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ARTICLE INFO ABSTRACT
Keywords: Automated ICD coding via machine learning that focuses on some specific diseases has been a hot
ICD coding topic. As one of the leading causes of death, coronary heart diseases (CHD) have seldom been

Coronary heart diseases
Deep learning

BERT

Interpretability

specifically studied by related research, probably due to lack of data concretely targeting at the
diseases. Based on Fuwai-CHD and MIMIC-III-CHD, which are a private dataset from Fuwai
Hospital and the CHD-related subset of a public dataset named MIMIC-III respectively, this study
aimed at automated CHD coding by a deep learning method, which mainly consists of three
modules. The first is a BERT variant module responsible for encoding clinical text. In the module,
we fine-tuned BERT variants with masked language model on clinical text, and proposed a
truncation method to tackle the problem that BERT variants generally cannot handle sequences
containing more than 512 tokens. The second is a word2vec module for encoding code titles and
the third is a label-attention module for integrating the embeddings of clinical text and code
titles. In short, we named the method BW_att. We compared BW_att against some widely studied
baselines, and found that BW_att performed best in most of the coding missions. Specifically,
BW._att reached a Macro-F1 of 96.2% and a Macro-AUC of 98.9% for the top-100 most frequent
codes in Fuwai-CHD, which covered 89.2% of the total code occurrences. When predicting the
top-50 most frequent codes in MIMIC-III-CHD, BW_att reached a Macro-F1 of 40.5% and a Macro-
AUC of 66.1%. Moreover, BW_att was capable of locating informative tokens from clinical text for
predicting the target codes. In summary, BW_att can not only suggest CHD codes accurately, but
also possess robust interpretability, hence has great potential in facilitating CHD coding in
practice.
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1. Introduction

ICD coding means assigning appropriate codes from the International Classification of Diseases system? to clinical text generated
during patients’ hospital stays. The coding task underlies many important applications, such as reimbursement and health service
research [1,2]. At present, the task is mainly accomplished by clinical coders. As the ICD system is quite complicated and continuously
updates, training a qualified coder is quite difficult. Besides, manual coding is costly in time and encounters problems such as
inconsistency, making automated ICD coding through machine learning a popular topic.

Many studies targeted at auto-assigning all available ICD codes in a given dataset, and the typical ones are those predicting the over
8000 codes in MIMIC- III [3-5] by proposing deep learning models. These studies shed light on how to construct neural networks
suitable for the ICD coding mission, however, all the proposed models are not accurate enough to be applied in practice.

Predicting all available ICD codes is quite challenging, as generally there is not enough training data for the whole ICD system. To
promote the application of machine learning coding models, narrowing the target from all available codes to a subset of codes relating
to some specific diseases is a common and effective method (such as [6,7]).

Coronary heart diseases (CHD) are among the leading causes of death. Over 100 million people worldwide lived with CHD,
resulting in more than 8 million deaths [8]. Accurate CHD coding® lies foundation for high quality data which can be used in many
ways to prevent CHD, such as the development of diagnosis models [9,10]. However, to the best of our knowledge, automated CHD
coding via machine learning has seldom been specifically studied, probably due to lack of datasets concretely targeting at the diseases,
and this study aimed at achieving the goal based on two datasets. The first is Fuwai-CHD coming from Fuwai Hospital, which is a well
known tertiary hospital for treating all kinds of complex cardiovascular diseases, and the second is MIMIC-III-CHD, which is the
CHD-related subset of MIMIC-IIIL.

Specifically, we accomplished automated CHD coding by proposing a deep learning method, which mainly comprises three
modules. The first is a BERT [11] variant module for encoding clinical text. To adapt BERT variants to medical field, we fine-tuned
them with masked language model (MLM) [11] on clinical text before using them in the coding missions. Moreover, we proposed a
truncation method based on feature selection to tackle the problem that BERT variants generally can not handle input sequences
containing more than 512 tokens. The second is a word2vec (W2V) module for encoding target code titles, as code titles can also
provide useful information to assist code assignment [1]. The third is a label-attention module, which is inspired by existing deep
learning coding models, and responsible for integrating the embeddings of clinical text and code titles. We name the method BW_att in
short below. We assumed that promising CHD coding results could be achieved with BW_att, and served as a strong basis for assisting
CHD coding in practice.

The contributions of the study lie in the following aspects. First, we achieved automated CHD coding via machine learning, which
has received little attention so far. Second, we proposed BW_att, a new deep learning coding method that employs fine-tuned BERT
variants as clinical text encoders, and overcomes the length limit of BERT variants by a new text truncation method. Third, we
demonstrated the advantages of BW_att by comparing it with some widely studied baselines, and showed the coding decisions of BW_att
were interpretable.

The rest of the paper is organized as follows. Section 2 describes our research data and methodology. Section 3 gives our experiment
results. Section 4 analyzes the experiment results, the interpretability of BW_att and the limitations of this study. Section 5 concludes
the whole paper.

2. Related work
2.1. Two directions of researches closely relate to this study

The first is developing deep learning models to predict all the diagnosis codes in MIMIC-III, which is a public dataset and contains
admission records from the intensive care unit (ICU) of a US hospital. CAML [9] and LAAT [10] are two such models that have received
much attention. CAML employs a label-attention layer stacked on a convolutional layer, and achieved a Macro-F1 of 8.8%. Since
proposed, CAML has commonly appeared as a baseline for subsequent models [12-20], such as HyperCore [12] that featured in mining
code hierarchy and reached a Macro-F1 of 9%, and Fusion [20] that extracted both global and local text features and resulted in a
Macro-F1 of 8.3%. LAAT contains a label-attention layer as a key component as well, but stacks it on a Bi-LSTM (bidirectional long
short-term memory) [21] layer. Reaching a Macro- F1 of 9.9%, LAAT has become one of the most promising models over recent years.
Similar to CAML and LAAT, many other models, such as G coder [14] and MSATT KG [15], also adopt label-attention layers as critical
structures, suggesting that the attention mechanism quite fits the ICD coding mission. Existing studies generally used convolutional or
recurrent modules as clinical text encoders. Compared with these modules, large pretrained language models like BERT are more
capable of analyzing syntax and semantics, hence have great potential in serving as better clinical text encoders. However, BERT
variants can only handle a sequence of up to 512 tokens in general, which constrains their applications in analyzing quite long clinical
text [22]. How to effectively employ BERT variants under the scenario of ICD coding without the length limit has not been extensively
studied.

The second is predicting a subset of ICD codes that relate to some specific diseases or are of particular importance. As examples,

2 The codes in the ICD system represent either diagnoses or procedures. We confine ICD coding to the assignment of diagnosis codes in this study.
3 To simplify expression, we use ‘CHD coding’ to represent ICD coding for CHD in this study.
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Koopman et al. [6] employed support vector machine (SVM) to build a binary filter classifier, with the purpose of coding cancers in
death certificates, and achieved a F1-score of 94.2%. Also using SVM, Karimi et al. [7] predicted 16 codes relating to radiology reports,
reaching a Micro-F1 of over 80%. Kaur et al. [23] compared various classifiers over predicting the codes associated with digestive and
respiratory systems, and resulted in an optimal Fl-score of 95%. Diao et al. [24] trained LightGBM models to identify the main
diagnosis codes of clinical records and reached a Macro-F1 of 88.3%. As far as we know, automated CHD coding via machine learning
has seldom been specifically studied.

3. Materials and methods
3.1. Experiment design

Overall, our experiments were implemented as Fig. 1 displays. Before delving into the CHD coding mission, we first trained W2V
embeddings and fine-tuned BERT variants based on the original datasets. Then, we selected CHD-related subsets from the original
datasets. Finally, we addressed CHD coding via BW_att, and compared it against some widely studied baselines. Given the data of a
specific CHD coding mission, 70% was used for training, 10% was for validation and the rest was for test.

3.2. Data

Fuwai dataset. Approved by the Ethics Committee at Fuwai Hospital, we gained a private Chinese dataset which lasts from January
2019 to December 2020, in which no identifiable personal data is included. The dataset involves over 75,000 admission records. Each
record contains a textual diagnosis summary, which is mainly about diagnoses and treatment process, and ground truth ICD-10 disease
codes and ICD-9 procedure codes.

MIMIC-III. MIMIC-III is a public English dataset from the Beth Israel Deaconess Medical Center in the US, and contains over 58,000
admission records of patients in the ICU between 2001 and 2012. Each record contains a textual discharge summary, which includes
information about diagnoses and medication, and ground truth ICD-9 disease and procedure codes.

Training W2V and fine-tuning BERT variants. As preprocessing on the clinical text in both datasets, we turned all English tokens from
uppercase into lowercase, and removed all numbers and symbols like related studies did [9,10,15].

We extracted sentences from all the records in Fuwai dataset and MIMIC-III respectively. For Fuwai dataset, we used Jieba" package
to cut the sentences into word sequences. To identify medical terms more accurately, we added a medical vocabulary provided by
Sogou® into Jieba, which includes 90,047 terms pertaining to diagnoses and so on. For MIMIC-III, we added all the long code titles into
the sentence set. Subsequently, we trained W2V embeddings based on the sentences, and the parameters of the W2V models as well as
their descriptions are given in Table 1.

In terms of the BERT variants in BW_att, for Fuwai dataset, there are both character-based and word-based Chinese pre-trained
models available. However, word-based pre-trained models, like WoBert [25], generally cover a limited number of words, and
would run into serious out-of-vocabulary problems when used in analyzing medical text. Therefore, we adopted a character-based
pre-trained model called RoBERTa-Mini [11,26-28], which has four transformer encoder layers and outputs character embeddings
with 256 dimensions in each layer. For MIMIC-III, we employed an English pre-trained model® called BERT-mini [29,30], whose
network structure is the same as that of RoBERTa-Mini.

Both RoBERTa-Mini and BERT-mini were pre-trained on a large amount of multi-domain text. With the purpose of enhancing their
capability in mining clinically useful information, we fine-tuned them with MLM for 20 epochs, based on the sentences from Fuwai
dataset and MIMIC-III respectively, and used them for code assignment afterwards.

Data selection for CHD. Following the professional advice from the physicians in Fuwai Hospital, we selected the records relating to
CHD by setting some rules on the procedures undertaken by the patients, with the purpose of ensuring that the main treatment target of
each selected record is CHD-related diseases. To save some space, we give the details of the rules in Supplementary File 1. Some
descriptive statistics of Fuwai-CHD and MIMIC-III-CHD, which separately stand for the CHD-related subsets of Fuwai dataset and
MIMIC-III, are listed in Table 2.

To figure out how the diagnosis codes distribute among Fuwai-CHD and MIMIC-III-CHD, we sorted the codes according to fre-
quency in descending order, and showed how the frequencies change along with the rankings in Fig. 2(a)—(b). The figures display two
apparent long-tail distributions, with the top 5% most frequent codes accounting for 89% and 75% of the total code occurrences in
Fuwai-CHD and MIMIC-III-CHD, respectively. This indicates that even if machine learning models merely covered the frequent codes,
the models could still potentially alleviate a large portion of the burden of clinical coders. Hence, we mainly targeted at the frequent
codes in this study, as the codes with low frequency would lead machine learning models to the risk of overfitting.

3.3. BW._att
Fig. 3 shows the diagram of BW att, which mainly comprises three modules, a BERT variant module, a W2V module [31], and a
“ https://pypi.org/project/jieba/.

5 Available at: https://pinyin.sogou.com/dict/cate/index/132.
6 English pre-trained models are generally word-based.
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Fig. 1. The main design of our experiments.

Table 1

The parameters of the W2V models. 16-char and 16-word represent char-level and word-level embeddings with 16 dimensions, respectively. For
Fuwai-CHD, 128-word embeddings were used to initialize the embedding layers of the deep learning baselines, and the rest were used for optimizing
the hyper-parameters of BW_att. For MIMIC-III-CHD, 64-word embeddings were used to initialize the embedding layers of the deep learning
baselines, and all the embeddings were used to optimizing the hyper-parameters of BW_att.

Parameters Descriptions For Fuwai-CHD For MIMIC-III-CHD

sg Whether Skip-gram is used or not. 1 1

dimension-type The type and dimension of resulting embeddings. 16-char, 32-char, 64-char, 32-word, 64-word,
16-word, 32-word, 64-word, 128-word 128-word

window The length of a text window. 5 5

iter Training for how many iterations. 5 5

min_count Discarding tokens appearing less than how many times. 3 3
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Table 2

Some descriptive statistics of Fuwai-CHD and MIMIC-III-CHD. A token means a character in Fuwai-CHD
and a word in MIMIC-III-CHD. Token length above 512 indicates the number of records with clinical text
longer than 512 tokens.

Fuwai-CHD MIMIC-III-CHD
Number of records 31,052 4361
Token size 6,418,316 3,316,405
Token vocabulary size 1890 35,365
Average token length 206.7 760.5
Token length above 512 418 3314
Code size 221,532 38,595
Code vocabulary size 2016 1700
Average code length 7.1 8.9
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Fig. 2. The distributions of the code frequencies in the CHD-related datasets. Panels (a) and (b) are for Fuwai-CHD and MIMIC-III-CHD
respectively.
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label-attention module. Details of the modules are described next.
BERT variant module. Given an input sequence with n tokens s = {cj, ¢, - - -, cs}, we denoted the output embedding matrix’ of the
BERT variants as V; € R”™™ which was computed with Equation (1):

V, = BER_var(s) (€9)]

With rdim = 256.

Text truncation. The mainstream of BERT variants can handle a sequence of up to 512 tokens, and sequences longer need to be
truncated. One commonly used truncation strategy is the truncation at back or front, which might drop useful information in ICD
coding missions. To resolve the problem, we proposed a new truncation method, whose procedures are shown in Fig. 4.

Using the method, token features are extracted with bag-of-words and term frequency-inverse document frequency (tf-idf) from
training data in the first place. Then, feature selection with filter methods are implemented to select important tokens. Finally,
training, validation and test data was truncated by deserting unimportant tokens.

Regarding the filter method, we utilized Chi-square test to calculate the contribution of each candidate token with respect to
assigning each target code. Among the multiple contributions associated with multiple target codes, the largest is used as the final
metric for the contribution. After ranking all candidate tokens in descending order according to the contribution, the top-n were
selected as important tokens.

Note that a smaller n means more severe truncation. There does not exist a single n that is universally appropriate, as factors like
language can significantly affect what value n should take. Moreover, there is no need to adopt the truncation method under the
condition that clinical text in most records contains less than 512 tokens.

As Table 2 shows, over 98.5% of the diagnosis summaries in Fuwai-CHD contain less than 512 characters, so we just conducted the
truncation at back® on the dataset when necessary. Regarding MIMIC-III-CHD, around 76% of the discharge summaries are longer
than 512 words, and thus we adopted our truncation method on its records throughout our experiments.

W2V module. In the Chinese context, existing research concluded that information from both words and characters is important
and tends to be complementary in analyzing clinical text [32]. Accordingly, We encoded the code titles in Fuwai-CHD using both the
word and character embeddings. In specific, given a code c;, we obtained the embeddings q; for its title with Equation (2):

q; = concat(ave_char_w2v(c;), ave_word_w2v(c;)) (2)

Where ave_char w2v (c;) and ave word w2v (c;) stand for the average-pooling results over the embeddings of all the words and
characters’ in the title respectively, and concat (-) means concatenation operation.

To encode the code titles in MIMIC-III-CHD, we did not use character embeddings, as in the English context, it is unlikely that
characters like ‘a’ or ‘b’ directly involve useful information for code prediction. We merely used word embeddings and obtained q; with
Equation (3):

q; = ave_word_w2v(c;) ®

Label-attention module and output layer. The label-attention module is responsible for integrating the embeddings of clinical text
and target code titles, and generating code-wise predictive features.
In the label-attention mechanism, we computed the key matrix using Equation (4):

Ks = Vs . Wk (4)

Where Wy € R™™*adim ig 4 trainable matrix. V; is the embedding matrix for an input sequence s outputted by the BERT variant module,
and also used as the value matrix.

For code c;, we used its embeddings q; as the query vector, and obtained its

predictive features f; € RP"™ with Equation (5):

fi = att; e V;
{ att; = softmax(q; e K,) ®)
where att; € R*" contains attention weights for all input tokens in relation to the prediction of c;.
Ultimately, the probability py; that s should be assigned c¢; was computed via a fully-connected layer as Equation (6) shows:
psi = sigmoid(f; e W; + b;) ©6)

where W; € R4 and b; are trainable weights and bias respectively. Binary cross-entropy in Equation (7) was used as the loss
function:

7V, does not contain the embeddings for [CLS] and [SEP] in this study.

8 As stated in ‘Ablation study’, we experimented with both the truncation at back and the truncation at, and found that the former generally led to
better results.

9 The W2V embeddings are trained based on the sentences from Fuwai dataset and MIMIC- IIL.
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Fig. 4. The procedures of our text truncation method.

1

*EZZD’&' log psi + (1 = ya)log(1 — psi)] (7)

ses =1

L=

where S is a set of training data, N is the number of target CHD codes, and y;; equals O or 1 indicating whether c; truly accompanies s or
not.

3.4. Baselines

CAML & LAAT. As stated in Related work, both CAML and LAAT are typical representatives of deep learning coding models over
the recent years, the main structures of which are shown in Fig. 5(a) and (b) respectively.

TextCNN & TextLSTM. TextCNN [33] (text convolutional neural network) and TextLSTM were commonly used as deep learning
baselines in related studies (such as [9,10]). In terms of TextLSTM, we adopted an LSTM layer on text embeddings, and the output
corresponding to the last token of an input sequence was fed into a fully-connected layer, which led to coding results.

LR & SVM. Among conventional machine learning models, LR is popular for its simplicity and high efficiency, while SVM is
considered one of the best conventional text classifiers [34,35]. Both models are popular baselines in existing studies [6,23,36,37].

3.5. Experiment details

We implemented ablation study to validate the effectiveness of our text truncation method.

Regarding each coding mission, we tuned some hyper-parameters of the models, and the parameters leading to the lowest vali-
dation loss were considered optimal. The parameter searching spaces and prefixed hyper-parameters of all the models are listed in
Supplementary File 2.

For the deep learning models, taking into account the randomness caused by factors like parameter initialization, we implemented
five rounds of model building, with different rounds adopting different random seeds for data split. Mean metrics over the results of all
the rounds of experiments were given finally.

One-sided Wilcoxon test was used to evaluate the robustness of the advantages of best-performing models against some selected
baselines.

s T : : Label- "
» Clinical Embedding \ Convolutional L, J e o Code-wise FC
o text layer ‘ layer v layer
(a) CAML
4 = Label- | ,
l Clinical . Embedding Bi-LSTM layer SCantan Code-wise FC
O L layer | layer
T ayer
(b) LAAT

Fig. 5. The main structures of typical existing coding models. Panels (a) and (b) represent CAML and LAAT respectively.
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3.6. Metrics

3.6.1. Performance metrics

In line with related studies [6,9,23,38,39], we mainly adopted Fl-score and AUC to evaluate coding performance. Micro-F1,
Macro-F1, Micro-AUC and Macro-AUC were used as specific metrics. Note that micro metrics focus more on codes with more data while
macro metrics allocate same weights for all codes. We paid more attention to macro metrics in this study, as each code is equally
important in coding practice.

Fl-score and AUC in regards of a single code are introduced below.

F1-score. Assume there are some test records within which t; are in class 1 meaning a code is assigned. After being analyzed by a
trained model, p; records are labeled as 1, among which tp; are accurately labeled. Then, the Fl-score for the coding results is
calculated with Equation (8):

Fl :2 X Precision x Recall

Precision + Recall ®)
where Precision = tp1/p; and Recall = tp;/t;.

AUC. AUC stands for area under the curve, with the curve indicating receiver operating characteristic (ROC) curve. Many classi-
fication models output the probabilities that records belong to class 1, instead of directly 1 or 0. Hence, a calibration threshold is
needed to transform the probabilities to classes. In terms of ROC, a number of such thresholds are first chosen, and true positive rate
(TPR) and false positive rate (FPR) corresponding to each of the thresholds are then computed. Finally, the curve is generated by
plotting the TPRs against the FPRs.

3.6.2. The metric for the explainability of BW_att

Interpretability is quite important for clinical applications of machine learning coding models. With BW att, interpretability can be
demonstrated by the attention weights from the label-attention module, with higher weights representing more importance of cor-
responding tokens for code assignment. By unveiling the distribution of the weights, we can easily observe what are key tokens and
whether the key tokens are useful after referring to target code titles.

To quantify the explainability of BW_att, we defined Pro_K in Fig. 6, the idea behind which was to calculate the proportion of the top-
K key tokens identified by BW_att that are truly useful in predicting target codes. A larger Pro_K indicates better explainability of
BW._att.

4. Results

We selected the most frequent top-N codes'® in Fuwai-CHD and MIMIC- III-CHD to predict, and only the records involving at least
one of the selected codes were used for model building.

4.1. For multiple top-N codes

We let N take 60, 80, 100, 120, 140 for Fuwai-CHD, and 20, 30, 40, 50, 60 for MIMIC-III-CHD."' The statistics about the subset of
data with each N are given in Table 3.

When implementing our text truncation method on MIMIC-III-CHD, we empirically fixed the number of the key tokens as 2000
throughout our experiments. Taking the subset for the top-50 codes as an example, we give some statistics about the length of the
discharge summaries before and after the truncation in Table 4.

The optimal hyper-parameters and detailed coding performance of the models are given in Supplementary File 3. Fig. 7 and Fig. 8'2
show the AUC and F1-scores of the models on Fuwai-CHD and MIMIC-III-CHD, respectively.

We learnt from Fig. 7 that BW_att and LAAT performed better than the rest of the models in terms of Macro-F1. When N equalled or
exceeded 100, BW_att performed best. Regarding the top-140 codes, BW_att achieved a Macro-F1 of 95.4%, a Macro-Precision of 93.3%
and a Macro-Recall of 97.9%, and its advantage over LAAT regarding Macro-F1 was statistically significant at the significance level of
10%'? (P-value = 0.094). When N fell below 100, LAAT significantly outperformed BW._att in terms of Macro-F1 (with P-values of
0.03), and led to a Macro-F1 of 98.1%, a Macro-Precision of 97.3% and a Macro-Recall of 98.9% for the top-60 codes. Aside from LAAT
and BW._att, CAML also showed competitive performance.

Regarding MIMIC-III-CHD, except for Micro-F1 when N equalled 20 or 40, BW_att turned out to be the best-performing model
across all the values of N over all the metrics. The advantages of BW._att regarding Macro-F1 over CAML, which was the second-best
model, were consistently significant (with P-values of 0.03), and tended to enlarged as N grew. For the top-60 codes, BW _att resul-
ted in a Macro-F1 of 37.5%, a Macro-Precision of 42.2% and a Macro-Recall of 35.6%. Considering the other models, SVM was the most
promising one.

10 We simplified ‘the most frequent top-N codes’ as ‘the top-N codes’ below.

11 We chose the values of N according to the standard that the least frequent qualified code involves at least (or very close to) 100 records.
12 All the panels in Fig. 7 share the same legend, and this is the same for Figs. 8 and 9.

13 The P-values in terms of all the metrics were provided in Supplementary File 5.



S. Zhao et al. Heliyon 9 (2023) e14037

Algorithm: Calculate Pro_K to cvaluate the interpretability of BW _att on Fuwai-CHD.

Input: A test set with & clinical records
Output: Pro_K
For test record =1, 2, ..., &
1. Obtain top K key tokens from diagnosis summary with BW _ait;
2. Confirm m, the size of the intersection of the key tokens and target code title tokens;

3. Pro K; = %;

n
1
Pro.K == Pro;
T i=1

Rewrn Pro K

Fig. 6. The algorithm for calculating Pro_K.

Table 3
Some descriptive statistics of the datasets in the coding missions. Proportion taken by the codes means the percentage of the total code frequency
covered by the top-N codes.

top-N Number of records Code occurrences Proportion taken by the codes
MIMIC-III-CHD top-20 4349 19,713 51.1%
top-30 4352 22,246 57.6%
top-40 4354 24,188 62.7%
top-50 4356 25,678 66.5%
top-60 4359 26,756 69.3%
Fuwai-CHD top-60 31,011 186,687 84.3%
top-80 31,015 192,982 87.1%
top-100 31,039 197,572 89.2%
top-120 31,040 201,206 90.8%
top-140 31,043 204,039 92.1%

Table 4
Some statistics about the token length of the records in MIMIC-III-CHD. As for the truncated discharge summaries still longer than 512 words, we
additionally implemented the truncation at back.

Training Validation Test

Original Truncated Original Truncated Original Truncated
Number of records 3049 3049 436 436 871 871
Token size 2,313,831 822,084 327,918 116,309 670,726 238,412
Token vocabulary size 29,306 2000 11,514 949 16,299 1112
Average token length 758.9 269.6 752.1 266.8 770.1 273.7
Token length above 512 2305 112 340 14 665 31

In summary, BW._att performed better than the baselines in most of the coding missions.

Besides the prediction results, we also recorded the running time of BW_att. All of our experiments were accomplished using a
NVIDIA Tesla V100 GPU, and Table 5 lists the training and test time of BW_att across the coding missions. The results showed that all
the model training was finished within 40 and 8 min for the top-N codes in Fuwai-CHD and MIMIC-III-CHD respectively. There are
some training time outliers, such as the one for the top-40 codes in MIMIC-III-CHD, which is longer than the training time for the top-
60 codes. This is probably due to the random issues induced by factors like parameter initialization and early stop training strategy. As
for the test phase, one single record in either Fuwai-CHD or MIMIC-III-CHD could be handled in less than 0.01 s.

4.2. Ablation study

Replacing our text truncation method with the truncation at back and front respectively, we rebuilt BW_att on MIMIC-III-CHD to
predict the multiple top-N codes. Under each N, we used the same hyper-parameters as those in Section 4.1.
Fig. 9 depicts the performances of BW_att with the three truncation methods, which showed that BW_att with our method performed
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Fig. 7. The performance of the models on predicting the multiple top-N codes in Fuwai-CHD. Panels (a), (b), (c) and (d) display Macro-F1, Micro-F1,
Macro-AUC and Micro-AUC of the models respectively.

Table 5
The running time of BW._att across all the coding missions. The training and test time is the average over that from all the rounds of experiments, and
the test time is for all the test records in a coding mission.

MIMIC-III-CHD MIMIC-III-CHD

Thresholds Training time (mins) Test time (secs) Thresholds Training time (mins) Test time (secs)
60 346 7 20 4.7 1

80 31.1 7 30 5.3 1

100 33.4 6.6 40 7.1 1

120 35.4 6.2 50 6.3 1

140 39.5 7 60 6.7 1

significantly better than those with the other two methods (with P-values of 0.03). Compared with the truncation at front, the
truncation at back led to better results. The conclusions confirm that our text truncation method is effective in retaining useful in-
formation for code assignment.

5. Discussion
5.1. Result analysis

The experiments showed that all the models performed more promisingly on Fuwai-CHD than on MIMIC-III-CHD, and this could be
attributable to two reasons. First, the records in MIMIC-III-CHD are much less than those in Fuwai-CHD, so the model training based
on Fuwai-CHD was more sufficient. Second, most codes in Fuwai-CHD represent specified diseases, such as 125.105 (coronary
atherosclerotic heart disease). Tokens quite predictive of such codes (like ‘atherosclerotic’ for 125.105) could be electively located by
machine learning

models, and as a result, good coding performance could be reached. In contrast, many codes in MIMIC-III-CHD stand for un-
specified diseases, such as 4019 (unspecified essential hypertension) and 2724 (other and unspecified hyperlipidemia). Among the top-
30 codes in MIMIC-III-CHD, 19 are of this kind (Please see the code list in Supplementary File 4.). The uncertainty behind such codes
hinders the models from capturing solid patterns for forecasting the codes.

Focusing on Fuwai-CHD, BW_att turned out to be the best in the coding missions covering more relatively infrequent codes (top-100
or more), probably because BW_att was better at mining more informative features from the diagnosis summaries and code titles for
those less frequent target codes. From the perspective of Wilcoxon test, the advantages of BW att over LAAT appeared not quite
significant. However, the performance metrics of all the models were the average over those from the experiments with different
random seeds, which effectively lowered the randomness behind the coding results, and made the advantages of BW._att reliable.

As for MIMIC-III-CHD, BW _att consistently served as the best model. What’s more, the advantages of BW_att over the other models

10



S. Zhao et al.

Heliyon 9 (2023) e14037

0.7
0.5 —e— BW_att
—e— CAML

0.4 —=— LAAT
g 806 —e— TextCNN
E 0.3 Tg —+— TextLSTM
g L —— LR
To2 Sos —o— SVM

0.1

0.4
20 30 40 50 60 20 30 40 50 60
Thresholds Thresholds
(a) Macro-F1 (b) Micro-F1

0.7 0.8
0 0
Q Q
2 32
S 06 207
2 Q7
g g
= =

0.5 0.6

20 30 40 50 60 20 30 40 50 60
Thresholds Thresholds
(c) Macro-AUC (d) Micro-AUC

Fig. 8. The performance of the models on predicting the multiple top-N codes in MIMIC-III-CHD. Panels (a), (b), (¢) and (d) display Macro-F1,
Micro-F1, Macro-AUC and Micro-AUC of the models respectively.
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were more obvious than those based on Fuwai-CHD, and the main reason could be as follows. After being pretrained and fine-tuned,
BERT-mini (embedded in BW_att) became capable of dealing with ambiguity in clinical text effectively, and this capability is of great
help in extracting useful features to predict the codes representing unspecified diseases. Note that in all the coding missions, BW_att
achieved significantly better performance than that reached by LAAT on predicting all the codes in MIMIC-III (Macro-F1 = 9.9%), and
this shows that focusing on the codes relating to CHD indeed improved the chance of applying the coding models in practice.

5.2. Interpretability

Regarding Fuwai-CHD, focusing on the top-100 codes as an example, we list Pro_K with different K calculated based on a randomly
picked round of experiment in Table 6, which reflects that most of the key characters located by BW_att are directly indicative of the
target codes. In other words, BW_att can assist CHD coding by suggesting the codes accurately (with a Macro-F1 of 96.2%) and
highlighting key text snippets at the same time. Note that the occurrences of the top-100 codes accounted for 89.2% of the total code
occurrences, and auto-assigning these codes can effectively ease the burden of clinical coders and improve coding efficiency.

In terms of MIMIC-III-CHD, Pro_K does not fit for evaluating the explainability of BW_att. As mentioned in Section 5.1, many codes
in MIMIC-III-CHD stand for unspecified diseases. Accordingly, certain key words identified by BW_att might not emerge in the target
code titles, even though they are helpful in predicting the codes. Below, we show the interpretability of BW_att by giving a randomly
selected record from the coding mission for the top-50 codes.

Table 7 lists the discharge summary and ICD codes of the record. The key words in the summary identified by BW att are shown in
bold. Among the keywords, only ‘mitral’ appears in the target code titles. However, other keywords also closely relate to the target
codes. For instance, ‘coumadin’ is a kind of medicine commonly used to treat diseases relating to valve (4240). ‘Chf’ stands for
congestive heart failure, which is directly indicating code 4280. ‘Osa’ stands for obstructive sleep apnea, and is one of the hazard
factors leading to coronary heart diseases (41,401).

5.3. Limitations

This study faces some limitations. First, we only experimented on a Chinese dataset and an English dataset. As recorded by existing
studies [,40,41], the portability of automated ICD coding models could not be guaranteed. In the future, we will validate the robustness
of BW_att by experimenting on more datasets from different hospitals.

Second, in order to avoid overfitting, BW_att did not cover the rare codes relating to CHD. As the rare codes are also important in
coding practice, we will make efforts to auto-assign them in the future. One research direction will be updating BW_att by adding a
graph neural network module, with the purpose of taking correlations between frequent codes and rare codes into account. According
to some related studies [15,42,43], such correlations could help forecast rare codes. Another direction will be setting some rules to
identify the rare codes. Using BW_att and the rules together, more comprehensive automated CHD coding could be achieved.

6. Conclusion

CHD poses life threats to a great many people worldwide. Automated CHD coding via machine learning is of great help in lying data
foundation for studying and preventing CHD, but has seldom been specifically studied. This paper aimed at achieving automated CHD
coding by a deep learning method named BW._att. Experiments demonstrated that BW_att outperformed some widely studied baselines
in most of the coding missions, reaching a Macro-F1 of 96.2% for the top-100 codes in Fuwai-CHD, and a Macro-F1 of 40.5% for the top-
50 codes in MIMIC-III-CHD. Moreover, BW_att was capable of locating informative tokens from clinical text for predicting the target
codes. Overall, BW att has great potential in facilitating CHD coding in practice.
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Table 6

Pro K for the interpretability of BW_att on Fuwai-CHD.
K 6 7 8 9 10
ProK 84.7% 84.0% 83.1% 82.2% 81.2%
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Table 7
A record for interpreting BW_att on MIMIC-III-CHD.
The discharge summary ICD codes
...bilaterally neuro pertinent results pm glucose urea creat sodium potassium chloride total anion ...... 41,401 (coronary atherosclerosis of native
echocardiogram impression intracardiac thrombus moderate severe mitral regurgitation ......phos mg coronary artery)
hospital chf exacerbation displayed pulmonary edema ...... displayed rapid afib admission displaying 42,731 (atrial fibrillation)
occasional episodes bradycardia ......thought osa pulm htn underwent heart ......therapeutic coumadin 4280 (congestive heart failure unspecified)
admission prep left heart ......mg tablet delayed release ec sig ...... 4240 (mitral valve disorders)
4168 (other chronic pulmonary heart
diseases)
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