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The sentiment lexicon is an important tool for natural language processing tasks. In addition to being able to
determine the sentiment polarity of words or phrases, it can assist attribute-level, sentence-level, and text-
level sentiment analysis tasks. In light of the fact that tagging data and corpora for the Khmer language are
scarce, where most resources related to sentiment lexicons are for English, this paper proposes a method
for constructing a sentiment lexicon for Khmer based on Positive-Unlabeled learning (PU Learning) and
the label propagation algorithm. Sentiment words are first extracted from a corpus using the Spy technique
of PU learning method. The main idea is to purify the set of N-class examples, train the MLP classifier, and
continuously delete spy words and increase the number of P-class words in the iterative process. Following
this, the sentiment polarity of the candidate words is determined. By considering the problem of determin-
ing the sentiment polarity of the candidate words as one of calculating its probability distribution, a small
number of labeled sentiment words and candidate words are used to construct a graph model. The contextual
information of the candidate words is used to construct a simple supplementary graph model of the set of sen-
timent words through word co-occurrence and triangulation, where this enhances the correlation between
data items. The sentiment polarity of the candidate words is then determined through the label propagation
algorithm. The results of experiments show that the proposed method can be used to construct a Khmer sen-
timent lexicon with a small number of labeled data and a small corpus without requiring excessive manual
labeling.
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1 INTRODUCTION

Sentiment analysis is an important area of research in the field of natural language processing,
and has become more popular with the rise of online social media. A sentiment lexicon contains
words that express positive or negative emotions. As an important resource for sentiment analysis
tasks, an accurate and comprehensive sentiment lexicon can improve accuracy. It can be used to
quickly and accurately determine the sentiment polarity of words, and can assist sentence-level
and text-level sentiment analysis tasks. Considerable research has been conducted on the auto-
matic construction of sentiment lexicons. Liu et al. [1] divided the major methods used to construct
sentiment lexicons into three categories: knowledge-based methods, corpus-based methods, and a
combination of the two. Early research in the area focused on constructing sentiment lexicons by
manually determining the sentiment polarity of words or phrases, which usually requires a large
amount of manual effort and takes a long time. Moreover, sentiment lexicons constructed using
this method are not widely applicable. Methods that use a knowledge base involve constructing
the lexicon by using the relationship between synonyms and antonyms in it [2]. The corpus-based
approach usually employs a variety of language rules, such as the relationships of inflection and
consistency among sentiment words [3].

Economic and cultural exchanges between China and Cambodia have become increasingly fre-
quent in recent years. Khmer, the language of Cambodia, is not very popular in the global context.
In the course of its development, influenced by French, Sanskrit and other languages, Khmer is
one of the most important languages in East Asia. As Khmer is one of the low-resource languages,
the number of learners and users is small, and its word-formation and syntactic features are dif-
ferent from other languages, language barrier has become a major obstacle to cooperation. It is
of great significance and practical value to study the Khmer with the method of natural language
processing.

At present, the natural language processing technology available for it is relatively poor, and
resources for an accurate and rich sentiment lexicon for Khmer are unavailable. The automatic
construction of an efficient, accurate, and applicable Khmer sentiment lexicon can benefit research
on natural language processing for the language. This can in turn be used for analyses of trends in
Cambodia’s economic and cultural development, and public opinion monitoring and prediction.

Preliminary work has shown that some results can be used as reference for the automatic con-
struction of a sentiment lexicon. However, such information is used mostly for the automatic con-
struction of English sentiment lexicons, and relevant research on Khmer is scarce. Constructing a
Khmer sentiment lexicon through manual labeling requires considerable manual effort and takes a
long time. Machine translation is not suitable for Khmer because of its particularity. The selected
seed sentiment words have a significant influence on the experimental results when using ma-
chine learning and deep learning, and the performance of the model can be improved by using
more tagged data. A large corpus is required for training, which is not feasible for Khmer. Inspired
by recent research, this paper proposes a method to construct a Khmer sentiment lexicon based
on PU learning and the label propagation algorithm. The proposed method can be divided into
two steps. (1) Sentiment words are identified from a Khmer corpus through Positive-Unlabeled
learning (PU learning) [4]. PU learning is used to train two classification methods for cases of
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only positive data and unlabeled data. P-class data are a small number of sentiment words marked
manually and U-class data are a group of candidate words obtained from the word segmentation of
the Khmer corpus. We identify words that are also sentiment using U-class words. (2) The polarity
recognition of these affective words is regarded as equivalent to calculating their polarity distribu-
tion, and the correlations between nodes are calculated according to the similarity and intensity of
co-occurrence between candidate words and affective words to construct a graph model. The label
propagation algorithm [5] is used to estimate the polarity distribution of the candidate words and
identify the sentiment polarity of new words.

2 RELATED RESEARCH

A sentiment lexicon is a collection of words expressing emotions. Sentiment words are the most im-
portant basic units that carry sentiment information. These words are usually adjectives, adverbs,
nouns, or verbs. Researchers have designed many algorithms to automatically construct sentiment
lexicons. A common method is to build one based on the available lexical information. Currently
used lexicons (such as WordNet and HowNet) mark synonyms and antonyms among words and it-
eratively extract them according to their occurrence in the lexicon through a small number of seed
sentiment words. Kamps et al. [6] used a WordNet-based distance calculation method to determine
the sentiment polarity of adjectives, and Hassan et al. [7] used the Markov random walk model on
a word correlation graph to predict the sentiment tendencies of words. Esuli et al. [8] used super-
vised learning methods to identify the sentiment polarity of sentiment words, and Dragut et al.
[9] used a set of empirical rules of inference to deduce the sentiment tendencies of other words.

The corpus-based method is a common method of using the connectives of certain linguis-
tic rules to identify the sentiment words and sentiment polarity in a given corpus. Turney et al.
[10] proposed the SO method (Sentiment orientation, SO). Firstly, the set of positive and nega-
tive seed sentiment words was constructed, and the sentiment lexicon was constructed by setted
the threshold and calculated the difference between the candidate words and the positive and neg-
ative seed words. Kanayama et al. [11] used such conjunctions as AND, BUT, and OR to identify
the sentiment consistency between and within sentences. Words that appeared consecutively were
assumed to have the same polarity unless transition words were encountered, in which case the
sentiment polarity changed. Krestel et al. [12] used LDA to divide a corpus into different topics,
and then used judgment feature analysis and potential topic extraction to automatically generate
a topic-related sentiment lexicon.

Recent studies have made use of neural networks and word embedding, and have regarded the
construction of a sentiment lexicon as a classification task. Tang et al. [13] expanded a sentiment
lexicon by using the softmax classifier through a large number of training word embeddings of
text. Hamilton et al. [14] combined domain-specific word embedding with tag dissemination to
construct a domain-specific sentiment lexicon. Bravo-Marquez et al. [15] used an emoji corpus
and supervised learning methods to classify words, and Vo [16] proposed a simple and effective
2D neural network-based emotion representation in which each word was matched with a 2D
vector, and the network was associated with sentiment polarity in each dimension to determine
the sentiment polarity of words. Deng et al. [17] proposed a novel sparse self-attention LSTM
(SSALSTM) to construct a large-scale sentiment lexicon.

In recent years, more and more attention has been paid to the construction of Non-English
language and domain specific sentiment lexicon. Wu et al. [18] constructed a domain-specific sen-
timent lexicon on Weibo by using the knowledge of vocabulary-emotion knowledge, emotional
similarity knowledge, and prior knowledge of existing emotion dictionaries. Due to the lack of
complete knowledge base and corpus, there is little research on language rules in low-resource
language. The cost of constructing sentiment lexicon by manual method is huge, and the domain
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coverage is small. In the existing research on the construction methods of low-resource language
sentiment lexicon, the expansion of sentiment lexicon is usually realized by machine translation
and cross-language projection, which usually requires efficient and accurate machine translation
tools and accurate high-resource language data. Abdaoui et al. [19] expanded the French senti-
ment lexicon through the semi-automatic translation and expansion of synonyms in the English
NRC lexicon. The target language is limited by high-resource language data, so it cannot effec-
tively solve the problem of part-of-speech conversion after translation. Liu et al. [20] expanded
the sentiment lexicon by manually selecting the seed sentiment words from HowNet, and then us-
ing Word2Vec to train word embeddings, the similarity between seed words and candidate words
was calculated to constructed graph model and propagation matrix, and the sentiment polarity of
candidate words was obtained.

Existing methods have achieved many gratifying results, some languages have a complete and
open semantic knowledge base (such as English and Chinese), a general lexicon can be constructed
by mining the relationship between words. In the study of low resource languages, based on Eng-
lish Wordnet, India, Myanmar, Thailand, Laos, Vietnam, and other countries have participated in
the research of Asian Wordnet system. But Khmer lacks a complete semantic knowledge base, and
the manual construction of semantic knowledge base requires a lot of manpower and material
resources, these methods are not ideal in the construction Khmer sentiment lexicon.

Past research can be used as reference when constructing a sentiment lexicon. Currently avail-
able methods mostly use the lexical information of resources for the sentiment lexicon, and im-
prove classification performance by increasing the number of tagged data items. Even given the
lack of corpora, the high cost of manual tagging, and the absence of an available lexicon to use, the
above process can be applied to Khmer by using seed words to expand the sentiment lexicon. Fewer
positive and negative seed words lead to a smaller coverage of the expanded sentiment lexicon,
such that many sentiment words cannot be found. The amount of tagging data for Khmer is small,
manual tagging is expensive, and the effect of training a neural network is not ideal. The corpus
contains positive, negative, and non-sentiment words; because of the small number of positive and
negative sentiment words in the available lexicon, the extraction of candidate sentiment words is
regarded as a positive unmarked learning task, and the semi-supervised method is used for it. To
determine the sentiment polarity of the candidate words, owing to a lack of a priori knowledge of
their meanings, the available tagged Khmer lexicon is relatively small. If the correlation between
candidate words is calculated directly, the problem of sparse data arises. The tag propagation al-
gorithm proposed in this paper is used to judge the sentiment polarity of the candidate words. By
using the contextual relationships among the candidate words, triangulation is used to expand the
marked thesaurus and accurately calculate the sentiment polarity of words. This helps strengthen
the relationship between nodes in the graph model, and allows us to more accurately judge the
sentiment polarity of the candidate words. Using these two steps, this paper proposes a method to
construct a Khmer sentiment lexicon through PU learning and the label propagation algorithm.

3 RESEARCH FOUNDATIONS

This section introduces the method to construct a Khmer sentiment lexicon based on PU learning
and the tag propagation algorithm. It consists of two steps: (1) We identify sentiment words from
the Khmer corpus by using the espionage PU learning method classified by a Multi-Layer Per-
ceptron (MLP). (2) By calculating the cosine similarity and intensity of co-occurrence between
sentiment words and candidate words, the degree of correlation between them is calculated, and
the label propagation algorithm is used to estimate the polarity distribution of the candidate words
to judge their polarity.
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3.1 PU Learning Method for Extracting Candidate Sentiment Words

PU learning is a method to learn a classification from a small number of positive samples and un-
labeled samples. Given a dataset P of a specific class and a set of unlabeled data U, which contains
P-class and non-P-class (called N-class) data, the data in U are divided into P-class and N-class data
through the construction of a classifier by using the P set and the U set. Many researchers have
studied PU learning [21-23]. A commonly used method for it is a two-step method: (1) Determine
reliable counterexamples and identify a group of N counterexamples that are very different from
positive examples in the unlabeled dataset U. (2) Use the positive samples and reliable counterex-
amples to train classifiers, even if P and RN need to be used to build classifiers (such as the SVM
and NB) to classify the remaining unlabeled data U-RN. The methods for extracting reliable coun-
terexamples in the first step usually include espionage technology in the S-EM [4], the Rocchio
classifier, and PNHL technology. The second step involves training the classifier flexibly, such as
by using the SVM, NB, and the biased SVM.

Liu [23] applied PU learning to a text document classification task and used the support vec-
tor machine (SVM) as a classifier for document classification using the espionage method. Zhang
et al. [24] classified suggestion sentences through PU learning, and Maekawa [25] clustered non-
linear attribute graphs through PU learning. Jiang [26] embedded learning words from a scarce
resource language through PU learning, and Kiryo [27] proposed a method of PU learning based
on non-negative unbiased estimation. Because the Khmer corpus is small, the cost of manual tag-
ging is high, the training and test sets for it are small, and a large sentiment lexicon for finding
and correcting the results of classification is not available, the method for extracting candidate
sentiment words based on PU learning used here involves increasing the number of positive ex-
amples during iterations, which improves the classifier. Then, when judging the sentiment polarity
of the candidate words, we carry out correction and screening to reduce the labor needed to build
a Khmer sentiment lexicon as much as possible.

Wang [28] used the PU learning method to construct a sentiment lexicon, and achieved good
results by applying the enhanced MLP instead of the SVM for classification. In contrast to the
traditional method, the main idea here is to treat the labeled dataset U as containing N-class data
with noise (instances of hidden class P), and to train the classifier to delete words in U that may
belong to class P. By using the Spy technique, randomly selected & = 10% from the positive sample
P to form the spy set S, which is added to the untagged dataset U to form the set “Us.” Then, the
MLP classifier is trained using datasets P (assigned category label + 1) and Us (assigned category
label — 1). The resulting classifier assigns a probability to each instance in U and S. After each
iteration, words with probabilities higher than 6 are considered to belong to class P; instances in
U and S that have a probability higher than 0 are deleted, and the updated sets U and S are used
for the next iteration. When the stopping criterion (i) is met, the iteration stops.

The Khmer sentiment lexicon dataset P marked by experts is very small, and has an insufficient
number of positive examples and too many counterexamples. The sentiment intensity of a small
number of words in P is thus weak, and cannot be used to identify instances of the hidden class P in
set U. Therefore, data from class P are used for further training. In the iterative process, P-class data
with high scores are selected and added to set P, and the training continues through this updated set
P and Us. After each iteration, instances in the U set that are most likely to belong to P are deleted
according to the set threshold, pick the top 5 probability value among the deleted instances, assign
them a category label of + 1, add them to the P set, and carry out the next iteration with the Us set
through the updated P set. Meanwhile, we considered that before the iteration stops, if the P set is
expanded without limitation, then the results deteriorate as more and more wrong instances are
added as iterations progress. And then, in addition to selecting data with higher score values to add
to the P set, at the same time, a stop iteration standard (z), i and 7 both stop iteration criteria are
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set through the verification set, they are interrelated, and the best combination is found through
the verification set. Gaussian fitting is used to set a threshold to control the probability of deleting
an instance. As this is conservative, the instance deleted from U is very likely to belong to P. A
total n = 15% of instances with the highest scores are regarded as those of P (10% and 20% of the
results were similar in the experiment).

(1) The probability that each spy word w; € S in set S is assigned to P by the classifier.
These probabilities are fitted through Gaussian fitting, and the parameters of the Gauss-
ian distribution are obtained by maximum likelihood estimation, as shown in Formulae (1)

and (2):
1 &
5=~ Z‘ x; 1)
2 _ 1\ 2
3 =;;(xi_ﬂ) @)
The setting of the threshold 0 is shown in Formula (3):
0=06+¢ (3)

(2) The MLP is a forward-propagation network model composed of hierarchical perceptrons
with a multi-layered structure. It is trained by the back-propagation algorithm. The MLP
has three layers. The first takes the vector of each word as input and outputs a 50D vector.
The second layer takes the output of the previous layer as input to produce a 2D output.
The first and second layers both use the ReLU activation function. The 2D output of the
second layer is connected to five POS features to form a 7D feature vector as the input to
the third layer. The POS features are divided into five categories: (verbs, nouns, adjectives,
adverbs, and others). For instance, [1,0,0,0,0] signifies a verb. The third layer uses the
Sigmoid activation function.

3.2 Label Propagation Algorithm to Judge the Polarity of New Words

3.2.1 Label Propagation Algorithm. The label propagation algorithm (LPA) [5] is a semi-
supervised method of learning based on graphs. The algorithm spreads label-related information
on a similarity graph between nodes. It constructs the graph by using the relationship between
labeled and unlabeled samples. The model uses the label-related information of marked nodes to
predict that of unmarked nodes. Compared with methods that use semantic knowledge [6, 9] and
neural networks [13] to identify word polarity, the label propagation algorithm needs to only use
a small amount of labeled data. Through correlation with unlabeled data, the assignment of labels
to unlabeled data has the characteristics of high efficiency, a good classification effect, and strong
practicability. The tag propagation algorithm is suitable for the task of judging the polarity of
candidate words.

Label propagation algorithms have been widely used in community detection, text classification,
and relationship extraction. Ren et al. [29] used tag propagation algorithms to classify sentiments
in languages with scarce resources, and Huang et al. [30] used constraint-related information to
constrain tag propagation algorithms to automatically construct sentiment dictionaries in specific
fields. Zhao et al. [31] used contextual and topic-related features as well as the social relation-
ship between users to calculate sentiment scores, and constructed a sentiment lexicon for Weibo
through a tag propagation algorithm. Hong et al. [32] used information from HowNet to judge the
sentiment polarity of new words through a tag propagation algorithm.
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Few sentiment words in Khmer are marked by experts as benchmark words. Some benchmark
words and candidate words are far from each other in the text, and many candidate words fail to
find the benchmark words that co-occur with them. This results in data sparseness, and reduces the
accuracy of recognition. Because the context of candidate words contains non-benchmark words
that may have sentiment inclinations, the contextual information of the candidate words is used
in addition to the benchmark words and candidate words. Compared with prevalent methods, the
proposed method uses two types of nodes to build a graph model, and two similarity functions to
define the weights of edges between the different types of nodes. This strengthens the association
between nodes and improves the accuracy of recognition.

A simple Khmer sentiment lexicon is constructed by the triangulation method to expand the
benchmark words, and the co-occurrence of benchmark words and candidate words is used to
improve the accuracy of recognition. Because the parts of speech and words have different mean-
ings in different contexts, the results of a simple translation are unsatisfactory. The triangulation
method is based on the following assumption: Two languages A and B are translated into a target
language. If the translation result is the same, the word sense may be similar to the two source
languages. This method is better than simple translation, and is convenient for extension and
correction. SentiWordNet and HowNet are used to extract words with strong sentiment inclina-
tions, and Google Translate is used to translate them into Khmer. Overlapping words in Khmer
are filtered out after the English-to-Khmer and Chinese-to-Khmer translations. However, the cor-
responding words of the source language have different sentiment polarities. For example, words
are strongly positive in English, and when they are positive in Chinese, we assign them to posi-
tive categories and delete ones that are not sentiment. When the polarities of the two source lan-
guages are different, we correct them by manual inspection. We then compare them with sentiment
words in Khmer marked by experts, remove repetitive words, and use the remaining as benchmark
words.

By calculating the similarity between co-occurring words of the candidate and the benchmark
words, the probability distribution of the polarities of the co-occurring words is calculated, and
co-occurring words with clear sentiment tendencies are selected as nodes. The semantic similarity
and strength of co-occurrence of the benchmark words, candidate words, and co-occurring words
are calculated as the weights of edges between nodes to construct a graph model. Finally, the
label propagation algorithm is used to estimate the polarity distribution of the candidate words to
determine their sentiment polarity.

3.22 Graph Model. Define an undirected graph model G = (X, W), X = {x1, x2,%3...x;} that
represents a collection of nodes in a graph, where W represents a set of weights of edges connecting
nodes in the graph, and the weight is the correlation between the nodes. There are two types of
nodes in the graph model. One is the candidate word set X5 = {sq, 52,3 . ..s;} extracted from the
corpus in the first step. The other is the set of co-occurring words X; = {t1, 1, 15 . . . t;} of candidate
words. Co-occurring words are words that co-occur with the candidate words in a fixed-length
sliding window, including benchmark words and non-benchmark words. The benchmark words
consist of two parts: Khmer sentiment words marked by experts and sentiment words expanded by
triangulation method; Non benchmark words are words without manual labels in co-occurrence
words. The correlation between nodes is denoted as w;;j(w;; € W), and there are no edges between
the co-occurring words. The graph model built is shown in the Figure 1.

3.2.3  Non-benchmark Word Polarity Distribution. Firstly, the semantic similarity between the

non-benchmark word set T, = {cy, ¢z . .. ¢;} in the co-occurring words and each benchmark word in
the benchmark word set Ty = {d;, d; . . . d;} is calculated by calculating the vector cosine similarity
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Fig. 1. Structure of the graph model.
method. The calculation method is as follows: Formula (4).
Ci- di
SIM(c;,d;) = cos(ci,d;) = ——————— 4
(i) = costenndd) = 12 53d,] @

where c;,d; respectively represent the vectors of the co-occurring word ¢; and the benchmark
word d;.

Following this, the semantic similarity is used to determine the distribution c;(I) of the non-
benchmark word ¢; in the polarity I of the co-occurring words, where | = +1 represent positive
and negative sentiment tendencies, and [ = 0 indicates no sentiment tendency. A threshold A is
obtained and set through experiments. If the similarity between the co-occurring word ¢; and
each benchmark word d; is less than A, the co-occurring word is considered to have no sentiment
tendency, c;(I = 0) = 1. If not, calculate according to formula (5).

3 SIM(ci, df) > A
SSIM(c, d) S A °
ci(l) =40, I=0 (5)
3 SIM(ci, d7) > A
SSIM(c, d) S A °
where d represents words with positive affective tendencies in the benchmark word set and d;
represents those with negative affective tendencies.

In the label propagation algorithm, the label of a known node is transferred to other nodes
through the similarity between them. The greater the similarity between nodes, the easier the label
propagation. We use the sliding window method to extract co-occurring words, and then calculate
the sentiment polarity distribution of the co-occurring words, delete non-benchmark words with
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no sentiment tendency, reduce their influence on the correct rate of polar label propagation, and
increase the calculation speed.

3.24 Correlation Calculation. We use two different similarity functions to calculate the simi-
larity between the benchmark word and the non-benchmark word in the candidate words and the
co-occurring words, as the weight of the edges between nodes. The first category is the similarity
between the candidate word and the base word in the co-occurring word. The weight of the edge
in the graph model is the correlation between the nodes, which is expressed by cosine similarity
as shown in Formula (6).

d i Sj

wij = COS(di’sj) = m
i J

(6)
d;,s; represent the vector representation of the Khmer sentiment word corrected by the expert
and the candidate word based on the PU learning extension, respectively.

The other is the similarity between candidate words and non-benchmark words. Co-occurring
words are obtained by defining a window of length K and using the sliding window method to
extract words. Words in the sliding window are considered to be co-occurring, and the strength
of co-occurrence is inversely proportional to the distance between them. In the graph model, the
correlation between the edges can be expressed as:

K
W = ) Flsns em) X Glons K. em) 7
k=1
F(sn,cm) = 14+ K-k is the co-occurrence strength between the candidate words and the co-
occurring words, co-occurrence intensity indicates that co-occurrence intensity increases with
the distance between two words in the same sliding window. When a sliding window of length K
has a distance of k in the related document, the number of co-occurrences of s,, and ¢, is expressed
as G(su, k,cm).
The weights between the types of nodes are then normalized as follows:

, W — min(wp,)

Wim = max (W) — min(wpm) ©

In summary, the correlation between nodes in the graph model w;;, wy,,, € W.

3.25 Determining Sentiment Polarity of Candidate Words. In the labeling algorithm, nodes up-
date their labels according to the labels of adjacent nodes. The greater the similarity between
adjacent nodes, the greater the weight of influence of the given label, and the easier it is to spread
the label. During the iterative process of label propagation, labels of the labeled data remain un-
changed and those of unlabeled data are continually updated. When the labels of the unlabeled
data stop changing, the iterations end. At this time, the probability distributions of similar nodes
tend to be similar, and the sentiment polarity distribution of the unlabeled data is obtained to
identify their sentiment polarity and conclude label propagation.

We establish an objective function based on the above analysis and optimize it to minimize the
value of H:

H= > wylli=rlP+8 > Il =Ul? )

X; € XS xi€Xs
Xj € K (Si)
i = r3ll% = " (ri()) = (D) (10)

1
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llri = UI? = ) ()~ U)? (11)
y
The polarity distribution of node x; is r;(I). Node x; is the K neighboring node of x;, and its
polarity distribution is r;(I); § is determined by experiment. In the objective function (9), the first
term represents the square error of the polarity distribution between the candidate word and its K
neighboring nodes. The more similar the polarity distributions of nodes are, the greater the degree
of similarity between them. Thus, the value of this term needs to be small. If the candidate word
node is not similar to the co-occurring word node, its polarity distribution is considered to be
close to the uniform distribution U; that is, the second term represents the square error between
the polarity distribution of the candidate word node and the uniform distribution. It can be shown
that the objective function is a convex function.
There is a global optimal solution for the objective function, and an analytic solution cannot be
obtained. Thus, the optimal solution is obtained through an iterative updating method. We itera-
tively update the polarity distribution of the candidate word nodes through the following formula:

ci(l), xi €T (T, € Xy)

™ = Lo, xi € Ta(Ta € X)) (12)
Q, X; € Xs
pi) = > wyr (1) + pU (13)
xj€k(x;)
Ki = ﬂ + Z Wij (14)
Z)jEk(xi)

In Formula (12), the numerator indicates that the polarity distribution of the K neighboring
words of the candidate word is propagated to the candidate words according to similarity, and the
denominator is the parameter f§ plus the sum of the similarity among the K neighboring words
of the candidate word, c;(I) is the polarity distribution of the non-benchmark words in the co-
occurring words, and v; (!) is the polarity distribution of the benchmark words.

Through iterative update, the final label propagation yields the polarity distribution of the can-
didate word nodes, which is recorded as 0;(l). According to the distribution of the positive and
negative polarities of the candidate words, a linear classifier is used to identify them as follows:

1,  o(l=1)—-0;(l=~-1)>¢

0i=10, lojl=1)—o0i(l=—1)| <¢ (15)
-1, o(l=-1)—-0;(l=1)>¢
where 0;(I = 1) denotes 0;(l) as a positive probability, 0;(I = —1) is expressed as a negative prob-

ability, and the threshold ¢ is obtained by experiments.

4 EXPERIMENT AND DISCUSSION
4.1 Extracting Candidate Sentiment Words

4.1.1 Experimental Data and Steps. We used a corpus of Khmer text crawled from the Cam-
bodia Daily and websites of other publications to expand the sentiment lexicon. A total of 1,400
documents were collected containing 3,564 Khmer sentiment words as marked by experts. The
laboratory Khmer word segmentation tool was used to segment the text and obtain the POS tag of
each Khmer word [33]. Figure 2 shows the input interface of Khmer sentences (“Government and
local NGO representatives had drafted a petition yesterday calling for a halt to the Don Sahong
hydropower project which planned to build 1.5 km from Cambodia-Laos border and believed to
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et/NERTagServlet A a

Khmer Lexical Analysis System

SuMHINAHU SHHEMISSIUSINAMURASNACSINAMS WM UAGIUEM
IWABMNARIEIHMEUHESSUNTHENS 88 ANlH US IS g
oW, BAGUEANIs SAYth-sni iNwsnuAinBSumMIUsUILIS fuSTs
IURUNNUIENUMNS RIS UISIMusHSISIgsigd
MBEUSNHIUNNWHAGUIHAMaNAN 80 Idisniudigimisnwismis
HYEMISSTUSINAUIUMGHY SITNSEISMINMNE cSUEHISYIS]aHN
ZUUIMUUTANS SHdUIWANIS SUNTHANSRuBbtoigimhais: uasio
MIanHuESInfimnsigais:d

[PuviStig)y IRUSSUUSAMMBUACNSESHY Sulimuisiiin SmSSuNuy
SagimasuswinwmiuigimimaSiva@isiySonainsaSmisiignes: isu
SH{HARTUEETSINAESA ¥ anus 9

Word Segmenting

Fig. 2. Khmer sentence input interface.

» ¢

threaten the Livelihoods of millions of people living along the Mekong River.” “Petition that signed
by 90 workshop participants organized by NGO Forum pointed out that further environmental and
social assessments of the 250 MW hydropower plant is necessary if construction work is to con-
tinue..” “The contractor of the hydropower station, the Malaysian company, pointed out that to
reduce the impact on fish resources, it is necessary to use the surrounding raceway, just like the
Hou sahong Canal.”). The word segmentation tool is shown in the Figures 3 and 4.

Word2Vec was used to train the word vectors, and each had 200 dimensions.

We randomly extracted 300 texts for word segmentation and to train the word vectors, and
deleted words that appeared in the sentiment lexicon labeled by the experts. A total of 65,492
unlabeled words were used as experimental data. In summary, there were a total of 3,564 words
in the set P and 65,492 words in set U. The verification set contained 200 words randomly selected
from P and 900 randomly selected from U. The test set contained 2,000 words randomly selected
from the remainder of U (65,492 — 900 = 64,592). A total of 428 sentiment words had been manually
corrected by experts, of which 216 expressed positive inclinations and 212 expressed negative
inclinations. A total of 3,364 words were left in set P, and the 62,592 words in U were used as
the training set for the classifier. We randomly extracted o = 15% of the words from P (selected
according to past work [23]; the experiment tested @ = 10% and 20% as the spy, but the effects
were not very different) as the spy set S (504), and used PS and U+S to train the MLP classifier. The
criteria for stopping the itera-tions were i (=25%) and 7 (=30%) as determined by the validation
set. [S| < ¢ -|S| and |P| < 7 - |P| respectively indicate that the iterations had stopped when the

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 22, No. 3, Article 78. Publication date: March 2023.



78:12 C.Lietal

et/khmerSegServlet AN a v

Khmer Lexical Analysis System

SegResult
BHOaMs/InAon/SH/HAMI/ES/IUS/INSTu/FH/(js/onS/My/ma/gu/
MU/0/8juBm/ial/8)/6)/fMM/SIENH/anEaE/SSUNT/HENS/ 88/ anud/
/UNS/ T8U/AENE/ NS/ suw/ok/Sagliu(s/0/[nies/Muth/-/sni/
W/ Ane /i /&0/mIusu/iun/SMy/ST8/1Un/[Unuig/numns/1//
iBu/iisl/my/aH/S18/1u58H/4/ ME/I8n/G:/NSIUEY/inW/H//Gujy/
AE/anan/ 80/ A /isu/duds/isid/isw/isSm/is/HEmi/88/ius/
iAo/ ul/igis/o/SIonS /(5115 MIN/AN/6)/ TS /g s/ isuis)s/HO/Nu/
Urmu/uTans,/ SH/HYE/inwani/SSUNT/HAES/UIH/bEo/iuun/Hs/18:/
uAs/0/miandas/Sinfimi/isi/gs/i/4/ [RutiS/anigi/isn/sgu/usg/
MaNHUNE/cNS/GEH/o/ tu/Uimni/isiul/asm s /sunn/ S5 /(5i/ mausu/
W/ MUyl miches/§/1uai/(8 /181 /G ena/Ans/Ss /1S /in)is/isn/Sa/
1558/181u/G)/ g /ins/8/8/ ¢/ anud/ 9

POS Tagging

Fig. 3. Results of word segmentation using the Khmer word segmentation tool.

number of words in the spy set and those in the original set P, and the iterations were stopped
when either was satisfied. We use Precision, Recall, and F1 score for evaluation.
Precision, Recall, and the F1 score were used as evaluation metrics for the experimental results.

4.1.2  Experimental Results and Analysis. We verified the feasibility and effectiveness of the
proposed method for extracting candidate sentiment words based on PU learning through
comparative experiments. The experiments compared the proposed method with the following
three baseline methods on the same dataset:

(1) PMI: The classic PMI method selects experts to mark positive and negative sentiment
words in an sentiment word set as benchmark words, and calculates the PMI score between
the candidate words and the benchmark words.

(2) S-SVM: Liu et al. [23] used Spy technique to identify N reliable types of counterexam-
ples RN from the set U, trained SVMs to assign probabilities to each instance, and deter-
mined the probability threshold. Instances below the probability threshold were divided
into those of class N. In this method, the 5D POS feature and a 200D vector were connected
to form a 205D feature vector.

(3) SS-MLP: The general idea is to delete instances of type P from sets U and S, regardless of
the impact of the large difference in number between positive and negative examples on
the results [28].

(4) SP-MLP: This is the PU learning method proposed in this article.
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let/khmerPOSTagServlet A a 5

Khmer Lexical Analysis System

POSResult

SHAMH/NN IEnACNU/NN S3/0C HEMI/NN S8S/AF TuS/AV iEnScnu/NN 58/IN
[fUA/NN SNS/AUX (fME/V ME/NN §w/QAD MU/NN f1/IN Hjusm/NN 163/V /v
Bj/NN §#/V BI{ENSE/NN andais/NN SSUNT/NN HES/NN SS/NN anu) /NN
/v USIS/JT TS0U/RPN 1FNH/V andad/V SEw/NN of/v AgiE[s /W 6/IN
NI=S/NN SYS/NNP —/M SPi/NN Witw/CC SNy ™MINE/V &0/IN MI[UsU/NN
1UI/NN Sfig/v ST8/NN 1Ua/IN [USNUIE/NN NUNS/QAD S17/QAD 1&MJ/RPN
IIS/V MY/ SH/NN S1S/W igsE/NN 9/M ME&/NN T80/RPN §2/V
NHIUE/NN 12Ww/IN §//PRP GUjE/V (& /NN antn/NN E0/NN S1//QAD
i=u/RPN HUS/V 1§(8/V 1enw/IN USA/NN IS/IN HEMI/NN BS/AT TuS/AW
ISATNU/NN UBAISIH/V SN/AF SICNG/NN [81/AUX 15 MIHAN/V G/NN SnS/AUX
wEs/vV I8Yis)s/V H0/IN 80U/ Umai/N UTans/NN S3/0C auHE /NN
IENWaNI/IN SSUNT/AN HENSHUIN/NN BEO/NN 15UN/NN H8/NN 18:/DAD
[uais/cc 18/cc Miandaid/V Snfiimi/y 1S1/IN §8/NN 181:/DAD /M (MY
GisS/NN £n1S[ed/NN I=0U/RPN SSU/V US/NN Mansausi/NN cnS/AUX GIEH/V
/AW S§0U/NN Usmoi/NN 1S110/IN SStTS /NN Susiu/NN S3/AUX [851/AUKX M8

Fig. 4. Results of parts-of-speech tagging using the Khmer word segmentation tool.

Compared with the text method, the S-SVM, S-MLP, and SS-MLP randomly selected o = 15% of
words from the set P and the spy set S. The results are shown in Tables 1 and 2.

Table 1 shows the results for the PMI, S-SVM, S-MLP, and SS-MLP methods. PMI performed
better than S-SVM. The best method was not very different from the S-MLP in terms of results.
However, the performance of S-MLP declined as the number of iterations increases. The best re-
sults of each of the three methods were also worse than those of the SS-MLP. Compared with
the S-SVM and S-MLP methods, because the set RN of trusted N-type instances obtained in the
first step of PU learning was too small to represent all N-type instances, the iterative operation
increased the number of reliable counterexamples, and N thus came to contain hidden P-type in-
stances, which degraded performance of traditional PU Learning. On the contrary, the SS-MLP
method deleted instances that might have belonged to P from the unmarked set U to purify N. Be-
fore the stopping condition for the iterations was satisfied, the accuracy and recall of the SS-MLP
method after each iteration as well as its F1 score were constantly improving. Compared with the
S-MLP method, its accuracy increased from 52.9% to 66.1%, recall increased from 51.1% to 57.9%,
and the F1 score increased from 51.9% to 61.7%. The SS-MLP outperformed the S-SVM and S-MLP
because they added classified N-type instances to RN in each iteration. This had a positive effect on
the results initially, but as the number of iterations increased, their performance declined because
many hidden P-type instances with insufficient sentiment tendencies were added from U to the
RN set. As the iterations progressed, more and more instances of error were added and degraded
performance. The SS-MLP method deleted instances of P from U to purify N, and the threshold 6
was very conservative. Only instances of P were deleted, and U was regarded as the data for N.
The purer it was, the better the classification effect, until the stopping condition was met.

Table 2 shows the results for the proposed SP-MLP method. Compared with the SS-MLP method,
which yielded the best performance among the conventional methods, its precision increased to
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Table 1. Results of the PMI, Traditional S-SVM, S-MLP, and SS-MLP Methods

Iteration P R F1
PMI 54.8 50.3 52.5
0 44.8 40.4 42.5
1 48.4 44 .4 46.3
S-SVM 2 51.4 47.9 49.6
3 47.6 44.9 46.2
0 51.5 50.0 50.7
1 53.1 51.5 52.3
S-MLP 2 55.1 52.0 53.5
3 52.9 51.1 51.9
0 54.1 50.5 52.2
1 55.8 51.5 53.6
2 58.5 52.5 55.3
SS-MLP 3 60.9 53.7 57.1
4 62.8 55.2 58.8
5 64.5 56.7 60.3
6 66.1 57.9 61.7

Table 2. Results of the Proposed SP-MLP Method

Iteration P R F1
0 54.1 50.5 52.2
1 56.2 51.9 54.0
2 59.2 53.2 56.2
SP-MLP 3 61.9 54.8 58.1
4 64.1 56.5 60.1
5 65.7 58.6 61.9
6 67.9 60.2 63.6

67.9%, the recall increased to 60.2%, and the F1 score increased to 63.6%. The SS-MLP deleted words
that were most likely to be instances of P from U according to a conservatively set threshold. The
number of marked instances in P and unmarked instances in U were very different; that is, the
number of positive examples was small, and the effect of extracting words with low sentiment
strength was not good. The proposed method added the top 15% of the instances most likely to be
P type to P, and continued to iterate after the update. The number of words deleted from the spy
set increased in each iteration. By increasing the number of P-type instances, it is better to find the
hidden P-type instances in the U set. Because the number of elements of P was increased without
limit, errors accumulated, and the iterations were stopped when one of the two stopping conditions
was met. At this time, the performance of the proposed method was superior to that of the other
methods. This is because the PU learning method used to extract the candidate words proposed
here yielded a better effect for Khmer with fewer annotated data items and a small corpus.

4.2 Polarity Classification

4.2.1 Experimental Data and Steps. We used the candidate word set extracted by the first ex-
periment sp-mlp (a total of 10,954 candidate words), their context, the sentiment word set marked
by experts and the sentiment word set obtained by triangulation method as experimental data. The
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sentiment word set marked by experts contained 690 positive sentiment words and 890 negative
sentiment words, and there were 480 positive words and 570 negative words that obtained by the
triangulation method after removing repeated sentiment words. The test set are sentiment words
marked by experts in the first experiment, including 428 sentiment words, 216 positive words, and
212 negative words. Through experiments, we selected the best K = 6 to construct the K neigh-
bor graph. Along with the method proposed in this paper and the best method proposed in the
literature [29], a label propagation algorithm that considered only the benchmark words was used
in a comparative experiment. The methods were used to determine the sentiment polarity of the
candidate words. Accuracy of positive and negative sentiment words were used as evaluation met-
rics of the experimental results.

4.2.2  Experimental Results and Analysis. The influence of the threshold values A and & on the
experimental results was analyzed through experiments and their optimal values were determined.
A was the threshold when calculating the sentiment polarity distribution of co-occurring words,
the value of which will affected the distribution of the candidate words. According to the proba-
bility distribution at different polarities, the polarity of the candidate words was affected by £. The
influence of the threshold valueswere interrelated. Through experiments, the best experimental
effects were obtained at A = 0.2 and ¢ = 0.5, and these were used for subsequent experiments.

The experiments compared the proposed method with the following baseline methods on the
same dataset:

(1) PMI: Randomly select the marked Khmer benchmark word as the seed word, directly cal-
culate the similarity between the seed word and the candidate word, and then calculate
the difference between the PMI of the candidate word and the positive seed word and the
negative seed word to determine the candidate words sentiment polarity.

(2) SVM: Use the labeled Khmer benchmark words to train the SVM classifier, and then per-
form sentiment classification on the candidate words.

(3) LP: The label propagation algorithm described in paper [29].

(4) SSWEu (Sentiment-Specific Word Embedding Unified model): The model takes into
account both the context syntactic information and affective information of the sentence
learning word embedding for classification. [13].

(5) SS&W2V-LP (Sentiment Seed words and Word2Vec-Label Propagation): Select the
sentiment seed words manually, Word2Vec is used to train word embeddings on corpus,
and then the label propagation algorithm is used to obtain the sentiment polarity of the
candidate words. [20].

(6) B-LP (Benchmark words-Label Propagation): Ablation Experiment, only considers
the label propagation algorithm of benchmark words.

(7) O-LP (One weight-Label Propagation): Ablation Experiment, the weight of edge is only
defined by the co-occurrence strength.

(8) C-LP (Context-Label Propagation): Proposed methods.

The experimental results in Table 3 show that compared with the traditional PMI and SVM
methods, the accuracy of the label propagation algorithm is improved. Compared with the method
that uses the co-occurrence relationship between candidate words and benchmark words, the LP
method has a lower accuracy rate. The reason is that the LP method does not consider the re-
lationship between words in the sentence. In addition to selecting a more suitable calculation
method for similarity between words, the Context-Label Propagation algorithm proposed in this
paper uses the co-occurrence relationship between candidate words and benchmark words. In ad-
dition, the relationship between candidate words and context is used, and the label word set is
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Table 3. The Performance of Methods

Accuracy of positive ~ Accuracy of negative

sentiment words sentiment words
PMI 58.8 54.7
SVM 60.9 56.3
LP 62.4 57.6
SSWEu 63.8 57.9
SS&W2V-LP 64.2 58.2
B-LP 64.3 58.5
O-LP 65.1 58.9
C-LP 67.7 60.1

expanded through triangulation to supplement the graph model, and the correlation between
nodes is enhanced. The experimental results show that the accuracy rates reached 67.7% and 60.1%.
The proposed label propagation algorithm effectively solves the problem of sparse data in senti-
ment polarity classification by using the contextual information. The classification recognition is
improved, and it can be effectively applied to the sentiment polarity recognition of Khmer candi-
date words with less annotated data and scarce corpus.

The proposed SP-MLP extracted canditate sentiment words from unlabeled data. A total of
10,954 words were extracted after cleaning and filtering out duplicates. Then we classified the sen-
timent polarity of the candidate words.There are 1,386 positive sentiment words and 1,672 negative
sentiment words obtained by expert tagging, triangulation method and test data. The proposed la-
bel propagation algorithm identified 1,878 positive sentiment words and 2,442 negative sentiment
words through a linear classifier. A total of 7,378 words from the Khmer sentiment lexicon were
obtained including 3,264 positive sentiment words, 4,114 negative sentiment words.

5 CONCLUSION

This paper proposed a method to construct a Khmer sentiment lexicon based on PU learning and
the tag propagation algorithm. We first extracted sentiment words from a corpus, selected the
sentiment word set marked by experts as the positive example set, randomly selected the spy
word set from it, and train an MLP classifier. The main idea is to purify the set of N-type examples,
continually delete elements of the spy word set and increase the size of the set of P-type words
in an iterative process. Following this, we determined the sentiment polarity of the candidate
words, constructed a graph model between them and the hand-annoted sentiment word set, used
the contextual information of the associated candidate words to find the co-occurring word set
of the candidate words, and constructed the sentiment word set through the triangulation method.
The set was used to assist in judging the sentiment polarity distribution of the co-occurring word
set, and part of it was also used as co-occurring words. There was an edge between a word with
a clear sentiment tendency and the candidate word. By calculating the probability distribution
of the sentiment polarity of the candidate words, the label propagation algorithm was used to
judge their sentiment polarity. The experimental results showed that the proposed method can
be used for the construction of a Khmer language sentiment lexicon. It also solves the problems
of a small amount of tagged data for Khmer, a small corpus, and sparse data in the recognition
of candidate word emotion models, and improves accuracy. The construction of a more accurate
Khmer sentiment lexicon through a semi-supervised method is useful for subsequent research on
natural language processing for Khmer.
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However, the proposed method also has some shortcomings. When extracting candidate words
through the PU learning method, it does not consider whether the instances highly likely to belong
to P deleted from U contain noise. On the other hand, in the judgment of sentiment polarity of
candidate words, we just consider the contextual information of candidate words, the information

of the candidate words and the syntactic structure in the context are not considered. In future
research, we will seek to address these limitations.
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