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ABSTRACT
Objective To evaluate the impact of generic substitution
decision support on electronic (e-) prescribing of generic
medications.
Design The authors analyzed retrospective outpatient
e-prescribing data from an academic medical center and
affiliated network for July 1, 2005eSeptember 30, 2008
using an interrupted time-series design to assess the
rate of generic prescribing before and after implementing
generic substitution decision support. To assess
background secular trends, e-prescribing was compared
with a concurrent random sample of hand-generated
prescriptions.
Measurements Proportion of generic medications
prescribed before and after the intervention, evaluated
over time, and compared with a sample of prescriptions
generated without e-prescribing.
Results The proportion of generic medication
prescriptions increased from 32.1% to 54.2% after the
intervention (22.1% increase, 95% CI 21.9% to 22.3%),
with no diminution in magnitude of improvement post-
intervention. In the concurrent control group, increases in
proportion of generic prescriptions (29.3% to 31.4% to
37.4% in the pre-intervention, post-intervention, and end-
of-study periods, respectively) were not commensurate
with the intervention. There was a larger change in
generic prescribing rates among authorized prescribers
(24.6%) than nurses (18.5%; adjusted OR 1.38, 95% CI
1.17 to 1.63). Two years after the intervention, the
proportion of generic prescribing remained significantly
higher for e-prescriptions (58.1%; 95% CI 57.5% to
58.7%) than for hand-generated prescriptions ordered at
the same time (37.4%; 95% CI 34.9% to 39.9%)
(p<0.0001). Generic prescribing increased significantly
in every specialty.
Conclusion Implementation of generic substitution
decision support was associated with dramatic and
sustained improvements in the rate of outpatient generic
e-prescribing across all specialties.

INTRODUCTION
Despite decades of policies directed toward
reducing healthcare costs through increased
prescribing of generic medications, US physicians
continue to over-prescribe brand name medications.
Electronic prescribing is an application of health
information technology with potential to improve
generic prescribing practices. Furthermore, user
interface design techniques are considered a critical
component of healthcare decision-support tech-
nology. Despite this opportunity, there are no
published studies describing the effect of
e-prescribing interventions on generic prescribing
rates. This report describes an approach to integrate

generic substitution knowledge into the workflow
of providers using e-prescribing systems.

BACKGROUND
Currently, US providers write 1.5 billion prescrip-
tions each year at an annual cost of US$286.5
billion,1 an expense expected to double over the
next 10 years.2 Overall, only 58e67% of medica-
tions dispensed in 2007 were generic; this rate
varies among states.3 4 While the US fill rate of
generic medications is higher than many other
countries (eg, 48% in Canada, 30% in Australia,
17% in Japan), experts estimate the maximum
achievable rate of US generic prescriptions to be
80% and possibly higher as more brand name
medications come off patent.1 5 Increased outpa-
tient generic medication prescribing could save over
US$9 billion, or roughly 11% of annual medication
expenditures.6 These savings would be realized by
both insurers and patients. Americans spend
significantly more out of pocket for medications
than patients from other countries. Over 66% of US
patients who regularly take medications spend
more than US$500 per year on them, and 30%
spend more than US$1000 per year.7 In addition,
a statistically significant increase in medication
adherence has been demonstrated in patients
prescribed generic medications.8 With a few limited
exceptions, there is no evidence that generic medi-
cation usage has adversely affected patient
outcomes.9 Unfortunately, prescribers routinely fail
to consider patient out-of-pocket costs or issues of
adherence when choosing prescription drugs.10

Worse still, older patients and economically disad-
vantaged patients receive proportionally fewer
generic medication prescriptions than others.11 12

When faced with increased medication costs, older
patients often skip doses or reduce them and do not
refill prescriptions, leading to poorer clinical
outcomes and increased system-wide healthcare
costs.13 14

A recent American Association of Retired Persons
Public Policy Institute publication described the
following strategies to increase use of generic
medications: generic substitution policies; tiered-
design medication plans; consumer and prescriber
education; narrower institutional medication
formularies; pharmacist and prescriber incentives;
and electronic prescribing.15 Insurers and policy
makers developed many of these strategies in an
attempt to control medication costs.16 In addition,
researchers have identified the following barriers
that public policy alone may not be able to
circumvent.
< Patient knowledge gaps. In one study, almost

40% of patients said they had little knowledge
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about generic medications.17 Another study showed that
patients associate higher price with increased value.18

Information related to prescription medications currently
available in the USA is of limited quality, exacerbating
challenges posed by low health literacy. In addition,
prescription medication labels,19 20 warning labels,21 and
other materials, such as medication information leaflets22 23

and FDA medication guides,24 all suffer from poor design and
poor readability, thus limiting their utility.

< Physician knowledge gaps. In one study, only 40% of
physicians surveyed believed that generic medications were
usually therapeutically equivalent to brand name medica-
tions, while 36% agreed with the statement that ‘therapeutic
failures are a serious problem with generic products.’25

Complicating this problem is the fact that the pharmaceu-
tical industry spends over US$7 billion per year marketing
brand name products directly to physicians.26

Generic substitution policies vary by state; in Tennessee,
pharmacists can substitute generic medications unless a brand
name is explicitly prescribed. However, generic substitution is
not required and may be impacted by pharmacist workload. An
intervention to encourage prescribing by the generic name is an
effective way to ensure use of generic medications.

Although provider education may improve generic medication
prescribing rates, simply providing data to prescribers may not
be enough. For example, showing prescribers data about costs
has marginal benefitdonly up to 10% in some studies.27 28 A
retrospective study in 2005 showed no differences between
e-prescribers and traditional prescribers in formulary compliance
or generic medication prescribing.29 A 2008 study suggested that
physicians with handheld electronic formulary access have
a lower rate of increase in brand name, non-formulary medica-
tion prescribing.30 More recently, Fischer et al16 demonstrated
savings through increased generic prescribing after integrating
formulary decision support into an e-prescribing system.
However, formulary decision support will not be available for all
patients, and will be out of date if e-prescribing systems do not
use real-time interfaces to pharmacy benefit managers and
eligibility databases.

As e-prescribing programs gain attention and acceptance at the
national level,31 32 the challenge is to learn from early adopters
about how to improve generic prescribing. Experience with
decision support tools suggests that sophisticated probabilistic or
rule-based models are unnecessarily complicated and can be
replaced with people- and process-focused implementations.33

In 2004, Vanderbilt Medical Center began a rollout of a locally
developed outpatient e-prescribing system called RxStar. We
observed a suboptimal rate of generic medication prescribing and
consequently completed a series of focus groups in 2005 to help
us understand local prescribing processes.34 As a result of our
findings, we instituted minimally obtrusive changes in RxStar
on September 25, 2006. Starting on that date, available generic
formulations were displayed in a larger, bolder font, and generic
medications were listed above brand name medications. Anec-
dotal evidence suggested that these changes affected
e-prescribing practices. We performed this study to determine
the effectiveness of generic substitution decision support in
increasing e-prescribing of generic medications.

METHODS
The study was conducted at Vanderbilt University Medical
Center (VUMC). During the study period (July 1,
2005eSeptember 30, 2008) prescribers wrote over 1.3 million
electronic medication prescriptions for over 800 000 patients.

They represented approximately half of all prescriptions written
during the period, based on manual counts of prescriptions sent
to VUMC on-site pharmacies (data not shown). The study
examined prescribing habits of attending physicians, house staff,
nurses, and advanced practice nurses at Vanderbilt who use
e-prescribing. Authorized prescribers (physicians and advanced
practice nurses) entered 51% of the total prescriptions directly;
nurses entered the remainder. Of note, nurses acting as an agent
of the prescriber can renew prescriptions using the e-prescribing
system. This approach is modeled after the workflow used in our
clinics before the implementation of e-prescribing as described
by Johnson and Fitzhenry.34 In brief, a nurse can create
a renewal for an expired prescription based on a prescriber ’s
order. The nurse can use e-prescribing after the ordering provider
provides the nurse with access as the provider ’s agent.
Prescriptions contain the digital signatures of the ordering
provider and the nurse.
The RxStar system was developed at VUMC in collaboration

with the doctors and nurses of the Vanderbilt Medical Group’s
outpatient clinics. These clinics are located in urban and
suburban locations. They include sites on the university campus
itself and as far as 40 miles from the city. The program was
launched in early 2004 and is used by over 3000 prescribers who
generate over 80 000 electronic prescriptions per month. The
RxStar system supports many of the commonly recommended
tools for clinical decision support, including formulary and
benefit checking, therapeutic substitution when a proposed
medication is not covered by a patient’s insurance, weight-based
dosing for pediatrics, dose-limit checking, drug allergy warnings,
potential drugedrug interaction warnings, geriatric precaution
warnings, and other warnings.Medication knowledge is provided
by First Databank (FDB).
The RxStar system is fully integrated into Vanderbilt’s elec-

tronic health record system. Prescriptions are printed or elec-
tronically submitted to a pharmacy according to patient
preferences. In addition, all prescriptions are automatically
entered into a patient’s medication list.
Like many e-prescribing systems, RxStar initially provided

a free-text data entry field that allowed the user to search for
a medication name. The system returned best matches for the
search term, without attention to whether the result set
included generic names in addition to brand names (figure 1).
After a medication name was selected the user would modify
the dose, route, schedule, amount, refills, and special instruc-
tions. Once finalized, the prescription could be printed, or, more
commonly, electronically faxed to a pharmacy selected from an
online database.
In 2005, VUMC began investigating ways to improve the rate

of generic medication prescribing in an effort to curb unneces-
sary prescription costs and meet pay-for-performance generic
prescribing challenges. In response, the RxStar team conducted
user-centered design sessions to create a new user interface
that would recommend generic alternatives to brand name
medications.
Figure 2 shows the system after the interface had been rede-

signed to emphasize generic prescribing. A clinician wishing to
prescribe ‘Pravachol 40 mg’ searches for it in RxStar (figure 2).
First, RxStar finds all medicationsdgeneric or brandeddthat
match the search criteria. Then, using tools available through
FDB, RxStar creates a list of generic formulations associated
with Pravachol. They are displayed as bolded results in the
medication selection screen. Brand name medications also are
displayed, but are listed below the generic medication in
a slightly smaller, unbolded font (figure 2). First DataBank
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knowledge about the availability of a packaged form is used to
determine if a generic formulation is displayed; if a generic
formulation is not available, it is not seen. If the clinician
searches for ‘pravastatin 40 mg’, RxStar returns the same results,
displaying the generic formulation first, with the brand name
below (figure 2). The rationale behind this design was that
providers could use the language they were accustomed to using
to search for medications (ie, brand names), but would be
presented with a generic equivalent in a prominent way that
would remind them of its availability. Therapeutic (within
medication class) generic substitution recommendations are not
provided by RxStar.

To assess the impact of this modification on the rate of generic
medication prescribing, we queried our prescribing database to
retrieve all prescriptions generated beginning in July, 2005

(14 months before implementation of the new interface) and
continuing through September, 2008 (2 years after the inter-
vention). These data were combined with data from the
credentialing office to identify the department and clinical role
of the person creating the prescription (attending physician,
house staff, nurse, or advance practice nurse). Prescriptions were
labeled as ‘brand’ or ‘generic’ by an additional query of the FDB
database. A preliminary analysis of this process found that the
database labeled medications with 100% accuracy. In addition,
we retrieved data about the prescriber ’s medical specialty, and
a date and time stamp for each prescription. All patient and
physician identifiers were removed and replaced with unique
codes that could not be used to re-link data to their original
source. The analysis began with all prescribing data from July 1,
2005 through September 30, 2008. We excluded 110 184 (8.5%)

Figure 1 Ordering a medication using RxStar prior to implementation of e-prescribing decision support with generic medication suggestions. A user
enters a name of a branded medication or part of a brand name as a search string and clicks the ‘search’ button. Only the brand name formulations that
match the search string are displayed.

Figure 2 Ordering a medication using RxStar following implementation of e-prescribing decision support with generic medication suggestions. A user
searches for a brand name medication. RxStar displays the names of all generic formulations with brand equivalents below each generic formulation.
To the right of each result, RxStar displays the formulary status (approved, prior authorization required, etc).
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prescriptions because ofmissing values for prescriber, department,
or type of prescription. We excluded an additional 5650 (0.4%)
prescriptionsordered by twodepartments (DepartmentofCardiac
and Thoracic Surgery and Department of Nuclear Medicine) that
only used the system after the implementation date. Our final
dataset contained over 1.1 million electronic prescriptions.

To determine the rate of generic prescribing without the aid of
the e-prescribing system, we randomly sampled and manually
reviewed 4456 handwritten prescriptions that were filled at
a single VUMC outpatient pharmacy during three 1-week
periods (pre-implementation, immediate post-implementation,
and end-of-study); a manual review of all prescriptions during
the study period would have been time prohibitive. We selected
the largest and busiest of three VUMC outpatient pharmacies
as the control pharmacy for a representative sample and for ease
of access to non-RxStar prescriptions. We compared the
proportion of generic prescribing for RxStar prescriptions with
non-RxStar prescriptions. All prescriptions from non-VUMC
prescribers were excluded.

To determine if recommendations for generic prescriptions
affected within-class substitutions, we assessed the proportion
of statins (prescriptions to treat hypercholesterolemia). We
included each of the six statins available during the study period:
atorvastatin (Lipitor, available as brand only), fluvastatin
(Lescol, available as brand only), lovastatin (Mevacor), pravas-
tatin (Pravachol), rosuvastatin (Crestor, available as brand only),
and simvastatin (Zocor). For each medication we summarized
the volume-adjusted proportion of statin prescriptions over time.
We determined the within-class effect for the highest volume
brand name statin, Lipitor, using a generalized estimating
equations (GEEs) intra-class correlation coefficient model.

We tested system stability 1 month prior to the ‘system
implementation date’ by piloting the generic substitution
decision support changes in a single internal medicine clinic.
During the analysis, we included the pilot month prescribing
data from this clinic in the pre-implementation group.

STATISTICAL ANALYSIS
We described the effect of our system change on generic
prescribing with frequencies, percentages and 95% CIs. c2 Tests
were used to compare the control group with the RxStar sample
prescribed at the same time.Owing to the large size of our dataset,
we reported 95% CIs instead of p values of conducted hypothesis
tests. To study the generic prescribing behavior of nurses and
prescribers during pre- and post-intervention periods and to
control for prescribers’ cluster effect, we used GEEswith logit link
and binomial distribution. Themodel included themain effects of
the system (before/after), days from study commence (linear),
role, department, and two-way interactions of the system by role
and the system by department. Covariance weighting generally
permits efficiency gains over independence weighting but, owing
to our large sample size, covariance weighting was not compu-
tationally feasible and efficiencywas not a concern in the analysis.
Therefore, we adjusted for clustering by physician using GEEs
with a working independence covariance matrix followed by
robust or sandwich SE adjustment to quantify uncertainty. The
95% CIs were constructed by Wald statistics.

RESULTS
Table 1 shows the usage of the e-prescribing system by each
specialty (department). Medicine generated the largest number
of prescriptions (50%), followed by pediatrics (11%), family
practice (7%), general surgery (7%), and psychiatry (6%). More
than 1.1 million prescriptions were created during the evaluation
period, with 170 751 prescriptions generated prior to the inter-
vention and 1 015 649 prescriptions generated afterward. The
total number of prescriptions generated using the e-prescribing
system increased over time as the system was more widely
adopted. Over 2000 unique prescribers were identified. All
reported percentages are unadjusted.
The departments of medicine, pediatrics, family practice, and

general surgery generated 75% of the total 1 186 400 e-prescrip-
tions. Overall, the proportion of generic prescribing increased

Table 1 Electronic prescriptions before and after implementation of decision support on generic availability

Pre-implementation prescriptions
(N[170751)

Post-implementation prescriptions
(N[1015649)

Increase in generic
prescriptions
(% (95% CI))Total (%) Generic (%) Total (%) Generic (%)

Prescriber 65991 (38.6) 22644 (34.3) 522196 (51.4) 307821 (58.9) 24.6 (24.2 to 25.0)

Nurse 104760 (61.4) 32200 (30.7) 493453 (48.6) 242791 (49.2) 18.5 (18.2 to 18.8)

Anesthesiology 7797 (4.6) 2737 (35.1) 12438 (1.2) 7041 (56.6) 21.5 (20.1 to 22.9)

EM 1813 (1.1) 502 (27.7) 6406 (0.6) 3709 (57.9) 30.2 (27.8 to 32.6)

Family practice 10919 (6.4) 3015 (27.6) 68550 (6.7) 35790 (52.2) 24.6 (23.7 to 25.5)

General surgery 14060 (8.2) 3310 (23.5) 64024 (6.3) 38300 (59.8) 36.3 (35.5 to 37.1)

Medicine 50205 (29.4) 18438 (36.7) 536722 (52.8) 297780 (55.5) 18.8 (18.3 to 19.2)

Med/Peds 922 (0.5) 342 (37.1) 14260 (1.4) 9497 (66.6) 29.5 (26.3 to 32.7)

Neurology 6487 (3.8) 1588 (24.5) 38424 (3.8) 15920 (41.4) 17.0 (15.8 to 18.1)

Neurosurgery 74 (0.0) 11 (14.9) 6289 (0.6) 2829 (45.0) 30.1 (21.9 to 38.3)

OB/GYN 12008 (7.0) 3539 (29.5) 32350 (3.2) 18998 (58.7) 29.3 (28.3 to 30.2)

Ophthalmology 1537 (0.9) 568 (37.0) 2395 (0.2) 1272 (53.1) 16.2 (13.0 to 19.3)

Oral surgery 344 (0.2) 92 (26.7) 8452 (0.8) 6215 (73.5) 46.8 (42.0 to 51.6)

Orthopedics 2876 (1.7) 983 (34.2) 31270 (3.1) 16408 (52.5) 18.3 (16.5 to 20.1)

Otolaryngology 1116 (0.7) 161 (14.4) 12692 (1.2) 5648 (44.5) 30.1 (27.8 to 32.3)

Pathology 1107 (0.6) 76 (6.9) 2269 (0.2) 451 (19.9) 13.0 (10.8 to 15.2)

Pediatrics 22145 (13.0) 7772 (35.1) 109770 (10.8) 56483 (51.5) 16.4 (15.7 to 17.1)

Plastic surgery 31 (0.0) 2 (6.5) 5910 (0.6) 4077 (69.0) 62.5 (53.8 to 71.3)

Psychiatry 23388 (13.7) 7563 (32.3) 47907 (4.7) 23311 (48.7) 16.3 (15.6 to 17.1)

Rad Onc 6579 (3.9) 1658 (25.2) 9760 (1.0) 3611 (37.0) 11.8 (10.4 to 13.2)

Radiology 7343 (4.3) 2487 (33.9) 5761 (0.6) 3272 (56.8) 22.9 (21.3 to 24.6)

EM, emergency medicine; Med/Peds, medicine/pediatrics; OB/GYN, obstetrics and gynecology; oral surgery, oral & maxillofacial surgery; Rad Onc, radiation oncology.
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22.1%, with a greater increase for providers than nurses. Generic
prescribing increased significantly in every specialty.

Figure 3 and table 1 report the effects of our intervention on
prescribing behavior. Generic medications made up 32.1% of all
electronic prescriptions prior to the intervention. This
percentage increased to 54.2% afterward (22.1% increase, 95%
CI 21.9% to 22.3%).

After the decision support on generic availability was imple-
mented, 59% of prescriber prescriptions were generic, versus 49%
of nurse-generated prescriptions (adjusted OR¼1.52, 95% CI
1.37 to 1.68). There was a higher increase in generic prescribing
rates among authorized prescribers (24.6%) than nurses (18.5%;
adjusted ratio of ORs¼1.38, 95% CI 1.17 to 1.63).

There was a significant increase in generic medication ordering
behavior among providers in all 19 departments studied, with
the largest increase in the surgical specialties. Five of the 10
departments with the largest increases were surgical depart-
ments. The department of medicine was the highest user of
e-prescribing, accounting for 50% of all prescriptions in the
study. This figure was nearly five times more than that of the
next department (pediatrics, 11%). These two departments
accounted for 61% of all prescriptions. Both departments had
a high overall initial generic prescribing rate (36.7% and 35.1%,
respectively) and a lower increase in the proportion of generic
medication prescribing using the updated interface. Medicine
increased by 18.8%, and pediatrics increased by 16.4%. However,
the combined proportion of generic prescribing in both depart-
ments using the updated interface exceeded the proportion in all
other departments (54.8% vs 53.2%; adjusted OR¼1.07, 95% CI
0.97 to 1.17). Pathology, radiation oncology, and neurology had
the lowest final rates of generic prescribing, and the lowest
percentage changes (13.0%, 11.8%, and 17.0%, respectively).
Across all departments, the increase in the proportions of generic
prescribing varied from 11.8% to 62.5%. The associated preci-
sions (half length of the 95% CI) ranged from 0.45% to 8.75%.

The proportion of generic e-prescribing rose 6% in the month
immediately prior to the decision support implementation
(figure 3). This period was consistent with the time that the
updated interface was piloted in an internal medicine clinic to
assess system stability. The pilot clinic data were included in the

pre-implementation period analysis because identification of
prescribers’ clinic was not available in the dataset.
The proportion of generic prescriptions was similar for hand-

generated and electronic prescriptions before generic substation
decision support was implemented. The proportion of generic
prescriptions was significantly higher in the electronic prescrip-
tion group after the system changes. The ‘pre-implementation
period’ was November 1, 2005eNovember 7, 2005, the ‘imme-
diate post-implementation period’ was November 1,
2006eNovember 7, 2006, and the ‘end-of-study post-imple-
mentation period’ was September 1, 2008eSeptember 30, 2008.
As shown in table 2, there was no significant difference

between RxStar and non-RxStar prescriptions in the pre-
implementation period (32.4% vs 29.3%; p¼0.07). The difference
became significant in the immediate post-implementation
period (50.3% vs 31.4%; p<0.0001) and continued to increase in
the end-of-study post-implementation period (58.1% vs 37.4%;
p<0.0001). The proportion of non-RxStar generic prescribing
was not significantly different between the pre-implementation
and immediate post-implementation periods (29.3% vs 31.4%;
p¼0.224). The proportion of non-RxStar generic prescribing rose
from the pre-implementation period to the end of the study
(29.3% vs 37.4%; p<0.0001); however, the increase in RxStar
generic prescribing was significantly greater in the immediate
post-implementation (15.7%, 95% CI 11.6% to 19.9%) as well as
end-of-study post-implementation periods (17.4%, 95% CI
13.2% to 21.5%).
We examined statin prescriptions to assess any learning effect

that might have resulted in within-class substitutions following
our intervention, as shown in figure 4. The proportion of Zocor
prescriptions fell dramatically after system implementation and
was associated with a concomitant rise in the proportion of
simvastatin prescriptions; we saw a similar trend with Prava-
chol/pravastatin, and essentially an unchanged rate of lovastatin
prescriptions (with virtually no prescriptions for its branded
form). The proportion of Lipitor prescriptions began to decrease
steadily when simvastatin became commercially available and
continued to decline after system implementation (p¼0.00007)
although without the dramatic change seen with other statins.

DISCUSSION
Adding reminders about the availability of generic medications
to the user interface of an e-prescribing system resulted in
a dramatic and sustained improvement in the proportion of
generic formulations written using the system. This change
improved the generic medication prescribing rate in every
department. Although increases were seen in all 19 departments,
they were less dramatic in three. This result caused increased
variance across departments before and after the e-prescribing

Figure 3 Monthly proportion of generic prescriptions before and after
implementation of generic substitution decision support. Use of the
e-prescribing system and number of e-prescriptions (open circles)
increased with time. Proportion of generic e-prescriptions increased
22.1% after the system implementation date (day 451). The proportion of
non-e-prescribing generic prescriptions (crosses) remained consistently
and significantly lower.

Table 2 Electronic and hand-generated prescriptions before and after
implementation of generic substitution decision support

Total Generic
Percent generic
(95% CI)

Electronic

Pre-implementation period 1707 553 32.4 (30.2% to 34.7%)

Immediate post-implementation period 6505 3269 50.3 (49.0% to 51.5%)

End-of-study post-implementation
period

24894 14470 58.1 (57.5% to 58.7%)

Hand-generated

Pre-implementation period 1490 437 29.3 (27.0% to 31.6%)

Immediate post-implementation period 1527 480 31.4 (29.1% to 33.8%)

End-of-study post-implementation
period

1439 538 37.4 (34.9% to 39.9%)
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intervention. In two of these departments, radiation oncology
and neurology, it is likely that providers were appropriately
prescribing brand name medications, even when generic medi-
cations were suggested, given recent data about the potential
risks of substituting generic medications in some settings.35e37

Novelty, as well as learning and adaptation by providers, likely
contributed to the rise in proportion of generic prescriptions
immediately after the intervention. After a dramatic increase to
>65%, the proportion of generic prescriptions decreased to
50e60%, where it remained (figure 3). Since the intervention
provided a new way of displaying medications, a novelty effect
would increase the rate of users selecting generic formulations.
Additionally, providers who desired to prescribe brand name
medications may have unintentionally selected the generic
formulation after searching for a brand name medication.
Displaying generic medication names along with corresponding
brand name medication equivalents might have an educational
effect. The system implies that generic medications are prefer-
able to brand name drugs by listing generic medications first.
This subtle change may ultimately encourage prescribers to
think of and use medications in generic, rather than brand name,
form. We observed a slight within-class effect for Lipitor,
a brand-only statin, without any intervention to directly
recommend a within-class generic alternative. An educational
effect may also enhance prescribers’ substitution behavior even
without explicit substitution recommendations. While it is
not the major focus of our study, this observation is intriguing
and should be the topic of future research. Other educational
efforts have improved generic medication prescribing by about
10%.27 28 38 39 However, none have had as large an impact on
prescribing behavior as the intervention in this study.

It has been demonstrated that changes in human/computer
interfaces may improve clinician performance. For example,
seminal research by McDonald40 noted that computer-provided
suggestions altered behavior. McDonald’s study also noted
the importance of sustaining these behavior changes by auto-
mating decision support. More recently, a study by Miller and
colleagues41 proposed a framework for determining how to

implement a decision-support feature into an order-entry
system. The study evaluated the type of intervention to
create, its optimal location in the workflow, and the level of
disruption appropriate for the feature. Our intervention followed
Miller ’s framework closely, and may provide support for others
who wish to implement decision support into the prescribing
workflow.
Despite the improvements, our results should be interpreted

with respect to some methodological limitations. First, the
e-prescribing system contains two features that help to
encourage the continuation of previous prescribing behavior,
potentially underestimating the impact of the intervention. All
prescribers have a ‘favorites’ menu that allows them to quickly
prescribe medications they prescribe frequently. All patient
medications are saved explicitly so that future prescriptions can
be refilled with a few clicks. If a prescriber had stored a brand
name medication in a favorites list or if patients had previously
been prescribed brand name medications, the intervention
would not be as likely to have an immediate impact on
prescribing behavior. From the standpoint of methodological
limitations, the study is observational and used a limited
concurrent control. The intervention was driven by a real-world
directive to increase generic prescribing and the effect was
analyzed post hoc. Although there was no centralized quality
improvement effort to improve e-prescribing, clinic-level or
department-wide efforts may have been underway. It is there-
fore reassuring that the analysis showed a prescriber-wide
impact associated with the user interface changes. While we
cannot rule out the possibility that other factors influenced
prescribing behavior during the time that prescribing patterns
were observed, we would expect that these factors would have
had a continuous effect on the proportion of generic prescrip-
tions. The abrupt and large change in this proportion that
occurred immediately after the intervention was implemented is
difficult to attribute to factors other than the intervention.
Furthermore, a review of non-RxStar prescriptions written
during three periods of the study revealed a significantly higher
proportion of generic prescribing in prescriptions written using
the e-prescribing system compared with non-RxStar-generated
prescriptions after implementation of generic substitution deci-
sion support. While non-RxStar generic prescribing increased
slightly during the study, RxStar generic prescribing increased
a significantly greater amount. The increase in non-RxStar
generic prescribing may have been due to an educational effect
of the system on users who sometimes hand-write prescriptions,
or related to documentation left by RxStar in the electronic
problem list after patients were switched to generic formula-
tions because of the intervention. If other factors beyond the
intervention influenced the change in generic prescribing
behavior, these changes should have been equally observed in
both RxStar and non-RxStar prescriptions.
A second limitation of the study is that it does not control for

the emergence of new generic medications during the time of the
study. This limitation likely did not affect the study outcome,
since new generic formulations became available in both the pre-
and post-intervention periods, but generic prescribing increased
only after the day 419 intervention. Frequently prescribed
medications that became available as generic formulations
during the pre-intervention period (days 0e419) included
azithromycin, simvastatin, ondansetron, and itraconazole.42

Generic medications that became available during the post-
intervention period (days 419e1187) include zolpidem, parox-
etine, cetirazine HCl, and amlodipine besylate.42 In addition, the
effect we saw might be specific to Vanderbilt, to RxStar, or to

Figure 4 Monthly volume-adjusted proportion of statin prescriptions
before and after implementation of generic substitution decision support.
The proportion of commercially available generic statin equivalents
increased dramatically after the system implementation date. A slight
within-class effect was observed for the brand-only statin, Lipitor,
without any intervention to directly recommend a within-class generic
alternative.
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other factors such as a higher starting rate of brand name
medication prescribing.

Despite the above limitations, our results reveal that generic
substitution decision support can significantly increase the
generic e-prescribing rate. Generic medications cost US$45
less than brand name medications, on average, and patients
typically save about US$10 per generic prescription because of
lower copayments.43 The potential savings for patients and
payers as a result of the increased generic prescribing demon-
strated in this study could be significant. Additionally,
e-prescribing decision support could help providers realize
significant pay-for-performance incentives by meeting generic
prescribing benchmarks. A formal evaluation of the economic
impact of decision support in e-prescribing systems, accounting
for actual fill rates, variations in generic and brand name medi-
cation costs, and differences in patient copayments, pay-for-
performance incentives, and downstream effects, should be
included in future studies. Furthermore, our findings support
ongoing research by the Agency for Healthcare Research and
Quality and the Office of the National Coordinator for Health
Information. While further study is needed, we believe that
e-prescribing decision support will be a valuable method for
improving providers’ adherence to prescribing guidelines across
multiple settings and should be considered by institutions
and practices trying to meet ‘meaningful use’ and pay-for-
performance goals.

CONCLUSION
This study demonstrates a positive impact of e-prescribing
decision support for generic prescribing and supports the use of
electronic tools to improve prescribing safety and quality.
Additional studies are needed to demonstrate the impact of
e-prescribing decision support in multiple institutions, using
multiple electronic systems, and including physicians in
a variety of practice settings.
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