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Keywords:
 Background: Proprietary or brand names of prescription drugs are generally with letters that are unusual in common
English. There is little academic research exploring if this perception is true, despite the fact that manufacturers
pay millions of dollars to research and develop drug names that conform to regulatory standards while remaining
marketable.
Objectives: To assess the extent to which letters used in prescription drug namesmay deviate from common English and
to test if prescription drug names show measurable trends in letter frequency over time.
Methods: The names of all prescription drugs approved in the United States between 1985 and 2020were downloaded.
Duplicates were removed and products without a proprietary name were excluded. Letter frequency analyses were
then conducted on all letters in these names as an aggregate and year-over-year. Letter frequencies were compared
to a validated academic reference, a corpus derived from all Google Books data, and the scoring system from the
board game Scrabble.
Results: Regardless of the comparator, prescription drug names use letters that are not common in typical English.
Letters A (11.96% of all observed letters), V (3.08%), X (2.31%), and Z (1.91%) are all overrepresented in prescription
drug names, while E (10.23%), H (0.90%), T (6.30%), and S (4.21%) are underrepresented. The letters C and N are
becoming less common over time (frequency decrease of 0.10 percentage points and 0.12 percentage points per
year, respectively), while V, Y, and Z are becoming more common (frequency increases of 0.61 to 0.86 percentage
points per year).
Conclusions: Proprietary prescription names use letters that are unlike words used in everyday American English, and
there are measureable trends in letter selection. It remains to be seen how drug manufacturers will cope with an
increasingly-narrow naming space as more products continue to be approved over time.
Prescription drug names
Names
Letter frequency
1. Introduction

Proprietary names of prescription drug products—also known as trade
names or brand names—have been the subject of commentary from mass
media news organizations and other layperson-oriented outlets for years.
These reports describe proprietary drug names as unusual or humorous,
and often hold that medication names are strange and becoming stranger
over time.1–4 Academic commenters have stated that manufacturers have
an “insatiable proclivity” for the letters X and Z in journals such as New En-
gland Journal of Medicine.5 However, proprietary drug names are not arbi-
trary: they are the result of a process that must take into account
regulatory requirements and clinical considerations,6 as well as marketing
concerns applicable to the United States of America (U.S.) and internation-
ally. These external factors sometimes work at cross-purposes, which may
contribute to identifiable trends in proprietary drug names.
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With respect to regulation, all newly-approved prescription drug products
in the Unites States are given at least two names: a generic name—which
uniquely refers to the product's active ingredient(s)—and a proprietary
name. The proprietary name is usually held as a trademark by the first man-
ufacturer of the new product, but both names are subject to regulatory ap-
proval. First, proprietary names must be unique, and will be screened for
similarity to other proprietary or nonproprietary names.6 There are four
main sources of confusion for medication names, each of which must be cap-
tured by this screening step: “different drugs with similar names, formula-
tions with the same brand name containing different drugs, the same drug
marketed in formulations with different names, and abbreviated drug
names.”7 For a clinically-relevant example of the first type of confusion, the
antidepressant Brintellix® had its name changed after being confused with
the antiplatelet Brilinta®.8 To illustrate the scope and gravity of the problem,
the Institute for SafeMedication Practices offers a list of confused drug names
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to create “safeguards to reduce the risk of errors and minimize harm”
amongst dispensing clinicians.9 Additionally, proposed proprietary names
are not likely to meet regulatory approval if they contain letters or numbers,
include references to product-specific attributes (e.g., “Nametabs” for a tablet
formulation), or are not pronounceable.6 Close scrutinywill be applied to pro-
prietary names that allude to the product's intended use or manufacturer, or
names that may overstate the product's effectiveness (e.g., by incorporating
a variation of the word “cure” when the product only mitigates disease).6

Proprietary names that violate these guidelines are unlikely to be approved
in the U.S.

The constraints placed upon these companies by regulatory require-
ments are compounded by marketing considerations. Prescription drug de-
velopers are often private corporations that are interested in using the
proprietary name of a product to maximize profit through branding and/
or advertising. For instance, manufacturers would likely prefer to use the
same proprietary name in all markets around the world, as doing so will
help with brand recognition and minimize the amount of retooling needed
for branding and labeling across diverse countries. This means that the
ideal proprietary name would conform with regulatory requirements in
the U.S. and all international markets. This also limits which characters
can be used in a proprietary name: some languages use diacritics or accent
marks as pronunciation guides, while these characters are practically for-
bidden by U.S. regulatory guidance.6 Similarly, some letters that are com-
monly used in English may be all-but-absent in other languages, and
some characters may be pronounced differently in different parts of the
world (such as the letter “j” in English and Spanish).

Moreover, the ideal proprietary namewould bememorable and pleasant,
while adhering to regulatory limits. In the U.S., this may mean that a propri-
etary drug name should be fewer than three syllables with a sound that
evokes positive connotations or sentiment.10 Drug manufacturers often hire
marketing firms to develop proprietary names for their products. As many
as five such names may need to be submitted for review, and each name
may cost more than $1 million to develop, research, andmarket-test, accord-
ing to an interviewwith an executive from a company thatmay have been in-
volved in development of 75% of proprietary names approved in the U.S.10

Despite the high amount of attention from the lay press, the potential
safety implications of easily-confused medication names, and the obvious
monetary interest in proprietary drug product names, relatively little admin-
istrative pharmacy research exists that explores trends in proprietary drug
names. The purpose of this study is to quantify the extent the letters used
in proprietary drug names may deviate from common English and to test if
prescriptiondrugnames showmeasurable trends in letter frequencyover time.

2. Methods

The compilation of approvals of newmolecular entity drug and new bi-
ologic agents was downloaded from the U.S. Food and Drug Administration
(FDA) Center for Drug Evaluation and Research.11 This list contained all
new molecular entities and new combination prescription products ap-
proved between 1985 and 2020; it did not include labels with new indica-
tions for previous approvals, new variations of previously approved active
ingredients (e.g., new salt forms), or new dosage forms of previously ap-
proved products (e.g., a liquid formulation of amedication previously avail-
able as a tablet).12 Non-alphabetic characters, including spaces, were
removed from proprietary names in the dataset. Products were excluded
from analysis if they were listed as “marketed without a proprietary
name.” Duplicated proprietary names were excluded after the chronologi-
cally first mention. Proprietary names that included references to dosage
forms (e.g., “[Medication Name] Depot”) were retained as-is for analysis,
as were products whose proprietary names seemed to be identical to the
name of the active ingredient. The FDA's dataset included details on the
medication type (drug versus biologic) and administrative classifications
applied to each new drug approval. These administrative classifications in-
cluded drug versus biologic agent status, priority review versus standard re-
view, orphan versus non-orphan drug, and whether the approval was
eligible for so-called “accelerated approval,” “breakthrough medication,”
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fast track approval,” or “qualified infectious disease” status. Additionally,
the dataset included details on whether the medication led to the issuance
of a priority review voucher or whether a priority review voucher was
redeemed in the approval of the medication. These variables were summa-
rized to better characterize the medications approved by the FDA since
1985.

The primary analysis centered on the letters in eachmedication's propri-
etary medication name. Each letter in the product proprietary names was
assigned a frequency score using three widely-available rankings of letter
frequency in common English. The principle analysis was performed with
a list of letter frequencies compiled by Mayzner and Tresselt from a corpus
of 20,000 English words randomly selected from fiction and nonfiction
sources in the 1960s.13 A secondary analysis was constructed using a
non-peer reviewed update to the Mayzner-Tresselt frequency list that was
compiled from the corpus of Google Books data by Norvig in 2012.14 This
reference was used to face-validate the output of the older Mayzner-
Tresselt listing against a more modern corpus. Finally, frequency scores
were also assigned using the point values from the commercially-
available board game Scrabble, where less-frequently used letters are
assigned higher point values.15 This reference was used for its familiarity
to professional and lay readership in the U.S. For example, the letter E
occurred in 13.3% of all letter observations in the Mayzner-Tresselt rank-
ings and 12.5% of all observations of the Norvig rankings. Meanwhile,
the Scrabble point value for the letter E is 1. Conversely, the letter Z
occurred in 0.06% of all observations in Mayzner-Tresselt rankings and
0.09% of all observations in Norvig rankings; this letter is assigned a
point value of 10 in Scrabble scoring. A full list of Mayzner-Tresselt, Norvig,
and Scrabble frequency scoring used for all letters is available in the online
supplement.

The proprietary names from the dataset were then assigned frequency
scores for each scale by adding Mayzner-Tresselt letter frequencies, Norvig
letter frequencies, or Scrabble scores for each letter in each name. As an ex-
ample calculation, adding the Mayzner-Tresselt frequencies for the word
“paper”would result in a total of 30.37 percentage points (1.53 percentage
points for each P, 8.10 points for the A, 13.32 points for the E, and 5.89
points for the R). To correct for longer drug names, these total frequency
scores were divided by the length of their respective proprietary names to
create a letter frequency-per-letter score, which should be a reasonable rep-
resentation of how unusual each proprietary name may seem to a person
fluent in English. For example, dividing the total Mayzner-Tresselt score
for the word “paper” (30.37 points) by its length (5 letters) gives a value
of 6.07 percentage points-per-letter, making the average letter frequency
score for this word comparable to that of the letter S for the Mayzner-
Tresselt corpus. These letter frequency-per-letter scores were plotted
against the year of U.S. FDA approval. After inspecting visually for linearity
and testing for potential heteroscedasticity using White's test, univariate
linear regressions were performed to assess how letter rarity in U.S. pre-
scription drug products may be changing over time, using frequency-per-
letter as the dependent variable and year as the independent variable.

Frequencies for each individual letter were also calculated across all
years and for each year in the dataset. A linear regression model was con-
structed for each letter over time, with the year of approval as the indepen-
dent variable and the percentage frequency of that letter in that year acting
as the dependent variable. The output of each of these models was also
inspected visually for linearity beforeWhite's test was used to assess for het-
eroscedasticity. The rate of change in letter frequency for each year was cal-
culated, with its accompanying p-value and correlation coefficient, R2. As a
safeguard against false positives due to multiple comparisons, a priori limi-
tations were set on interpretation of these values. Results were only
regarded as statistically and practically significant if White's test resulted
in a p-value of greater than 0.05, the p-value of the rate of change in letter
frequency was less than 0.05, and the correlation coefficient was greater
than 0.30. As a post hoc test of the assumptions of linear regression, the in-
dividual letter models' residual plots were also inspected visually to assess
the assumption of independence of residuals and Q-Q plots were inspected
visually to assess the assumption of normality in residuals.
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Fig. 1. Number of newly approved proprietary products by year, 1985 to 2020.
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Letter rarity scoring was calculated using Microsoft Excel 365. Tests of
heteroscedasticity and linear modeling were conducted in SPSS 64-bit ver-
sion 26.0.0.0. This study was conducted using only publicly available data.
Thus, the study was deemed exempt from review by the Institutional
Review Board of Marshall University.

3. Results

TheFDA dataset contained 1149 entries. Nine of these were explicitly
stated to be marketed without a proprietary name, and 3 were found to
be duplicates of items listed previously in the dataset. This left 1137 medi-
cation names for analysis. A breakdown of the types of approvals listed in
the dataset, including types of reviews (New Drug Applications versus Bio-
logics License Applications), priority status of reviews, and orphan drug sta-
tus of reviews is provided in Table 1. The number of approvals per year
from 1985 to 2020 is plotted in Fig. 1.While there is a general trend toward
more approvals per year over time, the R2 value of 0.1525 suggests that
only 15% of the variation in number of approvals is correlated with the
year of approval. The average length of proprietary names was 7.41 charac-
ters, with a standard deviation of 2.17 characters.

The scatter plots and regressions of letter frequency scores against year of
approval is shown in Fig. 2. Mayzner-Tresselt letter frequency per letter de-
creases over time in a homoscedastic manner (White's test p-value: 0.443),
with each letter becoming, on average, 0.01% rarer each year according to
the slope of the regression equation. The R2 value of this model suggests
that 38.5% of the variation in letter rarity per letter is accounted for by
Table 1
Summary of proprietary prescription products newly approved by the United
States Food and Drug Administration, 1985–2020.

Total n (%) 1137 (100)

Type of approval
New drug application 959 (84.3)
Biologic license application 178 (15.7)

Review type
Priority 569 (50.0)
Standard 568 (50.0)

Orphan drug status
Orphan 342 (30.1)
Not orphan 795 (69.9)

Accelerated approval status
Accelerated 112 (9.9)
Not accelerated 843 (74.1)
Not applicablea 182 (16.0)

Breakthrough medication status
Breakthrough 93 (8.2)
Not breakthrough 263 (23.1)
Not applicablea 781 (68.7)

Fast track approval status
Fast track 223 (19.6)
Not fast track 540 (47.5)
Not applicablea 374 (32.9)

Qualified infectious disease medication
Qualified infectious disease 16 (1.4)
Not qualified infectious disease 253 (22.3)
Not applicablea 868 (76.3)

Priority review voucher issued
Voucher issued 34 (3.0)
Voucher not issued 444 (39.0)
Not applicablea 659 (58.0)

Priority review voucher redeemed
Voucher redeemed 7 (0.6)
Voucher not redeemed 471 (41.4)
Not applicablea 659 (58.0)

a “Not Applicable” refers to products that were submitted or approved before
the relevant program began.
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variation in year. Similar results were obtained with Norvig letter frequency
per letter (visible in online supplement), which homoscedastically (White's
test p-value 0.728) decreased by 0.02% each year, with variation in year
of observation accounting for 46.5%of the variation in thismeasure. Finally,
Scrabble scores per letter homoscedastically (White's test p-value 0.123)
increased by 0.0096 points per letter per year, and the year of observation
accounted for 41.9% of the variation in this measure.

The frequency occurrence of each letter, the observed percentage fre-
quency of each letter and the expected Mayzner-Tresselt frequencies are
shown in Fig. 3. Table 2 also summarizesWhite's test results for each letter's
linear modeling of frequency over time, the rate of change in frequency of
each letter per year, the p-value for the rate of change per year, and the cor-
relation coefficient for the model. The letter A was the most frequently ob-
served letter in the dataset, accounting for approximately 12% of all letters
observed; this made it almost 4 percentage points more frequent than ex-
pected based onMayzner-Tresselt ratings. Other letters that were more fre-
quently observed than expected included V (3.08% of observed letters,
approximately 2 percentage points more common than expected), X
(2.31% of all observed letters, approximately 2 percentage points more
common than expected), and Z (1.91% of all observed letters, approxi-
mately 1.8 percentage points more common than expected). Letters that
were less common than expected included H, which comprised 0.90% of
all letters in the dataset, making it some 6.8 percentage points less common
than would have been predicted by the Mayzner-Tresselt frequencies.
Other less common than expected letters included E (approximately 3 per-
centage points less common than expected), T (approximately 3 percentage
points less common than expected), and S (approximately 2 percentage
points less common than expected).

When constructing linear regression models for how individual letter
frequencies have changed over time, White's test suggested that significant
heteroscedasticity was present for the letters H and J, thus implying that a
linear regression model may be misspecified for these letters. The post hoc
visual inspection of residual plots and Q-Q plots suggested that linear re-
gression may not appropriately model the frequency-over-time changes
for the letters J, Q, and W; these letters were absent from the dataset
(i.e., had a frequency of 0%) in several years. Statistically significant
changes over time were present at the 0.05 level for B, C, I, K, N, O, Q, V,
Y, and Z. However, only C, N, V, Y, and Z met the prespecified critical
value of 0.30 for the correlation coefficient. Relatedly, these letters all
had a p-value of less than 0.001 on the statistical significance testing of
their slopes. The letters C and N are becoming less common over time, ac-
cording to the model: the frequency for the letter C is decreasing by 0.100
percentage points per year and the frequency of N is decreasing by 0.119
percentage points. By contrast, V, Y, and Z are becoming more common:
V is increasing by 0.064 percentage points per year, Y is increasing by
0.086 points, and Z is increasing by 0.061 points.
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Table 2
Changes in letter frequencies over time.

Letter White test result Slope (95% CI) p-value R2

A 0.330 0.069 (−0.016, 0.154) 0.109 0.074
B 0.725 0.045 (0.018, 0.072) 0.002 0.227
C 0.470 −0.100 (−0.141, −0.059) <0.001 0.420
D 0.195 −0.022 (−0.059, 0.014) 0.225 0.043
E 0.215 −0.045 (−0.104, 0.014) 0.128 0.067
F 0.398 −0.017 (−0.045, 0.012) 0.234 0.041
G 0.656 0.010 (−0.020, 0.040) 0.512 0.013
H 0.006 0.010 (−0.054, −0.013) 0.002 0.246
I 0.462 0.062 (0.015, 0.108) 0.012 0.173
J 0.044 0.018 (0.007, 0.029) 0.002 0.243
K 0.650 0.042 (0.017, 0.067) 0.002 0.255
L 0.164 0.013 (−0.029, 0.055) 0.539 0.011
M 0.593 −0.030 (−0.069, 0.010) 0.135 0.064
N 0.364 −0.119 (−0.170, −0.068) <0.001 0.397
O 0.499 −0.107 (−0.177, −0.037) 0.004 0.221
P 0.213 −0.017 (−0.046, 0.012) 0.244 0.040
Q 0.118 0.021 (0.006, 0.035) 0.008 0.191
R 0.324 −0.022 (−0.074, 0.030) 0.401 0.021
S 0.233 0.037 (−0.008, 0.083) 0.103 0.076
T 0.523 −0.006 (−0.062, 0.049) 0.819 0.002
U 0.113 0.010 (−0.023, 0.043) 0.558 0.010
V 0.451 0.064 (0.033, 0.096) <0.001 0.340
W 0.976 0.004 (−0.007, 0.008) 0.949 0.000
X 0.310 −0.018 (−0.051, 0.014) 0.261 0.037
Y 0.140 0.086 (0.054, 0.118) <0.001 0.471
Z 0.542 0.061 (0.032, 0.090) <0.001 0.348

Bold: p < 0.05
Italics: statistically significant result of White's test suggests linear regression may
not be appropriate
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4. Discussion

This analysis of proprietary prescription medication names in the U.S.
supports the assertion that prescription drug names are comprised of letters
that are uncommon in everyday English, and that the divergence with con-
versational English is becomingmore pronounced over time. Thisfinding is
consistent when assessing letter frequencies using a peer-reviewed corpus
from 1965, a corpus derived from Google Books data in 2012, or the
scoring-based system used in the commercial board game Scrabble. Across
all time points, letters such as X, Z, and V are overrepresented, while letters
such as E, H, and W are underrepresented. This trend has been consistent
since 1985, which was the first year in the dataset. If temporal trends con-
tinue for another 35 years, the Mayzner-Tresselt average letter-frequency-
per-letter will drop from 5.5% in 2020 to 5.15% in 2055. This would be
equivalent to a 2.8 percentage point drop in frequency per 8 letters,
which would be roughly equivalent to substituting an “m” in an eight-
letter word with “x” or “z.” A substitution such as this would change
Dormalin (approved in 1985) to Dorzalin, or change Imcivree (approved
in 2020) to Ixcivree.

These findings, and their implications for proprietary naming of future
medications, have ramifications that extend beyond novelty academic in-
terest. Prescription drug developers face competing interests in selecting a
name for their new products. From amarketing perspective, manufacturers
will want medication names that arememorable and distinct, andwith pos-
itive connotations.1,4,10 However, FDA best practices and procedures on
proprietary medication name development constrain manufacturers' selec-
tions by screening for names thatmay be confused for other product names,
names that contain non-alphabetic characters, or for names that make clin-
ically inappropriate implications.6 Thus, from a safety perspective, manu-
facturers should avoid medication names that might look or sound like
existing medication names. The FDA has made an algorithm-based
5

phonographic and orthographic assessment tool available to the public16;
manufacturers can use this tool to assess if their proposed product name
may be similar to other product names in a way that may compromise pa-
tient safety or intellectual property rights. As the pool of approved proprie-
tary names continues to grow, it is reasonable to assume that selecting a
sufficiently distinctive proprietary name will become exponentially more
difficult.

Further, optimizing the product name for simplicity places constraints
on name length and optimizing for marketability places constraints on
letter and phoneme selection. Marketing and memorability, which inter-
sect with temporal trends in public taste and perception, may push man-
ufacturers toward using letters that are less common. This seems to be
reflected in the trend of manufacturers to increase use of the letters
V, Y, and Z, apparently at the cost of letters such as C and N. However,
this process is likely to be saturable: once enough names have been
approved using these letters, manufacturers will need to seek out novel
combinations to use to avoid potential look-alike/sound-alike issues.
This process may even push the public's perception of certain letters as
“trendy” or “interesting.” It may be reasonable for manufacturers to
begin to explore heretofore-overlooked letters, such as H and W, despite
issues that these letters may create in the U.S. and abroad. For instance,
the letter H is often aspirated or silent in languages like Spanish or
French; medications that use these letters prominently in their names
may need to be renamed for other markets. Alternatively, underused let-
ters may create potentially-undesired connotations. For example, care
may need to be taken to avoid creating letters with the word W that do
not imply uncertainty by looking or sounding like questions.

This study is subject to important limitations. First, it uses only U.S. FDA
data since 1985, and is silent on trends in proprietary drug naming before
this period. Second, this study only analyzes individual letters; analysis of
letter combinations (e.g., two-letter “bigrams”) is beyond the present
scope, but may be an interesting target for further research. Third, this
study made no attempt to analyze nonproprietary generic medication
names. These names are given in accordance with international guidelines,
which often standardized by medication type and are less concerned with
memorability ormarketability. Further, these namesmayhavefixed groups
of letters that may skew temporal trends. For instance, approval of beta
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blocker products in consecutive years may lead to a spike in the frequency
of the “-olol” letter cluster. Future research in this area could address these
limitations and build on this work by assessing if newer medication names
are less likely to be confused for other medication names, borrowing ana-
lytic methods from linguistics to test letter combinations, analyzing the
cost of developing medication names, or assessing how nonproprietary
names may have changed over time. Additionally, construction of non-
linear hurdle models may be needed to accurately model frequencies of let-
ters that are frequently absent from proprietary medication names in given
years, such as J, Q, and W.
5. Conclusion

This analysis supports the assumption that proprietary prescription
names are unlike words used in everyday American English, and that
there are measureable trends in letter selection in these names over time.
These trends may be the result of sociocultural and regulatory interplay.
It remains to be seen how drug manufacturers will cope with the
increasingly-narrow space made available to them for drug names as
more products continue to be approved over time.
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