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Abstract

Background: Medication safety in residential care facilitiesis a critical concern, particularly when nonmedical staff provide
medication assistance. The complex nature of medication-related incidents in these settings, coupled with the psychological
impact on health care providers, underscores the need for effective incident analysis and preventive strategies. A thorough
understanding of the root causes, typically through incident-report analysis, is essential for mitigating medication-related incidents.

Objective: We aimed to develop and evaluate a multilabel classifier using natural language processing to identify factors
contributing to medication-related incidents using incident report descriptions from residential care facilities, with a focus on
incidents involving nonmedical staff.

Methods: We analyzed 2143 incident reports, comprising 7121 sentences, from residential care facilities in Japan between
April 1, 2015, and March 31, 2016. The incident factors were annotated using sentences based on an established organizational
factor model and previous research findings. The following 9 factors were defined: procedure adherence, medicine, resident,
resident family, nonmedical staff, medical staff, team, environment, and organizational management. To assess the label criteria,
2 researcherswith relevant medical knowledge annotated asubset of 50 reports; theinterannotator agreement was measured using
Cohen k. The entire data set was subsequently annotated by 1 researcher. Multiple labels were assigned to each sentence. A
multilabel classifier was developed using deep learning models, including 2 Bidirectional Encoder Representations From
Transformers (BERT)—-type models (Tohoku-BERT and a University of Tokyo Hospital BERT pretrained with Japanese clinical
text: UTH-BERT) and an Efficiently Learning Encoder That Classifies Token Replacements Accurately (ELECTRA), pretrained
on Japanese text. Both sentence- and report-level training were performed; the performance was evaluated by the F;-score and
exact match accuracy through 5-fold cross-validation.

Results:  Among al 7121 sentences, 1167, 694, 2455, 23, 1905, 46, 195, 1104, and 195 included “procedure adherence,”
“medicine” “resident,” “resident family,” “nonmedical staff,” “medical staff,” “team,” “environment,” and “organizational
management,” respectively. Owing to limited labels, “resident family” and “medical staff” were omitted from themodel development
process. The interannotator agreement values were higher than 0.6 for each label. A total of 10, 278, and 1855 reports contained
no, 1, and multiple labels, respectively. The models trained using the report data outperformed those trained using sentences,
with macro F4-scores of 0.744, 0.675, and 0.735 for Tohoku-BERT, UTH-BERT, and ELECTRA, respectively. Thereport-trained
models also demonstrated better exact match accuracy, with 0.411, 0.389, and 0.399 for Tohoku-BERT, UTH-BERT, and
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ELECTRA, respectively. Notably, the accuracy was consi stent even when the analysis was confined to reports containing multiple

labels.

Conclusions: The multilabel classifier developed in our study demonstrated potential for identifying various factors associated
with medication-related incidents using incident reports from residential care facilities. Thus, this classifier can facilitate prompt
analysis of incident factors, thereby contributing to risk management and the development of preventive strategies.

(JMIR Med I nform 2024;12:€58141) doi: 10.2196/58141

KEYWORDS

residential facilities; incidents; non-medical staff; natural language processing; risk management

Introduction

The prevention of medication-related incidents and the
development of preventive measures are crucial for ensuring
medication safety. Heinrich law suggests that for every serious
accident, 29 minor accidents and 300 incidents exist [1].
Analysisof theseincidentsand formulation of countermeasures
can help prevent serious medical accidents and enhance patient
safety. Moreover, these incidents result in a significant
psychological impact on the health care providers[2-5], known
as “second victim syndrome” [6-8]. Thus, incident prevention
measures are considered vital .

The core of incident prevention is focused on the details of the
incident; thus, the creation of incident reports plays akey role.
Hospitals have traditionally been the primary sources of such
data, resulting in extensive research [9-19] and the devel opment
of sophisticated incident prevention strategies. However,
residential care facility settings, in which residents live for
extended periods, present unique challenges. Unlike hospitals,
thesefacilities serve ascommunal living spacesfor older people
and often rely on nonmedical staff (not doctors or nurses) to
perform health care—related tasks, including medication
assistance. This practice raises significant concerns regarding
the potential for medication incidents, underlining the
importance of extending incident prevention strategies beyond
hospital settings. Moreover, previous studies have highlighted
a range of medication incidents in Japanese residential care
facilities, including dropped drugs and misdelivery or misuse
of medicines[20].

Natural language processing (NLP) technology demonstrates
considerable potential for enhancing the analysis of incident
reports. NLPisan analytical technique involving deep learning
processing of human language for extracting meaningful
information. Recently, this technology has been applied to
classify various types of text data, including blogs [21,22] and
electronic medical records [23], and has been extended to
incident report classification in health care settings [24,25].
Specifically, classifiers using NLP were constructed to
determine the classification and severity of incidents, with
hospital incident reports serving asthe training data[24,26,27].
Although the incident reports obtained and their corresponding
text data, primarily comprising open-ended descriptions, from
residential care facilities are considered suitable for NLP
analysis, limited efforts have been made toward using NLP for
extracting information from incident reports at these facilities.

https://medinform.jmir.org/2024/1/e58141

Our previousresearch, which focused onidentifying the causes
of medication incidents in residentia care facilities,
demonstrated the complex and multifactorial nature of various
elements contributing to these incidents [28]. Therefore, this
study aimed to create a multilabel classifier that can extract
variousfactorsrelated to medication-related incidents based on
incident reportsin residential care facilities.

Methods

Data Set

This study included incidents that occurred in residential care
facilities in Japan from April 1, 2015, to March 31, 2016, in
106 long-term residential care facilities operated by a single
company. The residential care facilities included in our study
are privately run, where residents usually pay monthly feesfor
housing and various care or support services, including meal
provision, assistance with activities of daily living, and
recreational opportunities. Notably, the majority of the residents
avail medication assistance, which is a crucial component of
these services.

We exclusively focused on incidents involving care staff who
were not medical professionals. An incident report was
completed after each incident, documenting the type of incident
(forgetting to take medicines, misdelivery or misuse of
medicines, loss of medicines, discovery of dropped drugs, and
spitting up or falling while taking medicines), conditions at the
time, and factors contributing to the incident. All the reports
were written in Japanese. The care staff at the participating
facilities were encouraged to record even minor incidents in
their reports.

The data set comprised 2143 reports. The free-text descriptions
of the factors contributing to the incident in each report were
segmented into 7121 sentences for further analysis.

Annotation and Data Analysis

Incident factor labels were established based on the
organizational factor model by Reason [29] and findings from
our previous study [28], which explored the factors of
medication assistance-related incidents in residential care
facilities. In our previous study, we interviewed individuals
involved in incidents, such as misdelivery or misuse of
medications. Our findings indicated that “not following
procedures’ often resulted in these incidents, and identified 4
key contributing factors, namely individual residents, individual
staff, team, and work environment. Considering the diverse
nature of incidents in residentia care facilities that extend
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beyond medication omissions or dropped drugs, abroader range
of factor labels is warranted. We developed the following 9
causal labels: procedure adherence, medicine, resident, resident
family, nonmedical staff, medical staff, team, environment, and
organizational management. To establish the labels, we aso
consulted James Reason [29] organizational accident model.
Reason model positsthat incidents, which are often precipitated
by unsafe acts attributed to multiple factors, are fundamentally
rooted in the culture of the organization. This model provides
a framework for understanding the complex interplay of the
factors resulting in incidentsin our study.

The criteria for annotating the reports were based on our
previous study [28] and an analysis of actual medication incident
conditions in Japan [20]. To evaluate the reliability of these
criteria, we selected arandom sample of 50 reports comprising
183 sentences from the data set. These reports were annotated
by 2 researcherswith relevant medical knowledge (HK and SE).
Theinterannotator agreement (1AA) was assessed using Cohen
K, a statistical measure of agreement. Cohen K values are
interpreted as follows: values close to 1 indicate perfect
agreement, <0.00, “poor”; 0.00-0.20, “dlight”; 0.21-0.40, “fair”;
0.41-0.60, “moderate” ; 0.61-0.80, “ substantial”; and 0.81-1.00,
“amost perfect” [30]. Following thisinitial assessment, one of
the researchers (HK) annotated all the sentences.

The distribution of reports according to the number of labels
assigned was analyzed. The average number of labels per
incident type was cal culated and compared. I ncident typeswere
categorized as “forgetting to take medicines,” “misdelivery or
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misuse of medicines,” “loss of medicines,” “discovery of
dropped drugs” and “spitting up or falling while taking
medicines,” as defined in our previous study [20]. For factor
analysis, we used the Student t test (2-tailed), applying the
Bonferroni correction to account for multiple comparisons. We
established the significance criterion at P<.05. Furthermore, the
percentage of reports that contained each label for every type
of incident was calculated, thus providing a detailed view of
the label distribution across different incident categories.

Deep Learning Models

Figure 1 shows an overview of the model development. In this
study, a multilabel classifier was built from an annotated
multilabel data set to manage multiple descriptions of incident
factors. Due to the insufficient number of labels, which made
the accurate eval uation of the model’s performance challenging,
thelimited labelsassociated with “ resident family” and “medical
staff” were excluded from the model development process.
Consequently, the refined model devel opment approach enabled
the classifier to simultaneously identify 7 distinct labels. The
development of this classifier involves fine-tuning existing
pretrained models. These models included 2 Bidirectional
Encoder Representations From Transformers (BERT) models,
each using different pretraining data sources, and an Efficiently
Learning Encoder That Classifies Token Replacements
Accurately (ELECTRA) model. ELECTRA, whilemaintaining
a foundational structure similar to that of BERT, achieves
enhanced performance in NLP tasks through improved
pretraining methods. The input of these models was limited to
512 tokens due to the capability of the pretrained model.

Figure 1. Overview of model development and evaluation. (A) Report-trained model evaluated using reports. (B) Sentence-trained model evaluated
using reports. (C) Sentence-trained model evaluated using sentences. BERT: Bidirectional Encoder Representations From Transformers; ELECTRA:
Encoder That Classifies Token Replacements Accurately; UTH: University of Tokyo Hospital.
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Specifically, one of the BERT models we used was devel oped
by the Natural Language Processing Research Group at Tohoku
University (Tohoku-BERT), which was pretrained on the
Japanese Wikipedia data as of September 1, 2019 [31]
(BERT-based model; 12 layers, 768 dimensionsof hidden states,
and 12 attention heads, tokenizer: MeCab [32]). The other,
University of Tokyo Hospital (UTH)-BERT, was developed by
the Department of Artificial Intelligence and Digital Twin in
Hedlthcare at the University of Tokyo and pretrained using
extensive Japanese clinical text [33] (BERT-based model: 12
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layers, 768 dimensions of hidden states, and 12 attention heads,
tokenizer: MeCab [32]). The ELECTRA model was developed
by the Izumi Laboratory at the University of Tokyo and
pretrained with Japanese Wikipediadataas of June 1, 2021 [34]
(ELECTRA-based model; 12 layers, 768 dimensions of hidden
states, and 12 attention heads, tokenizer: MeCab [32]). No
additional preprocessing was conducted beyond what is
described.

Our study used 2 distinct models: one based on reports and the
other on sentences. In the report-trained model, each report
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served asasingletraining unit, whereas in the sentence-trained
model, each sentence served as a training unit.

The hyperparameters that can be adjusted before training are
defined in Table S1 in Multimedia Appendix 1.

Task and Metrics

Performance was evaluated in terms of precision, recall,
F,-score, and exact match accuracy. The exact match accuracy
specifically measures the percentage of predictions that are
correct across all labels. The data set was divided into training
and test dataat aratio of 4:1, and the model was evaluated using
the average of the 5-fold cross-validation results.

Thereport-trained model was evaluated using the reports astest
data (Figure 1A). The sentence-trained model was evaluated
using reports (Figure 1B) and sentences (Figure 1C) astest data.

Generalizability Analysis

We extracted 136 incident reports involving nonmedical staff
and 31 reports involving care staff from hospital incident data
collected by the Japan Council for Quality Health Care between
January 2010 and June 2023 to examine the generalizability of
the constructed model. We assessed the ability for extrapolation
of the report-trained model derived from the extractor pretrained
on Tohoku-BERT using the F;-score.

Ethical Considerations

All the procedures were performed per the principles of the
Declaration of Helsinki. In this study, all data were analyzed
anonymously, and informed consent was waived owing to the
retrospective observational design of this study. Residents and
staff in residential facilitieswereinformed of this study through
postings at each facility and were allowed to refuse permission
concerning the use of their data. This study was approved by
the Research Ethics Review Committee of the Faculty of
Pharmaceutical Sciences, University of Tokyo (approved on
August 3, 2023) and the Research Ethics Review Committee
of the Faculty of Pharmacy, Keio University (approved on July
14, 2023; 230714-1).
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Results

Data Set Analysis

The average report length was 62.6 (SD 34.3; median 56, IQR
38-81) tokens, and the average sentence length was 18.2 (SD
9.8; median 16, IQR 11-23) tokens. None of the sentences or
reports exceeded 512 tokens. The incidents were categorized
as follows: forgetting to take medicines (648 incidents),
misdelivery or misuse of medicines (293 incidents), loss of
medication (18 incidents), discovery of dropped drugs (1024
incidents), and spitting up or falling while taking medicines
(160 incidents).

Annotation and Features of the Incident Factors

An example of this label is presented in Textbox 1. The IAA
for each label was calculated, and al the labels achieved an
IAA score exceeding 0.6 (Table 1), thereby validating the
effectiveness of the developed annotation guidelines. Notably,
thek coefficientsfor thefactorsrelated to “resident family” and
“team” were exceptionally high, exceeding 0.9 in all instances.
Using these guidelines, the remaining reports were sequentially
annotated. The “resident” related factor label was most
frequently assigned as shown in Table 1. Conversely, the
“resident family” and “medical staff” factors were rarely
assigned.

Table 2 presentsthe distribution of the number of labelsassigned
per sentence and per report. The most frequent occurrenceswere
1 label per sentence and 2 labels per report, accounting for
77.5% (5518) sentences and 34.2% (733) reports of the total
occurrences, respectively. Table 3 categorizes the number of
labels per report according to the incident type. Reports
involving forgetting to take medicines and misdelivery or misuse
of medicines tended to have a higher number of labels than
other incidents (P<.001).

Table 4 shows the percentage of incident reports, with each
label categorized by the incident type. Reports describing
incidents, such as* spitting up or falling while taking medicines’
and “discovery of dropped drugs,” often included “resident”
factorsand lessfrequently mentioned “team” factors. In contrast,
reports of “forgetting to take medicines’ and “misdelivery or
misuse of medicines” commonly included “environmental”
factors.
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Textbox 1. Example of the |abel.

Procedure adherence
.  Carestaff did not follow the instructions for double-checking medication assistance.

«  Care staff failed to confirm that medications were swallowed until the end.

Medicine
«  Dueto the concurrent use of herbal medicine with pills, there was a higher risk of dropping them.

«  Thenumber of medications to be taken after breakfast was large.

Resident
«  Theresident was unable to manage their medications.

«  Their life rhythm was irregular, with mealtimes being inconsistent.

Resident family
«  Family members were assisting with meals, which prevented intervention in medication administration.

«  Medication management was being handled by the family.

Nonmedical staff
«  Preparation for breakfast was not sufficient, leading to delays in service time and causing staff to rush.

«  Therewas alow awareness that numbness made it difficult for residents to hold medication packets.

Medical staff
« Inexperienced nurses relied on each other, resulting in alack of necessary checks.

«  Thenursing notes failed to include the required documentation.

Team
« Therewasalack of coordination between meal assistance and medication assistance staff.

«  Important information from doctor visits was not properly communicated.

Environment
«  Theresident was taking medicines during the busiest time for medication assistance.

«  Theproximity of tablesin the restaurant made it impossible to check medication intake.

Organizational management
«  Measures against the previous incidents had not been implemented.

e The procedure manual had not been updated.
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Table 1. The |AA?values and number of sentences for the 9 labels (N=7121).

Kizaki et &

Label 1AA Sentences, n
Procedure adherence 0.634 1167
Medicine 0.741 694
Resident 0.898 2455
Resident family 0.954 23
Nonmedical staff 0.638 1905
Medical staff 0.869 46

Team 0.930 195
Environment 0.755 1104
Organizational management 0.692 195

3 AA: interannotator agreement.

Table 2. The number of labels per incident report (N=2143) and per sentence (N=7121).

Number of labels Reports, n (%) Sentences, n (%)
0 10 (0.5) 508 (7.1)

1 278 (13.0) 5518 (77.5)

2 733(34.2) 1021 (14.3)

3 689 (32.2) 70 (1.0)

4 348 (16.2) 3(0.04)

5 78 (3.6) 0(0)

6 7(0.3) 0(0)

>7 0(0) 0(0)

Table 3. The average number of |abels per incident contents.

Labels, mean (SD)

Forgetting to take medicines (n=648)

Misdelivery or misuse of medicines (n=293)

Loss of medicines (n=18)

Discovery of dropped drugs (n=1024)

Spitting up or falling while taking medicines (n=160)

2.92 (1.10)
2.85(1.12)
2.61(1.38)
2.45 (0.94)
2.19(0.93)

Table 4. The percentages of reports that contain each label for every type of incident.

Procedure  Medicine Resident Resident Nonmedical Medical Team Environ-  Organizational
adherence family staff staff ment management
Forgetting to take medicines  41.0 33.0 59.0 2.3 72.8 2.8 170 534 11.0
(n=648)
Misdelivery or misuse of 39.6 28.7 59.7 0.7 73.0 48 140 536 113
medicines (n=293)
Loss of medicines (n=18) 27.8 333 61.1 0 61.1 0 111 389 27.8
Discovery of dropped drugs 57.0 20.3 84.3 0.3 50.2 0 0.8 25.9 6.2
(n=1024)
Spitting up or falling while 125 225 81.3 0 731 0.6 19 244 25

taking medicines (n=160)
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M odel

Table S2 in Multimedia Appendix 1 shows the average label
distributions for both the training and test data as part of the
5-fold cross-validation process. Since the labels for “resident
family” and “medical staff” are notably fewer than those of
other categories, they were excluded from the devel opment of
the multilabel classifier.

The performances of the fine-tuned Tohoku-BERT, UTH-BERT,
and ELECTRA models were assessed using 3 different
approaches. a report-trained model evaluated using reports
(Table5), sentence-trained model evaluated using reports (Table
6), and sentence-trained model eval uated using sentences (Table
7), as summarized in Tables 5-7. The analysis revealed that the
report-trained model (Table 5) generally achieved higher
F,-scores than the sentence-trained model evaluated using the

Kizaki et &

report data (Table 6). The performance of the sentence-trained
model was better when eval uated using sentences (Table 7) than
when evaluated using reports (Table 6).

Table 8 lists the exact match accuracies of these models across
the board, specifically for instances involving multiple labels.
The sentence-trained model evaluated using sentences exhibited
the highest exact match accuracy for the overall test data. When
limited to the test data with multiple labels, the report-trained
model evaluated using reports demonstrated the highest exact
match accuracy.

The extrapolation of the report-trained model, fine-tuned using
Tohoku-BERT, reveal ed that the mean F;-score (micro F,-score)
was 0.72 for reportsinvolving care staff alone and 0.65 for those
involving nonmedical staff (Table S1in Multimedia Appendix
2).

Table5. Performance of the model. Report-trained model evaluated using reports.

Class Tohoku-BERT? UTHP-BERT ELECTRA®
Precision  Recall Fq-score Precison  Recall F1-score Precision  Recal F1-score

Procedure adherence 0.808 0.834 0.820 0.774 0.856 0.816 0.818 0.804 0.804
Medicine 0.734 0.804 0.766 0.734 0.690 0.710 0.718 0.764 0.734
Resident 0.902 0.964 0.932 0.932 0.950 0.942 0.920 0.944 0.930
Nonmedical staff 0.802 0.852 0.820 0.778 0.842 0.806 0.822 0.852 0.832
Team 0.834 0.598 0.674 0.650 0.378 0.446 0.836 0.568 0.662
Environment 0.782 0.840 0.808 0.760 0.768 0.764 0.764 0.836 0.792
Organizational management  0.598 0.322 0.390 0.334 0.218 0.244 0.432 0.402 0.392
Macro F4-score _d — 0.744 — — 0.675 — — 0.735

3BERT: Bidirectional Encoder Representations From Transformers.

BUTH: University of Tokyo Hospital.

CELECTRA: Encoder That Classifies Token Replacements Accurately.

INot applicable.

Table 6. Performance of the model. Sentence-trained model evaluated using reports.
Class Tohoku-BERT® UTHP-BERT ELECTRA®

Precison  Recall F,-score Precision Recall F,-score Precision  Recdl F4-score

Procedure adherence 0.910 0.376 0.528 0.922 0.382 0.540 0.940 0.444 0.602
Medicine 0.926 0.316 0.466 0.854 0.664 0.746 0.942 0.176 0.296
Resident 0.992 0.444 0.614 0.982 0.726 0.834 0.988 0.494 0.656
Nonmedical staff 0.918 0.686 0.784 0.952 0.382 0.544 0.962 0.468 0.630
Team 1.000 0.274 0.424 0.850 0.148 0.242 0.800 0.084 0.146
Environment 0.976 0.468 0.636 0.964 0.366 0.532 0.930 0.466 0.620
Organizational management  1.000 0.064 0.116 0.600 0.018 0.034 0.884 0.068 0.126
Macro F4-score _d — 0.610 — — 0.496 — — 0.439

3BERT: Bidirectional Encoder Representations From Transformers.
bBUTH: University of Tokyo Hospital.

CELECTRA: Encoder That Classifies Token Replacements Accurately.
INot applicable.
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Table 7. Performance of the model. Sentence-trained model evaluated using sentences.

Class Tohoku-BERT? UTHP-BERT ELECTRA®
Precision  Recall F,-score Precison  Recall F,-score Precison  Recdl F4-score

Procedure adherence 0.798 0.798 0.796 0.802 0.750 0.768 0.754 0.844 0.796
Medicine 0.712 0.570 0.628 0.616 0.564 0.584 0.698 0.594 0.640
Resident 0.864 0.862 0.862 0.872 0.808 0.836 0.862 0.844 0.850
Nonmedical staff 0.744 0.686 0.714 0.692 0.670 0.678 0.774 0.674 0.716
Team 0.786 0.596 0.674 0.702 0.534 0.598 0.674 0.592 0.598
Environment 0.756 0.720 0.732 0.688 0.640 0.662 0.754 0.678 0.710
Organizational management  0.574 0.398 0.454 0.482 0.220 0.288 0.522 0.338 0.406
Macro F4-score _d — 0.694 — — 0.631 — — 0.674

3BERT: Bidirectional Encoder Representations From Transformers.
bBUTH: University of Tokyo Hospital.

CELECTRA: Encoder That Classifies Token Replacements Accurately.
dNot applicable.

Table 8. Exact match accuracy.

Exact match accuracy Exact match accuracy in test data

with only multiple labels

Tohoku-BERT?
Report-trained model evaluated using reports
Sentence-trained model eval uated using reports

Sentence-trained model evaluated using sentences

UTHP-BERT
Report-trained model evaluated using reports
Sentence-trained model evaluated using reports
Sentence-trained model evaluated using sentences
ELECTRA®
Report-trained model evaluated using reports
Sentence-trained model evaluated using reports

Sentence-trained model evaluated using sentences

0411 0.408
0.217 0.113
0.656 0.318
0.389 0.378
0.202 0.113
0.605 0.280
0.399 0.394
0.198 0.095
0.646 0.303

3BERT: Bidirectional Encoder Representations From Transformers.
bBUTH: University of Tokyo Hospital.
CELECTRA: Encoder That Classifies Token Replacements Accurately.

Discussion

Principal Results

Our study constructed a multilabel classifier that used NLP
models, including BERT and ELECTRA, to identify the factors
contributing to medication-rel ated incidents by nonmedical staff
using incident reports of residential care facilities. Unlike
previous studies that mainly focused on classifying incident
types and harm severity in hospital settings [24-27], our
approach focused on the complex factors involved in
medication-related incidents involving nonmedical staff. This
complexity often renders accurate classification challenging.

https://medinform.jmir.org/2024/1/e58141
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To our knowledge, our study is the first to demonstrate the
potential contribution of NLP technology in extracting incident
factors and formulating measuresfrom incident reports obtained
from residential care facilities.

In our study, weidentified and annotated 9-factor |abels, leading
to over 99% (2133) of the reports and more than 92% (6613)
of the sentences being assigned these labels. Reports without
factor labels merely described the conditions of the incident
occurrences, lacking in-depth factor analysis. Hence, the 9-factor
labels identified appear to be suitable for representing the
contributory factors in medication-related incidents involving
nonmedical staff in residential care facilities. In contrast, 2

JMIR Med Inform 2024 | vol. 12 | €58141 | p. 8
(page number not for citation purposes)


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

JMIR MEDICAL INFORMATICS

specific labels, “resident family” and “medical staff,” were
relatively limited. In residential care facilities in Japan, where
nonmedical staff primarily provide medication assistance, the
involvement of medical staff is limited, and family member
participation is irregular. Consequently, these factors are less
frequently represented, resulting in a small number of [abels.

This study developed 2 types of models: 1 trained onindividual
sentences and the other on the entire reports. The report-trained
model consistently outperformed the sentence-trained model,
particularly achieving over 0.1 improvement inthe F;-scorefor
factors involving nonmedical staff. Thus, report-level training,
which retains more contextual information than sentence-level
training, significantly enhanced the model performance. The
exact match accuracy wasthe highest using the sentence-trained
model, exceeding 0.6. However, this accuracy dramatically
decreased to approximately 0.3 when the test datawere limited
to those with multiple labels. This significant reduction
underscores the prevalence of sentences with a single label,
deeming it unsuitable for evaluation as a multilabel classifier.
Therefore, we also evaluated the performance of the
sentence-trained model using report units astest data; however,
the performance was significantly inferior to that of the
report-trained model. Conversely, training on the report data
yielded an exact match accuracy of approximately 0.4, which
remained stable acrosstestswith multiple labels. Thesefindings
demonstrate the successful development of amultilabel classifier
that can rather accurately classify multiple labels; nevertheless,
the potential for further improvement exists. Further, 1 approach
for moddl improvement involves analyzing label co-occurrences
that are prone to errors and creating a data set of these label
combinations from an existing data set for upsampling.
Additionally, modificationsto the model, such asincorporating
other pretrained models or applying domain adaptation
techniques, could also be effective methods for improving
performance.

Within our report-trained multilabel classifier, the macro
F,-scores of Tohoku-BERT and ELECTRA were notably
similar, outperforming those of UTH-BERT, which had alower
score. Thisvariation in performance waslikely attributed to the
characteristics of the pretraining data. Tohoku-BERT and
EL ECTRA were pretrained using the Japanese Wikipedia data,
offering a broad range of general knowledge, whereas
UTH-BERT was specifically pretrained on clinical texts. The
lower classification performance for UTH-BERT may be
attributed to the less specialized terminology included in the
incident reports predominantly completed by nonmedical staff
in residential care facilities compared to that in clinical texts.

Our analysis of the report-trained model’s performance across
various labels revedled that, with the notable exceptions of
organizational management and team factors, as assessed by
UTH-BERT, the F,-scores consistently exceeded 0.6. Thus, the
model accurately classified a broad spectrum of labels, thus
demonstrating its effectiveness in automatically identifying
incident factors from medication-related reports in residential
care settings. However, classifying organizational management
has proven to be more challenging. This difficulty can be

https://medinform.jmir.org/2024/1/e58141
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attributed to the variability in the label assignment and the
relatively limited number of labels in this category. Notably,
the k coefficient for the organizational management label was
lower than that for the other labels, and the number of labels
assigned to this category was also smaller. We assume that the
low k coefficient is partly attributed to the broader range of
factors covered by thislabel, contributing to greater ambiguity
compared to other labels. Thishighlights potential areasfor the
enhancement of the design and training process of our classifier.

Evaluation of the extrapolation of the constructed report-trained
model confirmed that the F;-score was dlightly inferior to that
of itsinitial construction. This reduction was primarily due to
the notably few reports used for extrapolation evaluation.
Furthermore, the characteristics of theindividua who completed
the report could haveinfluenced their performance, particularly
since the report was from a hospital setting. Moreover, the
extrapolation results showed that the model’s performance on
reports involving care staff aone (F;-score=0.72) was higher
than that on those involving nonmedical staff (F;-score=0.65).
These findings indicate that the model is particularly effective
in identifying factors in medication-related incidents involving
care staff, suggesting specialization in extracting relevant
information from such reports.

Limitations

Intotal, 1 limitation of this study is the inclusion of data with
alimited number of labels. Although 9 labels were assigned at
the annotation stage, 2 specific labels, “resident family” and
“medical staff,” were excluded from the multilabel classifier
due to insufficient quantity. When a multilabel classifier that
included these 2 labels was constructed, the F;-score for both
labels was nearly zero. The F;-scores for the other labels
remained almost unchanged compared to the case where the
multilabel classifier was developed without including these 2
labels. Therefore, the impact of excluding these 2 labels is
considered to be minimal. Furthermore, the performance of the
model for each label tended to show higher F;-scores with a
higher IAA and a greater number of labels. This problem can
be resolved by increasing the number of incident reports and
labels.

Future Directions

Our model has the potential to streamline the identification of
factors underlying medication-related incidents in residential
care settings. This could result in a more effective planning of
measures to prevent medication-related incidents. Moreover, it
can offer nonmedical staff opportunitiesfor learning and growth
through prompt feedback following the occurrence of
medication-related incidents.

Conclusions

The multilabel classifier developed in this study can identify
various factors associated with medication-related incidents
based on incident reports from residentia care facilities. This
classifier can facilitate prompt analysis of incident factors,
thereby contributing to risk management and the devel opment
of preventive strategies.

JMIR Med Inform 2024 | vol. 12 | €58141 | p. 9
(page number not for citation purposes)


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

JMIR MEDICAL INFORMATICS Kizaki et al

Acknowledgments

Wewould liketo thank al residents and care staff in the residential facilities operated by SOMPO Care and Mr Daisuke Yamamoto,
BSc, of the SOMPO Care Corporation for his efforts in providing the data. This study was supported by the Japan Society for
the Promotion of Science (JSPS) KAKENHI (JP22K 19657).

Data Availability

Permission to provide data to individuals other than this study’s investigators was not included under ethical approval and would
require a new application for approval. The anonymized analyzed data may be obtained from the corresponding author upon
reasonable request.

Authors Contributions

HK, HS, and SH designed this study. HK, HS, and SE conducted the annotation and created the annotation guidelines. HK
performed the data analysis, created the NLP model, and conducted al the experiments. SW supported the development of the
NLP model from an NL P technical perspective. Sl and Y S advised on this study’s concepts and processes. HS and SH supervised
this study. All the authors have reviewed and approved the final paper. Authors HK (hayatokizaki625@keio.jp) and HS
(satoh@mol.f.u-tokyo.ac.jp) are co-corresponding authors for this article.

Conflicts of Interest

HK, SE, SW, Sl, and SH declare no conflicts of interest. YS and HS are researchers in a laboratory that received grants from
SOMPO Careg, Inc.

Multimedia Appendix 1

Hyperparameters of each model and label distribution of training and test data.
[DOCX File, 40 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Extrapolation results of the fine-tuned Tohoku-BERT (Bidirectional Encoder Representations From Transformers).
[DOCX File, 39 KB-Multimedia Appendix 2]

References

1.  Heinrich HW. Industrial Accident Prevention: A Scientific Approach. US. McGraw-Hill book Company; 1931.

2. Khammissa RA, Nemutandani S, Shangase SL, Feller G, Lemmer J, Feller L. The burnout construct with reference to
healthcare providers: a narrative review. SAGE Open Med. 2022;10:20503121221083080. [FREE Full text] [doi:
10.1177/20503121221083080] [Medline: 35646362]

3. Khatri N, Brown GD, Hicks LL. From ablame culture to ajust culture in health care. Health Care Manage Rev.
2009;34(4):312-322. [doi: 10.1097/HM R.0b013e3181a3b709] [Medline: 19858916]

4. Hamed MMM, Konstantinidis S. Barriersto incident reporting among nurses: a qualitative systematic review. West JNurs
Res. 2022;44(5):506-523. [doi: 10.1177/0193945921999449] [Medline: 33729051]

5. Oweidat I, Al-Mugheed K, Alsenany SA, Abdelaliem SMF, Alzoubi MM. Awareness of reporting practices and barriers
to incident reporting among nurses. BMC Nurs. 2023;22(1):231. [FREE Full text] [doi: 10.1186/s12912-023-01376-9]
[Medline: 37400810]

6. HuangH, Chen J, Xiao M, Cao S, Zhao Q. Experiences and responses of nursing students as second victims of patient
safety incidentsinaclinical setting: amixed-methods study. JNurs Manag. 2020;28(6):1317-1325. [doi: 10.1111/jonm.13085]
[Medline: 32654338]

7.  WuAW. Medicd error: the second victim. The doctor who makes the mistake needs help too. BMJ. 2000;320(7237):726-727.
[FREE Full text] [doi: 10.1136/bmj.320.7237.726] [Medline: 10720336]

8. NayaKk, Aikawa G, Ouchi A, IkedaM, Fukushima A, Yamada S, et a. Second victim syndrome in intensive care unit
healthcare workers. a systematic review and meta-analysis on types, prevalence, risk factors, and recovery time. PLoS One.
2023;18(10):€0292108. [FREE Full text] [doi: 10.1371/journal.pone.0292108] [Medline: 37788270]

9.  Hérkdnen M, Saano S, Vehviléinen-Julkunen K. Using incident reportsto inform the prevention of medication administration
errors. JClin Nurs. 2017;26(21-22):3486-3499. [doi: 10.1111/jocn.13713] [Medline: 28042673]

10. Aseeri M, Banasser G, Baduhduh O, Baksh S, Ghalibi N. Evaluation of medication error incident reports at a Tertiary Care
Hospital. Pharmacy (Basel). 2020;8(2):69. [FREE Full text] [doi: 10.3390/pharmacy8020069] [Medline: 32325852]

11. RobertsHI, Kinlay M, Debono D, Burke R, Jones A, Baysari M. Nurses' medication administration workarounds when
using electronic systems. an analysis of safety incident reports. Stud Health Technol Inform. 2023;304:57-61. [doi:
10.3233/SHT1230369] [Medline: 37347569]

https://medinform.jmir.org/2024/1/e58141 JMIR Med Inform 2024 | vol. 12 | €58141 | p. 10
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v12i1e58141_app1.docx&filename=94b912b694fd16db69b119efa2ec768d.docx
https://jmir.org/api/download?alt_name=medinform_v12i1e58141_app1.docx&filename=94b912b694fd16db69b119efa2ec768d.docx
https://jmir.org/api/download?alt_name=medinform_v12i1e58141_app2.docx&filename=24bc81ba1529f2ae25b6311098e89bba.docx
https://jmir.org/api/download?alt_name=medinform_v12i1e58141_app2.docx&filename=24bc81ba1529f2ae25b6311098e89bba.docx
https://journals.sagepub.com/doi/10.1177/20503121221083080?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20503121221083080
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35646362&dopt=Abstract
http://dx.doi.org/10.1097/HMR.0b013e3181a3b709
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19858916&dopt=Abstract
http://dx.doi.org/10.1177/0193945921999449
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33729051&dopt=Abstract
https://bmcnurs.biomedcentral.com/articles/10.1186/s12912-023-01376-9
http://dx.doi.org/10.1186/s12912-023-01376-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37400810&dopt=Abstract
http://dx.doi.org/10.1111/jonm.13085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32654338&dopt=Abstract
https://europepmc.org/abstract/MED/10720336
http://dx.doi.org/10.1136/bmj.320.7237.726
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10720336&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0292108
http://dx.doi.org/10.1371/journal.pone.0292108
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37788270&dopt=Abstract
http://dx.doi.org/10.1111/jocn.13713
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28042673&dopt=Abstract
https://www.mdpi.com/resolver?pii=pharmacy8020069
http://dx.doi.org/10.3390/pharmacy8020069
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32325852&dopt=Abstract
http://dx.doi.org/10.3233/SHTI230369
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37347569&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Kizaki et al

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.
30.

31.

32.

Cattell M, Hyde K, Bell B, Dawson T, Hills T, lyen B, et al. Retrospective review of medication-related incidents at amajor
teaching hospital and the potential mitigation of these incidents with electronic prescribing and medicines administration.
Eur J Hosp Pharm. 2024;31(4):295-300. [doi: 10.1136/ejhpharm-2022-003515] [Medline: 36868849]

ThomasB, PallivalapilaA, El Kassem W, Al Hail M, Paudyal V, McLay J, et al. Investigating theincidence, nature, severity
and potential causality of medication errorsin hospital settingsin Qatar. Int J Clin Pharm. 2021;43(1):77-84. [FREE Full
text] [doi: 10.1007/s11096-020-01108-y] [Medline: 32767219]

Hérkanen M, Vehvildinen-Julkunen K, Franklin BD, Murrells T, Rafferty AM. Factorsrelated to medication administration
incidentsin England and Wales between 2007 and 2016: aretrospectivetrend analysis. JPatient Saf. 2021;17(8):e850-e857.
[doi: 10.1097/PTS.0000000000000639] [Medline: 32168268]

Takahashi M, Okudera H, Wakasugi M, Sakamoto M, Shimizu H, Wakabayashi T, et al. Describing and quantifying
wrong-patient medication errors through a study of incident reports. Drug Healthc Patient Saf. 2022;14:135-146. [doi:
10.2147/DHPS.S371574] [Medline: 36039072]

Cottell M, Watterbjork |, Halleberg Nyman M. Medication-related incidents at 19 hospitals: a retrospective register study
using incident reports. Nurs Open. 2020;7(5):1526-1535. [FREE Full text] [doi: 10.1002/nop2.534] [Medline: 32802373]
Algenae FA, Steinke D, Carson-Stevens A, Keers RN. Analysis of the nature and contributory factors of medication safety
incidents following hospital discharge using National Reporting and Learning System (NRLS) data from England and
Wales: amulti-method study. Ther Adv Drug Saf. 2023;14:20420986231154365. [FREE Full text] [doi:
10.1177/20420986231154365] [Medline: 36949766]

Howell A, Burns EM, Bouras G, Donaldson LJ, Athanasiou T, Darzi A. Can patient safety incident reports be used to
compare hospital safety? Results from a quantitative analysis of the english national reporting and learning system data.
PL0OS One. 2015;10(12):€0144107. [FREE Full text] [doi: 10.1371/journal.pone.0144107] [Medline: 26650823]

Scott J, Dawson P, Heavey E, De Brin A, Buttery A, Waring J, et al. Content analysis of patient safety incident reports for
older adult patient transfers, handovers, and discharges: do they serve organizations, staff, or patients? J Patient Saf.
2021;17(8):e1744-e1758. [doi: 10.1097/PTS.0000000000000654] [Medline: 31790011]

Kizaki H, Yamamoto D, Maki H, Masuko K, Konishi Y, Satoh H, et al. Medication incidents associated with the provision
of medication assistance by non-medical care staff inresidential carefacilities. Drug Discov Ther. 2024;18(1):54-59. [FREE
Full text] [doi: 10.5582/ddt.2023.01073] [Medline: 38417897]

Nishioka S, Asano M, Yada S, Aramaki E, YajimaH, Yanagisawa Y, et al. Adverse event signal extraction from cancer
patients' narratives focusing on impact on their daily-life activities. Sci Rep. 2023;13(1):15516. [doi:
10.1038/s41598-023-42496-1] [Medline: 37726371]

Nishioka S, Watanabe T, Asano M, Yamamoto T, Kawakami K, Yada S, et al. Identification of hand-foot syndrome from
cancer patients blog posts: BERT-based deep-learning approach to detect potential adverse drug reaction symptoms. PL0S
One. 2022;17(5):e0267901. [FREE Full text] [doi: 10.1371/journal.pone.0267901] [Medline: 35507636]

Chaichulee S, Promchai C, Kaewkomon T, Kongkamol C, Ingviya T, Sangsupawanich P. Multi-label classification of
symptom terms from free-text bilingual adverse drug reaction reports using natural language processing. PLoS One.
2022;17(8):e0270595. [FREE Full text] [doi: 10.1371/journal.pone.0270595] [Medline: 35925971]

Wang Y, Coiera E, Runciman W, Magrabi F. Using multiclass classification to automate the identification of patient safety
incident reports by type and severity. BMC Med Inform Decis Mak. 2017;17(1):84. [FREE Full text] [doi:
10.1186/s12911-017-0483-8] [Medline: 28606174]

Mathew F, Wang H, Montgomery L, Kildea J. Natural language processing and machine learning to assist radiation oncology
incident learning. J Appl Clin Med Phys. 2021;22(11):172-184. [EREE Full text] [doi: 10.1002/acm?2.13437] [Medline:
34610206]

Nguyen M, Beidler P, Lybarger K, Anderson A, Holmberg O, Kang J, et al. Automatic prediction of severity score of
incident learning reportsin radiation oncology using natural language processing. Int J Radiat Oncol, Biol, Phys. Nov
2022;114(3):S93-S94. [doi: 10.1016/}.ijrobp.2022.07.510]

Young IJB, Luz S, Lone N. A systematic review of natural language processing for classification tasks in the field of
incident reporting and adverse event analysis. Int JMed Inform. 2019;132:103971. [doi: 10.1016/].ijmedinf.2019.103971]
[Medline: 31630063]

Kizaki H, Yamamoto D, Satoh H, Masuko K, Maki H, Konishi Y, et al. Analysis of contributory factorsto incidents related
to medication assistance for residents taking medicines in residential care homes for the elderly: a qualitative interview
survey with care home staff. BM C Geriatr. 2022;22(1):352. [FREE Full text] [doi: 10.1186/s12877-022-03016-4] [Medline:
35459105]

Reason J. Managing the risks of organizational accidents. United Kingdom. ASHGATE; 1997.

Landis JR, Koch GG. The measurement of observer agreement for categorical data. Biometrics. 1977;33(1):159-174.
[Medline: 843571]

cl-tohoku/bert-base-japanese-whol e-word-masking. Hugging Face. URL: https://huggingface.co/cl-tohoku/
bert-base-japanese-whol e-word-masking [accessed 2024-02-07]

MeCab: yet another part-of-speech and morphological analyzer. URL: https://taku910.github.io/mecabl/ [accessed 2024-02-29]

https://medinform.jmir.org/2024/1/e58141 JMIR Med Inform 2024 | vol. 12 | €58141 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.1136/ejhpharm-2022-003515
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36868849&dopt=Abstract
https://europepmc.org/abstract/MED/32767219
https://europepmc.org/abstract/MED/32767219
http://dx.doi.org/10.1007/s11096-020-01108-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32767219&dopt=Abstract
http://dx.doi.org/10.1097/PTS.0000000000000639
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32168268&dopt=Abstract
http://dx.doi.org/10.2147/DHPS.S371574
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36039072&dopt=Abstract
https://europepmc.org/abstract/MED/32802373
http://dx.doi.org/10.1002/nop2.534
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32802373&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/20420986231154365?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20420986231154365
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36949766&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0144107
http://dx.doi.org/10.1371/journal.pone.0144107
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26650823&dopt=Abstract
http://dx.doi.org/10.1097/PTS.0000000000000654
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31790011&dopt=Abstract
https://dx.doi.org/10.5582/ddt.2023.01073
https://dx.doi.org/10.5582/ddt.2023.01073
http://dx.doi.org/10.5582/ddt.2023.01073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38417897&dopt=Abstract
http://dx.doi.org/10.1038/s41598-023-42496-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37726371&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0267901
http://dx.doi.org/10.1371/journal.pone.0267901
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35507636&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0270595
http://dx.doi.org/10.1371/journal.pone.0270595
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35925971&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0483-8
http://dx.doi.org/10.1186/s12911-017-0483-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28606174&dopt=Abstract
https://europepmc.org/abstract/MED/34610206
http://dx.doi.org/10.1002/acm2.13437
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34610206&dopt=Abstract
http://dx.doi.org/10.1016/j.ijrobp.2022.07.510
http://dx.doi.org/10.1016/j.ijmedinf.2019.103971
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31630063&dopt=Abstract
https://bmcgeriatr.biomedcentral.com/articles/10.1186/s12877-022-03016-4
http://dx.doi.org/10.1186/s12877-022-03016-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35459105&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=843571&dopt=Abstract
https://huggingface.co/cl-tohoku/bert-base-japanese-whole-word-masking
https://huggingface.co/cl-tohoku/bert-base-japanese-whole-word-masking
https://taku910.github.io/mecab/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Kizaki et al

33. UTH-BERT: aBERT pre-trained with Japanese clinical text. URL: https://ai-health.m.u-tokyo.ac.jp/home/research/uth-bert
[accessed 2024-02-07]

34. izumi-lab/electra-base-japanese-discriminator. Hugging Face. URL : https://huggingface.co/izumi-lab/
el ectra-base-japanese-discriminator [accessed 2024-02-07]

Abbreviations

IAA: interannotator agreement

BERT: Bidirectional Encoder Representations From Transformers
ELECTRA: Encoder That Classifies Token Replacements Accurately
NLP: natural language processing

UTH: University of Tokyo Hospital

Edited by C Lovis; submitted 07.03.24; peer-reviewed by SMatsuda, T Tachi; comments to author 05.04.24; revised version received
23.05.24; accepted 16.06.24; published 23.07.24

Please cite as:

Kizaki H, Satoh H, Ebara S, Watabe S, Sawada Y, Imai S, Hori S

Construction of a Multi-Label Classifier for Extracting Multiple Incident Factors From Medication Incident Reports in Residential
Care Facilities: Natural Language Processing Approach

JMIR Med Inform 2024;12:€58141

URL: https://medinform.jmir.org/2024/1/€58141

doi: 10.2196/58141

PMID:

©Hayato Kizaki, Hiroki Satoh, Sayaka Ebara, Satoshi Watabe, Yasufumi Sawada, Shungo Imai, Satoko Hori. Originally published
inIMIR Medical Informatics (https://medinform.jmir.org), 23.07.2024. Thisis an open-access article distributed under the terms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first publishedin IMIR Medical Informatics, is properly
cited. The complete bibliographic information, alink to the original publication on https://medinform.jmir.org/, as well as this
copyright and license information must be included.

https://medinform.jmir.org/2024/1/e58141 JMIR Med Inform 2024 | vol. 12 | €58141 | p. 12
(page number not for citation purposes)

RenderX


https://ai-health.m.u-tokyo.ac.jp/home/research/uth-bert
https://huggingface.co/izumi-lab/electra-base-japanese-discriminator
https://huggingface.co/izumi-lab/electra-base-japanese-discriminator
https://medinform.jmir.org/2024/1/e58141
http://dx.doi.org/10.2196/58141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

