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Abstract

This study introduces a novel method for topic modeling
by combining trend features and semantic features. Previous
methods extracted topics based on only semantics, and the trend
representation was simply counting the frequency of occur-
rence over time. Therefore, these methods could not eliminate
the indirect correlations among a topic. To address these, our
method introduces trend clustering into topics extraction that
enables us to remove indirect correlations and provide an ef-
ficient topic-trend visualization solution. Experimental results
show our method outperforms previous methods in enhancing
the interpretability of trend-topic in revealing human interest in
social events.

1 Introduction

In social science, it is difficult to measure human behavior
by a machine. Traditionally, we need to conduct surveys or
interviews with in human behavior analysis. However, it is
challenging to conduct research with a wide range. Informa-
tion from the Internet is a potential source to explore human
patterns. Taking advantage of information from the Internet
allows us to explore new knowledge efficiently.

One of the popular methods for data mining is topic model-
ing [1]. Topic modeling is an automatic method to extract the
latent topics from vast amounts of documents. Most conven-
tional methods use the statistical method or natural language
processing technique [2, 3, 4] to extract latent topics.

Trend of topics is evolution of topics over time that can sup-
port in analyzing the changes in public opinion under social
event affect. Previous methods only use semantic features and
trends of topics are obtained by simply counting the frequency
of topics over time. Therefore, trends representation is discrete
and impossible to understand how events affect topics.

In addition, these methods use only semantic features to pro-
duce topics; therefore, indirect correlations between keywords
in terms of time remain. This makes the trend of the topic diffi-
cult to analyze the actual influence of society on human behav-
ior. For example, the Christmas event often falls in the winter
season. The temperature in the winter season is low and leads
to an increase in the number of seasonal influenza cases. Thus,
the correlation between the Christmas event and seasonal in-
fluenza is indirect, as it is influenced by temperature.

The research [5] introduced a method for clustering topics
based on time-series features. This method provides an effec-
tive solution for representing trends. Moreover, by leveraging
of direct correlation, this method eliminate the indirect corre-
lations between keywords in topics that previous methods (e.g,
k-means [6, 7, 8], k-shape [9]) could not. Therefore, it im-
proves the explainability of the extracted topics. However, due
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to clustering based on time series characteristics only, topic co-
herence lacks.

Changes in public interest in social events can provide im-
portant indicators for understanding changes in human behav-
ior under the impact of social events. These indicators are
needed in many fields such as market change analysis, disaster
response, behavioral psychology trend analysis, etc. Therefore,
a more effective method is needed to extract information about
trending topics that can be interpretable. To overcome this limi-
tation, we propose a new approach that combines trend features
and semantic features for trend-topic representation to explore
public interest changes in social events. Specifically, we use
Graphical Lasso-guided Iterative Principal Component Analy-
sis (GLIPCA) [5] for trend clustering and use BERT [10, 11] to
produce the word embeddings. Following that, Affinity Prop-
agation [12] is applied to cluster into topics.

The novelty of this study includes three main points:

* Our method improves the topic coherence compared with
a method that uses only trend features (Novelty 1)

* The trend representation of our methods is more inter-
pretable than BERTopic [2] method. (Novelty 2)

* Benefiting from removal of indirect correlation, our meth-
ods could remove irrelavent words from topics. This im-
proves the interpretation of the actual relationship (direct
correlation) between the keywords of the extracted topic.

(Novelty 3)

To demonstrate these, we conduct experiments with a Viet-
namese newspaper dataset [13] to analyze how Tet holiday n
affects on public interest in Vietnam.

2 Methodology

The architecture of the proposed method is illustrated in
Fig. 1 and divided into three phases: (1) preprocessing and key-
word extraction, (2) trend clustering, (3) semantic clustering.

2.1 Preprocessing and Keyword extraction

Preprocessing includes removal of HTML format, lower-
case, and punctuation removal, morphological analysis, and
stopword removal. Vietnamese is the isolating language; there-
fore, we do not need to conduct stemming and lemmatization
for documents. Nouns are more informative and representative
than other types of words (e.g, verbs, adjectives, etc). More-
over, research [14] has shown that topic modeling with pre-
serving only nouns could improve the topic coherence and re-
duce the time processing. Therefore, in this study, we only keep
nouns to process. Next, TF-IDF [15] is used to score the im-
portance of words from documents. The cut-off threshold is
set, and only words satisfy the threshold are kept.

1) Tet holiday, also known as Lunar New Year, is the main holiday that
starts from January 1st to January 10th of the lunar calendar. Preparations
for Tet holiday usually start earlier. This is the biggest festival in Vietnam
with cultural activities, entertainment, visiting relatives, shopping, etc.
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Figure 1 Architecture of the proposed method

2.2 Trend Clustering

Semantic features only reflect the meaning of keywords.
Therefore, it can not formulate the relationship between social
events. We use GLIPCA for trend clustering because GLIPCA
can formulate the correlation relationship between keywords.
To address that, GLIPCA establishes the partial correlation ma-
trix L by using the graphical lasso algorithm [16].

N

S = argmax (Indet 27! — tr(S71) - pB7Y) (D)
»-1

L is a matrix that calculate the correlation between two key-
words while eliminate the effect of other keywords (direct cor-
relations). Next, we solve eigenvalue problems of the par-

tial correlation matrix L and keep the first component u

[ui,ug, ..., uM]T where M is the number of keywords.

LT Lu = Au, )

Each value of the vector u corresponds to the membership de-
gree of a keyword belonging to the cluster. We set up the
threshold to determine which keywords belong to clusters. Af-
ter that, we remove the value of these keywords from L and
repeat the equation (1) until no keywords satisfy the threshold.

2.3 Semantic clustering

BERT [10, 11] is one of the Transformer-based methods to
compute sentence embeddings. The target of this study focuses
on the word. We used the pretrained model “VoVanPhuc/sup-
SimCSE-VietNamese-phobert-base” as BERT model to create
embeddings.

The advantage of BERT lies in context-awareness. In other
words, we need to provide the context of the keyword rather
than just the input with only keywords. Meanwhile, keywords
extracted from TF-IDF are representative of documents. There-
fore, we input documents that satisfy the TF-IDF threshold
into the BERT model instead of keywords. Specifically, we
first only keep documents where the keyword satisfies the TF-
IDF threshold. Then, we feed these documents into the BERT
model. Finally, we average these vectors to get embeddings for
the keyword. For efficiently clustering, we apply UMAP [17]
to reduce the dimensionality of embeddings.

Finally, embeddings are clustered by Affinity Propagation
(AP) [12]. AP performs clustering through a similarity matrix
and sets a preference score to determine whether a point is an
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exemplar (center). In this study, we set the preference score
as the median value of the similarity matrix. With this setup,
AP can automatically determine the number of clusters (topics)
without predetermining.

3 Experiments

3.1 Data and Ground Truth

In this study, we collect 9813 Vietnamese newspapers from
the Binhvq News Corpus [13] with the query “Tét” (“Tet holi-
day” in English) from January 25 to February 22, 2016 (corre-
sponding to 14 days before and after the first day of Tet - the
most important day). These documents include 15 topics based
on the category of dataset and manual adjustment. We use hu-
mans’ interest from Google Trends as trend features.

To evaluate the trend and semantic clustering task, we define
the ground truth as the procedure in Fig.2. We first extract key-
words by TF-IDF with a threshold (in this study, the threshold
is 0.4). Next, the trend of each keyword (crawled from Google
Trends) is defined into one of three trend types (early, during,
and after Tet holiday) based on the peaks of trends. The Tet
holiday occurs from February 8 to February 18, 2016. There-
fore, we define trend with a sharp peak that falls into this range
of time, as during Tet Holiday. Meanwhile, the trend has clear
peaks before and after these days, corresponding to early and
after the festival. From each trend, the topic of keywords is
clustered by using the document topics.

Figure 2 The procedure of defining the ground truth.

3.2 Experimental results

For Novelty 1, we conduct a comparision in topic coherence
between our method and GLIPCA. For Novelty 2, we compare
the trend representation of our methods and BERTopic. For
Novelty 3, we use Fscore [18], AMI[19], and ARI [20] to mea-
sure the accuracy of the topic extraction task and compare with
the combination method between semantic clustering and other
trend clustering methods that could not formulate the correla-
tion relationship. The description of each comparative methods

are listed in Table. 1 Weset p = 0.021in( 1) and applied a mov-
ing average filter to smooth the trend feature with length of 2

because this setup gains the best accuracy with ground truth.
The result is shown in Fig.3. Our method extracted three main
trends corresponding to the red, blue and the green curves. To
analyze these trends, the red curve indicates that it peaks around
February 5th. This peak is equivalent to before the Tet holiday.
Before the Tet holiday, it can be shown that extracted topics
related to food, clothing, plants, politics, etc. This is suitable
for the context in Vietnam. Because before the festival, peo-
ple tend to spend a lot of money on new clothes (keywords:
coat, shoes, etc) and Tet foods (keywords: candy, candied fruit,
etc). In addition, displaying trees and flowers (keywords: bon-
sai, cherry, etc) is also a prominent feature of Tet. This is also
the occasion for the government (keywords: communist party,
congress, etc) to conduct annual summaries and have activities
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Method

k-means+
BERT +AP

Description

The trend clustering method
is k-means with dynamic time
warping distance. From each
trend, keywords were converted
into embeddings by computing

the average of BERT embed-
dings of documents that contain
keywords satisfying the TF-
IDF threshold. Finally, these
embeddings were clustered by
AP.

The trend clustering method is
k-shape.  From each trend,
keywords were converted into
embeddings by computing the
average of BERT embeddings
of documents that contain key-
words satisfying the TF-IDF
threshold.. Finally, these em-

beddings were clustered by AP.

Modified

k-shape+ Modified

BERT+AP

GLIPCA Keywords are clustered into

trends via GLIPCA.

Documents are clustered via
BERT and HDBSCAN. From
each cluster, a collection of key-

words is extracted by c-TF-IDF.

The trend clustering method
is GLIPCA. From each trend,
keywords were converted into
word embeddings by inputting
the keywords into BERT. Fi-
nally, these embeddings were
clustered by AP.

This is our proposed method.
The trend clustering method
is GLIPCA. From each trend,
keywords were converted into
embeddings by computing the
average of BERT embeddings
of documents that contain key-
words satisfying the TF-IDF
threshold. Finally, these em-
beddings were clustered by AP.

BERTopic

GLIPCA+BERT+AP

GLIPCA+Modified
BERT+AP

Table 1 Description of comparative methods.
posed methods are shown in bold.

The pro-

to visit people to celebrate Tet. While, the blue curve indicates
during Tet holiday, and the green curve is after Tet holiday.
During the festival season, cultural activities take place, such
as giving lucky money (keywords: luck money, gift, etc) or
going to the pagoda (keywords: historical site, pagoda, etc). In
addition, because Tet coincides with Valentine’s Day, there is
also interest in love topics (keywords: lover, couple, etc). Af-
ter Tet, the focus shift into daily activities (keywords: school,
staff, etc).

To demonstrate that our method improves the interpretation
of trends, we conduct a comparison between the trend repre-
sentation by each method in Fig.4. It can be observed that
the trend representation of BERTopic is dense. The reason is
that BERTopic only counts the frequency of topics over time.
Therefore, the trends of topics are represented discretely and
thus, it is difficult to analyze the topics in the stages of the event.

To evaluate the improvement of a combination of trend fea-
tures and semantic features, we compare our method with meth-
ods using only semantic features (BERTopic) and only trend
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Figure 3 The trend and topic extracted from the Viet-
namese newspaper from January 25th to February 22nd,
2016. The vertical axis is the frequency of humans’ inter-
est (scale from 0 to 1) and the horizontal axis is the date
(first line: day, second line: month)

o

Figure 4 Trend representation comparison between the
proposed method and comparative methods:
(a) GLIPCA, (b) k-means, (c) k-shape, (d) BERTopic

features (GLIPCA). To validate, we use topic coherence and
topic diversity. Topic coherence measures the degree of se-
mantic similarity between keywords within the same topic. We
use Cperr [21] by calculating the average cosine similarity
of the embedding of keywords in a topic. Meanwhile, topic di-
versity (TD) measures the degree of lexical difference between
topics. To evaluate the diversity of topics, we compute the per-
centage of unique keywords among all keywords from all top-
ics. For fair evaluation, we choose the top 20 keywords by TF-
IDF for only using the GLIPCA method, GLIPCA+Modified
BERT+AP method, and c-TF-IDF for BERTopic.

Model C BERT TD

BERTopic 0.450 | 0.522
GLIPCA 0.400 | 1.000
GLIPCA+Modified BERT+AP | 0.454 | 1.000

Table2 Comparative result between proposed method and
GLIPCA, BERTopic in topic coherence

The experimental result demonstrates that a combination of
trend and semantic features achieves a topic coherence score
13.515% higher than only trend features. Moreover, compared
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with BERTopic, the topic coherence and topic diversity of our
method outperform with Cpprr = 0.454 and T'D = 1.000.
From that, we can conclude that the introduction of semantic
clustering into the trend clustering model (GLIPCA) improves
the topic coherence of the model.

In addition, the strength of our method lies not only in its
ability to represent trends but also in its ability to eliminate indi-
rect (noise) correlations between topics, which often exist with
information on the Internet, by using GLIPCA. We use AMI,
ARI, and F’score to evaluate the quality of the trend and seman-
tic clustering. For fair evaluation, we applied the moving aver-
age filter with a length of 2, and the number of clusters is 3 for
k-means and k-shape. The result in the Table.3 shows that our
methods achieve the highest AMI, Fiscore and second highest
ARI among the compared methods. Besides that, the result also
shows that inputting the documents for embeddings (Modified
BERT) is better than inputting only keywords (BERT).

Model Fscore | AMI | ARI

k-means+ Modified BERT +AP | 0.406 | 0.161 | 0.047
k-shape+ Modified BERT +AP 0.486 | 0.237 | 0.094
GLIPCA+ BERT +AP 0.525 | 0.110 | 0.025
GLIPCA+ Modified BERT +AP | 0.585 | 0.245 | 0.087

Table 3 Comparative result on different types of trend and
semantic clustering methods

In addition, in trend analysis, we believe that sharp peaks
will show the trend more clearly and easily understood by users.
Fig. 4 shows that GLIPCA makes the trend easier to distinguish
events by removing trends that are not sharp peaks. This result
reinforces that the generated topics have higher accuracy by re-
moving indirect correlations than traditional methods.

4 Conclusion

By a combination of trend and semantic feature, our method
succeeds in trend-topic extraction that enables exploring the
public interest in social events. In experimental results, we have
clarified three main points: First, our method allows generat-
ing topic trends more intuitively and understandably. Second,
by combining trend features and semantic features, our method
helps improve the topic coherence of topics. Finally, remov-
ing indirect correlations shown to be effective in improving the
accuracy and intuitiveness by retaining only sharp peaks.

The result also provides an idea of a quantitative approach in
social research in psychology, sociology, politics, etc. More-
over, it is possible to develop information retrieval because of
the interpretation of topics.
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