Rurality
Metropolitan
Micropolitan
Rural

-0.38 (-0.64, -0.13)**
-0.44 (-0.83, -0.05)*
-0.47 (-0.79, -0.16)**
-0.71 (-1.06, -0.36)**
-0.11 (-0.63, 0.42)
1.32 (0.14, 2.50)*
-0.06 (-2.63, 2.51)
0.38(-1.38, 2.13)

Reference
-0.45 (-0.91, -0.01)*
0.08 (-0.82, 0.97)

Neighborhood Driving Time Public Transportation Time
Characteristics
(Higher quintiles indicate
higher socioeconomic Coefficient Coefficient
disadvantage) (95% Cl) (95% Cl)
SDI Quintile Category

1°t Quintile (1 to 17) Reference Reference

-0.31 (-0.642, -0.00)*
-0.42 (-0.85, -0.00)*
-0.45 (-0.83, -0.07)**
-0.98 (-1.37, -0.60)**
0.05 (-0.47, 0.57)
1.57 (0.01, 3.14)**
-0.39(-3.38, 2.59)
-0.13 (-2.53, 2.28)

Reference
0.01 (-0.43, 0.46)
0.40(-0.45, 1.45)

Adjusted log-linear regression specifying clustering at the zip code-level and controlling for the following covariates:
percentage of Non-Hispanic Black population, percentage of Hispanic population, percentage of population 65 years of age and
older, prediabetes prevalence, and rurality. Driving time sample size: N=1,680. Public transportation time sample size:

N=1,530. The 1% (lowest) quintile for social deprivation index quintiles is the referent.
Statistical significance: * p < 0.05 **p<0.01

Additional descriptive analysis revealed that five counties/jurisdictions (i.e., Anne

Arundel, Baltimore, Montgomery, Prince Georges counties and Baltimore city) had a

substantially higher number of PC practices located in their area (see Appendix Table A.). To

understand how this might affect travel time estimates to the nearest NDPP, stratified analyses

were performed to compare travel time estimates for PC practices located in the five

counties/jurisdictions with the highest number of practices to all other counties within the state of

MD. Travel estimates (driving and public transit) to the nearest NDPP for the subset analysis of

PC practices located in counties with a higher concentration of PC practices and in

neighborhoods with SDI scores in the 5™ quintile were consistent with our primary model. (see

Table 3). However, public transit times for the subset analysis of PC practices located in counties

28




with lower concentrations of PC practices showed that with each percentage increase of Non-

Hispanic Black populations was associated with decreased public transit times to the nearest

NDPP, but this was not statistically significant.

Table 3.3 Associations between Neighborhood Socioeconomic Disadvantage of Primary Care Practice
Locations and (Log) Travel Time to the Nearest National Diabetes Prevention Program Site by Counties with the

Highest vs. Lowest Concentration of Primary Care Practice Locations

Neighborhood High Low
Characteristics (Higher Public Public
quintiles indicate higher Driving Transportation Driving Transportation
socioeconomic Coefficient Coefficient Coefficient Coefficient
disadvantage) (95% Cl) (95% Cl) (95% Cl) (95% C1)
SDI Quintile Category
1st Quintile (1 to 17) Reference Reference Reference Reference
2nd Quintile (18 to 34) -0.24 (-0.57, 0.09) -0.25 (-0.61, 0.12) -0.56 (-0.95, -0.17)** -0.61 (-1.08, -0.13)*
3rd Quintile (35 to 50) -0.07 (-0.60, 0.47) -0.12 (-0.68, 0.44) -1.12 (-1.60, -0.65)** -1.29 (-1.78, -0.80)**
4th Quintile (51t072) | .0.32(-0.76,0.11)  -0.51(-1.02,0.00)  -0.64(-1.01,-0.27)** -0.38(-0.85, 0.08)
5th Quintile (75 to 100) | -0.60 (-1.03,-0.17)** -1.04 (-1.52, -0.55)** -0.97 (-1.65, -0.30)** -0.99 (-1.65, -0.33)**

Non-Hispanic Black (%)
Hispanic (%)

Age 65 years or Older (%)

Obesity (%)

Rurality
Metropolitan
Micropolitan
Rural

-0.08 (-0.78, 0.61)
1.07(-0.27, 2.41)
-0.47 (-3.82, 2.89)
0.36 (-2.07, 2.79)
Omitted

0.27 (-0.46, 0.99)
1.65 (-0.09 3.40)
-0.93 (-4.65, 2.79)
-0.34 (-3.49, 2.81)
Omitted

-1.43 (-2.77, -0.09)*
4.78 (1.08, 8.48)*
-0.53 (-3.85, 2.80)
2.18 (-0.63, 4.99)

Reference
-0.29 (-0.83, 0.25)
0.44 (-0.44, 1.31)

-0.86 (-2.40, 0.67)
9.27 (5.45, 13.09)**
0.80 (-3.09, 4.67)
0.29 (-4.04, 4.61)

Reference
-0.03 (-0.47,0.42)
0.77 (-0.07, 1.61)

Adjusted log-linear regression specifying clustering at the zip code-level and controlling for the following covariates: percentage of Non-Hispanic
Black population, percentage of Hispanic population, percentage of population 65 years of age and older, prediabetes prevalence, and rurality.
Counites with the highest concentration of primary care practice locations included the five following counties and jurisdiction: Anne Arundel,
Baltimore City, Baltimore County, Montgomery County, and Prince George’s County. Sample sizes varied for all estimates and are as follows from
columns left to right: N=1,043, N=1,006, N=637, and N=524. The 1% (lowest) quintile for social deprivation index quintiles is the referent.
Statistical significance: * p < 0.05 **p<0.01.
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Table 3.4 Associations between Social Deprivation Index Quintiles of Primary Care Practice Locations and
(Log)Travel Times to the Nearest National Diabetes Prevention Program Site by the Percentage of Non-Hispanic
Black Populations in Primary Care Practice Locations

Neighborhood
Characteristics

Non-Hispanic Black Population
More than 45%

Driving

Coefficient (95% Cl)

Public
Transportation

Coefficient (95% Cl)

Non-Hispanic Black Population
Less than 45%

Driving
Coefficient (95% Cl)

Public
Transportation
Coefficient (95% Cl)

SDI Quintile Category
1st Quintile (1 to 17)

2nd Quintile (18 to 34)
3rd Quintile (35 to 50)
4th Quintile (51 to 72)
5th Quintile (75 to 100)
Hispanic (%)
Age 65 years or Older (%)
Obesity (%)
Rurality
Metropolitan
Micropolitan
Rural

Reference
0.33 (-0.48, 1.14)
0.96 (0.44, 1.47)**
0.54 (0.04, 1.12)*
0.16 (-0.41,0.72)
1.77 (-0.94, 4.48)

2.81 (-4.25, 9.86)
0.35(-4.37, 3.68)
Omitted

Reference
0.18 (-0.78, 1.19)
0.61 (0.15, 1.76)*
0.33 (-0.11, 1.31)
-0.43 (-0.97, 0.68)
2.71(-1.00, 6.42)

3.40 (-4.93, 11.72)
-0.71 (-5.81, 4.40)
Omitted

Reference
-0.44 (-0.71, -0.18)**
-0.60 (-1.01, -0.20)**
-0.70 (-1.03, -0.36)**
-1.00 (-1.37, -0.63)**

1.83(0.41, 3.25)*
-0.18 (-3.01, 2.65)

-1.35(-0.53, 3.22)

Reference
-0.43 (-0.92, 0.05)
0.15(-0.77, 1.08)

Reference
-0.33 (-0.67, -0.01)*
-0.50 (-0.96, -0.04)
-0.61 (-1.03, -0.19)**
-0.98 (-1.41, -0.56)**
1.42 (-0.36, 3.19)
-0.80(-4.21, 2.61)

0.35(-2.27,2.98)

Reference
-0.01 (-0.47, 0.48)
0.48 (-0.49, 1.46)

Adjusted log-linear regression specifying clustering at the zip code-level and controlling for the following covariates: percentage of Non-Hispanic
Black population, percentage of Hispanic population, percentage of population 65 years of age and older, prediabetes prevalence, and rurality.
Rurality was omitted in models due to collinearity. Sample sizes varied for all estimates and are as follows from columns left to right: N=351, N=345,
N=1,329, and N=1,185. The 15t (lowest) quintile for social deprivation index quintiles is the referent.
Statistical significance: * p < 0.05 **p<0.01.

Additional stratified analyses were done to estimate the potential impact racial residential

segregation might have on the association between SDI and travel time to the nearest NDPP.

Prior research has used population-level proportions of minoritized racial and ethnic groups that

were greater than 50% within a primary care service areas and ZCTA as a proxy measure for

racial residential segregation.®® Due to limited sample size of Hispanic populations in some of

the areas where PC practices were located, we examined PC practice neighborhoods with where

the percentage of Non-Hispanic Black populations were greater than 45% and less than 45% to

gain insight on any potential impact racial residential segregation may have on our estimates. We

found that for PC practices in neighborhoods with SDI scores in the 2", 3", 4™ and 5" SDI

quintiles where the percentage of Non-Hispanic Black populations were less than 45%, drive
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times to the nearest NDPP were significantly shorter compared to PC practices in neighborhoods
with SDI scores in the 1% quintiles. This is consistent with findings in our main model for drive
time. (see Table 4). However, for PC practices in neighborhoods with SDI scores in the 3 and
4™ SDI quintile where the percentage of Non-Hispanic Black populations were greater than 45%,
drive times to the nearest NDPP were significantly longer compared to PC practices in
neighborhoods with SDI scores in the 1% quintile. The direction of this relationship was similar
for public transit travel estimates. PC practices in neighborhoods with SDI scores in the 3 SDI
quintile where the percentage of Non-Hispanic Black populations were greater than 45%, had
significantly longer public transit travel times to the nearest NDPP compares to practices in
neighborhoods with SDI scores in the 1% quintile. However, public transit travel time to the
nearest NDPP was shorter for PC practices in neighborhoods with SDI scores in the 5™ quintile
where the percentage of Non-Hispanic Black populations were greater than 45%, but this was

not statistically significant.

Discussion

Our study found that PC practices in neighborhoods with higher SDI scores were
associated with significantly shorter driving and public transit travel times to the nearest NDPP
site. This relationship was most prominent for PC practices in neighborhoods with the highest
SDI scores. Although we expected that PC practices in neighborhoods with higher SDI scores
would be associated with longer travel times to the nearest NDPP, these findings suggest that
neighborhood socioeconomic disadvantage may not impact the availability of NDPP sites and
potential access to this important diabetes prevention resource in the state of MD. Furthermore,
geographic proximity between PC practices and NDPP sites may not be a barrier to potential

clinical-community linkages and there appears to be potential for creating referral networks. Our
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findings are promising in that they point to strategies unique to MD that could contribute to
increasing potential access to NDPP, particularly in areas with highest levels of socioeconomic

disadvantage.

Although patient addresses were not employed in this study, health care resources in
close proximity to PC practices can benefit patients through referrals to community-based health
resources like NDPPs. This is particularly true for PCPs who often have the most continuity of
care with patients and represent a large portion of safety-net providers, which presents an
opportunity to expand NDPP access and use among underserved populations. Some evidence
has shown that the proximity of the referral entities to the primary care providers can inform
patient referral patterns.*®#2 Although, there is no consensus on what constitutes reasonable
travel time to NDPPs or other preventative services, the average driving times to medical or
dental care in urban and rural areas have been estimated to be 21 and 27 minutes respectively.
In our study the average drive times to the nearest NDPP from PC practice locations was 15
minutes, which may indicate that the geographic placement of NDPPs is adequate. However, the
average public transit travel time in our study was 58 minutes, which has implications for access
and use NDPPs among patients who rely on public transit and live in an area where travel time to

their PCP is 15 minutes or less.

Our findings suggest that the availability of PC practices and NDPPs can be used to
create referral networks that address inequities in NDPP availability for individuals with
prediabetes, particularly those living in neighborhoods with higher levels of socioeconomic
disadvantage where PC practices are also located . Neighborhood socioeconomic characteristics
and health outcomes have been found to be associated with reduced access to health care

services and related resources and adverse health outcomes. For example, areas that are more
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socioeconomically disadvantaged have been associated with poorly controlled diabetes, %

higher incidence of diabetes and reduced colorectal cancer screening.®® Subsequent stratified
analyses reveal that residential segregation among Non-Hispanic Black populations may
constrain the geographic proximity of PC practices to NDPPs sites. Our study revealed driving
and public transit travel times to the nearest NDPP were actually longer for PC practices in
neighborhoods with higher levels of socioeconomic disadvantage where the percentage of Non-
Hispanic Black populations were greater than 45% compared to PC practices in neighborhoods
with the least socioeconomic disadvantage. This can contribute to reduced provider referrals for
prediabetes patients in these neighborhoods and lead to disparities in access to NDPP. Prior
research has found that communities with predominately minoritized racial and ethnic groups
often have less access to certain health care resources (e.g., psychiatrist).®*%” Therefore, it is
important that future studies continue to explore the role racial residential segregation plays in

access and use of NDPPs.

Our findings are promising because they are likely a result of years of building the
capacity to deliver NDPP by a strong public health planning and infrastructure in MD. In our
study we found PC practices were primarily concentrated in five counties and jurisdictions (i.e.,
Anne Arundel, Baltimore, Montgomery, Prince Georges, and Baltimore city) which also had the
highest population estimates within the state.®® This is probably explained by primary care
shortages more likely in rural areas compared to metropolitan areas.. Our findings also suggest
that there were more available NDPPs within or in close proximity to PC practices with higher
socioeconomic disadvantage. This is my be driven by the infrastructure, systems, and
investments into NDPP that were initiated by the Medicaid Demonstration implemented in MD

from 2016 to 2019, which laid the groundwork for integrating NDPP networks, multi-sector
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partnerships, and innovative primary care delivery models to align with statewide diabetes
prevention goals.*® This demonstration included four managed care organizations (MCOs) that
contracted directly with CDC-recognized NDPPs. The first year of the demonstration targeted
Medicaid beneficiaries at risk for developing type 2 diabetes who primarily lived in Baltimore
City, Baltimore County, Montgomery County, and Prince George’s County. In 2019, through an
1115 HealthChoice Demonstration waiver for Medicaid, MD continued to offer NDPP across the
state which spurred a myriad of cross-sector partnerships to support referrals and NDPP delivery.
In addition to the health system and public health sector efforts, MDs statewide Diabetes Action
Plan also promoted NDPP as a primary strategy to address prediabetes and populations at risk for
developing type 2 diabetes.*® These statewide interventions not only helped to address inequities
in access to NDPP by targeting low-income populations at risk for diabetes, but also expanded
the availability of NDPP sites and promoted community-clinical linkages between health care

and public health sectors statewide.

Our study had several limitations. First, we examined associations between SDI and
travel time estimates to the nearest NDPP from PC practices, so no causal inferences can be
made. Future studies should measure PCP referrals to NDPPs to better understand referral
networks between PCPs and community based NDPP sites. Second, NDPP site location relied
solely on address information from the CDC NDPP registry. Due to flexibility in NDPP
organizational structures, a site may include multiple locations that report up to the primary
NDPP for CDC reporting purposes. This likely resulted in an undercount of NDPPs across MD.
Our sample is not representative of every ZCTA within the state of MD due to the lack of PC
practices located within these areas. Therefore, our findings should be interpreted within the

context of ZCTA that have PC practices available. Although primary care shortage areas are a
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challenge in many states the lack of primary care presence in these areas not only reduces access
to primary care services but may also reduce access to additional preventative health care
resources such as NDPPs. Additional research is needed to understand the relationship between
primary care shortage areas and access to NDPP. This study does not consider the role of virtual
NDPP offerings, which were widely promoted during COVID-19 to expand access, particularly
in rural communities. Therefore, we are not able to account for any potential partnership
development between PC practices and virtual NDPPs. However recent findings from a
longitudinal study found that although adults referred to virtual NDPPs were more likely to
enroll, participants that attended in-person NDPP met program goals of more than 5% weight

loss more often than virtual participants.®®

This study focused on potential access to NDPP, therefore we did not specifically explore
any partnerships or referrals between PC practices and NDPP sites. However, future studies
should examine how neighborhood socioeconomic disadvantage impacts partnership formation
among these entities. In 2021 MD established the Regional Partnership Catalyst Program, which
focuses on increasing collaboration between hospitals and community partners to support the
state’s population health goals, including the use of NDPP as a diabetes prevention. Leveraging

data from this intervention could help examine partnership formation and referrals.

This study provides a foundational understanding of how neighborhood socioeconomics
characteristics influence the organization of critical entities needed for NDPP (i.e., PC practice
and NDPP sites) and has highlighted the need to characterize organizational structures, local
referral networks, and partnerships that facilitate NDPP access and use. Future studies must also
consider the impact COVID-19 pandemic had on the availability and accessibility of NDPPs,

particularly in-person offerings. In addition to geographic proximity, there are other factors that
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contribute to cross-sector partnerships that were not able to be capture in this study. As
previously mentioned, MD has established coverage of NDPP by payers and MCO contracts
created preferred NDPP suppliers. These activities also support the creation and sustainability of
cross-sector partnerships. Although our findings are not generalizable, they can inform
population health strategies that other states can adopt to ensure there is infrastructure and

availability of NDPP sites in areas of high need.

Conclusion

PC practices located in neighborhoods with higher levels of socioeconomic disadvantage
were significantly associated with shorter driving and public transit travel times to the nearest
NDPP site. This study is focused on the state of MD, therefore findings may not be applicable to
other states. However, this study appears to reinforce the benefits of strong public health and
health system infrastructure. Other states can learn from and adopt many of the strategies
employed in MD such as developing health care provider referral networks and MCO contracts
with NDPP sites which can help facilitate cross-sector partnerships to increase program referrals

and uptake, particularly in areas that are socioeconomically disadvantaged.
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Chapter 4: Understanding Neighborhood Socioeconomic Disadvantage
and Travel Time to National Diabetes Prevention Program: A Maryland
Perspective

Abstract

Background: The relationship between neighborhood socioeconomic characteristics and health
outcomes has been well studied. However, very few studies have explored how neighborhood
socioeconomic characteristics may impact patient travel time to preventive health care resources.
Purpose: The purpose of this study is to assess whether neighborhood socioeconomic
disadvantage prolongs travel time to the National Diabetes Prevention Program (NDPP), an
evidence-based lifestyle change program for individuals with prediabetes or at risk for
developing type 2 diabetes.

Data Methods: The Maryland Medical Care Data Base, which includes privately insured claims
data and Medicaid claims data were used to identify patients diagnosed with prediabetes in 2019.
To describe neighborhood socioeconomic disadvantage, claims data were linked to social
deprivation index 2015 by zip code tabulation area (ZCTA). Google Maps Platform and Google
Distance Matrix Application Programming Interface were used to calculate travel time estimates
from patient ZCTA centroid to the nearest NDPP site. Generalized linear models were used to
estimate driving and public transit travel times to the nearest NDPP using SDI quintiles
controlling for sex, age, race and ethnicity, insurance type, rurality, chronic condition, and the
interaction of SDI quintile and race and ethnicity.

Results: Beneficiaries living in neighborhoods with SDI scores in the 5th quintile (most
disadvantaged) had on average significantly shorter drive times (average marginal effect (AME):
-9.07; 95% ClI:-11.60, -6.54) to the nearest NDPP compared to beneficiaries living in

neighborhoods with SDI scores in the 1st quintile (least disadvantaged). We find a similar
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relationship for public transit travel time estimates. The largest reduction in drive time to the
nearest NDPP were among Non-Hispanic White beneficiaries living in neighborhoods with SDI
scores in the 5th quintile who had on average significantly shorter drive times (AME: -12.03; 95
% CI:-14.79, -9.27) compared to Non-Hispanic Black beneficiaries (AME:-5.15; 95% CI:-8.97, -
1.34) and other racial and ethnic groups (AME:-7.75 95% CI:-10.22, -5.29) living in similar
neighborhoods compared to their counterparts living in neighborhoods with SDI scores in the 1%
quintile.

Conclusion: We find that on average travel time to the nearest NDPP was shorter for
beneficiaries living in neighborhoods with higher levels of socioeconomic disadvantage,
particularly in neighborhood with the highest level of socioeconomic disadvantage. Our findings
indicate the availability and placement of NDPPs in Maryland are in areas of high need. Though
this study is restricted to Maryland, other states looking to invest in NDPP could learn from

some of the diabetes prevention initiatives implemented by Maryland.
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Introduction

The National Diabetes Prevention Program (NDPP) has been widely promoted as an
evidence-based intervention to prevent diabetes after randomized clinical trials showed lifestyle
change programs were more effective in delaying the onset of type 2 diabetes for 10 years or
more compared to the mediation metformin.>? Since the establishment of NDPP over a decade
ago, coverage for NDPP has expanded to about 4 million public employees in 20 states, over 100
private payers, 22 state Medicaid agencies and Medicare beneficiaries through the Medicare
Diabetes Prevention Program (MDPP).* It is estimated that 38% of adults in the U.S. have
prediabetes,® still NDPP participation and retention remains low. There has been a concerted
effort over the past decade to increase the capacity to deliver NDPP at the federal level and
across states,> particularly in community-based settings. Still, the most recent estimates show
that on average only 5% of patients with prediabetes are referred to NDPP or similar program,

and of those referred about 40% participate.'®

Patient recruitment and retention, staff training, health care provider engagement and
referrals are often noted as challenges®2%?224 to increasing NDPP access and utilization. The
design of the NDPP has also created barriers to enrollment and retention among eligible
individuals.'® The NDPP is a 12-month lifestyle change program that requires participants
attend 8 out of 16 weekly sessions offered in the first 6-months and monthly sessions for the last
6-months of the program, consume a nutrient dense diet and engage in weekly physical activity
(150 minutes/week).*® Although virtual NDPP offerings have been widely promoted to provide
participants with a convenient alternative and mitigate barriers to engagement such as

transportation, this mode of delivery can create barriers for communities that are under
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resourced. Virtual offerings bring unique challenges related to technology literacy and access to
broadband internet, particularly for underserved populations, including older adults, rural
communities, or individuals with low income.?1% Evidence has also shown that in-person
participants are more likely to achieve program goals compared to virtual participants.®® This
may be due to the social connections in-person engagement is able to cultivate in comparison to
virtual alternatives. Still, the level of engagement required by in-person NDPP likely presents
barriers for prospective participants who face challenges related to transportation or limited

social supports to participate in a program that requires such frequent engagement.

Transportation barriers such as travel time has been identified as a barrier to NDPP access
but has not been well explored in the literature. particularly with respect to how one’s
neighborhood socioeconomic characteristics might contribute to this relationship. Understanding
the role social drivers of health plays in exacerbating barriers to NDPP access such as
transportation can support developing targeted strategies that mitigate these factors for
populations that may benefit the most from this preventative health care resource. The
association between neighborhood environment and access to health care resources and
outcomes has been well established in the literature.?®77:104-107 Neighborhood socioeconomic
disadvantage has been used to refer to areas that have been challenged by limited economic,
human capital, or material resources?®?° often due to inequitable long-term investments and
resource allocation. Neighborhood socioeconomic disadvantage has also been shown to be
associated with poorly controlled diabetes,®® progression from prediabetes to diabetes,®* and a
lower availability of community-based organizations,’* including NDPPs.323% NDPP participants
living in neighborhoods with higher levels of socioeconomic disadvantage may face challenges

in accessing this program due to longer travel times.? Individuals who earn lower-income often
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rely on public transportation, which has been associated with missed medical appointments and

delayed care, 108109

Study Aims and Hypotheses

This study fills a major gap in the literature by examining the relationship between
neighborhood socioeconomic disadvantage and travel time to nearest NDPP among individuals
with prediabetes. This has important implications for potential access to NDPP. Potential access
has been defined as the presence of enabling resources which increase the likelihood of health
care use, and also includes enabling conditions such as one’s neighborhood or.?®% We
hypothesize that travel time to the nearest NDPP will be longer for individuals in neighborhoods

with higher levels of socioeconomic disadvantage.

Maryland is an ideal setting to examine this relationship due to its extensive statewide
investments in NDPP through its participation the Medicaid NDPP Demonstration in 2016,
statewide Diabetes Action Plan and promotion of NDPP among health care providers in its
Maryland Primary Care Program.®¢3849110 Neighborhood socioeconomic disadvantage will be
measured using the social deprivation index, a validated small areal-level deprivation composite
measure that includes seven population-level demographics related to socioeconomic conditions,
including the percent households with no vehicle.22° The concept of a neighborhood has not
been explicitly defined’®"® and has been measured using various geographic units such as
census-block group, census tract, and ZIP Code Tabulated Areas (ZCTAs)” in research that
examines neighborhood socioeconomic disadvantage. Our study is restricted to data prior to the
COVID-19 pandemic that began in 2020 due to the drastic impact this event had on reducing

access and use of preventative health care resources.!**'? This study will provide insights on
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how neighborhood socioeconomic disadvantage should be considered in improving access to

NDPP.

Study Data and Methods

Data Source

The Maryland Medical Care Database (MCDB), which includes private insurance claims
data for all care settings, and MD Medicaid Managed Care data were used to identify adults 18
years or older with a diagnosis of prediabetes enrolled for the entire year in 2019. Adults with
prediabetes were identified in the MCDB commercial claims and Medicaid Managed Care
claims for 2019 using the International Classification of Diseases (ICD)-10 codes used to
diagnose patients with prediabetes (i.e., R7301-Impaired fasting glucose, R7302-Impaired
glucose tolerance — Oral, and R7303-Prediabetes). MCDB and Medicaid Managed Care data
were also used to characterize beneficiaries by sex, age, race and ethnicity, insurance type
(commercial vs. Medicaid) and whether they had co-occurring chronic condition associated with
increased risk for diabetes. Cardiometabolic conditions such as hypertension and hyperlipidemia
have been found to be a risk factor for the development of diabetes among individuals with
prediabetes or at risk for diabetes® and were used to defined chronic conditions in our sample.
ICD-10 codes were used to identify diagnoses of hypertension or hyperlipidemia (i.e., E785) in
our sample and were used to define chronic condition. MCDB and MD Medicaid Managed Care
data are restricted use data that are made available to researchers by applying to the MD Health
Care Commission (MHCC). MCDB and MD Medicaid Managed Care claims data were
authorized for use by the Maryland Health Care Commission under a Data Use Agreement with

the University of Maryland College Park School of Public Health.

Measures
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Travel time

Beneficiaries potential access to NDPP was measured using travel time (in minutes) from
beneficiary ZCTA to the nearest NDPP site and was the primary outcome of interest. The MCDB
and MD Medicaid Managed Care data limited patient identifiable data, therefore ZCTAs were
used to identify beneficiary neighborhood and estimate travel time by driving and public transit
to the nearest NDPP site. It was important to estimate both drive time and public transit times to
understand how variations in travel mode impacts the relationship between neighborhood

socioeconomic disadvantage and travel time to the nearest NDPP.

The Google Distance Matrix Application Programming Interface (API) key for the
Google Maps Platform was used to generate travel time estimates. The Google Maps Platform
allows users with a unique Distance Matrix API key to request distance and travel time data for
various travel modes (i.e., driving, transit, walking, and biking) and accounts for typical road
congestion, as well as peak and off-peak hours in traffic patterns in their estimates.®* Users can
input origin and destination information using the Google Distance Matrix API key which
communicates to the Google Maps Platform which then converted this information to
geographic coordinates (latitude and longitude) and estimates travel time in minutes. For origins

that are limited to ZCTAs, travel time estimates are calculated using the centroid of the ZCTA.

Drive time to the nearest NDPP was calculated for all beneficiaries in our sample.
However, public transit travel time estimates were not available for all beneficiary ZCTAs, due
to limited availability of public transportation in some areas of MD. Travel time estimates for
NDPPs that were within the county of the beneficiary ZCTA or adjacent counties were compiled,
then the shortest driving and public transit travel times were identified and linked to the

corresponding beneficiary claims information by ZCTA. Travel time date and times were not
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specified in our inputs with the Google Distance Matrix API key, instead travel time estimates
were pulled during typically business hours (Monday through Friday 9am to 5pm EST). When
departure times are not specified in the Google Maps Platform route and duration are based on
road network and average and average time-independent traffic conditions, which may vary
between nearly-equivalent routes at any time.8? Destination data for travel time calculations were
identified using the CDC NDPP registry and included 51distinct NDPP sites with CDC Diabetes
Prevention Recognition Program (DPRP) recognition (i.e., pending, preliminary, or full). DPRP
is the reporting body for NDPP sites to gain and maintain recognition status, which positions

programs to become preferred providers.
Neighborhood Socioeconomic Disadvantage

The social deprivation index (SDI) was used to measure neighborhood level
socioeconomic disadvantage. SDI is geographic composite measure of area-level deprivation
developed by Butler and colleagues at the Robert Graham Center & using data from the
American Community Survey (ACS) 5- year estimates which collects data on demographic,
social, economic, and housing characteristics of the U.S. population.®® SDI was originally used to
measure the association between health care access and outcomes for primary care service
areas,3*®* and is a continuous variable ranked from 1 (least disadvantaged) to 100 (most
disadvantaged). Factor analysis is used to calculate SDI scores directly at the ZCTA level using
the following ACS variables: percent living in poverty, percent with less than 12 years of
education, percent single parent household, percent living in rented housing unit, percent living
in overcrowded housing unit, percent of households without a car, and percent non-employed
adults under 65 years of age.® SDI scores are also available in other geographic units (e.g.,

census tract), but ZCTAs could easily be linked to beneficiary 5-digit zip codes which overlap
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with most ZCTAs*® The most recent publicly available SDI data using ACS (2011-2015) 5-year

estimates were used.
Covariates of Interest

The selection of covariates were informed by Andersen’s Behavior Health Use model.®
Predisposing variables included sex which was categorized as male or female, and age which
was categorized as defined as follow: 0) 18 to 34 years, 1) 35 to 44 years, and 2) 45 to 64 years.
Although our entire sample was insured, insurance type, and enabling resource was also
controlled and dichotomized as commercial or Medicaid plan. To account for urban rural
variation, the 2010 Rural Urban Commuting Area (RUCA) codes were used to define level of
rurality. RUCA codes use a census tract-based classification for commuting flow information to
characterize all U.S. census tracts as metropolitan core to rural areas based on population
density, urbanization and daily commuter flow.?* RUCA code files available for ZCTA were
used to create a three-level categorical rurality variable which was defined as: 0) metropolitan, 1)
micropolitan, or 2) rural, and were linked to beneficiaries by ZCTA. Race and ethnicity were
used in the analysis as: non-Hispanic White, non-Hispanic Black, and other racial and ethnic
groups. These included Asian, Hispanic, multiracial, and racial and ethnic groups that could not

be identified due to small sample sizes.

Statistical Analyses

Descriptive and bivariate analyses of beneficiary characteristics and SDI quintiles were
performed, including chi-square tests. SDI scores for beneficiary neighborhoods were
categorized into quintiles for ease of interpretation, where the 5th SDI quintile represented

neighborhoods with the highest levels of socioeconomic disadvantage and the 1% SDI quintile
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represented neighborhoods with the lowest levels of socioeconomic disadvantage. Due to the
right skewness of our travel time variables (drive time and public transit time) we used the log
transformation of these outcome variables in a log-linear regression model to examine the
relationship between neighborhood socioeconomic disadvantage and travel time to the nearest
NDPP site among beneficiaries with prediabetes. Then SDI quintiles were used as the primary
predictors in an adjusted log-linear regression model that used the 1% SDI quintile as the
reference group. To understand the interaction race and ethnicity and SDI scores may have on
travel time, interaction terms for SDI quintiles and racial and ethnicity were included in our
models. In addition, stratified models by race and ethnicity were also performed to further

understand how beneficiary characteristics impact travel time to the nearest NDPP site.

Sensitivity analyses were conducted using a generalized Linear Model (GLM) with
gamma distribution with log link . All models controlled for sex, age, race and ethnicity,
insurance type, rurality and chronic condition and used robust clustered standard errors at the
beneficiary zip code level to adjust for heteroskedasticity (i.e., the variance of unobserved factors
not being constant) and autocorrelation which may be a concern for beneficiaries within the same
zip code. Adjusted log-linear regression and GLM with gamma distribution and log link
estimates were consistent, therefore average marginal effects for GLM estimates were reported
for ease of interpretation in understanding how neighborhood socioeconomic disadvantage may
contribute to travel time to the nearest NDPP. Statistical significance was evaluated at p<0.05.
Data analyses were performed using Stata MP16 (STATACorp LP, College Station, TX). This

study was approved by the University of Maryland Institutional Review Board.

Study Results

The final analytic sample included a total of 15,525 beneficiaries, of these 11,047
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beneficiaries were in neighborhoods where public transit travel time estimates could be

generated. Our sample represented 406 out of the 468 ZCTAs in MD and all 24 counties and

jurisdictions within the state. Beneficiaries were predominately 45 to 64 years of age (80%),

female (57%), commercially insured (78%), and lived primarily in metropolitan areas (96%)

(See Table 1).

Table 4.1 Beneficiary Characteristics by Neighborhood Social Deprivation Index Quintile.

Beneficiary Overall Q1 Q2 Q3 Q4 Q5 P
Characteristics Low SDI High SDI
(1 to 10) (11 to 26) (27 to 47) (48 to 71) (72 to 100)

N=15,527 N=3,054 N=3,092 N=2,902 N=3,190 N=3,289

Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Travel Time
Drive Time 14.4 (7.1) 19.6 (7.7) 15.2 (6.0) 16.0 (6.8) 12.6 (5.9) 9.0 (3.6)
Public Transit 47.9 (31.9) 74.0 (40.9) 51.9 (26.4) 57.2 (42.4) 47.4 (23.4) 28.6 (14.5)

n(%) n(%) n(%) n(%) n(%) n(%)

Age
18 to 34 years 1,064 (7%) 141 (5%) 191 (6%) 180 (6%) 267 (8%) 285(9%)  <.01
35 to 44 years 1,970 (13%) 329 (11%) 385 (13%) 363 (13%) 454 (14%) 439 (13%)
45 to 64 years 12,493 (80%) 2,584 (84% 2,516 (81%) 2,359 (81%) 2,469 (78% 2,565 (78%)
Sex
Male 6,700 (43%) 1,466 (48%) 1,409 (46%) 1,247 (43%) 1,306 (41%) 1,272 (39%) <.01
Female 8,827 (57%) 1,588 (52%) 1,683 (54%) 1,655 (57%) 1,884 (59%) 2,017 (61%)
Race and ethnicity
Black 5,698 (37%) 385 (12%) 795 (26%) 792 (27%) 1603 (50%) 2,123 (65%) <.01
White 8,271 (53%) 2,217 (73% 1,908 (62% 1,808 (62%) 1,310 (41%) 1,028 (31%)
Other Racial Groups | 1,558 (10%) 452 (15%) 389 (12%) 302 (11%) 277 (9%) 138 (4%)
Insurance type
Medicaid 3,379 (22%) 245 (8%) 408 (13%) 477 (16%) 845 (27%) 1,404 (43%) <.01
Commercial 12,148 (78%) 2,809 (92%) 2,684 (87%) 2,425 (84%) 2,345 (73%) 1,885 (57%)
Chronic Condition
No 6,671 (43%) 1,420 (46%) 1,297 (42%) 1,269 (44%) 1,346 (42%) 1,339 (41%) <.01
Yes 8,856 (57%) 1,634 (54%) 1,795 (58%) 1,633 (56%) 1,844 (58%) 1,950 (59%)
Rurality
Metropolitan 14,856 (96%)  3,046(99.7%) 2,908 (94%) 2,796 (96%) 2,984 (94%) 3,122 (95%) <.01
Micropolitan 443 (3%) ok 166 (5%) 60 (2%) 146 (4%) 71 (2%)
Rural 228 (1%) ** 18 (1%) 46 (2%) 60 (2%) 96 (3%

Note: **Cell count less than 10. Higher quintiles indicate higher levels of socioeconomic disadvantage. Chi-square
statistical test performed. Statistical significance: p < 0.05 and p<0.01

The proportion of racial and ethnic groups in our sample varied by SDI quintile, with

higher percentages of Non-Hispanic White beneficiaries in neighborhoods with SDI scores in the
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3" SDI quintile or mid-range levels of socioeconomic disadvantage and higher percentages of
Non-Hispanic Black beneficiaries in neighborhoods with SDI scores in the 4" SDI quintiles or
higher levels of socioeconomic disadvantage. The average drive time for beneficiaries was 14.4
minutes and public transit time averaged 48.0 minutes. As beneficiary neighborhood SDI
quintiles increased so did the average driving and public transit times.

Average marginal effects from our GLM model showed that compared to beneficiaries
located in neighborhoods with SDI scores in the 1% quintile, beneficiaries in neighborhoods with
SDI scores in higher quintiles were significantly associated with shorter drive times to the
nearest NDPP (See Table 2). In comparison to beneficiaries living in neighborhoods with SDI
scores in the 1% quintile (least disadvantaged), beneficiaries living in neighborhoods with SDI
scores in the 5™ quintiles (most disadvantaged) had on average a 9.07 minute shorter drive time
(average marginal effect (AME):-9.07 mins; 95% CI:11.60 to -6.54) to the nearest NDPP. In
addition, beneficiaries that lived in micropolitan areas, compared to metropolitan areas also has
statistically significantly shorter drive times (AME:-5.71 mins; 95% CI:-9.23, -2.20) to the

nearest NDPP.
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Table 4.2 Associations Between Social Deprivation Index Quintile and Drive Time to the Nearest National Diabetes
Prevention Program for Beneficiaries with Prediabetes by Race and Ethnicity -Average Marginal Effects

Beneficiary
Characteristics

All Beneficiaries

AME (95% Cl)

Driving Time

Non-Hispanic Black

AME (95% Cl)

Non-Hispanic White

AME (95% Cl)

Other Race and
Ethnicity
AME (95% Cl)

SDI Quintile Category
Q1 (1to 10)
Q2(11 to 26)
Q3 (27 to 47)
Q4 (48 to 71)
Q5 (72 to 100)
SDI Quintile*Race and ethnicity
Q1 (1 to 10)*Race and ethnicity
Q2*Non-Hispanic White
Q2 *Non-Hispanic Black
Q2* Other Race and Ethnicity
Q3*Race and ethnicity
Q3*Non-Hispanic White
Q3 *Non-Hispanic Black
Q3* Other Race and Ethnicity
Q4*Race and ethnicity
Q4*Non-Hispanic White
Q4 *Non-Hispanic Black
Q4* Other Race and Ethnicity
Q5*Race and ethnicity
Q5*Non-Hispanic White
Q5 *Non-Hispanic Black
Q5*0ther Race and Ethnicity
Race and ethnicity
Non-Hispanic White
Non-Hispanic Black
Other Race and Ethnicity
Sex
Male
Female
Age
18 to 34 years
35 to 44 years
45 to 64 years
Insurance type
Medicaid
Commercial
Chronic Condition
No
Yes
Rurality
Metropolitan
Micropolitan
Rural
Average Travel Time
N

Reference
-5.53,-0.19)*
-4.80, 0.97)
-7.98, -2.41)**
-11.60, -6.54)**

-2.86
-1.91
-5.20
-9.07

Reference
-4.25 (-6.96, -1.54)**
-0.77 (-5.29, 3.74)
-3.15 (-5.98, -0.33)*

-4.89 (-8.05, -1.73)**
2.30 (-1.68, 6.29)
-1.56 (-4.83, 1.71)

-7.91 (-10.85, -4.97)**
-1.69 (-5.88, 2.49)
-3.65 (-6.19, -1.12)**

-12.03 (-14.79, -9.27)**

-5.15(-8.97, -1.34)**
-7.75 (-10.22, -5.29)**

Reference
-2.09 (-3.19, -1.00)**
-1.34 (-2.07, -0.60)**

Reference
-0.06 (-0.25, 0.13)

Reference
-0.05 (-0.44, 0.34)
-0.04 (-0.40, 0.31)

Reference
0.11 (-0.36, 0.58)

Reference
0.16 (-0.09, 0.41)

Reference
-5.71 (-9.23, -2.20)**
5.32(-0.43, 11.07)
14.40**
15, 527

Reference
-0.73 (-5.25, 3.78)
2.32(-1.67, 6.30)
-1.60 (-5.78, 2.59)
-5.03 (-8.83,-1.22)*

Reference
0.01 (-0.23, 0.26)

Reference
-0.17 (-0.65, 0.30)
-0.10(-0.57, 0.38)

Reference
0.55 (-0.03, 1.13)

Reference
-0.04 (-0.34, 0.26)

Reference
-5.98 (-8.80, -3.16)**
4.84 (-2.21, 11.90)
11.90**
5,698

Reference
-4.37 (-7.09, -1.66)**
-5.00 (-8.17, -1.84)**
-8.11 (-11.05, -5.17)**
-12.17 (-14.93, -9.40)**

Reference
-0.12 (-0.41, 0.17)

Reference
0.13 (-0.55, 0.82)
0.21 (-0.41, 0.83)

Reference
-0.71(-1.43,0.01)

Reference
0.28 (-0.09, 0.65)

Reference
-5.78 (-10.06, -1.49)**
5.64 (-0.54, 11.81)
16.80**
8,271

Reference
-3.16 (-6.02, -0.30)*
-1.60 (-4.90, 1.70)
-3.73 (-6.26, -1.20)**
-7.85 (-10.30, -5.40)**

Reference
-0.14 (-0.64, 0.36)

Reference
-0.14 (-1.30, 1.01)
-0.52 (-1.61, 0.56)

Reference
-0.26 (-1.26, 0.74)

Reference
0.40 (-0.15, 0.95)

Reference
-6.49 (-11.08, -1.89)**
7.57 (3.49, 11.65)**
14.60**
1,558
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Note: Higher quintiles indicate higher socioeconomic disadvantage. AME=Average marginal effect. Adjusted generalized linear log-link model with gamma
distribution specifying clustering at the zip code-level and controlling for the following covariates: sex, age, insurance type, chronic condition, and rurality.
The 15t (lowest) quintile for social deprivation index quintiles is the reference group. Statistical significance: * p < 0.05 **p<0.01

The interaction between SDI quintile and race and ethnicity revealed that drive times
were progressively shorter as the SDI scores increased. Beneficiaries living in neighborhoods
with SDI scores in the 5™ quintile (most disadvantaged) had the shortest drive times overall
compared to the 1% quintile (least disadvantaged) across all racial and ethnic groups. The largest
reduction in drive time to the nearest NDPP were among Non-Hispanic White beneficiaries
(AME:-12.03 mis; 95% CI:-14.79 to -9.27) compared to Non-Hispanic Black (AME: -5.15 mins;
95% CI:-8.97 to -1.34) and other racial and ethnic groups (AME:-7.75 mins; 95% CI:-10.22 to -
5.29) living in areas with SDI scores in the 5" quintile, which were statistically significant. In
our race and ethnicity stratified analyses, among Non-Hispanic Black beneficiaries, those living
in micropolitan areas had significantly shorter drive times (AME: -5.98 mins; 95% CI: -8.80, -
3.16) compared to those living in metropolitan areas which is consistent with findings from our
main model. This relationship was similar among Non-Hispanic White beneficiaries and those
from other racial and ethnic groups that lived in a micropolitan areas compared to metropolitan
areas (See Table 2).

In our public transit travel time estimates findings were similar to drive time estimates.
Compared to beneficiaries located in neighborhoods with SDI scores in the 1% quintile (least
disadvantaged), beneficiaries in areas with SDI scores in 2", 4" and 5™ quintile (most
disadvantaged) had on average significantly shorter public transit travel times to the nearest
NDPP (See Table 3). Beneficiaries living in neighborhoods with SDI scores in the 5™ quintile

(most disadvantaged) had significantly shorter public transit travel times (AME:-38.04 mins;
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95% CI: -55.16 to -20.92) to the nearest NDPP compared to those living in neighborhoods with
SDI scores in the 1% quintile. Compared to beneficiaries with Medicaid insurance, beneficiaries
with commercial insurance had significantly longer public transit travel times (AME:2.55 mins;
95% CI: 0.39 to 4.71) to the nearest NDPP. Beneficiaries living in rural areas had significantly
longer public transit travel times (AME:19.01 mins; 95% CI: 0.41 to 37.76) to the nearest NDPP
compared to beneficiaries living in metropolitan areas. We also find differences in public transit
travel time by race and ethnicity, with significantly shorter travel times (AME:-6.80 mins; 95%
Cl:-11.50, -2.10) for Non-Hispanic Black beneficiaries compared to Non-Hispanic White
beneficiaries.

The interaction between SDI quintile and race and ethnicity showed that public transit
travel times were also progressively shorter for beneficiaries in neighborhoods with higher SDI
scores. This is consistent with our drive time estimates. Similarly, the largest reduction in public
transit travel time to the nearest NDPP were among Non-Hispanic White beneficiaries (AME:-
39.16 mins; 95% CI: -55.27 to -23.05) compared to Non-Hispanic Black (AME:-37.32 mins;
95% CI:-62.11 to -12.52) and other racial and ethnic groups (AME:-36.13 mins; 95% CI:-49.00
to -23.25) and living in neighborhoods with SDI scores in the 5™ quintile compares to
neighborhoods with SDI scores in the 1% quintile (least disadvantaged), which were statistically
significant. However, differences in the magnitude of public transit travel times estimates for the
interaction between SDI scores and race and ethnicity were not as large between Non-Hispanic
White and Non-Hispanic Black beneficiaries compared to drive times estimates (1.84 mins vs.
6.88 mins respectively). In our stratified analyses we find some variations in public transit travel

time for some beneficiary characteristics among racial and ethnic groups.
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Table 4.3 Associations Between Neighborhood Socioeconomic Disadvantage and Public Transit Travel Time to
the Nearest National Diabetes Prevention Program for Beneficiaries with Prediabetes with Sub-analysis by Race and
Ethnicity — Average Marginal Effects

Beneficiary
Characteristics

Overall

AME (95% Cl)

Public Transportation Time

Non-Hispanic Black

AME (95% Cl)

Non-Hispanic White

AME (95% Cl)

Other Race and
Ethnicity
AME (95% Cl)

SDI Quintile Category
Q1 (1to 10)
Q2(11 to 26)
Q3 (27 to 47)
Q4 (48 to 71)
Q5 (72 to 100)

SDI Quintile*Race and

ethnicity

Q1 (1to 10)
Q2*Non-Hispanic White
Q2 *Non-Hispanic Black
Q2* Other Race and

Ethnicity

Q3*Race and ethnicity
Q3*Non-Hispanic White
Q3 *Non-Hispanic Black
Q3* Other Race and

Ethnicity

Q4*Race and ethnicity
Q4*Non-Hispanic White
Q4 *Non-Hispanic Black
Q4* Other Race and

Ethnicity

Q5*Race and ethnicity
Q5*Non-Hispanic White
Q5 *Non-Hispanic Black
Q5* Other Race and

Ethnicity

Race and Ethnicity
Non-Hispanic White
Non-Hispanic Black
Other Race and Ethnicity

Reference
-17.68 (-36.59, 1.23)
-10.90 (-29.85, 8.048)
-21.45 (-39.01, -3.89)*
-38.04 (-55.16, -20.92)**

Reference
-19.37 (-35.42, -3.33)*
-15.10 (-43.59, 13.39)
-20.94 (-38.32, -3.56)*

-21.50 (-38.01, -4.98)*
0.87 (-26.92, 28.67)
-13.24 (-31.46, 4.99)

-26.05 (-41.11, -11.00)**
-16.29 (-42.50, 9.93)
-22.71 (-35.66, -9.77)**

-39.16 (-55.27, -23.05)**
-37.32 (-62.11, -12.52)**
-36.13 (-49.00, -23.25)**

Reference
-6.80 (-11.50, -2.10)**
-2.77 (-6.15, 0.61)

Reference
-15.26 (-43.57, 13.05)
1.05 (-26.58, 28.69)
-16.19 (-42.25, 9.88)
-37.08 (-61.67, -12.49)**

Reference
-35.42,-3.32)*
-38.14, -5.21)*
-41.40, -11.36)**
-55.24,-22.97)**

-19.37
-21.68
-26.38
-39.12

Py

Reference
-37.89, -3.73)*
-31.19, 5.39)
-35.17, -9.51)**
-48.73,-23.19)**

-20.81
-12.90
-22.34
-35.96

P

Sex
Male
Female
Age
18 to 34 years
35 to 44 years
45 to 64 years
Insurance type
Medicaid
Commercial
Chronic Condition
No

Reference
-0.32 (-0.48, 1.11)

Reference
-2.01 (-4.15, 0.14)
-2.31(-4.29, -0.32)*

Reference
2.55(0.39, 4.71)*

Reference

Reference
-0.70 (-1.88,0.49)

Reference
-3.29 (-5.76, -0.82)**
-3.21 (-6.03, -0.38)*

Reference
3.64 (1.13, 6.14)**

Reference
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Reference
2.38 (0.84, 3.93)**

Reference
-0.05 (-3.24, 3.15)
-0.79 (-3.48, 1.90)

Reference
0.43 (-2.75, 3.60)

Reference

Reference
-3.61(-7.12,-0.11)*

Reference
3.89(-2.11, 9.89)
3.27 (-2.54, 9.07)

Reference
0.16 (-4.77, 5.09)

Reference




Yes 0.28 (-1.05, 1.62) 0.08 (-1.34, 1.49) 1.48 (-0.37,3.33) -3.33(-6.50, -0.16)*
Rurality
Metropolitan Reference Reference Reference Reference
Micropolitan -20.54 (-30.78, -10.29)**  -14.91 (-23.41, -6.41)** -24.03 (-36.31, -11.74)**  -29.18 (-44.44, -13.92)**
Rural 19.09 (0.41, 37.76)* 30.58 (7.33, 53.82)* 11.82 (-4.98, 28.62) 15.17 (-0.67, 31.00)
Average Travel Time 48.01** 39.64** 54.62** 53.78**
N 11, 047 4,812 5,089 1,146

Note: Higher quintiles indicate higher socioeconomic disadvantage. Adjusted generalized linear log-link model with gamma
distribution specifying clustering at the zip code-level and controlling for the following covariates: sex, age, insurance type,
chronic condition, and rurality. The 1st (lowest) quintile for social deprivation index quintiles is the reference group.
Statistical significance: * p < 0.05 **p<0.01

For example, Non-Hispanic White female beneficiaries have significantly longer public
transit travel time (AME: 2.38 mins; 95% CI: 0.84 to 3.93), while female beneficiaries from
other racial and ethnic groups had significantly shorter public transit travel times (-3.61 mins;
95% CI:-7.12 to -0.11) compared to their male counterparts. Non-Hispanic Black beneficiaries
ages 35 to 44 and 45 to 64 years of age had significantly shorter public transit travel time to the
nearest NDPP compared to those who were ages 18 to 34 years. However, among beneficiaries
form other racial and ethnic groups ages 35 to 44 and 45 to 64 years of age, public transit travel

time was longer to the nearest NDPP, thought this relationship was not statistically significant.

Discussion

We found that on average travel time to the nearest NDPP was reduced for beneficiaries
living in neighborhoods with higher levels of socioeconomic disadvantage, particularly in
neighborhood with the highest levels of socioeconomic disadvantage. The shortest travel time
estimates were among beneficiaries living in neighborhoods with SDI scores in the 5™ quintile
(most disadvantaged), regardless of travel mode (driving vs. public transit), across all racial and
ethnic groups. When we explored the interaction between beneficiary neighborhood SDI scores
and race and ethnicity we found that drive times were generally shorter among all racial and

ethnic groups. However, we found differences in the magnitude of drive time reductions, with
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the shortest drive times for Non-Hispanic White beneficiaries living in neighborhoods with SDI
scores in the 5™ quintile (by 12 mins) compared to Non-Hispanic Black beneficiaries living in
neighborhoods with SDI score in the 5™ quintile (5 mins shorter). These findings indicate that
the use of area-level deprivation indices such as SDI alone, is not sufficient, and that including
individual and neighborhood level estimates of race and ethnicity can uncover underlying
disparities which can impact access to NDPP. Prior research has also shown differences in travel

time to health care resources among Non-Hispanic Black and Non-Hispanic White patients.%>14

Our results also highlight disparities in accessing health resources based on travel mode.
We find the average travel time estimates for public transit travel times were longer compared to
drive time. Although this is to be expected, our average public transit travel time to the nearest
NDPP was 48 minutes, which is more than three times our average drive time estimates (14
mins). This is concerning for individuals who rely on public transportation to access health care
resources. Evidence from a study using a nationally representative sample showed the average
driving time to medical or dental care in urban and rural areas was roughly 21 and 27 minutes
respectively.®? Individuals that rely on public transportation to access health care resources have

also been found to be more likely to miss appointments or experience delayed care.1%810°

We hypothesized that beneficiaries in neighborhoods with higher levels of socioeconomic
disadvantage would have longer travel times to the nearest NDPP, however this study showed
that beneficiaries in neighborhoods with the highest levels of socioeconomic disadvantage had
shorter travel times to the nearest NDPP, which indicate NDPPs were widely available
throughout the state of MD. This is likely due to the statewide efforts to increase the capacity to
deliver NDPP by ensuring sites are located in areas of high need. The Medicaid Demonstration

implemented in Maryland from 2016 to 2019 laid the groundwork for integrating NDPP
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networks, leveraging multi-sector partnerships across payers and NDPP suppliers and health care
providers to facilitate NDPP access and drive utilization.*® During the first year of the
demonstration Medicaid beneficiaries at risk for developing type 2 diabetes were targeted which
may help to explain our findings. In 2019 through an 1115 HealthChoice Demonstration waiver
for Medicaid, Maryland continued to focus on increasing access to and use of NDPP among low-
income populations.*® It seems that targeting low-income populations at risk for type 2 diabetes
helped to expand the availability of NDPP sites within high need areas. States looking to address

inequities in access to NDPP should consider these strategies.

The reduction in travel time is also closely tied to the placement of NDPPs across MD. It
should be noted that although community-based NDPPs have been widely promoted,
organizations such as non-profits, employer-based, health systems or practices, and also faith-
based organizations have offered this program. However, the NDPP organizational type may not
necessarily impact program placement. In our study the 2019 NDPP sites in MD used as
destinations for beneficiary travel time estimates included 51 sites that were predominately
public health or community-based organizations and about one-third were affiliated with a health
system or practice. NDPPs affiliated with both public health and health systems were located in
both densely populated counties and rural counties across the state. In addition, although the
1115 HealthChoice Medicaid Demonstration waiver targeted Baltimore County, Baltimore City,
Prince George’s County, and Montgomery County, these represented less than half of the 2019
NDPPs included in our destination for travel time estimates. The availability of NDPPs is likely
driven by a combination of local public health initiatives at the county level to increase the
capacity to deliver NDPP and initiatives in the health care sector. For example, in 2019 the MD
Total Cost of Care Model’s Maryland Primary Care Program, which was designed to improve
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the quality of care in primary care settings, prioritized diabetes prevention and promoted the use
of NDPP.3849110 |y addition, in 2019 CDC recognized NDPPs became a Medicaid provider type
in MD.® This positioned programs to bill and be reimbursed through Medicaid, instead of going
through another party for reimbursement, and likely helped to incentivize the formation of NDPP
sites across the state. Implementing both public health and health sector initiatives is an approach

that can adopted by other states to ensure NDPP availability.

Our study had several limitations. First, no causal inferences can be made from our findings,
however they can be used to further explore how travel times to NDPP may vary based in
neighborhoods with higher levels of socioeconomic disadvantage. Our beneficiary location data
relied solely on ZCTA data, which used centroid estimates to determine travel time to the nearest
NDPP. Therefore, beneficiary travel time estimates may be underestimated or overestimated, still
they provide meaningful information for public health and statewide planning initiatives to
improve NDPP access. Due to limitations of the claims data, we were unable to control for
beneficiary income levels, which may have modified the relationship between SDI quintile and
travel time to the nearest NDPP. However, we do control for insurance type (Medicaid vs.
private insurance), which has often been used as a proxy measure for income level.** It should
also be noted that we did not have representation from every ZCTA within the state (406 out of
468), which excluded more rural areas of the state, therefore estimates comparing rural vs.
metropolitan variations in travel time are limited. NDPP site location relied solely on address
information from the CDC NDPP registry. Due to flexibility in NDPP organizational structures,
some sites may represent multiple locations that report up to the backbone entity which provides
its address to the CDC NDPP registry. This likely resulted in an undercount of NDPPs across
Maryland. Lastly, our study was limited to the Maryland. However, states engaging in similar
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work to increase NDPP availability, particularly in neighborhoods with higher levels of
socioeconomic disadvantage, can gain insight from the strategies used by Maryland to target

high need populations to ensure NDPP availability.

Conclusion

Beneficiaries living in neighborhoods with higher levels of socioeconomic disadvantage,
especially neighborhoods with the highest levels of socioeconomic disadvantage, had significant
reductions in drive time and public transit travel time to the nearest NDPP. However, we find
this varied across racial and ethnic groups. Maryland’s investments in diabetes prevention,
specifically NDPP appears to have ensured this program is available in neighborhoods with
higher levels of socioeconomic disadvantage. States looking to use NDPP as a diabetes
prevention strategy should consider how to best target NDPPs in areas of high need, which can
support access to this evidence-based program for a broader range of populations. States should
also consider how racial residential segregation might contribute to disparities in access to
NDPP. Future studies should examine how travel time to NDPP effect program utilization and
retention for individuals in neighborhoods with higher levels of socioeconomic disadvantage,
and how the neighborhood race and ethnicity composition might modify this relationship.
present an opportunity to further explore how diabetes prevention strategies are being

implemented in under resourced communities in Maryland.
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Chapter 5: Neighborhood Socioeconomic Disadvantage and Use of
Diabetes Prevention Interventions in Maryland

Abstract

Background: The National Diabetes Prevention Program (NDPP) has been established as an
evidence-based intervention for diabetes prevention, yet utilization of the program remains low.
There are a variety of factors that contribute to low program uptake. However, little is known
about the role neighborhood socioeconomic characteristics may play in NDPP utilization or
other diabetes prevention interventions such as metformin.

Purpose: This study explores the association between neighborhood socioeconomic
disadvantage and the use of diabetes prevention interventions among individuals with
prediabetes. The association between neighborhood socioeconomic disadvantage and the type of
diabetes prevention intervention used, specifically NDPP, metformin, or both is also estimated.
Data Methods: The Maryland Medical Care Data Base, which includes privately insured claims
data and Medicaid claims data from 2017 through 2019 were pooled and used to identify patients
diagnosed with prediabetes. Maryland health claims data were then linked with social
deprivation index 2015 data to measure beneficiary neighborhood socioeconomic disadvantage.
Claims for lifestyle change interventions such as nutrition counseling were used as a proxy
measure for NDPP. Three multivariate logistic regression models using SDI quintile were used
to predict beneficiary use of NDPP, metformin and any type of diabetes prevention intervention.
To compare the typed of diabetes prevention intervention used among beneficiaries a
multinomial logistic regression model estimating relative risk ratios was used to compare the use

of NDPP only and NDPP and metformin to beneficiaries that only used metformin(reference).

58



All models adjusted for beneficiary characteristics, including age, sex, race and ethnicity,
insurance type and chronic condition.

Results: Beneficiaries were significantly more likely to use some type of diabetes prevention
intervention (i.e., NDPP, metformin or both) if they lived in neighborhoods with SDI scores in
the 3rd quintile (OR=1.15; 95% CI:1.02 to 1.29), 4th quintile (OR=1.14; 95% CI:1.00 to 1.29) or
5th quintile (most disadvantaged) (OR=1.21; 95% CI:1.04 to 1.41) compared to beneficiaries
that lived in neighborhoods with SDI scores in the 1% quintile (least disadvantaged). This
relationship was similar for NDPP utilization. In our multinomial logistic regression model,
beneficiaries that lived in neighborhoods with SDI scores in the 5th quintile had a significantly
higher relative risk (RRR=1.49; 95% CI: 1.12 to 1.99) of using NDPP only versus metformin
only compared to beneficiaries living in neighborhoods with SDI scores in the 1st quintile.
Conclusion Our study found beneficiaries with prediabetes living in neighborhoods with the
higher levels of socioeconomic disadvantage were more likely to use NDPP. This was also true
among beneficiaries that used some type of diabetes prevention intervention, who had higher risk
of using NDPP only compared to metformin only if they lived in neighborhoods with higher
levels of socioeconomic disadvantage. Though these findings are specific to Maryland, states
invested in using NDPP as a diabetes prevention strategy should consider the role neighborhood
socioeconomic disadvantage may have on utilization of NDPP to ensure NDPPs are available in

areas of high need.
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Introduction

The establishment of the National Diabetes Prevention Program (NDPP) over a decade
ago has spurred investments from both public health and health care sectors to ensure access,
utilization and coverage for this evidence-based lifestyle change program?®~’ that has been shown
to delay the onset of diabetes.>? As of 2022, there are 18 states with statewide Medicaid
coverage for NDPP, 29 states with public employee coverage and 55 commercial health plans
that cover this diabetes prevention intervention.> Although it is estimated that 38% of adults in
the U.S. have prediabetes,® recent estimates show that on average only 5% of patients with
prediabetes are referred to NDPP or similar program and of those referred about 40%

participate.®

Alternative interventions for diabetes prevention include the medication metformin,
which has also had low utilization among patients with prediabetes.'® Although not FDA
approved for the treatment of prediabetes, health care providers rely on guidance from the
American Diabetes Association which recommends the use of metformin for individuals with
prediabetes who are high risk due to history of gestational diabetes, body mass index (BMI1)>35
or have not has desirable outcomes with a lifestyle modification intervention.* Over the past
fifteen years, evidence from studies using national estimates, large health systems have shown
that metformin use among patients with prediabetes has varied, ranging from 1% to 8% based on
patient characteristics.!%1?! Patients who are women, younger, have higher BMI, or had a
comorbid condition have been found to be more likely to use metformin of be prescribed
metformin by a health care provider. Given the high prevalence of prediabetes and low
utilization of both NDPP and metformin, it is important to identify barriers that may contribute to

the utilization of these diabetes prevention interventions.
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Transportation has been identified as a barrier for NDPP utilization and can
disproportionately impact those living in neighborhoods with higher levels of socioeconomic
disadvantage which has been found to be associated with longer travel times.? Neighborhood
socioeconomic disadvantage has also been shown to be associated with lower availability of
community-based organizations, including NDPPs.3232 Neighborhood socioeconomic
disadvantage has been used to describe areas challenged by limited economic, human capital, or
material resources,?® and is associated with not having a usual source of care and limited access
to preventative health screenings,?® and progression from prediabetes to diabetes.3!Neighborhood
socioeconomic disadvantage may also create barriers to NDPP access and utilization, which may
prompt health care providers to consider the use of metformin, particularly for individual with
prediabetes who are high risk. Understanding this relationship is important for states that have
invested in diabetes prevention, expanding NDPP coverage and looking to address barriers to

NDPP access and increase uptake.

Study Aims and Hypothesis

This study will examine the relationship between neighborhood socioeconomic
disadvantage and the utilization of diabetes prevention interventions (i.e., NDPP, metformin or
both). We hypothesize that beneficiaries living in neighborhoods with higher levels of

socioeconomic disadvantage will be more likely to have claims for metformin rather than NDPP.

Maryland has made extensive statewide investments in diabetes prevention and systems
to engage with health care providers and NDPPs to increase program use and a good setting to
explore this research. In addition to Maryland participating in the Medicaid NDPP

Demonstration in 2016, diabetes prevention has been prioritized in the Maryland Primary Care
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Program as part of the Total Cost of Care Model and the Diabetes Action Plan.*¢384%110 How to
measure neighborhood has not been explicitly defined’®8, but has been measured using various
geographic units such as census-block group, census tract, and ZIP Code Tabulated Areas
(ZCTAs) ® in research that has examined neighborhood socioeconomic disadvantage. This study
will use measure neighborhood socioeconomic disadvantage at the ZCTA level and use health
care claims data prior to the COVID-19 pandemic, which reduced health care utilization and

preventative screenings.'t112

Study Data and Methods

Data Source

The Maryland Medical Care Database (MCDB) which has private insurance claims for
the state of MD across all care settings and MD Medicaid Managed Care data from 2017 through
2019 were pooled and used to identify adults 18 to 64 years of age with a diagnosis of
prediabetes in a primary care setting. Eligibility, pharmacy and professional files were linked to
identify our study sample. Adults with prediabetes were defined using the International
Classification of Diseases (ICD)-10 codes that are used to diagnose prediabetes (i.e., R7301-
impaired fasting glucose, R7302-impaired glucose tolerance — oral, and R7303-prediabetes).
Although beneficiaries with a clinical diagnosis of gestational diabetes during a previous
pregnancy (and not currently pregnant) are eligible to enroll in NDPP, administrative claims data
presents challenges in identifying this population, therefore they were excluded from our sample.
Beneficiaries that were not enrolled for each full calendar year were excluded. Claims data were
also used to describe beneficiary characteristics including sex, age, race and ethnicity, insurance

type (commercial vs. Medicaid) and co-occurring chronic conditions associated with increased

62



risk for diabetes. MCDB and MD Medicaid Managed Care claims data were authorized for use
by the Maryland Health Care Commission under a Data Use Agreement with the University of
Maryland College Park School of Public Health.

Measures

Neighborhood Socioeconomic Disadvantage

The social deprivation index (SDI) was our primary predictor variable and used to
measure neighborhood socioeconomic disadvantage. SDI is geographic composite measure of
area-level deprivation developed by Butler and colleagues at the Robert Graham Center using
data from the American Community Survey (ACS) 5- year estimates which collects data on
demographic, social, economic, and housing characteristics of the U.S. population.®® SDI scores
area a continuous variable ranked from 1 (least disadvantaged) to 100 (most disadvantaged), and
are calculated directly at the ZCTA level using the following ACS variables: percent living in
poverty, percent with less than 12 years of education, percent single parent household, percent
living in rented housing unit, percent living in overcrowded housing unit, percent of households
without a car, and percent non-employed adults under 65 years of age.83% The most recent
publicly available SDI data uses ACS (2011-2015) 5-year estimates were used. SDI scores for

ZCTAs were linked to MD claims data using beneficiary 5-digit zip codes.

Diabetes Prevention Interventions

Diabetes prevention interventions included the use of NDPP, metformin or both, which
were used as our outcomes of interest. NDPP utilization was defined based on claims identified
using Current Procedural Terminology (CPT) codes and Healthcare Common Procedure Coding

System (HCPCS) codes developed by the Center for Medicare and Medicaid Services for
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medical coding and billing. In 2016 the CPT code 0403T was made available for use by CDC
recognized NDPP providers for in-person NDPP, then in 2018 CPT 0488T was made available
for online modes of NDPP.?? To address any issues related to provider adoption and usage of
NDPP CPT codes, in addition to using the recommended billing codes from the Maryland
Medicaid HealthChoice Diabetes Prevention Program, CPT codes recommended by a large
health plan for lifestyle change intervention such as nutrition counseling were also used as a
proxy for NDPP. Details on billing codes used can be found in Appendix Table A.1. NDPP use
was categorized as yes if beneficiaries had any NDPP claims for any of the designated billing
codes and no if there were no NDPP claims. Metformin use was defined based on pharmacy
claims using the National Drug Code for metformin hydrochloride only and no other
combinations of this drug. Metformin use was defined and yes if beneficiaries who had at least
one claim for metformin during a calendar year and no if there were no claims for metformin.
The use of both NDPP and metformin was categorized as yes if beneficiaries had claims for both

and no if there were no claims for both of these prediabetes prevention interventions.

Covariates of Interest

The selection of covariates was informed by Andersen’s Behavior Health Use model (R.
Andersen & Davidson, 2014). We controlled for predisposing variables such as sex and age
which was categorized as: 0) 18 to 44 years, 1) 45 to 64 years. Although our entire sample was
insured, insurance type, and enabling resource was also controlled and dichotomized as
commercial or Medicaid plan. To control for geographic variations in rurality, the 2010 Rural
Urban Commuting Area (RUCA) codes were used to define level of rurality. RUCA codes use a

census tract-based classification for commuting flow information to characterize all U.S. census
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tracts as metropolitan core to rural areas based on population density, urbanization and daily
commuter flow.** RUCA code files available for ZCTA were used to create a three-level
categorical rurality variable which was defined as: 0) metropolitan, 1) micropolitan, or 2) rural,
and were linked to beneficiaries by ZCTA. Racial and ethnic groups were categorized as: non-
Hispanic White, non-Hispanic Black, and other racial groups which included Asian, Hispanic,
multiracial, and racial and ethnic groups that could not be measured or identified due to small
sample size. Cardiometabolic conditions such as hypertension and hyperlipidemia have been
found to be a risk factor for the development of diabetes among individuals with prediabetes or
at risk for diabetes® and were used to defined chronic conditions in our sample. Chronic
conditions were defined using ICD — 10 codes for beneficiaries with prediabetes who also had a

diagnosis of hypertension or hyperlipidemia (i.e., E785), and was dichotomized as yes or no.

Statistical Analyses

Descriptive and bivariate analyses of beneficiary characteristics by SDI quintile and type
of diabetes prevention intervention used were performed including chi-square tests. SDI scores
of beneficiary neighborhoods were categorized into quintiles for ease of interpretation. The 5th
quintile represented areas with the most socioeconomic disadvantage, and the 1% quintile
represented areas with the least socioeconomic disadvantage and was designated as the

reference group for all models.

Three adjusted logistic regression models were estimated using SDI quintiles to predict
the use of NDPP (vs. no NDPP), metformin use (vs. no metformin), and the use of type of any
diabetes prevention intervention (vs. no intervention). Then we restricted our sample to

beneficiaries that used any type of diabetes prevention intervention (i.e., NDPP, metformin or
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both) and used an adjusted multinomial logistic regression model using beneficiary
neighborhood SDI quintiles to estimate the risk ratios for the type of using a particular diabetes
prevention intervention. A three level variable for mutually exclusive diabetes prevention
interventions was defined as: 0) metformin only, 1) metformin and NDPP, or 2) NDPP only, and
the outcome of interest for the adjusted multinomial model. Metformin only was used as the
reference group to calculate relative risk ratios (RRR) and simultaneously compare beneficiaries
that used metformin only to those that used both NDPP and metformin, and those that used
metformin only to NDPP only. Beneficiaries that did not use any diabetes prevention
intervention were excluded from the multinomial regression analysis. All models controlled for
sex, age, insurance type, race and ethnicity, chronic condition, claim year and used robust
clustered standard errors at the beneficiary zip code level to adjust for autocorrelation which may
be a concern for beneficiaries within the same zip code. Since over 95% of our sample were in
metropolitan areas, rurality was not controlled for in our models. The highest proportion of
NDPP use amongst insurance type and race and ethnicity groups were designated as the
reference group in our models. Statistical significance was evaluated at p<0.05. Data analyses
were performed using Stata MP16 (STATACorp LP, College Station, TX). This study was

approved by the University of Maryland Institutional Review Board.

Study Results

There were 48,442 beneficiaries with prediabetes in our sample. Most beneficiaries with
prediabetes used NDPP (61.7%), while 31.2% did not use any diabetes prevention intervention,
5.4% used both metformin and NDPP and 1.7% used metformin only (see Table 1). The

percentage of metformin use only was highest amongst beneficiaries ages 45 to 64 years
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(79.3%), female (57.5), Non-Hispanic White (55.2), with commercial insurance (85.2%), and no

chronic condition (54.1%).

Table 5.1 Descriptive Characteristics of Beneficiaries with Prediabetes by Type of Diabetes
Prevention Intervention (2017 to 2019)

‘ No. (%) of beneficiaries

Beneficiary Characteristics Total None Metformin Both NDPP P
Only Only
N=48,442 N=15,099 N=835 N=2,617 N=29,891
(100%) (31.2%) (1.7%) (5.4%) (61.7%)
Age
18 to 44 years 9,293 (19.2) 3,019(20.0) 173 (20.7) 626 (23.9) 5,475(18.3) <.01
45 to 64 years 39,149 (80.8) 12,080 (80.0) 662 (79.3) 1,991 (76.1) 24,416 (81.7)
Sex
Male 20,651 (42.6) 6,580 (43.6) 355 (42.5) 940 (35.9) 12,776 (42.7) <.01
Female 27,791 (57.4) 8,519 (56.4) 480 (57.5) 1,677 (64.1) 17,115 (57.3)
Race and ethnicity
Non-Hispanic Black 17,519 (36.2) 4,487 (29.7) 294 (35.2) 1,073 (41.0) 11,665 (39.0) <.01
Non-Hispanic White 26,397 (54.5) 8,996 (59.6) 461 (55.2) 1,289 (49.3) 15,651 (52.4)
Other Racial and ethnic 4,526 (9.3) 1,616 (10.7) 80 (9.6) 2,575 (9.7) 2,575 (8.6)
groups
Insurance type
Commercial 38,832 (80.2) 13,601 (90.1) 711 (85.2) 1,805 (69.0) 22,715 (76.0) <.01
Medicaid 9,610 (19.8) 1,498 (9.9) 124 (14.9) 12 (31.0) 7,176 (24.0)
Chronic Condition
No 21,614 (44.6) 8,496 (56.3) 452 (54.1) 1,003 (38.3) 11,663 (39.0) <.01
Yes 26,828 (55.4) 6,603 (43.7) 383 (45.9) 1,614 (61.7) 18,228 (61.0)

Note: NDPP= National Diabetes Prevention program. Both= utilization of metformin and NDPP. Chi-square
statistical test performed. Statistical significance: p < 0.05 and p<0.01
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Table 5.2 Characteristics of Beneficiaries with Prediabetes by Neighborhood Social Deprivation Index

Quintile
Beneficiary Overall Q1 Q2 Q3 Q4 Q5 P
Characteristics
(1to10) (11to26) (27to47) (48to71) (72to100)
N=48,442 N=9,922 N=10,055 N=9,139 N=9,712 N=9,614
% % % % % %
Any Prediabetes
Intervention
No 31.2 37.0 33.6 31.5 29.2 24.2 <.01
Yes 68.8 63.0 66.4 68.5 70.8 75.8
NDPP Use
No 32.9 39.0 35.4 334 30.9 25.6 <.01
Yes 67.1 61.0 64.6 66.6 69.1 74.4
Metformin Use
No 92.9 92.6 93.9 92.8 92.7 92.4 <.01
Yes 7.1 7.4 6.2 7.2 7.3 7.6
NDPP and Metformin
No 94.6 94.6 95.6 94.6 94.4 93.7 <.01
Yes 5.4 5.4 4.4 5.4 5.6 6.3
Age
18 to 44 years 19.2 14.7 18.1 18.8 21.7 22.8 <.01
45 to 64 years 80.8 85.3 81.9 81.2 78.3 77.3
Sex
Male 42.6 47.0 44.0 43.6 40.6 37.8 <.01
Female 57.4 53.0 56.0 56.4 59.4 62.2
Race and ethnicity
Non-Hispanic Black 36.2 13.0 26.3 27.5 49.7 65.0 <.01
Non-Hispanic White 54.5 74.0 62.5 62.6 42.1 30.8
Other Racial Groups 9.3 13.1 11.3 9.9 8.2 4.2
Insurance type
Medicaid 19.8 6.7 111 15.5 24.3 42.2 <.01
Commercial 80.2 93.3 88.9 84.5 75.8 57.8
Chronic Condition
No 44.6 47.7 43.3 45.6 443 42.3 <.01
Yes 55.4 52.3 56.7 54.4 55.7 57.7
Rurality
Metropolitan 96.2 99.7 94.7 96.8 94.6 95.3 <.01
Micropolitan 2.5 o 4.7 1.9 3.9 1.8
Rural 1.3 0.3 0.6 1.3 1.5 2.9

Note: **Cell count less than 10. Higher quintiles indicate higher levels of socioeconomic disadvantage. Chi-
square statistical test performed. Statistical significance: p < 0.05 and p<0.01
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The pattern was similar for NDPP use only, except NDPP use only was higher among
beneficiaries with a chronic condition (61%). In our chi-square analysis of beneficiary
characteristics by SDI quintile, the highest percent of NDPP use (74.4%), metformin use (7.6%),
NDPP and metformin use (6.3%) or the use of any prediabetes prevention intervention (75.8%)
were among beneficiaries living in neighborhoods with SDI scores in the 5" quintile (most

disadvantage) (See Table 2.).

In the logistic regression models, we found that beneficiaries living in neighborhoods
with SDI scores in the 3" quintile (OR=1.15; 95% CI:1.02 to 1.29) 4" quintile (OR=1.14; 95%
CI:1.00 to 1.29) or 5" quintile (OR=1.21; 95% CI:1.04 to 1.41) were statistically significantly
more likely to use some type of diabetes prevention intervention (NDPP, metformin or both)
versus no intervention, compared to those living in neighborhoods with SDI scores in the 1%
quintiles (least disadvantage) (See Table 3.) Beneficiaries were significantly more likely to use a
diabetes prevention intervention if they were 45 to 64 years of age (OR=1.10; 95% CI:1.04 to
1.17), female (OR=1.10; 95% CI:1.05 to 1.15) or have a chronic condition (OR=2.02; 95%
Cl:1.91 to 2.13). Diabetes prevention interventions were significantly less likely to be used if
beneficiaries had commercial insurance (OR=0.36; 95% CI:0.33 to 0.40), were Non-Hispanic
White (OR=0.84; 95% C1:0.79 to 0.90), or from other racial and ethnic groups (OR=0.84; 95%

C1:0.77t0 0.92).

In our logistic regression model examining the relationship between SDI quintiles and
NDPP use (vs. no NDPP use), findings were consistent with those from our model estimating the
use of any type of diabetes prevention intervention. We also find that beneficiaries were less

likely to use NDPP if they were Non-Hispanic White (OR=0.85; 95% CI:0.80, 0.91) or from
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other racial and ethnic groups (OR=0.86; 95% CI:0.78, 0.94) compared to Non-Hispanic Black

beneficiaries. In examining metformin use (vs. no metformin use) beneficiaries were statistically

Table 5.3 Associations between Social Deprivation Index Quintile and Type of Diabetes
Prevention Interventions Among Beneficiaries with Prediabetes

Beneficiary
Characteristics

Diabetes Prevention Intervention Used

Any vs. None

Odds Ratio (95% Cl)

NDPP vs. No NDPP

Odds Ratio (95% Cl)

Metformin vs. No
Metformin

Odds Ratio (95% Cl)

SDI Quintile Category
Q1 (1to 10)
Q2 (11 to 26)
Q3 (27 to 47)
Q4 (48 to 71)
Q5 (72 to 100)
Age
18 to 44 years
45 to 64 years
Sex
Male
Female
Race and ethnicity
Non-Hispanic Black
Non-Hispanic White
Other racial and
ethnic groups
Insurance type
Medicaid
Commercial
Chronic Condition
No
Yes
Year
2017
2018
2019

Reference
1.07 (0.96, 1.19)
1.15(1.02, 1.29)*
1.14 (1.00, 1.29)*
1.21(1.04, 1.41)*

Reference
1.10(1.04, 1.17)**

Reference
1.10 (1.05, 1.15)**

Reference
0.84 (0.79, 0.90)**
0.84 (0.77, 0.92)**

Reference
0.36(0.33, 0.40)**

Reference
2.02 (1.91, 2.13)**

Reference
0.84 (0.80, 0.88)**
0.85 (0.81, 0.89)**

Reference
1.08 (0.96, 1.20)
1.15(1.02, 1.30)*
1.15(1.02, 1.30)*

1.24 (1.06, 1.43)**

Reference
1.10(1.04, 1.17)**

Reference
1.10 (1.05, 1.15)**

Reference
0.85(0.80, 0.91)**
0.86 (0.78, 0.94)**

Reference
0.37 (0.33, 0.40)**

Reference
2.04 (1.94, 2.16)**

Reference
0.84 (0.80, 0.88)**
0.84 (0.80, 0.89)**

Reference
0.77 (0.66, 0.91)**
0.90(0.77, 1.05)
0.84 (0.73, 0.97)*
0.81 (0.67, 0.98)*

Reference
0.79 (0.72, 0.87)**

Reference
1.28(1.18, 1.38)**

Reference
0.94 (0.85, 1.04)
1.05 (0.89, 1.25)

Reference
0.65 (0.59, 0.72)**

Reference
1.19(1.10, 1.29)**

Reference
1.06 (0.98, 1.14)
1.18 (1.08, 1.28)**

Note: Higher quintiles indicate higher socioeconomic disadvantage. 2Any= NDPP, metformin or both. Adjusted logistic regression

models specifying clustering at the zip code-level and controlling for the following covariates: sex, age, insurance type, race and
ethnicity, chronic condition, and claims year. The 15t (lowest) quintile for social deprivation index quintiles is the reference

group.

Statistical significance: * p < 0.05 **p<0.01

significantly less likely to use metformin if they lived in neighborhoods with SDI scores

in the 2" quintile (OR=0.77; 95% CI:0.66 to 0.91), 4" quintile (OR=0.84; 95% CI:0.73 to 0.97)




or 5" quintile (OR=0.81; 95% CI:0.67 to 0.98) compared to beneficiaries living in
neighborhoods with SDI scores in the 1% quintiles (least disadvantage). Metformin use was also

less likely among beneficiaries ages 45 to 64 years (OR=0.79; 95% CI: 0.72 to 0.87) or with

commercial insurance (OR=0.65; 95% CI:0.59 to 0.72).

Table 5.4 Multinomial Logistic Regression Estimates of Diabetes Prevention
Intervention Type Among Beneficiaries with Prediabetes who Used NDPP only,
Metformin only or Both NDPP and Metformin

Beneficiary
Characteristics

NDPP and Metformin vs.

Metformin only
Relative Risk Ratio

NDPP only vs.
Metformin only
Relative Risk Ratio

(95% Cl) (95% Cl)
SDI Quintile Category
Q1 (1to 10) Reference Reference
Q2 (11 to 26) 0.84 (0.65, 1.09) 1.18 (0.92, 1.51)
Q3 (27 to 47) 0.97 (0.73, 1.29) 1.16 (0.88, 1.52)
Q4 (48 to 71) 1.02 (0.78, 1.34) 1.27(0.99, 1.63)
Q5 (72 to 100) 1.16 (0.82, 1.64) 1.49 (1.12, 1.99)**
Age
18 to 44 years Reference Reference
45 to 64 years 0.80 (0.66, 0.97)* 1.10(0.93, 1.31)
Sex
Male Reference Reference
Female 1.42 (1.21, 1.67)** 1.04 (0.91, 1.19)

Race and ethnicity
Non-Hispanic Black
Non-Hispanic White
Other racial and ethnic groups

Insurance type

Reference
1.04 (0.85, 1.27)
1.25(0.96, 1.64)

Reference
1.04 (0.89, 1.23)
1.06 (0.82, 1.39)

Medicaid Reference Reference

Commercial 0.40(0.31, 0.51)** 0.57 (0.46, 0.70)**
Chronic Condition

No Reference Reference

Yes 2.13(1.80, 2.52)** 1.86(1.62,2.12)**
Year

2017 Reference Reference

2018 1.03 (0.85, 1.25) 0.91 (0.78, 1.06)

2019 0.99 (0.82, 1.20) 0.79 (0.67, 0.94)**
N 33,343

Note: Higher quintiles indicate higher socioeconomic disadvantage. Adjusted multinomial regression models

specifying clustering at the zip code-level and controlling for the following covariates: sex, age, insurance type, race
and ethnicity, chronic condition, and claims year. The 15t (lowest) quintile for social deprivation index quintiles is the
reference group. Sample size=33,343. Statistical significance: * p < 0.05 **p<0.01
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Estimates from our adjusted multinomial model showed that beneficiaries living in
neighborhoods with SDI scores in the 4™ and 5™ quintiles had higher risk of using both NDPP
and metformin compared to metformin only compared to beneficiaries living in neighborhoods
with SDI scores in the 1% quintile (least disadvantaged). However, this was not statistically
significant. Beneficiaries had significantly higher risk of using use both NDPP and metformin
compared to metformin only if they were female (RRR=1.42; 95% CI:1.21 to 1.67) or had a
chronic condition (RRR=2.13; 95% CI:1.80 to 2.52). Beneficiaries that lived in neighborhoods
with SDI scores in the 5™ quintile (most disadvantaged) compared to those living in
neighborhoods with SDI scores in the 1% quintile (least disadvantaged) had a significantly higher

risk of using NDPP only compared to metformin only among (RRR=1.49; 95% CI: 1.12 to 1.99).

Discussion

Our study found beneficiaries with prediabetes living in neighborhoods with higher levels
of socioeconomic disadvantage were more likely to use some type of diabetes prevention
intervention (i.e., NDPP, metformin or both). Beneficiaries living in neighborhoods with the
higher levels of socioeconomic disadvantage were more likely to use NDPP and less likely to use
metformin. When we compared the three types of diabetes prevention interventions we found
that beneficiaries living in neighborhoods with the highest levels of socioeconomic disadvantage
were more likely to use NDPP only compared to metformin only. We also found Non-Hispanic
White beneficiaries were less likely to use NDPP compared to Non-Hispanic Black beneficiaries.
Prior research has shown that Black patients were more likely to be referred to lifestyle
modification interventions like medical nutrition therapy compared to White patients.?

However, some evidence has shown that Black patients are more likely to use metformin for
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diabetes prevention.?® Our findings also showed that beneficiaries insured by Medicaid were
also more likely to use NDPP only compared to metformin only. This finding is likely related to

diabetes prevention and NDPP promotion efforts specific to Maryland.

Although we expected beneficiaries living in neighborhoods with higher levels of
socioeconomic disadvantage to be more likely to use metformin compared to NDPP, these
findings highlight benefits of continued statewide investments in NDPP. During the Maryland
2016 Medicaid Demonstration project nine managed care organizations participated in the state’s
Medicaid managed care program, HealthChoice, created partnerships with NDPPs and targeted
areas of the with Medicaid beneficiaries with high rates of type 2 diabetes. These efforts
continued through an 1115 Medicaid HealthChoice demonstration waiver in 2019 which was
extended for five more years in 2022. NDPP has also been prioritized in Maryland’s Diabetes
Action Plan, and in the Maryland Primary Care Program, started in 2019 which includes a focus
on diabetes prevention and supports primary care practice transformation to improve quality of
care.®® There have also been investments made to support NDPP use through Maryland’s health
information exchange, Maryland CRISP-Chesapeake Regional Information System for Our
Patients, which uses provider alerts for patients with prediabetes to support bidirectional referrals
to NDPP.'® These investments and the targeted approach used by Maryland likely explains the
use of NDPP among beneficiaries insured by Medicaid and those living in neighborhoods with

higher levels of socioeconomic disadvantage.

Our study had several limitations. First, our sample included beneficiaries with billing
codes primarily for lifestyle modification interventions such as nutritional counseling instead of
NDPP specific codes for in-person or virtual offerings, which had very low usage in our sample.

This may highlight a larger issue around adoption of the NDPP billing code. Therefore, our
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findings may underestimate true NDPP use, however they proxy billing codes used provide
insight on provider referrals or engagement in services to address diabetes prevention. Additional
studies should examine the use and adoption of billing codes for in-person and virtual NDPP
offerings. Second, because we used claims data it is possible that diagnoses and metformin use
were misclassified. Third, we focused on claims for adults 18 to 64, which may not be
generalizable to Medicare beneficiaries. However, since NDPP is a covered by Medicare through
the Medicare Diabetes Prevention Program, future studies should explore the relationship
between neighborhood socioeconomic disadvantage and NDPP use among this population.
Lastly, these findings are specific to Maryland, and are likely not generalizable to other states.
Still states invested in using NDPP as a diabetes prevention strategy should consider the role

neighborhood socioeconomic disadvantage may have on utilization of NDPP.

Conclusion

Beneficiaries living in neighborhoods with higher levels of socioeconomic disadvantage
were significantly more likely to use NDPP and less likely to use metformin. Those living in
neighborhoods with higher levels of socioeconomic disadvantage were significantly more likely
to use NDPP only compared to metformin only as a diabetes prevention intervention. Our
findings indicate that neighborhood socioeconomic disadvantage may not create a barrier for
beneficiaries with prediabetes to use NPP or metformin to prevent type 2 diabetes. However, this
likely relies on states making long-term targeted investments that target low-income populations
at risk for diabetes to expand access to NDPP. Future studies should examine this relationship
across states that have had long-term investments in NDPP to better understand the impact of

stateside diabetes prevention policies, particularly coverage expansion efforts.
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Chapter 6: Conclusion

This study investigated the relationship between neighborhood socioeconomic disadvantage
and travel time the nearest NDPP and utilization of diabetes prevention intervention (i.e., NDPP,
metformin or both) among individuals with prediabetes. Neighborhood socioeconomic
disadvantage was measured using social deprivation index (SDI), composite measure of area
deprivation which captures seven population level variables related to socioeconomic deprivation
such as poverty, low educational attainment, and overcrowded housing. We examined the
association between area-level socioeconomic characteristics of PC practice location and travel
time to the nearest NDPP using population survey data and travel time estimates generated using
the Google Distance Matrix API with Google Maps Platform. Then, Maryland All-Payer claims
data were examined to investigate the association between neighborhood socioeconomic
disadvantage and travel time to the nearest NDPP among beneficiaries with prediabetes. Finally,
Maryland All-Payer claims data was evaluated to determine the associations between
neighborhood socioeconomic disadvantage and utilization of diabetes prevention intervention

(i.e., NDPP, metformin or both) among those with prediabetes over a three year period.

Key Findings

Aim 1: Examine the relationship between neighborhood socioeconomic disadvantage
and potential access to the NDPP using primary care providers geographic proximity to the
nearest NDPP site in Maryland. Primary care practices located in areas with higher levels of
socioeconomic disadvantage were significantly associated with shorter drive times to the nearest
NDPP site. This was consistent in estimates for travel time by public transportation. PC

practices located in areas with SDI scores in the 5th quintile (most disadvantaged) had
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significantly shorter travel times (by 51%) and public transit (by 65%) compared to PC practices
located in the areas with SDI scores in the 1st quintile (least disadvantaged). We also find that a
large proportion of PC practices were located in five counties and jurisdictions (i.e., Anne
Arundel, Baltimore, Montgomery, Prince Georges counties and Baltimore city), however, when
comparing these counties to all other counties in Maryland, we still find that PC practices located
in areas with SDI scores in the 5™ quintile (most disadvantaged) had shorter travel times to the
nearest NDPP compares to PC practices located in areas with SDI scores in the 1% quintile (least
disadvantaged) for both modes of travel (driving and public transit). In terms of geographical
differences, PC practices located in micropolitan areas were significantly associated with shorter
drive times to the nearest NDPP (by 37%) compared to PC practices in metropolitan areas. When
stratifying our analysis by PC practice locations by the percentage of Non-Hispanic Black
populations in their area (greater than 45% vs. less than 45%) we found that compared to the
lowest SDI quintile, PC practice locations in areas with SDI scores in the 3rd and 4th quintiles
has significantly longer drive time to the nearest NDPP. While PC practice locations in areas
with SDI scores in the 2" through 5" quintiles had significantly shorter drive times to the nearest

NDPP compared to areas with SDI scores in the 1% quintile (least disadvantaged).

Aim 2: Examine the relationship between neighborhood socioeconomic disadvantage
and potential access to the NDPP based on geographic proximity of individuals with
prediabetes to the nearest NDPP site in Maryland. We found that on average travel time to the
nearest NDPP was shorter for beneficiaries living in neighborhoods with higher levels of
socioeconomic disadvantage, particularly in neighborhood with the highest level of
socioeconomic disadvantage. The shortest travel time estimates were among beneficiaries living

in neighborhoods with SDI scores in the 5th quintile (most disadvantaged) regardless of travel
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mode (driving vs. public transit) and across all racial and ethnic groups. In comparison to
beneficiaries living in neighborhoods with SDI scores in the 1st quintile (least disadvantaged),
beneficiaries living in neighborhoods with SDI scores in the 5th quintiles (most disadvantaged)
had on average shorter drive times by 9 mins to the nearest NDPP. However, in examining the
interaction between beneficiary race and ethnicity and their neighborhood SDI scores we found
differences in the in the magnitude of reductions in drive time. On average the largest reduction
in drive time to the nearest NDPP were among Non-Hispanic White beneficiaries (by 12 mins)
compared to Non-Hispanic Black (by 5 mins) and other racial and ethnic groups (8 by mins)
living in neighborhoods with SDI scores in the 5th quintile (most disadvantaged), which were
statistically significant.

Travel time by public transit was significantly shorter among beneficiaries living in
neighborhoods with SDI scores in the 5th quintile (most disadvantaged), compared to
beneficiaries living in neighborhoods with SDI scores in the 1st quintile (least disadvantaged).
We found that overall, the average public transit travel time was 38 minutes to the nearest NDPP.
In exploring the interaction between beneficiary race and ethnicity and their neighborhood SDI
scores we found significantly shorter public transit travel time to the nearest NDPP among all
racial and ethnic groups that lived in neighborhoods with higher levels of socioeconomic
disadvantage. However, on average the largest reduction in public transit travel time to the
nearest NDPP were among Non-Hispanic White beneficiaries (by 39 mins) compared to Non-
Hispanic Black (by 37 mins) and other racial and ethnic groups (by 36 mins) living in
neighborhoods with SDI scores in the 5th quintile (most disadvantaged) compared to those in

neighborhoods with SDI scores in the 1% quintile, which were statistically significant.
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Aim 3: Examine the relationship between neighborhood socioeconomic disadvantage
and utilization of diabetes prevention interventions such as NDPP, metformin, or both among
individuals with prediabetes in Maryland. Our study found beneficiaries with prediabetes living
in neighborhoods with the higher levels of socioeconomic disadvantage were more likely to use
some type of diabetes intervention (i.e., NDPP, metformin or both), specifically NDPP.
Beneficiaries were significantly more likely to use a diabetes prevention intervention (i.e.,
NDPP, metformin or both) if they lived in neighborhoods with SDI scores in the 3rd quintile
(OR=1.15; 95% CI:1.02 to 1.29), 4th quintile (OR=1.14; 95% CI:1.00 to 1.29) or 5th quintile
(OR=1.21; 95% CI:1.04 to 1.41) compared to beneficiaries that lived in neighborhoods with SDI
scores in the 1st quintile (least disadvantaged). NDPP was significantly more likely to be used if
beneficiaries lived in neighborhoods with SDI scores in the 3rd quintile (OR=1.15; 95% CI:1.02
to 1.30), 4th quintile (OR=1.15; 95% CI:1.02 to 1.30) or 5th quintile (OR=1.24; 95% CI:1.06 to
1.43) compared to beneficiaries that lived in neighborhoods with SDI scores in the 1st quintile
(least disadvantaged). We then found beneficiaries were significantly less likely to use
metformin if they lived in neighborhoods with SDI scores in the 2nd quintile (OR=0.77; 95%
Cl:0.66 to 0.91), 4th quintile (OR=0.84; 95% CI:0.73 to 0.97) and 5th quintile (OR=0.81; 95%
Cl:0.67 to 0.98) compared to beneficiaries that lived in neighborhoods with SDI scores in the 1st
quintiles (least disadvantaged). Finally, in our multinomial analysis that compared the types of
diabetes prevention interventions to using metformin only, beneficiaries that lived in
neighborhoods with SDI scores in the 5th quintile (most disadvantaged) had a significantly
higher risk of using NDPP use only versus metformin use only (RRR=1.49; 95% CI: 1.12 to
1.99) compared to those living in neighborhoods with SDI scores in the 1st quintile (least

disadvantaged). Beneficiaries had a higher risk of using both NDPP and metformin compared to
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metformin only if they lived in neighborhoods with SDI scores in the 4th and 5th quintile (most

disadvantaged), however this was not statistically significant.

Policy Implications

Our findings are a departure from prior research which has typically shown that
neighborhoods with higher levels of neighborhoods socioeconomic disadvantage have been
associated with reduced access to health care resources or adverse health outcomes.?%31104.124 pC
practice locations and beneficiaries with prediabetes living in neighborhoods with higher levels
of socioeconomic disadvantage having shorter travel times to NDPP sites is likely the result of
years of targeted diabetes prevention interventions in Maryland. Although our findings are not
generalizable to other states, they can inform statewide diabetes prevention population health
strategies that can be adopted by other states that develops the infrastructure to ensure NDPP
availability in areas of high need. This research also highlights the need to make long-term
investments in ensuring NDPP is covered. Currently, there are 22 out of 50 states that have some
level of Medicaid coverage for NDPP.%® To address disparities in access to this program for
marginalized populations, it is important for states to leverage Medicaid to cover NDPP. In
addition to covering Medicaid, states should also be strategic about how they use cross-sector
collaboration to increase NDPP capacity and consider putting resources in place to support
primary care providers, practices, and health systems to refer patients to NDPP. Establishing
resources and infrastructure to support bidirectional referrals between NDPP and health care
providers can help sustain NDPPs that generally rely on referrals. States that have established
NDPP as a Medicaid benefit should consider where primary care providers are located with
respect to where NDPPs are and how travel time estimates rather than distance to NDPPs may

create barriers for populations that have limited transportation resources.
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Areas for Future Research

Additional research should examine the relationship between neighborhood
socioeconomic disadvantage across other states that have invested in NDPP, particularly those
that have covered NDPP as a Medicaid benefit for as long or longer than Maryland (e.g., Oregon,
California). A comparative analysis between states that cover NDPP through Medicaid and those
that do not could help measure the effect of implementing diabetes prevention policies that target
low-income populations with prediabetes. It is also imperative to understand how differences in
state Medicaid billing and reimbursement structures contribute to the availability of NDPP
providers. States like Maryland have established NDPP as a provider type in Medicaid and may
be better positioned to increase the volume of NDPP providers to meet population demands to
support utilization of this evidence-based diabetes prevention program compared to states
restricting NDPP providers to existing Medicaid provider types (e.g., health system) which can
limit program uptake.'?® Future studies must also consider the impact the COVID-19 pandemic
had on the availability and accessibility of NDPPs, particularly in-person offerings. Although our
research focused primarily on in-person NDPP, future research should be done to further
characterize patients and neighborhood socioeconomic characteristics associated with in-person
vs virtual NDPPs. This study reinforced that strong public health and health system infrastructure
built by long-term investments in statewide NDPP coverage, cross-sector partnerships, and

targeting high risk populations is a viable population health strategy for diabetes prevention.
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Appendix A.

Appendices

Table A.1 Count and Percentage of Primary Care Practices within Maryland Counties and
Jurisdictions by Social Deprivation Index Quintiles

No. (%) of Primary care practices

County Q1 Q2 Q3 Q4 Q5 Total
(1to017) (18t034) (35to50) (51to72) (75to 100)

N=366 N=307 N=359 N=385 N=263 N=1680

n (%) n (%) n (%) n (%) n (%) n (%)
Allegany 0(0) 0(0) 2(0.6) 34 (8.8) 0 36 (2.1)
Anne Arundel 60 (16.4) 13 (4.2) 50 (13.9) 34 (8.8) 7(2.7) 164 (9.8)
Baltimore 39 (10.7) 51(16.6) 104 (29.0) 55 (14.3) 0 249 (14.8)
Baltimore City 0(0) 2(0.7) 0 26 (6.8) 139(52.9) 167 (9.9)
Calvert 5 (1.47) 6 (2.0) 10 (2.8) 0 0 21 (1.3)
Caroline 2 (0.6) 1(0.3) 0 9 (2.3) 4 (1.5) 16 (1.0)
Carroll 24 (6.6) 39 (12.7) 0 0 0 63 (3.8)
Cecil 0 (0) 4(1.3) 19 (5.3) 1(0.3) 0 24 (1.4)
Charles 20 (5.5) 11 (3.6) 1(0.3) 15 (3.9) 0 47 (2.8)
Dorchester 0 0 0 2 (0.5) 11 (4.2) 13 (0.8)
Frederick 11 (3.0) 3(1.0) 43 (12.0) 8(2.1) 0 65 (3.9)
Garrett 0 0 9(2.5) 0 0 9(0.5)
Harford 37 (10.1) 6 (2.0) 17 (4.7) 7(1.8) 0 67 (4.0)
Howard 30(8.2) 56 (18.2) 0 0 0 86 (5.1)
Kent 0 0 7(2.0) 0 0 7 (0.4)
Montgomery 84 (23.0)  43(14.0) 60(16.7) 69 (17.9) 22(8.4) 278 (16.6)
Prince Georges 29 (7.9) 36 (11.7) 0 76 (19.7) 44 (16.7)  185(11.0)
Queen Annes 12 (3.3) 0 0 0 0(0) 12 (0.7)
Somerset 0 1(0.3) 0 0 5(1.9 6 (0.4)
St. Mary's 10 (2.7) 10 (3.3) 0 2 (0.5) 0 22 (1.3)
Talbot 0 1(0.3) 20 (5.6) 0 0 21 (1.3)
Washington 3(0.8) 4(1.3) 17 (4.7) 0 25 (9.5) 49 (2.9)
Wicomico 0 0 0 47 (12.2) 0 47 (2.8)
Worcester 0 20 (6.5) 0 0 6 (2.3) 26 (1.6)
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Table A.2 Billing Codes Used to Define Lifestyle Change Programs and Diagnostic Codes for

Prediabetes

Billing or Diagnosis Category

CPT or ICD-10 Code

Diabetes Prevention Program*#%:427

0403T; 99412; G98733; G9874; G9875; G9876;
G9877

Diabetes Prevention Program
(Online)'26:127

0488T; 99421; 99422; 99423; 98970; 98971,
98972

Lifestyle Modification Codes!?8129

99401; 99402; 99403; 99404; 99411; 99429; 97802;
97803; S9470; 97804, 99201; 99202; 99203; 99401-
99404, 99201-99215

Impaired fasting glucose*° R7301
Impaired glucose tolerance - Oral**® | R7302
Prediabetes!® R7303

Notes: CPT= Current Procedural Terminology; ICD= International Classification of

Diseases

82




10.

11.

Bibliography

Knowler, W. C., Barrett-Connor, E., Fowler, S. E., Hamman, R. F., Lachin, J. M., Walker, E.
A., & Nathan, D. M. (2002). Reduction in the incidence of type 2 diabetes with lifestyle
intervention or metformin. The New England Journal of Medicine, 346(6), 393-403.
Knowler, W. C., Fowler, S. E., Hamman, R. F., Christophi, C. A., Hoffman, H. J.,
Brenneman, A. T., Brown-Friday, J. O., Goldberg, R., Venditti, E., & Nathan, D. M. (2009).
10-year follow-up of diabetes incidence and weight loss in the Diabetes Prevention Program
Outcomes Study. Lancet (London, England), 374(9702), 1677-1686.
https://doi.org/10.1016/S0140-6736(09)61457-4

Burd, C., Brown, N. C., Puri, P., & Sanghavi, D. (2017). A Centers for Medicare & Medicaid
Services Lens Toward Value-Based Preventive Care and Population Health. Public Health
Reports, 132(1), 6-10. https://doi.org/10.1177/0033354916681508

Konchak, J. N., Moran, M. R., O’Brien, M. J., Kandula, N. R., & Ackermann, R. T. (2016).
The State of Diabetes Prevention Policy in the USA Following the Affordable Care Act.
Current Diabetes Reports, 16(6), 55. https://doi.org/10.1007/s11892-016-0742-6

Kramer, M. K., Kriska, A. M., Venditti, E. M., Miller, R. G., Brooks, M. M., Burke, L. E.,
Siminerio, L. M., Solano, F. X., & Orchard, T. J. (2009). Translating the Diabetes Prevention
Program: A Comprehensive Model for Prevention Training and Program Delivery. American
Journal of Preventive Medicine, 37(6), 505-511.
https://doi.org/10.1016/j.amepre.2009.07.020

O’Brien, M. J., Bullard, K. M., Zhang, Y., Gregg, E. W., Carnethon, M. R., Kandula, N. R.,
& Ackermann, R. T. (2018). Performance of the 2015 US Preventive Services Task Force
Screening Criteria for Prediabetes and Undiagnosed Diabetes. Journal of General Internal
Medicine, 33(7), 1100-1108. https://doi.org/10.1007/s11606-018-4436-4

Vojta, D., Koehler, T. B., Longjohn, M., Lever, J. A., & Caputo, N. F. (2013). A coordinated
national model for diabetes prevention: Linking health systems to an evidence-based
community program. American Journal of Preventive Medicine, 44(4), S301-S306.

Centers for Disease Control and Prevention. (2022, June 29). National Diabetes Statistics
Report website. Accessed January 13, 2023. https://www.cdc.gov/diabetes/data/statistics-
report/index.html

Adams, R., Hebert, C. J., McVey, L., & Williams, R. (2016). Implementation of the YMCA
Diabetes Prevention Program throughout an Integrated Health System: A Translational
Study. The Permanente Journal, 20(4). https://doi.org/10.7812/TPP/15-241

Brokaw, S. M., Carpenedo, D., Campbell, P., Butcher, M. K., Furshong, G., Helgerson, S.
D., Harwell, T. S., & the Montana Cardiovascular Disease and Diabetes Prevention
Workgroup. (2015). Effectiveness of an Adapted Diabetes Prevention Program Lifestyle
Intervention in Older and Younger Adults. Journal of the American Geriatrics Society, 63(6),
1067-1074. https://doi.org/10.1111/jgs.13428

Brunisholz, K. D., Kim, J., Savitz, L. A., Hashibe, M., Gren, L. H., Hamilton, S., Huynh, K.,
& Joy, E. A. (2017). A Formative Evaluation of a Diabetes Prevention Program Using the

83


https://doi.org/10.1016/S0140-6736(09)61457-4
https://doi.org/10.1177/0033354916681508
https://doi.org/10.1007/s11892-016-0742-6
https://doi.org/10.1016/j.amepre.2009.07.020
https://doi.org/10.1007/s11606-018-4436-4
https://www.cdc.gov/diabetes/data/statistics-report/index.html
https://www.cdc.gov/diabetes/data/statistics-report/index.html
https://doi.org/10.1111/jgs.13428

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

RE-AIM Framework in a Learning Health Care System, Utah, 2013-2015. Preventing
Chronic Disease, 14, E58. https://doi.org/10.5888/pcd14.160556

Ackermann, R. T., Kang, R., Cooper, A. J., Liss, D. T., Holmes, A. M., Moran, M., & Saha,
C. (2019). Effect on Health Care Expenditures During Nationwide Implementation of the
Diabetes Prevention Program as a Health Insurance Benefit. Diabetes Care, 42(9), 1776—
1783. https://doi.org/10.2337/dc18-2071

Alva, M. L., Hoerger, T. J., Jeyaraman, R., Amico, P., & Rojas-Smith, L. (2017). Impact of
the YMCA of the USA diabetes prevention program on Medicare spending and utilization.
Health Affairs, 36(3), 417-424.

Herman, W. H. (2015). The cost-effectiveness of diabetes prevention: Results from the
Diabetes Prevention Program and the Diabetes Prevention Program Outcomes Study.
Clinical Diabetes and Endocrinology, 1, 9. https://doi.org/10.1186/s40842-015-0009-1
Herman, W. H., Edelstein, S. L., Ratner, R. E., Montez, M., Ackermann, R. T., Orchard, T.
J., Foulkes, M. A., Zhang, P., Saudek, C., & Brown, M. B. (2012). The 10-Year Cost-
Effectiveness of Lifestyle Intervention or Metformin for Diabetes Prevention: An intent-to-
treat analysis of the DPP/DPPOS. Diabetes Care; Alexandria, 35(4), 723-730.
http://dx.doi.org/10.2337/dc11-1468

Khan, T., Tsipas, S., & Wozniak, G. (2017). Medical Care Expenditures for Individuals with
Prediabetes: The Potential Cost Savings in Reducing the Risk of Developing Diabetes.
Population Health Management, 20(5), 389-396. https://doi.org/10.1089/pop.2016.0134
Laxy, M., Zhang, P., Ng, B. P., Shao, H., Ali, M. K., Albright, A., & Gregg, E. W. (2020).
Implementing Lifestyle Change Interventions to Prevent Type 2 Diabetes in US Medicaid
Programs: Cost Effectiveness, and Cost, Health, and Health Equity Impact. Applied Health
Economics and Health Policy, 18(5), 713-726. https://doi.org/10.1007/s40258-020-00565-w
Ali, M. K., Bullard, K. M., Imperatore, G., Benoit, S. R., Rolka, D. B., Albright, A. L., &
Gregg, E. W. (2019). Reach and Use of Diabetes Prevention Services in the United States,
2016-2017. JAMA Network Open, 2(5), €193160—e193160.
https://doi.org/10.1001/jamanetworkopen.2019.3160

Cannon, M. J., Masalovich, S., Ng, B. P., Soler, R. E., Jabrah, R., Ely, E. K., & Smith, B. D.
(2020). Retention Among Participants in the National Diabetes Prevention Program Lifestyle
Change Program, 2012—-2017. Diabetes Care, 43(9), 2042—-2049.
https://doi.org/10.2337/dc19-2366

Chambers, E. C. (2015). Increasing Referrals to a YMCA-Based Diabetes Prevention
Program: Effects of Electronic Referral System Modification and Provider Education in
Federally Qualified Health Centers. Preventing Chronic Disease, 12.
https://doi.org/10.5888/pcd12.150294

Chambers, E. C., Rehm, C. D., Correra, J., Garcia, L. E., Marquez, M. E., Wylie-Rosett, J., &
Parsons, A. (2017). Peer Reviewed: Factors in Placement and Enrollment of Primary Care
Patients in YMCA'’s Diabetes Prevention Program, Bronx, New York, 2010-2015.
Preventing Chronic Disease, 14.

Holliday, C. S., Williams, J., Salcedo, V., & Kandula, N. R. (2019). Clinical Identification
and Referral of Adults With Prediabetes to a Diabetes Prevention Program. Preventing
Chronic Disease, 16. https://doi.org/10.5888/pcd16.180540

84



https://doi.org/10.5888/pcd14.160556
https://doi.org/10.1007/s40258-020-00565-w

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Nhim, K., Khan, T., Gruss, S. M., Wozniak, G., Kirley, K., Schumacher, P., Luman, E. T., &
Albright, A. (2018). Primary care providers’ prediabetes screening, testing, and referral
behaviors. American Journal of Preventive Medicine, 55(2), e39-e47.

Nhim, K., Gruss, S. M., Porterfield, D. S., Jacobs, S., Elkins, W., Luman, E. T., Van Aacken,
S., Schumacher, P., & Albright, A. (2019). Using a RE-AIM framework to identify
promising practices in National Diabetes Prevention Program implementation.
Implementation Science, 14(1), 81. https://doi.org/10.1186/s13012-019-0928-9

Chaufan, C., Constantino, S., & Davis, M. (2012). ‘It’s a full time job being poor’:
Understanding barriers to diabetes prevention in immigrant communities in the USA. Critical
Public Health, 22(2), 147-158. https://doi.org/10.1080/09581596.2011.630383

Strauss, K., MacLean, C., Troy, A., & Littenberg, B. (2006). Driving distance as a barrier to
glycemic control in diabetes. Journal of General Internal Medicine, 21(4), 378-380.
https://doi.org/10.1111/j.1525-1497.2006.00386.x

Littenberg, B., Strauss, K., MacLean, C. D., & Troy, A. R. (2006). The use of insulin
declines as patients live farther from their source of care: Results of a survey of adults with
type 2 diabetes. BMC Public Health, 6(1), 198. https://doi.org/10.1186/1471-2458-6-198
Kirby, J. B., & Kaneda, T. (2005). Neighborhood Socioeconomic Disadvantage and Access
to Health Care. Journal of Health and Social Behavior, 46(1), 15-31.
https://doi.org/10.1177/002214650504600103

Shavers, V. L. (2007). Measurement of socioeconomic status in health disparities research.
Journal of the National Medical Association, 99(9), 1013-1023.

Ross, C. E., & Mirowsky, J. (2001). Neighborhood Disadvantage, Disorder, and Health.
Journal of Health and Social Behavior, 42(3), 258-276. https://doi.org/10.2307/3090214
Schmittdiel, J. A., Dyer, W. T., Marshall, C. J., & Bivins, R. (2018). Using Neighborhood-
Level Census Data to Predict Diabetes Progression in Patients with Laboratory-Defined
Prediabetes. The Permanente Journal, 22. https://doi.org/10.7812/TPP/18-096
Jayapaul-Philip, B. (2018). Availability of the National Diabetes Prevention Program in
United States Counties, March 2017. Preventing Chronic Disease, 15.
https://doi.org/10.5888/pcd15.180063

Zepka, B., Anis, M., Keith, J. D., Barksdale, D., & Rivera, C. (2019). Using Geographic
Information Systems to Highlight Diabetes Prevention Program Expansion Areas in
Pennsylvania. Preventing Chronic Disease, 16. https://doi.org/10.5888/pcd16.180493
Massey, D. S. (2001). Residential segregation and neighborhood conditions in US
metropolitan areas. America becoming: Racial trends and their consequences, 1(1), 391-434.
Sapra, K. J., Wunderlich, K., & Haft, H. (2019). Maryland Total Cost of Care Model:
Transforming Health and Health Care. JAMA, 321(10), 939-940.
https://doi.org/10.1001/jama.2019.0895

Maryland Department of Health. (2020). Maryland Diabetes Action Plan. Retrieved
November 11, 2020. https://phpa.health.maryland.gov/CCDPC/Pages/diabetes-action-
plan.aspx

Maryland Medicaid Administration (n.d.). 1115 HealthChoice Waiver Renewal. Retrieved
October 24, 2021, from https://health.maryland.gov/mmcp/Pages/1115-HealthChoice-
Waiver-Renewal.aspx

85


https://doi.org/10.1186/s13012-019-0928-9
https://doi.org/10.2307/3090214
https://doi.org/10.7812/TPP/18-096
https://doi.org/10.5888/pcd15.180063

38. Neall, R., Haft, H., Perman, C., Sowinski-Rice, A., Bowden, S., & Gruber, E. (2020).
Maryland Primary Care Program Annual Report 2019. Maryland Department of Health.

39. Ritchie, N. D., & Swigert, T. J. (2016). Establishing an Effective Primary Care Provider
Referral Network for the National Diabetes Prevention Program. AADE in Practice, 4(4),
20-25. https://doi.org/10.1177/2325160316647707

40. Martin-Misener, R., Valaitis, R., Wong, S. T., MacDonald, M., Meagher-Stewart, D.,
Kaczorowski, J., O-Mara, L., Savage, R., Austin, P., & Team, the S. P. H. C. through P. H.
and P. C. C. (2012). A scoping literature review of collaboration between primary care and
public health. Primary Health Care Research & Development, 13(4), 327—-346.
https://doi.org/10.1017/S1463423611000491

41. Temple, R. O., Carvalho, J., & Tremont, G. (2006). A national survey of physicians’ use of
and satisfaction with neuropsychological services. Archives of Clinical Neuropsychology,
21(5), 371-382. https://doi.org/10.1016/j.acn.2006.05.002

42. Valaitis, R., Meagher-Stewart, D., Martin-Misener, R., Wong, S. T., MacDonald, M.,
O’Mara, L., Baumann, A., Brauer, P., Green, M., Kaczorowski, J., Savage, R., Austin, P.,
MacLellan, K., McNeil, K., Murray, N., Isaacs, S., Chau, L., & The Strengthening Primary
Health Care through Primary Care and Public Health Collaboration Team. (2018).
Organizational factors influencing successful primary care and public health collaboration.
BMC Health Services Research, 18(1), 420. https://doi.org/10.1186/s12913-018-3194-7

43. Allory, E., Lucas, H., Maury, A., Garlantezec, R., Kendir, C., Chapron, A., & Fiquet, L.
(2020). Perspectives of deprived patients on diabetes self-management programmes delivered
by the local primary care team: A qualitative study on facilitators and barriers for
participation, in France. BMC Health Services Research, 20(1), 855.
https://doi.org/10.1186/s12913-020-05715-3

44. Association, A. D. (2020). Standards of Medical Care in Diabetes—2020 Abridged for
Primary Care Providers. Clinical Diabetes, 38(1), 10-38. https://doi.org/10.2337/cd20-as01

45. Ali, M. K., Bullard, K. M., Saydah, S., Imperatore, G., & Gregg, E. W. (2018).
Cardiovascular and renal burdens of prediabetes in the USA: Analysis of data from serial
cross-sectional surveys, 1988-2014. The Lancet. Diabetes & Endocrinology, 6(5), 392—403.
https://doi.org/10.1016/S2213-8587(18)30027-5

46. American Diabetes Association. (2018). Economic Costs of Diabetes in the U.S. in 2017.
Diabetes Care, 41(5), 917-928. https://doi.org/10.2337/dci18-0007

47. Centers for Disease Control and Prevention. (2018). CDC Diabetes Prevention Recognition
Program, Standards and Operating Procedures. 51.

48. Centers for Disease Control and Prevention. (2021). Diabetes Prevention Recognition
Program Standards and Operating Procedures.
https://www.cdc.gov/diabetes/prevention/pdf/dprp-standards.pdf

49. Porterfield, D., Jacobs, S., Farrell, K., Yarnoff, B., Strazza, K., Elkins, W., Suvada, K.,
Emery, K., & AB Peterson, G. (2018). Evaluation of the Medicaid Coverage for the National
Diabetes Prevention Program Demonstration Project.

50. Carris, N. W., Cheng, F., & Kelly, W. N. (2017). The changing cost to prevent diabetes: A
retrospective analysis of the Diabetes Prevention Program. Journal of the American
Pharmacists Association, 57(6), 717-722.

86


https://doi.org/10.1177/2325160316647707
https://doi.org/10.1017/S1463423611000491
https://doi.org/10.1186/s12913-018-3194-7
https://doi.org/10.1186/s12913-020-05715-3
https://doi.org/10.1016/S2213-8587(18)30027-5
https://doi.org/10.2337/dci18-0007
https://www/

51.

52.

53.

54.

55.

56.

S7.

58.

59.

60.

61.

62.

63.

ElSayed, N. A., Aleppo, G., Aroda, V. R., Bannuru, R. R., Brown, F. M., Bruemmer, D.,
Collins, B. S., Hilliard, M. E., Isaacs, D., Johnson, E. L., Kahan, S., Khunti, K., Leon, J.,
Lyons, S. K., Perry, M. L., Prahalad, P., Pratley, R. E., Seley, J. J., Stanton, R. C., ... on
behalf of the American Diabetes Association. (2022). 3. Prevention or Delay of Type 2
Diabetes and Associated Comorbidities: Standards of Care in Diabetes—2023. Diabetes
Care, 46(Supplement_1), S41-S48. https://doi.org/10.2337/dc23-S003

Porterfield, D. S., Hinnant, L., Stevens, D. M., & Moy, E. (2010). The Diabetes Primary
Prevention Initiative Interventions Focus Area: A Case Study and Recommendations.
American Journal of Preventive Medicine, 39(3), 235-242.
https://doi.org/10.1016/j.amepre.2010.05.005

Auerbach, J. (2016). The 3 Buckets of Prevention. Journal of Public Health Management and
Practice : JPHMP, 22(3), 215-218. https://doi.org/10.1097/PHH.0000000000000381

Centers for Disease Control and Prevention. (2022, September 26). National Diabetes
Profile. https://www.cdc.gov/diabetes/programs/stateandlocal/state-diabetes-
profiles/national.html

National DPP Coverage Toolkit. (2023, February 1). Participating Payers and Employers.
National DPP Coverage Toolkit. https://coveragetoolkit.org/participating-payers/

American Medical Association. (n.d.). Prevent Diabetes STAT | Health Care Professionals.
Prevent Diabetes STAT. Retrieved November 10, 2020, from
http://www.preventdiabetesstat.org

Centers for Disease Control and Prevention. (2022, September 21). Prevalence of Prediabetes
Among Adults | Diabetes | CDC. https://www.cdc.gov/diabetes/data/statistics-
report/prevalence-of-prediabetes.htmi

National DPP Coverage Toolkit. (2020, December 7). Timeline for the National DPP - 1996
to 2016. National DPP Coverage Toolkit. https://coveragetoolkit.org/about-national-
dpp/timeline/

Rehm, C. D., Marquez, M. E., Spurrell-Huss, E., Hollingsworth, N., & Parsons, A. S. (2017).
Lessons from launching the diabetes prevention program in a large integrated health care
delivery system: A case study. Population Health Management, 20(4), 262—270.

Ackermann, R. T., Finch, E. A., Brizendine, E., Zhou, H., & Marrero, D. G. (2008).
Translating the Diabetes Prevention Program into the community. The DEPLOY Pilot Study.
American Journal of Preventive Medicine, 35(4), 357-363.
https://doi.org/10.1016/j.amepre.2008.06.035

Ali, M. K., Echouffo-Tcheugui, J. B., & Williamson, D. F. (2012). How Effective Were
Lifestyle Interventions In Real-World Settings That Were Modeled On The Diabetes
Prevention Program? Health Affairs, 31(1), 67—75. https://doi.org/10.1377/hlthaff.2011.1009
Hosler, A. S., & Michaels, I. H. (2014). Spatial Access to Faith-based Diabetes Intervention
for Guyanese Adults in Schenectady, New York. The Diabetes Educator, 40(4), 526-532.
https://doi.org/10.1177/0145721714533828

Calkins, L. E., Michelson, I. R., & Corso, A. S. (2013). Provider proximity as a predictor of
referral rate and success. Psychological Services, 10(4), 395-400.
https://doi.org/10.1037/a0029988

87


https://doi/
https://doi.org/10.1016/j.amepre.2010.05.005
https://doi.org/10.1097/PHH.0000000000000381
https://coveragetoolkit.org/participating-payers/
http://www/
https://www.cdc.gov/diabetes/data/statistics-report/prevalence-of-prediabetes.html
https://www.cdc.gov/diabetes/data/statistics-report/prevalence-of-prediabetes.html
https://coveragetoolkit.org/about-national-dpp/timeline/
https://coveragetoolkit.org/about-national-dpp/timeline/
https://doi.org/10.1377/hlthaff.2011.1009
https://doi.org/10.1177/0145721714533828
https://doi.org/10.1037/a0029988

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.
77.

78.
79.

VanderWielen, L. M., Gilchrist, E. C., Nowels, M. A., Petterson, S. M., Rust, G., & Miller,
B. F. (2015). Not Near Enough: Racial and Ethnic Disparities in Access to Nearby
Behavioral Health Care and Primary Care. Journal of Health Care for the Poor and
Underserved, 26(3), 1032-1047. https://doi.org/10.1353/hpu.2015.0083

Johnson, E. P., Dunn, M., Cooper, M., & Bhakta, N. (2019). Diabetes Prevention Program
Sites Compared With Diabetes Prevalence and Ratio of Primary Care Physicians in Texas.
Preventing Chronic Disease, 16. https://doi.org/10.5888/pcd16.190175

Penchansky, R., & Thomas, J. W. (1981). The concept of access: Definition and relationship
to consumer satisfaction. Medical Care, 127-140.

Saurman, E. (2016). Improving access: Modifying Penchansky and Thomas’s Theory of
Access. Journal of Health Services Research & Policy, 21(1), 36-39.
https://doi.org/10.1177/1355819615600001

Andersen, R., & Davidson, P. (2014). Improving access to care in America: Individual and
contextual indicators. Changing the US Health Care System: Key Issues in Health Services
Policy and Management, 2007.

Andersen, R. M. (1995). Reuvisiting the Behavioral Model and Access to Medical Care: Does
it Matter? Journal of Health and Social Behavior, 36(1), 1-10.
https://doi.org/10.2307/2137284

Charns, M. P., Benzer, J. K., MciIntosh, N. M., Mohr, D. C., Singer, S. J., & Gurewich, D.
(2022). A Multi-site Case Study of Care Coordination Between Primary Care and Specialty
Care. Medical Care, 60(5), 361-367. https://doi.org/10.1097/MLR.0000000000001704
Swaroop, S., & Morenoff, J. D. (2006). Building Community: The Neighborhood Context of
Social Organization. Social Forces, 84(3), 1665-1695. https://doi.org/10.1353/s0f.2006.0058
Aday, L. A., & Andersen, R. M. (1981). Equity of access to medical care: A conceptual and
empirical overview. Medical Care, 4-27.

Guagliardo, M. F. (2004). Spatial accessibility of primary care: Concepts, methods and
challenges. International Journal of Health Geographics, 3(1), 3.
https://doi.org/10.1186/1476-072X-3-3

Bissonnette, L., Wilson, K., Bell, S., & Shah, T. I. (2012). Neighbourhoods and potential
access to health care: The role of spatial and aspatial factors. Health & Place, 18(4), 841—
853. https://doi.org/10.1016/j.healthplace.2012.03.007

Implementing CDC’s 6|18 Initiative: A Resource Center. (2019, December). Maryland:
Aligning Implementation of the National Diabetes Prevention Program Across Payers and
Health Systems. Implementing CDC’s 6|18 Initiative: A Resource Center.
http://www.618resources.chcs.org/618-initiative-in-action/maryland-aligning-
implementation-of-the-national-diabetes-prevention-program-across-payers-and-health-
systems/

Cromley, E. K., & McLafferty, S. (2012). GIS and public health (2" ed). The Guilford Press.
Diez Roux, A. V. (2001). Investigating Neighborhood and Area Effects on Health. American
Journal of Public Health, 91(11), 1783-1789. https://doi.org/10.2105/AJPH.91.11.1783
Meade, M. S., & Emch, M. (2010). Medical geography (3rd ed). Guilford Press.

Berkowitz, S. A., Traore, C. Y., Singer, D. E., & Atlas, S. J. (2015). Evaluating Area-Based
Socioeconomic Status Indicators for Monitoring Disparities within Health Care Systems:

88



https://doi.org/10.1353/hpu.2015.0083
https://doi.org/10.5888/pcd16.190175
https://doi.org/10.1097/MLR.0000000000001704
https://doi.org/10.1353/sof.2006.0058
https://doi.org/10.1186/1476-072X-3-3
https://doi.org/10.1016/j.healthplace.2012.03.007
http://www.618resources.chcs.org/618-initiative-in-action/maryland-aligning-implementation-of-the-national-diabetes-prevention-program-across-payers-and-health-systems/
http://www.618resources.chcs.org/618-initiative-in-action/maryland-aligning-implementation-of-the-national-diabetes-prevention-program-across-payers-and-health-systems/
http://www.618resources.chcs.org/618-initiative-in-action/maryland-aligning-implementation-of-the-national-diabetes-prevention-program-across-payers-and-health-systems/
https://doi.org/10.2105/AJPH.91.11.1783

80.
81.

82.

83.

84.

85.

86.

87.
88.

89.

90.

91.

92.

Results from a Primary Care Network. Health Services Research, 50(2), 398-417.
https://doi.org/10.1111/1475-6773.12229

Perman, C. (2020). Applying to Participate in MDPCP 2021. 52.

Wang, F., & Xu, Y. (2011). Estimating O-D travel time matrix by Google Maps API:
Implementation, advantages, and implications. Annals of GIS, 17(4), 199-209.
https://doi.org/10.1080/19475683.2011.625977

Google Maps Platform. (2023, February 16). Distance Matrix API developer guide. Distance
Matrix APl Developer Guide. https://developers.google.com/maps/documentation/distance-
matrix/distance-matrix

Butler, D. C., Petterson, S., Phillips, R. L., & Bazemore, A. W. (2013). Measures of Social
Deprivation That Predict Health Care Access and Need within a Rational Area of Primary
Care Service Delivery. Health Services Research, 48(2ptl1), 539-559.
https://doi.org/10.1111/j.1475-6773.2012.01449.x

Phillips, R. L., Liaw, W., Crampton, P., Exeter, D. J., Bazemore, A., Vickery, K. D.,
Petterson, S., & Carrozza, M. (2016). How Other Countries Use Deprivation Indices—And
Why The United States Desperately Needs One. Health Affairs, 35(11), 1991-1998.
https://doi.org/10.1377/hlthaff.2016.0709

Social deprivation index (SDI). Robert Graham Center - Policy Studies in Family Medicine
& Primary Care. (2018, November 5). Retrieved November 20, 2021, from
https://www.graham-center.org/rgc/maps-data-tools/sdi/social-deprivation-index.html.
Bureau, U. C. (n.d.). American Community Survey 5-Year Data (2009-2019). The United
States Census Bureau. Retrieved December 21, 2020, from
https://www.census.gov/data/developers/data-sets/acs-5year.htmi

Centers for Disease Control and Prevention. (2020). Diabetes Report Card 2019. 26.
Maryland Department of Health. (2021, July). Chronic Disease Burden Tables 2019.
https://health.maryland.gov/phpa/ccdpc/Reports/Documents/MD-
BRESS/Chronic%20Disease%20Burden%20Tables%202019%20Final.pdf

Chan, K. S., Gaskin, D. J., McCleary, R. R., & Thorpe, R. J. J. (2019). Availability of Health
Care Provider Offices and Facilities in Minority and Integrated Communities in the U.S.
Journal of Health Care for the Poor and Underserved, 30(3), 986—1000.
https://doi.org/10.1353/hpu.2019.0069

Gaskin, D. J., Dinwiddie, G. Y., Chan, K. S., & McCleary, R. (2012). Residential segregation
and disparities in health care services utilization. Medical Care Research and Review:
MCRR, 69(2), 158-175. https://doi.org/10.1177/1077558711420263

U.S. Department of Agriculture Economic Research Service. (n.d.). USDA ERS - 2010
Rural-Urban Commuting Area (RUCA) Codes. Retrieved March 22, 2021, from
https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes/documentation/
Probst, J. C., Laditka, S. B., Wang, J.-Y., & Johnson, A. O. (2007). Effects of residence and
race on burden of travel for care: Cross sectional analysis of the 2001 US National
Household Travel Survey. BMC Health Services Research, 7, 40.
https://doi.org/10.1186/1472-6963-7-40

89


https://do/
https://do/
https://developers.google.com/maps/documentation/distance-matrix/distance-matrix
https://developers.google.com/maps/documentation/distance-matrix/distance-matrix
https://www.graham-center.org/rgc/maps-data-tools/sdi/social-deprivation-index.html
https://health.maryland.gov/phpa/ccdpc/Reports/Documents/MD-BRFSS/Chronic%20Disease%20Burden%20Tables%202019%20Final.pdf
https://health.maryland.gov/phpa/ccdpc/Reports/Documents/MD-BRFSS/Chronic%20Disease%20Burden%20Tables%202019%20Final.pdf
https://doi.org/10.1353/hpu.2019.0069
https://doi.org/10.1177/1077558711420263
https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes/documentation/
https://doi/

93. Durfey, S. N. M., Kind, A. J. H., Buckingham, W. R., DuGoff, E. H., & Trivedi, A. N.
(2019). Neighborhood disadvantage and chronic disease management. Health Services
Research, 54(S1), 206-216. https://doi.org/10.1111/1475-6773.13092

94. Kurani, S. S., Lampman, M. A., Funni, S. A., Giblon, R. E., Inselman, J. W., Shah, N. D.,
Allen, S., Rushlow, D., & McCoy, R. G. (2021). Association Between Area-Level
Socioeconomic Deprivation and Diabetes Care Quality in US Primary Care Practices. JAMA
Network Open, 4(12), e2138438. https://doi.org/10.1001/jamanetworkopen.2021.38438

95. Liaw, W., Krist, A. H., Tong, S. T., Sabo, R., Hochheimer, C., Rankin, J., Grolling, D.,
Grandmont, J., & Bazemore, A. W. (2018). Living in “Cold Spot” Communities Is
Associated with Poor Health and Health Quality. The Journal of the American Board of
Family Medicine, 31(3), 342-350. https://doi.org/10.3122/jabfm.2018.03.170421

96. Cunningham, S. A., Patel, S. A., Beckles, G. L., Geiss, L. S., Mehta, N., Xie, H., &
Imperatore, G. (2018). County-level contextual factors associated with diabetes incidence in
the United States. Annals of Epidemiology, 28(1), 20-25.e2.
https://doi.org/10.1016/j.annepidem.2017.11.002

97. Dinwiddie, G. Y., Gaskin, D. J., Chan, K. S., Norrington, J., & McCleary, R. (2013).
Residential segregation, geographic proximity and type of services used: Evidence for
racial/ethnic disparities in mental health. Social Science & Medicine, 80, 67—75.
https://doi.org/10.1016/j.socscimed.2012.11.024

98. Maryland State Archives. (2022, September 1). Maryland Population. Retrieved December
19, 2022 from: https://msa.maryland.gov/msa/mdmanual/01glance/html/pop.htmi#county

99. Golovaty, 1., Wadhwa, S., Fisher, L., Lobach, 1., Crowe, B., Levi, R., & Seligman, H. (2021).
Reach, engagement and effectiveness of in-person and online lifestyle change programs to
prevent diabetes. BMC Public Health, 21(1), 1314. https://doi.org/10.1186/s12889-021-
11378-4

100. Halley, M. C., Petersen, J., Nasrallah, C., Szwerinski, N., Romanelli, R., & Azar, K. M. J.
(2020). Barriers and Facilitators to Real-world Implementation of the Diabetes Prevention
Program in Large Healthcare Systems: Lifestyle Coach Perspectives. Journal of General
Internal Medicine, 35(6), 1684—-1692. https://doi.org/10.1007/s11606-020-05744-y

101. Ahluwalia, S. C., Friedman, E., Siconolfi, D., Saliba, D., Phillips, J., & Shih, R. (2021).
Promises and Pitfalls of Health Information Technology for Home- and Community-Based
Services. Journal of Applied Gerontology, 40(5), 558-565.
https://doi.org/10.1177/0733464820941364

102. Bauerly, B. C., McCord, R. F., Hulkower, R., & Pepin, D. (2019). Broadband Access as a
Public Health Issue: The Role of Law in Expanding Broadband Access and Connecting
Underserved Communities for Better Health Outcomes. The Journal of Law, Medicine &
Ethics, 47(2_suppl), 39-42. https://doi.org/10.1177/1073110519857314

103. Hirko, K. A., Kerver, J. M., Ford, S., Szafranski, C., Beckett, J., Kitchen, C., & Wendling,
A. L. (2020). Telehealth in response to the COVID-19 pandemic: Implications for rural
health disparities. Journal of the American Medical Informatics Association, 27(11), 1816—
1818. https://doi.org/10.1093/jamia/ocaal56

104. Christine, P. J., Auchincloss, A. H., Bertoni, A. G., Carnethon, M. R., Sanchez, B. N.,
Moore, K., Adar, S. D., Horwich, T. B., Watson, K. E., & Diez Roux, A. V. (2015).

90



https://doi.org/10.1111/1475-6773.13092
https://doi.org/10.1001/jamanetworkopen.2021.38438
https://doi.org/10.3122/jabfm.2018.03.170421
https://doi.org/10.1016/j.annepidem.2017.11.002
https://doi.org/10.1016/j.socscimed.2012.11.024
https://msa.maryland.gov/msa/mdmanual/01glance/html/pop.html#county
https://doi.org/10.1186/s12889-021-11378-4
https://doi.org/10.1186/s12889-021-11378-4
https://doi.org/10.1007/s11606-020-05744-y
https://doi.org/10.1177/0733464820941364
https://doi.org/10.1177/1073110519857314
https://doi.org/10.1093/jamia/ocaa156

Longitudinal Associations Between Neighborhood Physical and Social Environments and
Incident Type 2 Diabetes Mellitus: The Multi-Ethnic Study of Atherosclerosis (MESA).
JAMA Internal Medicine, 175(8), 1311-1320.
https://doi.org/10.1001/jamainternmed.2015.2691

105.Link, B. G., & Phelan, J. (1995). Social conditions as fundamental causes of disease. Journal
of Health and Social Behavior, 80-94.

106. 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(3pt2), 1278-1299. https://doi.org/10.1111/].1475-6773.2012.01410.x

107. Williams, D. R., & Collins, C. (1995). US Socioeconomic and Racial Differences in Health:
Patterns and Explanations. Annual Review of Sociology, 21(1), 349-386.
https://doi.org/10.1146/annurev.s0.21.080195.002025

108. Rask, K. J., Williams, M. V., Parker, R. M., & McNagny, S. E. (1994). Obstacles Predicting
Lack of a Regular Provider and Delays in Seeking Care for Patients at an Urban Public
Hospital. JAMA, 271(24), 1931-1933. https://doi.org/10.1001/jama.1994.03510480055034

109. Silver, D., Blustein, J., & Weitzman, B. C. (2012). Transportation to Clinic: Findings from a
Pilot Clinic-Based Survey of Low-Income Suburbanites. Journal of Immigrant and Minority
Health, 14(2), 350-355. https://doi.org/10.1007/s10903-010-9410-0

110. Haft, H. M., Perman, C., & Adashi, E. Y. (2020). The Maryland Primary Care Program—A
Blueprint for the Nation? JAMA Health Forum, 1(10), e201326-€201326.Williams, D. R., &
Collins, C. (2001). Racial Residential Segregation: A Fundamental Cause of Racial
Disparities in Health. Public Health Reports, 116(5), 404-416.
https://doi.org/10.1093/phr/116.5.404

111.Fedewa, S. A, Star, J., Bandi, P., Minihan, A., Han, X., Yabroff, K. R., & Jemal, A. (2022).
Changes in Cancer Screening in the US During the COVID-19 Pandemic. JAMA Network
Open, 5(6), €2215490. https://doi.org/10.1001/jamanetworkopen.2022.15490

112.Laing, S., & Johnston, S. (2021). Estimated impact of COVID-19 on preventive care service
delivery: An observational cohort study. BMC Health Services Research, 21(1), 1107.
https://doi.org/10.1186/s12913-021-07131-7

113. Grubesic, T. H., & Matisziw, T. C. (2006). On the use of ZIP codes and ZIP code tabulation
areas (ZCTAs) for the spatial analysis of epidemiological data. International Journal of
Health Geographics, 5, 58. https://doi.org/10.1186/1476-072X-5-58

114.Ray, K. N., Chari, A. V., Engberg, J., Bertolet, M., & Mehrotra, A. (2015). Disparities in
Time Spent Seeking Medical Care in the United States. JAMA Internal Medicine, 175(12),
1983-1986. https://doi.org/10.1001/jamainternmed.2015.4468

115. National Governors Association. (2022, August 22). State Strategies on Preventing and
Managing Type 2 Diabetes: A State Playbook. National Governors Association.
https://www.nga.org/publications/state-strategies-on-preventing-and-managing-type-2-
diabetes-a-state-playbook/

116. National DPP Coverage Toolkit. (2022, December 19). Maryland Medicaid Demonstration
Project. National DPP Coverage Toolkit. https://coveragetoolkit.org/Maryland-profile/

117.Marcin, J. P., Schembri, M. S., He, J., & Romano, P. S. (2003). A Population-Based
Analysis of Socioeconomic Status and Insurance Status and Their Relationship With

91



https://doi.org/10.1001/jamainternmed.2015.2691
https://doi.org/10.1111/j.1475-6773.2012.01410.x
https://doi.org/10.1146/annurev.so.21.080195.002025
https://doi.org/10.1001/jama.1994.03510480055034
https://doi.org/10.1007/s10903-010-9410-0
https://doi.org/10.1093/phr/116.5.404
https://doi.org/10.1001/jamanetworkopen.2022.15490
https://doi/
https://doi.org/10.1186/1476-072X-5-58
https://doi.org/10.1001/jamainternmed.2015.4468
https://www.nga.org/publications/state-strategies-on-preventing-and-managing-type-2-diabetes-a-state-playbook/
https://www.nga.org/publications/state-strategies-on-preventing-and-managing-type-2-diabetes-a-state-playbook/
https://coveragetoolkit/

Pediatric Trauma Hospitalization and Mortality Rates. American Journal of Public Health,
93(3), 461-466.

118. Moin, T., Schmittdiel, J. A., Flory, J. H., Yeh, J., Karter, A. J., Kruge, L. E., Schillinger, D.,
Mangione, C. M., Herman, W. H., & Walker, E. A. (2018). Review of Metformin Use for
Type 2 Diabetes Prevention. American Journal of Preventive Medicine, 55(4), 565-574.
https://doi.org/10.1016/j.amepre.2018.04.038

119.Chiou, T. T., Ge, Y., & Romley, J. A. (2022). Trends in Metformin Use Among Patients
With Prediabetes: 2008-2020. Diabetes Care, 46(1), el—e2. https://doi.org/10.2337/dc22-
0985

120.Moin, T., Li, J., Duru, O. K., Ettner, S., Turk, N., Keckhafer, A., Ho, S., & Mangione, C. M.
(2015). Metformin Prescription for Insured Adults With Prediabetes From 2010 to 2012,
Annals of Internal Medicine, 162(8), 542-548. https://doi.org/10.7326/M14-1773

121. Speaker, S. L., Rastogi, R., Sussman, T. A., Hu, B., Misra-Hebert, A. D., & Rothberg, M. B.
(2021). Treatment of Patients with Prediabetes in a Primary Care Setting 2011-2018: An
Observational Study. Journal of General Internal Medicine, 36(4), 923-929.
https://doi.org/10.1007/s11606-020-06354-4

122. American Medical Association. (2018). CPT code Guidance: National DPP lifestyle change
program. https://amapreventdiabetes.org/sites/default/files/uploaded-files/DPP%20CPT-
FAQ.PDF

123.Wu, J., Ward, E., Threatt, T., & Lu, Z. K. (2017). Metformin prescribing in low-income and
insured patients with prediabetes. Journal of the American Pharmacists Association, 57(4),
483-487. https://doi.org/10.1016/j.japh.2017.04.008

124.Roux, A. V. D., Merkin, S. S., Arnett, D., Chambless, L., Massing, M., Nieto, F. J., Sorlie,
P., Szklo, M., Tyroler, H. A., & Watson, R. L. (2001). Neighborhood of Residence and
Incidence of Coronary Heart Disease. New England Journal of Medicine, 345(2), 99-106.
https://doi.org/10.1056/NEJM200107123450205

125. National DPP Coverage Toolkit. (2021, April 6). Deciding Whether to Create a New
Provider Type. https://coveragetoolkit.org/wp-content/uploads/2021/04/Deciding-Whether-
to-Create-a-New-Provider-Type.pdf

126. Centers for Medicare & Medicaid Services. Medicare Diabetes Prevention Program
(MDPP) Quick Reference Guide to Payment and Billing. Published January 1, 2018.
Accessed April 14, 2023. https://innovation.cms.gov/files/x/mdpp-billingpayment-
refquide.pdf

127. American Medical Association. CPT® code guidance National DPP lifestyle change
program. Published 2018. Accessed April 14, 2023.
https://amapreventdiabetes.org/sites/default/files/uploaded-files/DPP%20CPT-FAQ.PDF

128. BlueCross BlueShield of Minnesota. REIMBURSEMENT POLICY Weight Management
Care, Nutritional Counseling and Medical Nutrition Therapy. Published 2020. Accessed
April 14, 2023. https://www.bluecrossmn.com/sites/default/files/DAM/2020-
07/General%20Coding%20034_Weight%20Management%20Care.Nutritional%20Counselin
9%20and%20Nutrition%20Therapy 05.09.2018.pdf

92


https://doi/
https://doi.org/10.2337/dc22-0985
https://doi.org/10.2337/dc22-0985
https://doi.org/10.7326/M14-1773
https://doi.org/10.1007/s11606-020-06354-4
https://amapreventdiabetes.org/sites/default/files/uploaded-files/DPP%20CPT-FAQ.PDF
https://amapreventdiabetes.org/sites/default/files/uploaded-files/DPP%20CPT-FAQ.PDF
https://doi.org/10.1016/j.japh.2017.04.008
https://doi.org/10.1056/NEJM200107123450205
https://coveragetoolkit.org/wp-content/uploads/2021/04/Deciding-Whether-to-Create-a-New-Provider-Type.pdf
https://coveragetoolkit.org/wp-content/uploads/2021/04/Deciding-Whether-to-Create-a-New-Provider-Type.pdf
https://innovation.cms.gov/files/x/mdpp-billingpayment-refguide.pdf
https://innovation.cms.gov/files/x/mdpp-billingpayment-refguide.pdf
https://amapreventdiabetes.org/sites/default/files/uploaded-files/DPP%20CPT-FAQ.PDF
https://www.bluecrossmn.com/sites/default/files/DAM/2020-07/General%20Coding%20034_Weight%20Management%20Care.Nutritional%20Counseling%20and%20Nutrition%20Therapy_05.09.2018.pdf
https://www.bluecrossmn.com/sites/default/files/DAM/2020-07/General%20Coding%20034_Weight%20Management%20Care.Nutritional%20Counseling%20and%20Nutrition%20Therapy_05.09.2018.pdf
https://www.bluecrossmn.com/sites/default/files/DAM/2020-07/General%20Coding%20034_Weight%20Management%20Care.Nutritional%20Counseling%20and%20Nutrition%20Therapy_05.09.2018.pdf

129. Health Meets Food. Billing & Coding for Lifestyle Counseling. Published 2018. Accessed
April 14, 2023.
https://culinarymedicine.org/moodle/upload/HmFHandouts/Codes4L ifestyleCounseling.pdf

130. American Medical Association. Codes: When screening for prediabetes and diabetes.
Published 2018. Accessed April 14, 2023.
https://amapreventdiabetes.org/sites/default/files/uploaded-files/18-
3022971HO%20STAT%202.0%201CD%20and%20CPT%20Codes.pdf

93


https://culinarymedicine.org/moodle/upload/HmFHandouts/Codes4LifestyleCounseling.pdf
https://amapreventdiabetes.org/sites/default/files/uploaded-files/18-302297IHO%20STAT%202.0%20ICD%20and%20CPT%20Codes.pdf
https://amapreventdiabetes.org/sites/default/files/uploaded-files/18-302297IHO%20STAT%202.0%20ICD%20and%20CPT%20Codes.pdf

