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ABSTRACT
Objective We validated an algorithm designed
to identify new or prevalent users of antidepressant
medications via population-based drug prescription
records.
Patients and methods We obtained population-
based drug prescription records for the entire Olmsted
County, Minnesota, population from 2011 to 2012
(N=149 629) using the existing electronic medical
records linkage infrastructure of the Rochester
Epidemiology Project (REP). We selected electronically a
random sample of 200 new antidepressant users
stratified by age and sex. The algorithm required the
exclusion of antidepressant use in the 6 months
preceding the date of the first qualifying antidepressant
prescription (index date). Medical records were manually
reviewed and adjudicated to calculate the positive
predictive value (PPV). We also manually reviewed the
records of a random sample of 200 antihistamine users
who did not meet the case definition of new
antidepressant user to estimate the negative predictive
value (NPV).
Results 161 of the 198 subjects electronically
identified as new antidepressant users were confirmed
by manual record review (PPV 81.3%). Restricting the
definition of new users to subjects who were prescribed
typical starting doses of each agent for treating major
depression in non-geriatric adults resulted in an increase
in the PPV (90.9%). Extending the time windows with
no antidepressant use preceding the index date resulted
in only modest increases in PPV. The manual abstraction
of medical records of 200 antihistamine users yielded an
NPV of 98.5%.
Conclusions Our study confirms that REP prescription
records can be used to identify prevalent and incident
users of antidepressants in the Olmsted County,
Minnesota, population.

BACKGROUND AND SIGNIFICANCE
In the last 30 years, there have been pronounced
increases in the use of antidepressants,1–3 which are
now the third most commonly prescribed medica-
tion class in the USA.4 Although newer antidepres-
sants (beginning with the selective serotonin
reuptake inhibitors) are effective and generally
well-tolerated for treating a number of psychiatric
disorders,5–10 the explosive growth in the use of
antidepressants continues to raise questions related
to their effectiveness, side effects, and cost.11–13

Clinical trials have been adequate to establish
antidepressant efficacy and to quantify the inci-
dence of common treatment-emergent adverse

effects; however, these data are limited by poor
external validity.14 Large, randomized, comparative
effectiveness studies may partially overcome this
limitation,15 but they are unlikely to have sufficient
power or duration of follow-up needed to detect
outcomes that are infrequent or require a long time
to develop.16 Furthermore, such trials typically
exclude vulnerable but clinically important popula-
tions in which antidepressant use may be substan-
tial (such as pregnant women and medically ill
persons), and cannot address questions about anti-
depressant prescribing and use at the population
level. Thus, many important questions related to
antidepressant use, safety, and effectiveness must be
evaluated outside of clinical trials using rigorously
designed observational studies.17

The medical records linkage system maintained
by the Rochester Epidemiology Project (REP) con-
tains data on essentially all sources of medical care
available to and utilized by the Olmsted County,
Minnesota, population,18 and is therefore a poten-
tially valuable resource for studying the use and
effects of medications in a well-defined population.
REP records of inpatient and outpatient medical
care encounters allow identification of a phenotyp-
ically well-defined cohort, longitudinal follow-up
of cohort members, and ascertainment of expo-
sures, endpoints, and confounding variables.19 In
particular, REP prescription records may provide
objective, detailed, reliable, and relatively low-cost
measures of drug exposure for large numbers of
individuals that are not subject to recall bias
(similar to other computerized prescription
records20), or systematic exclusion based on socio-
economic or clinical factors.21

However, because these records were collected
during routine medical care and not for research
purposes, they are subject to misclassification.22

In pharmacoepidemiologic studies, exposure mis-
classification can introduce biases that cannot be
overcome using statistical adjustment or other data
analytic techniques. Other authors have shown high
concordance between computerized prescription
records and patient self-report of medication use23–26

or medical record review.23 27–30 However, validation
of REP prescription records of antidepressants or
other medication exposures has not been performed.
In addition to minimizing the risk of misclassifi-

cation of medication exposures, the ability to iden-
tify incident (new) users of antidepressants and
other medications is crucial for conducting pharma-
coepidemiologic studies of drug effectiveness or
safety. Studies of prevalent users of study
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medications may underestimate effects related to drug initiation,
particularly effects that occur early in the course of treatment.
We therefore conducted a study to validate a computer algo-
rithm designed to identify new antidepressant users in auto-
mated REP antidepressant prescription records, using manual
medical records review as a gold standard.

PATIENTS AND METHODS
Study population
The study sample was drawn from the full enumeration of all
individuals residing in Olmsted County, Minnesota, between
January 1, 2011, and December 31, 2012, identified using the
REP census31 (n=149 629). All individuals who had given per-
mission for their medical records to be used for research and
were aged 6 years or more on the date of their first qualifying
study drug prescription (index date) were considered eligible for
the study.

Algorithm definition: antidepressant new users
We developed a computer algorithm designed to identify all
potential new users of antidepressant medications (see online
supplementary table S1) in the population during the study
period. The list of study drugs in online supplementary table S1
represents all antidepressant drugs approved for clinical use in
the USA during the study period. The algorithm required the
exclusion of antidepressant prescriptions during the 6 months
preceding the index date, including absence of drugs that were
prescribed more than 6 months before the index date but were
continued during the 6-month period. The estimated days of
exposure for a given antidepressant that was prescribed preced-
ing the 6-month period was determined using the date, days of
supply, quantity dispensed, and number of refills for each
prescription.

From the total pool of new antidepressant users defined by
our algorithm, we selected a random sample of 200 subjects
stratified by age group (<18 years, 18–64 years, and ≥65 years
on the index date) and sex. We also selected an age- and sex-
stratified random sample of 200 potential new users of antihista-
mine medications (see online supplementary table S1) drawn
from persons who did not meet the computer definition of new
antidepressant user. The algorithm to define new antihistamine
users required the exclusion of both antihistamine and anti-
depressant exposure in the 6 months preceding the first qualify-
ing antihistamine prescription. This sample was used to estimate
true-negative and false-negative rates, and the negative predict-
ive value (NPV).

Data resource and drug prescription data
Based on our previous work,32 we retrieved outpatient drug
information from automated prescription systems used by the
Mayo Clinic and Olmsted Medical Center (figure 1), which
together provide most of the medical care for Olmsted County
residents.32 33 More specifically, the prescription data from
Olmsted Medical Center and Mayo Clinic were initially
extracted using structured querying and natural language pro-
cessing techniques, respectively, using Mayo’s open-source
cTAKES NLP platform.32 34 These data were ultimately mapped
to RxNorm codes (https://www.nlm.nih.gov/research/umls/
rxnorm) and grouped hierarchically according to NDF-RT cat-
egories by leveraging National Library of Medicine’s RxNav
and NDF-RTweb service API calls.32 This step allowed for clas-
sification of the medication data using NDF-RT’s legacy VHA
Drug as well as Pharmacologic classes. Additional details about
the mapping process are described in Pathak et al.32

The current REP infrastructure employs an automated drug
repository that retrieves electronic prescriptions from both of
these systems via the methodology described above.32

Contained within these integrated electronic prescription files
are data on drug name, form (eg, tablet, capsule, liquid, injec-
tion), dosage/strength, dosage frequency, quantity prescribed,
date prescribed, and number of refills for each prescription. The
repository also contains medication reconciliation data for all
active drugs (prescribed or self-reported).35 36 Importantly, the
structure of these data elements allowed us to perform struc-
tured queries by individual study drug names to identify poten-
tial new users of antidepressants in our cohort.

Medical records review and case adjudication
We sought to validate REP automated prescription data using
manual medical record review as the standard for comparison.
A trained study coordinator reviewed the records of all
pertinent medical care for new users of antidepressants and
antihistamines within 2 years (730 days) preceding the index
date. We abstracted from the medical records the date of a
medical encounter that mentioned initiation of a study drug or
an indication of the actual date a study drug prescription was
provided, key prescription data elements (drug name, dose,
formulation, quantity dispensed, number of refills), study drug
prescriptions preceding the index date, specialty of the provider
who wrote the prescription, and indication for the prescription.
All study data were recorded on de-identified abstraction sheets.
The study was approved by the Institutional Review Boards at
Mayo Clinic and Olmsted Medical Center.

Validated cases (true positives) were those that met the algo-
rithm definition for antidepressant new user, with medical
record review verification of the correct medication name, dose,
formulation, number dispensed, and number of refills. Cases
with an antidepressant prescription or overlapping period of
antidepressant exposure within 6 months of the index date
(prevalent antidepressant users), or those for which the index
date or key prescription data could not be verified, were classi-
fied as false positives.

Statistical analyses
Clinical and demographic characteristics were presented as
number (percentage) and median (inter-quartile range), as
appropriate. Proportions were compared using χ2 statistics. The
positive predictive value (PPV) and NPV of the computer case
definition for new antidepressant user was calculated with 95%
CIs for binomial proportions using Wilson’s formula. Case con-
firmation from manual medical record review served as the gold
standard. All analyses were conducted using STATA statistical
software, V.10.0 (STATA, College Station, Texas, USA).

We performed three sets of alternative analyses. First, we
hypothesized that new antidepressant prescriptions would not
exceed the starting doses of the agents of interest, and that anti-
depressant doses exceeding typical starting doses on the index
date may represent prevalent use rather than new use. Thus, we
calculated a standardized dose ratio for each antidepressant drug
by dividing the antidepressant dose on the index date by the
starting dose of that agent for treating major depressive disorder
or other approved indications (eg, obsessive-compulsive disorder
for clomipramine) in non-geriatric adults (see online supplemen-
tary table S2). We then recalculated PPV after excluding cases
for which the standardized antidepressant dose ratio on the
index date exceeded a value of 1.0. We recalculated PPV esti-
mates after expanding the time window used to define new anti-
depressant use from 6 months to 1, 1.5, or 2 years preceding
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the index date. We hypothesized that the expansion would
result in incrementally higher PPVs for new antidepressant use,
with or without exclusion of cases based on a standardized anti-
depressant dose ratio >1.0. We hypothesized that the misclassi-
fication rate of prevalent antidepressant use as new use would
decrease with increasing duration of residence in Olmsted
County, Minnesota, prior to the index date. Therefore, we recal-
culated PPV estimates after restricting the sample to subjects
who resided in Olmsted County, Minnesota, for at least 1 year
preceding the index date.

RESULTS
Cohort demography and characteristics
A total of 9773 (6.5% of 149 629) subjects met the computer
case definition of antidepressant new user, from which 200
cases were selected at random, with sampling stratified by age
and sex. Medical records were not reviewed or adjudicated for
one subject because of a change in authorization for use of
medical records for research and one subject because of a data
coding error (figure 2). This left a total of 198 adjudicated
potential antidepressant new users. The sample was

Figure 1 Schematic informatics workflow. The population of Olmsted County, Minnesota ( January 1, 2011–December 31, 2012) was obtained
using the Rochester Epidemiology Project (REP) census. For these patients, structured medication data from Mayo Clinic (MC) and Olmsted Medical
Center (OMC) electronic health record (EHR) systems was obtained using Enterprise Orders Processing (from 2009 onward), Orders ’97 (prior to
2009), and a commercial drug database (Multum) via a series of SQL queries. The collective data were then represented as RxNorm encoded data
that were further categorized under NDF-RT drug classes, using the National Library of Medicine’s NDF-RT web services API. To create drug user
cohorts from which random samples for this study were drawn, individuals were excluded if they had no prescription for a study drug in 2011 or
2012 and if there was evidence of a study drug prescription in the 6 months preceding the index date (ie, the date of the first qualifying study drug
prescription).

Figure 2 Sample for validation of
computer definition of antidepressant
new user. All residents of Olmsted
County, Minnesota, who had given
permission for their medical records to
be used for research and were
≥6 years of age between January 1,
2011 and December 31, 2012 were
considered eligible for this study. The
study sample consisted of 198 subjects
electronically identified as new
antidepressant users, as detected by
our computer algorithm. A random
sample of 200 subjects were
electronically identified as new
antihistamine users from the total pool
of subjects who did not meet our
computer algorithm definition of new
antidepressant user.
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predominantly Caucasian and middle-aged, with an approxi-
mately equal sex distribution (table 1). Most antidepressant use
involved selective serotonin reuptake inhibitors.

Overall performance of computer definition of new user
Of the 198 new users, 161 were confirmed as new users after
manual medical records review, resulting in a PPV of 81.3%
(95% CI 76.4% to 87.0%). A total of 37 cases were misclassi-
fied, 36 of which were due to misclassifying prevalent users as
new users, that is, evidence of antidepressant use was identified
within 6 months of the index date based on review of medical
records (table 2). We could not confirm new or prevalent use of
an antidepressant in the medical records of one case. Thus, the
PPV for prevalent use of antidepressants on the index dates was
99.5% (197/198, 95% CI 97.2% to 99.9%). PPV estimates did
not vary significantly by age stratum or sex, although numeric-
ally lower PPV estimates were observed for males relative to
females, and persons aged 65+ years relative to those aged 18–
64 and those under the age of 18 years (table 2). PPV estimates
also did not differ significantly by general indication (psychi-
atric, non-psychiatric) or antidepressant prescriber specialty
(non-physician, primary care physician, psychiatrist, non-
psychiatric specialty physician; data not shown).

Computer definition performance: alternative definitions
After restricting the sample to cases in which the standardized
antidepressant dose ratio was ≤1.0 on the index date (n=165),
150 cases were confirmed as new users (PPV 90.9%, 95% CI
85.5% to 94.4%) (table 2). All 15 misclassified cases were
prevalent antidepressant users. Extending the time windows pre-
ceding the index date to 1, 1.5, or 2 years resulted in incremen-
tally greater reductions in the number of potential new
antidepressant users, with only modest increases in the PPV

(table 2). Expanding the time windows preceding the index date
and restricting the cohort to cases with standardized antidepres-
sant dose ratios ≤1.0 on the index date resulted in PPVestimates
of 90.8%. Requiring at least one continuous year of Olmsted
County, Minnesota, residence prior to the index date also did
not improve the PPV estimate (table 2).

Subjects who did not meet the computer definition: NPV
and sensitivity estimates
Of the 139 856 subjects who did not meet the algorithm defin-
ition of new antidepressant user, a total of 3975 were classified
as potential new antihistamine users. From these subjects, we
derived a random sample of 200 users stratified by age and sex,
in a manner identical to that used to define the random sample
of potential new antidepressant users. Medical records were
reviewed manually for all 200 cases, three of whom had evi-
dence of antidepressant use in the 6 months preceding the first
qualifying antihistamine prescription, yielding a false negative
rate of 0.015 (or 1.5%) and NPV estimate of 98.5% (95% CI
95.7% to 99.5%). Our sampling scheme was based on first iden-
tifying a random sample of new antidepressant user and
non-user cases based on the computer algorithm. As such, we
were unable to directly calculate algorithm sensitivity, which
would require a random sample of the entire population subse-
quently classified as antidepressant new users and non-users
according to manual medical record review. However, as a sec-
ondary approach, and making a number of assumptions, we
have provided a crude estimate of algorithm sensitivity based on
data from our study (see online supplementary appendix).

DISCUSSION
We validated an algorithm for identifying new antidepressant
users in REP prescription records using manual review of
medical records as a gold standard. In the sample studied, the
PPV was 81.3%. Restricting the sample to cases in which the
standardized antidepressant dose ratio on the index date was
≤1.0 resulted in a marked increase in the PPV (90.9%), whereas
extending the time windows preceding the index date to 1, 1.5,
or 2 years resulted in only modest improvements in the PPV at
the expense of incrementally greater loss of potential new anti-
depressant users. Requiring a minimum of 1 year of Olmsted
County residence did not increase the PPV estimates.

Over the last 40 years, the REP has successfully provided the
facilities and data for over 2000 descriptive, case–control, and
cohort studies.18 Strengths of the REP are well-documented,
and include the ability to link nearly all medical records and
other sources of healthcare data for the entire population of
Olmsted County, Minnesota. Only recently, however, has the
REP medical records linkage and indexing system also included
detailed and complete automated drug prescription informa-
tion.19 33 Historically, drug prescription information was avail-
able in the original medical records, but intensive efforts and
expense on the part of investigators were required to manually
abstract pertinent data related to individual drug prescriptions.
Therefore, the new electronic prescription records may provide
reliable, efficient, and low-cost data suitable for population-
based studies of medications.20

However, there are several challenges involved with the use of
automated prescription data. Because REP and other computerized
prescription records are typically collected during routine medical
care and not for research purposes, they are subject to misclassifi-
cation.16 22 Prior studies have investigated the concordance
between computerized pharmacy records and patient self-report
data23–26 or review of medical records.23 27–30 Nearly all of these

Table 1 Demographic and clinical characteristics of the study
sample

Antidepressant users Antihistamine users*

N=198 N=200

Median IQR Median IQR

Age (years) 44.5 17–65 41.5 22.5–57.5

N % N %

Gender
Male 98 49.5 99 49.5
Female 100 50.5 101 50.5

Race/ethnicity
Caucasian 187 94.4 145 72.5
African-American 3 1.5 19 9.5
Hispanic 1 0.5 4 2.0
Asian 3 1.5 17 8.5

Other/unknown 5 2.0 15 7.5
Antidepressant class
SSRI 116 58.6 – –

SNRI 21 10.6 – –

TCA 30 15.2 – –

MAOI 0 0.0 – –

Other 31 15.6 – –

*These subjects were randomly selected among all non-users of an antidepressant
drug in 2011–2012.
MAOI, monoamine oxidase inhibitor; SNRI, serotonin-norepinephrine reuptake
inhibitor; SSRI, selective serotonin reuptake inhibitor; TCA, tricyclic antidepressant.
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studies focused on validation of prescription records for elderly
persons who were health maintenance organization or Medicaid
beneficiaries. Few studies focused on validation of antidepres-
sants. McKenzie et al27 validated Oregon Medicaid pharmacy
claims data for antidepressants and other psychotropic drugs in a
cohort of 900 adult nursing home residents using medical chart
review as a gold standard. The PPV for antidepressant exposure
was 93.8%, with a high correlation between the average daily
antidepressant dose in the pharmacy claims data and medical
records (r=0.81–0.84, depending on the algorithm used). Shorr
and colleagues validated Tennessee Medicaid pharmacy claims
data for tricyclic antidepressant use against medication adminis-
tration records for 9452 adult nursing home residents.28 There
was high concordance (85–88%) between Medicaid files and
medical records with regard to antipsychotic drug use. Although
no data were presented for antidepressants, the authors reported
that the degree of agreement between Medicaid files and medical
records for antidepressant use was similar to that for anti-
psychotic use. Finally, Johnson and Vollmer documented a PPV
of 76% for automated outpatient prescription records of psycho-
tropic medications (including antidepressants) using an in-home
assessment as a gold standard for 83 frail elderly health mainten-
ance organization enrollees.25

Our study is the first systematic attempt at validating auto-
mated REP prescription data for any specific medication class.
Using this data source, Zhong et al33 previously reported that
antidepressants were the second-most frequently prescribed drug
group in the entire Olmsted County, Minnesota, population in
2009 (n=18 028, 13%), and the most commonly prescribed
drug class in the 30–40-year-old population (n=6310/37 927,
17%). However, the Zhong et al study described prevalent use of
antidepressants and did not focus on the start of new medication
use (incident use). Our data confirmed the validity of REP
prescription records for identifying both prevalent and incident
antidepressant users.

Our validation efforts began with the goal of developing an
algorithm for identifying new antidepressant users. Prevalent
users have, by definition, persisted in their use of a medicine and
have presumably tolerated and perceived benefit from it.17 37

This can significantly impact the validity of study findings from
mixed prevalent and incident user cohorts by underestimating
effects that occur relatively soon after drug initiation,
over-emphasizing the effects of long-term medication use, over-
representing persons with good adherence, and potentially
over-estimating favorable treatment outcomes.38 Furthermore,
studying drug effects in prevalent users permits adjustment only
for potential confounding factors assessed after study drug
exposure.17 Adjustment for these factors may lead to an under-
estimation of study drug effect if the factors are influenced by
study drug exposure and are on the causal pathway between the
study drug and the outcome of interest.17

REP prescription data have several potentially important advan-
tages. The REP data systems permit access to data on prescription
records and health conditions for an entire geographically defined
population, making it unique among data sources in the USA.39

Because REP is based on a geographically defined population, it is
not subject to healthy beneficiary bias that may be encountered in
managed-care systems or referral bias that may be present in drug
exposure registries.40 41 REP data are not limited by socioeconomic
factors (as is the case with Medicaid data), age (Medicare data),
healthcare provider type, or insurance status.39 Importantly, REP
prescription data are linked to the complete medical records of
each cohort member, thus enabling precise ascertainment of the
intended antidepressant indications and future investigations of the
immediate and delayed effects of antidepressants on a variety of
health outcomes (including conditions or effects not adequately
captured by diagnostic codes, such as changes in laboratory results
or non-specific symptoms), as well as investigations linking pre-
scription data with genetic variants (population-level pharmaco-
genetics studies) and cost data (cost–outcome studies).

Table 2 Comparison of electronically defined new users of an antidepressant medication versus manual review of medical records

Classification Electronically defined (N)

Manual medical records abstraction (N)

PPV (95% CI)New AD user Prevalent AD user No AD prescription

Total 198 161 36 1 81.3 (76.4 to 87.0)
Standardized dose ratio ≤1.0 165 150 15 0 90.9 (85.5 to 94.4)
Expanded time windows* (years)
1 180 147 32 1 81.7 (75.4 to 86.6)
1.5 167 138 28 1 82.6 (76.2 to 87.6)

2 160 132 27 1 82.5 (75.9 to 87.6)
Olmsted County residence >1 year† 192 155 36 1 81.3 (74.6 to 85.7)
By sex‡
Male 98 77 21 0 78.6 (69.5 to 85.5)
Female 100 84 15 1 84.0 (75.6 to 89.9)

By age strata§ (years)
<18 55 47 8 0 85.5 (73.8 to 92.4)
18–64 93 76 17 0 81.7 (72.7 to 88.3)
65+ 50 38 11 1 76.0 (62.6 to 85.7)

*Time periods (1, 1.5, or 2 years) refer to the period of days immediately preceding the index date for which there was no evidence of antidepressant exposure. Further restriction to
participants with standardized antidepressant dose ratio ≤1.0 improved PPV estimates to 90.8% (95% CI 85.1% to 94.4%) for the 1-year window, to 90.8% (95% CI 85.0% to 94.6%)
for the 1.5-year window, and to 90.8% (95% CI 85.0% to 94.6%) for the 2-year window.
†Requiring a minimum of 1 year of Olmsted County residence prior to the index date and further restriction to participants with standardized antidepressant dose ratio ≤1.0 improved
the PPV estimate to 90.6% (95% CI 85.1% to 94.2%).
‡Restriction to participants with standardized antidepressant dose ratio ≤1.0 improved the PPV estimate to 89.5% (95% CI 80.6% to 94.6%) for males and to 93.2% (95% CI 85.9%
to 96.8%) for females.
§Restriction to participants with standardized antidepressant dose ratio ≤1.0 improved the PPV estimate to 93.9% (95% CI 83.5% to 97.9%) for subjects aged <18 years, to 92.0%
(95% CI 83.6% to 96.3%) for subjects aged 18–64 years, and to 85.4% (95% CI 71.6% to 93.1%) for subjects aged 65+ years.
AD, antidepressant; PPV, positive predictive value.
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The completeness and accuracy of data on medication expos-
ure is known to vary across data sources,16 and these factors
have a direct influence on the PPV and generalizability of our
approach to other data sets. Concerning completeness, the REP
infrastructure includes prescription data from outpatient settings
(including office-based and hospital-based outpatient prac-
tices),33 as well as information on self-reported use of
over-the-counter medications and alternative therapies for some
cohort members. Concerning accuracy, our results suggest that a
high proportion of antidepressant new user cases identified by
our algorithm will be true cases; however, a more acceptable
level of predictive value was reached only after eliminating cases
with standardized doses that exceed the usual starting doses of a
given drug for specific indications. Of the 37 misclassified cases,
36 were due to the discovery of prevalent antidepressant use
after medical record review. The generalizability of our
approach to other drug classes and other data sources requires
further investigation.

There are additional limitations to consider. First, our study
focused on validating antidepressant exposures in a single
random sample of Olmsted County, Minnesota, residents and
involved the testing of an algorithm designed for use in REP
prescription data. Second, although the Olmsted County popu-
lation captured by the REP system is large, it may not be large
enough for adequately powered studies of rare outcomes related
to a given drug exposure. Third, our definition of new anti-
depressant prescribing was conservative, based on an assump-
tion that all antidepressant prescriptions written prior to the
index date were filled and the entire medication supply was
used as directed. This could result in over-exclusion of new
users misclassified as prevalent users. Fourth, we were unable to
verify whether antidepressant prescriptions were filled or that
the medicines were ingested. This is perhaps less of a concern
for studies of prescribing behavior. However, these limitations
are important for studies of outcomes associated with anti-
depressant exposure. Finally, our objective was to test an algo-
rithm that would identify potential but not established new
antidepressant users; therefore, our sampling scheme began
with classification of new antidepressant use and antidepressant
non-use based on the computer algorithm definition. We did
not draw a random sample of cases from the underlying popula-
tion and subsequently classify them as new antidepressant users
or non-users based on medical record review. This approach
permitted direct calculation of the PPV, consistent with our
study objectives, but only an indirect calculation of sensitivity.
However, we provided a crude estimate of sensitivity based on a
random sample of new antihistamine users with no evidence of
antidepressant exposure, after making a number of assumptions.
The new antihistamine users represented a small proportion of
the total number of persons in the population not meeting the
definition of new antidepressant user (∼3%). Although we do
not expect the antihistamine users as a group to be substantially
different than the entire population of patients not meeting the
algorithm definition of new antidepressant user, our sensitivity
estimate should be interpreted with caution.

CONCLUSIONS
In conclusion, we validated a computer algorithm designed to
identify new users of antidepressants in comprehensive prescrip-
tion records for a geographically well-defined population in the
USA. The algorithm had an overall PPV of 81% that increased
to 91% after exclusion of cases in which the standardized anti-
depressant dose ratio on the index date exceeded a value of 1.0.
Our results confirm that REP prescription records can be used

to identify prevalent and incident users of antidepressants in
this population.
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