2) The North Carolina Community Health Information Portal®: The Graham Center’s geospatial
analytic staff & HealthLandscape partnered with the state Medicaid organization Community
Care of North Carolina and the Southern Piedmont Beacon Community to construct the North
Carolina Community Health Information Portal. Through this growing knowledge management
tool, stakeholders are able to access and visualize information about Medicaid costs and
utilization, social determinants of health, and population characteristics in a single data
interface. The next phase of the project will integrate workforce data into this dynamic milieu to
assist with prospective workforce planning by state and local stakeholders.

Figure 1.2: North Carolina Health Information Portal




3) The Primary Care Physician Mapper® was completed and launched in 2013, allowing users to
explore the distribution of primary care physicians by state, county, or census tracts in
metropolitan areas. The mapper allows users to dynamically set the threshold at which map
areas with a certain physician to population ratio are displayed.

Figure 1.3: Primary Care Physician Mapper
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4) The Residency Footprinting Mapper® depicts the relationship between a residency program and
its community, region and state by displaying where residency program graduates practice after
graduation. Users can explore counties that could be considered shortage areas based on the
population-to-physician ratios they have selected and see what would happen if graduates from
selected programs were no longer practicing there.

Figure 1.4: Residency Footprinting Mapper
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Project Aims

In this project, we will append community and social determinants data to the ADVANCE CDRN to enrich
investigations of patient-centered outcomes. This effort will allow investigators to better understand
clinical and specific disease-oriented service areas, clinical ‘hotspots’ for chronic illness, and ‘coldspots’
where community socio-demographics, social deprivation, and other population risk factors predict high
likelihood of challenges to achieving success in patient-provider care objectives.

1.2 Community Data

The linkage between social and behavioral factors to the onset and progression of disease has been well
established in the literature, as have disparities in morbidity and mortality among socioeconomic lines.
The US spends more on health care than other developed nations, but still experiences higher levels of
negative health outcomes. Given this observation, it is important to consider social and behavioral
determinants of health when trying to visualize and affect the health of the nation overall. This is not a
new approach to the public health discipline, which has long advocated that we address social
determinants of health, or “circumstances in which people are born, grow up, live, work, and age, as
well as the health systems they utilize.”® The place-health link is necessarily one driven by data and as
such has been driven largely in the field of public health. While traditional public health data sets and
reporting are typically available at the state or county level, research has shown that data collection
should be done at the individual and neighborhood level in order to truly understand the individual in
the context of where they live. But not only should data about the patient be collected, they should be
viewed in the context of socioeconomic factors for the neighborhood as a whole.’

Because of the split between public health and medical care, providers often are not taught how to view
patients in the community health context, have few opportunities to engage in population health
management, and for those that have an interest in putting patients into the community health context,
they often lack access to ready data to support their endeavors.? Because of provisions in the Health
Information Technology for Economic and Clinical Health (HITECH) Act and the Patient Protection and
Affordable Care Act, there is renewed interest in the medical field on how to improve patient care and
health outcomes while reducing costs.’

Many of the solutions proposed by these two Acts, not surprisingly, are data driven, calling for access to
more data, but also to collect and use the data “meaningfully.” In an age of access to big data, it is easy
to just point to a data source as a potential solution to any given problem. However, while more and
more facts are becoming available to assist with decision-making, human cognitive capacity has not
similarly grown. There are billions of facts that are available potentially to a doctor at the point of care
to help diagnose and plan for treatment, thousands of which are actually relevant to the situation being
presented, but human cognitive capacity is limited to handling only four or five of those facts at time.*°
Therefore the addition of data to the decision making process must consider these limitations.

13 Community Vital Signs

We propose appending curated community-level data to patient records. The appended data would
amount to community vital signs which provide context to clinicians, public health officials and
researchers looking for ways to improve individual and population health outcomes.
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Meaningful Data

While there are countless variables that could be considered in the depiction of this relationship
between patient and community, not all variables are meaningful nor are all useful. The Centers for
Medicare and Medicaid Services (CMS) is working to establish Meaningful Use Stage 3 regulations in
order to expand the data contained in electronic health records beyond traditional medical information.
To that end, they have tasked a committee with defining criteria for identifying “meaningfulness” in
order to inform the domains, or conceptual variables, to be considered by the Office of the National
Coordinator for inclusion in EHRs.

III

A domain is considered to be “meaningful” if it has been shown to be associated with health outcomes.
The IOM report! on capturing social and behavioral domains lays out six criteria for domains to be
considered for inclusion in EHRs. A domain (and the variables used to represent the domain) must be:

= evidence-based,

= useful,

= feasible to document and collect,

= sensitive to the patients’ privacy,

= have an available, reliable, and valid measurement system, and

= not be easily accessible from other means of collection or data sources.

Domains were evaluated on their utility as well as their meaning. Usefulness was considered from three
different standpoints:

= providers treating the individual patient,
= those interested in the health of the general population, and
= researchers.

In other words, domains must be considered useful for clinician decision making, describing and
monitoring population health, and informing policy decisions and clinical research.

Using this set of criteria, seventeen domains were identified as meaningful. There are five broad
categories into which these domains can be categorized:

1. Sociodemographic domains include sexual orientation, race/ethnicity, country of origin,
education, employment, and financial resource strain.

2. Psychological domains include health literacy, stress, negative mood and affect, and
psychological assets.

3. Behavioral domains include dietary patterns, physical activity, nicotine use and exposure, and
alcohol use.

4. |Individual-Level Social Relationship domains include social connections and isolation, as well as
exposure to violence.

5. Finally, the Neighborhoods and Communities domain includes information to be linked through
geocoding - socioeconomic and racial/ethnic characteristics of the place in which they live.

The committee is currently working to lay out specific measures to quantify each of these domains.
Including this type of rich information in an EHR can provide crucial data to those working toward
improving the national health status.

The first four categories of domains listed above capture patient-reported information about the
patient. The last domain is intended to capture information about neighborhoods and communities
where patients live. The current project focuses specifically on the last domain - information about the
geographic context of a patient’s record. This is a critical addition to the EHR, and represents data that
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cannot be collected directly from the patient. Patients may not be able to provide specific information
about their communities, but geocoding patient addresses will allow us to link place-based data at
various geographic levels with the individual medical record.

While the neighborhood-level measures included in the Neighborhoods and Communities domain help
to illustrate community characteristics along the lines of the types of data contained in the patient-level
Sociodemographic domains category there are similarly available, community-level, geo-referenced data
related to the Psychological, Behavioral, and Individual-Level Social Relationship domains. Community-
level data from all four of these categories speak to the social and physical environments of a patient, all
of which are linked to health outcomes. Population characteristics describe the geography using basic
demographic information, including measures of age distribution and racial and ethnic composition. The
social environment takes into account measures such as socioeconomic status, unemployment rate, and
level of education. The physical environment would include measures such as walkability, access to
recreational facilities, pollution indexes, and crime rates.

These types of place-based measures are useful to the three groups of interest described above -
providers, the public health community, and health researchers. Individual clinicians could use the data
in the course of treatment - knowing the neighborhood conditions could help them to individualize
treatment protocols for their patients. Public health agencies can use the linked data to monitor
population health by social groupings and to target communities for preventive care and awareness
campaigns. Researchers can dive deeper into the data, investigating the relationship between these
indicators and health outcomes and evaluating the effectiveness of health care interventions.

Feasibility

In order to have a meaningful impact, the data chosen to be included in the Community Vital signs must
have certain characteristics. Therefore the social and behavioral measures that comprise the
Community Vital Signs all should be:

e Population based, representing conditions at the community level and not at the programmatic
or clinical level;

e Valid measures of concepts broadly outlined in IOM Social and Behavioral Domains;
e Easily understandable to both patient and clinical practitioners;

e Produced and disseminated by a trusted, reputable source;

e Available consistently over time, at intervals no greater than every five years; and

e Population or patient health outcomes that can be improved via provided public health
interventions or clinically actionable recommendations.

Availability

We already have access to a multitude of variables that are meaningful and feasible. Data available
through the HealthLandscape Community Vital Signs Geocoding API (described in detail below) have
been culled from multiple national sources and are organized by domain (see Table 1).
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engage with HealthLandscape and the Graham Center, following the same general steps as OCHIN:
initiating a Geocoding API services agreement, exchanging necessary data use and HIPAA business
associate agreements, bulk or batch geocoding of an initial pool of records, and accessing the API for
single-record geocoding and data enrichment.

33 Future Steps

Phase 2 Development

The Community Vital Signs Data Library APl will be a complimentary system to the Geocoding API
described above. Geocoding of the clinical record, and the addition of the detailed geographic
identifiers, is a necessary step before taking advantage of the Community Vital Signs Data Library API
we’re discussing in this section.

The Community Vital Signs Data Library API will be designed to give researchers broader access to the
rich collection of data that is available in HealthLandscape. HealthLandscape and the Graham Center
have been regularly and systematically acquiring social, behavioral, economic, and health data from
multiple national, state, and local sources for almost a decade. HealthLandscape's comprehensive data
library includes nearly 10,000 national, regional, county, and small area measures ranging from health
economics, healthcare workforce, population estimates, education, vital statistics, criminal justice,
migration, healthcare quality indicators, demographics, population estimates, poverty, social
environment, physical environment, mental health, and substance abuse and prevention.
HealthLandscape also maintains and supports a detailed spatial database of the nation’s health
infrastructure and built environment.

The Community Vital Signs Data Library APl will be designed to allow researchers to append custom
extracts of this complete data pool to their deidentified clinical records, to study the impact of social and
behavioral factors on functional status and the onset and progression of disease. Detailed, expanded
metadata will allow PCORI CDRN's to more easily replicate and extend research using Community Vital
Signs by flagging measures as they included in research, allowing complimentary research on similar
panels or alternate theories to use the identical pool of community measures as controls. For example, a
series of research protocols would be able to sequentially examine differing age/race/sex panels of
diabetic or asthma patients, but consistently take advantage of identical Community Vital Signs from the
pool of possible indicators.

Clinical Vital Signs

The Graham Center, OCHIN and ADVANCE envision the eventual deployment of community health data
into primary care practice Electronic Health Records (EHRs), achieving meaningful use in a HIPAA-
compliant, secure fashion. Eventually, providers in all OCHIN-ADVANCE networks would be able to
access ‘Community Vital Signs’, allowing providers and administrators to better understand the
characteristics of patients in the context of community population distribution by age, gender, race,
ethnicity, poverty level and insurance source, quality of care, health outcomes and disparities, diagnosis
types, and other diagnostic relationships for local and regional characteristics.

By linking these tools with the expansive national data resources already captured in the
HealthLandscape platform, providers would also be able to take advantage of rapid geocoding and
visualization of their own additional data, see what health care providers were available in a patient’s
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immediate area, visualize community health indicators from federal and state datasets. Together, the
potential of these tools to impact decision-making and PCOR is immense.

Health centers providers and their patients could use these tools to answer questions such as

e What are the community health risk factors facing patients like the one I’'m seeing based on a
variety of population measures, and aggregate quality metrics for all patients in his/her area?

0 How does this compare to peers across all OCHIN sites?

e Where are a certain population of my patients clustered, what geographic and social barriers do
they face in achieving optimal health and how might outreach, additional services or new
strategies serve that population better?

e Where might outreach or services expansion be directed to better address my patient’s need?
e What resources are available to my patient within my clinic's core service area?

e What resources are available in my neighborhood to help me achieve better health?

Community Vital Signs “Risk Factor Assessment Box” Prototype:

It’s known from commercial marketing research that there may be a vast amount of information that is
relevant to consumer behavior, but too much information might cloud decision making. Therefore
marketers focus on information control to find the right balance of information.™ The use of data
mining techniques and business intelligence helps to find and combine data into meaningful chunks.™
Likewise there are many bits of information that could be used by providers at the point of care. For
successful integration of these data into a patient centered outcomes research database or in the
medical record itself, the information will need to be controlled and to some extent aggregated into
useful, meaningful chunks to improve health outcomes.

One way to “chunk” the data is to create indices based on data that are available in the patient record
and data that are in the Community Vital Signs API. In order to efficiently integrate these data into
clinician/patient interactions, a Social Disadvantage Index could be created for each patient and a
Neighborhood Disadvantage Index Score could be calculated for each geography. Multi-dimensional
scaling would summarize the measures into a single number for each index, making it easy for a
physician to quickly access and process the information. In addition, individual measures on which the
index greatly underperforms compared to the national average would be flagged for physician
attention.

While the ability to append community characteristics and personal social connectedness measures to
the clinical record is an important first step, it’s also important to be able to summarize this detailed
information in a way that can be integrated into the clinical encounter and guide clinically actionable
recommendations.

As an initial prototype, we put forward the following Risk Factor Assessment Box as an elegant solution
that quickly and efficiently summarizes the degree to which the patient shows social or community
context measures that could impact the direction or success of a treatment plan.
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Table 3.3: Social Disadvantage Index

Social Disadvantage | H

Index M

L

L M H

Neighborhood Disadvantage Index

Social Disadvantage Index Dimension. Social Risk Screening can provide valuable information during the
patient-doctor encounter and standardized screening tools are being developed and integrated into the
clinical record.™ This dimension would specifically address the 2014 IOM recommendations for
capturing social connectedness and social isolation.* The Social Disadvantage Index dimension would be
constructed during the clinical encounter based on physician or nurse interviews, using a standardized
social history template such as those suggested by Beck (2012).'® Over time, these templates could be
standardized and targeted towards specific sub-population (a Senior Interview, and Adolescent/Parent
interview, a COHF Interview) in a way that focuses on best practices measures of social connectedness.

Neighborhood Disadvantage Index Dimension. Previous research including work conducted by the RGC,
has shown that a multi-dimensional social deprivation index is positively associated with poor access
and poor health outcomes.”” The measures contained with the Community Vital Signs could be
combined, through multidimensional scaling, to create a single index that captures community
disadvantage.

Using the Risk Factor Assessment Box. Below are three examples of the Risk Factor Assessment Box,
each showing a different risk profile for a patient. Links embedded within the Risk Factor Assessment
Box would present the clinician with a detailed summary of the social and community metrics of
concern, if the information was needed during the clinical encounter.

The first example (Table 3.4) shows a Risk Factor profile that is low on both social and community risk
factors. This individual has multiple social support connections and resides in an area with few or limited
neighborhood disadvantages.

Table 3.4: Low Resource Deficit, Low Community Deficit

Social Disadvantage | H
Index M
.

L M H

Neighborhood Disadvantage Index
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Table 3.5 shows a sample patient with HIGH social connectedness risk and HIGH community risk. For
example, a patient from a high poverty area with limited public transportation or access to pharmacies.
This patient also lacks social or family support in the area to aide in access to care or adhering to a
treatment plan. This combination of characteristics suggests a patient requiring additional supports for
successful treatment outcomes.

Table 3.5: High Resource Deficit, High Community Deficit

Social Disadvantage | H _
Index

M

L

L M H

Neighborhood Disadvantage Index

Finally, Table 3.6 shows a sample patient with LOW social connectedness risk and HIGH community risk.
For example, a patient from a high poverty area with limited public transportation or access to
pharmacies. The patient’s social connectedness rating, however, suggests adequate social support from
family, friends, and neighbors.

Table 3.6 Low Resource Deficit, High Community Deficit

Social Disadvantage | H
Index M
: I

L M H

Neighborhood Disadvantage Index

This prototype of a Risk Factor Assessment Box can serve as an initial foray into a simple User Interface
that will quickly and intuitively summarize detailed information. We are currently completing a post-hoc
simulation of this design using 500 family practice clinical encounters that include patient interviews — to
create a limited Social Disadvantage Index, and geo-enriched data using the Community Vital Signs
Geocoding API to allow the creation of a Neighborhood Disadvantage Index. Following the assessments
of those results, we will be in a better position to discuss next steps in planning the evaluation of this
tool.
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Conclusions

In an era of increasing evidence about the significant impact of sociodemographic and environmental
factors upon health outcomes — many argue an impact greater than the provision of medical care — it is
time to integrate community and contextual data into any new Clinical Data Repository, including the
Patient Centered Outcomes Research Network’s Clinical Data Research Network enterprise (PCORnet
CDRN). We have outlined in this report the rationale, means, and blueprint for doing exactly that, and
look forward to engaging PCORnet partners and PCORI in discussions about how to scale this endeavor
across the CDRN enterprise.

These efforts align with federal calls from the IOM, CMS, and ONC to further integrate clinical and public
health data in ways that are ultimately them meaningful to the improvement of personal and population
health.
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Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Dissimilarity - | Survey
White/Black

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Dissimilarity - | Survey
White/Multiple
Races

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Dissimilarity - | Survey
White/Native
Hawaiian,  Other
Pacific Islander

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Dissimilarity - | Survey
White/Other Race

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - | Survey
American Indian,
Alaskan Native

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - Asian Survey

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - Black Survey

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - | Survey
Multiple Races

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - Native | Survey
Hawaiian,  Other
Pacific Islander

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - Other | Survey
Race

Neighborhood Race/Ethnic Composition Residential American 2008-2012 | County
Segregation - | Community
Exposure - White Survey

Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | County
(Old-Age) Community

Survey
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Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | Census Tract

(Old-Age) Community
Survey
Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | ZCTA
(Old-Age) Community
Survey
Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | County
(The age | Community

dependency ratio | Survey
is derived by
dividing the
combined  under
18 years and 65
years and over
populations by the
18-to-64
population  then
multiply by 100)

Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | Census Tract
(The age | Community
dependency ratio | Survey

is derived by
dividing the
combined  under
18 years and 65
years and over
populations by the
18-to-64
population  then
multiply by 100)

Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | ZCTA
(The age | Community
dependency ratio | Survey

is derived by
dividing the
combined  under
18 years and 65
years and over
populations by the
18-to-64
population  then
multiply by 100)

Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | County
(Young) Community
Survey
Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | Census Tract
(Young) Community
Survey
Neighborhood Economic Conditions Dependency Ratio | American 2008-2012 | ZCTA
(Young) Community
Survey
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Neighborhood Economic Conditions Estimated percent | HUD, NSP 2008 County
of foreclosure
starts over the
past 18 months
through June 2008
Neighborhood Economic Conditions Estimated percent | HUD, NSP 2008 Census Tract
of foreclosure
starts over the
past 18 months
through June 2008
Neighborhood Economic Conditions Estimated Percent | HUD, NSP 2008 County
of vacant
addresses in June
2008 (90-day
vacancy rate)
Neighborhood Economic Conditions Estimated Percent | HUD, NSP 2008 Census Tract
of vacant
addresses in June
2008 (90-day
vacancy rate)
Neighborhood Economic Conditions GINI - Inequality American 2008-2012 | County
Community
Survey
Neighborhood Economic Conditions GINI - Inequality American 2008-2012 | Census Tract
Community
Survey
Neighborhood Economic Conditions GINI - Inequality American 2008-2012 | ZCTA
Community
Survey
Neighborhood Economic Conditions Overall Percentile | Agency for | 2006-2010 | County
Ranking for SVI Toxic
Substances
and Disease
Registry
(ATSDR)
Environmental Exposures Median  Housing | American 2008-2012 | County
Structure Age Community
Survey
Environmental Exposures Median  Housing | American 2008-2012 | Census Tract
Structure Age Community
Survey
Environmental Exposures Median  Housing | American 2008-2012 | ZCTA
Structure Age Community
Survey
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Environmental Exposures Number of person- | EPA, EPHTN 2008 County
days with
maximum  8-hour
average ozone
concentration over
the National
Ambient Air
Quality  Standard
(monitor and
modeled data)
Environmental Exposures Number of person- | EPA, EPHTN 2008 County
days with PM2.5
over the National
Ambient Air
Quality  Standard
(monitor and
modeled data)
Environmental Exposures Percent of | American 2008-2012 | County
Occupied Housing | Community
Units Without | Survey
Complete
Plumbing Facilities
Environmental Exposures Percent of | American 2008-2012 | Census Tract
Occupied Housing | Community
Units Without | Survey
Complete
Plumbing Facilities
Environmental Exposures Percent of | American 2008-2012 | ZCTA
Occupied Housing | Community
Units Without | Survey
Complete
Plumbing Facilities
Environmental Exposures Percent of | EPA, SDWIS 2012-2013 | County
population
potentially
exposed to water
exceeding a
violation limit
during the past
year
Built Environment Fast Food | U.S. Census | 2012 County
Restaurants per | Bureau,
100,000 County
population (NAICS | Business
722513) Patterns
Built Environment Fast Food | U.S. Census | 2012 ZCTA
Restaurants per | Bureau, ZIP
100,000 Code
population (NAICS | Business
722513) - re-coded | Patterns

to ZCTA level
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Built Environment Liquor Stores per | U.S. Census | 2012 County
100,000 Bureau,
population (NAICS | County
445310) Business
Patterns
Built Environment Liquor Stores per | U.S. Census | 2012 ZCTA
100,000 Bureau, ZIP
population (NAICS | Code
445310) - re-coded | Business
to ZCTA level Patterns
Built Environment Population Density | American 2008-2012 | County
Community
Survey
Built Environment Population Density | American 2008-2012 | Census Tract
Community
Survey
Neighborhood Resources Fast Food | U.S. Census | 2012 County
Restaurants per | Bureau,
100,000 County
population (NAICS | Business
722513) Patterns
Neighborhood Resources Low access tract at | USDA Food | 2010 Census Tract
1 mile for urban | Access
areas or 10 miles | Research
for rural areas Atlas
Neighborhood Resources Low access tract at | USDA Food | 2010 Census Tract
1/2 mile for urban | Access
areas or 10 miles | Research
for rural areas Atlas
Neighborhood Resources Metro/NonMetro USDA, ERS 2013 County
Classifcation Codes
Neighborhood Resources Modified Retail | Centers for | 2008 Census Tract
Food Environment | Disease
Index (# of Healthy | Control and
Food Stores | Prevention
divided by All Food
Stores)
Neighborhood Resources Percent of people | USDA Food | 2010 County
in a county living | Atlas

more than 1 mile
from a
supermarket or
large grocery store
if in an urban area,
or more than 10
miles  from a
supermarket or
large grocery store
if in a rural area
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Neighborhood Resources Percentage of | CDC, EPHTN 2010 County
population  living
within half a mile
of a park
Neighborhood Resources Recreation U.S. Census | 2012 ZCTA
Facilities per | Bureau, ZIP
100,000 Code
population (NAICS | Business
713940) - re-coded | Patterns
to ZCTA level
Neighborhood Resources Urban U.S. Census | 2010 Census Tract
Classification Code | Bureau;
- Rural, Urban | USDA Food
Cluster  (greater | Access
than 10,000 | Research
population, less | Atlas
than 50,000
population), Urban
Area (greater than
50,000 population)
Clinical Care Average annual | Dartmouth 2012 County
percent of diabetic | Atlas
Medicare
enrollees age 65-
75 having blood
lipids (LDL-C) test
Clinical Care Average annual | Dartmouth 2012 County
percent of diabetic | Atlas
Medicare
enrollees age 65-
75 having eye
examination
Clinical Care Average annual | Dartmouth 2012 County
percent of diabetic | Atlas
Medicare
enrollees age 65-
75 having
hemoglobin  Alc
test
Hospital Utilization % readmissions | Centers for | 2012 County
within 30 days of | Medicare &
hospital visit Medicaid
(Geographic
Variation)
Hospital Utilization Discharges for | Dartmouth 2012 County
ambulatory care | Atlas

sensitive
conditions per
1,000 Medicare
enrollees
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Hospital Utilization ED Visits per 1,000 | Centers for | 2012 County
Enrollees Medicare &
Medicaid
(Geographic
Variation)
Preventive Care Average annual | Dartmouth 2012 County
percent of | Atlas
Medicare
enrollees having at
least one
ambulatory visit to
a primary care
clinician
Preventive Care Average percent of | Dartmouth 2012 County
female Medicare | Atlas

enrollees age 67-
69 having at least
one mammogram
over a two-year
period
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