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Abstract 
A trending keyword is a common word or a phrase that is most frequently mentioned in the current period. Extracting 

trending keywords from Thai online news is not trivial. A too-short keyword may not have a specific meaning because 
it may be just a common word that does not have any significance to the interpretation. On the other hand, a long common 
keyword conveys a better meaning. However, the running time to extract the long keyword from a collection of 
documents may not be bounded within a reasonable time. A problem statement of this research is to find a varying-length 
trending keyword from Thai online news within a reasonable running time. We propose a novel method to extract 
trending keywords by applying the longest common substring (LCS) algorithm. The common keywords having high 
occurrence frequency are selected as the trending keywords. The proposed method inherits the advantage of the 
reasonable running time from the dynamic programming technique of the LCS algorithm. The experimental results on 
various sources of Thai online news agencies indicate a superior precision of the proposed method over char-N-gram 
and word-N-gram strategies. 
 
Keywords:  Longest common substring, Natural language processing, Online news, Thai trending keyword, Varying-
length keyword. 
 

1. INTRODUCTION 

Among all sources of news in Thailand, it is 
undeniable that online news is the most popular platform. 
There is a lot of online news issued per day making the 
current trend extraction difficult. To find the trending 
keyword, two mechanisms are needed to implement. The 
first is the process of finding the common keyword from 
a collection of documents. The second is the ability to 
determine that the selected common keyword is the 
current news trend. There are many methods for 
extracting a common keyword from documents. Lee and 
Kim (2008) apply TF-IDF (Robertson, 2004) variants and 
filter keywords across domains to extract keywords from 
a huge pile of documents. The experimental results show 
that their approach can efficiently remove meaningless 
Korean words. Ma et al. (2008) identify the query and the 
topic-related features for each word that cooccurs in the 
same window length and then calculate the importance of 
the word from the combined features. Their experimental 
results are competitive with other candidates. Zhang et al. 
(2008) introduce the keyword extraction based on 
Conditional Random Fields (CRF) that use most of the 
features in the document. The CRF model outperforms 
other off-the-shelf machine learning algorithms such as 
SVM and multiple linear regression models in terms of 

F1 score. However, a computational cost of training CRF 
model is expensive. 

Once the common keyword is detected, the next step 
is to confirm that the keyword represents the actual news 
trend. Various approaches are proposed to identify the 
trending keyword. Shimizu et al. (2005) extract the 
trending keyword from the press releases to analyze the 
competitors’ strategies. Words that are matched with a 
description pattern, i.e., a product common phrase 
observed from press releases, are considered to be a 
product trending keywords. However, their method 
requires a user to specify a description pattern which may 
not be appropriate for an automatic system. 
Sutheebanjard and Premchaiswadi (2010) applied four 
string matching techniques, e.g., Guth, Levenshtein, 
Damerau-Levenshtein, longest common substring and 
longest common subsequence to disambiguate Thai 
personal names from a collection of articles. They found 
that the longest common subsequence was the best Thai 
personal name matching with 94.43% of F-Score. Aiello 
et al. (2013) identify the trending topics on Twitter by 
combing N-grams occurrence with a topic-ranking score 
representing the rapidly emerging topic. Their method 
outperforms other techniques on Twitter data. Madani et 
al. (2015) discover trending topics from Twitter in real-
time by using topic clustering. Tweets thesaurus created 
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in the form of a bag of words can semantically represent 
different terms corresponding to the same trending topic. 
Ousirimaneechai and Sinthupinyo (2018) detect the 
trending keywords using the simple character N-grams to 
tokenize document and find keywords. They identify the 
trending keyword by filtering a set of stop words 
generated by their algorithm. Their method requires 
neither word tokenization tools nor external stop words 
list. According to the experimental results, their method 
frequently takes too-short words as the keywords and 
depends mainly on the generated stop words. Indra et al. 
(2019) compare two methods, namely document pivot, 
and BN-grams, for detecting trending topics on 
Indonesian tweets. Their experimental results on ten 
topics indicate that BN-grams have better topic recall 
than the document pivot. Alzubi et al. (2020) extract 
trending scientific topics by scoring topics according to 
two factors; the number of citations and the number of 
accepted papers on that topic. In addition, their method 
can recommend topics customized to each user profile. 
However, they do not experiment on the real dataset but 
on the synthesized 3000 papers instead. Tanantong et al. 
(2020) extract trending keywords from Thai Twitter by 
using the N-gram-based word-combination technique. 
Words that are located in an adjacent position are 
considered to combine into one candidate keyword. The 
candidate keyword which has the highest rate of 
appearances within three consecutive days on Twitter is 
extracted as the trending keyword. 

According to the above works, none of them extracts 
long and varying-length common keywords which tend to 
convey better meaning than short keywords. In this 
research, we propose Thai trending keyword extraction 
from online news by using the longest common substring 
(LCS) algorithm and the rescaled keyword frequency. 
LCS is a powerful tool that can find the longest common 
keyword from the collection of documents. It can be 
customized to search for varying-length keywords. While 
LCS helps us find the longest common keywords, the 
rescaled frequency of keyword occurrences identifies 
whether the common keyword is the current trend. The 
experimental results on the online Thai news collected 
from different sources show a superior performance of 
the proposed method compared to other algorithms. 
 

2. RELATED WORKS 

Two fundamental concepts, e.g., the longest common 
substring, Thai word segmentation, related to this 
research are described in the first two subsections. In 
addition, two previous works are also briefly explained 
since we compare their results with the proposed method. 
Let us abbreviate techniques in (Ousirimaneechai and 
Sinthupinyo, 2018) and (Tanantong et al., 2020) as Char-
N-Gram and Word-N-Gram, respectively. 
 

2.1 The Longest Common Substring Problem 
The longest common substring (LCS) is a classical 

problem in computer science (Gusfield, 1997). The 
problem is about finding the longest substring of two or 
more strings. For instance, the LCS of “AABCDEFG” 
and “ABABCDEGH” is “ABCDE”. By using a dynamic 
programming technique, we can locate LCS between two 
strings of lengths m and n within O(mn) time complexity. 
Fig. 1 illustrates pseudocode for finding LCS between 
two strings (S1 and S2) by a dynamic programming 
technique. The algorithm processes the LCS matrix from 
left to right and top to bottom. For each element indexed 
by row i and column j, if S1[i] is equal to S2[j] then the 
value of LCS_Mat[i, j] equals the value from the previous 
upper left element plus one. Otherwise LCS_Mat[i, j] 
equals to zero. After all elements in the LCS matrix have 
been filled, the common substring which has the longest 
length will be chosen as the solution. The example for 
extracting the longest substring from the above two 
strings can be demonstrated in Fig. 2. Denote that the 
green diagonal elements represent the longest common 
substring which has the length of five alphabets, i.e., 
ABCDE. More details of the LCS algorithm including its 
variations (Mousavi et al., 2012; Beal et al., 2016; 
Charalampopoulos et al., 2021; Akmal et al., 2021) can 
be found in the reference section. 
 

 
 

Figure 1 Pseudocode of LCS algorithm 
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Figure 2 LCS example for strings AABCDEFG and ABABCDEGH 

 
2.2 Thai Word Segmentation 

One of the hardest parts of Thai natural language 
processing is word segmentation. Due to the lack of space 
between Thai words, we need to apply subtle techniques 
to separate them into individual words. There are several 
well-known algorithms for Thai word segmentation, e.g., 
Newmm, Deepcut, and AttaCut. Newmm, implemented 
in PyThaiNLP (Phatthiyaphaibun et al., 2016), uses a 
maximal matching algorithm, based on words in a 
dictionary, and the Thai character cluster. It always 
breaks the same longest word no matter the position of 
the word in the context. For example, a string “ตา ก ล ม” is 
always segmented into “ตาก | ลม” (to gain air). On the other 
hand, DeepCut (Kittinaradorn et al., 2019) and its 
variance AttaCut (Chormai et al., 2019) apply a more 
advanced technique, i.e., a convolutional neural network, 
to segment a sentence into a list of words depending on 
the word surrounding context. From the previous 
example, the string “ตา ก ล ม ”  can be either segmented into 
“ตาก | ลม” (to gain air) or “ตา | กลม” (round eye) depending 
on its surrounding words. To conform with the LCS 
algorithm, we employ Newmm algorithm to consistently 
tokenize sentences into a list of the longest words. 

 
2.3 Char-N-Gram 

Char-N-Gram (Ousirimaneechai and Sinthupinyo, 
2018) begins the process by tokenizing text into five-
character grams and counting the number of occurrences 
of them. Afterward, the K-Means clustering algorithm is 
applied to the counted grams to group those grams into K 
clusters by using the elbow method. The lowest rank 
cluster is discarded since it has a low chance of containing 
keywords. The keyword clusters from other days are 
combined and clustered with the K-Means algorithm 
again. The cluster with the highest mean of occurrences 
will be assigned as the global keyword grams. For each 
news post, replace characters that are not in any part of 
elements in the global keyword grams with a blank 
symbol and split the resulting text by using a blank 
symbol. The global keywords are words that remained in 
the news post after removing stop words. Finally, to find 

the trending keywords, pick the global keywords which 
have a high frequency of occurrences within a day. 
 
2.4 Word-N-Gram 

Word-N-Gram (Tanantong et al., 2020) applies a 
simpler idea. It replaces stop words from the original post 
with a blank symbol and combines the adjacent non-blank 
words. These adjacent words are candidates for the 
trending keywords. The candidate which has the highest 
frequency of occurrences in all posts within a period is 
counted as a trending keyword. 
 

3. PROPOSED METHOD 

The following steps describe the proposed method 
along with the diagram in Fig. 3. 

 
Figure 3 Proposed method 

 
Step 1: Collect the current news posts from different 
sources and sort them by a chronological order. 
Step 2: Tokenize words in news posts by using Newmm 
algorithm. 
Step 3: Remove stop words from the tokenized news. 
Step 4: Find the common keywords of all news posts by 
using the LCS algorithm. 
Step 5: Rescale occurrence frequencies of all common 
keywords. 
Step 6: Pick the rescaled LCS keywords which have high 
occurrence frequency as the current trends. 

After breaking news posts into a list of words by 
Newmm technique, we follow the process in (Tanantong 
et al., 2020) to remove stop words in step 3. Stop words 
tend to be insignificant to the main idea and frequently 
appear in news. To avoid selecting common keywords 
which are not necessary to be trending keywords, we 
monitor words that occur every day for one month and 
remove them from a list of tokenized words. It is worth 
noting that the row and column elements of the LCS 
matrix in step 4 are represented as the tokenized words 
(not alphabets). To avoid too-short and too-long 
keywords, we select only common phrases whose lengths 
are within three to eight words. As a result, the proposed 
method can produce the varying-length trending 
keywords. The example of LCS matrix calculation in step 
4 can be illustrated in Fig. 4. The purpose of the rescaling 
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process in step 5 is to ensure that all common keywords 
returned from LCS every day are on the same scale. The 
rescaled frequency of each LCS keyword is the ratio 
between the number of its occurrences and the total 
number of occurrences of all LCS common keywords 
within a certain period. 

 

 
Figure 4 Example of the LCS matrix for a common keyword “คนละครึÉ ง” 

 
4. EXPERIMENTAL RESULTS 

We collect 155,661 online posts from eight different 
Thai news agencies; Thairath, Thai PBS, Spring News, 
Siamrath, Sanook, Post Today, Komchadluek, and 
Amarin, between 1st September 2021 and 31st December 
2021. Table 1 shows the number of news instances from 
each agency. The ground truth of each day, i.e., the actual 
trending keyword, is manually assigned as a set of 1 – 3 
keywords by our news experts. Each instance of news in 
the dataset composes of date, time, and news content. 

To have a fair comparison, we conduct the 
experiments of all methods on the standard Google Colab 
(cpu: 2.2 GHz/single core/cache: 56320 KB, ram: 13.3 
GB, disk: 108 GB). We begin the experiment with the 
quest for a suitable Thai word tokenization. Later in the 
section, the experimental results for top–10 precision, 
running time, and word cloud are provided. 

 
Table 1 The number of posts collected from news agencies 

 

News Agency Number of news posts 
Thairath 27544 
Post Today 16988 
Sanook 10743 
Thai PBS 5895 
Komchadluek 25450 
Amarin 10999 
Siamrath 51211 
Spring 6831 

 
The objective of the first experiment is to confirm that 

a suitable word tokenization algorithm for the proposed 
method is Newmm. We randomly pick 10000 news 
instances from the dataset and apply both Newmm and 
AttaCut to break news into words. The number of 
segmented words that appear in the LEXiTRON 
dictionary (Trakultaweekoon et al., 2007) and the running 
time of each algorithm are reported in Table 2. Newmm 
has better performance than AttaCut in terms of both 
percentages of words that appear in the LEXiTRON 

dictionary and running time. Moreover, words segmented 
by Newmm are consistent and do not depend on the 
surrounding context which is suitable for finding the 
trending keywords. As a result, we employ Newmm as 
the Thai word segmentation. To break English words 
which may embed in Thai news, we simply split text by 
using a blank character as a delimiter. As we will see in 
the experimental section, the Thai trending keyword 
tends to be a phrase that does not depend on the 
surrounding context. Therefore, the percentage of words 
that appear in the LEXiTRON dictionary is a suitable 
indicator to measure the consistency of word tokenization 
of the two algorithms. 
 
Table 2 Word tokenization comparison between Newmm and  
             AttaCut. 
 

Measure Newmm AttaCut 
Percentage of words appear in 
LEXiTRON dictionary (%) 

82.60 44.47 

Running time (second) 9.18 88.27 
 

The experiments of different methods are conducted 
on the dataset described in the previous section. The 
ground truth for each day is manually assigned as a set of 
1 – 3 trending keywords by our volunteers. News 
instances are fed to the algorithms in chronological order 
starting from the oldest to the latest. Each algorithm 
predicts ten trending keywords for each day. If the 
volunteers found that at least one of ten predictions 
semantically matches the ground truth of that day, the 
prediction is counted as a hit, i.e., top-10 precision. The 
task of precision judging is not trivial to execute without 
human intervention since the predicted trending 
keywords may not exactly match the ground truth 
keywords. In other words, they implicitly match the 
meaning of the ground truths. For example, the keyword 
“แ อ นชิ ลี  ส ก็ อ ต- เ ค มมิ ส ”  (Anchilee Scott-Kemmis) implicitly 
matches the ground truth “มิสยนิูเวร์ิสไทยแลนด”์ (Miss Universe 
Thailand), “แ อ พ เ ป๋ า ตั ง ”  (Paotang application) implicitly 
matches the ground truth “โครงกา รคนละครึÉ ง”  (The half-half 
co-payment project). Therefore, we need human to judge 
the top-10 precision. The top-10 precision percentages of 
the proposed method (LCS-based) and the other two 
techniques; Char-N-Gram (Ousirimaneechai and 
Sinthupinyo, 2018) and Word-N-Gram (Tanantong et al., 
2020), are shown in Table 3. 

LCS-based method gains the best top-10 precision of 
all three months. Since the number of words in a common 
keyword can be varied between three and eight, the LCS-
based method can produce meaningful keywords. In 
contrast, Char-N-Gram limits the length of the keyword 
to a gram of five characters and keeps only the cluster that 
has the highest mean of occurrences. Although this 
cluster usually contains keywords that have the highest 
mean of occurrences, those keywords tend to be short and 
less meaning, e.g., “ก า ร”  (task), “เ พ ร า ะ ”  (because), “จํา น วน” 



NUEJ 
Naresuan University  
Engineering Journal 
 

Naresuan University Engineering Journal, Vol. 17, No. 2, July – December 2022, pp. 54-61 58 

(amount).  Therefore, it frequently misses long keywords 
like “น้อม รําลึก ถึง พระ มหา กรุณา ธิ คุณ” (bow in remembrance of 
His Majesty the King), “เจ้า  พนักงาน ละเ ว้น  โดย มิ  ชอบ” (staff 
wrongful refrain), “ฮู แต ยอื ลอ เระ บา เจาะ” (Hutaeyelor village, 
Bacho district), etc. On the other hand, Word-N-Gram 
does not suffer from short keywords. After stop word 
removals, it concatenates the remaining adjacent words 
resulting in keywords with different lengths. However, 
Word-N-Gram does not try to produce the longest 
keyword like the LCS-based method. The keywords from 
Word-N-Gram which have the highest rate of occurrences 
may be long, e.g., “มหาวิทยาลัย” (university), “อาจารย์เจ้าหน้าทีÉ” 
(staff and faculty), but do not have specific meanings. As 
a result, more than half of trending keywords from Word-
N-Gram do not semantically match any of the three 
ground-truth keywords. 

The next experiment is to measure the running time 
among three methods. Table 4 compares the running time 
(in seconds) of trending keyword extraction for all news 
instances within three months. Word-N-Gram spends the 
least running time because of its simple procedure. In 
contrast, Char-N-Gram takes so much time in finding all 
possible 3-gram, 5-gram, and 8-gram words and running 
two rounds of K-Means clustering. The LCS-based 
method inherits a moderate running time of O(mn) from 
the dynamic programming technique of the LCS 
algorithm (Gusfield, 1997); where m and n are news 
lengths. Although we can further optimize the running 
time of LCS by creating a generalized suffix tree for 
strings, there is a tradeoff in memory space for storing a 
large tree. 

 
Table 3 Top-10 Precisions of three methods 
 

Measure Char-N-Gram 
(N = 3 / 5 / 8) 

Word-N-
Gram 

LCS-
based 

October 11.45/13.04/12.94 26.09 63.04 
November 11.98/14.13/14.03 39.13 57.60 
December 16.54/19.56/18.99 45.65 60.86 
Average 13.32/15.58/15.32 36.96 60.50 

 
Table 4 Running time in second of three methods 

 

Measure Char-N-Gram 
(N = 3 / 5 / 8) 

Word-N-
Gram 

LCS-
based 

October 5211/6318/7410 320 955 
November 5345/6655/7833 322 885 
December 5572/6845/7942 330 856 
Average 5376/6606/7728 324 898.67 

 
To have a quick and visual insight of the trending 

keywords from different methods, we generate word 
clouds to highlight popular keywords based on their 
frequencies of occurrences. The larger font of the word, 
the more frequently it occurs in news posts. Fig. 5 
illustrates word clouds on 25th October 2021 which has 
two ground truths; “พิ ธี อัญ เ ชิ ญพ ระ เ กีÊ ยว”  (Phra Kiew coronet 
parade) and “มิสยูนิ เวิ ร์สไทยแลนด์” (Miss Universe Thailand). 

Keywords in red ellipses are trends that semantically 
match the trending ground truths. Trending keywords 
from Char-N-Gram and Word-N-Gram do not partially 
match any keywords in the ground truths. Keywords from 
Char-N-Gram are too short while those from Word-N-
Gram are not related to the ground truths. In contrast, two 
top trending keywords, i.e., “นิสิตอัญเชิญเกีÊ ยว” (students who 
participate in Phra Kiew coronet parade), and “ชิลีสก๊อตมิส” 

(Anchilee Scott), from LCS-based method semantically 
match the target trending keywords. Notice that many 
long keywords from Word-N-Gram have a small 
frequency of occurrences, e.g., “มันสําปะหลังข้าวโพ ดเลีÊ ยงสั ตว์” 

(cassava, corn, animal husbandry), “หลอมรวมความสมัครสมาน” 
(gather unity), “อนึÉ งหย่อมควา มก ดอา กา ศ” (by the way, the air 
pressure patch) In addition, the air pressure patch.  After 
combining words leftover from the stop word removals, 
those long keywords of Word-N-Gram do not reflect any 
trend in the current news posts. On the other hand, the 
LCS-based method intends to find the longest common 
keywords to help promote the collocation degree of 
keywords; making them cover more meanings in the 
ground truths. 

 

 
Figure 5 Word clouds for trending keywords on 25 October 2021 

 
Fig. 6 expresses a similar phenomenon as Fig. 5. It 

demonstrates the word cloud on 23rd November 2021 
which has the ground truths “พัคชินฮเย ชเวแทจุน” (Park Shin-
hye & Choi Tae-joon), “ดราม่า แอนชิลี สก็อต” (Anchilee Scott 
accused of Thailand flag abuse). Neither Char-N-Gram 
nor Word-N-Gram captures any trend in the ground truths 
whereas the LCS-based method covers all current trends. 
Fig.7 shows another word cloud on 24th December 2021 
which has the ground truths “เ ลื อ ก ตัÊ ง ซ่ อ ม  ก ทม . ”  (Bangkok 
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election), “ฟุตบอลไทย-เวียดนาม AFF” (Thailand-Vietnam AFF 
football), “โอ มิ ค รอ น”  (Omicron). Both Char-N-Gram and 
Word-N-Gram implicitly capture only one keyword “โอมิค

รอน” (Omicron) while the LCS-based method semantically 
hits all trending ground truths. 

Interestingly, Word-N-Gram contains more English 
words than other methods in Fig. 5-7. These are situations 
where Word-N-Gram lost important Thai stop words 
while replacing them with blank symbols. After 
combining non-blank words, its keywords may look 
strange and have a low frequency of occurrences. As a 
result, it misses the ground truth trending keywords and 
continues extracting lower-frequency keywords which 
may include English keywords. 

 

 
Figure 6 Word clouds for trending keywords on 23 November 2021 

 

 
Figure 7 Word clouds for trending keywords on 24 December 2021 

 

5. CONCLUSION 

We propose a novel method to extract Thai trending 
keywords from online news by using the longest common 
substring (LCS) algorithm to find a set of the longest 
common keywords. The longest common keywords that 
have a high frequency of occurrences will be selected as 
the trending keywords. The experimental results on 
155,661 online news posts collected from eight Thai news 
agencies between September 2021 and December 2021 
indicate the superior performance of the LCS-based 
method over other techniques. The contribution of the 
proposed method is the effort to find the longest trending 
keyword from the current collection of news. The LCS-
based method can find the keywords with varying ranges, 
e.g., 3 to 8 words, depending on the context of the news.  
In practice, we recommend a user to find a suitable range 
from the sample news posts. We use the range between 3 
and 8 words because of two factors. First, a glance from 
our dataset does not show a keyword with more than eight 
words. Second, we need to control the running time of the 
LCS algorithm within a reasonable bound. The advantage 
of long keywords is the ability to express trends more 
meaningfully. The LCS-based method possesses the 
highest top-10 precision, on average, 60.50% and the 
moderate running time at 898.67 seconds compared to 
other methods. In addition, it is possible to apply the 
LCS-based method to extract trending keywords from 
other languages by simply changing a word tokenization 
module. One of the possible future works of the proposed 
method is to apply the cosine similarity to group similar 
trending keywords together and express them as one 
keyword. This improvement can help limit the trending 
keywords to a smaller set of keywords and make it easy 
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to interpret news insight. Despite its moderate running 
time, the LCS-based method may suffer from the O(NxN) 
operation for coupling a pair of news to find LCS. It is 
recommended to preliminary run the LCS-based method 
to find a suitable value of N that produces an acceptable 
total running time or apply multiple threads to gain the 
concurrency of LCS operations. 
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