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Objective. To describe small area variation in ambulatory electronic health record
(EHR) adoption and assess evidence of a “digital divide” in whether adoption is lagging
in traditionally underserved communities.

Data Sources. Survey data on U.S. ambulatory health care sites (261,973 sites repre-
senting 716,160 providers) collected by SK&A Information Services in 2011.

Study Design. We examined cross-sectional variation in two measures of local area
EHR adoption: share of providers at sites using an EHR with e-prescribing functional-
ity; and predicted probability of EHR adoption for the average site. Local areas were
defined as Public Use Microdata Areas (n = 2,068). Using multivariate regression, we
examined the association between adoption and three area characteristics: high con-
centration of minority population; high concentration of low-income population; and
metropolitan status.

Principal Findings. EHR adoption varied significantly across local areas, ranging
from 8 to 88 percent with a median of 41 percent. Adoption was lower in large metro-
politan areas; areas with high concentration of minority population in the Northeast
and West; and areas with high concentration of low-income population in the Midwest.
Conclusions. Our 2011 estimates suggest there was substantial room for increased
EHR adoption across the United States, including some underserved areas with rela-
tively low EHR adoption rates. Further research should monitor policy initiatives in
these areas and examine sources of heterogeneity in low- and high-adoption communi-
ties.

Key Words. Electronic health records, geographic variation, underserved
populations, ambulatory care

Ambulatory electronic health record (EHR) adoption in the United States has
surged in recent years, concurrent with implementation of the Health
Information Technology for Economic and Clinical Health (HITECH) Act
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provisions designed to support adoption and meaningful use of EHRs. In
2011, a third of office-based physicians (34 percent) used a basic EHR, while
just over one in five physicians did in 2009 (Hsiao et al. 2012). Adoption
among primary care physicians has nearly doubled over the same time period,
rising from 20 percent in 2009 to 39 percent in 2011 (Patel et al. 2012).

Growth in EHR adoption has the potential to lead to improved health
care quality, efficiency, and outcomes (Chaudhry et al. 2006; Goldzweig et al.
2009; Buntin et al. 2011), and ensuring that these benefits accrue to all patient
populations is a national priority (Office of the National Coordinator for
Health Information Technology 2011). Of particular concern are geographic
areas and population groups that have traditionally experienced disparities in
health care access, quality, and outcomes. These disparities may be caused by
many interrelated mechanisms (Smedley, Stith, and Nelson 2003), including
limited or delayed access to new health technology (Ferris et al. 2006). Ambu-
latory providers who serve these populations may face disproportionate barri-
ers to EHR adoption, including resource constraints, organizational
complexity, a less favorable business case for adoption, and lack of expertise
necessary to implement and integrate EHRs into practice workflow (Miller
and West 2007; Miller et al. 2009; Dennehy et al. 2011; Gibbons 2011). If the
adoption of EHRs is slower in underserved areas, there is a risk of creating a
“digital divide” in access to benefits from health information technology (Blu-
menthal et al. 2006).

Prior studies have estimated rates of EHR adoption in ambulatory care
at various levels of geography, including national (DesRoches et al. 2008;
Hsiao et al. 2012), state (Simon et al. 2007; Bramble et al. 2010; Baier et al.
2011; Menachemi et al. 2011), and regional (Bell, Daly, and Robinson 2003;
Rosenthal and Layman 2008). Other studies have estimated ambulatory EHR
adoption rates by specialty (Kemper, Uren, and Clark 2006; Chiang et al.
2008; Stream 2009; Bazemore et al. 2011), practice type (Shields et al. 2007;
Robinson et al. 2009), and setting (Singh et al. 2011).

However, few studies have compared adoption rates across geographic
areas. Recent national surveys showed substantial variation across states in the
share of physicians with basic EHRs (Hsiao et al. 2012). However, beyond a
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few single-state studies indicating that EHR adoption varied according to
some local health care market characteristics (Abdolrasulnia et al. 2008;
Menachemi et al. 2012), little is known about the extent of geographic varia-
tion in adoption between local areas within states.

There are also limited recent data on differences in physician EHR
adoption according to patient population characteristics. The available evi-
dence is mixed and are derived from surveys conducted prior to the recent
surge in EHR use. An analysis of national survey data from 2005 to 2006
found that uninsured black and Hispanic patients and Hispanic Medicaid
patients were less likely than privately insured white patients to have primary
care physicians who used an EHR (Hing and Burt 2009). Another study found
a negative association between the proportion of Hispanic patients on physi-
cians’ patient panels and physician EHR adoption (Li and West-Strum 2010).
In 2006, community health centers serving a higher volume of uninsured
patients and patients with incomes below the poverty level were less likely to
have an EHR than other centers (Shields et al. 2007). However, other analy-
ses of national and single-state surveys conducted between 2000 and 2008
found no association between EHR adoption and county-level race, ethnicity,
or income (Blumenthal et al. 2006) or the race and insurance status of physi-
cians’ patient panels (Grossman and Reed 2006; DesRoches et al. 2008; Jha
et al. 2009). Whether such patterns have persisted throughout the recent rapid
growth in EHR adoption is unknown.

This analysis provides an updated and uniquely comprehensive assess-
ment of small area variation in ambulatory EHR adoption. Specifically, we
use data collected from all known ambulatory health care sites in the United
States to estimate local area EHR adoption rates and assess whether adoption
is lagging behind in areas with high concentrations of traditionally under-
served populations. We focus on geographic areas and population groups
identified as federal priority populations for monitoring disparities in health
care access and outcomes: racial and ethnic minorities; low-income popula-
tions; and residents of rural areas and inner cities (Agency for Healthcare
Research and Quality 2010). We examine associations at both the national and
regional levels to shed light on how best to target limited resources to increase
EHR adoption. Disparities observed at the national level could be driven by
differences in EHR adoption between regions of the country—for example,
local areas with high concentrations of minority population may be dispropor-
tionately located in regions with low-adoption rates in all areas, including
those with high minority and low minority population concentrations. If this
were the case, national disparities may be better remedied by efforts to
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increase adoption in those regions overall rather than efforts targeted specifi-
cally to areas with high-minority population concentrations. On the other
hand, if disparities by minority population concentration are present across all
regions, it will be important to target resources to equalizing EHR adoption
rates within regions (Skinner et al. 2003; Baicker et al. 2004).

Our findings have important policy implications in assessing the pres-
ence of a “digital divide” in access to EHR technology and in setting a baseline
for monitoring the change in EHR adoption rates over time as HITECH and
other initiatives target underserved communities.

METHODS
Data on Ambulatory Health Care Sites

We obtained data on ambulatory health care sites in 2011 from the SK&A
Office-Based Providers Database, a product of SK&A Information Services,
Irvine, CA. The database is designed to comprise a census of ambulatory
health care sites with at least one provider with prescribing authority in the 50
states and District of Columbia. Information on the sites and the providers
practicing in them are gathered from a range of sources, including the
National Provider Identifier database, state licensing data, and administrative
data from insurers and medical device and pharmaceutical vendors. These
data are phone verified through a rolling telephone survey. All sites are con-
tacted twice a year and asked to confirm information on practice location, the
providers who work at the site, and other site characteristics. The target
respondent is the office manager. The data used for this study reflect providers
who were in active practice during calendar year 2011."

The sites are asked whether they had installed EHR technology and, if
so, whether it had e-prescribing functionality. For this analysis, we created a
dichotomous measure of whether the site used an EHR with e-prescribing
functionality. EHR adoption with e-prescribing functionality is a requirement
for the receipt of technical assistance from some HITECH programs (Maxson
et al. 2010) and has been shown to be highly correlated with EHR adoption
across geography (Maxson, Buntin, and Mostashari 2010).

We also created variables for several site characteristics, including the
number of providers at the site (counting physicians, nurse practitioners, and
physician assistants); whether the site was part of a multi-site group practice;
the mix of provider types at the site (physicians only, physicians and nurse
practitioners or physicians assistants, nurse practitioners or physicians
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assistants only); the mix of provider specialties at the site (primary care only,
specialists only, or multi-specialty; primary care was defined as general or
family practice, internal medicine, geriatrics, pediatrics, adolescent medicine,
and obstetrics and gynecology); whether the site was owned by a hospital; and
whether the site was affiliated with a health system.

Local Area EHR Adoption Rates

To characterize local area EHR adoption, we employed U.S. Census Public
Use Microdata Area (PUMA) boundaries. Defined for use in census data
collection and reporting, PUMAs are areas of 100,000 residents or more and
are comprised of contiguous census tracts or counties (U.S. Census Bureau
2009). In most cases, PUMAs are defined by State Data Centers and are
designed to represent communities with relatively homogenous characteris-
tics. The most recently defined PUMAS are based on census data from 2000
and delineate 2,068 local areas across the country. Because they are con-
structed to represent homogenous communities, PUMAs are likely to capture
meaningful differences in population characteristics of interest in this study.
Moreover, the minimum population threshold of PUMAs enables the estima-
tion of relatively stable rates of local area EHR adoption (as compared with
counties or primary care service areas, many of which have very small popula-
tion sizes, for example) while allowing the examination of EHR adoption pat-
terns at a more granular level than health care market boundaries that contain
larger, more heterogeneous populations and geographic areas (hospital refer-
ral regions, for example). Though not widely used in health services research,
PUMAs have been used to assess small area variation in phenomena such as
health insurance coverage (Kenney et al. 2010), health literacy (Lurie et al.
2009), and ambulatory care sensitive health care utilization (Gresenz, Ruder,
and Lurie 2009).

To describe geographic variation in ambulatory EHR adoption, we
calculated two measures of EHR adoption across local areas. The first
measure was the share of providers in each local area who were practicing at
sites using an EHR with e-prescribing functionality, incorporating shrinkage
factors to adjust for variability due to the small number of ambulatory provid-
ers in some PUMAs. We estimated a multilevel linear probability model of
the probability that a provider was at a site using an EHR with e-prescribing
functionality. The model included PUMA random effects and no covariates.
From this model, we obtained the predicted probability of EHR adoption
(incorporating predictions of the PUMA random effects) and calculated the
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average predicted probability of EHR adoption across all providers in each
PUMA. These predicted probabilities differ from the raw EHR adoption rates
by incorporating the PUMA random effects to adjust for random error includ-
ing error due to small numbers of providers in some PUMAs. The predicted
PUMA random effects (shrinkage factors) adjust the local area EHR adoption
rate toward the overall mean at a rate that is inversely proportional to the pre-
cision of the PUMA-specific estimate and the variance of the PUMA random
effects (Rabe-Hesketh and Skrondal 2005).

Our second measure was the predicted probability of EHR adoption for
the average provider’s site, which allowed us to assess variation in local EHR
adoption rates independent of differences in provider and site characteristics
across areas. We estimated a multilevel linear probability model of the proba-
bility that a site used an EHR with e-prescribing functionality as a function of
the site-level characteristics described above. The model also included PUMA
random effects. We calculated the predicted probability of EHR adoption for
the average provider’s site, calculated at the mean of site characteristics
weighted by the number of providers. We allowed this prediction to vary
across PUMASs by incorporating the predicted value of the PUMA random
effect. Thus, this second local area EHR adoption rate reflects variation across
areas in the probability of EHR adoption independent of differences in site
characteristics.

Data on Local Area Characteristics

We examined three local area characteristics corresponding to geographic
areas and population groups that have traditionally experienced disparities
in health care access and outcomes: concentration of racial and ethnic
minority population; concentration of low-income population; and metro-
politan status. We obtained data on the share of the PUMA population that
was from a racial or ethnic minority group (defined as being of nonwhite
race and/or Hispanic origin) and the share of the PUMA population that
was low income (defined as having a family income below 200 percent of
the federal poverty level) from the American Community Survey 2008
2010 3-year estimates.

To characterize the metropolitan status of PUMAs, we used a slight
adaptation of the National Center for Health Statistics (NCHS) Urban-Rural
Classification Scheme (Ingram and Franco 2012). We assigned PUMAs into
one of four groups: large-central metropolitan (akin to inner cities that are part
of a metropolitan area with at least 1 million population); large-fringe
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metropolitan (akin to suburban areas that are part of a metropolitan area with at
least 1 million population); medium/small metropolitan (metropolitan areas with
at least 50,000 but less than 1 million population); and nonmetropolitan (areas
with no urban area with at least 50,000 population). As the NCHS scheme is
defined at the county level, we categorized each PUMA based on the NCHS
designation of the county in which the PUMA is located. In cases where a
PUMA’s boundaries spanned two or more counties and those counties had
different NCHS designations (n = 437 PUMAs), we assigned the PUMA to
the NCHS designation in which the majority of the PUMA population was
located.

We also created control variables for area characteristics that have been
shown or are hypothesized to influence EHR adoption (Abdolrasulnia et al.
2008; Menachemi et al. 2012), including health maintenance organization
(HMO) penetration; supply of health care resources; insurance coverage;
and changes in unemployment. From HealthLeaders-InterStudy, we
obtained county-level data on the share of the population that was enrolled in
an HMO in 2011. From the Area Resource File, we obtained county-level
information on short-term general hospital beds per 1,000 population in
2008; share of the population that was uninsured in 2009; and change in
unemployment rate between 2007 and 2009. To transform these county-level
variables to the PUMA level, we assigned to each PUMA the value of the
county in which the PUMA is located. For PUMAs that spanned multiple
counties, we assigned to the PUMA the average value across relevant coun-
ties, weighted proportionally to the share of the PUMA population living in
each county. Finally, we calculated the number of ambulatory providers per
1,000 population in the PUMA using the total number of providers from
SK&A.

Analysis of Variation in Local Area EHR Adoption Rates

We first used descriptive visualizations to assess the extent of variation in local
area EHR adoption rates nationally, within states, and according to priority
population characteristics. We then conducted multivariate logistic regression
analyses to assess the association between local area EHR adoption and each
of the priority population indicators. We estimated two sets of models—one
with the dependent variable based on the local area EHR adoption rate unad-
justed for site characteristics and a second with the dependent variable based
on the predicted probability of EHR adoption for the average provider’s site,
as described above.
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We estimated models with dependent variables as dichotomous mea-
sures of whether the area was a low-EHR adoption area, defined as being
in the lowest quartile of EHR adoption rates nationally. The independent
variables were indicators of whether the local area had high concentrations
of minority and low-income populations (defined as being in the highest
quartiles nationally) and indicators for each category of metropolitan status.
The reference categories were the area types that typically are less likely to
experience disparities: areas without high concentrations of minority and
low-income populations and large fringe metropolitan areas, which are
akin to suburban areas (Agency for Healthcare Research and Quality
2010).

We then conducted regional-level analyses by estimating models pre-
dicting if the area was in the lowest quartile of EHR adoption rates within the
area’s Census region. Similarly, in these models the key independent variables
were equal to one if the share of the local area population that was minority or
low income was in the highest quartile within the area’s region. We included
indicator variables for the Census regions (with the modal region, South, as
the reference category) and interactions between these region indicators and
the area characteristics. We calculated the marginal effects associated with the
priority population indicators in each region and evaluated whether they were
significantly different from zero using standard errors obtained by the delta
method (Karaca-Mandic, Norton, and Dowd 2012). In contrast to the national
analysis in which thresholds for high concentration of minority and low-
income populations were based on the national distributions, thresholds in the
regional analysis were based on the regional distributions to better measure
whether areas with high concentrations of minority and low-income popula-
tion relative to other areas in the region were more likely to have low-adoption
rates.

Finally, we estimated additional models to assess whether associations
between priority population characteristics and local area EHR adoption
persisted after controlling for other area characteristics that may influence
adoption.

Sensitivity Analyses. We assessed the robustness of our findings to alternate
specification and estimation strategies. In addition to using linear probability
models with random effects to estimate the local area EHR adoption rates, we
estimated these rates using logistic regression with random effects. Results
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were nearly identical, so we proceeded with the linear probability estimates
for ease of estimation and interpretation.

We also estimated additional models to examine the association
between local area EHR adoption rates and local area priority population
characteristics with continuous specifications of the dependent variable
(EHR adoption rate) and key independent variables (share of population
that was minority and share of population that was low income) instead of
dichotomous indicators of low adoption and high-priority population con-
centration. Results were substantively similar to our main results reported
here.

RESULTS
Characteristics of Ambulatory Health Care Sites and Local Areas

The top panel of Table 1 describes the characteristics of ambulatory health
care sites in the United States. In 2011, about half of all ambulatory health care
sites (49 percent) had one provider (physician, nurse practitioner, or physician
assistant) and 89 percent of sites had five or fewer providers (Table 1). How-
ever, the 12 percent of sites with more than five providers accounted for 46
percent of all providers. The majority of sites (85 percent) did not report being
part of a multi-site group practice, although one-quarter of all providers were
in a multi-site group practice with more than 10 providers in the group. About
one-quarter of sites (26 percent) had a mix of physicians and nurse practitio-
ners or physician assistants; half of providers worked in these types of sites.
Just over half of sites (54 percent) had specialist providers only and 40 percent
had primary care providers only. Nearly one in five providers (18 percent)
worked in the 6 percent of sites with a mix of primary care and specialist pro-
viders. The majority of sites and providers were not owned by a hospital nor
affiliated with a health system.

In 2011, 30 percent of ambulatory health care sites used an EHR
with e-prescribing functionality, accounting for 43 percent of providers
(Table 1).2

These health care sites were situated across the 2,068 PUMAs in the
United States (bottom panel of Table 1). In the average PUMA, 35 percent of
the population was a racial or ethnic minority and 33 percent of the popula-
tion was low income. In one-quarter of PUMAs, over half of the population
was a racial or ethnic minority and over 41 percent of the population was low
income. Over half of PUMAs were part of large metropolitan areas with a
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Table 1: Characteristics of US Ambulatory Health Care Sites and Public

Use Microdata Area (PUMA)

Characteristics of US Ambulatory

% of Sites

% of Providers

Health Care Sites (N= 261,973) (N= 716,160)
Number of providers at site

1 49 15

2 19 13

3-5 21 27

6-10 8 20

11 or more 4 26
Site is part of multi-site group practice

No 85 73

Yes, 10 or fewer providers in group 3 3

Yes, >10 providers in group 12 25
Providers at site

Physicians only 73 50

Physicians and NPs or PAs 26 50

NPs or PAs only 1 0.3
Provider specialty mix at site

Specialist providers only 54 48

Primary care providers only 40 34

Mixed primary care and specialists 6 18
Site is owned by a hospital

No 86 76

Yes 14 24
Site is affiliated with a health system

No 88 77

Yes 12 23
Any electronic health record with e-Rx capability 30 43

PUMAs Sites

Priority Population Characteristics of PUMA (N= 2,068) (N= 261,973)
Share of the population that is minority

Average 35 36

75th percentile 51 51
Share of the population that is low income

Average 33 32

75th percentile 41 40
Metropolitan status

Large central metropolitan 30 34

Large fringe metropolitan 24 25

Medium or small metropolitan 29 29

Non-metropolitan 17 12

population of at least 1 million. Another 29 percent of PUMAs were in med-
ium/small metropolitan areas and the remaining 17 percent of PUMAs were

in nonmetropolitan areas.
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Variation in Local Area EHR Adoption Rates

Looking first at local area EHR adoption rates prior to adjustment for site
characteristics, we found substantial variation in local area EHR adoption
rates nationally, between states, and within states. Nationally, local area EHR
adoption rates ranged from 8 to 88 percent, with a median of 41 percent and
an interquartile range of 32-50 percent (Figure 1). At the state level, the med-
ian local area EHR adoption rate ranged from a low of 27 percent in New Jer-
sey to a high of 65 percent in Minnesota (Figure 2). Within states, the range in
local area EHR adoption rates was at least 20 percentage points in nearly all
states (46) and was at least 50 percentage points in a third of states (17). Califor-
nia, Illinois, and Missouri had the largest ranges, while Delaware, the District
of Columbia, and Wyoming had the smallest ranges.

Compared with the nation overall, local area EHR adoption was slightly
lower in some areas with high concentrations of priority populations
(Figure 3). The median local area EHR adoption rate was 36 percent in areas
with high concentrations of minority population and 38 percent in areas with
high concentrations of low-income population compared with 41 percent

Figure 1: Local Area Electronic Health Record (EHR) Adoption Rates
Unadjusted for Site Characteristics

51% o ER%
l 41% bo <51%

3% to <di%

X0 <3%

Note. Local area EHR adoption rates are the share of ambulatory physicians, physician assis-
tants, and nurse practitioners in the Public Use Microdata Area (PUMA) (n = 2,068) with an
EHR with e-prescribing functionality. Rates were calculated as the average predicted proba-
bility of EHR adoption across all providers in the PUMA based on a multilevel linear prob-
ability model including PUMA random effects and no covariates.
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Figure 2: Ranges in Local Area Electronic Health Record (EHR) Adoption
Rates, U.S. Overall and by State
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Note. Bars represent ranges and dots represent medians of local area EHR adoption rates
within each state. Local area EHR adoption rates are the share of ambulatory physicians,
physician assistants, and nurse practitioners in the Public Use Microdata Area (PUMA)
(n = 2,068) with an EHR with e-prescribing functionality. Rates were calculated as the aver-
age predicted probability of EHR adoption across all providers in the PUMA based on a
multilevel linear probability model including PUMA random effects and no covariates.

overall. Relative to medium/small metropolitan areas and nonmetropolitan
areas, which had median local area EHR adoption rates of 43 percent, the
median rate was lower in large metropolitan areas (38 percent in large-central
metropolitan areas and 39 percent in large-fringe metropolitan areas). Areas
with high concentrations of minority and low-income populations and large
metropolitan areas were also more likely than average to be in the lowest
quartile of EHR adoption nationally. At the same time, we found substantial
variation in local area EHR adoption rates across all types of areas; areas with
both relatively high and relatively low-EHR adoption rates were heteroge-
neous in terms of minority population, low-income population, and metro-
politan status.

At the national level, many of these patterns persisted in multivariate
analyses that considered all priority area characteristics simultaneously (left-
hand panel of Table 2). Compared with other areas, the probability of being
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Figure 3: Distribution of Local Area Electronic Health Record (EHR)
Adoption Rates by Priority Population Characteristics
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Note. Boxes represent inter-quartile ranges (25th to 75th percentile), horizontal lines inside
boxes represent medians, vertical lines extending from boxes represent the range of values
within 1.5 times the inter-quartile range, and dots represent values outside 1.5 times the
inter-quartile range. Local area EHR adoption rates are the share of ambulatory physicians,
physician assistants, and nurse practitioners in the Public Use Microdata Area (PUMA)
(n = 2,068) with an EHR with e-prescribing functionality. Rates were calculated as the aver-
age predicted probability of EHR adoption across all providers in the PUMA based on a
multilevel linear probability model including PUMA random effects and no covariates.

in the lowest adoption quartile was 12 percentage points higher for areas with
high concentrations of minority population. Compared with large fringe
metropolitan areas, medium/small metropolitan areas and nonmetropolitan
areas were less likely to be in the lowest adoption quartile (by 12 and 10
percentage points, respectively), and there was no difference between large
central metropolitan areas and large fringe metropolitan areas. However,
there was not an overall association between concentration of low-income
population and local area EHR adoption after controlling for other factors.
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These relationships between local area EHR adoption and population
characteristics varied regionally. The associations between minority popula-
tion and EHR adoption were strongest in the Northeast and West, where areas
with high concentrations of minority population were 19 to 21 percentage
points more likely to have relatively low adoption. There were no statistically
significant differences by minority population concentration in the Midwest
or South. However, in contrast to the nation overall, there were disparities by
low-income population in the Midwest, where areas with high concentrations
of low-income population were 19 percentage points more likely to be low-
adoption areas. The association between metropolitan status and local area
EHR adoption was strongest in the Northeast and West. In the Northeast,
large fringe and large central metropolitan areas lagged behind: medium/
small metropolitan areas and nonmetropolitan were significantly less likely to
be low-adoption areas compared with large metropolitan areas. In the West,
large central metropolitan areas were 14 percentage points more likely to have
relatively low-EHR adoption compared with large fringe metropolitan areas;
there was no statistically significant difference between large fringe metropoli-
tan areas and medium/small metropolitan or nonmetropolitan areas in the
West.

These patterns persisted after controlling for site characteristics (right-
hand panel of Table 2). Across all areas, the predicted probability for the aver-
age provider’s site (calculated at the mean of site characteristics weighted by
the number of providers) was 36 percent and the lowest quartile of areas had
predicted probabilities below 32 percent.

The relationships between local area EHR adoption and priority pop-
ulation characteristics using this adjusted outcome variable were similar to
those based on the unadjusted outcome variable. Differences according to
minority population persisted in the United States overall and in the
Northeast and West but were slightly smaller in magnitude. One notable
difference was a statistically significant association between low-income
population concentration and adoption in the nation overall, which
appeared primarily to be driven by differences in the Midwest. Large metro-
politan areas continued to lag behind medium/small metropolitan and non-
metropolitan areas in the nation overall and in the Northeast, although
differences were attenuated. The disparity between large central metropoli-
tan areas and large fringe metropolitan areas in the West also persisted after
adjusting for site characteristics. These patterns persisted after including
other local area characteristics as additional controls (results available upon
request).
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Variation in EHR Adoption by Site Characteristics

The likelihood that a health care site had adopted an EHR with e-prescribing
functionality varied significantly according to site characteristics (Table SA1).
There was a strong positive association between EHR adoption and the num-
ber of providers at the site. Sites that were part of a multi-site group practice
were more likely to have adopted an EHR, independent of the number of
providers at the site. Sites with primary care providers and sites with a mix of
physicians and nurse practitioners or physician assistants had higher adoption
relative to sites with specialist providers only and sites with physicians only,
respectively. Hospital ownership and health system affiliation were also
associated with greater likelihood of EHR adoption.

DISCUSSION

We found substantial geographic variation in local area EHR adoption rates.
These variations point to important opportunities for increased adoption of
EHRs. In one-quarter of local areas, less than a third of ambulatory physi-
cians, nurse practitioners, and physician assistants were in sites with an EHR
with at least e-prescribing functionality. Moreover, areas where some tradi-
tionally underserved populations live were disproportionately likely to have
relatively low-adoption rates, including large metropolitan areas, areas with
high concentrations of minority population, and areas with high concentra-
tions of low-income population.

Our results suggest that concerns about equitable access to EHRs are
warranted. Consistent with studies of other national data sources, we found
that some states had relatively high median EHR adoption rates in 2011
(Hsiao et al. 2011). However, our results further show that EHR adoption was
lagging in some local areas within nearly all states, indicating that areas nation-
wide could benefit from efforts to accelerate EHR diffusion. To ensure that
EHR use increases across all areas and that baseline disparities are not exacer-
bated, it may be particularly important to target resources to areas with high
concentrations of minority population in the Northeast and West, areas with
high concentrations of low-income population in the Midwest, large metropol-
itan areas in the Northeast, and large central metropolitan areas in the West.

Our results also show that some local areas have achieved substantially
higher adoption rates—one quarter of local areas had adoption rates of at least
50 percent—and that both the highest and lowest EHR adoption quartiles
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include areas with diverse characteristics. This suggests there are opportuni-
ties for communities with low-adoption rates to learn from communities with
similar characteristics that have achieved higher adoption rates. We also found
that nonmetropolitan and medium/small metropolitan areas had higher rates
of EHR adoption than large metropolitan areas. While unexpected based on
traditional disparities experienced by rural populations (Agency for Health-
care Research and Quality 2010), this finding is consistent with other data
sources showing that in recent years physician EHR adoption has increased
faster in nonmetropolitan areas than metropolitan areas in the nation as a
whole (Decker, Jamoom, and Sisk 2012). This trend may partly reflect early
impacts of the Office of the National Coordinator for Health Information
Technology (ONC) Regional Extension Centers, many of which are targeting
their services toward rural and health professional shortage areas (Samuel
et al. 2013).

Our results may be useful to numerous initiatives under way to advance
EHR adoption in underserved communities. The ONC Regional Extension
Centers program is providing technical assistance and implementation sup-
port to providers across the country, prioritizing assistance to primary care
providers in small practices and underserved settings (Maxson et al. 2010).
The Health Services and Resources Administration is supporting EHR adop-
tion in community health centers, which are important safety net providers of
care for traditionally underserved populations (Health Resources and Services
Administration 2012). Our study can point these programs and others like
them toward more and less successful examples of EHR adoption across
otherwise similar areas.

Our study contributes to the literature in several ways. We used new and
comprehensive site-level data to document small area variation in adoption of
EHR technology within all 50 states, a level and scope of analysis that had not
been possible previously due to data limitations. Our study at the area level
builds upon prior studies at the provider level that examined differences in
EHR adoption by patient panel characteristics. Both provider-level and area-
level studies provide important insights into potential disparities in access to
the benefits of health IT. Provider-level studies can assess technology adoption
by practitioners who are caring for traditionally underserved patients, while
area-level studies can add information about health IT diffusion in places
where traditionally underserved populationslive. Living in a location does not
guarantee access to the providers who practice there; nonetheless, this area-
level perspective on EHR adoption and use is important, especially given the
potential for health IT to enable improved public health monitoring and
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population health management which may benefit individuals beyond those
who have made an office visit during a certain period of time (Friedman 2006;
Diamond, Mostashari, and Shirky 2009; Buck et al. 2012).

Our study has some important limitations. First, although SK&A is
timely and comprehensive, the data are self-reported and may be subject to
measurement error. Second, the adoption patterns for EHRs with e-prescrib-
ing functionality could differ from those of more robust EHR systems. Finally,
it is possible that the patterns observed here could shift in the near term given
the rapid growth in EHR adoption and changes in health care markets.

This analysis presents a baseline estimate of local area variation in
ambulatory EHR adoption. It will be important to track changes over time as
the rapid diffusion of EHR technology continues over the next several years.
Future research should examine the factors driving variation in EHR
adoption in underserved areas, and whether financial incentives or technical
assistance programs can address these disparities.
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NOTES

1. The number of ambulatory physicians in the SK&A database compares favorably to
estimates of active office-based providers derived from other sources. For example,
estimates of the number of office-based primary care physicians in 2010 based on
the American Medical Association Masterfile ranged from 205,000 (Iglehart 2011)
to 208,800 (Agency for Healthcare Research and Quality 2011). These estimates
consider primary care to include general or family practice, pediatrics, internal
medicine, and geriatrics. The SK&A database contained 202,900 physicians with
these specialties in 2011 (99 percent of the 205,000 estimate and 97 percent of the
208,800 estimate).

2. This estimate is very similar to the estimates derived from authors’ analysis of two
other national data sources. First, analysis of 2011 survey data from the National
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Ambulatory Medical Care Survey Electronic Medical Record Supplement found
that 45 percent of office-based physicians reported having any EHR and having
computerized capability to submit prescriptions electronically. Second, we analyzed
transactional data from SureScripts, the largest e-prescribing network in the
United States. In December 2011, approximately 305,900 physicians, nurse practi-
tioners, and physician assistants used an EHR to transmit at least one prescription
electronically on the SureScripts network. In the SK&A database, approximately
307,000 physicians, nurse practitioners, and physician assistants practiced in offices
using an EHR with e-prescribing functionality. Both the SureScripts and SK&A
counts yield an estimate that 43 percent of providers used an EHR with e-prescrib-
ing functionality in the nation overall. We also calculated counts of providers using
an EHR with e-prescribing functionality at the state and PUMA levels; the SK&A
and Surescripts counts were highly correlated at both the state (0.98) and PUMA
(0.86) levels.
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