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ABSTRACT

This research aims to enhance the detection of sarcastic messages in the
Thai language across social networks. It involves extracting and analyzing
context-based features from messages to identify and differentiate sarcastic
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content. The study employs deep learning and machine learning techniques

to classify these messages. The experimental findings demonstrate that a
combination of context-based and content-based features yields the high-
est accuracy in identification. Specifically, the utilization of a bidirectional
Long-Short Term Memory (Bi-LSTM) with 256 nodes, ReLU as the acti-
vation function, a dropout rate of 0.2, Sigmoid as the output activation
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function, binary cross-entropy as the loss function, and the Adam opti- (Online)
mizer resulted in the highest accuracy achieved by the Bi-LSTM model,
reaching 96.79%.
DOT: 10.37936/ecti-cit.2025192.259379
1. INTRODUCTION for analyzing emotions, feelings, and attitudes.

Communication on social networks has rapidly
grown through text. This trend has increased com-
ments expressing opinions and attitudes through on-
line social networks. Opinions are expressions of the
writer’s emotions and feelings, which are categorized
into three main aspects: positive, negative, and neu-
tral. The opinions expressed through comments on
social networks have been utilized for various anal-
yses. For example, candidates running for elections
used comments to survey public opinions about po-
litical parties or to present topics of interest to the
public. Likewise, hotel service providers surveyed sat-
isfaction levels to improve their services using feed-
back comments. Similarly, manufacturers and service
providers have used feedback comments to evaluate
consumer satisfaction and refine their offerings. Fur-
thermore, educational institutions have utilized feed-
back comments to gauge student satisfaction with
teaching methods and learning support, thereby im-
proving teaching strategies for more effective learning
management.

Computer-based techniques have been proposed

Among those techniques, sentiment analysis is a
method for extracting emotions from extensive tex-
tual data. It has been widely studied and has vari-
ous applications. For instance, Chan and Chong [1]
investigated investors in the stock market by using
sentiment analysis. Analyzing investor sentiment ex-
pressed through text has proven beneficial for pre-
dicting market trends. Tartir and Abdul-Nabi [2]
presented sentiments, attitudes, and deep business
insights extracted from Arabic Twitter social media.
Examining varying sentiments aids in understanding
the feelings of certain corporate entities, which are
crucial for manufacturers’ decision-making in plan-
ning future expansions. Gitto and Mancuso [3] an-
alyzed airport service users’ attitudes and satisfac-
tion levels by examining customers’ positive, nega-
tive, and neutral opinions to improve airport services
based on the outcomes of this examination. Unfortu-
nately, sentiment analysis may occasionally fall short
of capturing genuine opinions. This limitation can
introduce potential inaccuracies in data analysis. At
times, the expressed text may not accurately reflect
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it’s true intent, often exemplified by “sarcasm,” where
the text implies the opposite of its literal meaning.
For example, “This weather is really, really good to-
dayyyyyyyyyyy!”, “This hotel provides such excellent
service that I do not want to come back and stay
again soon.”, and “I love being ignored all the time.”
The examples show that text written with positive
words might aim to convey negative feelings, or some
text using negative ones might intend to express pos-
itive emotions. Therefore, interpreting the meaning
of words in these texts as strictly positive or negative
is insufficient to comprehend the true sentiments.

Classifying sarcastic texts becomes a challenging
and intricate task in sentiment analysis as it does not
align with conventional positive or negative language
patterns. Various techniques were presented to clas-
sify sarcastic texts. For example, Jasso and Meza
[4] classified sarcastic texts in Spanish on Twitter us-
ing SVM and random forest. Bouazizi and Otsuki [5]
utilized text patterns to detect sarcastic texts. Razali
and Halin [6] showed an interest in studying the clas-
sification of sarcastic comments across various lan-
guages, which remains challenging due to the linguis-
tic peculiarities inherent in each language. For in-
stance, the Thai language is more complex compared
to English. Classifying contentious texts in the Thai
language is challenging and relatively new, lacking
comprehensive studies in this domain.

In Thai, it is difficult to understand the real
meaning via text, especially sarcastic text. Sar-
casm text is the use of words to express something
other than and especially the opposite of the lit-
eral meaning of a sentence [7, 8]. For example,
“Juilomaavsiassseeesgseese” (“This weather is
really, really good todayyyyyyyyyyy!”). The mean-
ing of the words in the sentence shows the favorable
weather, but the sentence expresses the unfavorable
weather. This contradiction is emphasized through
the repeated use of the consonant (g ), which adds
a layer of sarcasm to the statement. In Thai, there
are various formats and styles for writing sarcastic
sentences, making checking for sarcasm challenging.
Furthermore, sarcasm on social networks tends to be
brief and lacks structure, amplifying the difficulty of
discerning it. Our paper aims to address these chal-
lenges through two key contributions. 1) Context-
based and content-based features are studied for de-
tecting Thai sarcastic messages on social networks.
2) We conducted a comparative analysis that includes
machine learning models (SVM, Naive Bayes, Deci-
sion tree, and KNN) and deep learning models (DNN,
Bi-LSTM) to find the best model for detecting Thai
sarcasm messages on social networks.

2. RELATED WORKS

Understanding sarcasm texts contributes to more
accurate sentiment analysis and enhances data-driven
business decision-making. Many techniques have

been proposed to understand sarcastic texts. For ex-
ample, Karkiner and Sert [9] explored sarcasm detec-
tion, highlighting trade-offs between accuracy and ef-
ficiency in training time. They evaluated deep learn-
ing models, including BERT, RNN, Bi-LSTM, and
GRU, for classification accuracy and training on a
sarcastic and non-sarcastic news headline dataset.
With the models, BERT achieved the highest ac-
curacy at 88%, while RNN demonstrated the best
performance in training time. Helal et al. [10] ad-
dressed a challenge by incorporating specific contex-
tual cues to improve sarcasm detection accuracy. The
pre-trained transformer models, RoOBERTa and Dis-
tilIBERT, were fine-tuned on the news headlines and
mustard datasets for sarcasm detection and achieved
an F-measure of 99% and 90%, respectively.

Additionally, summarizing context into concise
sentences reduced training time by 35.5%. Validat-
ing the RoOBERTa model on the Reddit dataset high-
lighted the importance of context, with F-measure
increasing from 49% (without context) to 75% (with
context). Vitman et al. [11] combined various fea-
tures to capture sarcasm using a pre-trained trans-
former and CNN. They applied sentiment and emo-
tion models to extract features and fine-tuned the
Transformer and CNN blocks to optimize perfor-
mance. Experiments conducted on four datasets from
different domains showed that the approach outper-
forms previous state-of-the-art models in sarcasm de-
tection across social media and online platforms. Bari
[12] studied leveraging neural networks to build a sar-
casm detection model capable of distinguishing be-
tween sarcastic and non-sarcastic statements using
sequences from collections of news headlines. Ku-
mar and Sarin [13] proposed a novel approach com-
bining word embeddings with context-aware language
models to automate feature extraction and improve
classification performance. Results showed that Fast-
Text embeddings paired with the BERT language
model achieved the highest accuracy in identifying
sarcasm across three benchmark datasets. Kunne-
man et al. [14] presented a system for detecting
sarcasm in tweets and microblog posts on Twitter.
Tweets marked with hashtags such as f#sarcasm or
fnot were included in a dataset comprised of 2.25 mil-
lion Dutch tweets, with 406,000 tweets. A winnow
classification algorithm was employed and achieved
an AUC score of 84%. Vateekul and Koomsubha [15]
investigated sentiment analysis of Thai text on Twit-
ter using LSTM and Dynamic Convolutional Neural
Network (DCNN) techniques. The performance of
the models was compared against that of traditional
machine learning algorithms, including Naive Bayes,
SVM, and maximum entropy. Both LSTM and
DCNN outperformed the other algorithms. DCNN
achieved the highest accuracy at 75.35%.

Furthermore, many studies investigated feature ex-
traction for sarcasm detection. For example, Bouazizi
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and Ohtsuki [16] studied sarcasm detection in mi-
croblogging, explicitly focusing on Twitter. They
proposed a pattern-based approach for identifying
sarcasm with their dataset collected through Twit-
ter’s streaming API. The dataset included 58,609
tweets. This study examines four categories of fea-
tures: 1) Sentiment-related features: two lists of
words with positive and negative emotional content
were created using the SentiStrength database. 2)
Punctuation-related features: punctuation-based fea-
tures were also extracted, such as the number of ex-
clamation marks, question marks, ellipses, all-capital
words, quotation marks, and vowels repeated more
than twice (e.g., “loooooove”). 3) Syntactic and se-
mantic features: features were reflected in syntactic
and semantic sarcasm indicators, including the pres-
ence of uncommon words, the number of such words,
and common sarcastic expressions, interjections, and
laughing expressions. These features, combined with
punctuation-related data, help in detecting sarcasm.
4) Pattern features: part-of-speech tagging was used
to define word patterns in each tweet and then each
tweet was transformed” into a vector of words accord-
ing to predefined rules. The four categories were used
to classify sarcasm with various algorithms: random
forest, SVM, KNN, and maximum entropy. The ex-
perimental results indicated that the random forest
classifier achieved the highest accuracy of 83.1% with
an F-measure of 81.3%.

Rajadesingan et al. [17] proposed a framework to
enhance sarcasm detection through behavioral anal-
ysis. The data collection process involved retriev-
ing sarcastic tweets using the keywords “sarcasm”
and ‘“not” with Twitter’s Streaming API. During
data pre-processing, non-English tweets, retweets,
and tweets containing mentions or URLs were filtered
out. Additionally, tweets tagged with “sarcasm” and
“not” were stripped of hashtags before the evaluation
stage. This tested various class distributions to eval-
uate the framework’s performance, including ratios of
1:1, 10:90, and 20:80, where a 1:1 distribution means
each sarcastic tweet in the dataset is matched with
one non-sarcastic tweet. This tested the framework
by executing sarcasm classification multiple times,
achieving an accuracy of 79.38%, which outperformed
all baseline models. Moreover, feature analysis iden-
tified the top 10 features critical to sarcasm detection,
listed in order of importance: 1) percentage of emo-
tions in the tweet, 2) percentage of adjectives in the
tweet, 3) percentage of past words with a sentiment
score of 3, 4) number of polysyllables per word in the
tweet,5) lexical density of the tweet, 6) percentage of
part words with a sentiment score of 2, 7) percentage
of past words with a sentiment score of -3, 8) number
of past sarcastic tweets posted by the user, 9) per-
centage of positive-to-negative sentiment transitions
made by the user, 10) percentage of capitalized hash-
tags in the tweet.

Jasso and Meza [4] introduced two approaches, a
word-based and a character-based method, for irony
detection in Spanish tweets. The word-based ap-
proach utilized word n-grams for classification. On
the other hand, the character-based approach em-
ploys character n-grams, capturing features such as
average word length and relevant characteristics like
punctuation marks and emojis. Experiments were
conducted using both SVM and random forest classi-
fiers, with the term frequency-inverse document fre-
quency (TF-IDF) applied to both word and character
n-grams. Experimental results showed that the char-
acter level achieved F-measures of 87% on a balanced
dataset and 80% on an unbalanced dataset when us-
ing a random forest classifier.

Hiai and Shimada [18] presented an approach to
identifying patterns for evaluating sarcastic texts,
particularly in the context of product reviews. This
study extracted sarcastic sentences from product re-
views by categorizing sentences into eight distinct
classes; 1) expressing both positive and negative sen-
timents in the same sentence, typically with low rat-
ings, 2) positive sentiment in the review title con-
trasted by negative sentiment in the review body,
emphasizing the negative aspect, 3) using “ii” (mean-
ing “good” in English), where the combination with
phrases like “nedan” (price) alters the meaning to
“too expensive,” creating a sarcastic positive expres-
sion, 4) focusing on delivery aspects rather than the
product, implying dissatisfaction with the product
through positive language, 5) positive phrases used
in negative contexts, such as “ii (better)” followed by
“losing money again,” conveying an overall negative
sentiment, 6) positive statements about other prod-
ucts, suggesting the product in question is inferior, 7)
use of uncommon positive expressions imply a nega-
tive view of the product, 8) positive statements that
fail to highlight genuine advantages, suggesting the
product lacks notable strengths.

Karoui et al. [19] presented methods for classi-
fying sarcastic texts in Arabic on social media net-
works. A dataset comprised 5,479 texts, with an
equal distribution of 1,733 sarcastic and 1,733 non-
sarcastic texts. It was extracted into two categories
of features: 1) Surface features were extracted from
symbols and punctuation, such as emoticons, quo-
tation marks, contrasting words (e.g., “but”), the
frequency and sequence of exclamation and question
marks, their combinations, non-conflicting quotes, in-
terjections, and the number of emoticons. 2) Sen-
timent features were extracted from a lexicon-based
approach, such as Bing Liu’s lexicon, MPQA sub-
jectivity lexicon, and Arabic emoticon lexicon. The
experiments were conducted using the Weka toolkit,
testing algorithms including SVM, Naive Bayes, lo-
gistic regression, linear regression, random tree, and
random forest. The random forest achieved the best
performance, with an accuracy of 72.36%, precision
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of 72.90%, Recall of 73.50%, and an F-measure of
72.70%.

The review of related works indicates that sarcasm
detection remains a challenging task. Studies are on-
going to enhance sarcasm classification performance
across various languages, each with unique linguistic
structures. However, no research has focused on de-
tecting sarcastic texts in Thai social media messages.
Consequently, this study aims to study context and
content-based features and explore methods for iden-
tifying sarcasm in Thai-language social media texts.

3. METHODOLOGY

This paper examines context-based and content-
based features for detecting sarcasm in text data
obtained from Facebook. The overall process is il-
lustrated in Fig. 1 and consists of five main com-
ponents: data collection, pre-processing, feature ex-
traction, model training, and performance evaluation.
The details of each component are as follows.

Data Collection

Facebook

I Non-Sarcasm

Sarcasm

Data Preparation

Context-based Content-based

Word

Feature Extraction

Data Cleaning

Feature Extraction

¥

Context-based + Content-based

&

Classification

A 4

Sarcasm

Fig.1: The proposed methodology.

3.1 Data Collection

This paper collected text data from Facebook con-
taining the hashtag as in previous studies [5, 14, 17,
20-22]. The previous studies found that data aggrega-
tion on conflict was carried out using keyword-based
data collection, specifically through hashtag searches.
For example, English text utilized keyword searches
fisarcasm, fsarcastic, and firony to collect sarcasm
text. Dutch text [14] utilized the keyword fisarcasm.
Therefore, this research employed a data aggrega-
tion method utilizing hashtags, specifically collect-
ing data with the following hashtags. Messages with
hashtag flszwa(fSarcasm) and filsvyaszdu(fSarcasm)
were collected as sarcasm and non-sarcasm messages
were gathered using hashtags §4##(#“GoodThings”),
fAnd  (#“PositiveThinking”), #iiqy  (§“BeHappy”),
ganwgy  (f“Happiness”), flyaads  (§“SoLucky”). Fi-
nally, the dataset comprises 5,400 sarcasm messages
and 5,400 non-sarcasm messages. Examples of those
messages are depicted in Fig. 2.

doau AAE
yAEIINDI9999 Sarcasm
Funilumnudnadassd @ 99 Sarcasm
dledsliiieuluidansedumniufududlodiaaniiduld | Sarcasm
it € &ss55

. novesmseiiiluseudilamnnasounueinll | Sarcasm
agaudsIliimnuzasiqudinisegauidsaiudassua | Sarcasm

. R GA G
Tansaziimmgues © €&

fmnuguiouiuiunsnvesUvewign

Uwguuuuuuﬁqu-n

Non-Sarcasm

Non-Sarcasm

vy hutlmifinnugu Non-Sarcasm

- ' ' f 1d o
umwuq'uamwaniuqnnnamaaqwmm Non-Sarcasm

pr A T A%
fimuguynasiiliegme ety Non-Sarcasm

SnurAuATiANY Non-Sarcasm

v oo

- v, a0 v Y P
UANUFUNNTINY umm'mvlnﬂmawm’nuqﬂawsw Non-Sarcasm

aquitlfegiuaseuniagnuaiu

Fig.2: FEzxample of dataset.

3.2 Data Pre-processing

The dataset was pre-processed before extracting
features to perform a classification. Each message
was segmented to find a collection of words. Sepa-
rating words is carried out by using Thai word seg-
mentation methods [23, 24]. Stop word rejection is
then performed to remove common words that do
not contain important information to be used for pro-
cessing tests in the language. The remaining words
in messages will be used to extract features. In
this work, two featured-based techniques are used
for the classification. i.e., 1) context-based and 2)
content-based. In context-based, special characters

“ @Q$% *()— + =7./ < > _) were
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removed as they are no important fragments to rep-
resent messages in interns of the context description.

3.3 Feature extraction

Two feature-based approaches are implemented
to classify messages into sarcasm and non-sarcasm.
The context-based technique considers the informa-
tion around a single word, while content-based fea-
tures examine the characteristics of a special pattern
of characters. The feature extraction of these two
approaches is explained below.

1) Context-based approach: Contextual informa-
tion can be used to describe messages to identify
sarcasm. All distinct words in the dataset were
collected and used as a set of features containing
12,973 features. A message was pre-processed to a
vector containing 12,973 features. Given a vector
m = {f1,f2,..., fn}, [i is a feature, and n is the
number of features. The weight of feature f; is as-
signed using the following methods:

- Boolean weighting: the weight of feature f; is as-
signed to 1 if f; is in the message and zero otherwise.

- TF weighting: the weight of feature f; is assigned
to the number of the occurrence of f; in the message.

- TF-IDF weighting: the weight of feature f; is
assigned as equation (1), where ¢f is the number of
the occurrence of f; in the message, and IDF is cal-
culated by using equation (2), where N is the overall
number of messages, and n is the number of messages
containing f;.

w(fi) = tf xidf (1)
idf = log (m) 41 )

- Word embedding [25, 26] is a method for trans-
forming a feature in a message into a vector. This
involves encoding each word in a message into a nu-
merical format that computers can process and un-
derstand. A key advantage of word embedding is
its ability to capture semantic similarities between
words within different contexts, enabling meaning-
ful calculations based on word relationships. This
work adopted the CBOW model (Continuous Bag-
of-Words) to generate word embedding. It typically
starts with encoding each word using one-hot encod-
ing, and then embedding is learned by predicting the
target word based on context words. An example of
word embedding used to transform text into vector
form is shown in Fig. 3.

2) Content-based approach: This work also investi-
gates content-based features. The content-based fea-
tures were extracted from the indicators (uncommon
words) relating to sarcasm. In this work, 15 indica-
tors are deployed to detect sarcasm messages. The
indicators are as follows, and examples are shown in
Fig 4.

vou (like): [0.12, -0.34, 0.56, -0.78, 0.89, -0.23, 0.45, -0.67, 0.11, -0.56]
hive (dislike): [-0.45, 0.67, -0.12, 0.34, -0.78, 0.89, -0.23, 0.56, -0.11, 0.45]
# (good): [0.78, -0.56, 0.23, -0.89, 0.45, -0.67, 0.12, -0.34, 0.56, -0.78]
hid (bad): [-0.89, 0.45, -0.67, 0.12, -0.34, 0.56, -0.78, 0.89, -0.23, 0.45]

Fig.3:
encoding.

Ezxample of vectors using word embedding

Indicator 1: having a message that shows a
positive emotions.

Indicator 2: having a message that shows a
negative emotions.

Indicator 3: having a message that shows an
abnormal usage of words.

Indicator 4: number of question marks (777).

Indicator 5: having a laughing word.

Indicator 6: having general sarcasm words.

Indicator 7: number of exclamation marks (!).

Indicator 8: number of dots (...).

Indicator 9: using rude words in sentences.

Indicator 10: number of quotation marks (“7).

Indicator 11: number of the repeat symbol of Thai
writing system represented by .

Indicator 12: having icons that show negative
emotions.

Indicator 13: having icons that show positive
emotions.

Indicator 14: number of plus sign (+ + +).

Indicator 15: number of a minus sign (— — —).

Indicator 1: naii | ndaay | nd | ngen | fues | ndaunss | ey
Indicator 2: sews | 14 | 4 | wsw | idew | aouna |

Indicator 3: wnnnnn | d333334 | 1avevey | mseesees | 1d111117 | Buudevvove
Indicator 4: aw§1??2?? | nae????? | 14277

Indicator 5: 5555 | .

Indicator 6: i | 134 | & | 194 | 93av3a | o

Indicator 7: §a!!! | dirga!!!!!

Indicator 8: #3u..... | W.... | vivd...

Indicator 9: vhw | aga | usa | Fu | 5201

Indicator 10: 7 | ¢«

Indicator 11: 9999.

Indicator 12: @ @& & &
Indicator 13: & & & &

Indicator 14: +++++.
Indicator 15: ----- i

Fig.4: FEzxzample of 15 indicators.

To create a vector generated by the 15 indicators,
the weights of indicators 1, 2, 3, 5, 6, 9, 12, and 13 are
assigned to 1 if the indicator is found in the message
and zero otherwise. Fig. 5 shows an example of a
vector.

In addition, the feature fusion was performed to
detect sarcasm messages. The context-based vector
and content-based vector of the same messages were
concatenated to a vector, as shown in Fig. 6.
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Fig.5: Example of vectors generated byl15 indicators.

Fig.6: FExample of vector fusion.

3.4 Learning models

After extracting features, feature vectors will be
fed to learning algorithms: SVM, Naive Bayes, Deci-
sion Tree, KNN, DNN (Deep Neural Network), and
Bi-LSTM. A linear kernel was set for SVM to learn
and create a classifier. Decision Tree utilizes the ID3
algorithm, selecting Gini as the criterion parameter.
KNN employs Euclidean distance and K=5 for learn-
ing.

DNN is configured with the following learning pa-
rameters: dense layer units = 512, activation function
= ReLU, dropout rate = 0.2, output activation = Sig-
moid, loss function = binary cross-entropy, and op-
timizer = Adam. The proposed structure of DNN is
shown in Fig. 7. For Bi-LSTM is configured with the
following learning parameters: bidirectional LSTM
with 256 nodes, activation function = ReLLU, dropout
rate = 0.2, output activation = Sigmoid, loss function
= binary cross-entropy, optimizer = Adam. The pro-
posed structure of Bi-LSTM is shown in Fig. 8.

Fully Connected layers

nnnnnnnnn

Sarcasm
Non-Sarcasm

Context Combine Content

Fig.7: The proposed DNN model.

3.5 Performance Evaluation

Several metrics were employed to evaluate the per-
formance of the sarcasm detection models. The clas-
sification results were assessed using k-fold cross-
validation, where the dataset was partitioned into k
subsets. The model was trained on k-1 subsets and
evaluated on the remaining subset, with the process
repeated k = 10 times, and the results averaged over
all times. The following metrics were calculated:

256 node
Content ek

Flatten e
= I-Dlll
\ Output
*sigmoid’

Bi-LSTM Layer (256)

Word Embeddlng Input  Hidden Lafer output,
Flatten
» 0 B O @00 i Nl ”
IO O (@ e)-

Context, [ Thei2ves300tm

.

Fig.8: The proposed Bi-LSTM model.

Accuracy measures the proportion of correct pre-
dictions the model makes over the total number of
testing instances. It is defined as Acc = (TP +
TN)/(TP+ TN + FP + FN), where TP represents
the number of sarcastic messages correctly classified,
and T'N is the number of non-sarcastic messages cor-
rectly classified. F'N refers to the number of sarcastic
messages misclassified as non-sarcastic, and F P refers
to the number of non-sarcastic messages misclassified
as sarcastic.

Precision is the number of correct predictions from
all predictions for each class. Precision for sarcasm is
defined as Psm = TP/(TP + FP). Precision for the
non-sarcasm is defined as Pnsm = TN/(TN + FN).

The F-measure is the harmonic mean of precision
and recall, providing a balanced measure that con-
siders both metrics. F-measure for sarcasm and non-
sarcasm are defined Fsm = 2x(Psmx Rsm)/(Psm+
Rsm) and Fnsm = 2 x (Pnsm x Rnsm)/(Pnsm +
Rnsm)

These metrics comprehensively evaluate the
model’s performance, assessing its ability to correctly
classify sarcastic and non-sarcastic texts.

4. RESULTS

This research experiment involves utilizing context-
based and content-based feature extraction from text.
The experiment was conducted in three formats:
1) using only context-based features, 2) using only
content-based features, and 3) combining context-
based and content-based features. The experimental
results are as follows:

4.1 Experimental results of context-based fea-
tures

First, an experiment compared the removal and
non-removal of stop words. Typically, removing stop
words reduces the dataset’s features, enabling faster
processing without significantly altering experimen-
tal outcomes. The experiment assigned the weight of
features by using Boolean weighting to showcase the
impact of removing and retaining stop words. Table
1 indicates that retaining stop words yields nearly
equivalent accuracy across most algorithms, except
for the KNN method.
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Table 1: Stop words removal effective (SM = sar- contributes to its efficient overall performance. Its
casm, NSM = non-sarcasm,). bidirectional computation also enhances learning tex-
tual patterns, achieving optimal overall performance.
ACC Precision Recall F-measure
SM [ NSM | SM [ NSM | SM | NSM
_ | | | Table 2: The performance of context-based features
With Stop words with Boolean, TF, and TF-IDF weighting.
KNN
Weightin isi -
71.72 | 97.86 | 45.59 | 6426 | 95.54 | 77.56 | 61.68 methods. | ACC [eoivion | _Reeall | Fmeasure
SM ’NSM SM ‘NSM SM ‘NSM
SVM
N
89.31 | 9295 | 85.68 | 86.66 | 9239 | 89.69 | 88.90
- Boolean |69.07[97.67]44.26]63.67]94.97]77.08]60.36
Decision-Tree TF 71.85(96.51|49.36|65.59|93.43 | 78.09 | 64.55
84.94 | 89.92 | 79.96 | 81.78 | 88.82 | 85.65 | 84.15 TF-IDF__| 71.57]95.96 | 47.28 | 64.56 | 92.24 | 77.18 | 62.46
Naive Bayes SVM
86.38 | 85.58 | 87.19 | 87.02 | 85.77 | 86.28 | 86.46 Boolean |84.44]85.90]82.78]83.33[85.42]84.59]84.07
DNN TF 83.2485.53(83.17]83.60[85.15]84.54 | 84.14
TF-IDF |84.81(89.1682.61]83.7188.37]86.34(85.38
89.38 | 89.27 | 89.49 | 89.27 | 89.49 | 89.27 | 89.49 —
- ecision-Tree
Bi-LSTM Boolean |77.50[79.99]77.23[77.83] 79.43 | 78.88]78.30
92.96 | 90.98 | 87.83 | 88.18 | 90.75 | 89.55 | 89.26 TF 77.04]80.76 | 77.41[78.13[80.10|79.41 [ 78.72
Without Stop words TF-IDF | 74.63|78.8876.94]77.39(78.43]78.12|77.67
aive Bayes
KNN
Boolean |84.07]82.83]86.61]86.14]83.44]84.44]84.98
75.78 | 86.70 | 64.83 | 7116 | 83.03 | 78.14 | 72.77 TF | 83.52|83.26]85.39|85.10| 83.59 | 84.16 | 84.47
SVM TF-IDF | 83.6178.10[89.13]87.79[80.28 | 82.65 | 84.46
86.64 | 90.60 | 82.71 | 83.95 | 89.76 | 87.14 | 86.08 NN
Boolean |85.65]84.20]87.09]86.82[84.57]85.47]85.79

Decision-Tree

82.44 | 87.19 | 77.71 | 79.61 | 85.86 | 83.21 | 81.56
Naive Bayes
85.91 | 84.43 | 87.47 | 87.04 | 84.86 | 85.69 | 86.11
DNN
87.81 | 88.90 | 86.74 | 86.78 | 88.86 | 87.83 | 87.79
Bi-LSTM

89.70

91.39 | 90.45 | 89.58

90.38 | 90.03 | 89.94

Table 2 shows the performance of all models on the
dataset extracted by using the Boolean, TF, and TF-
IDF weighting methods. It can be observed that Bi-
LSTM achieves the highest accuracy, yielding 91.39%,
91.31% and 91.31% when using Boolean, TF, and TF-
IDF weighting methods, respectively. Additionally,
Bi-LSTM provides the highest recall for predicting
sarcastic texts on the three weighting methods, with
recall values of 89.70%, 91.70%, and 95.01% when
using TF and TF-IDF weighting methods, respec-
tively. On the other hand, KNN offers the high-
est precision for predicting sarcastic texts, reaching
97.67%, 96.51%, and 95.96% when using TF and TF-
IDF weighting methods, respectively. However, when
considering the F-measure, Bi-LSTM yields the high-
est value at 90.03%, 90.43%, and 92.48% when using
TF and TF-IDF weighting methods, respectively.

The Bi-LSTM model demonstrates the best overall
predictive performance when extracting features us-
ing the three weighting methods. The model’s func-
tionality, which is suitable for continuous value com-
putation and adept at handling textual data patterns,

TF 86.11|85.75[86.89|86.77 | 85.92 | 86.23 | 86.38

TF-IDF [ 84.44[86.31|85.30|85.51|86.20| 85.87 | 85.70
i-LSTM
Boolean [91.39/90.45|89.58 89.70 | 90.38 | 90.03 | 89.94

TF 93.6189.60|91.69|91.31[90.11|90.43 | 90.87
TF-IDF  [93.61[95.22]89.31 89.91|95.01|92.48|92.06

Table 3 shows the performance of Bi-LSTM em-
ploying word embedding for feature extraction. It
shows that Bi-LSTM yields an accuracy of 91.39%
and a precision of 90.45% for predicting sarcastic
texts. Comparing the use of Boolean, TF, TF-IDF
weighting, and word embedding methods in the Bi-
LSTM model, the overall performance, based on the
F-measure, shows that the Bi-LSTM gives the high-
est performance when using the TF-IDF weighting
method for context feature extraction.

Table 3: The performance of Bi-LSTM using word
embedding.

Precision Recall F-measure
ACC SM ‘ NSM | SM ‘ NSM | SM ‘ NSM
Bi-LSTM
91.39 ‘ 90.45 ‘ 89.58 ‘ 89.70 ‘ 90.38 ‘ 90.03 ‘ 89.94

4.2 Experimental results of Content-based
features

Table 4 displays the experiment using 15 content
features. The DNN model achieves the highest accu-
racy of 80.86%.
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Table 4: The performance of content-based features.

Table 5: The performance of context-based+content
-based features with Boolean, TF, TF-IDF weighting.

Precision Recall F-measure
ACC SM | NSM SM ’ NSM SM ’ NSM Weighting ACC Precision Recall F-measure
— methods SM [NSM| SM [NSM| SM [NsM
49.17 1 99.89 [ 023 | 50.03 | 43.81 [ 66.65 | 0.45 N
SVM Boolean |77.59]92.77[64.63[77.45]89.94]81.34[75.16
80.00 [ 72.09 | 88.98 | 86.72 | 76.13 | 78.71 | 82.03 TF 76.11195.28]58.08 | 69.49 | 92.58 | 80.34 | 71.29
Decisl TF-IDF [ 83.52]77.51]91.06]89.71[80.19]83.14[85.26
ecision-Tree SVYM
80.00 [ 72.04 | 89.01 | 86.75 [ 76.10 | 78.69 | 82.03
Naive Bayes Boolean [87.87]87.69[87.43 | 87.48]87.63 | 87.5887.52
TF 87.22]87.59[86.29]86.49]87.43[87.0286.84
78.15 [ 57.66 [ 97.57 [ 9601 | 6973 | 7193 | 8127 TF-IDF_|88.15]87.61 | 89.80 | 89.60 | 87.85 | 88.85 | 88.80
DNN —
ecision-Tree
80.86 | 71.80 | 89.74 [ 8726 | 7647 | 7878 | 82.57 Boolean | 81.67]84.06] 8332 83.46| 83.93 ] 83.75 | 83.62
Bi-LSTM TF 82.68[83.7683.48[83.53 | 83.71[83.64[83.59
80.37 | 80.67 | 81.56 | 81.46 | 80.91 | 80.99 | 81.16 TF-IDF | 81.57|82.75|83.4683.34 | 82.88[83.04 [83.16
aive Bayes
4.3 Experimental results of context-based Boolean [ 88.06]88.11[89.37[89.27]88.38] 88.68 [88.81
combined with Content-based features TF 87.31]88.7887.46 | 87.66 | 88.62 88.21[88.03
TF-IDF | 88.55]77.17]94.75] 93.64 | 80.58 | 84.60 [ 87.09
The experiment used features from context-based NN
combined with content-based features, weighted us- Boolean |[89.81[88.66|89.20|89.14 | 88.69 | 88.89 | 88.94
ing Boolean, TF, and TF-IDF weighting, as de- TF 89.8188.32[90.26]90.08 [ 88.55]89.18[89.38
picted in Table 5. It illustrates that the Bi-LSTM TE-IDE 9'0.1(4)2T§Z.48 89.66| 89.48 | 87.76 | 88.44 | 83.67
model yields the highest accuracy, achieving 95.46%, T
Boolean [ 95.46[90.47[92.63[92.44]90.74]91.42[91.66

95.37%, and 96.67% when using Boolean, TF, and
TF-IDF weighting methods, respectively. Addition-
ally, it provides the best recall in predicting sarcastic
texts, scoring at 92.44%, 94.08%, and 92.05% when
using Boolean, TF, and TF-IDF weighting methods,
respectively. On the other hand, the KNN model
still demonstrates the highest precision in predict-
ing sarcastic text, achieving 95.28% when using TF
weighting method. However, when considering the
F-measure, Bi-LSTM still yields the highest score at
91.42%, 93.15%, and 92.93% when using Boolean,
TF, and TF-IDF weighting methods, respectively.

Table 6 shows the performance of the Bi-LSTM
model when using context-based combined with
content-based features, weighted using word embed-
ding. It shows that Bi-LSTM achieved highest accu-
racy of 96.79% among all previously mentioned meth-
ods. It also provided the highest recall, precision, and
F-measure for predicting sarcastic and non-sarcastic
texts. Overall, using context-based combined with
content-based features, weighted using word embed-
ding, demonstrates the highest performance in our
comprehensive experimentation.

All the experimental results show that utiliz-
ing context-based and content-based features yields
better performance than using only context-based
or content-based features alone. Utilizing context-
based features is insufficient in distinguishing sarcas-
tic texts, as some texts convey opposite meanings
to the actual intention of the communicator. Us-
ing context-based features alone leads to poor clas-
sification of sarcastic texts. On the other hand, em-
ploying only content-based features does not give

TF 95.37192.27[94.29 | 94.08 | 92.54 | 93.15 | 93.39
TF-IDF  [96.67|93.91[91.97]92.05]93.90|92.96 | 92.91

Table 6: The performance of Bi-LSTM using word
embedding.

Recall
SM ‘ NSM

F-measure
SM ‘ NSM

Precision
SM ‘ NSM

ACC

Bi-LSTM
96.79 ‘ 98.80 ’ 94.72 ‘ 95.08 ‘ 98.79 | 96.88 ‘ 96.68

high performance in the classification of texts, al-
though content-based features are derived from sar-
castic texts. Therefore, combining both sets of fea-
tures is suitable for the classification of sarcastic
texts, as they represent a better proxy for sarcas-
tic text patterns, resulting in improved classification
performance.

Word embedding gives the highest performance
for sarcasm detection among the feature extraction
methods. It has advantages in learning text patterns
and can analyze similarities in text patterns. Among
the models, the Bi-LSTM gives the highest accuracy
because it captures bidirectional text patterns and
significantly enhances the ability to comprehend a
broader range of text patterns. Thus, Bi-LSTM is
the most suitable model for classifying sarcastic texts
on Thai-language online social networks.
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5. CONCLUSION

This paper investigates the detection of Thai sar-
castic texts on social networks. The dataset used for
experimentation was gathered from Facebook users
by employing a method that collects data from Face-
book through hashtag searches for fsarcasm. Two
types of features were analyzed for Thai sarcasm de-
tection. Context-based features are extracted from
the text’s surrounding context, and content-based
features are derived from the text’s content. To ex-
tract context-based features, texts were cleaned by
removing English text, numbers, and special charac-
ters. Then, they were segmented to get the set of
features (words). Features were weighted by using
Boolean, TF, TF-IDF, and word embedding meth-
ods. For content-based features were derived from
the text’s content, such as indicators of positive or
negative emotions, unusual word usage, exclamation
marks, laughter expressions, general sarcasm indica-
tors, apostrophes, profanity, ellipses, emoticons con-
veying positive or negative emotions, as well as plus
and minus signs. The learning models, SVM, Naive
Bayes, Decision tree, KNN, DNN, and Bi-LSTM,
were also investigated to detect sarcastic texts on
context- and content-based features. From the in-
vestigation, Bi-LSTM reached the highest F-measure,
92.48%, using only context-based features weighted
by the TF-IDF weighting method. Moreover, using
only content-based features, Bi-LSTM achieved the
highest F-measure, 80.99%. However, utilizing all
extracted features achieved the highest classification
performance in sarcasm detection. Bi-LSTM could
reach an accuracy of 96.79% and an F-measure of
96.88% for detecting sarcastic Thai texts. Therefore,
the combination of context-based and content-based
features outperforms the features alone. The inte-
gration of context-based and content-based features
provides a stronger set of features, which enhances
the overall effectiveness of sarcasm detection.
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