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Abstract

The China Conference on Knowledge Graph and Semantic Computing (CCKS)
2020 Evaluation Task 3 addressed clinical named entity recognition and event
extraction for Chinese electronic medical records. Two annotated datasets and
additional resources for these two subtasks were provided to participants. This
evaluation competition attracted 354 teams, of which 46 successfully submitted
valid results. Pre-trained language models were widely applied in this evaluation
task. Data augmentation and external resources were also helpful.
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Abstract

The China Conference on Knowledge Graph and Semantic Computing (CCKS)
2020 Evaluation Task 3 focused on clinical named entity recognition and event
extraction for Chinese electronic medical records. Participants were provided
with two annotated datasets and additional resources for these subtasks. The
competition attracted 354 teams, with 46 successfully submitting valid results.
Pre-trained language models were widely applied, and data augmentation tech-
niques along with external resources proved helpful.

1. Introduction

The China Conference on Knowledge Graph and Semantic Computing (CCKS),
founded in 2016 and organized by the Chinese Information Processing Society
of China, provides evaluation tasks to promote technological development in
knowledge graph and semantic computing. In 2020, CCKS offered eight evalua-
tion tasks, with Task 3 focusing specifically on named entity recognition (NER)
and event extraction (EE) in Chinese electronic medical records (EMRs).

EMRs represent the core assets of hospitals and typically exist as semi-
structured data containing substantial free text. Despite accumulating vast
quantities of EMR data, most remain underutilized due to the difficulty of
processing free text. NER and EE serve as essential techniques for extracting
useful information from such text. NER in EMRs, also known as clinical named
entity recognition (CNER), enables identification of diseases, drugs, and other
medical entities. The most popular NER methods employ sequence labeling
based on long short-term memory (LSTM) [?, ?, ?] or bidirectional encoder
representations from transformers (BERT) [?]. Clinical event extraction
identifies medical events such as tumor sites, tumor sizes, and metastasis
locations, with LSTM, BERT, and other methods applied to this task.

Traditional NER and EE rely on supervised models, yet annotating clinical in-
formation proves far more challenging than general domain annotation. While
public medical datasets exist for NER tasks, such as i2b2 [?], ShARe CLEF
eHealth [?], and SemEval [?], Chinese medical datasets remain scarce. To ad-
vance semantic analysis of Chinese EMRs, the Knowledge Engineering Group
of Tsinghua University and Yiducloud Beijing Technology Co., Ltd. organized
this evaluation challenge at CCKS 2020. The datasets, provided by Yiducloud,
are restricted to CCKS evaluation purposes only.

2. Related Work

CCKS 2020 Task 3 centers on NER and EE in Chinese EMRs, which have long
been core problems in natural language processing.
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2.1 Chinese NER

Named entity recognition involves locating and classifying words or expressions
in unstructured text. In English NER, LSTM-CRF (Conditional Random Field)
models [?, ?, 7] represent a classic approach that leverages both character-level
and word-level representations to achieve state-of-the-art results. Chinese NER
presents greater difficulty than English because Chinese sentences lack natural
segmentation. A common approach involves first performing word segmenta-
tion with an existing Chinese word segmentation (CWS) system, then applying
a word-based NER model. However, this pipeline method suffers from error
propagation, as CWS errors inevitably affect NER performance. Consequently,
some approaches employ character-based NER models directly [?, ?]. The lim-
itation of purely character-based models is that they fail to fully exploit word
information. To incorporate word information in Chinese NER, recent methods
such as [?, 7, 7, 7, 7] utilize automatically constructed lexicons.

2.2 Event Extraction

Events represent a common yet crucial knowledge type, making event identi-
fication and argument extraction important for many applications. DMCNN
[?] is a classic EE model that uses convolutional neural networks to learn se-
mantic features from raw text at both lexical and sentence levels. JRNN [?]
employs recurrent neural networks to integrate discrete features with automati-
cally learned features. JMEE [?] utilizes graph convolutional networks to jointly
extract multiple event triggers and arguments by introducing syntactic short-
cut arcs to enhance information flow and employing attention-based GCNs to
model graph information. Recently, event extraction has been explicitly cast as
a machine reading comprehension (MRC) problem [?], with MRC models used
to solve the task.

2.3 NER and EE in Clinical Text

Clinical text information extraction has gained increasing importance in recent
years. TREC pioneered shared tasks in clinical natural language processing,
focusing on identifying relevant and irrelevant documents. Other evaluation
tasks include ImageCLEFmed [?] and i2B2 [?]. For clinical NER, LSTM units
combined with conditional random field classifiers [?] are used in NER compo-
nents. Unsupervised methods [?] build clinical NER systems without manual
annotation by training models on automatically annotated corpora followed by
self-training iterations. For EE in clinical text, bidirectional long short-term
memory networks assisted by attention mechanisms [?] help uncover important
aspects of patients’ medical conditions.
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3. Task Definition
3.1 Clinical Named Entity Recognition

Given free text from EMRs, this task aims to identify clinical entity mentions
and classify them into predefined categories. A novel method has been presented
for training clinical NER systems without manual annotations, requiring only
a raw text corpus and a resource like the Unified Medical Language System
(UMLS) that provides lists of named entities with semantic types. Using these
resources, annotations are automatically obtained to train machine learning
methods, which were evaluated on the NER shared-task datasets of i2b2 2010
and SemEval 2014.

3.1.1 Formalized Definition We formally define this task as follows.
Input: (1) A document collection from EMR: D = {di,...,d;,...,dx},

where d; = (w;1,...,w;,); (2) A set of predefined categories: C =
{1, yem ) Output:  Collections of entity mention-category pairs:
{(mh le)a L) (mia Cmi)’ A (mp’ Cmp)}'

Here, m; = (d,, b,, ;) represents the entity mention in document d,, where b; and

e; denote the start and end positions of m;, respectively, and ¢,,; € C represents
the category of m,;. Overlap between mentions is not allowed, requiring e; <

bi+1'

3.1.2 Pre-defined Categories Six categories are defined as follows: (1) Dis-
ease and diagnose (Dis); (2) Imaging examination (ImgExam); (3) Laboratory
examination (LabExam); (4) Operation; (5) Drug; (6) Anatomy.

3.2 Clinical Event Extraction

3.2.1 Formalized Definition This task is formally defined as follows. In-
put: (1) Event entity; (2) A document collection from EMR: D = {d, ... ,dy},
where d; = (w;q, ..., w;,,); (3) A set of predefined attributes: P = {p;,ps, ..., D }-
Output: Collections of attribute entities: {[d;, (p;, (s1,52,-,5;))]}, Where
1<i<Nand1<j53<m.

Here, s, is the entity of attribute p; from document d;. There may be zero or

multiple entities for each attribute.

3.2.2 Pre-defined Attributes The three predefined attributes are: (1) Tu-
mor Primary Site; (2) Tumor Size; (3) Tumor Metastatic Site.

4. Datasets

The datasets were provided by Yiducloud Beijing Technology Co., Ltd., which
organized a professional medical team for annotation. These datasets are re-
stricted to CCKS evaluation only. Compared with the CNER task in CCKS
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2019, the annotated dataset is approximately four times larger. Additionally,
Yiducloud provided an entity vocabulary and substantial unannotated data as
supplementary resources for participants. The statistics of the CNER dataset
are shown in Table 1 .

The clinical event extraction dataset includes a labeled training set, an unla-
beled set, and a vocabulary, making this challenge more reflective of real-world
scenarios. The statistics of the clinical event extraction datasets are shown in
Table 2 .

Table 1. The statistics of clinical named entity recognition data set.

Train Unlabeled Train  Unlabeled ImgExanl.abExanOperation AnatomyTotal

Table 2. The statistics of clinical event extraction data set.

TumorPrimarySite TumorSize TumorMetastaticSite Total

5. Evaluation Metrics
5.1.1 Strict Metric

Two evaluation metrics are employed: strict metric and relaxed metric. The
extracted entities set is denoted as S and the gold entities set as G.

For the strict metric, s; € S equals g; € G when they are exactly the same: (1)
The start position of s; equals that of g;; (2) The end position of s; equals that
of g;; (3) The category of s; equals that of g;. The strict Precision, Recall, and
F1 can be calculated accordingly.

5.1.2 Relaxed Metrics

The relaxed metric does not require s; € S and g; € G to be exactly identical;
they need only meet the following requirements: (1) The maximum value of the
start positions of s; and g; is less than or equal to the minimum value of the
end positions of s; and g;; (2) The category of s; equals that of g;. The relaxed
Precision, Recall, and F1 can be calculated accordingly.

5.2 Clinical Event Extraction

There may be multiple attribute entities for a single event attribute. Precision,
Recall, and F1 are calculated based on attribute entities rather than attributes.
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6. Results and Discussion

This evaluation attracted 354 teams, with 46 successfully submitting results.
Thirty-two teams submitted results and five evaluation papers for the clinical
named entity recognition task, while fourteen teams submitted results and three
papers for the clinical event extraction task. The top teams are listed in Table
3 and Table 4 | respectively.

Table 3. The results of clinical named entity recognition.

Affiliation Score

CASTA&Unisound AI Technology Co., Ltd.
Medical AI Lab, Tencent Holdings Ltd.
Lantone

HFUT&SCUT

SZU_{IC}

mAIQpumc

Table 4. The results of clinical event extraction.

Affiliation Score

Knowledge Graph Group, Baidu, Inc.
Medical AI Lab, Tencent Holdings Ltd.
araloak

zhjohnchan

cecbrain

6.1 Clinical Named Entity Recognition

For the clinical named entity recognition task, the Top 1 and Top 2 teams
achieved very close scores, with both focusing on the label inconsistency problem
in CNER.

The Top 1 team, from the Institute of Automation, Chinese Academy of Sciences
(CASTA) and Unisound AI Technology Co., Ltd., proposed a hybrid system
comprising a semi-supervised noisy label learning model based on adversarial
training and a rule-based post-processing module. They adopted a five-fold
cross-voting mechanism to handle annotation inconsistency in the dataset, used
model ensemble and semi-supervised training to address insufficient training
data, and applied adversarial training to reduce both aleatoric and epistemic
uncertainty.

Based on submitted papers, we draw the following conclusions: (1) Pre-trained
language models (PLMs) like BERT or ELMO [?] are widely applied, with their
use becoming common sense among participants. Most teams did not simply
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apply the general BERT model but utilized models pre-trained on Chinese docu-
ments, such as RoOBERTa-wwm [?]. Some teams even collected Chinese medical
documents and pre-trained PLMs on these in-domain sources. PLM usage in
this year’ s evaluation was more diverse than in previous CCKS competitions.
(2) Model ensemble was employed by most teams, with ensembled models typ-
ically outperforming single models. Two-stage and k-folder ensemble methods
proved effective. (3) Feature engineering and rules remain valuable. In the clin-
ical domain, many regular patterns exist while annotated data remains limited,
enabling participants to benefit from feature engineering. Some teams incorpo-
rated Chinese word features into their models and achieved stable improvements,
while also introducing rules to mitigate data noise. (4) Semi-supervised methods
were utilized by some participants, who generated pseudo-labels for the 1,000
unlabeled examples using supervised models and trained final models on both
supervised and pseudo-labeled data. (5) Adversarial training was employed by
some teams to train robust models insensitive to unavoidable label noise in the
training data by adding turbulence to word embeddings during training. (6)
Domain vocabulary has traditionally been important for CNER, with partic-
ipants in past evaluations collecting and extending clinical vocabularies from
sources like ICD-10, DrugBank, and health websites such as “haodf.com” and
“xywy.com” . However, this year’ s top three teams did not apply any vocabu-
laries, primarily due to their extensive use of PLMs, suggesting a trend toward
replacing vocabularies with PLMs.

6.2 Clinical Event Extraction

For the clinical event extraction task, the Top 1 team achieved an F1 score of
0.76234 and the Top 2 team achieved 0.74597, making the competition fierce.

The Top 1 team, from the Knowledge Graph Group at Baidu, Inc., proposed
a system primarily based on pre-trained language models. They applied do-
main adaptation and task adaptation during pre-training to improve modeling
capability. To address insufficient training data, they used back-translation to
expand the training set and incorporated entity vocabulary as model input.

Based on submitted papers, we draw the following conclusions: (1) Pre-trained
language models are widely used, with the Top 2 teams applying PLMs in their
models and both selecting RoOBERTa [?] as their backbone, confirming the useful-
ness of PLMs. (2) Data augmentation is crucial due to the difficulty of annotat-
ing clinical documents and resulting limited labeled data. Top teams employed
various augmentation methods, including randomly rearranging sentence order
in each training instance to double the training set, applying back-translation
(translating training instances to English and back to Chinese), and randomly
replacing key information across entire fields. (3) Feature engineering and rules
were utilized by all top teams for pre-processing and post-processing, despite
deep learning models being central to their systems. Pre-processing focused
on obtaining cleaner data and cutting documents to appropriate lengths, while
post-processing rules filtered meaningless results from model outputs.
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7. Conclusion

This paper presents a detailed introduction to CCKS 2020 Task 3 for clinical
named entity recognition and clinical event extraction from Chinese EMRs. Par-
ticipants achieved exciting performances, particularly in the CNER task, with
more varied models than in previous years’ evaluations. Participants approached
the evaluation problems from different perspectives. Through this evaluation,
we hope to attract more researchers to focus on semantic analysis of Chinese

EMRs and encourage greater industry attention to the industrialization of Chi-
nese EMRs.
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