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Spotlight Contents Extraction from Text-Based Online Discussion
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SUMMARY  To understand the development of online discussions and
engage effectively, it is a vital issue for both individual participant and
facilitator to grasp the contents that the discussion group is focusing, i.e.,
spotlight contents. However, it becomes extremely challenging to catch
up with the spotlight contents in the text-based consensus decision-making
online forums (TCDOF) with the increasing of participants and post gen-
eration. In this paper, we endeavor to address this challenge through the
introduction of a novel framework that leverages topics derived from post
contents and inter-post structure to extract spotlight contents from TCDOF.
In addition, the extracted spotlight contents are presented in the form of
succinct natural language sentences, enhancing accessibility and compre-
hension. Furthermore, we devise a time-based spotlight contents extraction
(TSCE) algorithm to extract spotlight content from a temporal perspective.
The effectiveness of the proposed approach is demonstrated with real-world
online discussion experiments.

key words: consensus, decision-making support, spotlight contents extrac-
tion, discussion facilitation support

1. Introduction

Text-based consensus decision-making online forums
(TCDOF) have attracted much research interest recently as
a promising approach to foster group consensus [1]. These
platforms offer participants a low barrier to entry, facili-
tating seamless engagement in discussions and providing
efficient access to diverse viewpoints. A critical challenge
in TCDOF pertains to staying abreast of contents that the
discussing group is focusing on with the discussion devel-
opment. Without an awareness of timely spotlight contents
of the discussion, participants may encounter obstacles in
contributing to discussions, while facilitators may struggle
to intervene effectively to promote discussion development.
However, due to the asynchronous nature of TCDOF, it is
crucial for human to extract spotlight contents, and this task
exacerbates when the number of participants increases [2].
To support understanding spotlight contents in online dis-
cussions, numerous studies have explored the development
of supportive functions, including keywords or hashtags [3],
[4]. In spite of these functions, apprehending spotlight con-
tents solely through isolated words poses challenges in the
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absence of contextual framing. Furthermore, grasping the
dynamic evolution of spotlight contents in tandem with dis-
cussion progression presents additional complexities.

In pursuit of this objective, we present a content, struc-
ture and context based framework (CSC-framework) tai-
lored to the extraction of spotlight contents from TCDOF.
Acknowledging the potential variance in spotlight contents
across diverse perspectives, CSC-framework initiates with
discussion sampling as its foundational step. Subsequently,
upon determining the specific perspective, CSC-framework
proceeds to extract spotlight topics by integrating both dis-
cussion contents and structure into its analytical architecture.
After deriving the extracted topics, we employ generative
models to facilitate the generation of spotlight contents by
incorporating the context of the ongoing discussion. Further-
more, we devise a time-based spotlight contents extraction
(TSCE) algorithm to extract spotlight content from a tempo-
ral perspective. In summary, this paper makes the following
noteworthy contributions to the field.

* We propose a general CSC-framework to extract spot-
light contents from TCDOF.

* We develop a TSCE Algorithm that extracts spotlight
contents from time-span perspective.

* We conduct real-world online discussion experiments
to evaluate the effectiveness of our proposed algorithm.

The rest of this paper is organized as follows. Section 2
introduces the related work of this research. Section 3 pro-
vides a detailed explanation of the proposed system. Exper-
iments and experimental results are demonstrated in Sect. 4
and discussed in Sect. 5. Section 6 concludes this paper.

2. Related Work
2.1 Support in Online Consensus Decision-Making

Online consensus decision-making support has attracted
much research interest because the difficulties for human
facilitators to handle with the increasing of posts. Many
researchers focus on supporting from the contents perspec-
tive. Shiramatsu et al. developed an agent that supports the
web-based discussion by providing relevant information [5].
Ishizuka et al. noticed that participants in a discussion may
fall into the spiral of silence if most of them generate sim-
ilar opinions [6]. They tried to mitigate this situation by
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developing an agent that reinforces minority opinions to en-
courage the sublation and improve the consensus level in the
discussion. Meanwhile, another group of researchers paid
more attention to the structural perspective of supporting
online consensus decision-making. Klein built the TCDOF
system called Deliberatorium where posts are directly gen-
erated as a tree-structure deliberation map instead of free
text[7]. Sengoku et al. proposed the discussion tree to uti-
lize tree structure to represent free text based posts [8]. Gu
et al. utilized the post reply relation to identify influential
participants [9].

From this line of research we understand that both con-
tent feature and structure feature are important to consider
in supporting online discussions development. Furthermore,
the dynamics of online discussion development is also es-
sential to be considered.

2.2 Spotlight Contents Extraction from Online Discussion

Contents extraction is an vital technique that can be uti-
lized in various applications. Keywords extraction is one
famous task that aims to pick up keywords that represent
the topic of a document[10]. Latent Dirichlet Allocation
(LDA), which considers the contents of multiple documents
and assumes that each document is a mixture of topics and
that each word in the document is attributable to one of
those topics, has been widely utilized in text mining [11].
Extractive approaches are faster while the results can be far
different from human expected [12]. Abstractive approaches
are considered to be more functional if get equipped with
rich representations, which can be resolved by using large
language models [13].

To this end, we believe extractive approaches can be
utilized in extracting topics and large language model (LLM)
can be utilized to support the rich representations. And the
combination of these techniques can be utilized to develop
novel spotlight contents from online discussions.

3. Content, Structure and Context Based Spotlight
Contents Extraction Framework

The proposed content, structure and context based spotlight

contents extraction framework (i.e., CSC-framework) is in-
troduced in this section. A time-based spotlight contents
extraction algorithm (TSCE) is formally defined according
to the CSC-framework.

3.1 CSC-Framework

As depicted in Fig. 1, CSC-framework comprises six main
components. The process of extracting spotlight contents
from online forum discussion is delineated through a se-
quence of five procedures. The initial step entails the identi-
fication of pertinent feature for discussion sampling. Given
the multifaceted nature of spotlight contents, attributes such
as temporal aspects, thematic relevance, and user character-
istics warrant consideration. Following the delineation of
the discussion sample, features germane to spotlight con-
tent are extracted through a dual perspective. Firstly, from
a content-centric stance, the objective lies in distilling piv-
otal topics, thereby encapsulating the essence of discourse
within the discussion sample. Concurrently, an examina-
tion from a structural standpoint seeks to pinpoint seminal
posts, thereby elucidating the interrelation among discourse
elements. Subsequent to the extraction of salient topics and
posts, the determination of spotlight topics ensues. Finally,
the formulation of spotlight contents, rendered in natural lan-
guage, ensues by integrating the identified spotlight topics
within the broader context of the sampled discussion.

3.2 Time-Based Spotlight Contents Extraction

In elucidating the operational intricacies of each constituent
within the proposed framework, we rigorously define the
nuanced attributes of every component, specifically focusing
on time-based spotlight content extraction. In alignment
with this, we introduce the TSCE algorithm meticulously
designed to facilitate the extraction of time-based spotlight
content.

3.2.1 Online Forum

In the CSC-framework, a discussion in the online forum is
defined as a rooted tree graph G = (V, E) where V is a set
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of vertices and E C {(v,v”) € V> | v # v} is a set of edges.
Each v € V of G represents a post that is generated by a
participant. Each e € E of G represents the existence of the
reply relation between two posts. A discussion is defined as a
rooted tree graph G because we assume that each discussion
starts with a topic and develops with the increasing directed
replies between users. v* € V represents a discussion topic,
which is the root node of G. Each post v is defined as a
tuple v = (¢, t), where ¢ denotes the contents of the post and
t denotes the time when the post is generated.

3.2.2 Time-Based Sampling Determination

Since spotlight contents in the discussion dynamically
change with discussion development, time span is one
the typical perspective to sample the discussion in detect-
ing spotlight contents. A time span is defined as a set
T = {t|t,, <t < t,}, where t,,, denotes the beginning of the
time span and #,, denotes the ending of the time span. While
the longest time span in a discussion is 7 = {t|tp, <t < t.},
where #;, denotes the beginning of the discussion and ¢, de-
notes the ending of the discussion. The set Vp(Vpr C V)
represents the posts that are generated during 7. Each set
becomes one time-based sampling of the discussion.

3.2.3 Content-Based Topic Detection

After determining the target sampling of the discussion, two
procedures become necessary. The first one is to distill the
pivotal topics generated in the discussion. In the proposed
algorithm, Latent Dirichlet Allocation (LDA) [11] is utilized
to detect the relevant topics of the discussion. LDA is a
statistical model used for topic modeling which considers
the contents of multiple documents and assumes that each
document is a mixture of topics and that each word in the doc-
ument is attributable to one of those topics. Specifically, a
discussion sample V7 is considered as a corpus and each post
v(v € V) is regarded as a document in the CSC-framework.
By conducting LDA algorithm, word distribution 8 for each
topic and topic distribution ¢ for each document are gener-
ated.

3.2.4 Structure-Based Post Selection

The second procedure of handling discussion sample is to
pinpoint seminal posts based on the structure of discussion
development. Since Vr is a subset of V, the graph G which
consists of the nodes in V7 can be considered as a subgraph
of G. The number of children N, of each node v(v € V) can
be counted. The post (i.e., node) which has a higher number
of children means that those contents related to this post are
discussed more.

3.2.5 Spotlight Topics Determination

In the proposed TSCE algorithm, the time-span of distilling
pivotal topics is set to be Ty = {T;|tp, < T; < t,}, which
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Algorithm 1 TSCE Algorithm

Input: G, 1p, ty, th, K, P
Output: S
1: for each postvin G do
2 if v is generated during (1, t,;) then
3 add v to set V7,
4 end if
5: if v is generated during (¢,,,, t,,) then
6
7
8

add v to set Vr
calculate v’s children number N,
end if

9: end for
10: 0, ¢ = LDA(VT,)
11: Vi =Top K nodes with highest number of N,
12: C = Vi ’s topics based on 6, ¢
13: S=LLM(P, C, Vr;)
14: return S

is from the beginning of the discussion to a particular end
point. This aims to include all the important topics that
have been discussed from the beginning of the discussion.
While the time-span of pinpointing seminal posts is set to be
T, = {Ts|tyy < Ts < t,}, which aims to target the recently
generated posts. Furthermore, a constant K is set to only
target the K nodes that have highest number of children N,
in the structure. The corresponding topics C in these K

nodes are determined as the spotlight topics.
3.2.6 Context-Based Spotlight Contents Generation

In pursuit of generating context-based spotlight contents in
natural language, TSCE adopts large language model in ac-
cordance with sampled discussion V, and extracted spotlight
topics C. The prompt # devised for undertaking this task
needs to be formulated according to the feature of utilized
large language model. And the output of context and topic
based spotlight contents is denoted as S.

3.2.7 TSCE Algorithm

Algorithm 1 encapsulates the procedural framework de-
signed for generating spotlight contents (i.e., output S) based
on six inputs that are G, tp,t,, 1, K and . G is an online
forum discussion. #;, and #,, represent the beginning time and
ending time of distilling pivotal topics, respectively. 1, is
the beginning of pinpointing seminal posts. K is the constant
number that is used in selecting top K nodes with highest
number of children. % is the prompt that is used in generating
spotlight contents with a large language model. Specifically,
line 2 through 4 delineate the selection of content-based
nodes. Subsequently, line 5 through line 8 detail the process
of structure-based posts detection alongside the calculation
of each node’s children count. Line 10 denotes the initia-
tion of topic generation and distribution, employing the LDA
model. Line 11 denotes the posts selection process contin-
gent upon their children count. Following this, in line 12,
the determination of spotlight topics ensues, drawing from
the selected posts and their associated topics. Finally, line
13 orchestrates the generation of spotlight contents tailored
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to the context of variable V7, and prompt P, utilizing a large
language model.

4. Experimentation

In this section, we explain the experiment settings and exper-
imental results of evaluating the proposed approach. Real-
world experiments are conducted to answer the research
questions that we propose. In general, an online forum
platform is developed and utilized for holding online dis-
cussions. Spotlight contents are generated based on the pro-
posed framework and the generated contents are evaluated
by participants’ questionnaires.

4.1 Text-Based Consensus Decision-Making Online Fo-
rum

To conduct real-world experiments, we built a text-based
consensus decision-making online forum platform based on
the open source system Discourse Meta'. Discourse Meta is
a flexible, customisable online discussion software, which is
suitable for holding online discussions. The detailed server
settings are shown in Table 1.

4.2 Experiment Settings
4.2.1 Real-World Discussions

Six real-world online discussions were held by utilizing the
online forum introduced in Sect.4.1 Graduate school stu-
dents in the Japan Advanced Institute of Science and Tech-
nology (JAIST) were recruited to be the participants in the
discussions. For each discussion, we asked five participants
to discuss the topic for 30 minutes in Japanese. Each discus-
sion topic was selected from the Sustainable Development
Goals (SDGs)'". The specific topics are translated as fol-
lows. And the experiments were approved by the JAIST Life
Science Committee (H 05-061).

* Experiment 1. How can we eliminate poverty?
ERZ %L FTI2EE ) TN TT )

» Experiment 2. How can we reduce hunger to zero?
@ EZ L OI2T 5123 ) TIUTRWTTHY)

* Experiment 3. How can we achieve gender equality?
(V= PELZEBTLIEE) TRIERVWT
T A

Table 1  Online forum system settings
(0N Ubuntul8.0
Platform Discourse meta
SSD 100G
CPU 2 Core
Memory 1 GB
Site https://disme.hopto.org
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* Experiment 4. How can we deliver high quality educa-
tion to everyone?
BEOBVEE % AARIR A E) v n
T2

* Experiment 5. How can we eliminate inequalities be-
tween people and countries?
AREOANFEZ LTI E) THIEVWWTT
77)

* Experiment 6. What concrete measures are there to
tackle climate change?

GUEEINZ BRI FII RIS ) T30
4.2.2  Settings in Topic Detection

To conduct topic detection in the online discussion data,
morphological analysis is necessary. In the experiments,
MeCab'™" was selected to conduct morphological analysis
to the collected Japanese discussion data[14]. Specifically,
“mecab-ipadic-NEologd” """ was utilized as the dictionary
to handle the words such as new words, slang and internet
slang [15]. In addition, gensim library was utilized to con-
duct LDA algorithm to the topic detection [16]. As a unsu-
pervised learning algorithm, parameters like topic number,
passes list, chunksize list, alpha list, update every list and
random state in LDA need to be adapted according to the
sampled discussion data. The specific settings of these pa-
rameters are denoted in Table 2. For each topic extraction,
the LDA algorithm was conducted with these parameters.
The coherence score for each parameter combination was
calculated. We selected the parameter set with the best
coherence score and their related topics for use in the exper-
iment.

To test the topic detection with dynamic discussion de-
velopment, topic detection is conducted every 10 minutes in
the 30 minutes discussion. The corresponding time spans
for content-based topic detection are (0, 10] minutes, (10, 20]
minutes and (20,30] minutes, respectively. While the cor-
responding time spans for structure-based post detection are
(0,10] minutes, (0,20] minutes and (0,30] minutes, respec-
tively. In addition, three (K = 3) nodes are selected in the
spotlight topics determination.

4.2.3 Prompt in Contents Generation

To generate spotlight contents in natural language, the large
language model GPT-4 [17] is utilized based on the extracted

Table2  Parameter settings of LDA
Topic Number [3,5,7]
Passes List [5, 10, 15, 20]
Chunksize List [5, 10, 15, 20]
Alpha List [auto, symmetric]
Update Every List [2,1,0]
Random State 100

Thttps ://meta.discourse.org/
TThttps://sdgs.un.org/goals

THmecab-pythonl version 1.08
7 mecab-ipadic-neologd, version 2020-08-20
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Table 3  Statistics of online discussion results
Experiment 1 2 3 4 5 6
Participant Number 4 5 5 5 5 5
Total Posts 27 49 58 28 29 33
New Posts 9 15 21 12 10 11
Reply Posts 18 34 | 37 16 19 22
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Fig.2  Questionnaire results of spotlight contents selection

topics, which are represented as a set of words. The designed
prompt of generating spotlight contents is elaborated as fol-
lows.

* Ignore previous contents.

* You are the assistant in the meetings.

* The contents of the meeting are used to create the LDA
model.

* LDA model outputs topics, where topics are chunks of
words.

* According to the super-sentence relationship and the
topic words, using topic words as much as possible to
output a concise one-sentence summary of the topic.

* Here is a good example, “the application of digital tech-
nology (Al development) on the issue of lack of educa-
tional resources.”

* Explanation is not required. Only output the summary
of each topic.

4.3 Experimental Results

The statistics of six online discussions are elaborated in Ta-
ble 3. In the first discussion, there were four participants
because one participant could not attend as planned.

After collecting discussion contents, spotlight contents
were generated through the proposed TSCE algorithm and
questionnaires were collected after the experiments. The
questionnaire was built based on each generated spotlight
contents as well as an additional option (i.e., “others”). Par-
ticipants were asked to selected the spotlight contents they
agree with. The results of the questionnaire is shown in
Fig.2.

We pick up one of the best results (i.e., experiment 3)
and the worst result (i.e., experiment 4) from six experiments
and elaborate the detailed results. In each experiment, three
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Table4  Optimal LDA parameters in experiment 3 and experiment 4
3-1 3-2 3-3 4-1 4-2 4-3
Topic Number 7 3 3 5 7 7
Passes List 15 15 5 15 20 5
Chunksize List 5 20 15 5 5 5
Alpha List auto sym sym auto auto sym
Update Every List 2 2 0 2 2 0
Best Coherence Score | 0.576 | 0.483 0.490 | 0.477 0.547 0.489

Table S  Users’ individual questionnaire in experiment 4
4-1 4-2 4-3
Participant 1 O others | others
Participant 2 O O O
Participant 3 O O O
Participant 4 | others | others | others
Participant 5 O O O

time spans are set and optimal parameters of LDA in each
time span are calculated by following the settings explained
in Sect.4.2.2. The results of the calculation are shown in
Table 4. Furthermore, the detailed questionnaire results of
experiment 4 is shown in Table 5, where “(” represents that
the participant selects the spotlight contents generated by the
system.

The selected posts with their related topic and generated
spotlight contents of Experiment 3-1, 3-2, 3-3, 4-1, 4-2 and
4-3 and elaborated in Tables 6, 7, 8,9, 10 and 11, respectively.
Translation is added to the original data that is written in
Japanese.

5. Discussion

Experimental results in Sect. 4.3 demonstrated that the pro-
posed framework can be utilized to extract spotlight con-
tents which is rendered as one simple sentence in natural
language. The extracted spotlight contents change accord-
ing to the dynamic discussion development. In addition, we
understand that the extracted spotlight contents are mostly
consistent with the participants’ thoughts to the spotlight
contents. This indicates that extracted information can be
helpful for participants as well as facilitators in grasping the
timely discussion contents that participants pay attention to.
At the same time, experiment 4 received more selections of
“others” than other situations. For instance, participant 1
who chose “others” and input “F'E 2 #H % A A % IZE
{ DIXHETH % 2> (Is it possible to make high-quality
education reach everyone).” as the spotlight contents in ex-
periment 4-2. In addition, participant 4 who chose “others”
and input “% v M2 X 2 HHEKEZEOEK (Reducing edu-
cation inequalities through the internet.)” as the spotlight
contents in experiment 4-3. This indicates that too abstract
spotlight contents may be less acceptable than the spotlight
contents with useful details. In addition, participant 4 chose
three “others” in a row in the experiment 4. This implies
that personal opinions may also vary in the the definition of
spotlight contents.
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Table 6  Selected posts with their related topic and generated spotlight contents in experiment 3-1
Post ID: 1213 Post ID: 1226 Post ID: 1215
Related Topic ID Topic 5 Topic 6 Topic 5
Words in Topic 5 Mk, B, S, AR HIE, 90, BRI, /S, TRV, fERY
Translation Female, Male, Think, Physiological, Oppression, Weak, Congenital, Disparity, Strong, Social
Generated Spotlight Contents B & 2 D A BRI 72 ) DR 72 & A4 T
Translation Physiological power disparity and social oppression between male and female.
Words in Topic 6 HAR, b U, A, AND, &L 5, {580, 2k, —F, 71, Ux S
Translation Japan, Toilet, Trend, Put, Feel, Trust, Company, Temporary, Workforce, Put an end to
Generated Spotlight Contents HARDY = v X —[iE &t &R
Translation Gender issues and social trends in Japan.
Table 7  Selected posts with their related topic and generated spotlight contents in experiment 3-2
Post ID: 1238 Post ID: 1239 Post ID: 1240
Related Topic ID Topic 2 Topic 2 Topic 2
Words in Topic 0 SE%E, Z2ME, GENDER, &5, B, # U\, < 2, HH, €%, &KL 3
Translation Equality, Female, GENDER, Think, Male, Difficult, Come, Realisation, Definition, Feel
Generated Spotlight Contents VX FEDEB T DML X
Translation Achieving gender equality and the difficulties involved.
Table 8  Selected posts with their related topic and generated spotlight contents in experiment 3-3
Post ID: 1253 Post ID: 1255 Post ID: 1261
Related Topic ID Topic 2 Topic 1 Topic 1
Words in Topic 2 M, S, B, < 5,20, FEE, B, i, GENDER, H.%
Translation Female, Think, Male, Come, Many, Equality, Gender, Discussion, GENDER, View
Generated Spotlight Contents BLBO¥EL Y « v X —MEO#im
Translation Discussion of equality and gender issues between male and female.
Words in Topic 1 SEAE, 200k, GENDER, Bk, 85, F28L, #EL W, th2x, B4, (L5
Translation Japan, Toilet, Trend, Put, Feel, Trust, Company, Temporary, Workforce, Put an end to
Generated Spotlight Contents VI VA —FEDEHEZTOHL X
Translation Achieving gender equality and the difficulties involved.
Table 9  Selected posts with their related topic and generated spotlight contents in experiment 4-1
Post ID: 1276 | PostID: 1277 Post ID: 1279
Related Topic ID Topic 4 Topic 0 Topic 4
Words in Topic 4 BE, =i, R 0E F A5, BRI, TE 5, B2 BEER
Translation Education, High ranking, Quality, Provision, Think, Cost, Situation, Can, Need, Tuition
Generated Spotlight Contents B O & T DB R E
Translation Provision of high quality education and the issue of its costs.
Words in Topic 0 B, R, EHE, A1, 08 S Bk, &, B R S, NE, B
Words in Topic 0 Growth, Breadth, Complexity, Direction, Different, Hobby, Definition, Think, Content, Emphasis
Generated Spotlight Contents BEDOHB L FEORETM
Generated Spotlight Contents Educational goals and direction of student development.
Table 10  Selected posts with their related topic and generated spotlight contents in experiment 4-2
Post ID: 1286 | Post ID: 1291 Post ID: 1284
Related Topic ID Topic 2 Topic 2 Topic 2
Words in Topic 2 BE,E, i, 25,525, [, & EEL A, 524 RS
Translation Education, Quality, High ranking, Receive, Think, Perspective, Undeveloped Country, Individuality, Provide, Think
Generated Spotlight Contents BEDHEL Z DT T DM
Translation Quality of education and the perspectives of its recipients.
Table 11  Selected posts with their related topic and generated spotlight contents in experiment 4-3
Post ID: 1299 | Post ID: 1304 Post ID: 1296
Related Topic ID Topic 4 Topic 4 Topic 4
Words in Topic 4 HE G, @b, 25, TE5, 85, m<, At =35, LAk
Translation Education, Quality, High ranking, Think, Can, Think, Reach, Children, Receive, Other than
Generated Spotlight Contents BEDOHE LD KORME
Translation Quality of education and the issue of its dissemination.
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6. Conclusion

In this paper, we proposed a general framework that con-
siders content feature, structure feature and context feature
to extract spotlight contents from online discussions. Based
on the proposed framework, an algorithm that emphasizes
extracting spotlight contents from time perspective is devel-
oped. The effectiveness of generating spotlight contents and
the quality of generated spotlight contents are evaluated with
real-world online discussion experiments. In the future, we
plan to improve the efficiency of the proposed approach and
explore the details of topic extraction. In addition, inves-
tigating the rationale behind determining spotlight contents
is essential to enhance the quality of the extracted spotlight
contents. Furthermore, additional practical demonstrations
with various combinations of discussion samples and user
groups should be conducted to ensure more comprehensive
validation.
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