JMIR MEDICAL INFORMATICS Usui et d

Original Paper

Extraction and Standardization of Patient Complaints from
Electronic Medication Histories for Pharmacovigilance: Natural
Language Processing Analysis in Japanese

MisaUsui', BA; Eiji Aramaki?, PhD; Tomohide Iwao?, M'S; Shoko Wakamiya?, PhD; Tohru Sakamoto®, BA; Mayumi
Mochizuki*®, PhD

IDivision of Hospital Pharmacy Science, Graduate School of Pharmaceutical Sciences, Keio University, Tokyo, Japan
2Social Computing Lab, Graduate School of Information Science, Nara I nstitute of Science and Technology, Nara, Japan
3Holon Co, Ltd., Hiroshima, Japan

“Division of Hospital Pharmacy Science, Faculty of Pharmacy, Keio University, Tokyo, Japan

5Department of Pharmacy, Keio University Hospital, Tokyo, Japan

Abstract

Background: Despite the growing number of studies using natural language processing for pharmacovigilance, there are few
reports on manipulating free text patient information in Japanese.

Objective: Thisstudy aimed to establish amethod of extracting and standardizing patient complaints from electronic medication
histories accumulated in a Japanese community pharmacy for the detection of possible adverse drug event (ADE) signals.

Methods: Subjective information included in electronic medication history data provided by a Japanese pharmacy operating in
Hiroshima, Japan from September 1, 2015 to August 31, 2016, was used as patients complaints. We formulated search rules
based on morphological analysis and daily (nonmedical) speech and developed a system that automatically executes the search
rules and annotates free text datawith International Classification of Diseases, Tenth Revision (ICD-10) codes. The performance
of the system was evaluated through comparisons with data manually annotated by health care workers for a data set of 5000
complaints.

Results: Of 5000 complaints, the system annotated 2236 complaintswith ICD-10 codes, whereas health care workers annotated
2348 statements. Therewas amatch in the annotation of 1480 complaints between the system and manua work. System performance
was .66 regarding precision, .63 in recall, and .65 for the F-measure.

Conclusions:  Our results suggest that the system may be helpful in extracting and standardizing patients’ speech related to
symptoms from massive amounts of free text data, replacing manual work. After improving the extraction accuracy, we expect
to utilize this system to detect signals of possible ADES from patients' complaints in the future.

(JMIR Med Inform 2018;6(3):€11021) doi: 10.2196/11021
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: The need to understand patients’ subjective complaints and to
Introduction use other sources in pharmacovigilance has increased. Unlike
Background health care providers, patients use various expressions and

terminology to describe their situations. Direct reporting from

Adversedrug events (ADEs) areany untoward injuriesresulting  naients s hel pful in understanding their detailed symptomsand

from the use of a drug [1]. They occur in around 18% of
inpatients [1-4] and are a significant burden on health care and
society. The ADEs are a cause of morbidity, and mortality and
their economic loss is estimated at US $177.4 billion annually
inthe US[5]. Inthefield of pharmacovigilance, postmarketing
surveillance such as spontaneous reporting isimportant for the
detection of ADEs because clinical trials have limitations
including patient sample size, population, and administration
period [6].

http://medinform.jmir.org/2018/3/€11021/

impacts on quality of life, which medical professionalstend to
overlook [7-9]. For example, analysis of the content of
comments posted on patients’ online community pagesreveaed
unknown long-term symptoms of antidepressant withdrawal
[10]. The Maintenance and Support Services Organization
developed the Patient-Friendly Term List [11] based on the
most frequent ADESs reported by patients and consumers to
facilitate direct patient reporting of ADESto regulators and the
pharmaceutical industry. Despiteitsimportance, little work has
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been done on exploring patient records until recently due to
their unstructured, time-consuming data format.

Natural language processing (NLP) is the automatic
manipulation of natural language such as narrative text and
speech for extraction and structuring [12]. Numerous attempts
have been madeto use NLPin electronic health records (EHRS),
social media, medical literature, or existing reporting systems
[13-29]. Those studies found that NLP could identify various
points for the assessment of medications (eg, inactive
medication, nonadherence, patients mentions of ADES).

In Japan, text analysis and automated detection of medical
events from EHRs have been reported [30], and a tool for
disease entity encoding was developed [31]. However, these 2
studies intended only to manipulate clinical text provided by
health care professionals using medical terminology. No
previous study dealt with patients complaints in their own
words in Japanese.

Prior Work

Nikfarjam et a [25] introduced a machine |learning-based
extraction system using conditional random fields (CRFs) for
user posts on DailyStrength (precision: .86, recall: .78,
F-measure; .82) and Twitter (precision: .76, recall: .68,
F-measure; .72) to detect adverse drug reaction (ADR) signals.
Freifeld et al [28] classified Twitter posts (precision: .72, recall:
.72) to compare product-event pairswith the US Food and Drug
Administration Adverse Event Reporting System (FAERS) data.

In the mining of patients' reports, Topaz et a [26] used a
lingui sti c-based approach comparing EHRs (clinicians' reports)
and social media (patients' mentions) for 2 common drugs.
White et a [27] used search log data for the identification of
ADE signals and a comparison with FAERS data resulted in
high concordance as determined by the Area Under the Curve
Receiver Operating Characteristics curve of .82. Denecke et a
[29] collected datafrom multiple mediasiteswith keyword lists
and classified texts as relevant/irrelevant using support vector
machines.

Although no previous studies have been completed in Japanese,
Aramaki et al [30] reported on asystem to extract medical event
information from Japanese EHRs based on CRFs (precision:
.85, recdll: .77, F-measure: .81). The text source in their study
was written in medical terminology, mainly by physicians. No
lexicon to standardize patients' informal expressions such as
the Patient-Free Term List [11] and the work of Freifeld et a
[28] has been published in Japanese.

Study Aim

This study aimed to develop techniques to establish a method
for extracting and standardizing patient complaints from
electronic medication history data (EMHD) accumulated in a

Japanese community pharmacy for the detection of possible
ADE signals.

http://medinform.jmir.org/2018/3/€11021/
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Methods

Concept of the System

We propose a system that automatically extracts and
standardizes patient complaints (Figure 1). In this system,
subjective information included in the medication histories
collected from a pharmacy is input data, and data in which
International Classification of Diseases, Tenth Revision
(ICD-10) codes are attached to patient expressions are outputs.
A dictionary-based method was adopted for extraction and
standardization. The processing steps in the system are as
follows. First, morphological analysis is performed on input
data. Next, the search rules are applied to split data. Inthe search
rules, morpheme combinations in general expressions and the
corresponding 1CD-10 codes are described for each line, and
exclusion rules are set for some |CD-10 codes. When a patient
expression satisfies the search rules, a corresponding 1CD-10
codeisgiven. Procedures for creating the search and exclusion
rulesand system development procedures are detailed in“ Search
Rules” and “ System Development.”

Data Sources

The EMHD stored in acommunity pharmacy were used as the
source of patients comments. When pharmacists dispense
prescription drugs to patients, they are required to record the
results of medication instructions and patients
gueries/responses. A medication history in Japan is typically
written in the “SOAP" format, which consists of 4 sections:
“Subjectiveinformation” (complaints of the patient), “ Objective
information” (objective indicators such as laboratory findings
or names of drugs prescribed), “Assessment” (the pharmacist’s
findings on the occurrence of ADRS, interactions, or doubt about
prescription instructions), and “Plan” (action plan of the
pharmacist derived from the assessment).

Although patients do not write the medication history, of those
4 sectionsthe“ Subjectiveinformation” appeared to be the most
appropriate text source, because pharmacists complete that
section in the patients’ own words.

Patients comments were extracted from the EMHD of a
community pharmacy operated by Holon Co, Ltd, Hiroshima,
Japan. This company operates a chain of 14 pharmacies, and
the data used in this study mainly came from a single one. The
study period was from September 1, 2015 to August 31, 2016.
Personal information such as patients’ names and birth dates
were anonymized before analysis.

Information on the hospitals or clinicsthat issued prescriptions
for which the subjective information used in this study was
derived is shown in Table 1. The pharmacy filled a total of
42,120 prescriptions during the study period for the top 9
prescribing hospitals or clinics. The number of prescriptions
from medica institution A was the highest (18,273/42,120,
43.5%). Clinic A speciaizesin otolaryngology, and the patients
are older adultswho often complain of dizzinessor hearing loss.

Table 2 shows the items recorded in the EMHD, while Figure
2 isan example of arecording object.
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Figure 1. Concept of the system. ICD-10: International Classification of Diseases, Tenth Revision..

Input (Free-text data from Subjective Information in medication history)

BAESIEELL. COM. ALRADZEEXAYENSEA T AY B0 152,38, &
DL TRIBETETICOSLEIMRTENRNTUAEI I, HARTLETIHT, EIEER
IS BRI BB MO THINECOROULVEERS,

I caught a cold. The other day I started taking an antiherpes prescription from mm/dd, and
few days allerward I felt like I was going to pee in my pants and was really exhausted. I
never had such an experience. Looking at the drug information, this medicine may have bad
effects on the kidney. Maybe it’s due to this medicine.

l Morphological analysis

(I BISIE U o 1 OR/. (NILA RO XA Y BN BRACX H Y EIG5L Search rules
21/ 318/, RO LC R AR TS T AU U BN TLAEN T, |
BAATENGADDT/, (EAE I R B33/ BN TSNS/ O/ IO/ L
FIEIBS /

Adopting Searching rules

Annotation with ICD10 codes

Output Joo H'tF,[@%E (Acute nasopharyngitis)
p (wum\e|J31_f|mmi%13|muoae|h\tfuav|mg|wa )

JEAD B\ E I (TR AR RIS (BERATX BY 5L
5 27/ 3/ /{4 g)”vﬂ,-(jm w8 || TEFF | ny | EB5LES | micy
HARN TILAEN ST | SAIRIC N A T, TR ST B T2 Y
Tnd IJ“SJ'CUD-E-"G}’EL\ TIENBS, 1

R32 REZHIE (Unspecified urinary incontinence)
((R13B U )+ | BN RS LE 5|65 L2 5 | B( T2 Ta )

Table 1. Backgrounds of the prescriptions used in this study (N=42,120).

Hospita/ clinic  Speciaty Main patient characteristics Prescriptions, n (%)
A Otolaryngology . Elderly 18,273 (43.38)

o Dizziness

o Tinnitus

« Hearing loss

B Genera medicine; cardiology o Elderly 5356 (12.72)
o  Heart disease
« Hypertension

C General medicine; gastroenterology; cardiology «  Elderly 537 (1.27)
« Digestive tract diseases
«  Circulatory diseases

D General medicine; Kampo® medicine +  Elderly 989 (2.35)
*  Kampo® medicines (for >half of the patients)

E Neuropsychiatry «  Widerange of age-groups 377 (0.90)

F Neuropsychiatry «  Widerange of age-groups 563 (1.34)

G Obstetrics and gynecol ogy «  Gynecological conditions 649 (1.54)

H Obstetrics and gynecol ogy « Infertility treatment 4206 (9.99)

| Breast surgery «  Breast cancer patientsvisiting for diagnosisand 2608 (6.19)
postoperative care

Other® Various « Various 8562 (20.33)

#The word “Kampo” means herbal medicine in Japanese. The term “Kampo Shoseiryuto” is commonly used to treat watery nasal discharge, nasal
congestion, watery sputum, and sneezing.

PThese are medical institutions that are not the major clinics“A” to “1” from which this pharmacy receives prescriptions.
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Table 2. Itemsrecorded in the electronic medication history data.

Usui et al

Category Content

Identification Identification of patient
Name Name of patient

Sex Male/female

Birth? Year/month/day

Special instructions

Concomitant drugs

Notes as required (eg, disease entity)

Drug name Y Jcode” or product name
Dosing period Year/month/start date/end date
Prescription data
Dispensing date Year/month/day
Drug name Y J-code or product name
Dosage/administration® Free text
M edication counseling

Counseling date Year/month/day
Subjective informati ond Free text
Objective information® Freetext
Assessment! Free text
Plan? Free text

@0nly the year of birth data was used.

by J-codes identify prescription drugs covered by insurance in Japan.

°Not used in this study.

includes patient complaints.

€Includes |aboratory data.

fIncludes pharmacists’ assessments of patient conditions.

9Includes pharmacists' plans for prescription questions, patient education, and follow-up.
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Figure 2. Example of a medication history.

Search Rules

We created search rulesto identify the appropriate ICD-10 code
from the free text in the “ Subjective information” section and
developed a coding system that annotates the ICD-10 codes
within patient complaints. The ICD-10 was originaly an
English-based system but is also used in Japan. It wastranslated
into Japanese by the World Health Organization, and a coding
rulebook was published. For example, in Medis[32] theICD-10
isgiven asthe basic classification code, and coding matched as
closely as possible to clinical interpretation is undertaken.
Although it may be possible to use the Medical Dictionary for
Regulatory Activities (MedDRA) or the International
Classification of Primary Care as a medical code system, we

http://medinform.jmir.org/2018/3/€11021/
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adopted 1CD-10 in this study because it is used for insurance
claims in Japan and because many coders are familiar with
ICD-10.

In developing the system, a nurse with 10 years of experience
in the field of terminal care and a medical coder with 20 years
of experience created the search rules based on the expressions
in the “Subjective information” section. A programmer read
the search rules and devel oped a program to accommodate new
expressions. Search rules were created by a combination of
morphological analysis and common expressions.

The search rules govern the pattern for analyzing comments
included in the subjective information. The ruleswere saved in
Microsoft Excel format with the corresponding disease entity
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category and |CD-10 codes. For example, to search for “D69.9:
Hemorrhagic condition, unspecified,” the search stringsare“ (4
miL e > F2|M+@EE|IF I S|ILBL|ILPTL|ILE
WL T W HP T IEF O W EFOICS W IEX D
TWEE D& W) In English, this would trandate to
“(bleeding|blood)+(tendency|easy tolhard to stop|won’t stop|not
stop).” Written Japanese utilizes 3 orthographic systems:
Chinese characters, hiragana, and katakana. Therefore, the
actual search strings are longer than in English. All rules are
shown in Multimedia Appendix 1. The rule-making steps are
shown in Textbox 1. We repeated this process 5 times over 1
month in order to refine the search rules.

The nursefirst checked the free text recorded in the* Subjective
information” section and selected complaints referring to
patients' symptoms. Then words related to |CD-10 codes were
manually extracted from the complaints. Finally, the extracted
words were added sequentially to the search string for each
ICD-10 code. The search strings consist of patterns of word
combinations using “|” (logical sum) or “+" (logical product).
At present, a maximum of 3 words/terms can be combined in
a string separated by “+” signs. For example, from the text
“blood pressure today was a little high,” the terms “blood
pressure” and “a little high” were extracted, and the system
annotated the text with the ICD-10 code “110: hypertension.”

However, some text found in the “Subjective information”
section could not be annotated with an 1CD-10 code even though
it followed the search rules. Therefore, we set exclusion rules
for some codes, which were created following the same
procedure as for the search rules but were only applied when a
health care worker could visually confirm the keyword for
exclusion. For the previous example of “D69.9: Hemorrhagic
condition, unspecified,” termswith“ (-|%& (% U [ EE L))
in English, “(-|nojnonelnegativelnever|don’t)” were excluded

Textbox 1. Rule-making steps.

Usui et al

even if they included search strings. For example, “ (LAY & %
012 < L), in English, “(the bleeding won't stop),” was
annotated as D69.9, but “(MMAY&E F 0 (< WV &> L),
in English, “(I never felt the bleeding wouldn't stop),” was
excluded.

System Development

The system devel oped extracts complaints related to patients’
symptomsfrom the“ Subjective information” section of EMHD
automatically and annotated each complaint with the ICD-10
code using the search rules above. During system devel opment,
we used Perl as the programming language and MeCab [33] as
amorphological analyzer. The Microsoft Excel format was used
for subsequent analysis.

The development procedure can be summarized as follows:

1. Subjective information was extracted from each saved
Microsoft Excel file

2. Morphological analysiswas performed to extract subjective
information, separating the text with spacesinto minimum
meaningful units of words/terms

3. After the processes above were performed, the subjective
information was copied back into a Microsoft Excel file.
Search rules and exclusion rules were applied to the
subjective information by analyzing each complaint and
searching for the ICD-10 code

4. If an appropriately matching 1CD-10 code was found, the
complaint was annotated with the ICD-10 code and the
corresponding disease entity

The coding system adapts the search rules (shown in Multimedia
Appendix 1) in order from thetop. If an adaptableruleisfound,
the result of ICD-10 coding is output. If multiple rules are
matched, al of them are output in the results.

Make seed rules
Apply seed rules to development set

a A~ W DN e

Repeat steps 3 and 4

Error analysis performed by two rule curators (the nurse and medica coder)

New rules added by the programmer, who converts the error analysisto general expressions

http://medinform.jmir.org/2018/3/€11021/
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Figure 3. System interface screenshot. ICD-10: International Classification of Diseases, Tenth Revision.

Optimization of System Performance

For optimal performance of the system, the system-annotated
disease entities should ideally match the entities manually
annotated by health care professionals. As mentioned above,
the more thoroughly the search rules are satisfied, the more
accurate the system. Therefore, we reviewed the search rules
multiple times to determine the most appropriate ones to
improve the accuracy of the system.

In this study, we did not attempt machine learning for the
detection of relevant terms to match ICD-10 codes. By adding
search rules as appropriate, free text can be automatically
associated with ICD-10 codes via the system.

http://medinform.jmir.org/2018/3/€11021/
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Experiment

An evauation experiment was conducted to confirm the
performance of the system. Five thousand complaints from the
subjective information were processed, and 323 search rules
were created. In the experiment, health care workers (1 nurse
and 1 pharmacist) first independently annotated the 5000
complaints manually with the ICD-10 codes. Second, 108
mismatched annotations were excluded, and the data from the
remaining 2348 were used as correct answersfor the subsequent
step. Finaly, the system with 323 search rules was applied to
the 5000 complaints.

The subjective information used in this study consisted of
multiple sentences, and thus several patient expressions were
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obtained from one* Subjective information” section. Since each
patient expressionislinked to the|CD-10 code, multiple|CD-10
codesare assigned to asingle* Subjectiveinformation” section.
In evaluating the system in this study, if one of the plural ICD-10
codes differed from the manual result, it was judged that all
other coding for that entry was incorrect (unmatched). Figure
3 shows an actual system execution screen.

Based on the results of this experiment, the precision, recall,
and F-measure of the system were calculated [ 34,35]. Precision
was calculated by dividing the matched humber (the number of
“Subjectiveinformation” sectionsfor which manual coding and
system coding had the same result) by the searched number (the
number of “Subjective information” sections that the system
annotated with |CD-10 codes). Recall was calculated by dividing
the matched number by the correct answers (the number of
“Subjective information” sections manually coded). The

Usui et al

F-measure was cal cul ated by taking the harmonic mean between
precision and recall.

Ethical Consider ations

This study was approved by the Ethics Committees on Human
Research of the Faculty of Pharmacy, Keio University and Nara
Institute of Science and Technology.

Results

Examples of correct answer data and system execution results
are shown in Table 3. From 5000 complaints, 2348 1CD-10
codes were extracted by heath care workers. The system
extracted 2236 codes, 1480 of which matched the manual results.
The system performed .662 for precision, .630 for recall and
.646 for F-measure. Table 4 shows precision and recall for the
10 most frequent symptoms extracted by health care workers.

Table 3. Comparison between manual and system extraction of 1CD-10 codes for patient complaints from typical examples.

Patient complaints (Original text of Japanese is attached) Manual results System results Matching
HENEREI->-TWVWEHENWNTT ., ESTIS5— >¢& T3 R42 Dizzinessand giddi-  R42: Dizziness and giddiness Not matched
ENHB, ness; R26.0: Ataxic gait

No vertigo/dizziness. Sometimes | feel unsteady due to the heat.

EHOBHNOBEDOEANENLS KRELCHNTS . A I00: Acute nasopharyngitis  JOO: Acute nasopharyngitis Matched
nEBEL TE2, (common cold); R51: (common cold); R51: Headache

From the night before last, the back of my head felt heavy. | probably Headache

caught cold, so | saw adoctor.

AL E- B> AL BERTHENTRA. bso>& & Q825 Congenital nonneo-  Q82.5: Congenital nonneoplastic  Matched
DIZKEZ 7Y H TE -, BRI OKE FIHK OEF plastic nevus nevus

NHEMNo >T. THRELKWLWEEDHLE E Wb I

I wasin ahurry, stumbled, and fell. A big bruise came up. My ortho-

pedist said it may be caused by my blood thinner, though | have to

continue that medicine.

MERBL->EFEM> 2D, 1 407#EF. RIE> =5 110: Essential (primary) hy- 110: Essentia (primary) hyperten-  Matched
13060V EHARLIFE., BEI TH5- 287 pertension; L259: Unspeci-  sion; L259: Unspecified contact

I mrdxn TLE- £, fied contact dermatitis, un-  dermatitis, unspecified cause

My blood pressure was a bit high, in the upper 140s, dlthoughits ~ SPecified cause

around 130 when I’m at home. | got arash from plasters prescribed

by orthopedics.

BEM%E3ZFFEL L. OB, "WRZ2OE%EXAYHH J00: Acutenasopharyngitis; JOO: Acute nasopharyngitis; Not matched

58A TXAYBKBLWMAS2. 3H. ®B® ML T
RONFEIETETICHLLZS B IENEHELT LAENS
o BAKILERHT. HFE2 R o BRICE K
3LEBENVTHEh0EDRBLWE LRSS,

| caught acold. The other day | started taking an antiherpes prescrip-
tion from mm/dd, and few days afterward | felt like | was going to
pee in my pants and was really exhausted. | never had such an expe-
rience. Looking at the drug information, this medicine may have bad
effects on the kidney. Maybe it's due to this medicine.

R32: Unspecified urinary
incontinence

B02.9: Zoster without complica-
tion; R32: Unspecified urinary
incontinence; R53: Malaise and
fatigue; N28.9: Disorder of kid-
ney and ureter, unspecified;
R94.4: Abnormal results of kid-
ney function studies

http://medinform.jmir.org/2018/3/€11021/

RenderX

JMIR Med Inform 2018 | vol. 6 | iss. 3| €11021 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Table 4. Precision and recall for the 10 most frequent symptoms.
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Rank 1CD-10% Matched, n (%) Correct answer, n (%)  Searched, n (%) Precision  Recall
1 R42 (Dizziness and giddiness) 146 (9.86) 173(7.37) 254 (11.36) 575 .844
2 JOO (Acute nasopharyngitis?) 189 (12.77) 208 (8.86) 226 (10.11) 836 .909
3 R52.9 (Pain, unspecified) 108 (7.29) 146 (6.22) 199 (8.90) 543 .740
4 F19.6 (Mental and behavioral disorders®) 142 (9.59) 168 (7.16) 197 (8.81) 721 .845
5 RO5 (Cough) 114 (7.70) 134 (5.71) 143 (6.40) 797 851
6 H931 (Tinnitus) 99 (6.68) 131 (5.58) 134 (6.00) 739 756
7 R26.0 (Ataxic gait) 41 (2.77) 59 (2.51) 120 (5.37) 341 695
8 110 (Essentia [primary] hypertension) 51 (3.44) 89 (3.79) 87 (3.89) .586 573
9 F51.1 (Nonorganic hypersomnia) 39 (2.63) 46 (1.96) 85 (3.80) 459 .848
10 R53 (Malaise and fatigue) 40 (2.70) 59 (2.51) 81(3.62) 494 678

3 CD-10: International Classification of Diseases, Tenth Revision.
bCommon cold.
’Due to multiple drug use and use of other psychoactive substances.

Textbox 2. Six reasons for unmatched results. ICD-10: International Classification of Diseases, Tenth Revision.

1. Misdetection of negation or possible event

System misread an expression including negation or possible event as a symptom that actually occurred (eg, “dizziness has not occurred,” “If | feel

dizzy”)
2. Misdetection of aclinical test item

System mistook aclinical test term as a patient symptom (eg, “test for dizziness’)

3. Misdetection of drug class name

System mistook the name of the drug class as a patient symptom (eg, “painkiller” mistaken for “R529: Pain, unspecified”)

4. Misdetection of unrelated words

System mistook unrelated words as a patient symptom (eg, “I’m getting old” mistaken for “R54: Senility”)

5. False negative
System missed aword that indicates a patient symptom
6. Inappropriate |CD-10 code

System failed to choose the appropriate |CD-10 code even if it extracted words related to a patient symptom

Theresultsindicated that the average performance of the system
was .66 for precision, .63 for recall, and .65 for the F-measure.
Comparing the performance for each symptom, the precision
of “dizziness and giddiness,” “pain, unspecified,” and “ataxic
gait” was especially low. We identified 6 reasons for the
unmatched results for these 3 symptoms, as shown in Textbox
2.

http://medinform.jmir.org/2018/3/€11021/
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Table 5 details the unmatched results and typical examples for
3 symptoms. The main reason for discordance between manual
and system coding was misdetection of negation or possible
eventin“R42: dizzinessand giddiness’ (79/108 results, 73.1%)
and “R26.0: ataxic gait” (71/79 results, 90%), whereas
misdetection of drug class name was the most common in
“R52.9: pain, unspecified” (28/91 results, 31%).
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Table5. Details of unmatched results and typical examples for 3 symptoms.

Usui et al

4 (Misdetection of unre- 8(8.8)

|ated words)

BRSNS LL R,

I don't feel pain, so | don't need the nerve medicine any longer.
| really love natto (fermented soybeans), but have to avoid it be-
cause | take warfarin. | think there is some kind of medicine that
is not affected by eating natto, but | hear it's really expensive.

HBO L 0ENREL .
My earsareringing and | have a sore throat.

H93.1: Tinnitus;
J02.9: Acute
pharyngitis, un-
specified

Symptom and category n (%) Example of Patient complaints (Original text of Japaneseisat- Manual results ~ System results
tached)
R42: Dizziness and giddiness (N=108)
1 (Misdetectionof nega= 79(73.1) HBEREZ T HOLA, 2E<CLVADDE N H-> R26.0: Ataxic R42: Dizziness
tion or possible event) o SHDr 82 Tdb> b Atk ZEEb N gt and giddiness;
fco R26.0: Ataxic
| didn‘t feel dizzy but staggered about twice. Today | saw adoctor gait
and be said there was no problem.
2 (Misdetection of clini- 5 (4.6) EEMhZLITUY EIF 1 08FK>T3. sAFRE — R42: Dizziness
cal test item) Trtdb G, BEBRELLIEMELRN &S and giddiness;
bhzl, HCZABBLC Lo THEWEEDN 2, H91.9: Unspeci-
| don’t know why, but | have 10 leftover Nicergoline pills. | feel fied hearing loss
fine. | was examined for dizziness and no problem was found. |
was also told that there was no problem with my hearing.
3 (Misdetection of drug 8 (7.4) HEVDOERRIBHROLENENSS TRINHZ — R42: Dizziness
class name) D, THo&E&HELIGRCONEHLL T, and giddiness;
| have leftover motion sickness medicine because | often don't R13:Dysphagia
takeit in the daytime. | work all day and it's hard to take it.
4 (Misdetection of unre- 4 (3.7) DONETILUM FFERICT<CHE> T, ER R42 Dizziness R42: Dizziness
lated words) ENTERILLS THEOENED Thho 2@  andgiddiness and giddiness;
THRORBHOFT . HEWLWH ZARICVELS B T R99: Other ill-de-
Th- 1 TY ., fined and unspec-
| was busy taking care of my mother. She passed away this au- ified causes of
tumn and | got busy with the funeral arrangements, etc. | didn’t mortality
have time, so there are still some pills. The dizziness didn’t get
much worse.
5 (False negative) 11(102) ®HFELWEFRI-> T AHEWTT, B&TIS5— >& RA2Dizziness R42: Dizziness
TB3ENHB, and giddiness; and giddiness
No vertigo/dizziness. Sometimes | feel unsteady due to the heat. RZ_?-O: Ataxic
gai
6 (Inappropriate ICD10 1 (0.9) AB3DTEDRBEEELENTS. Dr IC5hH N R42: Dizziness R42: Dizziness
code) T, BEENZ LE B W 0EES £S5 IC L b andgiddiness; and giddiness;
BEHFEO E < Go 2. H81.1: Benign  R26.0: Ataxic
The dizziness s getting better. My doctor told metostandup ~ Paroxysmal verti- - gait
slowly and when | tried that | didn’t feel dizzy. go
R52.9: Pain, unspecified (N=91)
1 (Misdetectionof nega= 20(220) HME 1 1 O {blv, AHD2K & @ LEWLTT . A R53Maaseand M79.1: Myalgia;
tion or possible event) ABDBLENTT. [ICE-> T IERREWLWN, Sbh faigue R52.9: Pain, un-
nNTHENIF, LEICEBZBBZIENHY £7, specified; R53:
BPisaround 110. No dizziness and no muscle pain. But now Malaise and fa-
that you ask, | sometimes feel malaise. tigue
3 (Misdetectionof drug  28(30.8) fEE HEL AL HEFBOFE I S5 s Hlv, HEN — R52.9: Pain, un-
class name) AYIKRFER AL TE, 9—T 77UV iE8A TS specified; M79.2;
oIk T3 . WEBEFELEVED HZ oL IFE Neuralgiaand

neuritis, unspeci-
fied

H92.0: Otalgig;
H92.1: Otorrhea;
R52.9: Pain, un-
specified
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Symptom and category n (%) Example of Patient complaints (Original text of Japaneseisat- Manual results ~ System results
tached)

5 (False negative) 9(9.9) ENELN., DA TDHED ANDEEICHAL 2. RI01 Panlocad- R101: Painlocal-
BbuwrkthA L., oFxv=-y (3 FE5 E{L-> izedtoupperab- izedto upper ab-
fzo BEITTHEW? b, R GEHEE 2 1 A domen; R52.9:  domen; R52.9:
H-oT3FEBE-ERY BKLWHAD . Pain, unspecified; Pain, unspecified
My stomach hurts. | took some medicine but didn’t feel better ~ M54.5: Low back
s0 | saw adoctor. My lower back also hurts. I’'m out of Loxopro-  Pan
fen, so did the doctor give meanew prescription? | have 21 tubes
of ointment but that may not be enough.

6 (Inappropriate ICD10  26(286) HBI O HEZ IO o RO B B> AL FE . M25.5: Painin ~ M25.5: Painin

code) fth D FE %41 T Wb FORLEESHMNEVEY FE  joint; M79.6: joint; 52.9: Pain,
HIH TEE N, R D &EFHEH L E> 12 &, Paininlimb unspecified
After | stopped taking the powdered medicine, my urine flow
improved but I'm still taking the other medicine. | suddenly felt
asharp pain on the back of my hand and in the joints, but that
stopped after | quit taking the medicine.

R26.0: Ataxic gait (N=79)

1 (Misdetectionof nega- 71(89.9) ANFFUVENFIEIZ K-> T, 75 Y% B Hbh — R26.0: Ataxic

tion or possible event) 2EO &S Koo, MEOEIAR THBZL O N gait
BMICEO ELE. REESE D> THS . H
MTHEEHLTHL-> TET,

After | stopped taking Doxazosin, the light-headedness got better.
A new mild blood pressure medicine was prescribed by the doc-
tor. | don't go to the eye doctor anymore, so | have my regular
doctor prescribe eyedrops.

4 (Misdetection of unre- 2 (2.5) NEWTSVUFHBE AKLITERLIK. AR E V> R26.0: Ataxic R26.0: Ataxic

lated words) Thh, £ETF >TEb GO AL kLKL A K gat gait; R21: Rash
LEBES5, £049S5— ENRLILy I REEIR>R DN M and other nonspe-
OFRBROMEL TN &, cific skin erup-
| stagger alittle bit, but that’s OK. | didn’t go to the Internal tion
Medicine Department because my doctor didn’t tell meto, so it
probably isn’t a problem. | know which pills are Cerocral and
Pantethine, so you don't have to draw ared line on the bottles
for me.

5 (False negative) 5(6.3) mERWVW2d &0 RM- 7=, HFTIHEMN 6 8 72> EIL6.2 Hypogly- R26.0: Ataxic
EhoBRERBNTE., TRYFES > T3, Ao  caemia unspeci- gait
ETBIERS Ho 12, fied; R26.0:

My blood pressure was better than usual. My blood glucosewas Ataxic gait
68, so | ate some candy. | carry glucose tablets with me, too. |
felt weightless.

6 (Inappropriate ICD10 1 (1.3) ENTST75 95 OTERMICHEAL . UUAN R4A2Dizziness R26.0: Ataxic

code) HEBETLWBZOTRENNAED ZE, and giddiness gait
| felt woozy and went to the doctor. He thought that the Prega-
balin was too strong.

: : are at least adequate as the first step in possible ADE signa
Discussion e epinp 9

Principal Results

Nikfarjam et a [25] and Aramaki et al [30] used CRFs, and
Freifeld et a [28] used a tree-based dictionary matching
algorithm for extracting the terms. Our approach involved
rule-based searching, which is much simpler but less tolerant
of orthographic variants. Additionally, differencesin linguistic
features might have contributed to the gap between the results
of the present study and nonJapanese ones [25,28]. In written
Japanese, words are not separated by spaces, and therefore the
accuracy of extraction is affected by the quality of
morphological analysis. Considering these points, the results

http://medinform.jmir.org/2018/3/€11021/
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detection.

This was the first attempt to standardize patients' expressions
with the Japanese version of ICD-10 and to use the “ Subjective
Information” section in the medication history asasource. The
advantage of using the medication history isits structured format
and data storability. The medication history is recorded for
patient monitoring including side effects. Its features provide
more specialized information relevant to possible ADES than
social media like Twitter or EHRs in hospitals. Moreover, the
number of pharmacies in Japan is increasing [36,37], and
pharmacists are required to record patient medication histories
for health insurance claims. Thus, huge amounts of data on
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patients’ medication are available, making medication histories
an appropriate source for ADE signal detection.

It is not necessary for ADESs to have causal relationships with
drugs, whereas ADRs must have a reasonabl e association with
drug use. Using patient records to detect ADRs is a magjor
challenge because causality cannot be readily assessed; however,
it isalso important to detect potential ADE signals.

In this study, some text could not be annotated with ICD-10
codes. As compared with the performance of hedth care
professionals, our newly devel oped system performed at levels
of .66 for precision, .63 for recall, and .65 for the F-measure.
These values are relatively lower than in previous studies
[25,28,30], likely due to differences in methodology. As
explained in the Experiment section, if one of the many ICD-10
codeswas different from the manual result, al other coding was
regarded as incorrect (unmatched) for that entry. This is one
reason why the F-measure was lower than in previous research.

There was aso insufficient specific information about the
condition of each patient. Because the majority of patients are
not medical experts, they describe their symptomsin everyday
language, which is more equivocal and more inflected than
medical terminology. Nikfarjam et al [25] reported similar
aspects of ambiguity and lack of context in patients’ wording.

The dialect spoken can affect the subjective information,
although, of 5,000 complaints analyzed in this study, only 7
were recorded in aregional dialect. Thisis probably related to
the nature of the text. Although it is recommended that
pharmacists record patients statements exactly, it is possible
that they replace dialect expressions with standard wording to
make the information easier to understand by others later.

Regarding standardization across |languages, the present system
could be applied to other languages to some extent by trandating
the morphemes used for the search rules or by adding or refining
the search rules later.

Limitations

There were some limitations of this study. First, qualitative
differencesin thetext data could have occurred. The“ Subjective
information” section isfilled in by pharmacists, and therefore
they may interpret and summarize patients comments when
they record them. To ensure that the medication histories of all
patients are recorded during the daily business hours of
community pharmacies, in some cases fixed-form complaint
set phrases and excerpts of comments may be relied on to
decrease the time needed to complete the “Subjective
information” section. It is therefore possible that the finer
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nuances patients hope to convey are altered or lost during the
process. Qualitative differences were also noted among
pharmacists for the contents of the “ Subjective information”
section. Some wrote about symptoms using explicit medical
terminology (eg, “back pain and knee pain were unabated”).
Othersincluded general information unrelated to symptoms (eg,
greetings and general conversation transcribed word for word).

Second, it was difficult for the system to determine whether the
extracted keyword was related to patients' symptoms or those
of others. For example, from the sentence “My friend had
hypertension,” the system may extract “ hypertension,” although
it is unrelated to the speaker’s condition. This point should be
improved by revising the search rules after consultation with
regulatory experts or using machine learning to deal with
ambiguity.

Also, sinceonly 1 of 14 pharmaciesin asingle chain participated
in this study, there is a possibility that the search rules were
optimized for patients receiving prescriptions from specific
medical departments. In the experimental results, the most
frequent ICD-10 codewas*“ dizzinessand giddiness.” Asshown
in Table 1, the target pharmacy freguently dispenses
prescriptionsfrom otolaryngol ogists, and the results may reflect
thispotential bias. Before the practical application of the system,
it is necessary to improve the search rules by considering a
wider range of medication histories including data from other
community pharmacies.

ICD-10 codes were used as hormalization terms for patients
complaints regarding their symptoms because they are widely
available and understood, but MedDRA is thought to be more
suitable for extracting information on ADRs and for signal
detection. We are currently enhancing the system to
accommodate MedDRA terms.

Conclusions

In this study, we developed an automated system to extract
terms related to symptoms from the verbal complaints of
Japanese patients. As a result of an evaluation experiment
comparing automated with manual extraction, the system
performed at the level of .66 in precision, .63 in recall, and .65
for the F-measure. Although the accuracy of the system was
not satisfactory, our results suggest that it might be useful in
extracting and standardizing patients expressions related to
symptoms from massive amounts of free text data instead of
performing those procedures manually. After improving the
extraction accuracy, we expect to utilize this system to detect
the signals of ADRs from patients’ complaintsin the future.
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Search rules for the program.
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