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Due to its popularity and daily active users, social media has become powerful and
influential in the last decade. With the nature of a micro-blogging platform, instant messages
and the latest short posts are sent throughout the network on Twitter. Therefore, most users
utilize Twitter to update breaking news or the latest events. Since a huge volume of tweet
messages have been published on Twitter, event evolution has also rapidly developed into
related events within similar topics. In this study, we present a novel method to retrieve tweets
that relate to a given query term. Not only perfectly matched tweets, but more related tweets
will be retrieved. The collected tweet data are processed and constructed as an original
network. With the benefits of social network analysis, a simplification-based summarization
approach is applied to ignore information that has less importance while preserving significant
information in the network based on centrality measurement and clustering coefficient. Using
the evolutionary of graph-based representation extends the relationship diffusion to assist
related information retrieval. Experiments were performed using Thai news datasets and the
framework performance was evaluated by precision, recall, and f-score. The experimental
results show that our framework outperformed the baseline methods which derived a similarity

score based on the word-embedded vector to find relevant documents.
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1. Introduction

With the number of active users over 400 million, Twitter becomes one of
the most popular social media platforms in the world [1]. Users are allowed to share
their contents on the social network in diverse forms such as text, image, and video.
Since a huge number of users are actively generating several tweets every day,
tweets are reproduced in many different topics. Twitter is a microblogging platform
that can create either short blogs or instant messages by posting the current status
or latest news. More than a half of Twitter’s users in United States typically get news
on Twitter which is the biggest portion among the social network platforms [2]. Due
to the popularity in news, several popular news channels are listed on the chart of
the most Twitter followers in 2021 [3]. According to a findings [4], 70% new users
exploit Twitter to keep live events up in real time. With a nature of using Twitter,
users could easily explore through hot trending topics and instantly receive quick
updates what is happening around the world. A tweet is not only containing a
creator message, but it also includes thought and sentiment from different users
related to its tweet. Therefore, there are a diverse of vocabulary that have been
using on Twitter every day. A typical representation that best fits on both words and

relations is a network graph which basically consists of vertices and edges.

A graph or network is a representation composed of a collection of both
vertices and edges. An edge is a linkage between two vertices. A graph typically
visualizes the connection that interacts among vertices. With the time involved,
vertices/edges can be added, overlapped, and deleted which is called a dynamic
graph [5]. Since there are many graph-based summarization approaches that have
been proposed, we utilize a simplification-based summarization technique that helps

filtering important nodes or edges from an original network to better understand the
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large social network. Furthermore, we exploit centrality measures which are one of
social network analysis theories to gain a deeper understanding of network. To
visualize the evolutionary of vertices in the network, we illustrate vertices/edges that

have added and overlapped in a consecutive day.

1.1 Objectives

This research aims to exploit the graph evolutionary for extracting news that
correlate with the others. Furthermore, we create a framework of using graph-based
evolutionary to conclude key important news daily topics that can retrieve more
related tweets compared to word-embedded similarity approaches. The time-
evolved analysis can assist the interpretation of how connections evolve from one to

another and develop the expansion of related news when the time changes.

1.2 Scope

This research collects tweet messages from news agency accounts including
MatichonOnline and MorningNewsTV3. The experiment covers ten news topics to
extract related news and evaluate the performance using precision, recall, and f-

score.
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2. Related works

This chapter covers the detail of related works that will be used in this study. We
describe the way to collect Twitter data, a literature review of summarization
approaches, and event evolution. Plus, a theory of Social Network Analysis is also

explained in the following section.

2.1 Twitter API

The application process interface (API) provided by Twitter, also known as
Twitter API [6], can be used to programmatically create communication on Twitter.
Twitter API provides various programmatic endpoints to retrieve Twitter data with
respect to the level of access permission. In this study, we take an applicable
endpoint of retrieving multiple tweets by a single user. This endpoint will response

the most recent tweets from a specific user ID.

2.2 Text Summarization

Text summarization is a very popular technique for compacting the full-
length original text into a concise summary while maintaining key important
information. There are commonly two approaches in text summarization: extractive-
based summarization and abstraction-based summarization [7]. In extractive-based
summarization approach, the significant subsets of the original text will be pulled out
and integrating them to make a summary. On the other hand, an abstraction-based
summarization is a technique of reproducing key crucial information using advanced
techniques into a new shorter way. There are a variety of methods proposed in
graph-based text summarization. TextRank [8] is one of the most prominent
algorithms where sentences represent the vertices of a graph and edges determine a

similarity between sentences. Yongkiatpanich and Wichadakul [9] have been studied
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using PageRank and a combination of ontology and word embedded. Joshi et al. [10]
proposed a semantic graph-based text summarization approach for documents. They
also used graph theory measures for choosing the summary sentences based on a
top of their semantic scores. Natesh et al. [11] studied a text summarization in graph-
based approach where the graph was built on co-occurrence base. That method
shows a good performance on news articles, Wikipedia searches, and technical
documents. Recently, several studies have been proposed in abstraction-based

summarization [12-14] and extractive-based summarization approaches [15-18].

2.3 Graph-based Summarization

A graph-based summarization can be categorized in a variety of methods. In
order to completely illustrate the approaches, Liu et al. [19] summed up the graph-
based summarization methods in four basis techniques relying on different
objectives. Aggregation based [20-24], bit compression based [25], simplification
based [26, 27], and influence based [28] are a suite of core techniques that have
been used in many studies. Aggregation based is one of the most prominent
techniques that grouped nodes or edges into super nodes/edges using its
optimization function which can be divided into node-grouping and edge-grouping
methods. Node-grouping methods help grouping all nodes within its cluster into a
single node called a supernode. Whereas edge-grouping methods are an approach to
minimize number of edges into compressor or virtual nodes. One of the edge-
grouping methods is the graph dedensification which enhances query processing by
compressing dense high-degree vertices in a graph [24]. Recently [23], a distributed
ageregation-based graph summarization for large-scale approximate attributed graph
queries was proposed to semantically produce a graph summary for improving

computational costs and maintaining query accuracy. A bit compression in graph-
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based summarization focuses on reducing number of bits in the original graph, where
reporting core structural pattern along with some original components in the
modeled graph. In simplification-based method, the main idea is to pull out crucial
nodes and edges to simplify the original graph where disconnecting less important
nodes or edges from the graph. Zegian et al. [26] proposed a simplification
summarization technique called “OntoVis” which utilizes the ontology information to
semantically prune the large networks. OntoVis also supports both structural
abstraction and semantic abstraction. In structural abstraction, the essential structure
of the entire network is required to be preserved while pruning the network.
Semantic abstraction allows users to construct a derived graph from the original
graph by including only nodes whose types are selected in the ontology graph. Li
and Lin [27] proposed an unsupervised algorithm for egocentric information
abstraction in heterogeneous social networks where obtains similarly a resulting
graph as OntoVis. Various recent studies [29-31] introduced how to simplify a
network that includes discovering important vertices/edges with different metrics and
pruning non-essential components of the network. Influence-based approach is an
understanding of high-level description of the influence propagation in large-scale
networks. This approach typically utilizes an optimization process to formulate graph
summarization. Mehmood et al. [28] researched on the social network summarization

with the use of social influence analysis and information propagation.

2.4 Tweet Summarization

Tweet summarization has been widely studied in several areas of interest
with different techniques. Naik et al. [32] introduced Particle Swarm Optimization
Algorithm which enhances the accuracy for clustering tweets for a summarization.

With a benefit of using pre-trained language models shows an outstanding
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performance on various fields of study, Dusart et al. [33] proposed a neural network
based model for summarizing huge tweet streams and dynamic output summary
based on the input size automatically. Chakraborty et al .[34] authored the
summarization of tweets related to news article approach that can capture the

diversity of tweet opinions.

2.5 Event Evolution

Several studies that researched the event evolution of social media platform.
With a rapid change of events and opinions exchange, event evolution approaches
emerged for detecting occurring events and discovering the evolution of events.
Panagiotou et al. [35] summarized definitions, challenges, and trends in event
detection frameworks that have been researched in the last few years. Cordeiro and
Gama introduced a research survey of event detection techniques [36] that can
generally be classified into two major methods. The first method is the Online New
Event detection (NED) which points out to discovering events in real-time
documents. The second technique, Retrospective Event Detection (RED), is a retrieval
document process of event- relevant documents from the collection of historical
documents. A discovery of event evolution from news stories was studied by Dou et
al. [37]. The graph-based event evolution visualizes the core structure of events that

can help the information extraction task and information retrieval.

2.6 Social Network Analysis

Social network analysis has emerged in the past recent years and widely
studied in diverse area of interest. To systematically perform analysis on social

network, the social network analysis metrics assist in many different aspects:
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discovering the pattern of connection, producing an underlying to differentiate
networks, monitoring changes in a network over time, and analyzing locations in a
network [38]. Centrality measurement is one of social network analysis metrics that
can determine how significant a vertex locates within the network. Vertex-specific
network metrics provide several quantitative measures: degree centrality,
betweenness centrality, closeness centrality, and clustering coefficient. Degree
centrality (DC) measures a number of edges connected to a node. The degree
centrality of vertex [ is given in ( 1) where Aij is the adjacency matrix of the graph

and M is a number of vertices [39].

1 n
0= 537 f
(i) A EANN (1)

Betweenness centrality (BC) is a measure that the extent of a node lies on the
shortest path to other nodes. An equation is given in ( 2 ) where V is a set of nodes
and g (s, t) is the number of shortest (s, t)-paths. Also, a (s, t|v) is the number
of shortest (s, t)-paths passing through some node v other than s, t. If § = t, let
o(s,t) =1,andif v € {s,t} let a(s, t|v) = 0 [40].

cpg(v) = z 9(5,tv) (2)

o(s,t
S$tev ( )

Closeness centrality (CC) is a fraction of the sum of shortest path lengths to all other
nodes given in ( 3 ). The notion of closeness centrality points up a node that can
possibly reach any other nodes in the graph either a very far off or a nearby with

small hops [41].

Cu) = —— (3)
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Clustering coefficient (CF) measures the density of connections in the network. The
equation is given in (4 ) where T (1) is the number of triangles through node U and

deg (u) is the degree of u [42].

C, = 2T () (4)
“ " deg (u)(deg(u) — 1)

3. Proposed methodology

In this chapter, we are going to explain the proposed methodology of using
graph evolutionary to retrieve related tweets. The overall system architecture, as
illustrated in Figure 1, shows how our framework processes a given query to find

associated terms using graph evolutionary and retrieve related tweets.

D D+ " Dn

I I
I I
I I
I B : |
. H . ) I

: Preprocessing and : Preprocessing and : Preprocessing and |
: tokenizing data : tokenizing data : tokenizing data }
I : I
| l |
I |
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I |
! Build the network : Build the network Build the network |
| graph . graph : graph |
: : |

I [
I I
I ‘ {
| £33 :
I : I
I : |
| f o ; |
| Added and Added and |
I |
I |
I I
I |
I I
I I
| |
| |

: overlapped overlapped :

: nodes/edges, nodes/edges :

Simplify the original Simplify the original Simplify the original

i network network network :
Input: - Expanded term Retrieval
A query term evaluator

Figure 1: The system architecture



18

The data acquisition in this study is required to use the application process
interface provided by Twitter. We firstly retrieve tweet contents by utilizing the use
of Twitter’s APl and save the collection of data to proceed further steps. Since
Twitter and any social media platforms allow users to generate posts in several
forms, the pre-processing step is mandatory to deal with the retrieved data. As this
study focuses on text only, the cleansing process takes place to help removing
irrelevant information on the data e.g, special characters, emoji, hashtags. After
cleansing process completed, we apply a tokenization on each tweet to split data
into words. Each word represents an individual vertex in the network. However, the
nature of tweets is relatively small. The relations become very crucial to capture the
information association between words in the tweets. Hence, the edges are built the
relationship on a pair of consecutive words in the same tweet message. With these

steps, we can construct a network graph based on the daily collected tweets.

In a collection of daily tweets, the network graph is relatively dynamic relying
on a trending topic that twitter users are currently interested in. We consider the
approach that can extract the core components in the primitive network graph into a
simplified graph. It can assists filtering the important information which literally
contribute to the network using simplification-based summarization technique.
Hence, social network theory is significantly important for measuring nodes that have
an impact and popularity in the network. We take the advantages of the DC, BC, and
CC measurements that can show an excellent popularity and reputation in the
network [43]. Furthermore, clustering coefficient is an essential measurement that

can measure how connected neighbor’s vertices tend to be a cluster.

Since the original network is measured using centrality and clustering metrics,

high values give different benefits relying on a particular indicator. Since these
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measurements help to filter out nodes from any other nodes in the graph, we
integrate all important nodes into a set of selected vertices by selecting top N nodes
from DC, BC, CC, and CF. As a result of combining nodes, the simplified-graph process
starts to distill the connected components out of the original graph based on
selected vertices. First, we find neighbors of the vertex in the network and all
possible edges among neighbors of the vertex that will be removed using the
Cartesian product. After a set of new possible edges is created, each of them will be
added to the network and both nodes and edges in between will also be removed.
At the end, the simplified graph shows the core connected components for

summarizing tweets on daily basis.

Considering a time-evolved analysis in a certain period, the graph
evolutionary assists the interpretation of expanded connections when the time
changes. Since a simplified graph is representative of daily tweet messages, we
compose an evolution of graph-based representation into two approaches; added
and overlapped nodes/edges. The nodes/edges, which join on the next day (d;;4),
but do not appear in d; is called “added nodes/edges”. However, the “overlapped

nodes/edges” are the nodes/edges that exist in both d; and d;4.

The details to simplify a large network and create graph evolutionary
properties are described in Algorithm | Starting with data acquisition, data
preprocessing, and tokenization. Building the network g¢raph and centrality
measurements are processed in step 4. A framework then applies a graph-based

simplification process and creates graph evolutional properties respectively.
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ALGORITHM I: Simplify network graph and construct graph evolutionary

1. Collect tweets data using Twitter API
2. Preprocess collected data (remove special characters, emoji, hashtags)
3. Tokenize each tweet into words

4. Construct a graph G; = (V, E) where a set of nodes (V) represent the tokenized
words and a set of edges (F) represent adjacent word in the same tweet
4.1 Measure a degree centrality, betweenness centrality, closeness centrality,
and clustering coefficient
4.2 Sort all measurements in step 4.1 in descending order

5. Select unique nodes based on conditions:
5.1 Clustering coefficient top N nodes and > 0
5.2 Degree centrality top N nodes
5.3 Betweenness centrality top N nodes
5.4 Closeness centrality top N nodes

6. Simplify the graph based on selected nodes in step 5
foreachvin V,:
if v not in selected nodes:

src < neighbors of v

dst <— neighbors of v

new_edges <— cartesian_product(src, dst)

foreach s, t in new_edges:

ifs #t:

G4 < add_edges_from(s, t)
G4 < remove_node(v )

7. Create graph evolutionary properties
G4 < Simplified graph of d;
Gq,_, < Simplified graph of d;_4
added_nodes <« (G4 nodes) — (G4,_, nodes)
overlapped_nodes < (G4 nodes) N (Gg,_, nodes)
added_edges < (G, edges) — (Gq4,_, edges)
overlapped_edges < (G4 edges) N (G4, , edges)

8. End of Algorithm




3.1 Dataset

In the experiment, we pulled out tweet messages from Thai news agencies

through Twitter API including two accounts: MorningNewsTV3 and MatichonOnline.

We selected these news agencies to collect tweets because of the popularity. Both

are the most renowned news industries in Thailand which have over 3.1 and 1.1

million followers respectively. The number of collected data from both accounts in

June-July 2022 is displayed in Table 1.

MatichonOnline MorningNewsTV3
1-7 June 2022 612 464
8-14 June 2022 704 551
15-21 June 2022 1,015 632
22-30 June 2022 1,489 692

Table 1: Total number of collected tweet messages

However, a combination of two famous agencies is used in the experiment.

After the data has been collected, the preparation process was needed to be done

by cleansing and transforming tweet messages to appropriate format. Data cleansing

is a very important process which helps removing unused and irrelevant message.

With the help of well-cleansing step, the tokenization operates splitting tweet

messages in a form of words correctly. The tweets data of public accounts will be

used in the preliminary experiment that is retrieved in June 2022.
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Figure 2: Network graph

3.2 Construct a simplified network

We constructed a network graph in which vertices represent words and edges
represent a relationship of consecutive words using bigram. After an original graph is
generated in Figure 2, four measures will be calculated from a graph including
clustering coefficient, degree, betweenness, and closeness centrality. These measures
are sorted in descending order and top n nodes will be chosen for producing a
simplified graph. In the preliminary experiment, a top of 30 nodes is used for filtering

the original network as shown in Figure 3-5.

Top 30 Clustering Coefficient

04

Clustering Coefficient

00 — - — = - — ry o = - — ———
aoi WaAms T gl M1 URbWU a0 ueus  wm B BTN W g @ MON f W WA s gfy | M gUANBIGTINR M WY g wriuSHORTNEWS

Figure 3: Top 30 nodes of clustering coefficient
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Top 30 Degree Centrality
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Figure 4: Top 30 nodes of degree centrality
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2
s

Betweenness Centrality

8

8

pme KUE owe  BY U SAdn ndun

o ogpadeu e MM gmes YOUAN

A\
_____ etweenness centrality
/>ﬁ/ ,/\;’:\\/\A\Q_’\-t:‘-\ -

Top 30 Closeness Cemral\gy )

Closeness Centrality
2 2 2 £ 2 2 B
B 8 8 3 85 = &

g

Mmoo Au @ SHORTNEWSwe: enwmd thu me MMM g W By W0 T WO dhewns Y dgwn M WUAY il muow W Spaduu WM ey wiue

Figure 6: Top 30 nodes of closeness centrality

Filtering top 30 nodes from CF, DC, BC, and CC will give us a group of
important nodes that play a significant component on its network. Figure 7 displays
nodes that have been selected will be rendered in blue, whereas the light blue

color represents nodes that will be removed in a further step.
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Figure 7: A network graph with selected nodes

As shown in Figure 8, a simplified graph can be modeled by a graph-based
simplification process. This process deletes both nodes and edges that do not
correspond to prior selected nodes. Finally, a simplified graph will be generated
based on the top 30 clustering coefficient, degree centrality, betweenness centrality,

and closeness centrality.
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Figure 8: A simplified network graph



3.3 Building graph evolutionary properties

Below is a result table of graph-based evolutionary properties which are

produced using simplified graphs on 4-5 June 2022. The graph-based evolutionary

properties include a set of added and overlapped nodes/edges that can display how

nodes dynamically change over time as shown in Table 2. Furthermore, it gives us

two major crucial aspects. Firstly, nodes represent a set of words that many twitter

users are talking at that time that means node is the important key headline. Node

expansion therefore indicates the change of core events and activities. Secondly, the

edge changes show a conversion of connection between nodes. This can significantly

assist to detect the event drifts and see the node evolves from one to another.

4 June 2022

5 June 2022

Added edges

o Aa

(T3, 1309), (@0, undl), (@3, U), (@0, Aaev), (FeTin,
A, (HeTin, W), @i, S, (FeTia, lne), (@i, Fu)
(FeTin, 10), (Fedn, o), (FeTIn, Tguwiew), (@ede, 90), @D,
sev), (Fe¥ie, 91w), (Fedin, lan), (@eTin, Q) (HoTin, Wiew),
(FeTin, dUansi), (HeTiIn, ve), (FeTIn, teaiaduea), (H@uTin, GT),
(HeTin, Fywd), (FeTIn, e1w), (Fedin, An), (@eTie, Tu), (@eTin,
S5una), (Fedie, Usvvnww), (Fedin, we), (@eT30, ¥30), (FeTin, wa),
(BTin, Tnad), (FoTin, iedeq), (FeTin, wid), (BeFie dn)
(Fe¥in, aa1n), (HeTIn, M), (@eBla, A1), (@ede, §), (@eT,
wga), (Fedie, duse), (Feie, 1F), (FeTin, adw), (FeTie,
Ad ), (FeTin, W), (@30T, W), (@eTi0. @), (FTin, voy),
(A8, AR), (FeTIn, tonvuz), (Fetin, wld), (Fedle, @ue), (svy,
Wa), (52, AABY), (33, 79), (52, dWA), (52, AL), (52, 1309), (554, )
(32, 1), (72, ), (32, 129), (324, Tan), (32, YQN), (32,
wise), (5ey, dUAN), (Sry, v1e), (S8Y, 40), (52, Jealaduea), (38,
GT), (38, q), (CEATR 814), (5¥y, fin), (S3Y, Tu), (5vu, fauew), 5%y,
unsla), (5ey, $3U1R), (5pY, Useanaw), (Sey, ¥30), (52U, WAseN), (2,

witn), (5xy, An), (Sey, @ann), (Sey, 9w), (S¥Y, a1), (52U, 39), (S8Y,

W), 52y, d59), (5zy, ae), (svy, 7), (53, a519), (s2y, aduaud),

3 3

(32, WGa), (32, LUTU), (32, V), (33Y Am), (32Y, I1UL), (53Y,

o

L
i), 52y, 1@ue), @n, Wath), @0, 1), @, 1R), @, wi), @,
we), @, K0aaduea), @n, G, @, TvvR), @, ), @, ), @,
81u), (@n, fin), @A, Tu), (@n, Tgurew), (@a, 1We), @, und), @, Tne),
@, F0v), @, 3FUa), @, Uszwiww), @, ), @, ¥ie), @,

), (@m, na), @n, ae), @, nas), @, 1w39), @0, lan), @,
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i), @, wiew), @a, dUnA), @0, Aw), @0, Aaos), @0, wilth), @,
An), (o, aan), @n, i), @, d1), @, 8), @, ), @, Ju), @,
F7), (@0, we), @n, d159), @n, @519, @, atwsuld), @, &), @,
Qug), (@n, Af), (@R, W1ug), @n, U1l), @, w@ue), (811, 7v), (B,
we), (814, Ain), (61, Tu), (8, Sgwiew), 1w, V), @1, 1), (81y,
upsly), (@14, @nn), (O, aw), (1, ), @, ve), @1,
20a1a8UR), (814, GT), (871, Taed), (811, 1Fed), (811, 3guna), (B,
Usganaw), (814, 939), @10, ), @1, Wa), @Y, Inas), @1,
\A309), (811, Tan), @1, ), B, Wiew), @1y, dUash), 61y, Aw),
(@, Aaps), (@1, wit), @1, An), @1y, 811), (B, §2), B, Y),
@11, 3u), (@14, w99), (814, d1159), (81U, M), (81U, IR), (1Y, d379),
@, awend), @1, W), @1y, Wi, @1, ), @, 282), (B,
AR), (874, 0TUy), (0, uld), @1, t@ue), @i, ne), @3y,
dnduoinie), @319, vug), @51y, aluwud), @5, J9aaduea),
(@9, o), @3, wilth), @, Tan), @3, 1), @, §n), @,
), @519, 81), @519, G, @5, Tvnd), @3g, V), @3, @n), @3,
), @1, fquew), @9, 190), @, uadl), @, Fev), @,
F5unm), @314, Uszwnow), @59, we), @519, 930), @519, 91uIn), @3,
wa), @33, Inaed), @3, wiew), @3, e, @9, wiew), @,
#Uanh), @319, aw), @319, Aasy), @319, An), @519, @ann), @39, d1u),

& a

@519, 1), @5, 3), @59, T3), @, uw), @, dusa), @i, 0d),

o

@39, Wiy, @5, §), @39, vez), @, af), @3, 1), @,
l@ue), (T, @), (iy, ulU), @, Fu), @y, W), (i, Tan), (7, anly),
(i, 1oUUy), (13, W), Ay, dndueinia), (A, @ain), (i, aw), (A,
), (@i, 81), Gy, fin), Gy, Tu), (i, Tguiew), (i, 1@8), (i, wilw),
@, Tne), Gy, we), (U, I9aeduea), Gy, 6T, (1N, T¥R), Jy,
Fo9), (i, fgu1a), @, Ussvivw), (i, ¥in), @, Swaw), G, wa),
(iat, Taed), (T, 1S09), (i, ), (P, wsew), (i, SUai), @, au),
(T, Aae), (i, waith), @, fn), G, 32), @, wew), @, dusa), @,
e), (Fy, adwead), @y, W), @y, i), @y, §), J, ves), G,
AR), (i, taue), @, 40), @, w), @, Fuw), @, lan), @, dawi), @,
w3ek), @, Inad), @, aa1n), @, Aavs), @, nd), @), uw), @,
10aLaduea), @, G, @, T¥ud), @, U), @, 1), @, fa), @, Tu),
@), fquisw), @), W), @, undly), @, Sov), @, Fzua), @,

a 3 a

Usswnw), @, we), @, 930), @, $1u9w), @2, na), @, 1ses), @,
aw), @, wihi), @, #n), @, ), @, d159), @, ), @, 17), @,
awrnl), @, ¥n), @, wi), @, ), @, we), @, af), @,
wwuy), @, 1), @, awe), @, wdew), @, Tnad), @, wiu),
Houmany, AY), (WauAaY, AUA), (AU, T8), (AL, UnTueInA), (@AY,
$m), (A, Tl), (e, aue), (a, aduasd), (au, Bed), (A, ), (1,

\3eq), (AU, AABY), (AL, 1n8), (AY, 3u), (AU, 18), (AU, 81), (ay, J),
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(A, fin), (A, Tu), (A, Jguiew), (@, walk), (A, Jeataduaa), (A,
GT), (AU, F¥wR), (A, S5U1A), (A, UTevw), (AL, W), (AL, VIR), (AY,
wa), (Aw, Wwad), (au, lan), (A, W), (AL, 1W3sw), (AU, dUAA), (AL,
wsith), (A, @n), (AU, @8nn), (AL, &), (AL, W), (Ay, d15a), (A, ),
(A, 1R, (AY, 1¥R), (Y, W), (Y, &), (AL, B8L), (AY, AR), (AL,
@), (AY, 1), (AY, Lawe), (T, ), (1589, Tnad), (3a, Suna),
(599, Usvw1wu), (504, 1), (a9, 1Y), (189, dUanA), (1584, LATRY),
(599, 31U3U), (594, AABA), (509, Inw), 58y, Ju), (Tay, An), (3o, Tu),
Gy, flguisw), (59, U), (1594, 199), (509, updla), (1504, 118), (Gey,
s a a o a o a a' a'
1DALAYUDR), (1599, GT), (b599, TYVIF), (1999, VIM), (1589, WA), (1599,
Tan), (399, W), (1509, Wisw), (1504, wiiU"), (504, Ain), (594, @ain),
a v o ' o a o < <
(6999, A1), (399, DIUW), (1389, YY), (1389, @WI), (L399, A1Y), (1599,
H), (1509, awud), (509, @), (Saq, W), (Saq, M), (509, Vo),
P a o
(+399, AR), (1394, LBITVUL), (Li?N LEUD), (Y, FIUI), (1, AARY), (Y, ne),

a

(4, 1), (4, 810, (4, 139), (1, Lan), (1, FUAM), (4, 19Te), (y, Tna), (

a

aan), (4, i), (U, ue), (4, 1), (4, 10aLaduea), (y, GT), (4, ‘U‘U‘lﬂ(ﬂ),

A

W U, @ fa), @ ), G Sgwew), q uedd),  S3ua), o

U

=

Usgnvw), (4, We), (Y, ¥30), (4, wa), (Y, 1AT8Y), (y, uslu1), (y, An), (

U

&

3

&), (y, d59), (y, me), (g, @), (y, ), g, 1B), (g, i), (y,
#), (4, vg), (4, AR), (Y, 1onwue), (Y, 1li), (Y, LEue), (AABY, ARBY),
(PR0Y, 33UR), (ARBY, with), (raes, @ann), (ass, Tnad), (Aaos, u),
(AapY, W3BY), (Aay, e), (Pass, dUaA), (rass, lan), (ass, U),
(Paps, d1159), (ALY, T11IN), (RABY, MY, (AABY, WYY), (ARBY, L98),
(Paey, Tu), (AADY, Tquiew), (Aaes, An), (Aae, uasl), (AABY, ¥1Y),
(AABY, 10alAgUDR), (AABY, GT), (AABY, TvwR), (Aasy, Uszwiaw),
(PaBY, LWY), (ARDY, VIN), (AR, W), (ARDN, Lﬂ%laﬂ), (Aavy, An), (AaBy,
&), (AaBY, 811), (AABY, A1Y), (AaBY, ¥IR), (Aaes, Aluvud), (Aass,
), (RS, L), (AaBd, &), (AABY, VL), (AABY, AR), (AABY, LBTUE),
(raps, 111), (raes, taue), (ne, wrwug), (e, d), (ne, 1eaaduea),
(Ine, véu), (e, dwa), (ne, 3w), (e, wda), (ne, dami), (e, 199),
11/1&1 Tan), (ne, wiew), (ne, @an), (dne, S1um), (ne, uesly), (ne,

), (g, Ga), (ne, Tu), vy, fquiew), (ne, ve), (ne, 61, (ne,
%szsfma), (e, S5una), (ne, Ysewww), (ne, ¥30), (ne, wa), (ne, uew),
(ne, wideq), (e, wsih), dne, @), (e, &), (ne, d5a), (ne, me),
(ng, w1d), (e, aduwad), (ne, Gn), (ne, wiw), (e, &), (ne,
veg), (ny, af), (e, 1ilad), (e, 1@ue), ey, §157), Loy, 1),
(@1VUL, JU), (D1VUL, bT9), (DIVUL, TOLNL), (191¥UY, TNAU), (B1TUY,
Tan), o1wuy, fin), (evu, lu), @1wuy, Tguiew), (ewue, U),
(@1UL, 199), (1TUL, WALY), (1DIVUY, B1Y), (B1VUL, IPAAEUDA),
(@1ug, GT), (@1vuy, TvvR), (e1wuy, $§UR), (1l1vue, Usenaw),

(YUY, WE), (D1YUL, VIN), (DIVUY, I1WIY), (LBIVUL, NA), (BI1VUL,
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Twad), (onwue, Lﬂ%f'aq), (0wuy, WY, (10U, WIB), (101U,
FUo), (o1wuy, with), (ewue, An), (ewue, @ann), (11U, &),
0UE, 811), (181TUY, AY), (1B1TUY, VIR), (1B1vuy, ATuTul),
(@YU, Lwi'i’u), @%uUz, ), (101TUY, VL), (191U, AR), (DIVUE,
will), Gewue, @we), (We, An), (me, sad), (We, 19e), (W,
gaNANII), (e, 3eY), (We, TuufR), (ue, 1Wuan), (we, S5U1a),
(g, @aTn), (We, USeanuw), (W, a1u), (We, 7), (Ke, ¥30), (HE,
W), (WY, WaLaTURA), (WE, GT), (We, T), (WY, W18), tNY, Wa), (He,
1), (ue, fiquasw), (ue, unsl), (ue, nad), (we, 10Fe9), (He, Tan),
(e, M), G, dUAYD), (e, walth), (e, fin), (e, B1U), (e, J1),
(W, U9), (We, d159), (Hy, 918), (e, ¥R), W, Aduvud), (e,
Bm), (e, Luﬁi"%u), (e, V8L), WY, AR), (HE, dwE), (W, 3lu), (K,
W@ue), (V1Y, LL;J%E’]), @19, lan), (@1, 0aladuea), (Y, GT), (N8,
Fyd), w1y, V), g, #a), @19, Tu), @1y, Tguiew), @1g, 198), (W8,
wasla), ¥y, S3Ua), (e, Usewwu), (1e, 130), (118, 31U3L), (W18,
wa), @y, Tnad), @, 1A3e3), (e, N, @Y, W3ew), @e, dUn),
@e, Ain), (@8, @an), (8, &), (@18, 81), (8, F), @8, B),
@18, §59), (¥, Ang), (@Y, VIR), (e, Adueud), @, Wa), (e,
W), (e, ), (e, ), (118, AR, (@w, 1Y), (@18, LEue), @an,
1), @an, Twad), @ann, ), @an, wiswy), @an, da), @an,
Tan), @an, ), @an, @n), @an, ue), @nn, ), @ann, fia),
(@an, Fquiei), (@a1n, 199), (@10, wasly), (@an, Jeawaduea), (@ann,
GT), (@1N, FWF), @an, 3FuU1a), @an, Usevvu), @ann, ¥ia),
(@810, $1UW), (@8N, Wa), (@an, LASeY), (@ann, uslth), @ann, 81w),
@an, d1159), @an, Me), @ann, F), @an, Adrusud), @an, @e),
(@ann, W), @ann, ), @ann, vee), @an, A, @an, uili), @ann,
o), (e, Tgwiew), (e, 1eataduea), My, auwud), (e, @),
(M8, LA38L), (A8, 31UI), (g, FU), (A8, L38), (Y, B1W), (A8, lan),
®18, B9), (Mg, dUAA), (M8, GT), (8, FywR), (e, T), (1w, fin),
@18, Tu), (g, uaalw), (Mg, S5U1R), (18, Ussrw), (e, 139), (018,
wa), (e, Twaied), (e, 13eq), (e, wii), e, #n), (e, &1u), e,
W), (g, d159), (18, ¥IR), (g, Wwihy, (e, §2), (18, B8z), (8,

o

AR, (Mg, anl), (Mg, Lawe), (guna, U), Gguia, Useaww), (53ua,

«a o

dn), (3uia, Tu), Gsuia, Squwew), (e, 1We), (3ua, undly),

(53ua, 7eawduea), (53u1a, G, (guia, TwwaR), (una, vin),

Ggua, Suw), (guia, wa), (gua, twad), (Gguia, w3es), (33U,

o

Tan), Ggua, w), (guna, wsew), (Sguna, dUanv), (guia, uii),

(

(Gguia, d139), Gguna, ¥f), Ggua, auaud), Gguna, 1Wn), (Sgua,

=

ua, An), (33U, aw), (53u1a, 81w), (G3una, ), (una, uwa),

o

4

wi), Gguna, ¢), (Guna, vee), Ggua, AR), (Funa, ili), Gsua,

wua), (dn, 81), (Gn, Tan), (99, Aduvad), (99, Jeauaduaa), (1,
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Tah), (8n, 0@), (@, 1), 8, da), (dn, 61, (da, Fuad),
@0, ), (Gn, fin), (Fn, lu), (99, Tquiew), (9, 1We), (Fn, undu),
(Fm, Ussnw), (de, 93n), dn, S1uam), de, wa), (e, Tuad), (9n,
- I3 a I3 a 3 %3 2 = 3 v <
LASY), (L9, KEYS), (TR, LATEY), (TR, WUUN), (L9, AN), (D9, A1), (199,

), (G0, waa), (Fn, F159), (dn, §), (D9, vez), (T0, AR), (Fa, 1),

=

(G, Lae), (AR, wasla), (@f, de9), (AR, sanANLLiv), (AR, 81W), (A

a o

W383), (AR, 91WI), (AR, ), (AR, 199), (AR, Tan), (AR, ng9), (@A

>

o), (AR, 10aaduea), (AR, GT), (AR, TuwR), (AR, V), (AR, Hin), (AR,

= =

Tu), (Af, Tquiei), (AF, Ussw1wu), (af, ¥30), (AR, na), (Af, Tnad), (@,
\3eq), (AR, wilth), (AR, @n), (AF, &), (AR, wwa), (AF, d159), (AF, ),
@, aiwnl), @R, i), @f, &), (@F, ve), (@f, i), @F, 1Eue),
adly, U), uaaly, fa), Gadly, Tu), @edly, Sguiew), wesly, 199),
Wasly, 20aaduea), (wadly, GT), Wesly, TuvnR), wadly, Useanvw),
waaly, 93m), adly, $1wa), (asly, wa), Wasly, Tnas), wasly,
W30, Masly, Tan), Gadly, nde), Gady, wiew), ey, dUan),
wasly, wih), wady, @n), wady, &), wady, 81w), @edy, Fw),
unsly, wwa), (wnaly, §159), wedly, 1R), weely, Aduesd), adls,
), ey, ), ey, vez), wadly, wl), wasly, @ue), wiss,
na), (A3EY, IU), (WSEY, AUA), (M8, WL), (A8, LEUD), (K38,
flo9), (odoy, TUl), (wew, Svd), (eToy, dUaeh), (esew, Tan),
(m3en, Twae), (n3eu, W), (193BY, 1Y), (RS8L, L30), (NITL, wsivh),
(9383, 29aL08URa), (WSwy, GT), th3ew, U), (e3ew, fin), (e3ew, Tu),
(e3ey, Sguiew), WSy, Ussriww), (WEew, 9I0), (W58Y, 3119),
(38N, P39, (W3ew, AN, (WSey, &), (P38, 811), (asey, d15q),
(w383, ¥R), esey, atuud), (e, wd u) (9301, §), (W3e,
gug), @, dail), @, dwa), @, fe), @, W), @, fiquew), @, we), @,
Jeataduea), @, 6T), @, Fvwd), @, Ussanww), (TJ, an), @, ), @,
wa), @, &), @, aw), @, wdev), @, Tan), @, ne9), @, dah), @,
wsith), @, fn), @ 3w, @, we), @, §159), @, 17), @, p¥weud), @,
Wi, @, @), @ 2ey), @, wl), @ w@ue), Inad, w@ue), (e,
i), (wast, 3u), (nas, danwi), Anas, Tan), nas, 13eq), Anad,
toawaduea), Iwad, nd), Awad, uw), Anad, o1, Iwad, fn), (nas,
Tu), A, figuiew), Awad, 19e), Awad, Usswivw), Awad, 230), Awad,
S, Anas, wa), Inadt, wsivh), Anad, @n), (wa, 1), (Iwa, 81u),
(e, dsa), Awad, ¥iR), Inad, auend), Qwad, wi), Inas, &),
(was, vey), Awad, wld), @3a, M), @30, 190), @In, T1ww), @,
na), (¥3n, FvuR), @A, Jvawaduea), @In, GN), @Ia, #n), @3, Tu),
@in, fiquiey), @la, Ussna), @3, 13e9), @i, Tan), @ia, wi),
@30, dUan), @30, wsith), @3e, @n), @3e, 1), @30, 811), (@39, Fu),
@i, uwa), @in, d139), @30, 11R), @n, auwnd), @ie, wi), @i,

Qug), @39, W), @In, @), (71, 1), (F7, fAn), 1, lu), G,
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a

fqu1eu), (5, 10aLaduea), (f, GT), (73, TURA), (73, Usswww), (i,

q

Fw), 6, na), 61, 1309, (1, Tan), ¢, nd), G, &), ¢,
wilth), 6, #n), @, &), Gh, 810), (5, Fw), 61, wes), G, d15a),
@, 11R), 6, adwand), ¢, W), 6, vez), ¢h, 1), ¢, aue),
@, 1), @, uaw), @, Tu), @, nszasu), @, i), @,
figwiew), (614, 199), (@Y, IwaLaduea), @1, GT), @, FwR), @,
Usznww), Gy, wa), @1, wiew), @, Tan), G, wdy), @,
FUnah), Gu, wilth), G, #in), @, 8, @, Fu), G, wea), @,
da), G, d), @, aduend), @, wi), @, wee), @,
Wl), (@, waue), (@, Tquiew), @a, Tu), @, 110), (@a, 10aladuen),
@, GN, @n, Tvvd), @n, Uszvrvw), Gn, 3w), Gin, wa), (@e,
ww3ea), @, Tan), @a, nd), Ga, &), Ga, wit), Ga, #n), Go,
27), @n, W), @n, uws), Ga, d159), Ga, 11F), Ga, adwsud), Ga,
W), Re, v02), Ga, 1Y), G, @), @weud, wn), @usud,
wlsud), (@dwend, wawdusa), @ uwud, Tan), @Iuwsud, o),
@huwnd, dund), @huead, Tu), @dueed, Tquiew), @dued,
o), @huwand, Useaow), @dwand, ), @huwud, wa),
@, 1309, @ ud, v, @ ued, da), @,
wsith), @und, An), @3uend, s, @ usd, 3w, @3,
wg), (3w, d159), @fuend, 8), @Fuead, wi), @,
8%), (A3wnd, 11l), (e uend, wue), onn, wisud), @i, Tuld),
@4, 10ataduea), Mge, lan), mdls, Ju), wds, dUaW), Mg, ),
(M9, 438), (Y4, GT), (MY, T¥wA), M, ), mds, Tquiew), (M,
Usenww), M, S1uam), @i, wa), M, Ledes), mids, wsith), (e,
fn), i, 8w), mids, dnse), M, 1R, M, W), mds, ),

e, wlad), (AEs, Laue), (W, Awe), (i, Uszenaw), (waidn, Tan),

(wsdtin, 199), (a1, Tu), adth, Agunew), waidn, Jeawadusa), (Wi,

(]

GT), (B3N, F¥HH), (a1, T1UI), (MU, Na), (W, LATDY), (WU,

Fak), (it #An), (e, 81w), (i, Fw), (widn, uee), @il

o &

#@159), (walth, @A), (aiadn, wdw), i, ulad), (widn, weue), ey,

v

W), Ry, aw), @, wwa), Ry, Undueinim), @u, dUas), Gy, Tan), R,

)}

a o a

), Ry, 199), @Y, 81), A, teaadusa), (Fy, GT), [y, T¥R),

= a = =

@w, Tu), Gu, gurew), @y, Ussvrvw), @, wa), @Ay, 1w5049), (, An),
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a

@, d159), @u, ¥1f), Gy, W), Gy, ve), Gu, 1Y), Gu, 1aue),
EUanoh, daa), EUaoi, 1Wuun), @andi, Tan), @Uan9, wnl), @an,
), @Ua9A, 190), (A9, 10ataduea), @Uaw, GT), @UA9A, Tuunf),
@FUai, Tu), @Uam, Sguiew), @Uandd, Usswiww), @Uansd, 31usu),
@Un%, na), @UadA, 1ede), @UadA, An), @UaY, e1w), @Ua,
81159), @FUav, 1d), @AW, i), @Uav, ve), @Uansi, Laue),
(wa, W), (Wa, ), (wa, 10aaduea), (wa, G, (a, Tu), (wa,

ﬁquwu), (W8, 198), (Wa, Useaay), (Wa, LA389), (Wa, 1an), (wa, @n),
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(W@, 811), (Wa, U, (Wa, d1159), (Wa, IR, (W8, Lu“ij"'u), (Wa, VL), (N8,
), (wa, taue), (W8, Tu), (e, dquiew), (39, lan), (1e,
19818UDA), (199, GT), (198, TBR), (198, UTEATw), (1989, 31U, (198,
\W309), (98, AN), (198, 811), (99, UwY), (198, F159), (98, MR), (98,
w), (9o, 82), (98, 11li), (198, W@We), (GT, $1WI), (GT, 139, (GT,
tealaduea), (GT, Twud), 6T, Tu), (6T, fquiew), GT, Ussww), 6T,
Tan), (GT, #n), (GT, 81), (GT, uwa), (GT, d1159), (GT, ¥IR), (GT, wih), (6T,
Qug), (GT, 11l), (GT, 1), (Fvend, 2eataduea), (Guand, Tu), @vana,
fiquien), G, Usena), @wend, S1uw), @wnd, edes), @vend,
Tan), @@, #n), @wd, 81u), [Gd, wes), Gund, §u59), (v,
WR), @R, i), @vnd, vey), @R, wll), @wend, eEue),
@y, 1A39), (f1UIw, NIzaay), (1w, Jeamduea), @iy, Tu),
@y, dquiey), @wa, sz, @iy, lan), @wa, fn),
@wau, 81), @y, ), @1, d§159), @iy, R, @ wa,
W), ($ruay, ), Gruay, 11ll), Gy, w@ue), @R, Waw), @R,
W), @F, fn), @R, 81), @R, Tan), @A, teaaduea), @R, lu),

a a

(@R, fgunew), @A, Ussnsw), @A, wies), (@R, ued), A, d15a),
@R, ve), @R, anld), (1R, w@ue), (udy, teaimdue), Gud, Wakh),
(udfy, @), (udu, Tan), udy, Tu), Gud, aunew), (it Ussrnmw),
(Lu‘i'fu, Lﬂ%‘laﬂ), (Luﬁé'fu, 811), (Luﬁé'fu, L), (LuséY'u, f59), (LuséY'u, VYY),
Gudu, W), audu, @we), Wndueania, ew), eaaduea, lan),
(eaiaduea, u), (eawduea, fquisw), (eawduea, Ussavw),
(Yeawadua, \A309), 10atadues, An), Healadusa, 81w), (1ealaduea,
uwe), (Fealaduea, d@1159), (oalduea, Y), (Iealaduea, ),
(oataduen, w@ue), lan, 91w), (an, Jou), (an, ww), (an, Tv), dan,
fiquew), (an, Ussvww), (an, wedes), dan, @n), dan, dus), dan,

= a

qug), (an, 11l4), dan, w@we), @n, Wath), @n, Tu), @n, Squiew), @,

4
= o & =

Uszanaw), (Fn, 1A509), (Fn, 811), (Fn, wea), @n, d15q), @n, ves), (#n,

a

wly), @n, waue), 1Aes, lu), (ATeq, dquiew), (AT0Y, Useavuw),

(P399, 911), (1A309, UY), (P304, A159), (1A509, VL), (P304, UlL),

0A3RY, tawe), @gwiew, Tu), Eguiew, Ussnww), @Quiey, 81u),

3

a a o

@gu1ey, Wey), @guiey, d

q Ll

139), @uiey, vey), @quiey, uil),
@ung, Laue), (Aws, AUA), (@D, 814), (AU, Tu), (1aue, Useanvw),
(@D, wed), (EUa, A159), (Eaue, V8y), (aue, unll), (Usyevy, ves),
Wszrwy, Tu), Wssavy, 914), Uy, wed), Ussrwy, d159),
Wszanvy, 1), asud, Towww), (e, d159), @5, 81u), @5,
w), @39, T), @nsa, vwe), @159, uil), (@, au), (B, W),
@, Tu), (@1, vu2), (@, 1), G, Tu), Wes, vee), (a9, uli),

way, Tv), Qu, vee), du, i), @, vee)

Overlapped edges

(Y, Towd), (szy, ne), @, Ine), (sey, nad), @, 81u), (524, 61W),

(52, wa), @, 81u), (Ing, nad), (ne, 81u), @an, d1), (g, we)
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Added nodes

vy, sy, ey, @n, Ul wid, eenemuiiu, we, B, Seu,
wisud, dewa, wds, dnduenne, wes, Wuan, 81y, dhav, af, aun,
Tu, vz, 6T, %0, fin, adwond, &, waw, Tan, dady, s, wiey,
Uanh, ww, iy, wan, S5Una, 10a1aduea, nszasy, 199, U1l 119U,
Bos, @, dansi, Teiwy, wiu, w3e, wa, 1A, fquey, y, e,

NOUAATY, FU, I, AN, LEUD

Overlapped nodes

a1y, Useuvy, 81y, we, TR, e, Inad, aas, @an, @edis, U,

waslyl, AY, SEY, T

Table 2: Added and overlapped nodes/edges



4. Evaluation

To assess the experiment result, the performance will be evaluated based on
precision, recall, and fl-score. Precision measures the number of relevant samples
out of the total number of relevant predictions. However, a recall is a fraction of
correctly relevant predictions and the total number of actual relevant samples. F-
score is the harmonic mean between precision and recall. Therefore, these indicators
are used for the performance evaluation between our framework and baseline
approaches. Searching for any information, we typically input a query that we would
like to find. Thus, a query term is required as a reference input before retrieving the

information.

In our framework, we initially take a query term to find the edges in the
simplified graph. Within 2-hop neighborhoods connected to the vertex are
considered as a set of possible edges. Furthermore, we extend a pruning process to
aid in keeping only relevant 2-hop vertices by utilizing the top 5 vertices of DC and
CF. Then, the final set of edges is used to find word co-occurrence in the sample

tweets.

The first baseline approach, Word Mover’s Distance (WMD), is a novel
approach that measures the distance that the embedded words of one document
require to travel to the embedded words of another document [44]. The embedded
query term measures a similarity among the embedded tweet messages. The WMD
similarity is implemented using Gensim Python library [45] which provides a useful
library to compute the similarity between documents. Tweets that have a similarity

score greater than a given threshold will be considered the retrieved tweets.

The second baseline approach called Soft Cosine Measure (SCM) is a state-of-

the-art approach to the semantic text similarity task. SCM assesses a similarity
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between words using word2vec embeddings [46]. Also, the SCM similarity utilizes the
Gensim library to compute a score regarding the query term. Only similarity scores

greater than a given threshold will be considered in the retrieved tweets.

Latent Dirichlet Allocation, also known as LDA, is a generative probabilistic
model of a text corpus that has been widely studied in diverse areas of natural
language processing [47]. LDA is one of the most renowned techniques in topic
modeling which facilitates semantic mining and topic discovery among documents.
Using cosine similarity to compare a query term and model topics derives a similarity
score. Also, a given threshold is defined as a relevant tweet if a similarity score is

higher.

To discover tweets related to a query term, different approaches use diverse
retrieval methods. After a collection of tweets have retrieved, human-annotated
judgment is essential in this study to examine the relevant tweets. Three annotators
considered each retrieved tweet message, and their opinions are operated using a

majority vote to finalize the result.



5. Experimental results

5.1 Performance experiment

To assess the performance in the retrieval of relevant documents, we
downloaded tweets messages from two popular Thai news agency accounts in June-
July 2022. A 14-day window size was used for tracing the propagation of news topics.
In the experiment, we evaluated the performance measured by precision, recall, and
F-score from 10 news trending topics. A set of parameter configurations in the

experiment were given in Table 3.

Parameters Configurations

Selected top N vertices 30
(Simplified graph)

Selected to N vertices 5

(Pruned neighborhoods)

Number of topics used in topic models 10

Similarity threshold 0.85

Table 3: Experimental configurations

The performance from 10 selected topics in the experiment showed that our
framework significantly outperformed baseline approaches on all metrics as shown in
Error! Reference source not found.. To compare among baseline approaches, SCM
was a leading of the average recall, and WMD slightly performed better in terms of
the average precision. LDA method showed the most F-score on average. However,
the average F-score of our framework gained 29.78% compared to the LDA model.

Also, the average precision and recall were increased by 31% and 19% respectively.
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With the benefits of graph evolution, our framework could widely retrieve
tweet messages where the situations had evolved to the others that related to a
similar topic. On the other hand, using a similarity score of the word vector
embedded approaches might not find relevant tweets when the situations have
changed. Furthermore, simplifying and pruning processes assisted to preserve

important information and increased the recall score.

Topic
oL Metrics WMD SCM LDA fran?é’vzork

Precision 0.48919 0.54304 0.5279 0.99536

1 Recall 05 0.83535 0.60341 0.75423
F-score 0.49453 0.52698 0.53294 0.83475

Precision 0.50041 0.51564 0.54819 0.90242

2 Recall 0.50073 0.66892 0.59732 0.93514
F-score 0.49916 0.30753 0.56206 0.91811

Precision 0.49358 0.50201 0.5065 0.51432

3 Recall 05 0.51656 0.5482 0.61082
F-score 0.49677 0.11922 0.49191 0.50285

Precision 0.55218 0.51466 0.51975 0.63529

4 Recall 0.51989 0.66396 0.60612 0.77829
F-score 0.52776 0.48295 0.52036 0.68022

Precision 0.49367 0.50339 0.50026 0.84116

5 Recall 05 0.54896 0.50136 0.60653
F-score 0.49681 0.44813 0.49037 0.66082

Precision 0.65879 0.5301 0.5179 0.61858

6 Recall 0.50757 0.57057 0.52888 0.62419
F-score 0.49477 0.28426 0.51732 0.62129

Precision 0.54378 0.52918 0.5142 0.66545

7 Recall 0.57539 0.56432 0.52867 0.91237
F-score 0.55189 0.16913 0.51289 0.71907

Precision 0.48991 0.51024 0.54985 0.73692

8 Recall 0.49943 0.5945 0.72727 0.82098
F-score 0.49463 0.22009 0.56533 0.77223
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Topic

oL Metrics WMD SCM LDA fran?:vzork

Precision 0.53286 0.53376 0.51591 0.83205

9 Recall 0.54226 0.5444 0.51944 0.83515

F-score 0.53577 0.19889 0.51679 0.83359

Precision 0.50103 0.51986 0.5096 0.88013

10 Recall 0.50508 0.78947 0.53558 0.89423

F-score 0.48941 0.43507 0.50783 0.88705

Table 4: Overall performance comparison

5.2 Our improvement over the ordinary approaches

Retrieving relevant tweet messages using word-embedded similarity
approaches could show poor performance when the query term did not exist in the
tweet message or finding related tweets if the situations have developed. With the
use of centrality measurement and graph evolutionary properties, our framework
performed an outstanding retrieval performance that could not be found in the
related tweets using similarity score. Also, a big improvement is when the situation
expanded to further topics, our framework could capture the related situation

change.

The examples in the experiment illustrate how our framework improved the
retrieval of relevant tweets over the others. The following sections are some of the
examples we did in the experiment where similarity-based methods cannot find the
related tweets, but our framework does. The first given query example is “Tuy15”
who was the talk of the town at that time because he became the Bangkok governor
in 2022. When we observe these tweets (1), (2), and (3), there were related to the

given query and the query term did not exist in any tweet messages.

(1) “@152951AFUANUAANFANUNNTY.  NUAUNBNUSUTIATUABIEDT VU LIAIvUNTU

Tondunuung Meisiulamlsmeos 100 vn unulineldineitesnseunsy”
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(2)  “AamumdtniviuGewdssrsumeluguyutouln  auunsesn 4 waunuiy

wamnawedesInsy  @emendy 56 waseuleu Wimihdidumdassdehadaldliignaiy

] I ° - EPN = »
LLG]LIJUIUE]EH\?EJ']ﬂaWUWﬂ Luaﬂﬁﬂﬂ%LﬂﬂLWﬁLﬂu‘U@ULLﬂU

(3) “nyuvmilnadieaunilonsawdvInssey  FRITesIWIU  Nssnunlnvsluisewihnuene

dnanu vaun.azsemuiulymsavinssegdnuiunalug”

Secondly, the pandemic of COVID-19 has spread throughout the world and
thousands of people were infected exponentially. Therefore, we selected the word
“vaccine” which was the most conversational topic afterward. (4) and (5) are some
examples that are considered relevant tweets, but the similarity-based approaches
didn’t.

@) “aum TWTeilviwes Marooncap n31 3 dlea dwsudalianety 6 eu 5 U

FeegenineseTuneu suuien en1ssUaladnl9 lulsaSeu mdvas.nnulguasgrelngdn”

(5) “fi Fvwd weaaun1salladnl9 Tunny. Seldunduin dwlnglufUaeennisddes

wugthedunsuazimfsaiiesiosay 3 Wiy veusznvudaininesing anaundss Jesiudienin”

Another popular topic that has been mentioned is the prime minister of Thailand.
We then set his first name, the word “Uizq‘wé”, as a query term and ran the
experiment compared between word-embedded similarity approaches. As shown in
(6), (7), (8), (9), and (10), not any tweets contained the first name of the prime
minister. However, we can notice that all examples below shared the same word
which was his alias name. Our framework could also retrieve related tweets, even

though they were not exactly matched to the given query.
(6) “UndBuvanenivu Mwilvediviu Ausuluiousnyniw”

(7) “dhefugensjy 30 alus dnwendngauiden ielnedunieuudd esdnan 11 sum
aAunglilingda”

&

(8) “dnmthl FywAtndae 4 n3ia Jeavi nnuaiewionunse”
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(9) “Ungl Wy ATHLAZ AUAYATUNE 5 AUa 800 UN”

(10) “Unfeu Bun3u Vehedulimediioud JuBuuinmg W wen deujifausen

qunaluises 3 U 3 wWe auing eniletu UjiRes”

Therefore, using centrality measurement and graph evolutionary properties took a big
advantage over similarity-based methods. Because there were a variety of words that
shared the similar meaning which might not be found by computing similarity score.
As we mentioned earlier, not only exactly matched tweets, but related tweets and

time-evolved situations will also be retrieved.

As shown in Table 5, we would like to show the comparison of actual
positive prediction which significantly outperformed any of the ordinary approaches.
The f-score on average showed that our framework could find more relevant tweets
compared to the others. Relatively, the precision was gained by 81% over LDA
method on average. SCM was the leading average recall score that could retrieve the
actual related tweets. However, the performance of SCM was not good because it
was a lack of precision. The average precision of SCM was the poorest compared to
the others. There was the topic no. 3 that showed a very low precision on both
baseline approaches and our framework. This is because the total number of true
positive classes on the experimental sampled data was relatively small. When
considering the tradeoff between precision and recall to better retrieve more
relevant tweets is very crucial, using our framework could achieve 88% average f-
score, 53.6% average precision, and 58.7% average recall. The average recall of our
framework was also increased by 85.86% and 52.13% over WMD and LDA approaches

respectively.



Topic

No. Metrics WMD SCM LDA fran?:v:ork
Precision 0.05 0.07 0.04 1
1 Recall 0.05 0.69 0.1 0.51
F-score 0.05 0.13 0.05 0.67
Precision 0.02 0.04 0.11 0.81
2 Recall 0.04 0.96 0.35 0.88
F-score 0.03 0.07 0.16 0.84
Precision 0 0.02 0.04 0.04
3 Recall 0 1 0.21 0.33
F-score 0 0.03 0.06 0.07
Precision 0.1 0.04 0.04 0.28
4 Recall 0.04 051 0.38 0.58
F-score 0.06 0.07 0.08 0.37
Precision 0 0.02 0.05 0.69
> Recall 0 0.38 0.26 0.21
F-score 0 0.04 0.08 0.33
Precision 0.12 0.12 0.22 0.3
6 Recall 0.08 0.87 0.22 0.31
F-score 0.1 0.21 0.22 0.3
Precision 0.13 0.06 0.16 0.34
7 Recall 0.26 1 0.21 0.92
F-score 0.17 0.11 0.18 0.49
Precision 0.06 0.02 0.05 0.48
8 Recall 0.09 0.87 0.33 0.65
F-score 0.07 0.04 0.09 0.55
Precision 0.15 0.1 0.21 0.42
9 Recall 0.18 0.96 0.33 0.69
F-score 0.16 0.17 0.25 0.52
Precision 0.02 0.04 0.08 1
10 Recall 0.09 0.91 0.42 0.79
F-score 0.03 0.09 0.13 0.88

Table 5: Predicted positive class performance




6. Conclusion

In this study, we explored the benefits of an evolutionary in graph-based
representation for obtaining relevant tweet messages. With the use of a
simplification-based technique in graph-based summarization, our framework
maintains important information in the network based on centrality measurement
and clustering coefficient. Meanwhile, the diffusion of relations is significant to find
more relevant information using graph evolution. In the experiment, the proposed
framework showed an outstanding performance against word-embedded similarity
methods. When the events have developed to the others, using word-embedded
vector approaches can only find related tweets on the current situation, but the
expanded situations corresponding to the same topic might not be extensively
retrieved. In our approach, not only the current situations will be considered as
related tweets, but more relevant tweet messages with time-evolved situations will

also be retrieved which significantly improved the recall.
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