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The safety of medical usage is one of keys to prevent from medical accidents caused by medicines. In order to ensure the
safety, there have been made reminders of medicines whose name and/or visual appearance of package is similar to others,
or an effort to reject such medicines. They are not enough as countermeasures, since medical accidents resulting from
medicines occur in spite of the efforts. Because of this, we make a study to create database which contains data/information
to ensure the safety of medical usage and to construct a prescription checking system based on the database.

In this paper, we report the result of study about the method to extract information contained in medicine names which can
help to verify users' input of the medicine names to prescription input system.
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medicine name structures
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system

Masaomi Kimural, Keita Nabetal, Michiko Ohkural, Fumito Tsuchzyaz

'Shibaura Institute of Technology
3-7-5 Toyosu, Koto City, Tokyo, Japan

*Tokyo Med. & Den. University
1-5-45 Yushima, Bunkyo City, Tokyo, Japan

ABSTRACT

The safety of medical usage is one of keys to prevent medical accidents caused by
medicines. In order to ensure the safety, there have been efforts to avoid medicines whose
name or visual appearance of package is similar to others: the efforts of naming, design
and/or adoption of medicines. They are not enough as countermeasures, since medical
accidents resulting from medicines occur in spite of those efforts.

Because of this, we make a study to create the database that contains information to ensure
the safety of medical usage and to construct a prescription checking system based on such
database.

In this paper, we report the result of study about the method to extract information
contained in medicine names which can help to verify users' input of the medicine names to
prescription input system.

Keywords: Medical safety, medicine name structure, prescription entry system

INTRODUCTION

The safety of medical usage is one of keys to prevent medical accidents caused by medicines.
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In order to ensure the safety, there have been many efforts to avoid medicines whose name or
visual appearance of package is similar to others, including the avoidance efforts of similar
naming, design and adoption of such medicines. Unfortunately, those countermeasures are
not enough, since medical accidents resulting from medicines do not go away. In fact, in
some hospital in Japan, muscle relaxant, Succin, was wrongly injected to a patient instead of
sound-alike steroidal anti-inflammatory medicine, Saxison. Though Saxison was not adopted
in the hospital as a countermeasure of confusion, the doctor confused Succin with it. As a
result, the doctor prescribed Succin, and this caused a fatal accident.

In order to prevent such a wrong prescription, we need a device to check the selection of
medicine is appropriate for the purpose of treatment. In Japan, computerized prescriber order
entry (CPOE) systems are widely used to prescribe medicines, and there have been many
efforts to prevent wrong input of medicine names: the improvement of order in the list of
medicines, the emphasis of frequently confused medicine names by adding some symbol
characters, and so on (Furukawa et.al., 2001, Tsuchiya et.al., 2007). Besides such efforts, we
consider that it is important to provide suitable information of medicines for doctors to
recognize selection errors of medicines. Because of this, we made a study to create the
database that contains the information that is necessary for a prescription checking system of
CPOE based on such database.

Though it is obvious that a medicine name is a significant part of prescription
information, it is difficult to identify information included in the names. This is because the
structures of information contained in them are not fully standardized. In the past study, it is
shown that the product names are composed of 23 kinds of elements, e.g. premodifiers, stems,
postmodifiers, standard units, dosage forms and so on (Tsuchiya et.al., 2001). Remember that
the usage of medicines that have the same stem differs depending on standard units or dosage
forms. It is obvious that wrong usage can cause an accident. Because of this, in these
elements, a stem of names, standard units and dosage forms are, at least, essential to identify
a medicine. Unfortunately, not all of medicines sold in Japan have these kinds of information
in their name. Even for the medicine name containing all of the information in it, there is no
guarantee that they are arraigned in the determined order. For instance, the order that a brand
name comes first, a dosage form second and a standard unit last, such as * b Y 7 7 A$E
0.25mg’ (Trialam Tablets 0.25mg), is typical, but there also exists another orders such as 7
LY b 0.25mgE’ (Camriton 0.25mg Tablets).

For this reason, in order to treat the information included in medicine names in CPOE, it
is necessary to decompose medicine names and identify the parts based on master data for
each kind of information. Since there do not, unfortunately, exist such master data, we first
create master databases of information including standard units and dosage forms. We next
introduce the method to identify the information in medicine names by matching substrings
to the ones obtained by utilizing N-grams. After that, we extract the stems in medicine names
by subtract the matched substrings from them. We evaluate this method by measuring the
precision of extraction.



TARGET DATA

In this study, we identified each medicinal product in Japan by HOT9 code, which is
identical if and only if the medicines have the same brand name, the same standard unit, the
same dosage form and are produced by the same pharmaceutical company. In the rest of this
paper, we count the number of products based on this code. As a master data of original
medicine names, we used official name data in ‘MEDIS standard medicine master’ whose
version is dated July 31, 2009. This master data have HOT9 code information that has one-
to-one relationship to each 0f 24261 medicines.

We used dosage form master data contained in the dictionary data of single ingredient
medicines, collected by the Health and Labour Sciences Research project, “The study on
medicine dictionary data items and standards (ICH M5)’ in 2008.

MAKING MASTER DICTIONARY

Besides the original medicine name master dictionary and dosage form master dictionary,
we made dictionaries of symbol master data, standard unit master data, parenthetic
expression master data and application master data.

For the symbol master dictionary, we decomposed the original medicine name data into
single characters and gathered the ones other than Kana (Katakana, Hiragana), Kanji,
alphabetical, and numeric characters,e.g. [, ] ,(,), () .

For the standard unit master dictionary, we split the standard unit data contained in
MEDIS standard medicine master by characters in the symbol master dictionary, and
extracted letter strings are numbers (including the decimal separator characters, namely,
comma and period) followed by Kana, Kanji and alphabets, e.g. 25mg, 10000 B
(International Unit).

For the application master dictionary, we extracted letter strings that have a pattern *X i’
The Kanji character ‘Hi’ denotes that ‘X’ is the application objective, e.g. FHFH (surgical
purpose), & A (injection purpose. We assumed that ‘X’ consists of the same sort of letters
(only Kanji, only Kana and so on).

For the parenthetic expression master dictionary, we extracted letter strings in parentheses
and brackets included in the symbol master dictionary. After extraction, we remove the
duplicate entries in this dictionary and other dictionaries.

Each data in these dictionaries are labeled with two alphabetical letters denoting to which
dictionary the data belong and a sequential number in each dictionary (Fig.1).



4 THE STANDARDIZATION OF MEDICINE NAME STRUCTURES
SUITABLE FOR PRESCRIPTION ENTRY SYSTEM

Standard unit Dosage form Application Parenthetic expression
master dictionary master dictionary master dictionary master dictionary
: Neadeds . daa e

s

Fe1

FIGURE 1 The master dictionaries (parts). The left column in each table shows the code corresponded
to each data.

METHODS

In this study, we propose the method to extract a stem part in a medicine name by
removing the matched parts to the dictionary data.

MATCHING PARTS OF MEDICINE NAMES TO MASTER DICTIONARIES

Though we may naively expect to find character substrings in medicine names that match
data in the dictionaries by applying full-text search, it is obviously computationally
expensive. We can evaluate its cost as O(NLM), where N is the number of medicine names,
L is the (typical) length of medicine names and M is the number of registered data in the
dictionaries.

There is another problem in the naive application of full-text search for the cases that the
abbreviated string of the registered data should be also registered in the dictionaries. For
example, there are two words ‘TR’ and ‘I’ that mean ‘injection drug’(‘7E’ is an
abbreviation of “JEAF#&’) and they appear in the names such as “¥ /LY = VEHE’
(Salsonin injection) and ‘™ & 7/ — L’ (Rohypnol injection). In such cases, both of
these words should be registered in the dictionaries. The difficulty is that “¥-/L Y = 14t
i’ can be regarded to be matched both ‘HE&#E> and ‘7, though we expect that only ‘FE#f
%’ is matched.

In order to overcome such difficulties, we propose the comparing method based on N-



gram, which is popular in the area of natural language processing (NLP).

First, we extract all contiguous substrings with the definite length from 1 to L (the length
of the medicine name) from a medicine name and compare them to the data in the
dictionaries. We note that the calculation cost is O(NLlogL - logM) under assumption that the
dictionaries are indexed and their searching cost is in the order of O(logM). We can therefore
expect the cost of our method is much smaller than the one for naive full-text search, since M
is usually much more than logL - logM.

Then, under the assumption that the original words of abbreviations are included in the
dictionaries, we neglect the matched substring extracted in the first step, if it is included in
the others as a substring. As a result, we can expect to identify the substrings in each
medicine name that correspond to the data listed in the dictionaries. After the identification,
by finding which dictionary the data corresponding to the substring, we can reorganize the
information to find whether a medicine name lacks the information of a dosage form, a
standard unit and so on.

Finally, we extract a stem part in a medicine name by removing the matched substrings.
This is based on the assumption that there needs not extra information other than data in the
dictionaries that we prepared for. ’

The schematic figure of the method mentioned above is shown in Fig.2.

medicinename: YL =R

Comparison Master
g Dicti .

FIGURE 2 The schematic figure of the proposed method. The medicine name is decomposed into string
segments whose length is from one to the length of the original medicine name. Each segment is compared
to cach dictionary and the matched substrings are compared to the other matched substrings to see if they
are part of other substrings.

FINDING THE PAIRS OF MEDICINE NAMES WHOSE KANA STEMS ARE
SIMILAR TO EACH OTHER

As we mentioned in Introduction, the problem is the confusion of medicines whose names
are similar to each other. As for prescription input, this can be embodied as the input of the
wrong medicine names similar to a relevant medicine. Since a name stem is usually used to
specify a medicine, in this study, we extracted the name pairs whose stems are similar to
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each other by calculating some similarity indices. (Since the name stems of Japanese
medicines are composed by Katakana characters except for Chinese herb medicines, we
focus on the Katakana part of the name stems.) As similarity indices, we use HTCO (the
number of coincident characters in first two and last two characters) , H3COS]1 (the number
of coincident characters in first three characters) and edit distance that measures the number
of operation (addition, deletion and replacement) to transform one stem to another.

Taking the similarity of Katakana characters themselves into account , we identified the
characters in the groups, ‘7 7 ¥ 4°, Y v 0, VU s T D0 maal P AR,
FRFS A 40, Ty, e’ ‘A4 before we calculated HTCO, H3COS!T and
edit distance.

EVALUATION

MATCHING PARTS OF MEDICINE NAMES TO MASTER DICTIONARIES

REE F e g

1 (Nareotic) intravenous injection
s of Ky 1

[«

Narcotic T

FIGURE 3 Matching result of medicine names (part). This shows that the medicine whose name is
“Narcotic}) Ketalar intravenous injection 200mg' is successfiully decomposed the parts, '200mg', Narcotic’
and 'infravenous injection', which are listed in the dictionanes.

As is shown in Fig.3, we can see that our method decomposes the medicine name into
some parts corresponding to the data in dictionary. For example, the original name,
'(Narcotic) Ketalar intravenous injection 200mg' is successfully decomposed into the parts in
the dictionaries, namely, 'Narcotic' in the parenthetic expression master dictionary,
‘intravenous injection' in the dosage form master dictionary, 200mg' in the standard unit



master dictionary.

In order to evaluate the effectiveness to match medicine names to the data in the
dictionaries, we measure the accuracy to find the stems in the names by removing the
matched data from the original names. (The symbols registered in the symbol master
dictionary such as parentheses are removed from the original names in advance of the
extraction of the stems.) For 500 randomly selected medicine names, we successfully
obtained 474 stems (94.8%). Fig.4 shows some examples of extracted stems. The wrong
extractions for 26 medicine names were caused by the multiplicity of meanings of the parts
of names. For example, we obtained '¥ —'(ter) as the 'stem’' of the name, 'H A ¥ —#
2%'(Gaster powder 2%). The substring ' 77 2" (gas) is the only the part of the brand name %
A # —' (Gaster) but it has its own meaning as the state of substances. Of cause, for human
eyes, it is clear that the part does not mean the physical state of the medicine. However this is
implicitly under the assumption that the string '#/ A % —' (Gaster) is known as the brand
name of a medicine. Since our objective is to identify semantics of the parts of names, we
cannot assume that their meanings are already known in advance.

In the future study, we may solve this problem by taking account of the co-occurrence
relationships of substrings appearing side-by-side in medicine names. If some substring
invariably appears to other substring, we may presume that they suggest the existence of the
stem that contains those substrings as parts.

: hotd: -l o0 s wilols ame sl o hame sl I
1. 1100310801 (B iAF 7St PUDL FTEIS—bF FUDL
2 100311801 | OB REAR a00y 00 IEE
3. 1100311604 (B BEHLE® FRAULER
4 . 1100311808 | (B xRIbERMEER (B (LEREESR
5 1100313001 FFRUFL-50 i TRIERV -
6 1100314701  BR T AS-IEEIH200meg T Aa5-i
71100323912 (B XJOLTLUIERE W JOLDLUIVERE
8 1100328401 2-AYU1mgiE a-Avy
9 100333802 #)H-F16 A
10 100343701 ZFS2/348E8meg Th~D)  TESH14

FIGURE 4 The extracted nane stems (part). The columm name 'hot9', 'whole_name' and name_stem'
respectively denote HOTY codes, the orginal medicine names and the stem parts.

FINDING THE PAIRS OF MEDICINE NAMES WHOSE KANA STEMS ARE
SIMILAR TO EACH OTHER

Fig.5 shows the pairs of medicine names extracted under the condition HTCO=I,
H3COS1=1 and their edit distance is equal to 1. Most of them are the combination of a brand
name and its generic name, e.g. ‘¥ /L7 7 11— /L (Carteolol) is the generic name of “ /-
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5 11— L°(Cartelol). However, Fig.5 contains the pairs whose efficacies are different. For
example, the pair of * & % 5 —/I-’(Taxotere) and ‘& % 2/ —/1’(Taxol) and the pair of 7
= h—)’(Almatol) and ‘7 /L= — /L (Almarl) are well-known as the confusing names
that cause severe accidents. It is striking that ‘7 4 > A & »* (Kuinsron) and 7 A & 2’
(Kuinlon) are confusing, have the different efficacies and are produced by the same
pharmaceutical company. It is preferable to discuss the countermeasure against confusion of
such medicines in the company.

hisaa-ib LFO -k
FUTUS L FUTPS A
FEaL s FEAFS
FatKO TR~ FREPOUFAR-
Sk 3400
HEUF =) HF -

2h =) 2h =)
TR e
B, 20 DAy
M-t HAT—}

hor Fub Hhot U
(AT W FATS— I

b i oy SV FrOF
TR F = FR— TR =T R~
IARYA - IARY-I
FITh =i 7T —Ib
T FIN paeacai By
Ayt Sty
IR &Y - TSR~
i ~a
Zibati— ot
ool FRE-LFikba-ib
T = 2x/ =i
Txz Bl Zxl

FIGURE 5 The pairs of medicine names (Japanese) whose HTCO=4, H3COS1=3 and edit distance=1.

SUMMARY AND CONCLUSION

Though medicine names are a significant part of prescription information, their
information structures are not filly standardized and it is, therefore, difficult to identify the
information therein. Not all of medicines sold in Japan have enough information in their
name and even for the medicine name containing all of the information in it, there is no
guarantee that they are arraigned in the determined order. For this reason, in order for CPOS
to treat the information in medicine names, it is necessary to decompose medicine names into



the parts matched to master dictionaries for each kind of information.

In this study, we proposed the master dictionaries: the original medicine name master
dictionary, the dosage form master dictionary, the symbol master dictionary, the standard
unit master dictionary, the parenthetic expression master dictionary and the application
master dictionary. We next introduced the method to identify the information in medicine
names by matching pieces of strings obtained by N-grams to the data in the dictionaries.
After that, we extracted the stems in medicine names by subtract the matched substrings from
them.
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