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Preface

This volume contains the papers presented at PKAW?2016: The 14th International
Workshop on Knowledge Management and Acquisition for Intelligent Systems, held
during August 22-23, 2016 in Phuket, Thailand, in conjunction with the 14th Pacific
Rim International Conference on Artificial Intelligence (PRICAI 2016).

In recent years, unprecedented data, called big data, have become available and
knowledge acquisition and learning from big data are increasing in importance. Various
types of knowledge can be acquired not only from human experts but also from diverse
data. Simultaneous acquisition from both data and human experts increases its
importance. Multidisciplinary research including knowledge engineering, machine
learning, natural language processing, human—computer interaction, and artificial
intelligence is required. We invited authors to submit papers on all aspects of these
area. Another important and related area is applications. Not only in the engineering
field but also in the social science field (e.g., economics, social networks, and soci-
ology), recent progress in knowledge acquisition and data engineering techniques is
leading to interesting applications.

We invited submissions that present applications tested and deployed in real-life
settings. These papers should address lessons learned from application development
and deployment. As a result, a total of 61 papers were considered. Each paper was
reviewed by at least two reviewers, of which 28 % were accepted as regular papers and
8 % as short papers. The papers were revised according to the reviewers’ comments.
Thus, this volume includes 16 regular papers and five short papers. We hope that these
selected papers and the discussion during the workshop lead to new contributions in
this research area.

The workshop co-chairs would like to thank all those who contributed to PKAW
2016, including the PKAW Program Committee and other reviewers for their support
and timely review of papers and the PRICAI Organizing Committee for handling all
of the administrative and local matters. Thanks to EasyChair for streamlining the whole
process of producing this volume. Particular thanks to those who submitted papers,
presented, and attended the workshop. We hope to see you again in 2018.

August 2016 Hayato Ohwada
Kenichi Yoshida

chauvtn@hcmut.edu.vn
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Abbreviation Identification in Clinical Notes
with Level-wise Feature Engineering
and Supervised Learning

Thi Ngoc Chau Vol(%), Tru Hoang Cao', and Tu Bao Ho*?

! University of Technology, Vietnam National University,
Ho Chi Minh City, Vietnam
{Chauvtn, tru}@cse. hcmut. edu. vn
2 Japan Advanced Institute of Science and Technology, Nomi, Japan
bao@jaist.ac. jp
3 John von Neumann Institute, Vietnam National University,
Ho Chi Minh City, Vietnam

Abstract. Nowadays, electronic medical records get more popular and signif-
icant in medical, biomedical, and healthcare research activities. Their popularity
and significance lead to a growing need for sharing and utilizing them from the
outside. However, explicit noises in the shared records might hinder users in
their efforts to understand and consume the records. One kind of explicit noises
that has a strong impact on the readability of the records is a set of abbreviations
written in free text in the records because of writing-time saving and record
simplification. Therefore, automatically identifying abbreviations and replacing
them with their correct long forms are necessary for enhancing their readability
and further their sharability. In this paper, our work concentrates on abbreviation
identification to lay the foundations for de-noising clinical text with abbreviation
resolution. Our proposed solution to abbreviation identification is general,
practical, simple but effective with level-wise feature engineering and a super-
vised learning mechanism. We do level-wise feature engineering to characterize
each token that is either an abbreviation or a non-abbreviation at the token,
sentence, and note levels to formulate a comprehensive vector representation in
a vector space. After that, many open options can be made to build an abbre-
viation identifier in a supervised learning mechanism and the resulting identifier
can be used for automatic abbreviation identification in clinical text of the
electronic medical records. Experimental results on various real clinical note
types have confirmed the effectiveness of our solution with high accuracy,
precision, recall, and F-measure for abbreviation identification.

Keywords: Electronic medical record - Clinical note - Abbreviation
identification + Level-wise feature engineering * Supervised learning - Word
embedding

1 Introduction

In recent years, there has been a growing need for sharing and utilizing electronic
medical records from the outside in medical, biomedical, and healthcare research
activities. Free text in clinical notes of these electronic medical records often contains

© Springer International Publishing Switzerland 2016
H. Ohwada and K. Yoshida (Eds.): PKAW 2016, LNAI 9806, pp. 3-17, 2016.
DOI: 10.1007/978-3-319-42706-5_1
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4 T.N.C. Vo et al.

explicit noises such as spelling errors, variants of terms (acronyms, abbreviations,
synonyms ...), unfinished sentences, etc. [8]. Such explicit noises in the shared records
might hinder users in their efforts to understand and consume the records. One kind of
explicit noises that has a strong impact on the readability of the records is a set of
abbreviations written in free text in the records because of writing-time saving and
record simplification. Those abbreviations might result in misinterpretation and con-
fusion of the content in the electronic medical records as mentioned in [4]. So, auto-
matically identifying abbreviations and replacing them with their correct long forms are
significant for enhancing their readability with more clarity and sharability.

Regarding abbreviation resolution, we witnessed a number of the related works
with many focuses on different tasks and purposes. As one of the first works consid-
ering medical abbreviations, [3] has provided a listing of medical abbreviations in 6
nonexclusive groups for English medical records. The result from [3] was well-known
as Berman’s list of abbreviations, helpful for abbreviation disambiguation in English
clinical notes. Another effort in [23] has been given for normalizing abbreviations in
clinical text and another one in [2] for enhancing the readability of discharge sum-
maries. Furthermore, [21] has examined three natural language processing systems
(MetaMap, MedLEE, cTAKES) to see how well these systems deal with abbreviations
in English discharge summaries. The authors also suggested “accurate identification of
clinical abbreviations is a challenging task”. This suggestion is understandable because
many abbreviations are dependent on context for their interpretation as mentioned in
[12]. Indeed, [12] realized many abbreviations encountered have been commonly used
but dependent on context. Thus, capturing the surrounding context of an abbreviation is
important to distinguish itself from non-abbreviations in clinical text.

In this paper, we propose an effective solution to abbreviation identification in
electronic medical records with level-wise feature engineering and supervised learning.
Level-wise feature engineering is performed to characterize each token that is either an
abbreviation or a non-abbreviation at the token, sentence, and note levels. Many
aspects of each token (abbreviation or non-abbreviation) can be examined and captured
to be able to discriminate between the tokens. Especially, their contexts are defined
according to their surrounding neighbors in a continuous bag-of-words model intro-
duced in [13]. As a result, a comprehensive vector representation for each token is
achieved in a vector space. After that, many open options can be made to build an
abbreviation identifier in a supervised learning mechanism. The resulting identifier can
be used for identifying abbreviations automatically in clinical text. Experimental results
on various real clinical note types have confirmed the effectiveness of our solution with
high accuracy, precision, recall, and F-measure.

2 Abbreviation Identification in Electronic Medical Records
with Level-wise Feature Engineering

In this section, we propose an abbreviation identification task on electronic medical
records with level-wise feature engineering in the vector space. The task is defined in a
broader view of the clinical note de-noising process with abbreviation resolution. It
contributes to cleansing clinical texts of abbreviations, one kind of explicit noises.

chauvtn@hcmut.edu.vn



Abbreviation Identification in Clinical Notes with Level-wise Feature Engineering 5

2.1 De-noising Clinical Notes with Abbreviation Resolution

De-noising clinical notes with abbreviation resolution aims at replacing all abbrevia-
tions written in clinical notes with their correct long forms in order to improve the
readability of these clinical notes and further enable their sharability for other medical
and healthcare research activities. This abbreviation resolution consists of two phases:
(1). Abbreviation Identification and (2). Abbreviation Disambiguation. The first phase
needs to extract the parts from the free text in the clinical notes that are abbreviations
and the second phase finds a long form corresponding to each abbreviation. As one
long form might have many written abbreviations and one abbreviation might be used
as a short form of many words or phrases, a correct single sense needs to be determined
for an abbreviation and thus, abbreviation disambiguation is implied. These two phases
are performed consecutively as shown in Fig. 1. The entire process will make clinical
notes with noises (abbreviations) in their text cleansed and readable.

‘ “Ti > Abbreviations — Long Forms
Sentences L_Tokens HSI‘ | # Tokens | Sentences
- | “I * Non-Abbreviations
Notes | U
with Noise L ! De-noised Notes

Abbreviation Identification | Abbreviation Disambiguation

Fig. 1. De-noising clinical notes with abbreviation resolution

2.2 Abbreviation Identification Task Definition

In this subsection, we elaborate the abbreviation identification phase and define an
abbreviation identification task.

As the input of this phase is a collection of clinical notes that contain free text and
its output is a collection of abbreviations written in the clinical notes, we formulate an
abbreviation identification task as a token-level binary classification task on the free
text of the clinical notes. As well-known in data mining and machine learning, a
classification task is performed in a supervised learning mechanism to classify given
objects into several predefined classes. “Binary classification” means that there are two
predefined classes (groups) corresponding to a group of abbreviations (class = 1) and
another group of non-abbreviations (class = 0). “Token-level classification” means that
each object in the classification task is defined at the token level of the clinical notes.
Indeed, each object is a token obtained from the free text in the clinical notes. A token
is either an abbreviation or a non-abbreviation. It is represented as a vector, called a
token-level vector, so that a binary classification task can be performed in a vector
space. A classification model of the binary classification task needs to be built for
abbreviation identification and is called an abbreviation identifier used with the
aforementioned input and producing the expected output. A token-level vector used in
the phase of constructing the abbreviation identifier is called a training token-level
vector. Each training vector is given a true class value which is either 1 for an

chauvtn@hcmut.edu.vn



6 T.N.C. Vo et al.

abbreviation or O for a non-abbreviation while a vector corresponding to a token that
needs to be determined as an abbreviation or not will be assigned a class value after the
model classifies its vector to an appropriate class. A vector in the vector space of the
task that has p dimensions is characterized by p features corresponding to p dimensions
of the vector space. A feature value is of any data type in implementation depending on
feature engineering we perform to represent each token. In our work, each feature value
is a real number and thus, a large number of supervised learning algorithms can be
utilized for the task in a vector space.

2.3 Level-wise Feature Engineering

In order to represent each token in a vector space, we first design the structure of each
token in the form of a vector and then process the clinical notes to generate a corre-
sponding vector by extracting and calculating its feature values. In our work, we do
feature engineering by capturing many different aspects of each token from the most
detailed level to the coarsest one. In particular, we consider the features at the token,
sentence, and note levels. That is why we call our feature engineering “level-wise
feature engineering”. It is delineated as follows.

At the token level, each token is characterized by its own aspects such as word
form with orthographic properties, word length, and semantics. We use 3 orthographic
features named AnyDigit, AnySpecialChar, and AllConsonants, using 1 word length
feature named Length, and using 2 semantic features named inDictionary and isA-
cronym. These token-level features are described below:

e AnyDigit: indicating if the current token contains any digit such as “0”, “1”, “2”,
“37, 47«57, <67, “77, “8”, and “9”. If yes, one (1) is the corresponding feature
value. Otherwise, zero (0) is used. The use of digits in abbreviations is little;
however, they might be used to shorten the long form of some number or combined
with letters in abbreviations.

e AnySpecialChar: indicating if the current token contains any special character such
as .7, 7, 0, T 1T N, ), @7, “%”, “&”, and so on. If yes, one (1) is the
corresponding feature value. Otherwise, zero (0) is used. It is found that abbrevi-
ations don’t often contain special characters except for “-”, “_”, and “.” for con-
necting the components of their long forms.

e AllConsonants: indicating if the current token is composed of all consonants such as
“b”, “c”, “d”, ..., “W”, “x”, “z”. If yes, one (1) is the corresponding feature value.
Otherwise, zero (0) is used. In our work, we consider acronyms to be special
abbreviations. Thus, all abbreviations which are acronyms created by a sequence of
the first letters of the components of their long forms tend to contain all consonants.
Nonetheless, there exist some abbreviations including vowels.

e Length: the number of characters in the current token. It is found that most
abbreviations are short due to time saving, the main purpose of abbreviation
writing.

e inDictionary: indicating if the current token is included in a given medical dic-
tionary. This dictionary is regarded as an external resource to provide us with the

—

chauvtn@hcmut.edu.vn



Abbreviation Identification in Clinical Notes with Level-wise Feature Engineering 7

semantics of the tokens in case they are medical terms in the bio-medical domain. If
yes, one (1) is the corresponding feature value. Otherwise, zero (0) is used. This
token-level feature helps realizing that the current token might be a
non-abbreviation as medical terms in the dictionary are in their full forms.

e isAcronym: indicating if the current token matches any acronym of a medical term
in the aforementioned dictionary. If yes, one (1) is the corresponding feature value.
Otherwise, zero (0) is used. In contrast to inDictionary, this token-level feature
helps us point out that the current token might be an abbreviation.

At the sentence level, many contextual features are defined from the surrounding
words of each token in the sentence where it is contained. Different from the existing
work [26] that used word forms of the surrounding words and [22] that used the
characteristics of the previous/next word of each current word for capturing the context
of the current word, we use a word embedding vector to encode the context of each
token in a vector space. As introduced in [13], each word can be represented as a
continuous vector in a vector space using either a continuous bag-of-words model or a
continuous skip-gram model. The previous model predicts the current word based on
the context words while the latter predicts the words in a certain range before and after
the current word which is now an input. Due to the nature of our abbreviation iden-
tification task, which concentrates on deciding if a current word (token) is an abbre-
viation or not, we would like to capture the context of each token based on its
surrounding words and thus in some certain contexts, long forms are not written, i.e.
abbreviations are preferred and written. Therefore, a continuous bag-of-words model is
an appropriate choice of focusing on the current token and generating the
sentence-level contextual features. The number of the resulting sentence-level con-
textual features is the output layer size V of the continuous bag-of-words model.

At the note level, occurrence of each token in clinical notes is considered as a
note-level feature. We use a term frequency to capture the number of occurrences of
each token. Our feature engineering does not compute the percentage as we plan to
perform our abbreviation resolution over time. As of that moment, updating term
frequencies which are the number of occurrences is simpler than updating the per-
centage of each token because only the tokens in the incremental part need to be
checked.

As a result, a token is represented in the following form of a vector:

X = (xtl, e Xppy XYy e X3 XY, e x,’;p)
in a vector space of (tp + sp + np) dimensions where X! is a feature value of the i-th
feature at the token level, XJ‘ a feature value of the j-th feature at the sentence level, and
X} a feature value of the k-th feature at the note level; and fp is the number of
token-level features, sp the number of sentence-level features, and np the number of
note-level features. For our encodings in the abbreviation identification task, we design
each token representation in a (7 + V)-dimension space with 7p =6, sp =V, and
np = 1 where V is sp, an output layer size in the continuous bag-of-words model.

chauvtn@hcmut.edu.vn



8 T.N.C. Vo et al.

2.4 Discussion

With the abbreviation identification task definition and level-wise feature engineering,
the advantages of our level-wise feature engineering are highlighted:

Firstly, unlike the related works [14, 23, 24] where feature engineering is super-
vised with class information in terms of “target abbreviation”, ours does level-wise
feature engineering in an unsupervised manner with no class information. Thus, our
approach is more practical and applicable for abbreviation identification in abbreviation
resolution to the coming electronic medical records over time.

Secondly, our work has defined a comprehensive representation of each token in
clinical notes that can capture many different aspects of each token from the most
detailed level to the roughest one, suitable for the context of abbreviation usage where
an abbreviation writing habit is formed, agreed, and maintained in a group of people.
Thus, sentence- and note-level features get important for abbreviation determination
while token-level features are remained to characterize each token.

Thirdly, there is no restriction on abbreviation writing styles as our feature engi-
neering does not make use of abbreviation writing styles. Above all, our level-wise
feature engineering has no restriction on note structures as only token occurrence is
examined at the note level. Specific note structures were not encoded into the resulting
features so that many various clinical types could be supported over time. Especially,
we simply consider two groups of tokens: one for abbreviations and another one for
non-abbreviations. This means that there is no distinguishing between abbreviations
and acronyms, leading to the capability to identify a large set of so-called short forms,
i.e. abbreviations, in clinical notes.

However, we would like to note that each group of the features obtained at each
level in our level-wise feature engineering is not automatically and specifically selected
for any given collection of clinical notes. We choose and design them level by level
based on the nature of the abbreviation resolution task, our heuristic rules, and the
existing features used in the related works [22-24, 26] mentioned above.

3 An Abbreviation Identification Process Using a Supervised
Learning Mechanism on Electronic Medical Records

Based on the abbreviation identification task and level-wise feature engineering defined
previously, an abbreviation identification process using a supervised learning mecha-
nism on electronic medical records is proposed. Sketched in Fig. 2, our abbreviation
identification process is conducted with three parts executed sequentially: A. Data
Preparation; B. Identifier Construction; and C. Abbreviation Identification.

A. Data Preparation

As we transform an abbreviation identification task on free text in clinical notes into a
classification task on token-level vectors in a vector space, data preparation plays an
important role to generate appropriate token-level vectors from the given clinical notes.
All clinical notes need to be gone through natural language processing as they contain
free text. In order to gather a collection of tokens in these clinical notes, tokenization is
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Fig. 2. The proposed abbreviation identification process using a supervised learning mechanism
on electronic medical records

performed. For each resulting token, a vector is created as introduced earlier. In
addition to tokenization, we use our proposed level-wise feature engineering for both
training clinical notes and clinical notes that need abbreviation resolution. For both
training token-level vectors and other token-level vectors, all token-level feature values
are achieved after characterizing each token. All sentence- and note-level feature values
are derived in an unsupervised approach after a continuous bag-of-words model is built
and term frequencies are obtained using all clinical notes. An additional work is done
for the tokens in the training set in order to get their class values by annotation.
Annotating each token as either an abbreviation or a non-abbreviation is time-
consuming but inevitable for a classification task. A true class value which is 1 or O is
assigned to a true abbreviation or non-abbreviation in the training set as our classifi-
cation task is a binary one.

An expected result of this part includes one collection of training token-level
vectors and another collection of token-level vectors corresponding to the tokens in the
clinical notes that are going to be de-noised with abbreviation resolution. Such an
output will be fed into the next two parts for abbreviation identifier construction and
abbreviation identification, respectively.

B. Identifier Construction

In our current work, the abbreviation identification task is carried out in a supervised
learning mechanism as a classification task and thus, a collection of training token-level
vectors needs to be ready for identifier construction in this part. After that, supervised
learning is used to process these training vectors to return a classifier which is our
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abbreviation identifier. Before this abbreviation identifier is shifted to the next part for
use, an evaluation is made in a k-fold cross-validation where our level-wise feature
engineering is guaranteed for the vectors in the training folds and the test fold in each
loop. If its performance is not satisfied for the abbreviation identification task, super-
vised learning algorithms along with Data Preparation part and particularly our
level-wise feature engineering need examining for more improvement.

As the training token-level vectors are formed in a conventional vector space, we
can make the most of a large number of supervised learning algorithms which are
available to support this part for identifier construction. This implies that our solution is
practical and applicable to de-noising clinical notes in electronic medical records to
enhance their readability.

C. Abbreviation Identification

This part comes after the previous two parts as soon as token-level vectors are trans-
ferred from Data Preparation part and an abbreviation identifier is sent by Identifier
Construction part. It will make use of the abbreviation identifier to decide which token
is an abbreviation and which is not by classifying a corresponding token-level vector.
The resulting abbreviations and non-abbreviations are then marked for the corre-
sponding tokens in the clinical notes so that long forms of the significant abbreviations
can be resolved in the next phase. How correctly a token is marked with abbreviation or
non-abbreviation relies on how effective the abbreviation identifier is. Thus, active
learning with human interaction should be considered to further check the returned
abbreviations and non-abbreviations in practice in the future.

D. Discussion

Regarding a theoretical evaluation of our solution, which is processed in a supervised
learning mechanism with level-wise feature engineering, we would like to discuss its
strengths and weakness as follows.

The first remarkable point of the proposed solution is that it spends more effort on
data preparation and less effort on both identifier construction and abbreviation iden-
tification. This leads to more open options to identifier construction for efficiency and
effectiveness in a supervised learning phase. Besides, our solution can make abbrevi-
ation identification convenient and applicable to clinical text in a classification phase.
All abbreviations in clinical text can be identified automatically.

Another advantage of our solution is that it is general, i.e. not specific, for lan-
guages, note structures, and note types used for clinical text from feature engineering to
process implementation. As a derived advantage, our solution is simple and practical to
be deployed in practice and lay the basis for abbreviation resolution.

It is important for us to emphasize only one weakness of our solution regarding the
synchronization between the feature extraction of training token-level vectors and other
token-level vectors that need abbreviation identification. As our level-wise feature
engineering is done not only at the token level but also at the sentence and note levels,
all clinical notes have to be gathered together to build a continuous bag-of-words
model and term frequencies in an unsupervised manner. Whenever there are new
clinical notes for abbreviation identification, the feature extraction of all token-level
vectors needs to be performed simultaneously with the same continuous bag-of-words

chauvtn@hcmut.edu.vn



Abbreviation Identification in Clinical Notes with Level-wise Feature Engineering 11

model and checking the same term frequencies so that sentence-level and note-level
characteristics can be included in every token-level vector. As of that moment, a
continuous bag-of-words model and term frequencies need to be re-generated.
Nonetheless, such a weakness can be covered as we improve our solution soon in a
semi-supervised learning mechanism over time.

4 Experimental Results

In order to evaluate the proposed solution, we present several experiments and provide
discussions about their results. The experiments were conducted using the program
written in Java for feature extraction, the word embedding implementation in
Word2VecJava [20], and the supervised learning algorithm implementation in Weka 3
[18]. As an external resource, a hand-coded dictionary composed of 1995 medical
terms in either Vietnamese or English is used in our experiments. Using this dictionary,
we generated an acronym for each medical term regardless of its language. In the
following, we elaborate our experiments for an evaluation using a triangle rule which is
“at least three” for data, algorithms, and measures.

Clinical notes used in our experiments come from electronic medical records at
Van Don Hospital in Vietnam [1], written in Vietnamese and English for medical terms.
Details about clinical notes and abbreviations written in those notes are given in Table 1.
Different from the related works, our work does not perform the identification task for
each abbreviation as there are many distinct abbreviations in the current notes and the
future ones. We also have no restriction on the minimum and maximum lengths of each
abbreviation that needs to be identified. Therefore, for the identification task, we simply
annotate each token as an abbreviation or a non-abbreviation. The percentage of
abbreviations in each set of notes is calculated with respect to the total number of tokens
in each set. Table 1 shows that there is an imbalance in our data set because the number
of non-abbreviations is very high. This leads to our choice of evaluation measures which
are Accuracy, Precision, Recall, and F-measure. Accuracy is used to check the overall
performance of the resulting identifier whereas Precision, Recall, and F-measure are
used for only the class of abbreviations to see how correctly the resulting identifier can
recognize abbreviations. Furthermore, we prepare three different types of clinical notes
including care notes, treatment order notes, and treatment progress notes. The note types
are different from each other in the number of records, the number of sentences, the
number of tokens, and the number of abbreviations.

Table 1. Details about clinical notes and abbreviations

Clinical note types | Care | Treatment order | Treatment progress
Patient# 2,000 |2,000 2,000

Record# 12,100 | 4,175 4,175

Sentence# 8,978 39,206 13,852

Token# 52,109 | 325,496 138,602
Abbreviation# 3,031 | 24,693 7,641
Abbreviation% 5.82 |7.59 5.51
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Regarding supervised learning algorithms, we apply Random Forest with 100 trees,
C4.5, and k-NN with k = 1 and Euclidean metric. The selected algorithms belong to a
various number of the supervised learning categories because Random Forest is an
ensemble method widely-used in the related works [22], C4.5 is a baseline decision tree
algorithm also used in the related works [22, 25], and k-NN follows a lazy learning
approach. Moreover, these three different algorithms have been studied very well in the
machine learning research area and thus we do not focus on the fact that the best results
are from which algorithm. Instead, we concentrate on a common response from these
algorithms for the results of the task in our solution when several various feature sets
were extracted at three different levels of detail.

In the following tables, experimental results are displayed. The experimental results
on care notes are given in Table 2, the one on treatment order notes in Table 3, and the
one on treatment progress notes in Table 4. In addition to these tables, we show the
experimental results with different layer sizes for the continuous bag-of-word models
using Random Forest in Table 5.

Table 2. Experimental results on care notes

Algorithm | Measure | Token- | Token-level + | Sentence- | Combination-5 | Combination
level | Note-level level - 5 with no
external
resource - 5
Random | Accuracy |98.87 |99.948 99.95 99.987 99.989
Forest | Precision |96.1 99.8 100 100 100
Recall 84 99.3 99.2 99.8 99.8
F-measure | 89.6 | 99.5 99.6 99.9 99.9
C4.5 Accuracy |98.879 |99.931 99.86 99.941 99.946
Precision |96.3 |99.7 99.2 99.8 99.8
Recall 839 199.1 98.4 99.2 99.2
F-measure | 89.7 1 99.4 98.8 99.5 99.5
I-NN Accuracy |98.877 | 99.948 99.916 | 99.96 99.964
Precision [96.3 |99.8 99.3 99.7 99.7
Recall 839 1993 99.2 99.6 99.7
F-measure | 89.7 | 99.5 99.2 99.6 99.7

From the results in Tables 2, 3 and 4, we realize that sentence-level features with
layer size = 5 can help achieving higher precision while token-level and note-level
features achieving higher recall. In general, a combination of the features at all levels
with layer size = 5 gets the highest accuracy in most cases, regardless of the selected
supervised learning algorithm. Besides, we found little difference between using and
not using any external resource. This might be because as of this moment, our
hand-coded dictionary has a limited number of terms. In our opinion, semantic features
are important to reflect each token and especially potential for the next phase to
disambiguate the senses of each abbreviation.
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Table 3. Experimental results on treatment order notes
Algorithm | Measure | Token- | Token-level + | Sentence- | Combination-5 | Combination
level | Note-level level - 5 with no external
resource - 5
Random | Accuracy |96.746 | 99.603 99.664 99.672 99.671
Forest | Precision |81.1 [97.8 98.2 98.2 98.2
Recall 744 1969 97.4 97.5 97.5
F-measure | 77.6 | 97.3 97.8 97.8 97.8
C4.5 Accuracy |96.747 | 99.601 99.624 99.66 99.659
Precision | 81.1 97.8 97.9 98.1 98.1
Recall 744 1969 97.1 974 974
F-measure | 77.6 | 97.3 97.5 97.7 97.7
1-NN Accuracy |96.746 | 99.603 99.657 99.668 99.669
Precision |81.1 |97.8 98.1 98.2 98.2
Recall 744 1969 97.4 97.5 97.5
F-measure | 77.6 97.3 97.7 97.8 97.8
Table 4. Experimental results on treatment progress notes
Algorithm | Measure | Token- | Token-level + | Sentence- | Combination-5 | Combination
level | Note-level level - 5 with no external
resource - 5
Random | Accuracy |97.509 | 99.789 99.895 1 99.907 99.903
Forest | Precision |94 98.5 99.8 99.5 99.4
Recall 58.6 |97.7 98.3 98.8 98.8
F-measure | 72.2 98.1 99 99.1 99.1
C4.5 Accuracy |97.51 |99.789 99.782 1 99.864 99.867
Precision |94 98.3 98.8 99 99.1
Recall 58.6 |97.9 97.3 98.5 98.5
F-measure | 72.2 | 98.1 98 98.7 98.8
I-NN Accuracy | 97.509 | 99.789 99.848  |99.888 99.888
Precision |94 98.5 98.8 99 99
Recall 58.6 |97.6 98.5 929 98.9
F-measure | 89.7 | 99.5 99.2 99.6 99.7
Table S. Experimental results with different layer sizes using random forests
Note type | Layer | Sentence-level Combination with an external resource
s1ze Accuracy | Precision | Recall | F-measure | Accuracy | Precision | Recall | F-measure
Care Notes | 5 99.950 100.0 99.2 |99.6 99.987 100.0 99.8 1999
100 99.950 100.0 99.1 [99.5 99.952 100.0 99.2 199.6
Treatment |5 99.664 98.2 974 |978 99.672 98.2 975 |978
Order 1100 |99.665 | 98.2 97.4 978 99.665 | 98.2 974 978
Notes
Treatment |5 99.895 99.8 98.3 199.0 99.907 | 99.5 98.8 |99.1
;r;izess 100 99.897 99.8 98.3 199.0 99.899 99.8 984 |99.1
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From the results in Table 5, contextual features extracted by means of continuous
bag-of-word models play an important role in correctly recognizing an abbreviation
with very high precision but with acceptable recall. As we extend the vector space with
other features at token and note levels, the abbreviation identifier can be enhanced with
higher recall while precision appears to be remained. Hence, its final accuracy can be
improved. This point is highlighted for both layer sizes which are 5 and 100 and for
three different note types. Furthermore, it is worth noting that for these clinical notes,
five contextual features extracted for each token are good enough for abbreviation
identification as the experimental results with layer size = 5 are often better than those
with layer size = 100. Nonetheless, “which layer size is suitable for abbreviation
identification on which notes” is open in the future for the task as our work has not yet
determined an appropriate value for this parameter automatically. With 5 contextual
features at the sentence level, the cost for our constructing the abbreviation identifier
gets increased a little as compared to that cost with 50 or 100 word embedding features
in the existing works such as [24] and [11], respectively. Therefore, the total number of
the resulting features at all levels in our Combination-5 experiments is 12, small but
effective for abbreviation identification in those notes.

In short, our work has provided an effective solution to abbreviation identification
that can be used with many various existing supervised learning algorithms and a
comprehensive representation of each token in clinical notes. This solution has been
examined on the real clinical notes and produced promising results on a consistent
basis. It is then able to lay the foundations for abbreviation resolution in the next step
where long forms need to be decided for each correctly identified abbreviation.

5 Related Works

For a comparison between the existing works and ours, an overall review on the related
works is given in this section. We also present the rationales behind our experiments,
which did not include any empirical comparison with these works.

First of all, we give a general review on the works in [2, 5-7,9-11, 14-17, 19, 22-26]
related to abbreviation resolution. Among these works, many related tasks have been
considered to make some certain contribution to abbreviation resolution in clinical text
and then further to noise cleaning and readability improvement on the clinical text in
electronic medical records. For example, [10, 22, 25] focused on abbreviation detection,
[5-7,9, 11, 14, 15, 17, 19, 23, 24] on abbreviation disambiguation and expansion, and
[11, 16, 24-26] on sense inventory construction for abbreviations. At this moment, our
work concentrates on the first important phase of abbreviation resolution that is abbre-
viation identification. Using the abbreviations correctly identified, long forms can be
determined and assigned to each abbreviation.

Secondly, we would like to discuss the reasons for not comparing the related works
with ours in the experiments presented previously. As discussed earlier, our work aims
to a more general solution to abbreviation identification. In contrast, a few related
works were specific for dealing with some kinds of abbreviations in clinical text. For
example, [10] has connected their solution to German abbreviation writing styles and
[9] has paid attention to only the abbreviations that are 3 letters long. Another
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important point is that our work follows an unsupervised approach to level-wise feature
engineering to be able to handle other unknown abbreviations in the future. Different
from ours, the related works in [14, 23, 24] used a supervised approach in their feature
engineering with respect to “target abbreviations”. Our work also captures the context
of each token at the sentence level using a continuous bag-of-words model in a vector
space while [22] only uses local context based on the characteristics of the
previous/next word of each current word and [26] uses word forms of the surrounding
words. Besides, our work defines a comprehensive token-level vector representation
with level-wise features in a vector space while many machine learning-based related
works such as [14, 15, 25] are not based on a vector space model, leading to the
different representations for clinical notes. Moreover, our work is based on a supervised
learning mechanism for abbreviation identifier construction while several related works
have made use of regular expressions [11], word lists and heuristic rules [25] for
abbreviation identification. Last but not least, there is no available benchmark clinical
data set for abbreviation identification in the present for empirical comparisons to be
made with no bias. Each work has resolved this task using its own data set perhaps
because of a high cost for data preparation, especially in machine learning-based works
requiring large annotated data sets.

Based on our differences from the related works, it can be seen that our work has
the merits of abbreviation identification so that a correct set of abbreviations can be
further taken into consideration for finding their true long forms and de-noising clinical
notes for readability and sharability enhancement. It has been proved with the high
effectiveness of the proposed solution on various real clinical note types.

6 Conclusion

In this paper, we have taken into account an abbreviation identification task on elec-
tronic medical records. This task is formulated as a binary classification task to handle
the first phase of abbreviation resolution to make electronic medical records more
readable and sharable with long forms of their abbreviations. In our solution, we do
level-wise feature engineering to represent each token in clinical notes in a vector space
using several different aspects at token, sentence, and note levels corresponding to
orthographic, word length, and semantic features at the token level; contextual features
at the sentence level using the continuous bag-of-word model; and occurrence feature
of each token in a given note set at the note level using term frequency, respectively.
Many various existing supervised learning algorithms are then able to be utilized with
the resulting token-level vectors to build an abbreviation identifier. We believe that a
comprehensive set of level-wise features can help us distinguish instances of abbre-
viations from the others of non-abbreviations. Furthermore, our feature set does not
rely much on external resources for semantics and the structure of each note type. In
addition, it is proved with experimental results on real Vietnamese clinical data sets of
three note types that our solution is really effective with very high accuracy, precision,
recall, and F-measure values. This implies that abbreviation identification is tackled
well for de-noising clinical notes with abbreviation resolution.
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In the future, we plan to make our current solution more practical over time by
using a semi-supervised learning mechanism instead of a supervised learning one.
Besides, cleaning abbreviations from clinical notes by determining their correct long
forms is one of our next steps to prepare electronic medical records for readability and
sharability in further data analysis and knowledge discovery. Parallel processing for our
solution to abbreviation resolution is also regarded to speed up the task. Finally, we
will pay more attention to automatically determining parameter values in the task.
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