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ABSTRACT
....................................................................................................................................................

Background and Objective The Health Information Technology for Economic and Clinical Health (HITECH) Act has distributed billions of dollars to phy-
sicians as incentives for adopting certified electronic health records (EHRs) through the meaningful use (MU) program ultimately aimed at improving
healthcare outcomes. The authors examine the extent to which the MU program impacted the EHR adoption curve that existed prior to the Act.
Methods Bass and Gamma Shifted Gompertz (G/SG) diffusion models of the adoption of “Any” and “Basic” EHR systems in physicians’ offices us-
ing consistent data series covering 2001–2013 and 2006–2013, respectively, are estimated to determine if adoption was stimulated during either
a PrePay (2009–2010) period of subsidy anticipation or a PostPay (2011–2013) period when payments were actually made.
Results Adoption of Any EHR system may have increased by as much as 7 percentage points above the level predicted in the absence of the MU
subsidies. This estimate, however, lacks statistical significance and becomes smaller or negative under alternative model specifications. No
substantial effects are found for Basic systems. The models suggest that adoption was largely driven by “imitation” effects (q-coefficient) as physi-
cians mimic their peers’ technology use or respond to mandates. Small and often insignificant “innovation” effects (p-coefficient) are found sug-
gesting little enthusiasm by physicians who are leaders in technology adoption.
Conclusion The authors find weak evidence of the impact of the MU program on EHR uptake. This is consistent with reports that many current
EHR systems reduce physician productivity, lack data sharing capabilities, and need to incorporate other key interoperability features (e.g., applica-
tion program interfaces).

....................................................................................................................................................
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BACKGROUND AND SIGNIFICANCE
The 2009 Health Information Technology for Economic and Clinical
Health (HITECH) Act was signed into law with the explicit intention of ac-
celerating the adoption and promoting the “meaningful use (MU)” of
electronic health records (EHRs) by US physicians.1 The Act appropri-
ated billions of dollars to create financial incentives for eligible providers
who implement EHRs and can demonstrate that their systems and utili-
zation patterns meet certain criteria designed to have a meaningful im-
pact on care and costs.2 By the end of 2014, the federal government
had distributed $28.1 billion to eligible physicians and other profes-
sionals through the Medicare and Medicaid EHR MU programs.3 This in-
cludes $406 million paid to Medicare Advantage Organizations for
eligible providers.4 For individual physicians who used “certified EHRs”
beginning in 2011, the subsidy payments could be either $63 750 over
6 years or $44 000 over 5 years, depending on whether the physician
participates in the Medicare or Medicaid program, respectively.
Providers must attest to MU Stage Two program eligibility by 2016 to
qualify and participate in the reward payments schema. Additionally,
physicians eligible for the Medicare incentive program, who do not
adopt a certified EHR by 2015 will be penalized 1% of Medicare pay-
ments, increasing to 3% over the following 3 years and reaching 5% in
later years. The penalties will be in effect at the 5% level thereafter bar-
ring a change in the underlying legislation. The logic motivating the leg-
islation was that a pay-for-performance approach, combining rewards
early on followed by penalties later, would transform the overall health-
care system by accelerating EHR adoption rates.5

Evaluating the impact of the HITECH Act is important so that policy-
makers can assess the extent to which their intended EHR adoption
goals are being realized in a cost-effective manner.6 To date, most

physician-focused research on the HITECH Act has described the pro-
portion of physicians eligible for incentives,7 measured the intention of
physicians to apply for incentive payments, and/or assessed their antici-
pated barriers.8 Prior to the HITECH Act, Ford et al.9 utilized simulation
methods to project future EHR adoption curves based on observed utili-
zation rates. Using Bass diffusion models, they found that full EHR
adoption was unlikely to occur by 2014 as originally planned for by poli-
cymakers. Ford et al.10 later updated their projections to reflect EHR
adoption patterns that anticipated the HITECH Act’s imminent passage.
Their updated analysis suggested that EHR adoption was increasing,
but at a decreasing rate. The earlier projections are over 5 years old,
and more importantly, do not encompass the initial MU reward pay-
ments period—when the rewards phase took effect. Since then, one
forecast using an expert Delphi panel convened in 2010 predicted that
65% of primary care physicians in large group practices, 45% of pri-
mary care physicians in small group practices, and 44% of all other
specialists could achieve MU by 2015 with these same groups achiev-
ing 80%, 65%, and 66% MU in 2019.11 A weighted average based on
the number of practices represented by these groups would predict
46.3% in 2015 and 66.7% in 2019. Therefore, the overall effects of the
MU program on physicians’ EHR uptake is unclear compared to normal
adoption rate that would have occurred absent the intervention.

The uptake of EHRs may have also been slowed by disappointment
with their performance at exchanging data among providers. Data ex-
change difficulties may arise from a lack of clear standards for infor-
mation exchange and proprietary innovations by different vendors who
may simply be trying to improve certain technical features of their
product. More disturbing, however, may be efforts by vendors to gain
advantages by not cooperating in data exchange in order to lock in
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their own customers. The Office of the National Coordinator has recently
issued a report on “information blocking” which is defined to occur
“when persons or entities knowingly and unreasonably interfere with
the exchange or use of electronic health information.” The report states
“ . . . there is little doubt that information blocking is occurring and that
it is interfering with the exchange of electronic health information.”12

The purpose of the current study is to utilize Bass diffusion mod-
els,13,14 and federal EHR adoption data that encompasses the MU pe-
riod to assess the program’s impact on EHR uptake. As such, the
study assesses the HITECH Act’s realized impact on the physician EHR
diffusion curve. Specifically, the diffusion of “Any” EHR, vs meeting
the “Basic” MU requirements, among office-based physicians be-
tween 2001 and 2013 is examined. The analysis distinguishes be-
tween a PrePay period (2009–2010) after the act was passed but
before eligible systems were defined or subsidies were being paid,
and a PostPay period (2010–2013) during which subsidies were paid
for attesting to the adoption of certified EHR systems.

The study’s results will be of interest to policymakers and stake-
holders concerned with promoting improved healthcare delivery
through better information management. Moreover, our study will be
of interest to researchers interested in understanding the regulatory
effects of the HITECH Act on the EHR adoption market. Lastly, those
audiences concerned with patient safety and healthcare cost control
will find the results informative.

METHODS
To examine the adoption of EHRs and the effects of the HITECH Act,
we estimated a Gamma Shifted Gompertz (G/SG) diffusion model as
well as the Bass model embedded in it. Rogers is credited with creat-
ing a theory of technology diffusion that describes innovators (i.e., first
adopters), early adopters, early majority, late majority, and laggard’s
adoption pattern.15 Numerous studies of the diffusion of new products
have examined the shape of the diffusion curve which may plot total
product sales or the share of a potential market that has been cap-
tured over time. Many of these studies have found an S-shaped curve
which depicts an initially slow start followed by a period of rapid adop-
tion and then a leveling off as a market approaches maturation.16,17

Bass is credited with developing a simple functional form involving
two key coefficients that could be fit to a small number of early market
data points so that the estimated curve could be used to predict the
future path of adoption in the market.18 In Bass’s scheme the adoption
path was governed by innovation factors (coefficient p) representing en-
thusiasm by early adopters who were alert to the potential uses of the
new product and by imitation factors (coefficient q) where later adopters
join the crowd to embrace the demonstrated benefits of the product.
The relative sizes of p and q determine the elongation or compression of
the S-shape. In a later generalization of the model, Bass added coeffi-
cients for variables such as price and advertising which he found to be
empirically important when these variables did not change smoothly
over time.19 Later extensions by others placed the Bass function within
a family of G/SG functions distinguished by the degree of heterogeneity
(coefficient a) among the adopters where the Bass model represented
(a¼ 1) a homogeneous population.20 The G/SG model also reduces to
the familiar exponential model when a¼ 0.

The basic formula in the G/SG family for calculating the cumulative
percentage of adopters at any point, using discrete time notation, can
be written as

F tð Þ ¼ 1� e� pþqð Þt

½1þ q=pð Þe� pþqð Þt �a þ bX ; (1)

where

F(t )¼ the cumulative fraction of adopters at time t,

p¼ coefficient of innovation, sometimes called the advertising ef-
fect, capturing the intrinsic tendency to adopt, and the effect of
time invariant external influences,
q¼ coefficient of imitation or social contagion, sometimes called
the word-of-mouth effect, capturing the extent to which the proba-
bility that one adopts (given that one has not yet done so) in-
creases with the proportion of eventual adopters who have already
opted in and
t¼ period of measurement (0, 1, 2, 3, . . . )
a¼ coefficient of heterogeneity; if a¼ 1 the model is the Bass
form, if a¼ 0 the model is an exponential,
b¼ vector of other coefficients, and
X¼ vector of other variables

This class of models has several attractive features for assessing
an intervention’s impact on adopters’ behaviors. When fit with a few
early data points for p and q, it can be used to forecast a technology’s
future uptake path, over time, in a specific market. When fit with a
longer series of historical observations, it can be used to test hypothe-
sis about the time path of diffusion of one technology or product com-
pared to another. For either purpose, the coefficients p and q describe
the innovation versus imitation factors driving the diffusion rate, re-
spectively. A high value for q indicates that the diffusion has a quick
start but also tapers off quickly. A high value of p indicates that the
diffusion starts slowly but later accelerates as the product’s utility is
more broadly accepted by later adopters. Typical values in the Bass
diffusion literature for p range from below 0.01 to around 0.03; typical
values for q range from 0.3 to 0.5.16 When q is larger than p, the
cumulative number of adopters F (t )þ F (t� 1) has the graph of an
S-shaped curve often seen for high risk, innovative products that take
extended time to become widely used. When q is smaller than p, the
cumulative number of adopters rises quickly and then flattens (an in-
verse J-shaped curve) in a pattern typical of less risky innovations,
such as the adoption of new consumer durables (e.g., washers and
dryers). Once p and q are known, the time (t *) at which the peak
adoption rate occurs (i.e., the period when the largest number of indi-
viduals adopts) can be calculated as21:

t � ¼ ln
q

p

� �
=ðpþ qÞ; (2)

where t * is often referred to as the inflection or “tipping point” when
the diffusion paradigm becomes self-sustaining.

The G/SG model and its embedded Bass form have several limita-
tions. First, coefficient estimates may be unstable depending on the
point in time that is assumed to be the start of sales (t¼ 0).20 For
some products one may have to make an assumption about the start-
ing date because data on sales during the early startup period may
not be available or the date on which the product was first available
may be uncertain. Second, forecasting accuracy varies by functional
form. One study found that for one, two and three step-ahead fore-
casts, the G/SG model gave more accurate predictions than the Bass
when using simulated data but the Bass was more accurate in two
and three step-ahead forecasts using real data.22 Third, estimates of
diffusion models often vary systematically as more data points become
available. For the Bass model in particular, estimates of q tend to de-
crease and estimates of p increase as data points are added.20,22

Estimating the more flexible G/SG lessens the risk of systematic error
and misinterpretation of the coefficients.22

DATA
We examine two series on the adoption of EHRs by nonfederal office
based physicians excluding radiologists, anesthesiologists, and pathol-
ogists. These national aggregate survey estimates come from various
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waves and modalities of the National Ambulatory Medical Care Survey
(NAMCS) collected via in-person interviews and mail surveys by the
Centers for Disease Control and Prevention (CDC) and the National
Center for Health Statistics.23 The “Any EHR System” series spanning
2001–2013 applies to physicians who responded “yes” to the ques-
tion “does this practice use electronic medical records or electronic
health records (not including billing records)?.” Figure 1 plots the data
points from various years of the survey for the percent of physicians in
the survey reporting Any EHR. The figure also shows G/SG and Bass
models curves which are discussed later. Figure 2 plots the data
points for the percent of physicians responding during survey years
2006–2013 that they had a “Basic” system (perhaps better named as
a Robust System) defined as having all of the following functionalities:
“ . . . patient history and demographics, patient problem lists, physi-
cian clinical notes, comprehensive list of patients’ medications and al-
lergies, computerized orders for prescriptions, and ability to view
laboratory and imaging results electronically.” The figure also shows
G/SG and Bass model curves, which are discussed later.

ESTIMATION
We estimated the G/SG and Bass models in equation (1) to include in
the X vector two dummy variables to account for shifts in the adoption
process due to the passage of the HITECH Act and the subsequent
payment of subsidies. The dummy PrePay equals 1 for the years 2009
and 2010 and otherwise equals zero. This dummy variable will cap-
ture changes in adoption that occurred after the passage of the
HITECH legislation in 2009 but before any subsidy payments were
made in 2011. This was a period of uncertainty when the federal gov-
ernment was developing EHR system specifications that it would sub-
sequently certify as being eligible for subsidy payments. Similar to
other new technologies, it was expected that physicians were likely to
be cautious about adopting EHRs until they could be sure that the sys-
tem they invested in would qualify for a subsidy.24 The dummy
PostPay equals 1 for 2011 through the end of the data series in 2013
and otherwise equals zero. The PostPay dummy variable captures
physicians’ responses to subsidy payments that began in 2011. It was
widely expected that physicians EHR adoption rate would jump begin-
ning in 2011 because of the financial support.25 For the Basic System,
a similar model is estimated except that the observed data series be-
gins in 2006.

The Bass model assumes new adoptions grow without decline.
The NAMCS reports a slight decline in the cumulative percent of “Any
EHR system” adoption over the period from 2001 to 2003. One

explanation is that the EHR use differences are due to population-sam-
pling differences over the periods studied. Given the number of physi-
cians practicing in small groups is declining, sampling drift may
explain the decline as doctors migrate to larger practices that have an
EHR. Therefore, the estimation is adjusted for the percent of adopters
of “Any EHR system” to be 17.0 (from 18.4) and 17.1 (from 17.3) in
2001 and 2002.

We have not been able to find data series on either the prices of
EHR software or expenditures on advertising and marketing. One ap-
pealing feature of our models is that they can be estimated without
price or advertising information and yield coefficients that are informa-
tive about the diffusion process.19,26

The time at which EHR systems became available for purchase or
were actually bought by physician office practices is not well docu-
mented. A report by the Institute of Medicine in 1991 calling for the
widespread use of “computerized patient records” is often considered
to be the starting point for today’s EHR industry.27 It is not clear from
the report how many vendors may have been selling EHR systems for
office based physicians at that time. Because the G/SG and Bass mod-
els are known to be sensitive to the starting date, we estimated the
sensitivity of these models using the available data with various years
specified as t¼ 0. For the Any EHR models, we experimented with
annual starting points from 1985 to 1995; for Basic systems we used
starting points of 1995 to 2005. We estimated these models with non-
linear regression using Stata version 14.28

Our sensitivity estimates were concerned with the following issues.
First, is the G/SG a coefficient equal to 1.0, confirming the appropri-
ateness of estimating a Bass model? Second, are the sign, size, and
significance of the p and q coefficients sensitive to the choice of the
starting year? Third, how large and statistically significant are the
PrePay and PostPay variables that would indicate the effect of the MU
subsidies?

RESULTS
The fit of the G/SG and Bass models for Any EHR system is shown in
Figure 1 which draws the graph lines based upon the estimated coeffi-
cients. Both models track the available data points reasonably well as-
suming that 1985 is the starting point for the system. For the years
2014 to 2020 beyond the observed data, the G/SG model predicts a
more rapid adoption of EHRs. All of the models are characterized by
small values of the innovation coefficient p, much larger values of the
imitation coefficient q. The a coefficient for the G/SG model is usually

Figure 1: Bass and G/SG models of Any EHR Adoption.
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Figure 2: Bass and G/SG models of Basic EHR Adoption.
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small (around 0.15) and sometimes statistically significant suggesting
that the data have in them some heterogeneity or “extra bass skew”
that might make them better described by the G/SG model. For the
1985 starting point, the PrePay and PostPay coefficients are statisti-
cally indistinguishable from zero in both models and in the G/SG model
the coefficients have an unexpected negative sign suggesting that the
subsidies actually decreased adoption. In the Bass model, the PrePay
and PostPay coefficients suggest that the MU subsidies are associated
with an increase in adoption of EHRs of 1 and 7 percentage points, re-
spectively, during these periods. If we re-draw the graphs for annual
starting points between 1986 and 1995, the Bass model graph re-
mains virtually unchanged but the G/SG model has erratic kinks for
starting years after 1991 and it improbably attributes around half of
cumulative adoption to the PostPay subsidy (These additional graph
results are not shown but are available from the authors.)

Figure 2 shows the data and estimated graphs for the Basic EHR
system using 2001 as the starting date for the product. The G/SG and
Bass models both fit the data reasonably well with the G/SG again pre-
dicting more rapid adoption in the future. When different starting times
are selected, the Bass model preserves its shape and fit but the G/SG
model again has erratic kinks in some years. Both models find small
and statistically insignificant effects for both the PrePay and PostPay
dummies. In the Appendix we present tables with the regression re-
sults and a discussion of some further sensitivity tests.

DISCUSSION
Using 13 years of data consistently collected by the NAMCS on the
adoption of “Any EHR system” in physicians’ offices, a Bass diffusion
model predicts that the adoption rate in 2017 (the year following the
deadline for subsidy eligibility) will be around 90% (with standard error
2.0%) compared to the 83% (standard error¼ 5.0%) that would be
predicted in the absence of the HITECH subsidies. This change is con-
sistent with the presumed effects of the HITECH subsidy payments
and the reimbursement penalties that Medicare will impose on physi-
cians who do not have certified EHR systems. The model estimates
that anticipated subsidies during the PrePay period contributed slightly
more than a one percentage point increase in the adoption of “AnyEHR
system.” During the PostPay period with subsidy payments, EHR
adoption increased by seven percentage points. However, these esti-
mates of the HITECH Act’s effects lack statistical significance. A simi-
lar story emerges when the models are fit on NAMCS data for 2006–
2013 applying to the adoption of EHR “Basic” systems with more ex-
tensive capabilities. The model finds that the passage of the HITECH
Act and the subsequent subsidy payments contributed statistically in-
significant nudges to the EHR diffusion curve of less than one percent-
age point and a half percentage point, respectively.

We conducted extensive sensitivity tests of these findings by esti-
mating the Bass model with alternative years at which the marketing of
software may have begun. We also estimated a G/GS model which em-
beds both the Bass model and a simple exponential model as special
cases. We found that the Bass model was not seriously affected by the
presumed starting point year for the beginning of the market but the G/
SG was sensitive so that its estimates of subsidy effects varied over im-
probable ranges depending on which starting year was chosen.

The analyses support the speculation that the adoption of “Any
EHR system” was largely driven by what the Bass model designates
as “imitation” effects (q-coefficient). The “innovation” coefficients (p-
coefficient) in the various models are well below the ranges for other
technologies (the average p¼ 0.03 found in 213 similar analyses).29

The standard interpretation of q and p coefficients in this arrangement
is that physicians are striving to keep up with their peers in EHR use
rather than adopting due to an external influence such as advertising.5

The relatively large coefficient of contagion (q-coefficient) can be
interpreted in 2 ways. On the one hand, mimetic forces may induce
physicians to adopt in areas where other physicians have already
adopted and where they are using EHRs as a networking tool for
Health Information Exchange.30 On the other hand, physicians may
merely have a strong desire to keep up with technical changes in the
field without any information sharing intention or external stimulus.
Both scenarios are desirable. The former scenario in particular (e.g.,
the desire to share patient information) is desirable because data shar-
ing is at the core of the value that electronic records provide.
However, the empirical evidence-to-date shows that most physicians
have not connected their EHRs to other provider organizations due in
part to lack of connectivity in their software.31–33 The latter scenario
suggests that the adoption of EHRs is being driven by expected gains
in convenience and productivity much like the decades-earlier adop-
tion of the personal computers into the workplace. A potentially worse
scenario is that the MU program promoted the adoption of inferior
technologies that had already been rejected by physicians.32

Collectively, the analyses suggest that the external stimulus on
physicians of the MU Program had ambiguous effects on the overall
adoption rates. Somewhat like the “cash for clunkers” subsidies in the
automobile industry, the HITECH subsidies may have only contributed
to inevitable adoptions.34 However, the new regulation may have had
unintended, negative consequences. One explanation is that the MU
requirement for a “certified” EHR may have slowed technological ad-
vancements in the field as system vendors invested in compliance
rather than research and development.32 More work is needed to bet-
ter understand the dynamics of physician adoption patterns.35 Our re-
sults for physicians are, however, consistent with an evaluation of the
effect of subsidies on the adoption of electronic medical records in
hospitals, which found that “in the absence of HITECH incentives, the
77 percent adoption rate would have been realized by 2013, just 2
years after the date achieved due to HITECH.”36

This paper has the limitation that we have looked only at aggregate
national data over relatively short periods of 2001–2013 and 2006–
2013. This may explain the lack of statistical significance for the esti-
mated effects of the subsidies. More can be learned from studies of
EHR adoption over time across geographic regions and in specific
healthcare providers. The current paper also does not comment on the
comparative costs and benefits of accelerating market adoption via
subsidies and reimbursement penalties. Did forcing the adoption of
EHRs save lives, improve the quality of care, or favorably reduce infla-
tion in medical spending? Evaluations of the effects of EHRs to date
have found weak and inconsistent effects.37 Absent evidence of signif-
icant gains in either care quality or cost savings, the federal govern-
ment’s near-term return on investment may be negligible or negative.
Additionally, little generalizable evidence currently exists to show that
the electronic exchange of health information among providers boots
efficiency, reduces healthcare costs and improves outcomes for pa-
tients.38 Future studies should therefore seek to examine the impact
of the HITECH Act on subsequent quality and cost outcomes.
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