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ABSTRACT
Background Drug name confusion is a common
type of medication error and a persistent threat
to patient safety. In the USA, roughly one per
thousand prescriptions results in the wrong drug
being filled, and most of these errors involve
drug names that look or sound alike. Prior to
approval, drug names undergo a variety of tests
to assess their potential for confusability, but
none of these preapproval tests has been shown
to predict real-world error rates.
Objectives We conducted a study to assess the
association between error rates in laboratory-
based tests of drug name memory and
perception and real-world drug name confusion
error rates.
Methods Eighty participants, comprising
doctors, nurses, pharmacists, technicians and lay
people, completed a battery of laboratory tests
assessing visual perception, auditory perception
and short-term memory of look-alike and sound-
alike drug name pairs (eg, hydroxyzine/
hydralazine).
Results Laboratory test error rates (and other
metrics) significantly predicted real-world error
rates obtained from a large, outpatient pharmacy
chain, with the best-fitting model accounting for
37% of the variance in real-world error rates.
Cross-validation analyses confirmed these results,
showing that the laboratory tests also predicted
errors from a second pharmacy chain, with 45%
of the variance being explained by the laboratory
test data.
Conclusions Across two distinct pharmacy
chains, there is a strong and significant

association between drug name confusion error
rates observed in the real world and those
observed in laboratory-based tests of memory
and perception. Regulators and drug companies
seeking a validated preapproval method for
identifying confusing drug names ought to
consider using these simple tests. By using a
standard battery of memory and perception
tests, it should be possible to reduce the number
of confusing look-alike and sound-alike drug
name pairs that reach the market, which will
help protect patients from potentially harmful
medication errors.

INTRODUCTION
Drug names often look and sound alike
(eg, diazepam and diltiazem, hydroxyzine
and hydralazine, Paxil and Taxol, fomepi-
zole and omeprazole, Foradil and
Toradol).1–4 As a result, pharmacists,
doctors, technicians, nurses and lay
people may mistake one drug for
another.5–7 These errors can occur at any
stage of the drug use process: prescribing
or ordering, transcription, dispensing,
administration or monitoring. Some of
these errors present low risk of harm
because the two drugs have similar indi-
cations, effects and doses (eg, alprazolam
and lorazepam, duloxetine and fluoxet-
ine). Often times, however, the conse-
quences are severely harmful and even
fatal, as when the wart remover Durasal
was confused with the eye drop Durezol,8

when chemotherapy drugs such as
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cisplatin and carboplatin or vincristine and vinblastine
have been confused,9 or when opioids such as mor-
phine and hydromorphone are confused.4 10

Errors of this type persist despite significant, long-
term efforts to eliminate them. Regulators, drug com-
panies and medication safety experts have tried to
address this problem both before new names are
approved and after names are on the market.
Preapproval strategies involve subjecting new names to
a variety of tests to assess how often they are misper-
ceived or misremembered and, if so, which existing
names they might be confused with and what harm
they might cause.11–13 Computerised searches, using
the new name as a query, can identify existing names
that are highly similar to the query name in spelling
or pronunciation.14–16 Expert judgements of confus-
ability are sometimes solicited from practicing health
professionals and patients, and these same types of
respondents sometimes complete simulated prescrib-
ing, transcribing, dispensing and product selection
tasks to assess confusability. Methods such as failure
mode and effects analysis (FMEA) are then used to
synthesise test results, leading to an overall assessment
as to a new drug name’s acceptability.17 After a name
has reached the market, a variety of other methods
are used in an attempt to minimise the risk of confu-
sion. These include bar coding,18 shelving similar pro-
ducts on different shelves, use of mixed case
lettering,3 19 20 special labelling and packaging,21 and
computerised alerts.22 23 Among all of these techni-
ques, only bar coding is supported by strong evidence
of effectiveness, reducing dispensing errors by >90%
and adverse drug events by more than 60%,18 24 but
bar coding has no effect on the other stages of the
drug use process that lead to errors.
In spite of the efforts of drug companies and regula-

tors, confusing names continue to enter the market-
place. At the time of this writing, the US Food and
Drug Administration (FDA) has just warned of confu-
sion between Brilinta (ticagrelor) and Brintellix (vor-
tioxetine).25 The persistent problem of confusing
names entering the market is likely due to the inef-
fectiveness and inconsistent use of preapproval strat-
egies for identifying potentially confusing names.
None of the preapproval strategies described above is
supported by strong evidence of effectiveness. There
is some evidence that psycholinguistic properties of
drug names, such as similarity and familiarity, can
predict error rates in laboratory studies of memory
and perception for drug names.5–7 In a draft guid-
ance,26 Health Canada recommended that drug com-
panies use a standard battery of memory and
perception tests to assess the confusability of new
drug names, but this proposal was dropped in the
final guidance after stakeholders argued that the
methods were burdensome and had not been shown
to predict real-world error rates.13 To address this
concern, we carried out a study to measure the

association between error rates observed in laboratory-
based memory and perception tests and drug name
confusion error rates observed in real-world out-
patient pharmacies. We had doctors, nurses, pharma-
cists, pharmacy technicians and lay people complete
tests that assessed the ability to accurately see, hear or
remember drug name pairs. We then examined the
extent to which error rates and other data from the
laboratory memory and perception tests (along with
attributes of the drug names, such as their familiarity
and similarity) were associated with real-world error
rates from a large, outpatient pharmacy chain. Our
hypothesis was that there would be a significant asso-
ciation between the laboratory test error rates and the
real-world error rates.

METHODS
Design
We designed a study to quantify the association
between real-world drug name confusion error rates
and error rates observed when participants attempted
to see, hear and remember potentially confusing drug
names in the laboratory.

Participants
Eighty participants (16 each of doctors, nurses, phar-
macists, pharmacy technicians and lay people) com-
pleted the memory and perception tests. Three
additional participants were tested during the pilot
phase of the study but were not included in the final
sample. The mean age of participants was 29.1 years
(SD=9.2; range=19–62), and the gender breakdown
was 61 females (76.3%) and 19 (23.7%) males. The
age, gender, race and work context by participant
type (doctors, nurses, pharmacists, pharmacy techni-
cians and lay people) are provided in table 1.
Participants indicated that they had no uncorrected
speech, language, hearing or thinking impairments
and were comfortable speaking and reading English
(the language of testing). One participant had a
hearing impairment corrected with a hearing aid.
Participants were recruited through flyers, emails and
word-of-mouth from a university community and
were paid for their participation. Participants provided
verbal informed consent to participate after reading
an information sheet describing the study’s procedure,
purpose, risks and benefits. Record of the consent was
documented by completion of a demographic ques-
tionnaire, which participants filled out after giving
verbal consent. This procedure (and the rest of the
protocol) was approved by a university ethics boards.

Procedure
After giving consent, participants completed a demo-
graphic questionnaire. Next, each participant com-
pleted two of the four laboratory memory and
perception tests (described below in Materials).
Participants were assigned to two tests randomly but
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with constraints on the randomisation process so that
each test was assigned to 40 participants (8 doctors, 8
nurses, 8 pharmacists, 8 pharmacy technicians and 8
lay people). Participants were assigned to only two of
the four tests because the tests were mentally taxing,
and the participants may have experienced discomfort
if asked to complete all four tests. One participant
completed only one test because of an equipment
error on the second test (the short-term memory test).
After completing the two tests, participants filled out
a questionnaire in which they rated their familiarity of
each drug name on a 1 (not at all familiar) to 5
(extremely familiar) scale (see table 1 for median
familiarity ratings for each participant type).
Participants then received a gift card as compensation
for their time. The full protocol usually took 60–
90 min.

Materials
Laboratory memory and perception tests
Four tests were included in the laboratory test battery:
backward masking (a test of visual perception), pro-
gressive demasking (a test of visual perception),
speech-in-noise (a test of auditory perception) and
short-term memory (a test of short-term recall and
recognition memory). These four tests are well-
established tests in the psychological literature and
have previously been used in drug name experi-
ments.5 7 27 A visual depiction of the tests is provided
in figure 1. In all tests, to make the stimuli consistent
and to minimise extraneous factors, all drug names

were displayed with the first letter in upper case and
the rest of the letters in lower case; thus, tall-man let-
tering was not used.
In the backward masking test (which assessed the

ability to accurately see a drug name), participants
first saw a fixation cross (ie, +) for 500 ms, focusing
their attention on the centre of the screen. Next, a
drug name (eg, hydroxyzine) was presented on the
centre of the screen for a short duration (32 ms), fol-
lowed by a row of XXXX’s that blocked (or ‘masked’)
the previously shown drug name (the XXXX’s
appeared for 1000 ms). After viewing the name, parti-
cipants were prompted to type in the name they just
saw (a recall test of the target drug name) and press
<ENTER> to submit their response. Then, partici-
pants were asked to decide which of two names pre-
sented on the screen (eg, hydroxyzine or hydralazine)
was the name they recently saw (ie, a two-alternative
forced-choice test between the target drug name and
the competitor drug name). Participants made a
response by using the mouse to move the cursor
(which was automatically placed at the bottom middle
of the screen) to one of the two names displayed on
the top left and right of the screen and clicking on
one of the names. The errors, response times, and
x and y coordinates of the mouse cursor were
recorded during the two-alternative forced-choice test
by the computer programme Matrix Laboratory
(Matlab). (MathWorks. Matlab: The language of tech-
nical computing: MathWorks; 2015 (Available from:
http://www.mathworks.com/products/matlab/.)

Table 1 Demographic characteristics of participants

Doctors
(n=16)

Nurses
(n=16)

Pharmacists
(n=16)

Technicians
(n=16)

Lay people
(n=16)

Mean age (years) (SD in parentheses) 30.06 (4.11) 38.56 (12.91) 30.13 (8.62) 23.63 (1.36) 22.67 (3.46)

Gender (n)

Male 5 1 6 4 3

Female 11 15 10 12 13

Race (n)

American Indian or Alaskan Native 0 1 0 0 0

Asian 10 3 3 6 4

Black 0 4 0 0 0

White 6 8 13 8 8

Other 0 0 0 1 1

Multiracial 0 0 0 1 1

Not available 0 0 0 0 2

Work context (n)

Community pharmacy 0 0 0 9 –

Hospital 10 4 13 4 –

Outpatient clinic 1 12 1 0 –

Other 1 0 1 1 –

Multiple contexts 4 0 1 0 –

Not available 0 0 0 2 –

Median familiarity with drug names 1 (not all familiar)
—5 (extremely familiar)

5 5 5 5 1
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In the progressive demasking test (which also
assessed the ability to accurately see a drug name),
participants were first presented with a fixation cross
to direct their attention to the middle of the screen
(500 ms duration). Participants then saw a drug name
that was gradually revealed from behind an obscuring
row of ####’s (ie, the name was ‘progressively
demasked’). With every additional iteration, the name
was presented for longer (from 18 to 126 ms in
18 ms intervals) and the mask was presented for
shorter (from 108 to 0 ms in 18 ms intervals), creat-
ing the perception of a name being increasingly
uncovered. As soon as the participants thought they
recognised the name, they pressed a button
(<ENTER>), which stopped the demasking process
and took them to the response part of the test. In the
response part, participants typed in the name they just
saw (the recall test) and then chose the name from
two names displayed on the screen (the
two-alternative forced-choice test), while their mouse
coordinates were recorded.
In the speech-in-noise test (which assessed the

ability to accurately hear a drug name), participants

were first shown a fixation cross (2000 ms duration).
Next, a spoken drug name was presented over head-
phones. The name was played amid background noise
composed of multitalker babble. The background
noise was played at 69 decibels, while the name was
played at 66 decibels, creating a −3 dB signal-to-noise
ratio. The background noise began 500 ms before the
onset of the name and ended 500 ms after the offset
of the name. After hearing the name, participants
completed the recall and two-alternative forced-choice
tests (as described above for backward masking and
progressive demasking). The spoken drug names were
recorded by a female pharmacist whose native lan-
guage was English. The background noise (‘multispea-
ker babble,’ obtained from Auditec of St. Louis)
consisted of 20 people concurrently speaking. The
drug names and background noise were peak ampli-
tude normalised using Audacity.
In the short-term memory test (which assessed the

ability to remember a drug name), participants saw a
fixation cross (1500 ms), followed by a drug name
(500 ms). Next, participants were given a math
problem to solve (an addition problem with two

Figure 1 The battery of laboratory memory and perception tests. In the backward masking test, participants attempted to identify a
visually presented drug name that was immediately concealed by a visual mask (a row of XXX’s). In the progressive demasking test,
participants tried to detect a visually presented drug name that was gradually revealed from behind an obscuring visual mask (a row
of ###’s). In the speech-in-noise test, participants attempted to identify an orally presented drug name played in background
multitalker babble. In the short-term memory test, participants attempted to remember a visually presented drug name after solving a
complex math problem. At the end of each trial on each test, participants made two responses: (1) a free recall response in which
participants typed the target drug name that they saw or heard and (2) a two-alternative forced-choice response in which participants
chose between the target drug name and a competitor drug name.
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4-digit numbers; eg, 7483+8533). Participants typed
in the answer followed by <ENTER> to submit their
response. Then, participants completed the recall and
two-alternative forced-choice tests.
The perception and memory tests were conducted

on a 13-inch MacBook Pro laptop using Matlab’s
Psychtoolbox extension. An Apple magic mouse and
Sennheiser HD-280 Pro Headphones were also used
for testing.

Drug names and real-world error rates
The drug name stimuli used in the laboratory memory
and perception tests came from a data set of real-
world errors provided by an Agency for Healthcare
Research and Quality (AHRQ)-listed patient safety
organisation (PSO) in the US.28 The PSO compiled
the data from annual dispensing error incident report
data from a large, national retail pharmacy chain with
more than 1000 locations. The data were collected
over a 12-month period from all of the chain’s stores
(which cover most states in the US). The data set has
not been validated before, but the data are consistent
with expected patterns (eg, higher similarity between
the prescribed and dispensed drug name and lower
frequency and familiarity of the prescribed drug name
were correlated with higher error rates).
The data set consisted of 109 look-alike and sound-

alike pairs of names, each with a prescribed drug (eg,
hydroxyzine) and an incorrectly dispensed drug (eg,
hydralazine). The 109 pairs consisted of a roughly
equal number of high-frequency, medium-frequency
and low-frequency error pairs. For each pair, the
number of incidents was provided (eg, how many
times hydroxyzine was prescribed but hydralazine was
dispensed), along with the number of times the pre-
scribed drug was prescribed overall (eg, how many
times hydroxyzine was prescribed overall). These data
allowed us to determine each drug name pair’s real-
world error rate (the number of times the error
occurred divided by the number of opportunities).
These real-world error rates were used as dependent
measures in the analyses, to be predicted by data from
the laboratory memory and perception tests (for more
details, see the Data Analysis section).
The drug names in this data set were to be used as

stimuli in the laboratory memory and perception tests.
However, the specific names that were mistaken in
these errors were not known precisely, because the
data set did not indicate whether the drug products
were prescribed and dispensed using their brand or
generic names (in other words, both the brand and
generic names were listed in the data set). Thus, the
errors could have reflected one of four combinations
of mistakes: generic mistaken for generic, brand mis-
taken for brand, generic mistaken for brand or brand
mistaken for generic.
To determine which of the four combinations of

mistakes was most probable (and which should

represent each pair in our tests and analyses), we used
the following procedure. First, if any of the four com-
binations was included on the Institute for Safe
Medication Practice’s (ISMP’s) List of Confused Drug
Names,1 then that combination was selected as the
most probable. In the second step, the degree of lin-
guistic similarity among all four combinations was cal-
culated. The similarity measure was an average of two
metrics: BI-SIM (a measure of orthographic similarity)
and EDITEX (a measure of phonological similar-
ity).14 15 After computing the average of BI-SIM and
EDITEX for all four combinations, the combination
with the highest similarity score was selected. When
there was a tie for the highest similarity score, prescrib-
ing frequency data from the National Ambulatory
Medical Care Survey (NAMCS) and National Hospital
Ambulatory Medical Care Survey (NHAMCS) were
used to break the tie; the drug name combination with
the highest frequency was selected. When the highest
similarity score yielded a combination of two drug
names that did not share the same first letter, we
selected the next highest similarity combination in
which the same first letter was shared. Similarity in the
onset of the word overruled BI-SIM and EDITEX simi-
larity because previous research has indicated stronger
linguistic interference between two words that share
onset overlap relative to two words that share rhyme
overlap.29 The third step was clinical judgement. The
selected names were sent to a team of practicing phar-
macists and doctors and medication safety experts. If
the team thought another name combination was more
likely than the selected combination, then that name
combination was also included in the laboratory
memory and perception tests. This procedure resulted
in 123 prescribed–dispensed name combinations to be
used in the laboratory memory and perception tests,
with the prescribed name being the target name and
the dispensed name being the competitor name in the
two-alternative forced-choice test.
The 123 name pairs were presented on the labora-

tory memory and perception tests in one of four lists.
The four lists were generated randomly, but with con-
straints, so as to ensure that repeated names were not
consecutive, and, if possible, repeated names appeared
in all possible presentation orders an equal number of
times. For example, Prozac was listed as the prescribed
drug twice, with two different dispensed drugs
(Prozac/Prilosec and Prozac/Provera). The lists were
designed so that Prozac/Prilosec and Prozac/Provera
never occurred consecutively and were presented in
half of the lists with Prozac/Prilosec first and in the
other half of the lists with Prozac/Provera first.
Additionally, for all name pairs, the position of the
target name on the two-alternative forced-choice test
was on the left in half of the lists and on the right in
the other half of the lists.
For the pairs in which there were multiple possible

combinations (because of uncertainty as to whether it
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was a brand–brand, generic–generic, brand–generic
and generic–band mistake), after the laboratory test
data were collected, the combination that produced
the highest error rate overall across the four memory
and perception tests was chosen to represent that pair
in the analyses. This procedure yielded the 109 name
pairs that were most likely to be the source of the
errors and were therefore to be used in the analyses.
In this set of 109 names, there was one name pair
(glyburide prescribed—glipizide dispensed) that had
two real-world error rates in the data set, one repre-
senting a combination product and one representing a
single-component product. Because there were two
real-world error rates for the same name pair, we
could not include it in the analyses. (However, glipi-
zide prescribed—glyburide dispensed did have a single
real-world error rate and therefore was included in
the analyses.) Thus, 107 pairs of names were consid-
ered in the analyses. These 107 pairs are provided in
the online supplementary appendix (columns 1 and
2), along with their real-world error rates (column 3).
Of the 214 names in the 107 pairs, 88 were brand
names and 126 were generic names. The pairs’ real-
world error rates have been linearly transformed by
multiplying all of them by the same undisclosed
number. When multiplied by the undisclosed number,
the lowest error rate became 1.0 and served as the ref-
erence rate. This transformation concealed the true
error rate but maintains the relative magnitude differ-
ences among the error rates. The true error rate was
concealed based on an agreement with the PSO that
provided the real-world error data. The transformed
error rates, which appear in the online supplementary
appendix and were used in all of the analyses, had no
effect on the analyses (ie, the F-values, R2 and nor-
malised root-mean-square error (RMSE) were the
same regardless of whether transformed or untrans-
formed error rates were used).

Data analysis
We began by computing descriptive statistics (mean,
SD and range) for the transformed real-world error
rates, the laboratory memory and perception data (eg,
error rates, near miss rates and response times), as
well as word attributes of the drug names, such as
subjective familiarity ratings and objective measures of
name similarity and frequency.
The laboratory memory and perception test error

rates (and near-miss rates and response times) were
obtained from the two-alternative forced-choice
component of the tests (rather than from the free
recall component) because these errors are directly
relevant to confusions of drug name pairs. (The free
recall data will be used in a separate study in which
individual names rather than pairs of names are
considered.) Laboratory test error rates were defined
as the number of participants who made an incor-
rect response on the drug pair divided by the

number of participants who completed the test,
multiplied by 100 (ie, (number of participants who
made an error/number of participants total)×100).
For example, 2 out of 40 participants (5%) made an
error on alprazolam/lorazepam in the backward
masking test, so an error rate of 5% was entered
into the analysis for that drug name pair (see online
supplementary appendix). The error rates from the
laboratory memory and perception tests and the
real-world error rates were based on different units,
with the test error rates based on participants (the
number of participants who made an error over the
total number of participants) and the real-world
error rates based on prescriptions (the number of
wrong prescriptions dispensed over the total
number of prescriptions). Laboratory test near miss
rates were defined as the number of participants
who made a near miss (ie, moved the cursor over
the incorrect response but did not select the incor-
rect response) on the drug pair divided by the
number of participants who completed the test,
multiplied by 100 (ie, (number of participants who
made a near miss/number of participants
total)×100). Laboratory test response times were
defined as the mean duration it took all participants
who took the test to select the correct answer on
fully correct (ie, non-error and non-near miss) trials
for the specific drug pair in question. The response
time started at the onset of the presentation of the
two names on the two-alternative forced-choice test
and ended when participants clicked on the name.
(For the progressive demasking test, response time
was an average of the response time it took to com-
plete the two-alternative forced-choice test and the
response time it took to indicate they recognised the
target name during the demasking process (ie, from
onset of the name to when the participant selected
<ENTER>).)
Familiarity was derived by averaging participant

response ratings on the familiarity questionnaire
(these data are provided in the online supplementary
appendix, column 8). Frequency was based on the pre-
scribing frequency provided in our real-world data
set. Length was calculated as the number of letters in
the word. Bigram frequency was the mean of the
English frequency of all adjacent letter combinations
in the word (as determined by Cross-Linguistic
Easy-Access for Phonological and Orthographic
Neighborhood Densities (CLEARPOND)30).
Similarity was the mean of BI-SIM ratings (a measure
of orthographic similarity) and EDITEX ratings (a
measure of phonological similarity).5–7 28 29

Next, we conducted the main analyses. The goal of
these analyses was to quantify the magnitude of the
association between data from the laboratory memory
and perception tests (and word attributes) and error
rates observed in the real world. First, we computed
bivariate correlations (Pearson’s r-values) between the
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real-world error rates and the data from the memory
and perception laboratory tests (as well as word attri-
butes). Then, we conducted a multiple linear regres-
sion analysis with data from the laboratory memory
and perception tests (and word attributes) as the inde-
pendent variables and real-world error rates as the
dependent variable. The F-value, R2 and normalised
RMSE were used to evaluate how well each step of
the regression model fit the real-world error data.
(The normalised RMSE was calculated by dividing the
RMSE by the difference between the maximum and
minimum value of the transformed dependent vari-
able (ie, the real-world error rates), and then multiply-
ing by 100.)
In the first step of the multiple linear regression

analysis, error rates from the laboratory memory and
perception tests were entered as predictors. In the
second step, we added near miss rates from all four
tests. In the third step, response times on the four
tests were added. In the fourth step, we added other
metrics that did not come from the laboratory
memory and perception tests. Specifically, we included
several word attributes that are known to affect lan-
guage processing—the target name’s word frequency,
familiarity, length, bigram frequency and similarity to
the competitor name.5–7 31 32

We also conducted two exploratory multiple linear
regression analyses. In the first exploratory analysis,
we examined whether the association between the
laboratory test data and real-world data would be dif-
ferent if only the clinical participants (doctors, nurses,
pharmacists and pharmacy technicians) were consid-
ered, given that these participants have more familiar-
ity with the names used in the laboratory tests and
more experience seeing, hearing and remembering
drug names than do lay people. In the second explora-
tory analysis, we considered only pharmacists and
pharmacy technicians because our data sets of real-
world errors were pharmacy errors committed by
pharmacists and pharmacy technicians.
We then conducted a mixed-effects logistic regres-

sion analysis to further examine the association
between laboratory memory and perception error
rates and real-world error rates. A benefit of the
mixed-effects logistic regression analysis is that it con-
siders every trial of the laboratory memory and per-
ception tests (by contrast, the multiple linear
regression analyses collapse across trials). The
mixed-effect logistic regression also determines
whether the results from the multiple linear regression
maintain when a different type of regression analysis
is conducted. Because logistic regression analyses
require binary data, the data were inverted such that
memory and perception accuracy (correct or incor-
rect) was the dependent variable and real-world error
rates were the independent variable. The logistic
regression analyses were three-level analyses with the
drug name pairs at level 1, participants at level 2 and

type of participant (doctor, nurse, pharmacist, techni-
cian, lay person) at level 3 in a random intercepts
model. These analyses were conducted separately for
each of the laboratory memory and perception tests,
yielding four models. The coefficient estimates of the
error rate were used to evaluate how well each model
accounted for the real-world error data.
Subsequently, two cross-validation analyses were

conducted to determine whether the laboratory mea-
sures could successfully predict other drug name error
data. Specifically, we assessed whether the laboratory
measures’ prediction of errors generalises to previ-
ously unseen drug name pairs (the first cross-
validation analysis) and to a different pharmacy chain
(the second cross-validation analysis).
In the first cross-validation analysis, a 10-fold cross-

validation procedure was conducted. The final mul-
tiple linear regression model (as derived from the ana-
lyses described above) was trained on 90% of the
drug name pairs and then tested on 10% of the drug
name pairs. This procedure was repeated 10 times, so
that every subset of data served as the 10% test set
once. After each of the 10 iterations, the difference
between the predicted error rate and the actual error
rate was calculated for each drug name pair in the test
data, from which a normalised RMSE was derived.
The normalised RMSE from the cross-validation was
then compared with the normalised RMSE from the
final multiple linear regression model, with a small
difference between the two RMSE values indicating a
successful cross-validation. This type of cross-
validation guards against overfitting and gives a more
unbiased estimate of the model’s performance on
unseen data (as opposed to its performance on data
that were used to build it).
In the second cross-validation analysis, we examined

whether the laboratory memory and perception data
predicted real-world error rates from a different phar-
macy chain. Sixty-four of the 107 drug name pairs
from the first pharmacy chain’s data set were also in
this second pharmacy chain’s data set. The error data
from the second pharmacy chain were provided to the
authors by the same AHRQ-listed PSO that provided
the first data set. The second pharmacy chain was a
large, national retail pharmacy chain with more than
1000 locations, and the data were collected over an
18-month period from all of the chain’s stores (which
are located in most states in the USA). We used the
final model from the multiple linear regression ana-
lysis to predict the 64 drug name pair error rates in
the second pharmacy chain.
The above analyses were conducted using R,

Statistical Package for the Social Sciences (SPSS), and
SuperMix.32 The data entered into the analyses were
processed using Matlab. (MathWorks. Matlab: The
language of technical computing: MathWorks; 2015;
available from: http://www.mathworks.com/products/
matlab/).
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RESULTS
Descriptive statistics
Table 2 provides the mean, SD and range for the
transformed real-world error rates, laboratory
memory and perception data (error rates, near misses
and response times) and word attributes (drug name
word frequency, familiarity, length, bigram frequency
and similarity).
We also computed mean accuracy for the math pro-

blems completed during the short-term memory test.
Participants, on average, answered 75.0% of the pro-
blems correctly, indicating that participants were not
disregarding the math component of the memory test.

Bivariate correlations
Table 3 presents correlations between real-world error
rates and laboratory memory and perception and
word attribute measures.

Laboratory memory and perception error rates
All laboratory memory and perception test error rates
were positively correlated with real-world error rates,

such that more errors on the laboratory tests were
associated with higher real-world error rates. These
correlations ranged from small (r=0.09) to moderate
(r=0.34). Correlations among the error rates from the
four laboratory tests ranged from 0.03 to 0.63.

Laboratory memory and perception near misses
All near miss rates were positively correlated with
real-world error rates, indicating that more near
misses on laboratory memory and perception tests
were associated with more real-world errors. These
correlations ranged from small (r=0.13) to moderate
(r=0.34). Correlations among the near miss rates
from the four laboratory tests ranged from 0.14 to
0.46.

Laboratory memory and perception response times
All response times were positively correlated with
real-world error rates. Longer response times were
associated with more real-world error rates. These
correlations were small (ranging from r=0.11 to

Table 2 Descriptive statistics for all measures

Mean SD Range

Transformed real-world error rates 95.7 219.7 1.0–1516.8

Laboratory memory and perception test error rates (percentage)

Backward masking error rate 22.2 14.8 2.5–80.0

Progressive demasking error rate 2.3 6.5 0.0–55.0

Speech-in-noise error rate 26.3 14.5 2.5–57.5

Short-term memory error rate 5.2 5.9 0.0–33.3

Laboratory memory and perception test near miss rates (percentage)

Backward masking near miss rate 11.4 6.1 0.0–33.3

Progressive demasking near miss rate 9.3 6.1 0.0–28.6

Speech-in-noise near miss rate 18.2 9.3 0.0–42.3

Short-term memory near miss rate 10.1 6.2 0.0–28.6

Laboratory memory and perception test response times (ms)

Backward masking response time 1772.3 397.4 1213.5–3305.5

Progressive demasking response time 1081.6 173.8 898.7–1883.7

Speech-in-noise response time 2035.8 539.6 1262.7–4114.9

Short-term memory response time 1456.9 306.7 1095.2–3354.4

Drug name word attributes

Word frequency (count/100 000) 21.8 29.3 0.1–131.5

Familiarity (1–5 Likert scale rating) 3.5 0.8 1.3–4.7

Bigram frequency (count ×1000) 7.5 3.4 1.2–19.0

Length (count) 10.7 5.9 5.0–37.0

Similarity (percentage) 55.8 13.0 29.6–83.3

Transformed real-world error rates: The error rate for a given drug pair (ie, the number of wrong prescriptions dispensed divided by the total number of
prescriptions) multiplied by an undisclosed constant. Multiplication by the constant number set the lowest error rate to 1.0.
Laboratory memory and perception test error rates: The percentage of participants who responded incorrectly on the two-alternative forced-choice test for a
given drug name pair.
Laboratory memory and perception test near miss rates: The percentage of participants who moved their mouse over the incorrect answer (but responded
correctly) on the two-alternative forced-choice test for a given drug name pair.
Laboratory memory and perception test response times: The amount of time it took participants to make a response in non-error and non-near miss trials
for a given drug name pair.
Word frequency: The number of times the target/prescribed drug was prescribed in the 1-year data period divided by 100 000.
Familiarity: The familiarity rating of the target/prescribed drug name on a 1–5 Likert scale, with a higher number indicating more familiarity.
Bigram frequency: The mean English frequency of all adjacent letter combinations in the target/prescribed drug name multiplied by 1000.
Length: The number of letters in the target/prescribed drug name.
Similarity: The percentage of overlap (as measured by BI-SIM and EDITEX) between the target/prescribed name and the competitor/dispensed name.
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r=0.29). Correlations among the response times from
the four laboratory tests ranged from 0.55 to 0.78.

Word attributes
Correlations between word attributes and real-world
error rates ranged from small (r=0.05) to moderate
(r=0.37). Correlations among the word attributes
ranged from 0.33 to 0.36.

Multiple linear regression
The results of the multiple linear regressions are dis-
played in table 4.

Laboratory memory and perception error rates
In the first step of the regression model, error rates
from the laboratory memory and perception tests
were entered as independent variables and real-world
error rates were entered as the dependent variable.
This model provided a statistically significant fit to the
data (F(4, 102)=7.13, R2=0.22, R2 adjusted=0.19,
p<0.001, normalised RMSE=12.8%), indicating that
the laboratory error rates significantly predicted real-
world error rates. The significant predictors were
backward masking error rate (β=0.32, p<0.01), pro-
gressive demasking error rate (β=−0.35, p<0.01) and
short-term memory error rate (β=0.36, p<0.01).
Speech-in-noise error rate was marginally significant
(β=0.17, p=0.056). The progressive demasking error
rate switched directions in the regression analysis,
becoming a negative predictor despite being positively

correlated with real-world error rates, a case of the
reversal paradox (possibly due to collinearity).33

Laboratory memory and perception near misses
The addition of near miss rates in the second step sig-
nificantly improved the model fit, F-change (4, 98)
=2.69, p<0.05, and increased the R2 to 0.30 and R2

adjusted to 0.24 (F (8, 98)=5.14, p<0.01, normalised
RMSE=12.1%). With error rates and near miss rates
in the model, the significant predictors were short-
term memory error rate (β=0.41, p<0.01), progres-
sive demasking error rate (β=−0.30, p<0.05), back-
ward masking near miss rate (β=0.21, p<0.05) and
speech-in-noise near miss rate (β=0.21, p<0.05). The
backward masking error rate was marginally signifi-
cant (β=0.21, p=0.069).

Laboratory memory and perception response times
Adding response times in the third step did not signifi-
cantly improve the model fit, F-change (4, 94)=0.92,
p>0.1. Response times were therefore dropped from
the model.

Word attributes
In the fourth step, word attributes (frequency, familiar-
ity, bigram frequency, length and similarity) were
added to the model, yielding a statistically marginal
improvement in model fit, F-change (5, 93)=2.06,
p=0.078 and increasing the R2 to 0.37 and R2 adjusted
to 0.28 (F(13, 93)=4.13, p<0.001, normalised
RMSE=11.5%). This model, which accounted for
37% of the data and served as the final regression
model, is displayed in figure 2. The significant predic-
tors in the model were short-term memory error rate
(β=0.45, p<0.01), backward masking near miss rate
(β=0.20, p<0.05) and familiarity (β=−0.26, p<0.05).
In a follow-up analysis with only the clinical partici-

pants (doctors, nurses, pharmacists and pharmacy
technicians) included, 40% of the data were
accounted for (a statistically significant model,
p<0.01), which is slightly higher than the 37% that
was obtained with all participants included. In a
second follow-up analysis with only the pharmacists
and pharmacy technicians included, 36% of the data
were accounted for (a statistically significant model,
p<0.01), which is slightly smaller than the percentage
achieved with all participants.

Mixed-effects logistic regression
The significant association between laboratory
memory and perception error rates and real-world
error rates (as evidenced by the significant bivariate
correlations and multiple linear regression analyses)
was also observed in the mixed-effects logistic regres-
sion analysis. In the mixed-effects logistic regression
analysis, real-world error rates were reliably associated
with error rates on all four laboratory memory and
perception tests: backward masking (b=−0.0009,
p<0.01), progressive demasking (b=−0.0009,

Table 3 Bivariate correlations between real-world errors and
laboratory and word measures

Correlation with real-world error rate

Laboratory memory and perception test error rates

Backward masking 0.34*

Progressive demasking 0.09

Speech-in-noise 0.16

Short-term memory 0.32*

Laboratory memory and perception test near miss rates

Backward masking 0.34*

Progressive demasking 0.13

Speech-in-noise 0.31*

Short-term memory 0.20*

Laboratory memory and perception test response times

Backward masking 0.29*

Progressive demasking 0.28*

Speech-in-noise 0.20*

Short-term memory 0.11

Drug name word attributes

Word frequency −0.28*
Familiarity −0.37*
Bigram frequency −0.05
Length 0.05

Similarity 0.22*

*Statistical significance (p<0.05).
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p<0.01), speech-in-noise (b=−0.0003, p<0.05) and
short-term memory (b=−0.0012, p<0.01).

Cross-validation
In the first cross-validation analysis, a 10-fold cross-
validation of the final multiple linear regression
model (with laboratory error rates, laboratory near
misses and word attributes as the independent

variables) yielded a normalised RMSE of 13.3%. The
cross-validation normalised RMSE was minimally dif-
ferent from the normalised RMSE of the final mul-
tiple linear regression model (11.5%), a 1.8%
difference, indicating that the initial model only
slightly overfit its training data.
In the second cross-validation analysis, we conducted

a multiple linear regression analysis with laboratory

Table 4 Multiple linear regression results

Predictor Standardised β Unstandardised β p Value

First step of regression R2=0.22 F=7.13 p<0.001

Backward masking error rate 0.32 4.68 <0.01

Progressive demasking error rate −0.35 −11.84 <0.01

Speech-in-noise error rate 0.17 2.63 =0.06

Short term memory error rate 0.36 13.61 <0.01

Second step of regression R2=0.30 F-change=2.69 p<0.05

Backward masking error rate 0.21 3.15 0.07

Progressive demasking error rate −0.30 −10.11 <0.05

Speech-in-noise error rate 0.09 1.44 0.34

Short-term memory error rate 0.41 15.27 <0.01

Backward masking near Misses 0.21 7.47 <0.05

Progressive demasking near Misses −0.10 −3.48 0.34

Speech-in-noise near misses 0.21 4.90 <0.05

Short-term memory near misses −0.09 −3.26 0.40

Third step of regression R2=0.32 F-change=0.92 p=0.45

Backward masking error rate 0.19 2.87 0.11

Progressive demasking error rate −0.35 −11.74 <0.01

Speech-in-noise error rate 0.13 2.04 0.21

Short-term memory error rate 0.37 14.04 <0.05

Backward masking near misses 0.15 5.49 0.14

Progressive demasking near misses −0.11 −3.93 0.30

Speech-in-noise near misses 0.23 5.38 <0.05

Short-term memory near misses −0.10 −3.57 0.40

Backward masking response times 0.18 0.10 0.21

Progressive demasking response times 0.17 0.21 0.37

Speech-in-noise response times −0.15 −0.06 0.30

Short term memory response times −0.11 −0.07 0.49

Fourth step of regression R2=0.37 F-change=2.06 p=0.08

Backward masking error rate 0.02 0.23 0.90

Progressive demasking error rate −0.21 −6.88 0.11

Speech-in-noise error rate 0.14 2.08 0.18

Short-term memory error rate 0.45 16.86 <0.01

Backward masking near misses 0.20 7.24 <0.05

Progressive demasking near misses −0.15 −5.33 0.15

Speech-in-noise near misses 0.14 3.30 0.16

Short-term memory near misses −0.06 −2.13 0.59

Word frequency −0.05 −0.00 0.65

Familiarity −0.26 −74.01 <0.05

Bigram frequency −0.01 −752.96 0.89

Length −0.12 −4.28 0.29

Similarity −0.12 196.97 0.26
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memory and perception error rates, laboratory
memory and perception near misses, and word attri-
butes as independent variables (ie, the same independ-
ent variables as the final model derived above) and
error rates from a second pharmacy chain as the
dependent variable. (The Pearson’s bivariate correl-
ation between the two data sets was r=0.84 and
p<0.01.) This model provided a statistically significant
fit to the data (F(1350)=3.19, R2=0.45, R2

adjusted=0.31, p<0.001, normalised RMSE=13.7%),
indicating that laboratory test data were significantly
predictive of real-world error rates from a second phar-
macy chain. The only significant predictor in this ana-
lysis was short-term memory near miss rate (β=0.29,
p<0.05). This model, in which 45% of the variability
in the real-world data were accounted for, is depicted
in figure 3.

DISCUSSION
The current study demonstrated a significant associ-
ation between real-world wrong drug name confusion
error rates and error rates from laboratory tests of
memory and perception. This significant association
suggests that laboratory memory and perception tests
may be able to predict how often a drug name will be
confused in outpatient pharmacy settings. We con-
firmed this predictive capacity through cross-
validation analyses in which the laboratory measures
effectively predicted real-world error rates for drug
names on which the model was not trained and error
rates from a second pharmacy chain.
Previously, it had been proposed that laboratory

memory and perception measures could be an effect-
ive preapproval test for determining whether a pro-
posed drug name is excessively confusing and should

not enter the marketplace.26 However, these tests
have not been adopted because of the lack of evidence
for a reliable association between a drug name’s per-
formance on memory and perception tests and real-
world error rates.13 Here, we demonstrate such an
association. In fact, this study is the first, to our
knowledge, to find a significant association between
any method that may be used for preapproval testing
and real-world error rates.
Although not the primary goal, this study also

addresses the source of drug name confusion errors
by suggesting that many of them may be caused by
lapses in memory and perception. In previous studies,
it had been suggested that visual perception, auditory
perception and short-term memory might underlie
many drug name confusion errors.5–7 By demonstrat-
ing a significant association between laboratory
memory and perception tests and real-world data, the
current results strengthen the argument that misre-
membering and misperceiving are the source of many
drug name confusion errors.

Limitations
Four limitations of the study are worth noting. The
first is the limited scope of the study. The study was
limited in the number of participants, number of drug
names and number of pharmacy chains. Thus, it
remains to be determined whether the results will gen-
eralise to other participants, other drug names and
other pharmacy chains. The cross-validation results,
however, suggest that the findings are likely to trans-
late beyond the current study.
A second limitation of the current study is that the

real-world error data came from a pharmacy setting,
while many of our clinical participants worked in a

Figure 2 The predicted error rates relative to the real-world
error rates. The predicted error rates were derived from the final
regression model, which included laboratory test errors,
laboratory test near misses and word attributes. The regression
line represents the least-squares best-fitting line from the final
regression model.

Figure 3 The predicted error rates relative to the real-world
error rates from the second pharmacy chain. The predicted error
rates were derived from the final regression model, which
included laboratory test errors, laboratory test near misses and
word attributes. The regression line represents the least-squares
best-fitting line from the final regression model.
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different setting, a hospital setting. However, the vast
majority of the drugs included in the current study are
used in both pharmacy and hospital settings. As evi-
dence, the participants’ high familiarity ratings of the
drug names indicated that they had significant experi-
ence with these drugs. Thus, the difference in setting
was unlikely to substantially affect the current results,
and the findings are likely to generalise to both phar-
macy and hospital settings.
A third limitation is that the data set did not specify

whether the brand or generic names were involved in
the errors. Consequently, we had to determine the
names through several methods, including clinical
judgement, laboratory tests, objective similarity ratings
and ISMP’s List of Confused Drug Names. In some
cases, these methods may have led to the wrong
names. Using the wrong names, however, would have
only underestimated the ability of the laboratory tests
to account for the real-world error rates, and thus the
tests may be more effective than was observed in the
current study.
A related and final limitation is how well the labora-

tory tests accounted for the variance in real-world
error rates. The laboratory data explained 37% of the
variance in the data set from the first pharmacy chain
and 45% of the variance in the data set from the
second pharmacy chain. These are strong and signifi-
cant associations, but nevertheless may be smaller
than desired. By refining the laboratory tests used
here and including other laboratory tests that tap into
other cognitive, perceptual and motor processes that
are involved in drug name mistakes, the amount of
variance explained may be increased. This study
nevertheless serves as a good starting point from
which more effective preapproval laboratory testing
procedures can be developed.

CONCLUSION
The current study provides evidence that laboratory
tests of memory and perception can predict real-world
error rates. Because these tests are evidence-based and
also simple and inexpensive to design and administer,
regulators and pharmaceutical companies should con-
sider adopting these tests to screen proposed drug
names during the preapproval process. By using
effective preapproval tests, harmful drug name confu-
sion errors can be minimised.
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