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edication reconciliation is “the process of comparing a patient’s medication orders to all of
the medications that the patient has been taking.”1 Strong evidence supports the value of reconciliation
in inpatient settings2 and at transitions of care,3,4 leading
to The Joint Commission requirement for medication reconciliation at hospital admission and discharge.1 However, the benefit of medication reconciliation may have the
most impact in ambulatory settings, where discrepancies
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frequently occur between
physician
orders in
Healthcare
Communications,
the electronic health record (EHR) and whatLLC
the patient is
actually taking.5-8 Given that 3 of 4 physician office visits
yield at least 1 new prescription,9 such discrepancies likely
contribute to the estimated 3.3 million serious preventable
outpatient medication errors10,11 and 1.9 million adverse
drug event-related visits annually in the United States.12 As
a result, national programs including Meaningful Use and
the National Committee for Quality Assurance Medical
Home Certification now require more frequent and systematic medication reconciliation in primary care practice.13,14
Despite its recognized importance, medication reconciliation is challenging.15 Physicians cite lack of time as a barrier, and most practices do not have access to resources
such as clinical pharmacists to support reconciliation.8,16,17
Improvements in health information technology may facilitate accurate medication reconciliation in real time,18 and
federal incentives have increased the adoption of electronic
prescribing (e-prescribing).19 These platforms often make aggregated pharmacy claims available to providers, frequently
within the native EHR. Claims data are a proven source for
medication reconciliation,20,21 but few practices outside of
large managed care organizations have access to these data.22
The purpose of this study was to evaluate aggregated
pharmacy claims available through the EHR of a large primary care network as a source for estimating the prevalence
and identifying the predictors of medication discrepancies
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Objectives: Methods for efficient medication reconciliation are
increasingly important in primary care. Aggregated pharmacy
data within the native electronic health record (EHR) may create a
new opportunity for efficient and systematic medication reconciliation in practice. Our objective was to identify the prevalence and
predictors of medication discrepancies between pharmacy claims
data and the medication list in a primary care EHR.
Study Design: Retrospective cohort study.
Methods: We conducted a retrospective cohort study of patients
prescribed a new antihypertensive in a large primary care
practice network between January 2011 and September 2012. We
compared patients’ active medications recorded in the practice
EHR with those listed in pharmacy claims data available through
the EHR. The primary outcome was the presence of a medication
discrepancy.
Results: Of 609 patients, 468 (76.9%) had at least 1 medication
discrepancy. Significant predictors of discrepancies included the
total medication count (odds ratio [OR], 2.18; 95% CI, 1.85-2.57)
and having a recent emergency department visit (OR, 2.58; 95%
CI, 1.03-6.45). The identified discrepancies included 171 patients
(28.1%) with 229 controlled substance discrepancies.
Conclusions: Our study revealed a high rate of discrepancies
between pharmacy claims data and the provider medication list.
Aggregated pharmacy claims data available through the EHR
may be an important tool to facilitate medication reconciliation in
primary care.
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between claims data and the medication
list in the primary care EHR. Our secTake-Away Points
n   Aggregated pharmacy claims data are increasingly available within a provider
ondary aim was to determine the factors
electronic health record.
associated with discrepancies involving
n   Our study suggests that this data may provide a foundation for assessing medihigh-risk medications, including controlled
cation adherence and conducting medication reconciliation.
n   Optimizing the accessibility and function of this data should be a high priority as
substances. Our findings will provide a
the primary care information technology infrastructure expands.
first step toward identifying the potential
benefit of using aggregated claims data as a
platform for improving the efficiency and quality of medi- the index visit in order to eliminate patients who were
new to the practice or whose practices were transitioning
cation reconciliation in primary care.
from paper records to electronic. To avoid medication
changes as a result of formulary requirements, we only
METHODS
included prescriptions for a new drug class. Only the first
qualifying prescription per patient was considered.
Design Overview
We included patients with a pharmacy claim history
We conducted a retrospective cohort study of established patients who were prescribed a new antihyper- imported to the EHR on or after the index visit in order to
tensive during a primary care office visit. We compared capture all claims prior to the index visit. We required evimedications listed in the practice EHR with those iden- dence of at least 1 claim in the pharmacy claim history to
tified from pharmacy claims data available through the minimize mislabeling medications as missing for patients
EHR. We identified and characterized discrepancies be- whose claim history was not available in the data source.
tween the 2 lists, simulating medication reconciliation at
the time of the new prescription. The study was approved Study Definitions
To identify medication discrepancies, we generated
by the Christiana Care Institutional Review Board.
separate lists of active medications at the time of the index
visit for the provider’s EHR and the pharmacy claims. We
Setting and Data Sources
We conducted this study in a large multi-specialty med- excluded medications for which the days’ supply could not
ical practice, which includes 14 primary care sites provid- be calculated (ie, over-the-counter, insulin, and ophthaling care for over 100,000 people in northern Delaware and mics). We collapsed medications by generic name regardless
the surrounding communities. These practices share an of dose or frequency. Active medications from the providEHR (Centricity from GE Healthcare) used for all clinical er’s EHR were those with a start date in the EHR prior to
encounters. All prescriptions in the multi-specialty prac- the index date, and the stop date, if present, was on or after
tices are generated through the EHR, and e-prescribing the index visit. We did not require evidence of a prior prescription from the EHR, as providers routinely document
has been available since 2010.
Providers can request aggregated pharmacy claims data medications prescribed by other providers.
From the pharmacy claims history, we identified all
in real time within the EHR. Patients must provide consent,
which was incorporated into the patient registration process. medication claims within the 120 days prior to the index
Surescripts provides the pharmacy data, including claims visit. We calculated the end date for the most recent fill for
from retail and mail-order pharmacies, and from pharmacy each medication as the days’ supply plus a 15-day grace
period to account for adherence variability and oversupbenefit managers for private and public insurers.
ply. We considered medications active if the calculated
end date fell on or after the index visit. One author (DC)
Study Population
We identified established patients within the practices classified all medications. When validating a random 10%
who were prescribed a new antihypertensive medication sample, a second pharmacist identified 6 errors among
at an office visit between January 2011 and September 977 medications—an error rate of 0.61%—which we con2012. We required a diagnosis of hypertension (Internation- sidered acceptable.
After finalizing each medication list, we manually
al Classification of Diseases, Ninth Revision, Clinical Modification [ICD-9-CM] code 401.xx) or elevated blood pressure compared them to simulate medication reconciliation.
(ICD-9-CM code 796.2) in the EHR at the time of prescrip- Our primary outcome was the presence of a medication
tion. We required patients to have had at least 1 primary discrepancy, defined as a medication present in only 1
care visit recorded in the EHR in the 18 months prior to source. This interpretation aligns with previous defini-
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n Figure. Patient Flow Chart
All patients 18 years and
older with a newly prescribed
antihypertensive from January
2011 to September 2012
(n = 15,781)
Excluded (n = 12,497)
• Patient did not have documented consent to access
medication fill history (n = 8721)
• No diagnosis of hypertension/elevated blood
• pressure (n = 1034)
• No visit to PCP within 18 months (n = 2121)
• No PCP visit on index date (n = 621)
Applicable patient population
(n = 3284)
Excluded (n = 2675)
• Claims history was not pulled on or after the index
date (n = 2559)
• Patients with only fills where days’ supply could not
be determined (n = 110)
• Patient only had inactive medications in record (n = 3)
• Charts had unresolvable issues (n = 3)
Final patient population for study
(n = 609)

PCP indicates primary care provider.

tions of unintentional medication discrepancies,23 which
have been associated with higher rates of potential adverse drug events.2,24
Key Covariates
Demographic variables from the EHR at the index
visit included patient age, gender, race, and primary insurance. We included clinical variables such as the total
number of medications from both the EHR and claims
data. We also included the number of active antihypertensive medications and blood pressure at the index visit.
We measured patient comorbidity using the Elixhauser
index, and classified these as either cardiovascular (CV)related or unrelated comorbidities.25,26 We included previous healthcare utilization, including counts and timing of
hospitalizations, emergency department (ED) visits, and
primary care visits at our institution.
Statistical Analysis
We used χ2 and t tests to determine the association of discrepancies with covariates. We then developed multivariate
logistic and log-linear regression models. Variables included
in the final models include those statistically significant in
the univariate model and those deemed clinically relevant.
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As total medication count at index visit was a strong predictor, we generated versions of both models with and without
this variable. The results of the logistic and log-linear regression models were very similar; we present only the results
of the logistic regression models. We separately developed
similar models for controlled substance discrepancies. We
conducted sensitivity analyses excluding antibiotics and antifungals, but these did not change our models significantly
so they are not reported. All analyses were done with SAS
version 9.3 (SAS Institute, Cary, North Carolina).

RESULTS
The Figure shows the development of our cohort. Of
15,781 patients who had a new prescription generated for
an antihypertensive medication during the study period,
3284 met our initial patient criteria. Of these, 2675 did not
have a medication refill history that met criteria. Our final
study population included 609 patients; the patients included in our final cohort had a larger proportion of blacks (P
= .01) and females (P = .05), but were similar to the previous
3284 in regard to other demographic characteristics.
The 609 patients in our study cohort accounted for
2947 medications meeting study definition. Of these, 1401
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n Table 1. Study Demographics
Whole Population

No Discrepancy

≥1 Discrepancy

n/mean
(%/SD)
n = 609

n/mean
(%/SD)
n = 141

n/mean
(%/SD)
n = 468

Age

56.07 (14.1)

55.62 (14.8)

56.21 (13.9)

.670

Female

373 (61.3%)

75 (53.2%)

298 (63.7%)

.025

White

329 (54.0%)

75 (53.2%)

254 (54.3%)

African American/black

148 (24.3%)

37 (26.2%)

111 (23.7%)

Other/undetermined

132 (21.7%)

29 (20.6%)

103 (22.0%)

Variable

P

.814

Race

.016

Insurance type
Private

345 (56.7%)

89 (63.1%)

256 (54.7%)

Medicare

186 (30.5%)

32 (22.7%)

154 (32.9%)

Medicaid

65 (10.7%)

14 (9.9%)

51 (10.9%)

Self-pay/other

13 (2.1%)

6 (4.3%)

7 (1.5%)

Number of hypertension medications prescribed previous to index visit

.033

a

0

195 (32.0%)

45 (31.9%)

150 (32.1%)

1

228 (37.4%)

64 (45.4%)

164 (35.0%)

≥2

186 (30.5%)

32 (22.7%)

154 (32.9%)
.371

PCP visits within previous year
22 (3.6%)

7 (5.0%)

15 (3.2%)

1-3

0

368 (60.4%)

89 (63.1%)

279 (59.6%)

≥4

219 (36.0%)

45 (31.9%)

174 (37.2%)
.885

Days to last PCP visit
≤30

196 (32.2%)

44 (31.2%)

152 (32.5%)

31-90

180 (29.6%)

44 (31.2%)

136 (29.1%)

≥91

233 (38.3%)

53 (37.6%)

180 (38.5%)

≥1 ED visits in past year

146 (24.0%)

22 (15.6%)

124 (26.5%)

.008

≤90 days to last ED visit

76 (12.5%)

8 (5.7%)

68 (14.5%)

.005

≥1 hospitalizations in past year

127 (20.9%)

15 (10.6%)

112 (23.9%)

.001

≤90 days to last hospitalization

59 (9.7%)

3 (2.1%)

56 (12.0%)

.001

Systolic blood pressureb

148.9 (18.8)

150.5 (17.2)

148.5 (19.2)

.282

Diastolic blood pressurec

88.1 (11.9)

90.1 (9.5)

87.5 (12.5)

.010

Non–CV-related comorbidities

1.4 (1.3)

1.1 (1.1)

1.5 (1.4)

<.001

CV-related comorbiditiesd

0.4 (0.7)

0.3 (0.6)

0.4 (0.7)

.039

Total medication count

4.8 (3.4)

2.4 (1.7)

5.6 (3.5)

<.0001

e

CV indicates cardiovascular; ED, emergency department; PCP, primary care provider.
a
As listed in the electronic health record (EHR).
b
n = 589.
c
n = 587.
d
Excludes hypertension.
e
Total of unique medications from EHR and fill history.
“n/mean” indicates that either the n or mean of the variable is provided, depending on whether the item is categorical or continuous.

(47.5%) were identified as discrepancies, 831 (59.3%) appeared only in the EHR, and 570 (40.7%) only in the pharmacy claims.
The majority of patients (468 of 609; 76.8%) had at least
1 medication discrepancy (mean ± SD = 2.3 + 2.4). Charac-
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teristics of patients with and without a discrepancy appear
in Table 1. Patients with a discrepancy were more likely to
have a hospitalization in the past year (23.9% vs 10.6%; P
= .001), noncardiovascular comorbidities (1.4% vs 1.1%; P
<.001), and a higher total medication count (5.6 ± 3.5 vs
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n Table 2. Univariate and Multivariate Models for Risk Probability of Medication Discrepancy
Variable
Age
Female
African American/black

a

Univariate Analysis
OR (95% CI)

Multivariate Analysis
OR (95% CI)

1.00 (0.99-1.02)

0.98 (0.96-1.00)

1.54 (1.05-2.26)

1.63 (1.03-2.58)

0.89 (0.56-1.39)

0.84 (0.48-1.47)

b

Medicare

1.67 (1.07-2.63)

1 antihypertensivec

0.77 (0.50-1.20)

≥2 antihypertensivesc

1.44 (0.87-2.39)

ED visit within 90 days

2.82 (1.32-6.02)

2.58 (1.03-6.45)

≥1 hospitalizations in past year

2.64 (1.49-4.70)

1.57 (0.78-3.16)

Systolic blood pressure

0.99 (0.98-1.01)

Diastolic blood pressure

0.98 (0.97-1.00)

CV-related comorbidities (count)

1.37 (0.99-1.89)

Non–CV-related comorbidities (count)

1.34 (1.11-1.54)

0.81 (0.65-1.01)

No PCP visits in past yeard

0.68 (0.27-1.73)

0.89 (0.31-2.53)

≥4 PCP visits in past year

2.00 (0.74-5.42)

0.57 (0.34-0.94)

1.95 (1.69-2.25)

2.18 (1.85-2.57)

d

Total medication count

CV indicates cardiovascular; ED, emergency department; OR, odds ratio; PCP, primary care provider.
a
Reference is white.
b
Reference is private insurance.
c
Reference is 0 antihypertensives.
d
Reference is 1-3 PCP visits.

2.4 ± 1.7; P <.001). Among patients with discrepancies, 116
of 468 (24.8%) had medications in the provider list but not
in the fill history, 186 (39.7%) in the fill history but not the
provider list, and 166 (35.5%) had discrepancies from both
the provider list and fill history.
Table 2 shows the multivariate logistic regression model for having at least 1 medication discrepancy; total medication count was strongly associated with the presence of
a discrepancy (odds ratio [OR], 2.18; 95% CI, 1.85-2.57).
Other significant covariates included being female (OR,
1.54; 95% CI, 1.05-2.26) and count of noncardiovascular
comorbidities (OR, 1.34; 95% CI, 1.11-1.54). When we
excluded total medication count from the model, being
female, having a recent ED visit, or experiencing a hospitalization in the past year were all associated with increased odds of discrepancy.
We identified 229 discrepancies involving a controlled
substance among 171 patients (28.1%); 139 (60.1%) were in
the EHR without a corresponding fill and 90 (39.9%) were
filled without appearing in the EHR. Table 3 shows the
multivariate analysis predicting 1 or more controlled substance discrepancies. Total medication count (OR, 1.27;
95% CI, 1.19-1.36) and female gender (OR, 1.66; 95% CI,
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1.10-2.49) were significant covariates associated with increased risk. When we excluded total medication count
from the model, an ED visit in the past 90 days was significantly associated with a controlled substance discrepancy.

DISCUSSION
Recent policy changes including Meaningful Use and
the Medical Home Certification process increasingly emphasize medication reconciliation in primary care, prioritizing methods for efficient and systematic medication
reconciliation in routine practice. We used aggregated
pharmacy fill data available through a provider EHR
to simulate reconciliation between the provider medication list and pharmacy fill history in a cohort of patients
prescribed a new antihypertensive medication. In our cohort, more than 75% of patients had at least 1 discrepancy, involving nearly half of all medications. Patients with
higher medication counts and higher previous healthcare
utilization were at increased risk of discrepancies.
Our findings are consistent with previous literature,
which, using various methodologies, has identified discrepancy rates in the outpatient setting from 26% to
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n Table 3. Predictive Model for Controlled Substance Medication Discrepancies
Univariate Model
OR (95% CI)

Multivariate Model
OR (95% CI)

Age

0.99 (0.98-1.00)

0.98 (0.96-0.99)

Female

1.60 (1.01-2.33)

1.66 (1.10-2.49)

Variable

African American/black

0.96 (0.62-1.48)

Medicarea

0.95 (0.64-1.42)
0.79 (0.51-1.20)

1 antihypertensiveb
≥2 antihypertensives

0.81 (0.52-1.26)

ED visit within 90 days

2.34 (1.43-3.83)

≥1 hospitalizations in past year

1.62 (1.07-2.46)

Systolic blood pressure

1.00 (0.99-1.01)

b

Diastolic blood pressure

1.01 (0.99-1.02)

CV-related comorbidities (count)

0.86 (0.65-1.14)

Non–CV-related comorbidities (count)

1.16 (1.02-1.32)

1-3 PCP visits in past yearc

1.36 (0.49-3.77)

≥4 PCP visits in past yearc

1.53 (0.53-4.43)

Total medication count

1.22 (1.16-1.29)

1.61 (0.92-2.81)

0.88 (0.75-1.03)

1.27 (1.19-1.36)

CV indicates cardiovascular; ED, emergency department; OR, odds ratio; PCP, primary care provider.
a
Reference is private insurance.
b
Reference is 0 antihypertensives.
c
Reference is 0 PCP visits.

97%.6,7,27,28 Importantly, we identified only discrepancies
based on drug name and not on differences in dose and
frequency; had we considered these additional factors, the
number of discrepancies likely would be greater. While our
high discrepancy rate may reflect incomplete data in our
source, 40% of the discrepancies in our sample involved
medications appearing in the claims history but not recorded in the EHR, suggesting that even if incomplete,
pharmacy fill data provide valuable information.
This high rate of discrepancies is alarming, particularly given the association of discrepancies with adverse
events.29 Consistent with prior research, discrepancies in
our cohort occurred in patients with markers of increased
comorbidity and utilization. Patients with a higher total
medication count, a recognized surrogate for medical complexity,30 are more likely to have discrepancies. Patients
with multiple medications and comorbidities frequently
see many providers,31 making reconciliation within primary care particularly challenging. We anticipated that
frequent primary care office visits would provide opportunity to conduct medication reconciliation, minimizing
discrepancies, but did not see this association.
Importantly, we identified that nearly a third of our patients had a discrepancy involving controlled substances.
This is an area of increasing emphasis owing to concerns
about diversion or misuse. Taken together, our find-
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ings provide strong evidence that claims data available
through the EHR contain meaningful information while
further underscoring the importance of medication reconciliation among patients with high comorbidity burden,
particularly following ED or hospital visits, as emphasized
in Stage 2 of Meaningful Use.13
Limitations
Before considering the implications of our findings,
it is important to recognize several limitations. First,
we used aggregated pharmacy data that may be incomplete, and our findings may overestimate the proportion
of medications that are prescribed in the EHR but not
filled. Second, slightly fewer than 20% of patients in our
applicable patient population met study criteria, often
resulting from unavailable pharmacy records, suggesting
that providers were not routinely accessing these data in
practice. Patients in our final cohort had a greater proportion of black and female patients, perhaps indicating
selection bias in the patients or practices in which this
data is accessed in clinical practice. Finally, physicians
may be more likely to conduct medication reconciliation
at the time of a new prescription, so the medication lists
we are comparing may have already been adjusted by
physicians. In that case, our findings could represent a
“best case scenario.”
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Despite these limitations, our findings provide insight
into the potential for improved access to pharmacy claims
data through an expanding health information technology infrastructure to facilitate medication reconciliation.
Previous research suggests that claims data can improve
the completeness20 and accuracy21 of medication reconciliation, and we have demonstrated that aggregated
pharmacy fill data can be used to identify medication discrepancies at the individual patient level in a multi-payer
primary care network.
Implications
Our study has important implications for the use of aggregated pharmacy fill data. First, this information could
be used to help providers identify medications prescribed
by other providers, potentially minimizing drug interactions or duplication. This is particularly important for
narcotic prescriptions, where tracking and monitoring
for diversion and misuse are well-recognized goals for
providers. Secondly, this information could help providers identify medication nonadherence. Previous literature
suggests that providers have limited ability to reliably assess adherence in clinical practice,32 and claims data can
provide objective information to inform decision making.
Finally, given the significant demands on primary care
practices, our results suggest that these data may have the
most potential for benefit in patients at higher risk for adverse events, such as those with higher rates of comorbidity or healthcare utilization.
There are barriers to overcome if these data are to
impact clinical care. First, the aggregated data must be
complete. In terms of narcotics, many states have drug
monitoring programs for complete tracking of narcotic
fills, regardless of source, and the exchange of these data
within the EHR is being considered for Stage 3 of Meaningful Use.33 Joining these data with aggregated pharmacy
data would have the potential to provide more complete
data to providers. Secondly, the EHR platform should
provide an efficient mechanism to identify and prompt
clinicians about discrepancies in real time. Despite available data, few providers in our system accessed pharmacy
claims through the EHR, suggesting that future efforts to
use this information meaningfully will require making
it readily available and actionable. Finding methods to
provide the data objectively, such as automated assessments of discrepancy counts and validated adherence estimates,34 will be necessary for optimal incorporation of
this information in practice. Third, the EHR should provide an easy mechanism to incorporate identified medications automatically into the medication list, allowing
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providers to take advantage of the EHR functionality to
identify interactions.

CONCLUSIONS
Medication reconciliation is increasingly important
but challenging to conduct in primary care. Our findings suggest that aggregated pharmacy claims data available within the provider EHR can be used to identify
discrepancies at the individual level in a multi-payer setting. Availability of this information in real time should
be made a priority for health information technology efforts, as aggregated pharmacy claims may provide an optimal foundation for efficient and high-quality medication
reconciliation.
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