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Abstract: The growth of the internet and the digital library have created massive
electronic documents that the manual analysis of these documents is no longer
feasible. Hence, extracting keywords from these documents is vital to have the first
concept about these documents and search for relevant documents. However,
extracting a limited number of keywords from a document that is enough to find all
related documents is challenging. Automatic keyword extraction is an important
research direction in data mining, natural language processing, and search engine
optimization. The advantages of traditional methods of keywords extraction, based
on statistics and linguistic rules, are domain-independent and do not require any
training data. However, keywords generated by this method are not good enough to
find all relevant documents. This paper proposes a new approach that exploits word-
level handcrafted features and machine learning models to solve this task. To
evaluate the proposed solution, we compare our results with the latest supervised and
unsupervised methods for automatic keyword extraction.s. Experiment results show
that our model achieves the best results on the 9/20 data corpus. It points out that our
proposed approach is promising.
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1. INTRODUCTION

The advent of the internet has produced enormous digital documents, of which 80% is
unstructured documents®. Keyword extraction aims to create a set of keywords representing
text documents that can be used effectively in many tasks such as automatic indexing,
clustering and filtering, search engine optimization, etc. There are a large number of
documents on the internet without keywords. However, the manual assignment of high-
quality keywords is costly, time-consuming, and error-prone. Because of that, automatic
keyword extraction has been raised as an important task in natural language processing.
Researches on automatic keyword extraction are mainly divided into two categories:
unsupervised and supervised learning. The supervised methods consider this problem as a
binary classification task, whereas the unsupervised ones are mostly based on TF-IDF [3],
clustering, and graph-based ranking.

Unsupervised learning approaches usually use the term frequency-inverse document
frequency, clustering, and graph-based to rank and select keywords. Rafiei et al.[1] and Kim
[2] uses the TF.IDF weight to identify keywords in the single document. Research [4]
selects three groups of six words with the highest values in the entire document, the longest
sentence in each paragraph, and the title. Research [5,6,7] are graph-based ranking models
applied to extract keywords. Novel unsupervised approaches, such as RaKUn [9] and
YAKE! [8], work reasonably well, and have some advantages over supervised approaches,
as they are language and genre independent. YAKE! [8] method implements keyword
extraction based on each word's importance through feature extraction and employs a
heuristic measure to determine their relevance. Based on phrase embedding, Key2Vec [13]
propose processing text documents for training multi-word phrase embeddings for the

! https://lawtomated.com
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thematic representation of scientific articles and ranking of keyphrases extracted from them
using theme-weighted PageRank.

Existing supervised learning approaches typically extracting features from documents
then apply machine learning algorithms. The tradition researches [10-14] have fed linguistic
and lexical features as input into the machine learning algorithm such as Decision Tree,
Naive Bayes, K-nearest Neighbours, and Support Vector Machines (SVM). However, the
drawback for the supervised learning method is that it depends on a large labelled dataset.
The deep learning approaches are supervised learning approaches that are constructed by
neural networks with multiple layers. Research [15] proposed a deep neural network model
to extract keywords in the Chinese language. An extended Long short term memory(LSTM)
model called center-based LSTM applies a self-attention mechanism to capture multi-
aspects sentence-level information when determining whether given the word is a keyword.
Very recently, two supervised models named CopyRNN and CatSeqD proposed by Meng
et al. [16] and Yuan et al. [17]. Meng [16] employs an one-to-seq approach, named
CopyRNN, where an input text is matched with a concatenated sequence made of all the
keywords for a specific text. The CatSeqD [17] method is also a one-to-seq approach
incorporated two diversity mechanisms (called semantic coverage and orthogonal
regularization) into the model. These mechanisms constrain the over-all internal
representation of a generated keyword sequence to be semantically similar to the overall
meaning of the source text and therefore force the model to produce different keywords.

In general, the unsupervised methods have the advantage of not requiring any training
data and can achieve results in any domain. A drawback of this approach is that the quality
of the keywords achieved depends on the document's length and quality. On domain-specific
data, supervised methods have shown better performances. However, the model used for
training and prediction has many effects on the quality of the final keywords.

The method that we introduce in this paper is a combination of handcrafted feature
extraction techniques and an artificial neural network model. We exploit the advantage of
the unsupervised learning method by proposing a set of effectiveness features. Therefore,
our result has achieved excellent performance and works much more efficiently than
unsupervised algorithms based on simple word frequency statistics. Besides, the selection
of the appropriate neural network model is also the advantage of the proposed solution.

The main contributions of the paper include:

- Propose a set of powerful features at the word level using for extracting keywords. The
features we considered are (1) Noun phrase; (2) Name Entity; (3) Trigram; (4) Length; (5)
Position; (6) Spread; (7) Frequency; (8) TF.IDF; and (9) Casing.

- Propose a binary classification artificial neural network model to extract keywords. The
proposed model is independent on the language, length, and quality of the document.

The rest of this paper is structured as follows. We present our proposed approaches in
Section 2, including pre-processing, feature extraction methods, and the model for query
and filtering. Section 3 presents the results and a discussion on the results. Finally, our
conclusion and future works will be introduced in Section 4.

2. PROPOSED METHOD

The approach proposed in this paper has three main steps illustrated in Figure 1: (1) pre-
processing, (2) features extraction, and (3) keywords extraction. First, the document is pre-
processed and building keyword candidates. Then, an input feature vector is created based
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on features defined in section 2.2. Finally, a ranking algorithm is applied to select top-k
keywords. We explain and give a detailed description of each step implementations.

Keyword extraction
Training Pre- Feature Training
Corpus w processing exfraction model
A4
Pre- Feature L Keywords
Document ) . —r Prediction [ YO
processimng extraction selection

Figure 1. Processing steps for keyword extraction

Keywords

2.1. Pre-processing

Stopwords are the most common words in any natural language. In analyzing and
building natural language processing models, these stopwords might not add much value to
the meaning of the document. Besides, based on the observation that numbers and special
characters rarely play a role as keywords, but Noun Phrases, Named Entities, or repeated
words play an important role in a sentence. Because of that, we remove stopwords, numbers,
and special characters from the document. To create candidate keywords for a document,
we extract the Noun phrases, Named Entities, and Trigrams which frequencies not less than
a threshold t. After pre-processing, we obtain a set of candidate keywords.

2.2. Feature extraction

Given an input document D and its set of candidate keywords U = (us,Us,...,un), with n is
the number of candidate keywords. We propose nine features to capture characteristics of
each term, including: (1) Noun phrase; (2) Name Entity; (3) Trigram; (4) Length; (5)
Position; (6) Spread; (7) Frequency; (8) TF.IDF; and (9) Casing. We use the NLTK? toolkit
to extract Noun phrase, Name Entity, and Trigram. Each feature will be described for each
candidate keyword u; below.

2.2.1. Noun phrase

We extract all Noun phrases from the input document, tokenize and define a co-
occurrence vector for each candidate keyword. Given NP is the set of words in Noun
phrases, this feature is determined by Equation (1).

_(lifu; €ENP
NP {0 otherwise

()

2.2.2. Named Entity

Named Entity Recognition (NER) is an information extraction method in which entities
that are present in the text are classified into pre-defined entity types like “Person”,” Place”,
“Organization”, etc. We extract all the Named Entities of the text, tokenize and also define
the co-occurrence vector for each candidate keyword. Given NE is the set of words in Named
Entities, the Named Entity feature is determined by Equation (2).
1if u; € NE

NE; =
! {0 otherwise

(2)

2.2.3. Trigram

A trigram is a particular case of the n-gram, where n is 3. Looking at most frequent n-
grams can give a better understanding of the context in which the word was used. We define
NG as trigrams that appear at least t times®, tokenize and define the co-occurrence vector

2 http://www.nltk.org/
3The value of t will be discussed in Section 3.2
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where the words appear in the NG are assigned the value 1, and the other position assigns a
value of 0. The Trigram feature is determined by Equation (3).

1if u; € NG

NG; =
¢ {O otherwise

©)

2.2.4. Length

There are many studies related to word length and the effect of length on the importance
of words. Sigurd et al. [18] studied the relationship between word length and word
occurrence frequency in experimental data warehouses. Research results show that words
with a length of 3 characters have the most frequency. NEW et. at [19] studied the effects
of word length on word choice. Research results show that words with a length of 3-5 letters
are used most commonly. In this work, we consider word length as a feature. We do not
specify how long a word is essential. We combine this word length feature with others to
train on the set of gold keywords to determine the word importance. We define each word's
length as the number of characters of that word. The word length feature is determined by
Equation (4).

len(u;)
LE: = max_length (4)
where len(u;) is the number of characters of term ui, and max_length is a pre-defined
constant value.

2.2.5. Position

Another indicator of the importance of a candidate term is its position [10,20]. There are
many approaches in determining the importance of words based on word position, such as
the position of the sentence containing the word appearing [8] or the first position of the
word appearing in the text [10]. Completing documents (such as articles and essays) usually
consists of three sections: introduction, body, and conclusion. We realize that essential
words often appear at the beginning and the conclusion of the document. Besides, the exact
definition of each section of the text is approximate, so we define the Equation (5) to
determine the word position weight based on the first occurrence relate to the middle
position of the document.

abs(first_occurrencse(u;) — L)

A ©)

where first_occurrences(u;) return the first occurrences of term u;; L is the middle
position of the text. The abs function returns the absolute (positive) value of a number.

2.2.6. Spread

One more feature relates to the position where we consider the importance of a word.
We found that the word to be important when it appears in many places in the text. In this
case, the positions that interest us are the first and last appearance. We define Spread as the
number of words between the first and last occurrence of a keyword divided by the total
number of words in the text. The Spread feature is determined by Equation (6).

POL' =

last_occurrences(u;) — first_occurrences(u;)

i len(D) (6)

where first_occurrences(u;), last_occurrences(u;) return the first and last occurrences of
term u;, respectively, len(D) is the number of characters in document D.

2.2.7. Term frequency
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Research [20] indicates that the frequency of term occurrence in a document furnishes a
useful measurement of word significance. This state reflects the belief that the higher the
frequency of a candidate term, the greater its importance. To prevent a bias towards high-
frequency in long documents, we define the term frequency value of a candidate term u; as
the number of times the term u; appears divided by the total number of candidate keywords.
The Term frequency feature is determined by Equation (7).

_ TF(w)
=—

(1)

TF,

2.2.8. TF-IDF

TF-IDF stands for Term Frequency and Inverse Term Frequency [3]. This method helps
understand the importance of a word in a document. It is often used as a weighting factor in
searches of information retrieval, text mining, and user modelling. In this paper, we use the
TF-IDF value of a word as a weight to determine the word's importance in the document.
The TF-IDF feature is determined by Equation (8).

TF.IDF; = TF(u;) X IDF (u;) (8)

where TF(u;) returns the term frequency of term u;; IDF(u;) returns the inverse document
frequency of term u;;

2.2.9. Casing

Research [8] stated that the underlying rationale is that uppercase terms tend to be more
relevant than lowercase ones. The term that beginning with a capital letter or all the letters
is capitals is considered a relevant term. However, we observe that such determination is not
robust enough to evaluate plural abbreviations and chemical formulas. In this paper, we
identify relevant words if there is at least one capital letter. The Casing feature is determined
by Equation (9).

1if u; include any capitalization character 9)

CA; =
¢ {0 otherwise

2.3. Keyword extraction

After extracting the nine feature vectors as above, we combine the feature vectors into a
2-dimensional matrix of size nx9 where n is the number of candidate keywords, is defined
as

NP, NE, NG, LE, PO, SP, TF, TF.IDF, CA,

NP, NE, NG, LE, PO, SP, TF, TF.IDF, CA,

F= (10)

NP, NE, NG, LE, PO, SP, TE, TF.IDF, CA,

In the next step, the feature matrix F is used as the input for a binary classifier to predicts
the probability of being an important word within the candidate keywords. To choose the
best classifier for our task, we applied four classification models, including SVM, Naive
Bayes, ANN, and LSTM. The output values are in the range (0,1) for each word. The output
values for all words are then sorted in decreasing order. The top-k candidate keywords will
be chosen as the final keywords. Here the value of k depends on how many keywords needed
to be extracted.

SVM and Naive Bayes are two of the three binary classifiers we use to evaluate the
effectiveness of proposed features. In this study, we use the sklearn* library for the SVM

4 https://scikit-learn.org/
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and Naive Bayes classifiers. For the Naive Bayes classifier, we use optimized default
parameters from the sklearn library. With the SVM classifier, we experimented with
different kernels and found when the kernel function is sigmoid, and the margin is default
got the best results.

Next, we introduce in detail two more complex binary classification models, ANN and
LSTM. Our ANN architecture for the binary classification is shown in Figure 2.

QOutput | Y2 | | Y3 |
Classifier ARTIFICIAL NEURAL NETWORK (ANN)
model
NP, NP, NP3 NP,
NE. NE NE,
Feature vector NEl L .
CA: CA; CA3 CA,
Input [ tn |
Figure 2. Keyword extraction propose model
Output ]l O T £

|sigmoid| |sigmoid| sigmoid
o) [
LSTM model  [LsT™M |»[LSTM |-»{LSTM |- .. —»[LSTM |

Feature vector WORD EMBEDDING (GLOVE)

Input [ tn |

Figure 3. The binary classification model based on LSTM

0
3= B E
<

Here u; represents for the i-th word from the candidate keywords. y = (1, V2, -, Yn)
is the output of the binary classification model (0 <y; < 1), and n is the number of candidate
keywords. The ANN model employed in our study is a feed-forward network with sigmoid
activation functions in the hidden layers. According to Bishop [22], more than one hidden
layer is often not necessary, so our architectures have only one hidden layer. The ANN is
trained using a back-propagation algorithm with Adam optimizer, the learning rate is
0.001, and the number of the epoch is 25.

The LSTM architecture for our binary classification is shown in Figure 3. For each word
in the candidate keywords, we use Glove [23] size of 100 to create a word representation
vector. The word representation matrix is reshaped into three dimensions as the input vector
of the LSTM model. The specific values of the three-dimensional vector are: batch_size
equal to the number of words, time_steps equal 1, and seq_len equal to the number of
features (seq_len=100).
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3. EXPERIMENT RESULTS AND DISCUSSION

The experiment conducted here aimed to evaluate the proposed method and to compare
it with state-of-the-art methods. Our experiment includes two main phases. First, we
experiment to evaluate the effectiveness of the proposed features set. Second, we evaluate
the efficiency of the selected model. Evaluations are reported using standard metrics of
precision (P), recall (R) and F1-score (F).

To evaluate the proposed solution's effectiveness, we carried out experiments over 20
different datasets [8]. These datasets have fully gold keywords that have been created or
indexed by taggers.

To reduce the amount of computation, we create the candidate keywords based on words
from the Named Entities, Noun Phrases, and Trigrams (with optimized value t=5) then use
these candidate keywords in both training and prediction stages. In the training stage, we
extend the candidate keywords by adding gold keywords.

In the first experiment phase, we divide each dataset into two parts in a 70/30 ratio for
training and testing, respectively. We applied four machine learning models: SVM, Naive
Bayes, and ANN to choose the best one. The F1-score value for the top-10 keywords with
each dataset is presented in Table 1. In the second experiment phase, we conduct
experiments on data corpus in the English language. The LSTM classification model is used
in this phase. The results present in the last column in Table 1.

Through the results shown in Table 1, we found that: (1) Using the handcraft features
obtain better results than the solution using the learned feature from the simple LSTM
model; (2) The ANN model gives the best results among candidate models. We select the
best results (the ANN column) to compare with state-of-the-art approaches. In Table 2, we
present a comparison between our results with other researches using the same datasets. It
shows that our approach has a remarkable improvement comparing to the others.

Table 1. The F1-score values for top-10 keywords

# Corpus SVM Naive Bayes ANN LSTM
1 110-PT-BN-KP 0.176 0.263 0.367 0.194
2 500N-KPCrowd-v1.1 0.101 0.156 0.201 0.085
3 Cacic 0.013 0.152 0.400 0.023
4  Citeulike180 0.018 0.110 0.226 -

5 Fao30 0.016 0.122 0.216 0.044
6 Fao780 0.011 0.111 0.272 0.038
7 Inspec 0.348 0.393 0.424 0.380
8 Kdd 0.207 0.220 0.249 0.229
9  Krapivin2009 0.013 0.161 0.433 0.020
10 Nguyen2007 0.022 0.203 0.407 0.025
11 Pak2018 0.013 0.056 0.085 -

12 PubMed 0.017 0.116 0.185 0.122
13 Schutz2008 0.025 0.135 0.278 0.032
14 Semeval2010 0.017 0.147 0.313 0.015
15 SemEval2017 0.272 0.350 0.362 0.213
16 theses100 0.012 0.127 0.270 0.046
17  Wicc 0.013 0.214 0.435 -

18 Wiki20 0.014 0.122 0.222 0.097
19 WikiNews 0.086 0.298 0.314 0.115
20 WwWWw 0.233 0.246 0.275 -

* The symbol “-” mean corpus is not in English
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Table 2. Our approach compared to some other state-of-the-art results

Dataset YAKE! SFQQ?]E KEA Key2Vec RAKUN CopyRNN CatSeq Our
110-PT-BN-KP 0.500 0.275 0.215 - - - - 0.367
500N-

KPCrowd-v1.1 0.173 0.157 0.159 - 0.428 - - 0.201
Inspec 0.316 0.378 0.150 0.486 0.054 0.289 0.333 0.424
Krapivin2009  0.170 0.097 0.171 - - 0.266 0.285 0.433
Nguyen2007 0.256 0.158 0.221 - 0.096 - - 0.407
PubMed 0.106 0.039 0.216 - 0.075 - - 0.185
Schutz2008 0.196 0.086 0.182 - 0.418 - - 0.278
WWW 0.172 0.097 0.072 - - - - 0.275
KDD 0.156 0.085 0.063 - 0.046 - - 0.249
SemEval2010 0.211 0.129 0.215 0.290 0.091 0.318 0.366  0.313
SemEval2017 0.329 0.449 0.201 - 0.112 - - 0.362
Cacic 0.196 0.087 0.155 - - - - 0.400
Citeulike180 0.256 0.066 0.317 - 0.250 - - 0.226
Fao30 0.184 0.066 0.139 - 0.233 - - 0.216
Fao780 0.187 0.085 0.114 - 0.094 - - 0.272
Pak2018 0.086 0.022 0.043 - - - - 0.085
Theses100 0.111 0.060 0.104 - 0.069 - - 0.270
Wicc 0.256 0.133 0.167 - - - - 0.435
Wiki20 0.162 0.038 0.134 - 0.190 - - 0.222
WikiNews 0.450 0.248 0.248 - - - - 0.314

* The best results are highlighted in bold
* The symbol - mean the result is not published

Table 1 presents the results of the two-phase experiment of the classification algorithm
on 20 corpora. Table 2 compares the results of the proposed method with the published
methods using the same experiment dataset. The best (the highest) results obtained by a
particular keyword extraction method are indicated as the only boldface. Table 2 shows that
our system's results are reached the best on the 9/20 data corpus. It indicates that our system
is suitable for many different corpora types regardless of the language or length of the
document and achieves better results for corpus with many documents (such as
Krapivin2009, Nguyen2007, or Cacic). The results prove that our proposed feature set and
the ANN model are great promise solutions for automatic keyword extraction problems.
3.3. Error Analysis

The errors in the output of the system can be divided into the following types:

- Data size is a very crucial part of training neural networks. Large datasets can help us
better learn model parameters and improve the optimization process and imparts
generalization. In our case, several corpora have small data such as Wiki20 (20 documents),
Fao30 (30 documents), and Pak2018 (50 documents). We need many iterations before
finding the optimum values, but the predicted result is quite low because of overfitting
results.

- Some document files have no gold keywords, or some gold keywords do not belong to
the content file (34/437 files in WWW corpus; 10/15 files in the Pak2018 corpus). These
errors are the cause of the F1-score decrease.

4. CONCLUSION

Keyword extraction algorithms have become critical components in many computer
science applications. This paper proposed an approach that uses feature extraction

8 N.V.Son et al., “Automatic keyword extraction... feature extraction.”



techniques and an artificial neural network model for automatic keywords extraction. By
experimenting with different machine learning models, ANN stands out to be the best one.
The key to the paper's success is the appropriate selection of features and the classification
model. The proposed method was evaluated using the popular keyword extracting corpora
and widely accepted evaluation metrics: precision, recall, and F1-score. The solution
achieves the best results on 9/20 corpus compared to state-of-the-art researches.

Through testing, we recognize some weaknesses of the proposed solution. We plan to
improve F1-score by using semantic information in the future model.
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TOM TAT

TU PONG TRICH RUT TU KHOA SU DUNG MANG NO RON NHAN TAO VA KY
THUAT TRICH RUT BAC TRUNG

Sw phat trién ciia internet va thw vién sé da tao ra nhitng tai liéu dién tir do sé ma
viéc phdn tich thii cong nhitng tai liéu ndy khéng kha thi. Dé c6 khdi niém dau tién vé
cdc tai liéu nay va tim kiém cac tai liéu lién quan thi viéc trich xudt tir khéa tir cac tai
liéu nay la rdt quan trong. Tuy nhién, viéc trich rit mot sé hitu han tiv khéa phuc vu
cho viéc tim kiém nham thu dwoc tat ca tdi liéu lién quan van dang la mot thach thiec.
Tu dong trich rut tuw khoa la mot hwong nghién cieu quan trong trong linh vuc khai
thac dit liéu, xir Iy ngon ngir ty nhién va 16i wu héa cong cu tim kiém. Cdac phirong
phap trich rit tie khéa truyén thong duwa trén  phwong phap thong ké va dac trung ngon
ngir ¢o wu diém la khéng phu thuéc vao mién dir liéu va khong yéu cau bat ky dir liéu
hudn luyén. Tuy nhién, cdc tir khoa dwoc tao bang phuong phap nay khong di 1ot dé
fim tdt ca cdc tai liéu lién quan. Bai bdo nay dé xuat mot cach tiép cdn méi khai thac
thé manh cua ky thudt trich rit dac trung thuc hién o cap do tir va mo hinh hoc may
dé gidi quyet bai todn nay. Dé danh gid hiéu qua ciia giai phdp dé xudt, chiing t6i so
sanh két qud ciia minh véi cdc phiong phdp trich rit ti khéa dea trén phirong phdp
hoc ¢6 gidm sdt va khong gidm sat méi nhdt hién nay. Két qua thir nghiém cho thay
mé hinh cia ching t6i dat dwoc két qua tot nhdt trén 9/20 kho div liéu thir nghiém.
Diéu do chi ra rang phwong phdp dé xudt ciia chiing t6i hoan toan kha thi.

Tur khéa: Trich rt dac trung; Trich rat tir khoa; Mang no ron nhan tao; Hoc c6 gidm sat.
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