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Do Electronic Medical Records Improve
Diabetes Quality in Physician Practices?
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Objectives: To measure the effect of electronic
medical records (EMRs) on a publicly reported
composite measure indicating optimal diabetes
care (ODC) rates in ambulatory settings.

Study Design: Data from Minnesota Community
Measurement on 557 clinics were used, including
information on ODC, EMR adoption, and clinic
characteristics.

Methods: A difference-in-differences strategy was
used to estimate the impact of EMR adoption on
patient outcomes while controlling for observed
and unobserved clinic characteristics. Results
were compared with a cross-sectional analysis of
the same data.

Results: EMRs had no observable effect on ODC
for the average clinic during the first 2 years post-
adoption. EMRs may, however, generate modest
(+4 percentage point) ODC increases for clinics in
large, multisite practices. Cross-sectional analysis
likely overestimates the effect of EMRs on quality.

Conclusions: There is little evidence that EMR
adoption improves diabetes care during the first
2 years postadoption. This is notable as diabetes
is a condition for which information technology
has the potential to improve care management.
The results suggest that policy makers should not
expect public sector EMR investments to yield
significant short-term improvements in publicly
reported measures.
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n 2009, Congress passed the Health Information Technology for

Economic and Clinical Health (HITECH) Act, authorizing an es-

timated $30 billion in payments to healthcare organizations that
purchase and implement electronic medical records (EMRs).! This un-
precedented action.was based on the observation that the healthcare
sector lagged in the adoption-of information technology (IT), along
with the expectation that EMRs would improve quality while reduc-
ing costs. With respect to quality improvement, it was thought that
EMRs would improve care coordination, promote treatment guideline
adherence, and simplify tracking of treatments and outcomes, reduc-
ing patients’ exposure to risk and unnecessary care.

Recent literature reviews generally have found evidence to support
the beneficial effects of EMRs. However, the majority of studies have
been carried out in inpatient settings, and studies often focused on a
small set of technical functionalities.’? Evidence regarding the impact of
EMRs implemented in physician practices is less extensive. There have
been reports of strong favorable impacts of EMRs on quality,>* but some
studies and experts argue that benefits are small and disputable.’” In par-
ticular, a recent large-scale analysis of physician survey data® reported a
positive relationship between EMRs and only 1 of 20 quality indicators.
These authors state that their findings “raise concerns about the ability
of health information technology to fundamentally alter outpatient care
quality.” A recent study using medical-records data from a single com-
munity found that EMR use was correlated with large diabetes outcome
improvements.” However, the authors of this study also recognize that
their cross-sectional empirical strategy may be subject to selection bias.

We add to the relatively limited number of quantitative analyses
that address the relationship between EMRs and ambulatory care qual-
ity. Because past studies typically have used cross-sectional data and/
or have not controlled for unobserved differences between clinics that
adopted EMRs and those that have not (selection effects), their abil-
ity to draw inferences about the relationship between EMR adoption
and publicly reported quality measures has been limited. In this article,
we examine whether changes in physician practice quality measures
are linked to EMR adoption using data from public reports of diabetes
care. We contrast these results with

findings from cross-sectional analy-
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leads to changes in the measurement of
quality metrics by examining missing

data rates.

Take-Away Points
Data from Minnesota Community Measurement on 557 clinics were used to estimate the

effect of electronic medical record (EMR) adoption on measures of diabetes care quality
in the initial postadoption years.

B Although EMRs may generate modest improvements in diabetes quality indicators for

METHODS

clinics in relatively large, multisite, group practices, there is little evidence they improve

short-term diabetes care.

Data Sources

We used data on the quality of dia-
betes care provided by physician clinics
in Minnesota from 2008 to 2010. These
data were publicly reported by Minnesota Community Mea-
surement (MNCM), a collaboration among a wide range of
community stakeholders.!°

Diabetes care is an appropriate focus for the analysis as
there are widely accepted treatment guidelines that can be
incorporated in EMRs. Treatment requires coordination of
tests, prescriptions, and patient behavior, as well as man-
agement across time. EMRs should facilitate each of these
tasks.

Data are reported annually by clinics on a voluntary ba-
sis through a process called MNCM Direct Data Submission.
Required data elements are assembled from medical records
by clinic abstractors. After completing quality checks and
addressing Health Insurance Portability and Accountability
Act requirements, clinics submit data to MNCM, which con-
ducts quality checks and performs on-site audits to ensure data
quality.!!

Optimal diabetes care (ODC) scores were calculated for
each submitting clinic. These scores measure the percentage
of patients with diabetes (type I and type II) aged 18 to 75
years who reach 5 treatment goals: (1) glycated hemoglobin
(A1C) less than 8%; (2) blood pressure less than 130/80 mm
Hg; 3) low-density lipoprotein cholesterol less than 100 mg/
dL; (4) daily aspirin use unless contraindicated (ages 41-75
years only); and (5) documented tobacco-free status. MNCM
altered the goal for A1C control in 2010, using <8% to re-
place the prior standard of <7%.!!

Study Population

The study population was 557 clinics in Minnesota and
neighboring states. These clinics included both stand-alone
facilities and those that were members of multiclinic group
practices. The number of clinics rose from 309 to 527 during
the study period, while the number of groups grew from 58 to
123. Note that because a small number of clinics discontinued
reporting, the total number of clinics exceeded the maximum
number of clinics per year. Consequently, our data form an
unbalanced panel with the number of clinics growing over
time. Average sample characteristics from 2008 to 2010 are
shown in Table 1.

B Estimates of the impact of EMRs on quality using cross-sectional data should be
viewed cautiously as they may overestimate the positive impact of EMRs.

Study Variables

The MNCM data documented clinic-level performance
for ODC and its 5 component measures (Table 1), as well as
the rates at which component measures were missing. These
missing data rates reflect the clinic’s ability to document and
report clinical information.

MNCM tracked whether each clinic’s data were drawn
from a paper-based system (no EMR), a hybrid of paper and
electronic documentation (partial EMR), or an entirely
electronic system (EMR). An important limitation of these
data is that they did not allow us to capture the systems’
functional capabilities, such as decision-support systems;
however, they did allow us to measure an average effect of
EMR adoption. EMR utilization rates were quite high in
the study clinics; 54% of clinics used EMR systems, an
additional 24% used partial EMR systems, and only 22%
used no EMR. These rates are substantially higher than
the national average.!>'3 We observed 124 adoption events
in our sample.

The data set contained additional information regarding
the clinics and their patient populations. On average, clinics
treated 427 diabetic patients and submitted a sample of 273
records. Most clinics were members of larger group practices
composed of, on average, 15 clinics (Table 1). Clinic charac-
teristics were notably different across EMR adoption levels.
For instance, clinics with EMRs had a 25% larger diabetic
patient population than clinics with no EMRs.

As a first step in our analysis, we used linear regression
to measure average quality differences between clinics with
no EMRs, partial EMRs, and EMRs (Table 2, model 1). To
account for potential selection effects, we used a difference-
in-differences strategy. We implemented this strategy using
linear regression with clinic and time-fixed effects, using xtreq
commands in Stata version 11 (StataCorp, College Station,
Texas). We also included observable, time-varying, clinic
controls such as the number of diabetes patients, the num-
ber of clinics within the group, and whether data were drawn
from a sample or a census (model 3). Standard errors were
corrected to reflect the fact we used multiple observations for

each clinic.™
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M Table 1. Selected Clinic Characteristics?

Characteristics

All Clinics
Optimal diabetes care, rate 0.196 (0.112)
A1C control, rate 0.625 (0.126)
Blood pressure control, rate 0.5638 (0.143)
LDL cholesterol control, rate 0.549 (0.121)
Daily aspirin taking, rate 0.840 (0.127)
Tobacco-free status, rate 0.820 (0.077)
Eligible diabetic population, n 426.5 (412.9)
Submitted sample of diabetic patients, n 273.3 (340.9)
Number of clinics per affiliated medical group 15.1 (11.6)
Sampling submitted patients, number of 485
clinic-year observations
Total number of clinic-year observations 1229

Mean (SD)
Clinics Without  Clinics With Partial Clinics With
EMR Utilization EMR Utilization EMR Utilization
0.14 (0.099) 0.164 (0.089) 0.233 (0.111)
0.589 (0.141) 0.616 (0.117) 0.643 (0.118)
0.461 (0.143) 0.496 (0.127) 0.587 (0.135)
0.504 (0.123) 0.522 (0.117) 0.579 (0.114)
0.768 (0.132) 0.805 (0.130) 0.885 (0.103)
0.804 (0.094) 0.811 (0.086) 0.83 (0.062)
3573 (373.8) 430.9 (449.1) 452.6 (409.1)
102.7 (134.8) 120.2 (169.1) 408.6 (392.0)
4.7 (3.4) 12.3(10.3) 20.5(10.9)
194 216 75
271 289 669

A1C indicates glycated hemoglobin; EMR, electronic medical record; LDL, low-density lipoprotein; SD, standard deviation.
2These data are based on the distribution of our study sample from the 2008 to 2010 Minnesota Community Measurement quality reports. Thus,
clinics that participated in 2008, 2009, and 2010 were counted 3 times; a clinic that reported in 2009 and 2010 was counted twice.

RESULTS

During 2010, the average clinic with no EMR achieved
ODC for 17% of patients, and clinics with partial EMR utili-
zation achieved ODC for 18%. In contrast, clinics with EMR
achieved ODC for 26% of patients.

Although these results were statistically significant, there
were differences in the characteristics of clinics with and
without EMRs. Clinics that had adopted EMRs prior to 2008
were members of larger group practices and treated more dia-
betes patients per clinic than clinics that eventually adopted
EMRs. Similarly, clinics that eventually adopted EMRs were
larger than those that never adopted EMRs. When we incor-
porated these clinic characteristics into the analyses (model
2), partial EMR use became uncorrelated with ODC. Also,
the effect of EMR utilization was substantially dampened,
but remained statistically significant. After incorporation
of clinic characteristics, EMR utilization was associated with
only a 3 percentage point difference in ODC compared with
clinics with no EMR.

This finding does not necessarily mean that having
EMRs is the determining factor in achieving higher quality.
Higher-quality clinics might, for example, be more likely to
adopt EMRs. Conversely, lower-performing clinics might
adopt EMRs to address quality problems. We examined the
differences in individual clinic quality before and after EMR
adoption relative to quality differences in clinics that did not
change their EMR systems over the same period. If unobserved

aspects of clinic quality (eg, clinic culture) were relatively sta-

ble across time, then taking differences eliminates this bias.
Similarly, analyzing differences across adopting and nonadopt-
ing clinics eliminated bias from changes across time in factors
that were common to clinics (eg, changes in reporting rules).

Using this approach, we found no statistically significant
relationship between EMR use and ODC rates. The lack of a
significant relationship between EMRs and rates of ODC was
not likely due to imprecise measurement. The parameter was
nearly zero (-0.004) and the estimate was fairly precise; we re-
jected a 2.4 percentage point improvement with 95% certain-
ty. These findings suggest that, although EMRs and ODC are
correlated, having an EMR was not a significant factor leading
to higher ODC during the time period covered in our data
set. Instead, the findings imply that clinics adopting EMRs
performed better on MNCM metrics before EMR adoption.

There are a number of potential explanations for our find-
ing that EMR adoption did not improve ODC rates. First,
ODC rates combine performance on 5 different measures, and
the effect of EMRs could vary across measures. To address this
possibility, we estimated separate models for each component
measure. We found that EMR adoption did not improve any
individual measure.

Second, EMR systems may change the way medical care
is documented independent of their effect on actual care pro-
cesses. Documentation changes could obscure the effect of
EMRs on quality. We found no relationship between EMR
adoption and missing data rates. (Results from the component
quality and missing data analyses are available on request from
the authors.)

146

= wWww.ajmc.com m

FEBRUARY 2013



Effect of EMRs on Diabetes Quality

H Table 2. Effects of Electronic Medical Record Utilization on Optimal Diabetic Care?

Variable

Partial EMR utilization

EMR utilization

Size of clinic by diabetic patient population
Size of affiliated medical group
Sampling submitted patients

2009 dummy

2010 dummy

Constant

Clinic fixed effects

Number of clinic-year observations
R2

R? within

R? between

R? overall

EMR indicates electronic medical record; NA, not applicable.
3Coefficients in models 1 and 2 were estimated by ordinary least squares,
including clinic and time fixed effects with errors clustered by clinic.

bp < 05.

°P <.001.

Third, the benefits of EMR adoption may not be realized
immediately. Although we only observed 3 years of data, we
tested for a 1-year lagged effect of EMRs on ODC controlling
for clinic characteristics and allowing for unobserved clinic
and time effects (model 4, Table 3). We found no relationship
between lagged EMR adoption and ODC. Naturally, a longer
time series is needed to better test alternative lag structures.

Although the average EMR effect may be limited in the
short run, benefits may be higher for clinics with greater tech-
nological sophistication or implementation. We examined
whether EMR value was higher in larger practices and par-
ticularly in those with greater technology penetration across
clinics. We tested for these relationships by estimating mod-
els where EMR was interacted with practice characteristics
(Table 3, models 5 and 6). In model 5, we allowed the effect
of EMRs to differ for small and large practices, with large prac-
tices defined as those with 10 or more clinics. Adoption of
EMRs led to a 2 percentage point reduction in ODC for clin-
ics in small practices, whereas EMR adoption was associated
with a 0.5 percentage point increase in ODC for clinics in
larger practices. Although the estimated impact was relatively
small, these findings indicate that EMRs are more effective in
improving ODC for clinics in large practices (ie, increases in
benefits are scaled to practice size).

Electronic medical records may be more effective when
implemented within practices with more sophisticated tech-
nology infrastructure and greater IT penetration. We esti-

B (SE)

Model 1 Model 2 Model 3
0.019%(0.01) -0.011 (0.01) -0.018 (0.01)
0.089¢(0.01) 0.028° (0.012) —-0.004 (0.014)

0.000° (0.000) 0.000 (0.000)
0.004¢ (0.000) 0.001 (0.002)
—0.003 (0.009) 0.005 (0.008)
0.008 (0.005) 0.008 (0.004) 0.026° (0.005)
0.045° (0.006) 0.052° (0.006) 0.097° (0.007)
0.121¢(0.008) 0.095¢ (0.012) 0.136° (0.027)
No No Yes
1229 1229 557
0.168 0.275 NA
NA NA 0.461
NA NA 0.003
NA NA 0.095

while coefficients in model 3 were estimated by ordinary least squares

mated models that allowed the effect of EMR to depend on
EMR utilization at other clinics within the same practice.
Information technology penetration effects were identified
by comparing changes in EMR value when other clinics in
the same practice adopted EMRs. In nearly all specifications,
EMRs continued to have no effect on ODC. As an example,
model 6 shows that the main effect of EMRs on quality was
nearly zero (-=0.024); however, EMRs did have a positive ef-
fect (0.032) when interacted with the proportion of affiliated
clinics using EMRs. However, these effects were small and not
statistically significant. Models 4 through 6 suggest that the
potential short-run EMR effect is modest in a wide range of
clinic contexts.

DISCUSSION

Limitations

There are a number of limitations to our analysis. In par-
ticular, we observed the impact of EMR adoption over only 3
years. Therefore, we were able to observe only the near-term
effects of EMR adoption. Furthermore, the MNCM data rep-
resent a self-selected sample of clinics that engage in public
reporting and have higher EMR adoption rates than the na-
tional average, suggesting that caution is needed in general-
izing to a broader population.

A further limitation is that our data did not capture the

ways in which clinics and individual physicians use EMRs.
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M Table 3. Effects of Electronic Medical Record Utilization on Optimal Diabetic Care, Allowing for Heteroge-

neous Effects of Electronic Medical Records?

B (SE)
Variable Model 4 Lagged EMR  Model 5 Scale Model 6 Technology Penetration
EMR -0.051* (0.017) -0.028 (0.011) -0.024 (0.022)
Lagged EMR -0.004 (0.017)
Large medical group —-0.029° (0.013)
EMR X large medical group 0.033¢ (0.015)
Proportion of external EMR -0.023 (0.033)
EMR X proportion of external EMR 0.032 (0.038)
Size of clinic by diabetic patient population 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
Size of affiliated medical group —-0.001 (0.002) 0.003 (0.008) 0.001 (0.002)
Sampling submitted patients 0.019 (0.012) 0.028¢ (0.004) 0.002 (0.008)
2009 dummy 0.107¢ (0.006) 0.028¢ (0.005)
2010 dummy 0.082¢ (0.005) 0.163¢ (0.011) 0.0994 (0.007)
Constant 0.2474(0.042) 0.000 (0.000) 0.1434(0.027)
Clinic fixed effects Yes Yes Yes
Number of clinic-year observations 385 557 557
R? within 0.598 0.464 0.460
R? between 0.183 0.102 0.012
R? overall 0.003 0.022 0.075

EMR indicates electronic medical record.

aCoefficients were estimated by ordinary least squares including clinic and time fixed effects with errors clustered by clinic.

bp <01,
¢P <.05.
4p <.001.

Unobserved EMR sophistication and utilization are correlated
with our EMR measures. If these unobserved features improve
quality, then our analyses would have overstated the effect of
transitioning from paper to EMRs. Given that our estimated
parameters were near zero, this bias could not have driven our
conclusions. EMR adoption may, however, be more valuable
in some contexts. Clinics that use EMRs in different ways
to support care may experience different effects of EMRs on
quality. We addressed this issue in a limited way by examining
partial and full EMR utilization, as well as lagged EMR utiliza-
tion. In fact, our results suggest that modest benefits of EMRs
may exist for clinics in large practices. Our general findings re-
flect the impact of “average” EMR use, not the potential gains
from sophisticated, fully implemented EMRs. This approach
is appropriate for assessing the potential impact of EMRs on
quality in most clinics in the early years of adoption.

Finally, our study was limited by the focus on specific qual-
ity indicators related to 1 disease and reported by clinics in 1
geographic area. Findings for other diseases in other practice
settings or using other quality indicators could differ. In par-
ticular, the quality indicators reported by MNCM could be

categorized as intermediate outcome measures as opposed to

process measures. EMRs could improve processes of care, but
this improvement may not translate into improved interme-
diate outcomes. Nevertheless, improving patient outcomes
arguably is an appropriate goal for EMR utilization.

Implications

We studied the relationship between ambulatory EMR
adoption and patients’ diabetes outcomes using publicly re-
ported clinic quality data. On average, clinics with EMRs
achieved better diabetes outcomes than clinics using paper-
based records. Clinics with EMRs achieved ODC for 25% of
their patients, whereas other clinics achieved ODC for 16%
of patients. However, these results do not appear to be cau-
sal. The relationship between EMRs and quality was entirely
mitigated once we controlled for preadoption quality using
panel data techniques. In effect, clinics that adopted EMRs
achieved high levels of ODC before EMR adoption. We did,
however, find evidence that EMR adoption leads to modest
quality improvements for large multispecialty clinics.

Recent studies support our empirical results. In particu-
lar, Cebul et al’ studied the effect of EMR use on diabetes
quality using similar data. They found that clinics with EMRs
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achieved 4 of 5 desired outcomes for 43% of patients, as op-
posed to 16% for clinics with paper-based records. The EMR
differential fell to 15 percentage points when they controlled
for observable clinic characteristics. Their data and methods
were similar to ours, and their findings are analogous to our
cross-sectional results. Cebul et al also recognized that these
cross-sectional results “may be subject to selection bias.” Their
findings provide evidence that EMR adoption is correlated
with observable determinants of quality and validate our basic
model. Herrin et al”® also found that EMR adoption improved
diabetes care outcomes, although the effects largely occurred
with patient-dependent rather than physician-dependent
measures. This may be a consequence of EMRs affecting the
way outcomes are measured. Our findings build on this result
and provide strong evidence that EMR adoption is correlated
with other, unobserved quality determinants. These results
suggest caution in interpreting associations between EMRs
and quality in cross-sectional studies; they are, however, con-
sistent with findings on health I'T in hospitals using panel data
techniques.!¢%°

The HITECH Act provides incentives for the widespread
adoption of EMR systems. Our results suggest that the short-
run benefits from ambulatory EMR adoption as measured
by patient intermediate outcomes may be modest at best.
These results are particularly notable as the clinics tracked by
MNCM were relatively early adopters and may be even more
sophisticated in their ability to use EMRs than the average
clinic. Pay-for-performance programs with EMR adoption
incentives may face similar expectations. EMRs may require
a substantial period of time postadoption before contribut-
ing to improvement in publicly reported quality measures.
Furthermore, if practices that are early adopters of EMRs are
different in significant, but largely unobservable, ways from
nonadopters or from later adopters, cross-sectional data re-
lated to their experience may overstate the potential contri-
bution of EMRs to raising the level of quality overall. It will
be important to revisit these findings as more practices adopt
EMRs, as EMRs become more sophisticated, and as data from

a longer time period become available.
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