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Summary

Objective: Many hundreds of drugs have names that either look or sound so much
alike that doctors, nurses and pharmacists can get them confused, dispensing the
wrong one in errors that can injure or even kill patients.

Methods and material: We propose to address the problem through the application of
two new methods—one based on orthographic similarity (“look-alike’’), and the other
based on phonetic similarity (‘‘sound-alike’’). In order to compare the effectiveness of
the new methods for identifying confusable drug names with other known similarity
measures, we developed a novel evaluation methodology.

Results: We show that the new orthographic measure (BI-SIM) outperforms other
commonly used measures of similarity on a set containing both look-alike and sound-
alike pairs, and that a new feature-based phonetic approach (ALINE) outperforms
orthographic approaches on a test set containing solely sound-alike pairs. However, an
approach that combines several different measures achieves the best results on two
test sets.

Conclusion: Our system is currently used as the basis of a system developed for the
U.S. Food and Drug Administration for detection of confusable drug names.

© 2005 Elsevier B.V. All rights reserved.

1. Introduction
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or the wrong drug [1]. For example, a patient
needed an injection of Narcan but instead got the
drug Norcuron and went into cardiac arrest. The
U.S. Food and Drug Administration (FDA) has sought
to mitigate this threat by ensuring that proposed
drug names that are too similar to pre-existing drug
names are not approved [2]. This has motivated the
research and design of algorithms underlying pho-
netic orthographic computer analysis (POCA), an
operational system implemented by the Project
Performance Corporation for the FDA."

A number of different lexical similarity measures
have been applied to the problem of identifying
confusable drug names (henceforth referred to as
confusion pairs). For example, 22 distinct methods
were tested on a set of drug names extracted from
published reports of medication errors [3]. The
methods included well-known universal measures,
such as edit distance, longest common subse-
quence, and several variations of measures based
on counting common letter n-grams, as well as
measures designed specifically for associating pho-
netically similar names, such as Soundex and Editex.
The normalized edit distance, Editex, and a trigram-
based measure were identified as the most
accurate.

We formulate a general framework for represent-
ing word similarity measures based on n-grams, and
propose a new measure of orthographic similarity
called BI-SIM that combines the advantages of sev-
eral known measures. We show that this new mea-
sure performs better on a U.S. pharmacopeial list
of confusable drug names than the measures
previously identified as the most accurate by [3].

In addition, we present techniques for detecting
drug-name confusions that are attributed solely to
high phonetic similarity. Consider the example of
Xanax versus Zantac —two brand names that the
Physicians’ Desk Reference (PDR) warns may be
“mistaken for each other ... lead[ing] to serious
medication errors’ [4]. The phonetic transcription
of the two names, [zaenaeks] and [zaentaek], reveals
a sound-alike similarity that is not apparent in their
orthographic form. For the detection of sound-alike
confusion pairs, we apply the ALINE phonetic aligner
[5], which estimates the similarity between two
phonetically-transcribed words. We demonstrate
that ALINE outperforms orthographic approaches
on a test set containing sound-alike confusion pairs.

We present a novel method of evaluating the
accuracy of a measure, which aims at emulating
the perspective of a person involved in the process
of approving a new drug name. Our approach is to

' See http://www.ppc.com/case_fdastudy.asp (last accessed:
8 August 2005).

average recall values for each drug name in the test
set. The recall is calculated against a published list
of confusable drug names considering only the top k
potential confusion pairs returned by a similarity
measure. The recall values are then aggregated
using the technique of macro-averaging [6].

The next section provides the background for the
problem we are addressing, several commonly-used
measures of word similarity, and our methodology for
evaluation. After this, we present two new methods
foridentifying look-alike and sound-alike drug names.
We then compare the effectiveness of various mea-
sures using our recall-based evaluation methodology
on a U.S. pharmacopeial list and on another test set
containing sound-alike confusion pairs. We conclude
with a discussion of our experimental results.

2. Background

The problem of automatic identification of confusa-
ble drug names can be stated as follows: given a large
set of existing drug names, identify all pairs or sets of
drug names that are potentially confusable with each
other. An alternative formulation reflects the process
of approving a newly proposed drug name: given a
proposed drug name and a large set of existing drug
names, identify all drug names in a large set of
existing drug names that are potentially confusable
with the proposed drug name. Our evaluation meth-
odology is geared towards the latter formulation.

2.1. Cognitive model/description of the
human task

In addition to the types of confusability that are
inherent to the task of distinguishing drug names
(illegible handwriting, incomplete knowledge of
drug names, newly available products, etc.), the
task of auditory word recognition is itself a difficult
problem. For example, it has been demonstrated
that similar words compete for recognition, with
high-usage frequencies competing more than
others; this means similar words that are frequent
are more likely to generate confusions than similar
words that are infrequent [7,8]. In addition, it has
been suggested that the beginning of a word is more
important than other parts in listening tasks [9].
Finally, in language production (spoken or written),
words with similar output forms are sometimes
confused, and even more common are words that
are both similar in form and similar in meaning [10].

Although these factors have implications for pre-
dicting drug name confusions, we focus primarily on
factors amenable to computerized string matching
(to be described next). We note, however, that our
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system provides a weight-tuning capability to assist
in focusing on certain aspects of similarity (e.g. if
certain types of confusions occur frequently or if
certain portions of confusable names are more sali-
ent than others), but this would be application-
dependent.

2.2. String-matching algorithms

The detection of confusable drug names is an appli-
cation for string-matching algorithms, where two
drug names may be compared and ranked according
to their degree of potential confusability. Ideally, a
string-matching algorithm would detect a large
“similarity”” (or a small “distance’”) between two
drug names that are potentially confusable.?

String matching algorithms have been used to
address a variety of problems in natural-language
processing (NLP) including part-of-speech (POS) tag-
ging [11], language identification [12], cognate
matching [13—16], spelling correction [17], author
identification [18], fast text searching [19], topic
segmentation [20], text compression [21], and lex-
icon searching [22]. For each of these applications,
there are two classes of string matching (ortho-
graphic and phonetic) and two methods of matching
(distance and similarity). The different classes and
methods of matching are described next.

2.3. Phonetic versus orthographic

The approaches to measuring word similarity can
be divided into two groups. The orthographic
approaches disregard the fact that alphabetic sym-
bols express actual sounds, employing a binary
identity function on the level of character compar-
ison. The phonetic approaches, on the other hand,
attempt to take advantage of the phonetic charac-
teristics of individual sounds in order to estimate
their similarity.

2.4. String similarity versus edit distance

String similarity measures estimate the similarity
between two strings based on the number of char-
acters they have in common. Edit distance measures
count the number of steps required to transform one

2 As we will see in Section 2.7, drug name similarity is only one
factor contributing to drug name confusability. Because intui-
tions about similarity between orthographic and phonological
forms of words correlate with their confusability, we often use
intuitions about similarity as a substitute for confusability, the
latter being more difficult to measure directly. However, we do
not believe that intuitions should be used as the basis for doing
the task directly, as it is impractical in most applications where
there are very large numbers of potentially confusable pairs.

string into the other. Both measures may be used for
either of the two classes of string matching (ortho-
graphic or phonetic).

2.5. Existing string-matching algorithms

Some examples of orthographic and phonetic algo-
rithms for both distance- and similarity-based
approaches are shown in Table 1. Specific examples
of values obtained by the measures are provided in
Table 2. Boldfaced measures (in Tables 1 and 2)
indicate those that are described in detail in this
paper. We now examine each of these measures,
in turn.

PREFIX is a baseline-type similarity measure
that returns the length of the common prefix
divided by the length of the longer string. For
example, the common prefix for Tobradex and
Torecan has length 2 (to-) which, divided by the
length of 8, yields 0.25.

String-edit distance [23] (EDIT) (also known as
Levenshtein distance) counts the number of edit
operations it takes to transform one string into
another, where the cost of substitution is the same
as the cost of insertion or deletion. For example,
the edit distance between Zantac and Xanax is 3
because the transformation of the former into the
latter involves two substitutions (z— x and ¢ — x)
and one deletion (t). A normalized edit distance
(NED) is calculated by dividing the total edit cost
by the length of the longer string. The normal-
ization is an attempt to remove the bias against
longer strings that is inherent in the standard edit
distance.

The longest common subsequence ratio [15]
(LCSR) is computed by dividing the length of the
longest common subsequence by the length of the
longer string. The characters in a subsequence do
not have to be contiguous. For example, the longest
common subsequence of Zantac and Xanax has
length 3 (a-n-a), so the LCS ratio for this pair is
equal to 3 divided by 6 (the length of Zantac). LCSR
is closely related to normalized edit distance. If the
cost of substitution is at least twice the cost of

Table 1 Classification of word distance and similarity
measures
Distance Similarity
Orthographic EDIT N-GRAM
NED LCSR
BI-SIM
TRI-SIM
Phonetic SOUNDEX ALINE
EDITEX
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Table 2 Examples of values returned by various mea-
sures

Measure Zantac/ Zantac/ Xanax/
Xanax Contac Contac
PREFIX 0.000 0.000 0.000
EDIT 3 2 4
NED 0.500 0.333 0.667
LCSR 0.500 0.667 0.333
BIGRAM 0.222 0.600 0.000
TRIGRAM-2B 0.000 0.333 0.000
SOUNDEX 3 1 3
EDITEX 5 2 7
BI-SIM 0.417 0.583 0.250
TRI-SIM 0.333 0.500 0.167
ALINE 9.542 9.333 8.958

insertion/deletion, the following equation holds for
any two strings X and Y of equal length:

LCSR(X, Y) = 1 — NED(X, Y) (1)

In n-gram measures, the number of n-grams that are
shared by two strings is doubled and then divided by
the total number of n-grams in each string:

2 x |n-grams(x) N n-grams(y)|
|n-grams(x)| 4 |n-grams(y)|

(2)

where n-grams(x) is a multi-set of letter n-grams in
x.> This formula is often referred to as the Dice
coefficient. For example, the bigram similarity
between {za, an, nt, ta, ac} and {co, on, nt, ta,
ac} is (2x3)/(5+5)=6/10= 0.6, because three
of the bigrams are shared: {nt, ta, ac}. A slight
variation of this measure is obtained by adding extra
symbols, such as spaces, before and/or after each
string [3]. This variation is designed to increase
sensitivity to the beginnings and endings of words.
Specifically, TRIGRAM-2B is calculated by applying
the Dice formula with n = 3 after adding two spaces
before each string, so, for example, Zantac is
decomposed into six trigrams: {__z,_za, zan, ant,
nta, tac}. In this paper, we consider two specific
variants of the Dice coefficient: BIGRAM, which is
the most basic formulation, and TRIGRAM-2B, as
particularly effective for identifying confusable
drug name pairs.

SOUNDEX [24] is an approximation to phonetic
name matching that transforms all but the first letter
to numeric codes (first column of Table 3) and, after
removing zeroes, truncates the resulting string to
four characters. The purpose of the transformation

3 A multi-set is a set-like object in which order of elements is
ignored, but the multiplicity of elements is retained. For exam-
ple, multi-sets {a, b, c} and {b, c, a} are equivalent, but {a, b, c}
and {a, a, b, c} differ.

Table 3 Character conversion codes in SOUNDEX and
EDITEX

Code SOUNDEX EDITEX
0 a, e, h,l,o,u,wy a, e i,o,uy
1 b, f, p, v, b, p

2 C, 9 3,k q,s, %, 2 ¢ kq
3 d, t d, t

4 l Lr

5 m, n m, n

6 r g, ]

7 f,p, v
8 s, X, Z
9 c, S,z

is to convert similar-sounding words into the same
four-character code. This approach is able to detect
certain sound similarities, while missing others. For
example, the approach is capable of finding a match
between the two sound-alike words king and khyngge
(k520, k520), but it is unable to detect a match
between knight and night. Even worse, SOUNDEX
matches radically different sounding words such as
pulpit and phlebotomy (p413, p413). For the purpose
of comparison, we implemented a SOUNDEX-based
similarity measure that returns the edit distance
between the corresponding codes. For example,
the distance between the SOUNDEX renderings of
Zantac (z532) and Xanax (x520) is 3.*

EDITEX [26] is another quasi-phonetic measure
that combines edit distance with a letter-grouping
scheme similar to SOUNDEX (second column of
Table 3). As in SOUNDEX, the codes are designed
to identify letters that have similar pronunciations,
but the corresponding sets of letters are not dis-
joint. The edit distance between letters that belong
to the same group is smaller than the edit distance
between other letters. Additional rules are aimed at
eliminating silent and reduplicated letters. For
example, the EDITEX distance between Zantac
and Xanax is 5, which is calculated by summing up
the cost of three operations: z— x (same group—
cost 1), x — ¢ (different groups—cost 2), and dele-
tion of t (cost 2).°

4 PHONIX, a measure that is closely related to SOUNDEX, com-
bines edit distance with a letter-grouping scheme after applying
160 letter-group transformations, e.g. kn— n [25]. We have not
included PHONIX in this study because its performance has been
found (independently) to be even worse than that of SOUNDEX
[26], despite that it is 70 years more recent and was designed to
replace SOUNDEX.

> Another possible phonetic measure is one proposed by [27]
which compares syllable count, initial/final sounds, and stress
locations. However, we have observed this to miss frequently
confused pairs, e.g. Sefotan/Seftin (syllable count differs) or
Gelpad/Hypergel (end/beginning sounds differ) that are easily
identified by standard n-gram measures.
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2.6. Evaluation criteria

To evaluate the effectiveness of the above techni-
ques for detecting potential drug name confusabil-
ity—and to compare these techniques to those we
have developed—we use the notion of recall from
the field of information retrieval [28]. Recall is the
ratio of true positives (correct answers) to the sum
of true positives and false negatives (all positive
instances). For example, an internet search-engine
query returns an ordered list of pointers, which are
judged to be either relevant or not. In that context,
true positives are the retrieved relevant documents
and false negatives are the non-retrieved relevant
documents. Suppose we issue a query about the
names of Canadian provinces and the response is
“Alberta, Manitoba, Ontario, and Minnesota”. The
recall is 0.30 because the first three are correct (out
of 10 possible correct answers). In our context,
recall is the percentage of confusion pairs in the
data that are identified by the system. As we will see
in Section 5, we compute recall at various cut-off
thresholds.

Recall is often coupled with the notion of preci-
sion, which is the ratio of true positives (correct
answers) to the sum of true positives and false
positives (all answers). In our Canadian province
example, the response “Alberta, Manitoba,
Ontario, and Minnesota” corresponds to a precision
of 0.75 (three out of the four answers are correct).
Because our aim is to compute recall values at
different cut-off thresholds, rather than at different
precision values, our experiments do not include the
computation of precision values.

2.7. Advancing the state of the art

We introduce two new methods for identifying con-
fusable drug names and a novel evaluation metho-
dology. We show that a new orthographic measure
(BI-SIM) outperforms other commonly used mea-
sures of similarity on a set containing both look-
alike and sound-alike pairs, and that a new feature-
based phonetic approach (ALINE) outperforms
orthographic approaches on a test set containing
solely sound-alike pairs. However, an approach that
combines several different measures achieves the
best results on two test sets.®

Our methods are intended to support the use of
human-operated screening tools, not to replace the

® Although the examples used throughout this paper focus on
single-word drug names, the techniques for identifying confusa-
ble multi-word names are the same as for single-word names. A
pair of multi-word names can be treated as a pair of very long
single-word names or the multi-word names can be split into
individual words.

human entirely. We adopt the widely recognized view
that “a system for evaluating the acceptability of
new drug names would integrate [both] expert judg-
ment and computerized name searches into a sys-
tematic andscientifically valid manner” [3]. Theidea
is to automate the portion of the process that com-
puters do best (quick, precise, comprehensive
access) and to use judgments from human experts
about potential confusions resulting from factors that
are less easily automatable, e.g. “poor handwriting,
abbreviations, storage of drug products on shelves or
crash carts, stress, fatigue, and distractions” [3].

The next two sections present the new ortho-
graphic and phonetic measures of similarity. Evalua-
tion of the effectiveness of these approaches in the
context of detecting drug name confusability is
discussed in Section 6.

3. Orthographic similarity: N-SIM

In this section, we describe the inherent strengths
and weaknesses of n-gram and subsequence-based
approaches. Next, we present a new, generalized
framework, N-SIM, that encompasses a number of
commonly used similarity measures. Following this,
we describe the parametric settings for BI-SIM—a
specific instantiation of this generalized framework
which is aimed at combining the advantages of LCSR
and BIGRAM.”

3.1. Issues with commonly used
orthographic measures

The Dice coefficient computed for bigrams (BIGRAM)
is an example of a measure that is demonstrably
inappropriate for estimating word similarity.
Because it is based exclusively on complete bigrams,
it may fail to discover any similarity between words
that look very much alike. For example, it returns
zero on the pair Verelan/Virilon. In addition, it
violates a desirable requirement of any similarity
measure that the maximum similarity of 1 should
only result when comparing identical words. (Com-
monly used measures based on n-grams do not satisfy
this requirement because non-identical pairs can
have identical n-gram profiles [29].) For example,
the pair Xanex/Nexan is assigned a similarity value of
1, since all four bigrams {xa, an, ne, ex} occur in both
drug names. Moreover, it sometimes associates
bigrams that occur in radically different word posi-
tions, as the bigram {ol} in the pair Voltaren/Trama-
dol. Finally, the initial letter, which is arguably the

7 BI-SIM was developed before we conducted the experiments
described in Section 6.
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most important in determining drug-name confusa-
bility,® is actually given a lower weight than other
letters because it participates in only one bigram.
Given these issues, it is therefore surprising that
BIGRAM has been such a popular choice of measure
for computing word similarity [30—32].

LCSR is more appropriate for identifying potential
drug-name confusability because it does not rely on
(frequently imprecise) bigram matching. However,
LCSR is weak in its tendency to posit non-intuitive
links, such as the ones between letters in Benadryl /
Cardura. The fact that it returns the same value for
both Amaryl /Amikin and Amaryl/Altoce can be
attributed to lack of context sensitivity.

3.2. A generalized n-gram measure

Although it may not be immediately apparent,
LCSR can be viewed as an n-gram measure. If n
is set to 1, the Dice coefficient formula returns the
number of shared letters divided by the average
length of two strings. Let us call this measure
UNIGRAM. The main difference between LCSR
and UNIGRAM is that the former obeys the no-
crossing-links constraint, which stipulates that
the matched unigrams must form a subsequence
of both of the compared strings, whereas the latter
disregards the order of unigrams. For example, for
pat/tap, LCSR returns 0.33 because the length of
the longest common subsequence is 1, while UNI-
GRAM returns 1.0 because all letters are shared.
The other, minor difference is that the denomina-
tor of LCSR is the length of the longer string, as
opposed to the average length of two strings in
UNIGRAM. (In fact, LCSR is sometimes defined with
the average length in the denominator [31].)
Neither LCSR nor UNIGRAM add extra symbols to
the beginning or end of the strings.

Taking into account the distinguishing features
above, we define N-SIM, a generalized measure
based on n-grams with the following parameters:

(1) The value of n.

(2) The presence or absence of the no-crossing-links
constraint.

(3) The length normalization factor: either the
maximum or the average length of the strings.

(4) The number of symbols added to the beginning
and the end of the strings.

A number of commonly used similarity measures
can be expressed in the above framework. For

8 74.2% of the confusion pairs in the pharmacopeial list (Section
6) have identical initial letters, as opposed to only 6.5% of
randomly selected pairs.

example, the combination of n =1 with the no-
crossing-links constraint produces LCSR. By select-
ing n = 2 and the average normalization factor, we
obtain the BIGRAM measure. In fact, 13 out of 22
measures tested by [3] are variants that combine
either n = 2 or 3 with various lengths of pre- and
post-pended sequences.

So far, we have assumed that there are only two
possible values of n-gram similarity: identical or
non-identical. This need not be the case. Obviously,
some non-identical n-grams are more similar than
others. Thus, in addition to the four parameters
above, N-SIM includes a fifth parameter of variation,
the notion of similarity scale. We define the simi-
larity scale for two n-grams as the number of iden-
tical letters in the corresponding positions divided
by n:

1A,
S(Xt, - X Yoo Yn) = 2 id (X i) (3)
i=1

where id(a, b) returns 1 if a and b are identical, and
0 otherwise. The scale distinguishes n levels of
similarity, including 1 for identical n-grams, and 0
for completely distinct n-grams.’

The notion of similarity scale between n-grams
requires clarification in the case of n-grams partially
composed of pre- and post-pended sequences. Nor-
mally, extra affixes are composed of one or more
copies of a unique special symbol, such as space,
that does not belong to the string alphabet. We
define an alphabet of special symbols that contains
a unique symbol for each letter in the original string
alphabet. The extra affixes are assumed to contain
copies of special symbols that correspond to the
initial letter of the string.

To illustrate the notion of prepended sequences,
consider the case of bigram matching between Zan-
tac and Xanax. Fig. 1 shows one of the optimal
alignments, with the partially and completely
matching bigrams linked by dashed and solid lines,
respectively. The extra prepended symbols are
shown as uppercase letters. With the incorporation
of similarity scale for n-grams, the optimal align-
ment is no longer defined by the maximum number
of matches, but rather by the maximum total simi-
larity score.

° The scale could be further refined to include more levels of
similarity. For example, bigrams that are frequently confused
because of their typographic or cursive shape, such as en/im,
could be assigned a similarity value that corresponds to the
frequency of their confusions. Such an approach differs from
what we have reported in this paper in that it involves the use
of features, such as n-grams and distances, to fit a curve to the
subjective data.



Automatic identification of confusable drug names

35

Xx xa an na ax

Figure 1 A sequence of matching bigrams between
Zantac and Xanax.

3.3. BI-SIM

We propose a new measure of orthographic similar-
ity, called BI-SIM, that aims at combining the
context sensitivity inherent in bigrams, the preci-
sion of unigrams, and the strength of the no-cross-
ing-links constraint. BI-SIM is a specific instantiation
of the N-SIM measure defined above. Its parameters
settings are: n =2, no-crossing-links constraint
enforced, a single prepended symbol, normalization
by the length of the longer string, and multi-valued
n-gram similarity.

The rationale behind the specific settings is as
follows. n=2 is a minimum value that provides
context for matching letters within a string. The
no-crossing-links constraint guarantees the sequen-
tiality of letter matches. The symbol added to the
beginning of the string increases the importance of
the match of initial letter. The normalization
method favors associations between words of simi-
lar length. Finally, the refined n-gram similarity
scale increases the resolution of the measure.

BI-SIM is based on the following recurrence:

f(l7j)=maX(f(l—1,])7 f(’a1_1)7 f(1_1aj_1)
+ S(XiXi11,Y¥j+1)) (4)

where s refers to the n-gram similarity scale defined
in Section 3.2, and x; and y; are the prepended
symbols. Furthermore, f(i, j) is defined to be 0 if
i=0 or j=0. The recurrence relation exhibits
strong similarity to the relation for computing the
longest common subsequence except that the sub-
sequence is composed of bigrams rather than uni-
grams, and the bigrams are weighted according to
their similarity. The value of BI-SIM is obtained by
normalizing f(|X|,|Y|) by max(|X],|Y]), where |X|
and |Y| are the original lengths of X and Y, respec-
tively. Assuming the symbols prepended to the
beginning of each string are chosen according to
the rule specified in Section 3.2, the returned value
of BI-SIM always falls in the interval [0, 1]. In
particular, it returns 1 if and only if the strings
are identical, and 0 if and only if the strings have
no letters in common. The algorithm for computing
BI-SIM is shown in Fig. 2.

Consider again the matching bigrams between
Zantac and Xanax shown in Fig. 1. Since the length

BI-SIM (X,Y)

k — length(X)

[ — length(Y)

X—z1+X

Y—y+Y

for i — 0 to k do
S[i,0] <0

for j — 1tol do
S[0,j] <0

for i — 1to k do
for j «— 1tol do

Sli, j] < max(S[i — 1, 7], S[i,j — 1],

Sli—1,5 = 1] + s(xiTir1, Y;yj4+1))
return S[k, ]/ max(k,)

Figure 2 BI-SIM algorithm for computing bigram simi-
larity of strings Xand Y.

of the longer word is 6, the pair’s BI-SIM score is
1x1.04g3><0.5 = 0.25.

The main innovation of BI-SIM is in generalizing
the concept of the longest common subsequence to
encompass bigrams, rather than just unigrams. BI-
SIM can be seen as a generalization of LCSR: the
setting of n = 1 reduces BI-SIM to LCSR (which could
also be called UNI-SIM). On the other hand, the
setting of n = 3 yields TRI-SIM, which requires two
extra symbols at the beginning of the string.

4. Phonetic similarity: ALINE

In the preceding section, we proposed a new measure
of orthographic similarity for identifying look-alike
drug names. However, the detection of sound-alike
confusion pairs often requires a different kind of
approach. For this purpose, we employ ALINE [5],
which computes phonetic similarity between pairs of
phonetically-transcribed words. Its underlying prin-
ciple is the decomposition of phonemes into elemen-
tary articulatory phonetic features.'® The algorithm
was initially designed to identify and align cognatesin
vocabularies of related languages (e.g. colour and
couleur). Nevertheless, thanks to its grounding in
universal phonetic principles, the algorithm can be

' Although perceptual differences are not necessarily well
approximated by articulatory differences [33], the latter are
much easier to quantify.
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used for estimating the similarity of any pair of words,
including drug names. ALINE is written in C++andruns
under Unix. The executable version of the program
and an online demo are publicly available.™

The principal component of ALINE is a function
that calculates the similarity of two phonemes. Pho-
nemes are expressed in terms of binary or multi-
valued phonetic features. For example, the phoneme
n, which is usually described as a voiced alveolar
nasal stop, has the following feature values:
Place = 0.85, Manner =0.6, Voice=1, and
Nasal = 1, with the remaining features set to 0. In
order to compute the phonetic distance between two
phonemes, the differences between their numerical
values for each feature are multiplied by the fea-
ture’s salience weight discussed below, and the
resulting values are summed up. The phonetic simi-
larity score is then calculated by subtracting the
distance from the maximum score. For the purpose
of emphasizing consonant correspondences, the simi-
larity score is further decreased if one or both of the
phonemes are vowels.'?

The feature set contains the following features:
Place, Manner, Voice, Syllabic, Nasal, Retroflex,
High, Lateral, Aspirated, Back, Round, and Long.
A special feature Double, which has the same pos-
sible values as Place, indicates the second place of
articulation. The above feature set is sufficient to
account for phonemic contrasts in many languages,
including English, French, Spanish, Portuguese, Ita-
lian, German, and Russian. If necessary, it can be
extended to cover other languages.

The numerical feature values reflect the distances
between vocal organs during speech production, and
are based on the experimental measurements
reported in [35]. They are encoded as floating-point
numbers in the range [0, 1]. For example, the feature
Manner, which, roughly speaking, refers to the
degree of airstream opening in the vocal tract
during phoneme articulation, can take any of the
following seven values: stop = 1.0, affricate = 0.9,
fricative = 0.8, approximant = 0.6, highvowel =
0.4, midvowel = 0.2, and lowvowel = 0.0.

An important component of ALINE’s feature sys-
tem is the notion of the salience weights that
represent the relative importance of each feature.
The principal features, Place and Manner, are
assigned much higher saliences than less important
features like Aspirated and Round. The default
salience values were established by trial and error

" At http://www.cs.ualberta.ca/~kondrak (last accessed: 8
August 2005).

2 Consonants have been shown to be more important than
vowels in the perception of similarity. For example, Covington
[34] assigns lower edit-distance cost to a mismatch of vowels than
to a mismatch of consonants.

on a set of phoneme-aligned cognate pairs from
various related languages.

The overall similarity score and optimal align-
ment of two words are computed by a dynamic
programming algorithm [23]. The total score is
the sum of individual similarity scores between pairs
of phonemes in the optimal alignment. A constant
insertion/deletion penalty is applied for each una-
ligned phoneme. The similarity value is normalized
by the length of the longer word, so that it falls in
the range [0,1]. ALINE incorporates a number of
extensions to the basic dynamic programming,
which have been proposed primarily to address
issues in DNA alignment, but are also applicable in
the context of computing phonetic word similarity.
The extensions include: retrieving a set of best
alignments [36], local and semiglobal alignment
[37], and additional edit operations [38]."3

The feature system of ALINE is highly dynamic
because the phonetic similarity values between
phonemes can be modified by changing both feature
saliences and numerical values within features.
Additional parameters include the maximum pho-
nemic score, the insertion/deletion penalty, and the
vowel penalty. The parameters have default settings
for the cognate matching task, but these settings
may not be appropriate for drug-name matching.
The settings can be manually optimized (tuned) on a
training set that includes positive and negative
examples of confusable name pairs using the
average identification accuracy as the objective
function.

In order for ALINE to compute the similarity of
pairs of drug names, the orthographic characters
have to be transcribed into phonetic symbols. The
transcription can be either performed manually or
by means of an automatic program. Such programs
are relatively straightforward for languages like
Italian or Slovak, where letter-to-sound rules are
transparent. Languages such as English or French
require more complex approaches [39]. However, it
is often sufficient to approximate the actual pro-
nunciation with a simple set of grapheme-to-pho-
neme rules. In general, the better the quality of
transcription, the more accurate estimate of pho-
netic similarity is provided by ALINE.

Unlike SOUNDEX and EDITEX, ALINE is not based
on English-specific orthographic conventions. Its
underlying phonetic feature system is sufficiently
flexible to express any of the phonemes specified by
the International Phonetic Alphabet [40]. The con-
fusability of drug names may vary depending on the
language in which they are pronounced. For exam-

3 The extensions are not used in the identification of confusable
drug names.
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ple, Clonidine and Klonopin are less likely to be
confused in languages where ¢ and k represent two
different sounds. Simply substituting an appropriate
transcription program enables ALINE to effectively
deal with this problem.

5. Evaluation methodology

We designed a new method for evaluating the accu-
racy of a similarity measure. Our aim was to emulate
the perspective of a person involved in the process
of approving a new drug name. Because of the sheer
number of pharmaceutical products already in exis-
tence, it is very difficult for anyone to think of all
possible drug names that may be confused with the
newly proposed name. A computer program can
facilitate this task by presenting the human expert
with a ranked list of potential confusion pairs.™
Obviously, only a manageable number of the most
similar names should be provided to the user who
makes the final decision about their potential con-
fusability. However, the decision about the exact
setting of the cut-off number should be left to the
user. (The optimal number may also vary depending
on the name being analyzed.)

Our evaluation approach is to average the recall
values for each drug name in the test set with the
cut-off number k as a parameter. Our preference for
recall over precision is motivated by the desire to
minimize the number of false negatives rather than
avoid false positives. In other words, we aim to
detect as many potentially confusable names as
possible even at the cost of labelling as confusable
a number of words that are not confusable.

As an example, consider the task of finding the
names of drugs that are potentially confusable with
Toradol. Table 4 shows the top 8 names that are most
similar to Toradol according to the BI-SIM similarity
measure. A ‘+’ or * =’ mark indicates whether the
pair is considered a true confusion pair with respect
to a pharmacopeial list to be described in Section 6.
The pairs are listed in rank order, according to the
score assigned by the BI-SIM measure. Names that
return the same similarity value are listed in the
reverse lexicographic order. The test set contains
exactly four drug names that have been identified as
confusable with Toradol(Tramadol, Torecan, Tegre-
tol, and Inderal)." Therefore, the recall values are
0.50 for k =5, and for 0.75 for k = 8.

Table 4 Top 8 names that are most similar to Toradol
according to the BI-SIM similarity measure, and the
corresponding recall values

Name Score A= Recall
1. Tramadol 0.6875 + 0.25
2. Tobradex 0.6250 - 0.25
3. Torecan 0.5714 + 0.50
4. Stadol 0.5714 - 0.50
5. Torsemide 0.5000 — 0.50
6. Theraflu 0.5000 — 0.50
7. Tegretol 0.5000 + 0.75
8. Taxol 0.5000 - 0.75

Our evaluation procedure is applied to a specific
measure of similarity as follows. First, for each drug
name in the test set, we calculate the similarity
between that name and all other names in our
database. Then the similarity scores are sorted in
the decreasing order, so that the names at the top of
the list are the ones that have the highest similarity
to our test name according to the evaluated mea-
sure. We calculate the recall by dividing the number
of true positives among the top k names by the total
number of true positives for this particular drug
name, i.e. the fraction of the confusable names
that are discovered by taking the top k similar
names. At the end we apply an information-retrieval
technique called macro-averaging[6] which
averages the recall values across all drug names
in the test set.'® Because there is a trade-off
between recall and the k threshold, we measure
the overall average recall at different values of k.

Our evaluation methodology differs from that of
[3] in that this earlier approach involved manual
selection of score thresholds on a test set that
contains an equal number of positive and negative
instances of confusable drug name pairs. Our own
experience with systems for automatic detection of
potential drug-name confusions suggests that the
usual approach is to examine a fixed number of the
most similar potential confusion pairs rather than all
pairs with similarity above a certain threshold.
Moreover, in realistic settings, the number of non-
confusable pairs greatly exceeds the number of
confusable pairs. Thus, our evaluation methodology
makes use of a fixed number of the most similar pairs
in an environment where the number of non-con-
fusable pairs is overwhelmingly higher than the
number of confusable pairs.

4 An interface with this capability has been implemented in the
POCA system. This system is now under a continuing contract for
the integration of improved algorithms described herein (see
http://www.ppc.com/news_pressrelease_2004_fda.asp (last
accessed: 8 August 2005)).

'S Inderal’s rank is 151; thus it does not appear in the table.

16 We could have also chosen to micro-average the recall values
by dividing the total number of true positives among the top k
potential confusion pairs by the total number of true positives in
the test set. The choice of macro-averaging over micro-averaging
does not affect the relative ordering of similarity measures
implied by our results.
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Figure 3 Recall at various thresholds for the USP test
set.

6. Experiments and results

We conducted two experiments with the goal of
evaluating the relative accuracy of several mea-
sures of similarity in identifying confusable drug
names. The first experiment was performed against
a list of similar drug names reported to the USP
Medication Errors Reporting Program [41] (hence-
forth the USP set). The USP set is a list of 363
confusion sets (both look-alike and sound-alike),
which contain 582 unique drug names. Most of the
confusion sets are pairs of names, but some contain
three or even four names. The maximum number of
true positives per test name is six, but for the
majority of names (436 out of 582), only one con-
fusable name is identified in the USP set. This is
because most names occur in only one of the
reported confusion pairs. The average number of
true positives among 581 candidates is 1.37.

We computed the similarity of each drug name pair
using the following similarity measures: BIGRAM,
TRIGRAM-2B, LCSR, EDIT, NED, SOUNDEX, EDITEX,
BI-SIM, TRI-SIM, ALINE and PREFIX. In addition, we
calculated the COMBINED measure by taking the
arithmetic average of the values returned by PREFIX,
NED, BI-SIM, and ALINE for each individual pair."”

7 The ranges of output values of the individual measures were
normalized to fall between 0 and 1 so that all inputs to the
combined measure would be comparable for our averaging
approach. Although it is possible to adopt alternative approaches
(e.g. composing a set of potentially confusable names from the
top j names from each measure and choosing the top k overall),
we have opted for the averaging approach, which performs well
in practice. It is important to note that there are literally hun-
dreds of possible combinations of measures that yield a higher
recall than any of the individual measures that make up their
combination. We experimented with several of these more com-
plex methods of combining measures, but did not achieve sub-
stantially better results.

Table 5 Recall at k=10 and 20 for both the USP
(mixed) and the Sound-alike test sets

USP set Sound-alike set

Top10 Top20 Top 10 Top 20
PREFIX 0.5651 0.6658 0.2981 0.3478
EDIT 0.7506 0.8130 0.5139 0.6410
NED 0.7846 0.8489 0.5590 0.6639
LCSR 0.7375 0.8333 0.4663 0.5769
BIGRAM 0.6362 0.7148 0.3560  0.4400
TRIGRAM-2B  0.7335  0.8251 0.4674  0.5355
SOUNDEX 0.3965 0.4898  0.2331 0.3326
EDITEX 0.7558 0.8155 0.5864 0.6911
BI-SIM 0.8220 0.8927 0.4838 0.6590
TRI-SIM 0.8324 0.8946 0.4782  0.6245
ALINE 0.7503 0.8303 0.5825 0.6873
COMBINED 0.8560 0.9137 0.6462 0.7737

In order to apply ALINE to the USP set, all drug
names were transcribed into phonetic symbols. This
transcription was approximated by automatic appli-
cation of a simple set of about 30 regular expression
rules. (Itis likely that a more sophisticated transcrip-
tion method would result in improvement of ALINE’s
performance.) In this first experiment, the para-
meters of ALINE were not optimized; rather, they
were set according to the values used for a distinct
task of cross-language cognate identification.

In Fig. 3, the macro-averaged recall values
achieved by several measures on the USP set are
plotted against the cut-off k. Some measures have
been left out in order to preserve the clarity of the
plot. An ideal, oracle-type measure would achieve
recall of 0.8572 for k =1, and 1.0 for k> 6. Table 5
contains detailed results for k = 10 and 20 for all
measures. The top performer in this experiment was
the %OMBINED approach, followed by TRI-SIM and BI-
SIM.

We performed statistical significance tests for
k =10 and 20 using the standard Wilcoxon Signed-
rank Test. The difference between TRI-SIM and BI-
SIM is not statistically significant, but both algo-
rithms are significantly better than all other indivi-
dual measures at the 95% confidence level. Several
of the pairwise differences between EDIT, NED,
LCSR, TRIGRAM-2B, EDITEX, and ALINE are not sig-
nificant."

'8 The variants of BI-SIM and TRI-SIM that do not incorporate the
similarity scale between n-grams (effectively distinguishing only
between identical and non-identical n-grams) achieve substan-
tially lower accuracy than the variants using the similarity scale.

9 We refrain from reporting on the statistical significance of the
COMBINED approach, because it does not represent an actual
similarity measure, but rather the best combination that was
selected post-hoc from all possible combinations.
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Prior work on drug name matching [3], with the
best known results (prior to the current study),
reports the performance of a number of measures,
six of which we have tested as well. According to this
earlier study, TRIGRAM-2B was the most accurate,
NED was a close second, followed by EDIT, EDITEX,
BIGRAM, which had about the same accuracy, and
SOUNDEX was at the bottom of the pack. Our USP
results indicate a different ordering of the six mea-
sures: NED is the best, no clear ordering among EDIT,
EDITEX, and TRIGRAM-2B, and then BIGRAM followed
by SOUNDEX.

We note that the USP set contains both look-alike
and sound-alike confusion pairs, which makes it
difficult to tease apart the contribution of each
metric to the detection of similarity for each indi-
vidual pair. On the other hand, our investigation
reveals that, in practice, it is very difficult to
determine whether two confusable nhames look alike
(e.g. due to poor handwriting) or sound alike (e.g.
due to common or similar sounds). Although there
are cases where look-alike names do not sound alike
(e.g. the well-publicized case of confusion between
Coumadin and Avandia due to poor handwriting
[42]), we have found that the vast majority of
look-alike names are also sound-alike names, and
vice versa.

To examine this issue further, we conducted a
second experiment to compare the performance of
various measures on sound-alike pairs only. For this
experiment, we used a list of phonetically related
drug name pairs (henceforth called, FDA-P) that was
produced by the FDA for the purpose of examining
potential sound-alike confusions with proposed drug
names. We found that, although the FDA-P test set
was designed to include mostly phonetic confusions,
most of the pairs were also look-alikes.

The FDA-P was created by presenting 40 safety
evaluators (trained pharmacists) with a set of pro-
posed names (‘“‘consult names’’) and asking them to
identify potentially confusable names (‘“names of
concern’’) from a number of drug name sources. In
some cases, the evaluators were also provided with
the intended pronunciation of the drug name. From
this, we developed a phonetic test set, henceforth
referred to as the Sound-Alike Set, that consists of
276 “names of concern” corresponding to 83 “con-
sult names”’. None of the “consult” names and only
about 25% of the “names of concern” are in the USP
set, i.e. there are no true positive pairs shared
between the two sets. The maximum number of
true positives per name is 11, the median is 3,
and the average is 3.33.

The measures were applied to calculate the simi-
larity between each of the 83 “consult” names and
a separate list of 2596 drug names compiled by FDA.
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Figure 4 Recall at various thresholds for the sound-alike
test set.

Note that the 2596 names constitute over half the
total number of recognized one-word drug names
(4400), as reported by [43]; thus the list is of a size
that is expected in a realistic setting.2°

All drug names were first converted into a pho-
netic notation by means of a set of regular expres-
sion rules. (We found that phonetic transcription led
to a slight improvement in the recall values
achieved by the orthographic measures.) The para-
meters of ALINE used in this experiment were opti-
mized beforehand on the USP set. For optimization,
we used simulated annealing with the average recall
for cutoffs ranging from 1 to 25 as the objective
function.

The results are shown in Fig. 4. Again, some
measures have been left out to preserve clarity,
but see the Sound-Alike Set column of Table 5 for
detailed results for all measures. An ideal, oracle-
type measure would achieve recall of 0.4471 for
k=1, 0.9582 for k = 5, and 1.0 for k> 11. Since the
task, which involved identifying, on average, 3.33
true positives among 2596 candidates, was more
challenging, the recall values are lower than in
Fig. 3. The COMBINED algorithm is again the top
performer, followed by EDITEX and ALINE, which
achieve very similar results.

The statistical significance of pairwise differ-
ences between measures is weaker in the second

20 | general, the actual number of names that have to be
considered (and the acceptable level of similarity/confusability)
will depend on the size of the name database. Our goal is not to
suggest such numbers but rather to point out the measures that
are likely to be most effective in identifying confusable drug
names—and to provide the capability for the end user to define
appropriate cut-offs. Our tool is intended to be an aid to the
human; thus, if the user sets a threshold that is too low to exclude
non-confusable names, these can weeded out by hand. If the
threshold is set too high, then the user is no worse off than they
were without the tool, and, given our results, they are probably a
fair bit better off.
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experiment, because of a smaller number of test
names. In particular, the differences between EDI-
TEX and ALINE and some of the other measures are
not always statistically significant. Nevertheless,
even though the Wilcoxon Signed-rank Test is unable
to confirm some of the differences, the overall
relative ranking of the algorithms appears quite
consistent.

7. Discussion

The results described in Section 6 clearly indicate
that BI-SIM and TRI-SIM, the newly proposed mea-
sures of orthographic similarity, outperform several
currently used measures on the USP (mixed) test set
regardless of the choice of the cutoff parameter k.
On the sound-alike test set, EDITEX and ALINE are
the most effective. However, a simple combination
of several measures achieves even higher accuracy,
exceeding 90% with only the 15 top pairs considered.
It is worth noting that NED does relatively well on
both sets in spite of its simplicity.

The USP test set has its limitations. The set
includes pairs that are considered confusable for
reasons other than just phonetic or orthographic
similarity, including illegible handwriting, incom-
plete knowledge of drug names, newly available
products, similar packaging or labeling, andincorrect
selection of a similar name from a computerized
product list. In many cases, the names do not sound
or look alike, but when handwritten or communi-
cated verbally, these names have caused or could
cause a mix-up. On the other hand, many clearly
confusable name pairs that were identified by our
measures (e.g. Erythromycin/Erythrocin, Neosar/
Neoral, Lorazepam/Flurazepam, and Erex/Eurax/
Urex) were not identified as such in the USP set.

All similarity measures have their own strengths
and weaknesses. The n-gram measures are effective
at recognizing pairs such as Chlorpromazine/Pro-
chlorperazine, where a shorter name closely
matches parts of the longer name. However, this
advantage is offset by its poor performance on
similar-sounding names with few shared bigrams
(Nasarel/Nizoral). LCSR is able to identify pairs
where common subsequences are interleaved with
dissimilar segments, such as Asparaginase/Pegas-
pargase, but fails on similar sounding names where
the actual number of identical letters is minimal
(Luride/Lortab). ALINE detects phonetic similarity
even when it is obscured by the orthography (e.g.
Xanax/Zantac), but phonetic transcription is
required beforehand.

The idiosyncrasies of individual measures are
attenuated when they are combined, which may

Table 6 Comparison of ranks assighed by ALINE and
NED to several drug names that are confusable with
Banix

ALINE NED
Balmex 1 16
Bidex 2 26
Banflex 3 10
Bumex 4 24
Xanax 7 3
Tenex 8 17
Ranexa 12 12
Videx 24 126
Plavix 39 13
Lasix 44 6
Biaxin 74 347

explain the excellent performance of the COMBINED
measure. Each measure is focused on a particular
facet of string similarity: initial segments in PREFIX,
phonetic sound-alike quality in ALINE, common clus-
ters in bigram-based measures, overall transform-
ability in EDIT, etc. For this reason, a synergistic
blend of several measures achieves higher accuracy
than any of its components.

Our experiments confirm that orthographic
approaches are superior to their phonetic counter-
parts in tasks involving string matching [22] based on
recall at various cut-off thresholds. Nevertheless,
phonetic approaches identify many sound-alike
names that are beyond the reach of orthographic
approaches. For example, ALINE is compared to NED
in Table 6 for the drug name Banix, where ranks are
assigned after the names have been automatically
converted into phonetic transcription. Note that
Bidex and Videx are found in the top 25 by ALINE,
but not by NED. On the other hand, there are some
names beyond top 25 for ALINE that are picked up by
NED (e.g. Plavix and Lasix).

In applications where the gap between spelling
and pronunciation plays an important role, it is advi-
sable to employ phonetic approaches as well. The
two most effective phonetic approaches are EDITEX
and ALINE, but whereas ALINE is not geared toward
any particular language, EDITEX incorporates Eng-
lish-specific letter groups and rules. Although ALINE
requires a language-specific grapheme-to-phoneme
program, such programs are stand-alone and avail-
able for many languages. On the other hand, it is not
clear how the EDITEX algorithm would have to be
changed to apply to another language.

8. Conclusion

We have investigated the problem of identifying
confusable drug name pairs. The effectiveness of



Automatic identification of confusable drug names

41

several word similarity measures was evaluated
using a new recall-based evaluation methodology.
We have proposed a new measure of orthographic
similarity that outperforms several commonly used
similarity measures when tested on a publicly avail-
able list of confusable drug names. On a test set
containing solely sound-alike confusion pairs, pho-
netic approaches, ALINE and EDITEX achieve the
best results. Our results suggest that a linear com-
bination of several measures benefits from the
strengths of its components, and is likely to outper-
form any individual measure. Such a combined
approach has the potential to provide the basis
for automatic minimization of medication errors.
It is important to note that, while our evaluation
methodology provides a (reusable) framework for
testing new algorithms to detect drug-name confu-
sion, we have not yet conducted any user studies to
check for actual confusability. Such a study would
require an elaborate design that is outside of the
scope of this work. For example, one might recruit
pharmacists to check off potentially confusable
names from a combinatorially-induced set of

<5§2> = 169,071 pairs of names from the USP list,

and then use the resulting list for evaluating simi-
larity measures. In lieu of this, we have used the USP
list itself as our standard. Since the USP list includes
drug-names pairs that were reported by pharmacists
(and other health-care practitioners) as the cause of
at least one error, it is arguably the best standard
available. In addition, we have run an evaluation
against a list of confusable drug names, produced by
human safety evaluators, where the actual cause of
confusion is known (i.e. sound-alike drug names).
However, user studies are an obvious next step for
future research on this problem.

Another possible line of investigation is the iso-
lation of specific aspects of similarity for assessing
the contribution of a particular feature to the over-
all results. Our rigorous overall evaluation shows
that our measures outperform other similarity mea-
sures; however, we expect that the system would be
used in conjunction with techniques that isolate
other aspects of similarity and all techniques would
be beneficial for human-aided screening.

An additional area of future investigation is that
of computing similarity using more sophisticated
feature values. In particular, the numerical feature
values used in ALINE are based on articulatory pho-
netics, but may not necessarily be optimal for esti-
mating auditory phonetic similarity. It would be
interesting to automatically establish those values
from training data with machine-learning techni-
ques.

Finally, the task of computing similarity between
words is also important in other contexts. When an
entered name does not exist in a bibliographic
database, it is desirable to retrieve names that
sound similar. Information retrieval systems may
need to expand the search in cases where a typed
query contains errors or variations in spelling. A
related task of the identification of cognates arises
in statistical machine translation. The techniques
discussed in this paper may also be applicable in
those areas.
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