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ABSTRACT

OBJECTIVE: In recent years, natural language processing (NLP) techniques have progressed, and their application in the medical field has
been tested. However, the use of NLP to detect symptoms from medical progress notes written in Japanese, remains limited. We aimed to
detect 2 gastrointestinal symptoms that interfere with the continuation of chemotherapy—nausea/vomiting and diarrhea—from progress
notes using NLP, and then to analyze factors affecting NLP.

MATERIALS AND METHODS: In this study, 200 patients were randomly selected from 5277 patients who received intravenous injections
of cytotoxic anticancer drugs at Kagawa University Hospital, Japan, between January 2011 and December 2018. We aimed to detect the
first occurrence of nausea/vomiting (Group A) and diarrhea (Group B) using NLP. The NLP performance was evaluated by the concordance
with a review of the physicians' progress notes used as the gold standard.

RESULTS: Both groups showed high concordance: 83.5% (95% confidence interval [Cl] 74.1-90.1) in Group A and 97.7% (95% C191.3-99.9)
in Group B. However, the concordance was significantly better in Group B (P=.0027). There were significantly more misdetection cases in
Group A than in Group B (15.3% in Group A; 1.2% in Group B, P=.0012) due to negalive findings or past history.

CONCLUSION: We detected occurrences of nausea/vomiting and diarrhea accurately using NLP. However, there were more misdetection
cases in Group A due to negative findings or past history, which may have been influenced by the physicians’ more frequent documentation
of nausea/vomiting.
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Introduction

In cancer treatment, adverse events (AEs) decrease patients’
quality of life (QOL) and reduce the treatment completion
rate.! For example, chemotherapy-induced nausea and vomit-
ing (CINV) is the most distressing symptom for patients.?
The pathophysiology, risk factors and development of novel
antiemetic agents have been researched to relieve patients’ suf-
fering.35 Controlling AEs like CINV is the most important
factor to maximize the therapeutic effect. In this respect, phar-
macovigilance® is critically useful in controlling AEs, and it is
essential to collect information on AEs accurately. Coded data
generated in daily practice at multi-medical institutions have
been integrated and used as a data source for pharmacovigi-
lance. Typical examples are the Sentinel Initiative” by the U.S.
Food and Drug Administration and MID-NET,” a national

database that standardizes and integrates medical information
from over 20 hospitals throughout Japan. However, Chan
et al'® reported that the analysis of narrative medical docu-
ments was more accurate in detecting symptoms like nausea/
vomiting for hemodialysis patients than the analysis of
International Classification of Diseases (ICD) codes. This sug-
gests that it may be difficult to collect information accurately
on some types of AEs using only coded data such as ICD
codes.

Recently, there has been a move to use clinical data pooled
in electronic medical records (EMRs) as a data source in phar-
macovigilance.!! In daily practice, structured coded data and
unstructured narrative text are recorded in the EMRs of medi-
cal institutions.!? Medical documents written by physicians
include progress notes that record the daily changes in a
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patient’s condition, discharge summaries limited to the infor-
mation needed to assess and manage a patient’s future prob-
lems, and patient referral forms that give other physicians a
short summary of relevant patient information.'®* Comparing
these documents in terms of their suitability as data sources for
pharmacovigilance, we believe that progress notes are the best
document for this purpose. They contain more rich informa-
tion about a patient’s condition at each visit, while discharge
summaries and patient referral forms are likely to contain only
selective information. Natural language processing (NLP)
techniques are used for quantitative analysis of narrative text in
progress notes.’ Symptom detection from medical documents
using NLP for pharmacovigilance has been reported,!® includ-
ing in the Japanese context. Aramaki et al'? tried to extract AEs
by detecting “drug-symptom pairs” in Japanese discharge sum-
maries. Ujiie et al'® developed a system to determine the pres-
ence of AEs in Japanese casc reports, and Shimai et al'®
combined the analysis of Japanese radiology reports and blood
test results to detect drug-induced interstitial pneumonia.
However, no studies have examined Japanese progress notes as
a data source for pharmacovigilance.

To address this gap in the literature, we aimed to detect
symptom occurrence from physicians’ progress notes using
NLP. We focused on patients who had received chemotherapy,
and the detection of 2 associated major gastrointestinal toxic-
ity symptoms—nausea/vomiting?’ and diarrhea.?! Then, we
examined the factors affecting NLP performance by analyzing
how each symptom was written in the progress note.

Materials and Methods
Study population

We randomly selected 200 out of 5277 patients who had
received intravenous injections of cytotoxic anticancer drugs at
Kagawa University Hospital (KUH), Japan, for gastrointestinal
cancer, pancreas and biliary cancer, breast cancer, or ovarian
cancer between January 2011 and December 2018. The obser-
vation period for each patient was from the date of the first
injection of the anticancer drug (index date) to the end of the
regimen, including the injection period and subsequent drug
withdrawal period. KUH is the only academic medical center
as a national university corporation in Kagawa Prefecture, with
230000 outpatients and 5000 ambulatory cancer chemothera-
pies per year.

This study was conducted after approval by the institutional
review board of Kagawa University through an ethical review
(receipt number: 2019-093) and after confirmation of patient
consent through the opt-out approach.

Dataset preparation

The physician progress notes during the observation period
were collected for each patient from the EMR (HOPE
EGMAIN-GX by Fujitsu Ltd.) at KUH and randomly divided

into a trial dataset (n=30) and an evaluation dataset (n=170),
as shown in Figure 1. The evaluation dataset was randomly
divided into Group A (n=85) for the detection of nausea/vom-
iting and Group B (n=85) for the detection of diarrhea.

The notes were written in the ‘SOAP’ format (subjective
data, objective data, assessment, and plan),!34 and each one
included the date and time when it was written. We decon-
structed the progress notes into separate records for each line
break. Each record was given the date and time information of
the original progress note.

The patients’ clinical background (age, sex, inpatient/outpa-
tient, cancer type, injected anticancer drugs, and observation
period), the number of progress notes per patient, the number
of characters per progress note, and the total number of records
in each group were compared. Furthermore, we compared the
percentage of 3 types of records containing the following dic-
tionary words (see Natural language processing section): writ-
ten symptom occurrence (positive finding), written symptom
absence (negative finding), or written past history about the
symptom.

Progress notes review

Two physicians (Y.M., ].K.) independently reviewed the pro-
gress notes of all patients. For both groups (Group A: nausea/
vomiting; Group B: diarrhea), we defined patients with symp-
toms or the therapeutic intervention during the observation
period as ‘gold standard’ (GS) positive; otherwise, they were
considered GS negative. In GS positives, the date and time of
the progress note written about the first occurrence of each
symptom were noted. The shared annotation rules used are
shown in Supplemental Table S1. We calculated a simple per-
centage agreement?? between the 2 physicians. In cases where
the 2 physicians’ opinions differed, the judgment was deter-
mined through their discussion. Disagreements were resolved
by a third physician (H.Y.). All physicians had more than 10
years clinical experience and used EMR in their daily practice.

Natural language processing

Figure 2 shows an overview of the processing for each progress
note. First, every record in the progress note was tokenized into
morphemes by MeCab 0.996,2* and keyword matching was
performed with dictionary words (described below). If there
was no matching, the system determined that the symptom did
not occur in the progress note (‘No occurrence’). If a matching
morpheme was found, the next step, dependency structure
analysis was performed using CaboCha 0.69.2* If all matched
morphemes were following a negation, the system determined
the progress note as ‘No occurrence.” In contrast, if there was a
matched morpheme without negation, the system determined
the progress note as ‘AE-occurred.” The system outputted the
date and time information of the ‘AE-occurred’ progress note
closest to the index date per patient.
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Figure 1. Dataset preparation. EMR, electronic medical record.
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After creating the initial dictionary words and the negations
based on a heuristic decision, the dictionary words were final-
ized by repeating the trials using the trial dataset. The finalized
dictionary words and the negations were used to analyze the
evaluation dataset and are shown in Supplemental Table S2.
This NLP system was built on CentOS 7.6.1810 and Python
3.6.8.

NLP performance evaluation

All outputs of the NLP system determined for each patient
were compared with the gold standard and classified into the
following 5 categories.

a) Correct detection: The system outputted the same date
and time as GS positive.

b) True negative: The system outputted the same as GS
negative.

¢) Early detection: The system outputted date and time
that were earlier than GS positive.

d) False positive: The system detected an AE incorrectly
when the GS was negative.

e¢) Delayed detection or False negative: The system out-
putted date and time later than GS positive, or the sys-
tem did not detect the AE despite the GS being

positive.

Additionally, correct detections and true negatives were treated
as ‘Matched’ cases; early detections and false positives were
treated as ‘Misdetection’ cases, and delayed detections and false
negatives were treated as ‘Overlooked’ cases. We compared
the percentage of matched cases, misdetection cases, and
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overlooked cases between Group A and Group B. Following
that, we analyzed the factors that contributed to errors in the
NLP system.

Analysis of GS negatives

For GS negatives, we compared the percentages of the records
containing a dictionary word in Group A and Group B that
were written as negative findings or as past histories.

Word frequencies of AE-related words

As a supplementary analysis, word frequencies of AE-related
words were counted by a physician (Y.M.) to investigate the
expressions of nausea/vomiting and diarrhea other than dic-
tionary words. We tokenized all records in each group into
morphemes using MeCab and counted word frequencies of
AE-related words. AE-related words were defined as words
that consist of one morpheme and can be understood to relate
to each symptom.

Statistical analysis

Fisher's exact test was used to test for differences between
Group A and Group B in the background characteristics of the
dataset, the percentage of matched cases, misdetection cases,
and overlooked cases, and the percentage of negative findings
and past histories in GS negatives. A 2-sided P-value <.05 was
considered statistically significant. Analysis was performed
using R 4.0.3 (https://www.r-project.org/).

Results
Background characteristics

The characteristics of patients and progress notes are shown in
Table 1. The median observation period in both groups was
21days, and the median number of progress notes per patient
was 5. There were 20106 lines of records for Group A and
22057 lines for Group B. The percentage of records containing
the dictionary words as positive findings was 0.8% in Group A
and 0.3% in Group B (P<.001). Negative findings constituted
1.19% of records in Group A and 0.2% in Group B (P<.001).
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Table 1. Background characteristics.

(N=85)

Age, years
Female
Outpatient
Cancer type
Gastrointestinal cancer
Pancreas and biliary cancer
Breast cancer
Ovarian cancer
Total number of anticancer drugs
Frequency of the top 5 drugs
Gemcitabine
Fluorouracil
Oxaliplatin
Cyclophosphamide
Paclitaxel
Observation period, days
Progress notes per patient

Characters per progress note

63 [50-70]
65.9% (55.3-75.1)

49.4% (39.0-59.8)

23.5% (15.7-33.6)

43.5% (33.5-54.1)

24.7% (16.7-34.9)
8.2% (3.8-16.3)

178

14.6% (10.1-20.6)
14.0% (9.6-20.0)
12.9% (8.7-18.7)
11.8% (7.8-17.4)
9.0% (5.5-14.2)
21 [14-22]
5 [3-10]

422.5[187.75-766)

Total records in all progress notes, lines 20106
Frequency of records containing dictionary word
As positive findings 0.8% (0.6-0.9)

As negative findings 1.1% (1.0-1.3)

GROUP A FOR NAUSEA/VOMITING GROUP B FOR DIARRHEA P-VALUE
(N=85)

65 [59-70] n/a
58.8% (48.2-68.7) 43
48.2% (37.9-58.7) 1
22.4% (14.7-32.4) 1

471% (36.8-57.6) .76
18.8% (11.8-28.5) 46
11.8% (6.3-20.5) .61
158 n/a
19.0% (13.6-25.9) RCH
10.1% (6.2-15.9) 32
15.2% (10.4-21.7) .64
8.2% (4.8-13.7) 37
10.8% (6.7-16.6) .59
21 [14-28] n/a
5[3-10] n/a
390 [181.25—-675.5] n/a
22057 n/a
0.3% (0.2-0.3) <.001"
0.2% (0.2-0.3) <.001"
0.03% (0.01-0.06) 0011

As past history

0.11% (0.07-0.17)

Values are shown as a median [interquartile range] or percentage (95% confidence interval).

*P < .005; “P<.001; n/a, not applicable.

Past history was noted in 0.11% of records in Group A and
0.03% in Group B (P=.0011).

Gold standard

Thirty patients in Group A (35.3%; 95% confidence interval
[CI] 26.0-45.9) and 14 patients in Group B (16.5%; 95% CI
9.95-25.9) were judged as GS positive. The simple percentage
agreement between the 2 physicians was 82.4% in Group A
and 94.1% in Group B. Only 2 patients (2.4%) in Group A
required judgments by the third physician.

NLP performance

The outputs of the NLP system in each group were classified,
as shown in Table 2. There were 23 matched cases out of 30 GS
positives in Group A, and 13 matched cases out of 14 GS

positives in Group B. In the same way, there were 48 matched
cases out of 55 GS negatives in Group A, and 70 matched cases
out of 71 GS negatives in Group B. As a result, the concord-
ance with the gold standard across Group A was 83.5%, and
across Group B, 97.7%, which showed a statistically significant
difference (P=.0027). The concordance with the GS in both
groups denoted the same tendency as the simple percentage
agreement in the progress notes review. Additionally, the per-
centage of misdetection cases across Group A was 15.3%, and
that across Group B was 1.2%, another statistically significant
difference (P=.0012).

Error analysis

Table 3 summarizes the errors of the NLP system. There were
8 misdetection cases for negative findings in Group A, and 1in
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Table 3. Error analysis.

SYMPTOMS TO
BE DETECTED

ERROR CASES

MISDETECTION

EXAMPLES

ORIGINAL JAPANESE TEXTS

(N=14)

Negative Nausea/ 8 n/a
findings vomiting

Diarrhea 1 n/a
Past history Nausea/ 4 n/a

vomiting

Diarrhea 0 n/a
Others$ Nausea/ 1 1

vomiting

Diarrhea 0 1

(TRANSLATED TO ENGLISH)

HERFE<BHNEEAL
(There is completely zero nausea.)

CIRRERL 3 - T - AR EER E <Grade2*
(Oral mucositis, diarrhea, peripheral neuropathy < Grade 2)

1014 [ZHafz e
(Vomited on October 14.)

n/a

EAHE I THL W ORLR HEY
(I feel bad because | can't get my stool out.)

{EAETS A

(My stools are loose.)

1The spelling variant of negation could not be recognized; #The speliing variant of negation could not be recognized, and the dependency structure analysis for the
parallel structure was incorrect; SOther errors were noted due to word-sense ambiguity; 'The Japanese word “i(fF £ L »' can mean either nausea or discomfort; n/a, not

applicable.

Table 4. Analysis of GS negatives.

GS NEGATIVE

TRUE NEGATIVET®

GROUP A (N=19)

GROUP B (N=11)

FALSE POSITIVE?

Total records containing 3024 2198

dictionary word, lines

As negative findings 1.9% (1.4 to 2.4) 1.83% (0.9t0 1.9)

As past history 0.07% (0.00 to 0.26) 0

Abbreviations: AE, adverse event; GS, gold standard; n/a, not applicable.

P-VALUE GROUP A (N=7) GROUP B (N=1)

n/a 2641 612 n/a
015 1.3% (0.9 to 1.8) 1.0% (0.4t02.2) 0.68
n/a 0.04% (-0.02 to 0.24) 0 n/a

True negative, The system outputted the same as GS negative; * False positive, The system detected an AE incorrectly when the GS was negative.

Group B. Similarly, there were 4 misdetection cases of past his-
tory in Group A, and none in Group B. There was also 1 mis-
detection case due to a polysemy, and some overlooked cases
due to spelling variants.

Analysis of GS negatives

Table 4 shows the analysis of GS negatives. Of true negatives
for GS negatives (determined correctly to be the absence of an
AE), 3024 lines in Group A and 2198 lines in Group B con-
tained dictionary words. There were 1.9% records written as
negative findings in Group A and 1.3% in Group B (P=.15).
Those with past histories comprised 0.07% in Group A and
none in Group B. Similarly, among false positives of GS nega-
tives (incorrectly determined in the absence of an AE), 2641
lines in Group A and 612 lines in Group B contained diction-
ary words. Records written as negative findings comprised
1.3% of Group A and 1.0% of Group B (P=.68). There were
0.04% with past histories in Group A and none in Group B.

Word frequencies of AE-related words

The frequencies of AE-related words are shown in Figure 3.
Among nausea/vomiting-related words in Group A, the most
frequent was ‘M’ (‘vomiting’in English), counted 134 times.
This was followed by ‘FE[ (‘nausea’ in English), counted 117
times. There were several words related to nausea/vomiting. In
contrast, the only diarrhea-related word in Group B was 1’
(‘diarrhea’in English), which was counted 105 times. No other
diarrhea-related words were found.

Discussion

This study showed that the occurrence of 2 gastrointestinal
symptoms—nausea/vomiting and diarrhea—could be detected
using our NLP system based on physicians’ progress notes
written in Japanese for patients who had received anticancer
drugs. The NLP system performed adequately, as envisaged.
Pharmacovigilance in Japan mainly uses a spontaneous report-
ing system called the Japanese Adverse Drug Event Report
database and an administrative database, MID-NET. They are
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m AE-related words in Group A (for nausea/vomiting)
o AE-related words in Group B (for diarrhea)

76

Figure 3. Word frequencies of AE-related words. AE-related words consist of one morpheme and were counted if they were understood to relate to each
symptom; Black bars indicate frequencies of nausea/vomiting-related words in Group A, and the white bar indicates the frequency of diarrhea-related
words in Group B; Values shown above the bars indicate the frequency of each word; For example, ‘IBH-" means vomiting in English, ‘& means nausea,
and “F#i' means diarrhea; Onomatopoeia, Japanese-specific expressions, misspellings and so on are lined up.

Abbreviation: AE, adverse events.

all clusters of structured data. However, one of the weaknesses
of structured data analysis is that it can only collect predefined
the Japan Chronic Kidney Disease
Database—a nationwide database for chronic kidney disease

information. In

in Japan—basic information such as body mass index and
blood pressure is not available because it was not included in
the database design. It is difficult to collect additional informa-
tion that has not been included in the database construction
phase. In such situations, it is possible to obtain information
from narrative text in progress notes by modifying the NLP
system for new detection tasks. This study suggests that narra-
tive text in progress notes could become a leading source for
pharmacovigilance.

There was a statistically significant difference in the perfor-
mance of the NLP system between the nausea/vomiting detec-
tion group and the diarrhea detection group. There was also a
significant difference in the percentage of misdetection cases
between the 2 symptoms, although there was no difference in
the percentage of overlooked cases. To accurately interpret the
NLP results, we considered it necessary to perform text mining
for progress notes as a data source to analyze the factors that
contributed to these differences. Error analysis revealed that
misdetection cases caused by negative findings in the nausea/
vomiting detection group were the most frequent, followed by
misdetection cases caused by past histories in the same group.
These results suggest that negative findings and past histories
for nausea/vomiting had the most influence on the perfor-
mance of the NLP system. Additionally, the analysis of GS
negatives showed no significant difference in true negatives
and false positives between the 2 symptoms. In contrast, the
background characteristics of the dataset showed that the
number of records containing the dictionary words as negative
findings or past history was significantly higher in the nausea/
vomiting detection group. In this study, we intended to improve

the performance of the NLP system by repeating trials to
enrich the dictionary words and negations. This is because it is
well-known that the processing of negation is crucial when
detecting information from medical documents using NLP.26-27
Cohen et al*® reported that the distribution of negation varies
depending on the type of medical document, which shows that
there are more explicit negations in progress notes and more
affixal negations in biomedical journal articles. Our NLP sys-
tem excluded affixal negations by using dictionary words and
excluded explicit negations by using dictionary words with the
negation. Like this study, when Usui et al® tried to detect
symptoms from pharmacy medication history data written in
Japanese, misdetections mainly occurred because of negative
findings. These negative findings are intentionally written in
medical documents, including progress notes' because they
are useful for ruling-out diseases and are clinically important.30
Therefore, the results of this study indicate that more informa-
tion on negative findings or past histories of nausea/vomiting
contributed to differences in the detection performance of the
NLP system for each symptom.

Comparing these 2 symptoms in terms of QOL, Morita
et al’! reported that nausea/vomiting is a clinical parameter
that affects all domains of QOL-ACD3? when assessing QOL
of patients treated with anticancer drugs. In contrast, diarrhea
affects the physical, mental, and psychological domains but not
the functional domain. Functional disorders are easily recog-
nized objectively, but physical, mental and psychological dis-
orders are often unrecognizable to anyone other than the
patient. Because of this, there may be a discrepancy in the
patient’s self-assessment and the healthcare provider’s assess-
ment based on the patient’s general condition. Kobayashi
et al®® reported that cognitive functioning, fatigue and nausea/
vomiting in the QLQ-C30° items influenced the Karnofsky
Performance Status® as assessed by medical professionals.
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However, diarrhea did not. Although nausea/vomiting and
diarrhea both affect patient QOL, nausea/vomiting is more
likely to affect the functional domain, be evaluated objectively,
and be a critical focus for medical professionals and patients.
Boland et al*¢ described information heterogeneity in medical
documents because physicians’ documentation behavior is
influenced by patient status (eg, critical or stable), disease status
(eg, early or advanced), and also by the experience of the physi-
cians (eg, trainee or expert). Nausea/vomiting, which has a
great impact on the functional domain of patients’ QOL, tends
to lead to physician documentation behavior, and negative
findings and past histories are also often included in progress
notes. For this reason, the NLP system may have been affected
by the information heterogeneity.

The frequency of AE-related words showed that the dataset
for the nausea/vomiting detection group contained several
words, while the dataset for the diarrhea detection group con-
tained only 1 word. Word-sense ambiguity’” is known to be
problematic, along with negation, in NLP. The more related
words, the more difficult it is to achieve consistent mapping.
The simple percentage agreement between 2 physicians in the
progress notes review was also inferior for nausea/vomiting
compared with diarrhea. Because nausea/vomiting is more
diverse in expression than diarrhea, it is also difficult to detect
the symptom by dictionary matching, resulting in the detection
performance difference for each symptom.

This study has several limitations. First, it was conducted at
a single institution. KUH is an academic medical center, and
patients’ backgrounds may have been biased given the institu-
tion’s characteristics. Second, the cancer types were specified as
inclusion criteria. Thus, the physicians who wrote the progress
notes and their departments were limited. It is possible that
progress notes were influenced by the writing patterns of phy-
sicians and their departments. Third, the types of anticancer
drugs were also limited. In recent years, conventional cytotoxic
anticancer drugs have been used along with drugs with novel
mechanisms. The use of drugs with different profiles changes
the frequency of AEs, which may change the performance
indicators of the NLP system.

Conclusion

Our NLP system could detect the occurrence of nausea/vomit-
ing and diarrhea from Japanese physicians’ progress notes for
patients who received anticancer drugs. Progress notes may
constitute a useful data source for pharmacovigilance, but the
detection performance for each symptom may be affected by
physicians’ documentation behaviors. The performance of this
NLP system is expected to be improved by strengthening
the processing considering negative findings and past history.
Particularly in the nausea/vomiting detection group, reducing
misdetection cases using these strategies was required. In
future, when progress notes are used as a data source for phar-
macovigilance, it would be necessary to interpret the NLP

results with more detailed consideration of the associated
characteristics.
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