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Abstract

Objective: The electronic medical records (EMRs) corpus for cerebral palsy rehabilitation and its application in downstream
tasks, such as named entity recognition (NER), requires further revision and testing to enhance its effectiveness and
reliability.

Methods: We have devised an annotation principle and have developed an EMRs corpus for cerebral palsy rehabilitation. The
introduction of test-retest reliability was employed for the first time to ensure consistency of each annotator. Additionally, we
established a baseline NER model using the proposed EMRs corpus. The NER model leveraged Chinese clinical BERT and
adversarial training as the embedding layer, and incorporated multi-head attention mechanism and rotary position embed-
ding in the encoder layer. For multi-label decoding, we employed the span matrix of global pointer along with softmax and
cross-entropy.

Results: The corpus consisted of 1405 EMRs, containing a total of 127,523 entities across six different entity types, with 24,424
unique entities after de-duplication. The inter-annotator agreement of two annotators was 97.57%, the intra-annotator
agreement of each annotator exceeded 98%. Our proposed baseline NER model demonstrates impressive performance,
achieving a F1-score of 93.59% for flat entities and 90.15% for nested entities in this corpus.

Conclusions: We believe that the proposed annotation principle, corpus, and baseline model are highly effective and hold
great potential as tools for cerebral palsy rehabilitation scenarios.
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developmental disorders caused by nonprogressive interfer-

ence in the developing brain. The prevalence of CP is Corresponding authors:
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approximately 3.4%o in low- and middle-income countries
and 1.6%o in high-income countriess." CP prevalence
among individuals aged 0-18 in China was found to be
2.07%o, with a higher prevalence in rural areas compared
to urban areas (2.75%o vs. 1.90%o). From 2008 to 2019,
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the prevalence showed a mean annual increase of 38.13%,”
establishing CP as a disorder with a significant disease
burden among Chinese children.> Addressing motor dys-
function should be the primary focus of clinical rehabilita-
tion therapy and research,® as the main symptoms of CP
involve abnormal motor development and posture. The
knowledge base for motor function rehabilitation in CP
can reduce the clinical stress experienced by physicians.
It can also improve the capacity of health services and the
standard of living for children with CP in low- and
middle-income countries, especially in rural areas. The
electronic medical records (EMRs) of patients with CP
encompass abundant diagnostic and treatment information
pertinent to motor function and a wealth of insights pro-
vided by physicians. Therefore EMRs are the main data
source for building the knowledge base. Nevertheless, the
unstructured free text within EMRs necessitates extracting
structured information, such as constructing corpus and
named entity recognition (NER) task, for subsequent ana-
lysis and utilization. Despite the crucial role they play in
advancing knowledge for motor function rehabilitation in
CP, the construction of an EMRs entity corpus and the
task of NER are often overlooked and are not typically
implemented.

The existing medical entity corpus presents considerable
opportunities for further enhancement and refinement.
Firstly, the scarcity of large-scale medical entity corpus is
exacerbated by the high cost of annotation and challenges
in obtaining EMRs, leading to most available corpus
being limited in scale® or sourced from official websites®
and literature’ rather than real EMRs. Subsequently, the
granularity of entity delineation in several Chinese EMRs
corpus does not yet meet practical needs, such as the
CCKS2017 Task 2 and CCKS2018 Task 1,*® in which
the symptom entity right lower limb shortening deformity
is simply divided into body entity right lower limb and
symptom entity shortening deformity. Given the significant
emphasis on body structure and motor function levels in
CP, motor function rehabilitation is necessary.” Using
nested entities to represent medical concepts across
various levels of granularity enables physicians to focus
more precisely on body structures, the aforementioned
example needs to be labeled as the nested body entity
right lower limb within the symptom entity right lower
limb shortening deformity. Furthermore, modified entities
can facilitate doctors in assessing the motor function level
of CP, such as severely reduced muscle tone or slightly
reduced muscle tone. However, the majority of existing
corpus of Chinese EMRs®'*!'! have not incorporated modi-
fied entities. Thirdly, many studies verify only the consist-
ency among annotators,s’12 that is, inter-annotator
agreement (IAA (2,2)), but they often overlook the consist-
ency of the annotators’ own annotations. This oversight
may compromise the quality and credibility of the corpus.
Therefore, such a corpus, with a suitable scale and high

credibility based on real EMRs, would greatly facilitate
clinical applications related to CP and provide valuable
insights for research and development in the field.

NER is a natural language processing technology that
extracts clinical concepts, including diseases, symptoms,
drugs, and other medical named entities, from EMRs.
Several machine learning-based algorithms, such as
hidden Markov model (HMM)'? and conditional random
field (CRF),'* have been applied to NER. Compared to
machine learning-based approaches, deep-learning-based
methods can automatically extract features, thereby minim-
izing the need for feature engineering. Therefore, the
current dominant paradigm for NER is the deep-learning-
based approach, such as the bidirectional long short-term
memory (BILSTM)!® and BIiLSTM-CRF model.'®
Further, within deep-learning models, pre-trained models
based on transformer'’ are initially trained and unsuper-
vised on extensive text data to acquire generic word repre-
sentations, which are subsequently fine-tuned using
domain-specific data. This approach can notably enhance
the model’s efficacy in low-resource tasks and facilitate
adaptation to downstream applications.'® The bidirectional
encoder representation from transformers (BERT)' model
is the most prominent pre-trained model in the academic
community. Its variants include bertcner in the clinical
area of Chinese, as well as the BERT-base in the general
domain of Chinese.”* When recognizing medical entities,
the clinical BERT performs better than the general BERT.?'
The BERT-BiLSTM-CRF framework, which integrates the
BERT model with BiLSTM-CRF, currently stands as the
most commonly employed framework in NER task.?’ Other
researchers have also employed multi-head attention mechan-
ism to obtain better results.>'? In contrast to the CRF, the
global pointer (GP) network has the capability to recognize
nested entities.”” Given the ability of the attention mechanism
to dynamically adjust attention weights for capturing critical
information and the proficiency of the GP in parsing nested
entities, it is reasonable to assume that a NER model based
on Chinese clinical BERT, the attention mechanism and GP
network can achieve excellent performance in recognizing
nested entities within the EMRs of the CP.

Therefore, to address the existing lack of an EMRs
corpus for CP, we created a high-quality corpus with an
improved scale and suitable for clinical tasks. We devel-
oped the principles of named entity annotation for EMRs
of CP under the direction of medical experts and controlled
the quality of the annotations throughout. The EMRS corpus
of CP was developed using 1405 EMRs from 281 patients
with CP. Moreover, we compared the performance of
HMM, CRF, BiLSTM, BERT, attention mechanism, and
other approaches to discover a NER model suitable for
this corpus. The experiment proves that the Chinese clinical
BERT + multi-head attention mechanism + GP strategy
outperformed other strategies and was effective in recogniz-
ing nested medical entities.
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Methods

Corpus construction

The procedure for constructing the EMRs entity corpus is
illustrated in Figure 1, including the establishment of the
annotation principles, pre-annotation, and formal annotation.

Annotation principles. Creating reasonable annotation princi-
ples and strictly adhering to them during the annotation pro-
cedure are the most crucial steps in constructing the EMRs
entity corpus. In Step 1 (shown in Figure 1), with the assist-
ance of medical experts, the initial draft of the annotation
principles was created with reference to the 2010 i2b2 anno-
tation guidelines,”> Chinese medical text annotation guide-
lines,* and the Unified Medical Language System
(UMLS) semantic types. Exploring the recognition of modi-
fied entities is essential because modified information is
crucial for clinicians to assess the severity of a patient’s con-
dition. Therefore, six types—SYMPTOM, BODY,
TREATMENT, DISEASE, CHECK, and ADJUNCT—
were used in the annotation principles to classify the
medical entities. Further details on entity boundaries and

types, as well as general annotation principles, can be
found in Appendix A.2.

Preparatory work. Data preparation: The flow chart for
inclusion and exclusion of patients with CP is shown in
Figure 2. The inclusion criteria were as follows: patients
must meet all three of the following criteria: (a) having a
discharge diagnosis of CP, (b) receiving inpatient treatment,
and (c) CP listed as the first-listed diagnosis. The exclusion
criteria were as follows: patients are excluded if they meet
one of the following criteria: (a) five categories of EMRs are
incomplete, including medical history characteristics, dis-
charge summary, history of present illness, diagnosis
basis, and hospital course, or (b) the presence of other
motor function diseases that could significantly affect
motor function. As our study utilizes historical EMRs and
does not involve the collection of blood or other biological
samples, written informed consent from each patient was
not required. Instead, the study was reviewed and approved
by the ethics committee, which waived the need for individ-
ual consent given the nature of the data used. After obtain-
ing approval from the ethics committee of the Children’s

Step 1 Step 2

Step 3

Build the annotation principle
draft and annotator training.

The first three rounds of pre-annotation
and inter-annotator agreement(lAA (2,2)).

The fourth round of formal annotation
and intra-annotator agreement (I1AA (2,1)).

Train annotators(Al
and A2) to be

familiar with the I\/-

® Calculate entity
level IAA (2,2)
and label level

annotation principle
TAA (2,2).

and the use of
annotation platform.

EMRs
Build the annotation & annotation EMRs were randomly
e Th tation principl )
principle draft with  procaomn | PYInCiPal g selected for subsequent | == (=)
medical professionals.  UMLS and EMRs round of pre-annotation. annotation. ; ; ;
annotation principle.
random
selection
Round 4-1: ®
10 x 5 EMRs are used %] Al
10 x S EMRs ; Update for the final entity PY
Select the data are labeled by % annotation level IAA (2,2). 10x SEMRs ({3
@ s
annotation platform. ) Al and'AZ, principle
https:/labelstud.io/ respectively. 10x5EMRs B8
Round 4-2 ~ 4-10: ( —
The IAA (2,1) was
assessed with [1 X 5 B 1

EMRS
@ : TAA(,1) of Al or A2 is random.

Analyze inconsistent
labeling between A1
and A2.

EMRs| once every
interval for a total
of 5 times. 10

: annotate by Al or A2 respectively.

After round 4-11:

Al and A2
respectively label the
remaining EMRs.

Figure 1. Overall flow chart of corpus construction. (Step 1) Under the guidance of medical experts and by referencing existing annotation
guidelines, an initial draft of entity annotation principles for CP EMRs was developed. After the annotators (A1 and A2) became familiar
with the annotation principles, a portion of EMRs were chosen for training on the annotation platform. (Step 2) Three rounds of
pre-annotation were then conducted. In each round of pre-annotation, two annotators independently labeled the same 10 x 5 EMRs. The
annotation principles were refined based on evaluations of inter-annotator agreement (IAA (2,2)) and analyses of discrepancies between
the annotators. (Step 3) The objective of the fourth round is to focus on intra-annotator agreement (IAA (2,1)) and the annotation of the
remaining EMRs. First, 10 x5 EMRs were selected to assess the final IAA (2,2). Then, [1 x5 EMRs] were randomly selected to each
annotator, two annotators repeated the labeling of the [1 x5 EMRs] five times without the annotator’s awareness. The IAA (2,1) was
calculated across these five annotations to evaluate the consistency of each annotator’s entities over time.
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2167 patients were hospitalized with a discharge diagnosis of CP

73 excludeed (the first-listed diagnosis is not CP)

2094 patients had CP listed as their first-listed diagnosis

1800 excludeed (incomplete electronic medical records)

294 patients had complete electronic medical records

{13 excludeed (other motor function diseases)

2 broken bones

6 with scoliosis

3 with unequal length of both lower limbs
2 with hip dysplasia

281 patients do not have other diseases affecting motor functions

Figure 2. Flowchart for selection criteria of patients with cerebral palsy (CP).

Hospital Attached to Chongqing Medical University, 281
patients who satisfied both the inclusion and exclusion cri-
teria were selected for this study. Of the 281 patients, 100
patients were hospitalized more than once, resulting in add-
itional EMRs. However, given that the EMRs of the same
patient across different times are relatively similar, and to
balance the cost of labeling with the diversity of the
corpus, this study included only the EMRs from the first hos-
pitalization of each patient. With each patient contributing
five categories of EMRs, so we have 1405 EMRs (281 x5
EMRs, 281 represents the number of patients and 5 repre-
sents five categories EMRs of each patient). Prior to labeling,
sensitive data from the EMRs, such as the patient’s name, ID
number, contact information, residential address, and
doctor’s name, were removed through data desensitization.

Personnel training: In this study, two annotators
(marked as Al and A2), both master’s degree candidates
in medical fields, were involved in the annotation process.
After the annotators (Al and A2) became familiar with
the annotation principles, a portion of EMRs were chosen
for labeling training on the annotation platform (https:/
labelstud.io/). The labeling training aimed to familiarize
annotators with the annotation principles and the proper
usage of annotation platform.

Pre-annotation. The quality of a corpus can be evaluated in
terms of its consistency and size. In contrast to other corpus,

we implemented a more rigorous approach to consistency
control. We conducted TAA (2,2) to assess agreement
between annotators, and we also verified intra-annotator
agreement (IAA (2,1)) for each individual annotator. By
incorporating these measures, we aimed to establish stan-
dardized corpus. We initially developed a draft of the anno-
tation principles specific to EMRs oriented towards CP
rehabilitation. Through multiple iterations of annotation
and revision, we ensured a satisfactory level of consistency
in the annotated data.

As shown in Figure 1, a pre-annotation procedure is exe-
cuted to ensure a high level of IAA (2,2) in Step 2. At this
stage, we performed random sampling without replacement
on a subset of 30 X5 EMRs out of the total 281 x5 EMRs.
These sampled EMRs were evenly divided into three
groups to complete three rounds of pre-annotation. The pre-
annotation procedure was as follows:

1. Two annotators independently labeled the same 10 x5
EMRs.

2. The TAA (2,2) was assessed, and the inconsistencies
between the two annotators were analyzed.

3. Under the guidance of medical experts, the annotation
principles were updated.

4. The process then returns to step (1) to initiate the subse-
quent round of pre-annotation based on the most
updated annotation principles.
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As the annotation principles in the pre-annotation phase
were still being updated, the 30 x5 EMRs were relabeled
in the formal annotation phase. In this study, 10 x5 EMRs
from each round proved adequate for achieving satisfactory
TIAA (2,2); however, future studies should ascertain the
appropriate pre-annotation size on a case-by-case basis.

Formal annotation. In step 2, the annotation principles
tended to be stable after three rounds of pre-annotation.
Subsequently, the formal annotation phase was launched.
To further determine whether the annotation principles
were stable, we last assessed the IAA (2,2) during the
round 4-1 of formal annotations. Specifically, 10x5
EMRs were drawn from the remaining 251 X5 EMRs by
sampling without replacement. Two annotators independ-
ently annotated the same 10 x5 EMRs, and the IAA (2,2)
was calculated based on the annotation results.

In Step 3 (Figure 1), we focused on the IAA(2, 1) of each
annotator. The concept of test-retest reliability”> was used
to assess [IAA (2,1). 172 x5 EMRs were randomly drawn
from the remaining 241x5 EMRs using sampling
without replacement, and subsequently these 172X%5
EMRs were equally allocated to A1 and A2 for annotation
in round 4-2 to 4-10. Each annotator will completed a total
of 86 X5 EMRs for annotation. The mathematical formula
of this annotation process was 86X5 EMRs=(10x5
EMRs) * 44(9%x5 EMRs) * 54[1x5 EMRs] * 5. *N
indicates the number of rounds of annotation that need to
be completed, whereas *4 signifies that four rounds of
annotations need to be completed. The [1Xx5 EMRs]
were randomly selected to each annotator, two annotators
repeated the labeling of the [1Xx5 EMRs] five times
without the annotator’s awareness. To avoid retrieval prac-
tice effect, the order of [1 X5 EMRs] in which each round
was randomized. IAA (2,1) was represented by the consist-
ency of the annotators’ results for the [1 X5 EMRs] across
the five rounds of annotations.

Finally, the remaining 69 X5 EMRs and 30 x5 EMRs
from the pre-annotation phase were formally annotated by
two annotators. The labeling process took place at the
Children’s Hospital of Chongqing Medical University and
spanned a total of 6 months.

NER methods

The deep-learning-based NER model typically consists of
an embedding layer, a contextual encoder, and a tag
decoder.'® The proposed baseline model utilized the
Chinese clinical BERT + adversarial training (AT) as the
embedding layer, while the encoder layer incorporated
multi-head attention mechanism and rotary position embed-
ding (RoPE). For multi-label decoding, the span matrix of
GP, along with softmax and cross-entropy, were employed.
The network structure of the model is illustrated in Figure 3.

Embedding layer: Since the introduction of BERT,"
pre-trained models for downstream tasks have gained popu-
larity because they can learn universal language representa-
tions. In our model, we utilized a Chinese clinical BERT
called bertcner”® as the base embedding. During the AT
process, small perturbations were introduced to the training
samples, allowing the neural network model to adapt and
increase its robustness by learning to handle these varia-
tions. Therefore, we added perturbations in the gradient dir-
ection specifically to the embedding layer of the Chinese
clinical BERT. Suppose that the embedding vector of a
Chinese clinical BERT is X = [x{, xp, -, x,], perturb-
ation (Ax) is added to original X to obtain the new vector
Xadv, and is used as the final embedding vector.

Xagy = X + Ax 1)

Context encoder: In text processing tasks, multi-head atten-
tion mechanism can extract additional text features from
multiple perspectives and levels. In our model, the
number of multi-head attentions corresponding to the
number of entity types. The particular entity type a in
the input text of length n is encoded and transformed to
obtain the sequence vectors Q = [q1.4, 24> ***» Gnal and
K = T[kia, ko4, -+, kngl. The inner product of the vectors
produces the attention score (equation (2), which serves as
the scoring function for segments i to j corresponding to
entities of type a).

Sa(i, ]) = qi,aTkj,a 2

ROPE is utilized to incorporate positional information in the
attention mechanism, leveraging both boundary information
and contextual relationships between words.”® RoPE uses
the nature of complex number operations to achieve relative
position embedding in the form of absolute position embed-
ding. Specifically, it constructs matrices and corresponding
to positions i and j, respectively, satisfying the relation
R;TR; =R;_;, thereby obtaining a new score (equation
(3)). Meanwhile, RoPE exhibits strong extrapolation cap-
ability and is capable of effectively handling sequences of
random lengths,?® which is beneficial for the subsequent pro-
cessing of long texts.

sa(is J) = Riqi,a) TRk ja) = qia TRiTRkj 4 = qiaTRj—ikja (3)

Tag decoder: In our model, the most widely used CRF
decoder is replaced by the span matrix of GP.?” Decoding
the output of the attention mechanism module with a span
matrix of GP allows for the decoding of nested entities.
For a sentence of length n, the tag decoder architecture
creates z span matrices of size n X n, z indicates the number
of entity types. The row index of mark 1 is the head position
of the entity, and the column index of mark 1 is the tail pos-
ition; therefore, the head and tail boundaries of the entity can
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Figure 3. Network structure of the NER model. The leftmost section

of the figure is labeled with the names of the model modules, while on

the right side, the corresponding details for an example are provided. Take the character string “X{ I i Jl5K 77 N B%” (Decreased muscle
tone in the lower limbs.)” as input, the model outputs the result of entity recognition: [XX ~ Ji]bod([both lower limbs]bod), [IL7K J1]
che([muscle tone]che), and [X % AL5K /7~ B&]sym ([Decreased muscle tone in the lower limbs]sym).

be decoded directly by mark 1 simultaneously. In the
absence of restrictions on entity length and the allowance
for nested entities, a sentence of length n has at most n(n +
1)/2 candidate entities, and f is the real number of given
entities in the sentence, indicating that model need to
select these f target entities from n(rn+ 1)/2 candidate
entities. The simplest approach is to use a sigmoid activa-
tion function, which transforms into a n(n + 1)/2 binary clas-
sification problem. However, n(n + 1)/2 > f, which leads the
problem of severe category imbalance. The single-label clas-
sification problem with softmax and cross-entropy does not
suffer from category imbalance. To solve the category
imbalance problem, Su et al.”® proposed an extension of
softmax and cross-entropy to multi-label classification pro-
blems. This method reduces the multi-label classification
problem to the difference between the target and non-target
scores. The loss function for identifying the entities of type a
is given by equation (4).

log| 1+ Z e | 4 log| 1+ Z ebalid)
(i)EP, (i)€Qu

4)

where P, is the set of all entities of type a (target) of this
sample and Q, is the set of all non-entities or not type a
entities (non-target) of this sample. Note that we only need
to consider combinations with i < j.

Results

Results of corpus construction

Consistency evaluation of corpus. The consistency was cal-
culated using the F-score. The annotation result of one
annotator (Al) was considered the standard annotation,
and the precision (P), recall (R), and F-score of the annota-
tion result of another annotator (A2) were calculated. The
consistency was calculated using equations (5)—(7). The
F-score > 0.8 between two annotation results is considered
to indicate acceptable consistency of the corpus.?’

_ N(Alresult = Azresult)
N (Azresult)

R = N(Alresult = Azresult)
N (Alresull)

)

(6)




Xiao et al.

PXRX2
F=———

P+R @

where Al 1S the annotation result of Al, A2 . 1S the
annotation result of A2, and N is the specific number of
annotation result.

NER task consists of two subtasks, boundary detection
and type identification.'® Exact-match evaluation requires
both the correct identification of the entity boundary and
type.® In this study, the consistency of the entity was
based on exact-match evaluation, which was referred to
as entity-level TAA (2,2) or entity-level TAA (2,1).
Moreover, the consistency of each Chinese character was
evaluated using the BIOES annotation method (B-begin,
I-inside, O-outside, E-end, S-single), called label-level
TAA(2, 2), as shown in Appendix Table A.1. In particular,
the consistency evaluation of a corpus is entity-based. The
label-level IAA (2,2) only aims to obtain richer information
to update the annotation principles and improve the entity-
level IAA (2,2) score. Unless otherwise specified, both IAA
(2,2) and TAA (2,1) refer to entity-based consistency
evaluation.

The overall entity-level IAA (2,2) is provided in Table 1,
while the entity-level IAA (2,2) of six types of entities is
listed in Table 2. By introducing label-level IAA (2,2) infor-
mation(shown in Figure 4), the entity-level IAA (2,2)
reached 97.57% in fourth round. This shows that the intro-
duction of label-level IAA (2,2) is effective in updating the
annotation principles and enhancing entity-level IAA (2,2).
The detailed discussions of label-level IAA (2,2) are pre-
sented in Appendix A.3. In addition, equations (5)—(7)
were used to calculate IAA (2,1), where and A2 g are
the results of each repetition of [1 X 5 EMRs] for each anno-
tator, and N is the total number of entities in the annotation
result. The TAA (2,1) for A1 and A2 both exceeded 98%
(shown in Figure 5). This shows that each annotator’s label-
ing is stable and has a high standard.

Scale evaluation of corpus. In this study, the EMRs of 281
patients with CP were included. Their demographic

Table 1. Entity-level inter-annotator agreement (IAA (2,2))
evaluation results (Al.esy is the annotation result of A1, A2esuit iS
the annotation result of A2, N is the specific number of annotation
result; CA is the consistent entities between two annotators).

Round 1 87.46 4277 4362 3778
Round 2 92.87 6569 4575 4246
Round 3 96.67 5075 5100 4918
Round & 97.57 5124 5131 5003

information, including gender and age, is presented in
Figure 6. As shown in the Figure 6(a), 64.06% were male
and 35.94% were female. As shown in the Figure 6(b),
the ages of patients were divided into five stages: (1)
infancy, O to 1 years old, encompassing O to 12 months
of age; (2) early childhood, 1 to 3 years old; (3) preschool,
3 to 6 years old; (4) school age, 6 to 12 years old; and (5)
adolescence, 12 to 18 years old. It can be seen from the
picture that children aged 1 to 3 years are the most
common, followed by those aged 3 to 6 years.

In Table 3, six types of entities across five categories of
EMRs were statistically analyzed after labeling 281 x5
EMRs. The total number of entities in the corpus is
127,523, the number of unique entities is 24,424. Among
the six types of entities, SYMPTOM accounts for the
majority, while DISEASE and TREATMENT are relatively
few in number. Among these five categories of EMRs, the
medical record characteristics encompassed the greatest
quantity of entities, whereas the diagnostic basis contained
the least number of entities. Therefore, in the subsequent
model-training phase, the five categories of EMRs from
each patient were combined into training, validation, or
test sets to prevent data imbalance. In Table 4, we also
counted nested and long entities in the corpus, as identify-
ing these two types of entities is particularly challenging
with current NER technology. Nested entities comprise
24.99% of the corpus, while long entities—those exceeding
ten Chinese characters—make up 5.98%. After entity
de-duplication, the proportions change significantly:
nested entities drop to 9.79%, and long entities increase
to 19.25%. These differences highlight the impact of
de-duplication on entity proportions.

Assessment results of NER model

To comprehensively evaluate the model’s effectiveness, we
compared the performance of our model with other
state-of-the-art (SOTA) models including HMM,31’32
CRF, BiLSTM, BiLSTM-CRF,”*”* and BERT-BiLSTM-
CRF*>7 for both flat and nested entities in our corpus.
The performances of flat entities are listed in the left side
of Table 5, it is observed that, except for the lower
F1-score of the HMM, the Fl-score of the other models
do not show significant differences. All of the models
achieved excellent performance with Fl-score exceeding
90%. The performances of nested entities are listed in the
right side of Table 5. Our model identified nested entities
significantly better than the other SOTA models, with a
Fl-score approximately 40% higher than the other
models. This indicates that these advanced SOTA
methods are suitable for the recognition of flat entities,
but they are less effective in recognizing of nested entities
in our corpus.

To further objectively assess the performance of our
NER model from multiple dimensions, we performed an
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Table 2. Entity-level inter-annotator agreement results for six types of entities.

Round 1 95.00 80.79 89.11 69.84 78.76 74.66 87.46
Round 2 95.75 90.13 94.63 90.41 91.80 82.73 92.87
Round 3 98.93 96.02 95.32 92.47 94.49 92.02 96.67
Round & 98.95 97.47 97.81 97.81 95.77 94.34 97.57
100
_____ | 0 ——— —%
N9+ ——3= 95 A 95 B T &
< | g e
590 % BRNPPT E| R
T == s
585 85| o 85
S8 80 80
- 98.2
275 - = 75 o 75 200 =
> 98.0 895
£70 - 990 70 8t = 70 — 2.5
~—a—  B-sym 98.9 ~+ B-bod - re
6511 rom - . 65} 3 tood = o 6511 e . %0
9= [E=ym Round 1 Round 4 =% Ebod Round 1 Round 4 &= Elre Round 1 Round 4
® oo > na 2 0d 3 o * o a2 a3 o & e no > nd 2 0d > S
oV oV oV oV oVt o\ oV o oV oV oV oV
(a) SYMPTOM (b) BODY (c) TREATMENT
100—— - =y W= 100——
~ e Bes N i o= (BE08 o= SS=S===== e o
SolT i — 4= o e e e o I B e
S | o Eche o o Ea e
o ey 2 P o
] 9% - 9 S % P ad
) 4 27727
Z 85 oLt 85—~ 85 -
= . J ’
< 80 80f ¥ 80 s
3 4
:‘, 75 - Vi 73 — 75 82 97.25 75 — :] -
@ A 81 97.00 =
2 70} ¥ " %3 70 w0 i o * o8 %
7 ’ 95
65 - 9.0 65 ” 96.50 65| 66 N
60 Round 1 Round 4 60 7?lound 1 Round 4 0 65“0\1"!1 1 Round 4
% 7 3 A T 7 3 A T 7 3
aour® aour® our® our® aour® qour® qour® aour® aour® aour® aour® our®
(d) DISEASE (¢) CHECK (f) ADJUNCT

Figure &. Label level inter-annotator agreement (IAA (2,2)) statistica

| analysis diagram of four rounds annotation of six types of entities.

The label-level IAA (2,2) of all six types entities exhibited a rising trend, and the B-label, I-label, and E-label of each entity eventually

tended to be high and consistent.

in-depth analysis of its performance across gender and age
groups (Table 6), six types of entities (Figure 7) and five
categories of EMRs (Figure 8). In Table 6, the performance
of model across gender and age subgroups is consistent
with its overall performance (Table 5), though the differ-
ence in performance between teenagers and non-teenagers
is more pronounced than that between the gender sub-
groups. Our NER model generally performs well overall
but has shown some shortcomings with certain types of
entities or specific categories of EMRs. In Figure 7, both
NER models perform poorly on the ADJUNCT type com-
pared to other entity types. Additionally, both models
exhibit relatively low P-score across all entity types. In
Figure 8, both NER models perform the worst on hospital
course. Similar to their performance on the six types of

entities, both models exhibit relatively low P-value across
all categories of EMRs.

Discussion

Entity corpus

We constructed a corpus of EMRs for children with CP
under the guidance of clinical experts and combined it
with clinical requirements under strict quality control. In
this study, the IAA (2,2) between the two annotators was
first tested across four rounds of labeling. Subsequently,
the IAA (2,1) of each annotator was tested using test-retest
reliability during the fourth round of formal labeling. And
we introduce label-level TAA (2,2) to improve the
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Figure 5. Intra-annotator agreement (IAA (2,1)) of entity-level. The horizontal and vertical axes of the confusion matrix depict the results of
same [1x5 EMRs] labeled during the n-th repetition. Results of Al are presented on the left and results of A2 are shown on the right.
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Figure 6. Demographic information of 281 cerebral palsy patients in this corpus.

annotation principle and enhance entity-level IAA (2,2).
These approaches ensure more stringent quality control
compared to other corpus builds that only calibrate entity-
level IAA (2,2). The corpus demonstrated high agreement,
as indicated by the IAA (2,2) and IAA (2,1), reflecting the
confidence and reliability of the annotations. The corpus
was sizable, comprising 1405 real EMRs of CP. The total
number of annotated entities reached 127,523, with
24,424 unique entities, surpassing the size of current
EMRSs entity corpus.®'%!!?° Furthermore, during our ana-
lysis of patient demographics, we discovered that the docu-
mentation of Gross Motor Function Classification System
(GMEFCS) levels and CP classification was incomplete.

This lack of thorough documentation could adversely
affect future clinical studies. Therefore, we strongly recom-
mend the adoption of standardized and structured documen-
tation practices for medical procedures.

Performance analysis of NER model

In this study, we proposed the hypothesis that a NER model
combining Chinese clinical BERT, the attention mechanism,
and a GP network would achieve superior performance on
CP EMRs, particularly in recognizing nested entities. In
Table 5, our model, along with other SOTA models, achieves
commendable performance on flat entity recognition tasks.
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Table 3. Statistics on six types of entities across five categories of electronic medical records in the corpus.

SYMPTOM 27,825(8975) 16,435(5027) 8219(3590) 3716(2077) 6437(3736) 62,632(15,808)
BODY 8005(874) 4674(421) 1550(278) 1153(327) 2040(660) 17,422(1396)
TREATMENT 1217(360) 400(42) 1213(347) 132(65) 3362(826) 6324(1176)
DISEASE 890(307) 53(27) 787(222) 1176(361) 182(100) 3088(643)
CHECK 10,731(832) 5297(238) 1433(212) 2278(329) 7095(933) 26,834(1584)
ADJUNCT 3890(1965) 1703(541) 2352(1153) 1157(361) 2121(1357) 11,223(4103)
Total 52,558(13,207) 28,562(6261) 15,554(5773) 9612(3515) 21,237(7574) 127,523(24,424)
The numbers in parentheses represent the unique entities after de-duplication.
Table &. Statistics on nested and long entities in the corpus.
Total 52,558(13,207) 28,562(6261) 15,554(5773) 9612(3515) 21,237(7574) 127,523(24,424)
Nested entities 14,074(1425) 8400(701) 2358(492) 2394(611) 4639(922) 31,865(2390)
number
Nested entity 26.78(10.79) 29.41(11.20) 15.16(8.52) 24.91(17.38) 21.84(12.17) 24.99(9.79)
ratio (%)
Long entities 2447(1847) 839(629) 674(608) 643(456) 3027(2054) 7630(4701)
number
Long entity ratio  4.66(13.99) 2.94(10.05) 4.33(10.53) 6.69(12.97) 14.25(27.12) 5.98(19.25)

(%)

A long entity is defined as one that exceeds ten Chinese characters in length. The numbers in parentheses represent either the unique entities after

de-duplication or the proportions calculated from the unique entities.

However, when it comes to nested entity recognition, our
model demonstrates a significant advantage over the
others. The experimental results validate this hypothesis.
This success is attributable to the strengths of each compo-
nent within our model. Replacing BERT-base with bertcner
in our model yields better results, demonstrating that Chinese
clinical BERT is more effective for entity recognition in the
Chinese clinical corpus. Pre-trained on a substantial amount
of clinical data, Chinese clinical BERT provides a robust
foundation for understanding the nuances of medical lan-
guage and terminology. Our model (BERT-base), utilizing
BERT-base as the embedding layer, demonstrates superior
performance compared to the widely used BERT-
BiLSTM-CRF (BERT-base) model. This improvement

underscores the effectiveness of the multi-head attention
mechanism and the GP network in recognizing nested
entities. The attention mechanism captures rich contextual
semantic information, while the two-dimensional span
matrix of the GP network enables appropriate multi-label
decoding of nested entities, further enhancing the overall per-
formance. Specifically, for a sentence of length #n, there can
be up to n(n + 1)/2 candidate entities if there is no restriction
on entity length and entities are allowed to be nested within
each other. Traditional one-dimensional models like HMM
and CRF are limited in their capacity to decode only n
labels (which corresponds to n labels, not n entities), take
for example the flat entity sequence in Appendix
Table A.1. Given that n(n + 1) /2 > n, these models are
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Table 5. Performance of our named entity recognition model and other SOTA models on flat entities and nested entities (P: precision; R:
recall; F1: F1-score; our model: BERT + multi-head attention mechanism + span matrix of global pointer).

HMM 79.91 83.74
CRF 96.05 94.93
BiLSTM 96.94 94.19
BiLSTM-CRF 96.17 95.56
BERT-BiLSTM-CRF (BERT-base) 95.11 95.71
Our model (BERT-base) 91.74 95.10
Our model (bertcner) 92.06 95.19

Table 6. Performance of the NER model across gender and age
groups (P: precision; R: recall; F1: F1-score; our model: BERT+
multi-head attention mechanism + span matrix of global pointer).

Male 86.33 92.56 89.33 86.59 92.46 89.43
Female 87.62 93.64 90.53 88.03 94.01 90.92
Teenager 83.60 91.71 87.47 85.01 91.57 88.17
Non-teenager 87.14 93.16 90.05 87.41 93.30 90.26

inherently inadequate for recognizing nested entities. In con-
trast, the GP constructs a n X n span matrix for each attention
head (the Tag Decoder in Figure 3), with each head corre-
sponding to a specific type of entity. This n X n configuration
is sufficient to cover the n(n + 1)/2 candidate entities, thereby
enabling the effective decoding of nested entities.
Consequently, the GP’s architectural advantage lies in its
ability to handle the complexity of nested entity structures,
providing a robust solution where traditional models fall
short.

The specific performance of our NER model is depicted
in greater detail in Table 6, Figures 7 and 8. In Table 6, the
performance of the model in terms of gender and age is
basically consistent with the overall performance of the
model (Table 5), demonstrating strong robustness across
different demographic groups. In addition, there is a

81.56 39.60 62.42 45.91
95.46 48.12 51.60 51.60
95.45 46.97 67.79 51.77
95.85 48.54 70.08 52.96
95.41 44.33 21.86 29.28
93.39 87.29 92.82 89.91
93.59 86.31 93.15 90.15

larger difference in performance between the age subgroups
compared to the gender subgroups. This disparity is likely
due to the relatively balanced gender distribution in the
corpus (Figure 6), while the teenager group, representing
only 4.27% of the total dataset, has less training data,
leading to reduced performance in this subgroup. In
Figure 7, both NER models perform poorly on the
ADJUNCT type compared to other entity types. We specu-
late that there are two primary factors contributing to the
lower Fl-score observed in ADJUNCT. Firstly, the
models, including BERT-base and bertcner, lack training
data relevant to ADJUNCT entities, which diminishes
their recognition capability for this type. Secondly, in
Table 3, the total number of ADJUNCT is 11,223, and
the number after de-duplication is 4103. The ratio before
and after de-duplication is small compared to other types
of entities, indicating that the same ADJUNCT occurs
less frequently in the training data. In Figure 8, both NER
models perform the worst on hospital course. As shown
in Table 3, the number of de-duplication ADJUNCT in hos-
pital course is 1,357, which is significantly higher than that
of other categories of EMRs. In addition, in Table 4, the
percentage of de-duplication long entities in hospital
course is as high as 27.12%. We speculate that the large
number of ADJUNCT and long entities in hospital course
both contribute to the increased difficulty for the NER
model. In both the six types of entities shown in Figure 7
and the five categories of EMRs in Figure 8, the P-score
of model is relatively low. This suggests that the model
likely recognizes many irrelevant entities. Upon conducting
a comprehensive error analysis, the fact that the NER model
incorrectly identifies redundant entities was confirmed,
such as one month of treatment in a local hospital
ADJUNCT entity is redundantly divided into nested entities
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Figure 8. Performance of our NER model across five categories of EMRs (P: precision; R: recall; F1: F1-score).

such as one month of treatment and a local hospital.
Improving the recognition accuracy of the ADJUNCT
type and reducing the recognition of redundantly entities
are the primary enhancement directions for future research.

Clinical and social potential

Children with CP and their families endure significant long-
term rehabilitation challenges and economic pressures. The
capacity for pediatric rehabilitation services in China
remains inadequate, with a pronounced disparity in the dis-
tribution of resources. To address this dilemma, it is crucial

to leverage extensive medical data for in-depth analysis to
enhance rehabilitation medical services and improve the
quality of life for these children. The EMRs of CP not
only contain critical diagnostic and treatment information
but also encapsulate the clinical reasoning of physicians,
offering  substantial knowledge reuse potential.
Nevertheless, much of the information within EMRs
exists as unstructured text, posing challenges for direct ana-
lysis and utilization. By extracting key information from
EMRs, a knowledge base for motor function rehabilitation
in CP can be developed. This knowledge base will encom-
pass detailed data on medical histories, treatment plans, and
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rehabilitation outcomes, facilitating the systematic synthe-
sis and dissemination of rehabilitation experiences.
Integrated into a clinical decision support system, this
knowledge base leverages massive case data to provide
evidence-based recommendations, assisting clinicians in
making more informed and precise decisions. For instance,
the knowledge base enables physicians to efficiently iden-
tify similar cases and review their treatment plans,
thereby crafting more personalized rehabilitation strategies
for new patients and enhancing rehabilitation outcomes.

Conclusion

In this study, we successfully constructed a high-quality
and comprehensive corpus of EMRs specifically for CP
rehabilitation, meticulously annotated and rigorously eval-
uated for consistency. The incorporation of test-retest reli-
ability in the annotation process underscores the
confidence and reliability of the data. Building on this
corpus, we developed a robust NER model using advanced
deep-learning techniques, including Chinese Clinical
BERT, multi-head attention, and the GP network. Our
model excels in recognizing nested entities, enabling
more nuanced and detailed analysis of CP patient data.
This endeavor established a solid foundation of data and
models for advanced mining and analysis of extensive CP
EMRs. The results are expected to significantly advance
knowledge representation and facilitate intelligent applica-
tions in related medical fields.

Limitations

We must acknowledge that our study has certain limita-
tions. Future research could benefit from gathering a
larger dataset of EMRs from multiple medical centers to
further expand the corpus. Additionally, there is a need to
focus on enhancing the performance of ADJUNCT type
entities and hospital course category EMRs, which could
improve overall model performance. Addressing these lim-
itations will contribute to more robust and comprehensive
findings in subsequent studies.
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Appendix A

A.1. Examples of BIOES labeling(B-begin, I-inside, O-outside, E-end, S-single)

Entity tags sequence

0

B-sym I-sym l-sym  I-sym  I-sym I-sym  I-sym  |-sym

0

0

B-sym  I-sym  I-sym  I-sym  E-sym

0

0

0

B-bod I-bod E-bod B-che I-che E-che

0

B-bod E-bod O

0 0

0

Nested annotation tag

A.2. Annotation principles

Although we used the UMLS semantic types as a reference,
the boundaries and types of entities showed slight varia-
tions. Six types—SYMPTOM, BODY, TREATMENT,
DISEASE, CHECK, and ADJUNCT—were used in the
annotation principles to classify the medical entities. The
following examples consist of literal translations from
Chinese to English.

SYMPTOM refers to the normal and abnormal states of
the patient, including normal and abnormal findings
obtained from examinations, as well as the symptoms or
signs exhibited by the patient. Normal results were included
as they hold significance in disease diagnosis. Which corre-
sponds to a UMLS sign, symptom, test results, etc., and is
marked as sym.

Example: 5 )LAEEEASANTE ] sym K AT E LR 5]
sym#& I (There were manifestations of [gait instability]
sym and [abnormal walking posture]syrm.)

BODY refers to the cells, tissues, organs, systems, and
limbs of the human body, including human metabolic sub-
stances. Which corresponds to a UMLS body part, organ,
and organ component and is marked as bod.

Example: [%=_ i & 1bodfK, [N S /KEbod Bor
Kit, UrmissbodEM (hydrosis [supratentorial ven-
tricle]bod, hypoclearness [midbrain aqueduct]bod, cyst
[posterior fossa]bod.)

TREATMENT refers to therapeutic procedures, inter-
ventions, and medications administered to patients to
address a disease or alleviate its symptoms. This corre-
sponds to UMLS clinical drugs, antibiotics, therapeutics,
preventive procedures and is marked as tre.

Example: 1T[JkTE Il Zkltre, [VPELFRK ]tre (Do [weight
loss training]tre, [sandplay]tre.)

DISEASE refers to the cause of a patient’s unhealthy
state or a diagnosis made by a physician, including a dis-
eases, syndromes, poisoning, injuries, organ damage, or
cell damage. This corresponds to UMLS diseases, syn-
dromes, injuries, and poisoning and is marked as dis.

Example: A2 IS A7 7E (Sl i 54 M 98 1 dis BE i
(There was a underlying disease at birth [hypoxic ischemic
encephalopathy]dis.)

CHECK refers to the process of conducting examina-
tions on a patient to identify or confirm a disease or
symptom, as well as gather more information about the
disease or symptoms. This corresponds to a UMLS labora-
tory procedure, laboratory test, and diagnostic procedure
and is labeled as che.

Example: kA% L S EHR AR 1 che AR DL BH 0 5
(There was no significant abnormality on [head Magnetic
Resonance Imaging]che.)

ADJUNCT includes seven modifiers of diseases or
symptoms (absent, family, present, conditional, possible,
hypothetical, and occasional), three modifiers of treatments
(history, absent, and present), and all other entities
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describing modifying functions, which are simply labeled
as ADJUNCT classes and marked as adj.
Example: A& F o] HF4Y, 1HX Rikladj (The right
hand can reach out to grasp, but [lacks dexterity]ad].)
General principles The general boundaries and types of
medical entities are described above. The following princi-
ples should also be followed in the actual labeling.

1. Conjunctions and punctuation should be minimized
within the entity as much as possible.

Example: [ #]1che 5 [ K/AMEH #l]che A WL B
B 5% (There were no obvious abnormalities in
[blood routine]che and [urine routine]che.) (True)

L5 SR /N3 B che A WL IA W 57+ (There
was no obvious abnormality in [blood routine and
urine routine]che.) (False)

2. Abbreviations, Chinese acronyms, or common names
within the entity should be appropriately marked or
indicated.

Example: A Bt 24K : [T]che 36.5°C, [Plche 32K/
4%, [Rlche 103{kX/4} (Admission for physical examin-
ation: [T]che 36.5°C, [P]che 32times/min, [R]che 103
times/min.)

3. We only allowed the nested annotation of SYMPTOM
entities. That is, if BODY, TREATMENT, DISEASE,
or CHECK exist inside the SYMPTOM entity, the
annotator should also nest-annotate them(Example 1).
If the ADJUNCT in the SYMPTOM only modifies
this SYMPTOM, it will not be nested(Example 2),
unless the ADJUNCT also modifies other
SYMPTOMs(Example3).

Example1:[[ XU F 5 Ji Wllbod[ L5k J11che i & ]sym
([increased [muscle tone]che in [flexor muscles of both
lower limbs]bod]sym)

Example2: #/NMi 2 G R G 1#E [sym, [JoHhifz
& AE1sym ([no developmental regression]syn, [no con-
vulsive seizures]sym throughout the course of the
disease.)

Example3:[[ G adjf Pk Sk Isym S [B R AL i 1sym
([[no]adj special odor]sym or [lightened hair]sym.)

4. All entities should comply with the maximum
labeling principle. That is, if an entity contains
other smaller entities, the largest entity should be
labeled.

Example:[41 I 5 L]bod
flexors]bod) (True)

(47 N 1bod| )i Wl ]bod([right lower limb ]bod[ ex-
ors]bod) (False)

([right lower limb

A.3. Analysis of label-level IAA(2,2)

Table 2 shows that, after the first round of pre-annotation,
CHECK, DISEASE, and ADJUNCT had an TAA(2,2)
below 80%, even though the average IAA(2,2) of the six
types of entities was greater than 80%. We employed the

label-level IAA(2,2) to obtain more detailed information
and enhance the entity-level IAA(2,2), as shown in
Figure 3. We expect to maintain B-label, I-label, and
E-label at high and consistent ideal levels for each entity,
respectively. In the first round shown in Figure 3(a), the
label-level TAA(2,2) of B-sym was lower than that of
E-sym. The characters at the beginning of SYMPTOM,
such as “[H R E 24 & lsym” ([have repeated spas-
moid attacks]sym) (The underline is the difference
between Al and A2, the square brackets in this paragraph
indicates the correct boundary of the entity.), “[ Ha) J5 &
#]sym” ([during the day no fever |sym), and “[>47g i
H2E EJ bods: H 1sym™ ([[left upper limblbod stiffness
when excited]sym) were found to be inconsistent after com-
parison, which requires further clarification and refinement
of the upper boundary of SYMPTOM in the annotation
principles. In the first round shown in Figure 3(b), B-bod,
I-bod, and E-bod exhibited declining trends. We can
assume that the two annotators have an inconsistent under-
standing of the lower boundary of BODY. After compari-
son, the annotator occasionally mislabeled the entities that
were similar to “[XU T LIbod” ([both lower - limb
flexor muscles]bod) as “[X T i ]bod"([both lower-limb]
bod) and “[Jiil1bod” ([flexor muscles]bod), which is not
in accordance with the maximum labeling principle (the
fourth rule in the General principles in Appendix A.2).
Therefore, we should label it as the “[XU I % Jii L 1bod”
([both lower limb flexor muscles]bod), as well as the
other entity types. In the first round shown in
Figure 3(c), there is an inconsistent labeling, such as
“AT[N 8 734 1tre” (do [botox injection]tre), and the
B-tre is somewhat lower than the E-tre. Therefore, a
further refinement of the wupper boundary of
TREATMENT is required. In the first round presented
in Figure 3(d), the label-level IAA(2,2) of all DISEASE
labels was considerably low. After comparison, we
found that the classification between some DISEASE
and SYMPTOM are not clearly defined, such as [ 1.
B R EGWi¥1dis” ([cerebrovascular development malfor-
mation]dis), which is mislabeled as SYMPTOM. In the
first round of Figure 3(e), I-che exhibits the lowest label-
level IAA(2,2), which can be caused by the high percent-
age of CHECK with only two Chinese characters in this
round, such as “[#&if]che” [body temperature]che and
“[.Ly%]che” [heart rate] che after the conversion of the
BIOES annotation method with labels only B-che and
E-che. Therefore, we focused on analyzing B-che and
E-che. E-che is relatively lower, such as “[3kfiiMRIf)
t]che” ([head MRI assessment]che) and “[¥ Kiz 5
e VPl lche” ([gross motor function evaluation]che).
This means that the lower boundary of CHECK requires
further refinement. In the first round shown in
Figure 3(f), the label-level IAA(2,2) for all ADJUNCT
labels was low. We found that ADJUNCT is often
labeled as non-entity in various situations, such as “[J
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E A4 Kladj” ([range expanded]adj), which is mis-
labeled as O. Moreover, B-adj is lower than E-adj, indi-
cating that there are more upper boundary
inconsistencies in ADJUNCT, such as “T-[24HbE ]
adj” (at [local hospitalladj) and “[ZJ ABTHI1+4F]adj
([approximately 1 + years before admission]adj).

Based on the above analysis, we updated the annotation
principles using medical specialists. The second round
annotation results showed that annotation consistency
improved significantly. However, we found that the label-
level IAA(2,2) of B-sym, E-che, and E-adj was relatively
low. Therefore, we used the same analysis and

improvement methods as in the first round to make
improvements and obtain better results in the third round
compared to the second round. After several iterations of
improvement, the results of the fourth round showed that
B-label, I-label, and E-label of each type of entity were
already at a high and consistent level. Eventually, the
entity-level IAA(2,2) went from 87.46% in the first round
to 97.57% in the fourth round, an improvement of
approximately 10%. This shows that adding label-level
TAA(2,2) information is convenient and effective for
improving the annotation principles and enhancing entity-
level IAA(2,2).
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